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To John Pock, who first introduced me o the idea
of doing social research to test ideas

This is & book about how to conduct theoretically informed guantitative social research—
that is, social research to test ideas. Tt derives from a course for graduate studenis in soci-
ology and other social sciences and social science-based professional schools (public
health, education, secial welfare, urban planning, and so on) that T have been teaching at
UCLA for some thirty years. The course has evolved as quantitative methods in the social
sciences have advanced; early versions of the course were based on the first half of this
book (through Chapter Seven), with additional materials added over the years. Interest-
ingly, I have been able to retain the same format—a twenty-week course with one three-
hour lecture per week and a weekly exercise, culminating in a term paper written during
the last four weeks of the course—irom the outset, which is, T suppose, a tribute o the
increasing level of preparation and quantitative competence of gradoate students in
the social sciences. The book owes much to lively class discussions over the years, of
often subtle and complex methodological points.

By the end of the book, you should know how to make substantive sense of a body of
guantitative data. That is, you should be well prepared to prodnce publishable papers in
your field, as well as first-rate dissertation chapters. Of course, there 1s always more to
learn. In the final chapter (Chapter Sixteen), I discuss advanced topics that go beyond
what can be covered in a first course in data analysis.

The focus is on the analysis of data from representative samples of well-defined pop-
ulations, although some exceptions are considered. The populations can consist of almost
anything—people, formal organizations, societies, occupations, pottery shards, or what-
ever; the analytic issues are essentially the same. Data cellection procedures are men-
tioned only in passing. There simply is not enough space in an already lengthy book to do
justice to both data analysis and data collection. Thus, you will need to look elsewhere
for systematic instruction on data-collection procedures. A strong case can be made that
vou should de this affer rather than before 2 course on data analysis because the main
problem in designing a data collection effort is deciding what to collect, which means
you first need to know how you will conduct your analysis. An alternative method of
learning about the practical details of data collection is to become an apprentice (unpaid,
if necessary) to someone who is about to conduct a survey and insist that you get to par-
ticipate in it step-by-step even when your presence is a nuisance.

This book covers a variety of technigues, including tabular analysis, log-linear models
for tabular data, regression analysis in its various forms, regression diagnostics and robust
regression, ways to cope with missing data, logistic regression, factor-based and other
techniques for scale construction, and fixed- and random-effects models as a way to make
causal inferences. But this is not a statistics bock; the emphasis is on using these proce-
dures to draw substantive conclusions about how the social world works. Accordingly, the
book is designed for a course to be taken after a first-year graduate statistics course in
the social sciences. Although there are many equations in the book, this is because it is
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necessary 1o understand how statistical procedures work to use them intelligently. Becanse
the emphasis is on applications, there are many worked examples, often adapted from my
own research. In addition to data from sample surveys I have conducted, [ also rely heav-
ily on the General Social Survey, an omnibus survey designed for use by the research
community and also for teaching. Appendix A describes the main data sets used for the
substantive examples and provides information on how to obtain them; they are all avail-
able without cost.

The only prerequisites for successful use of this book are a prior graduate-level social
science statistics course, a willingness to think carefully and work hard, and the ability to
do high school algebra—either remembered or relearned. With only a handful of excep-
tions {references at one or two points to calculus and to matrix algebra), no mathematics
beyond high school aigebra is used. If your high school algebra is rusty, you can find
good reviews in Helen Walker, Mothematics Essential for Elementary Statistics, and
W. L. Bashaw, Mathematics for Statistics. These books have been around forever
Although more recent equivalents probably exist, school algebra has not changed, so it
hardly matters. Copies of these books are readily available at amazon . com, and proba-
bly many other places as well.

The statistical software package used in this book is Stata (release 10). Download-
able command files (-do- files in Stata’s terminology), files of results (-1og- files),
and ancillary computer files ased in the computations are available at www. josseybass.
com/go/quantitativedataanalysis

(Often the details underlying particular computations are only found in the download-
able -do- and -log- files, so be sure to download and study them carefully. These files
will be updated as new releases of Stata become available.

I use Stata in my teaching and in this book becanse it has very rapidly become the sta-
tistical package of choice in leading sociology and economics departments. This is not
accidental. Stata is a fast and efficient package that includes most of the statistical proce-
dures of interest to social scientists, and new commands are being added at a rapid pace.
Although many statistical packages are available, the three leading contenders currently
are Stata, SPS5, and SAS. As software, Stata is clearly superior to SPSS—it is faster,
more accurate, and includes a wider range of applications. SAS, although very powerful, is
not nearly as intuitive as Stata and is more difficult to learn (and to teach). Nonetheless,
this book can be readily used in conjunction with either SPSS or SAS, simply by translat-
ing the syntax of the Stata - do - files. (I have done something like this, expleiting Allison’s
excellent, but SAS-based, exposition of fixed- and random-effects models [Allison 2005
by writing the corresponding Stata code.)}

FOR INSTRUCTORS

Some notes on how I have used these materials in teaching may be helpful to you as you
design your own course.

As noted previously, the coursé on which this book is based runs for two quarters
(twenty weeks). I have offered one three-hour lecture per week and have assigned an
exercise every week. When I first tanght the course, I read these exercises myself, but as
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enrollments have increased, | have enjoyed the services of a T.A. (chosen from among
students who had done well in the course in previous years), who assists students with the
mysteries of computing and statistics and also reads and comments on the exercises, In
recent years, I have offered seventeen lectures and have assigned exercises for all but the
last, with the final month of the course devoted to producing two drafts of a term paper—
in a marathon session I read the first drafis and write conmuments, in an attempt to emulate
the journal submission process. Thus, in my course, everyone gets a “revise and resub-
mit” response. I encourage students to develop their term papers in the course of doing
the exercises and to complete their drafts in the two weeks afier the last exercise is due.

The initial exercises are designed to lead students in a gnided way through the
mechanics of analysis, and some of the later exercises do this as well. But the exercises
increasingly take a free form: “camry out an analysis like that presented in the book”
Tustrative answers are provided for those exercises that invelve definitive answers—that
is, those simmilar to statistics problem sets.

The course syllabus, weekly exercises, and illustrative answers to those exercises for
which 1 have written illustrative answers are available for downloading from www.
josseybass.com/go/quantitativedataanalysis
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many errors that had gone unnoticed and raised often subtle points that resulted in the
reworking of selected portions of the text.

My understanding of research design and statistical issues, especially concerning
cansality and threats to causal inference, has benefited greatly from the weekly seminar
of the Caltfornmia Center for Population Research, which brings together sociologists,
economists, and other social scientists to listen to, and comment on, presentations of
work in progress, mainly by visitors from other campuses. The lively and wide-ranging
discussion has been something of a floating tutorial, a realization of what I have imagined
acadernic life could and should be fike

Finally, my wife, Judith Herschman, has displayed endless patience, only ocecasion-
ally asking, “When are you going to finally publish your methods book?”

Dionald J. Treiman is distinguished professor of sociology at the University of California
at Los Angelss (UCLA) and was until recently director of UCLA’s California Center for
Population Research. He has a BA from Reed College (1962) and an MA and PhD from
the University of Chicago (1967). As a graduate student at Chicago, he spent most of his
rime at the National Opindon Research Center (NORC), where he gained valnable train-
ing and experience in survey research. He then taught at the University of Wisconsin,
where he decided that he really was a social demographer at heart, and made the Center
for Demography and Ecology his intellectual home. From Wisconsin, he moved to
Columbia University and then, in 1975, o UCLA, where he has been ever since, albeit
with temporary sojourns elsewhere, as staff divector of a study committee at the National
Academy of Sciences/National Research Council (1978-1981) and fellowship years at
the 1J.5. Bureau of the Census (1987-1988), the Center for Advanced Study in the Behav-
ioral and Social Sciences (1992-1993), and the Netherlands Institute for Advanced Study
in the Humanities and Soclal Sciences (1996-1997).

Professor Treiman started his career as a student of social stratification and status
attainment, particularly from a cross-national perspective, and this has remained a con-
tinuing interest. He and his Dutch colleague, Harry Ganzeboom, have been engagedin a
long-term cross-national project to analyze variations in the status attainment process
across nations throughout the world over the course of the twentieth century. To date,
they have compiled an archive of more than 300 sample surveys from more than 50
nations, ranging through the last half of the century. In addition to his comparative proj-
ect, Professor Treiman has conducted large-scale national probability sample surveys in
South Africa (1991--1594), Eastern Europe (1993-1994), and China (1996), all concerned
with various aspects of social inequality. '

His current research has moved in a more demographic direction. He has a national
prebability sample survey currently in progress in China, which focuses on the determi-
nants, dynamics, and consequences of internal migration.



1t is hot uncommon for statistics courses taken by graduate students i the social sciences
to be treated essentially as mathematics courses, with substantial emphasis on derivations
and proofs. Even when empirical examples are used—which they frequently are because
statistics 1s, after all, about summarizing data, describing relationships among variables,
and making inferences from samples to populations—students often are left with hittde
sense about what to do with what thev have learned, that is, how to apply the statistical
techniques they have mastered to actual research questions.

Learning to apply statistical techniques is the focus of this book. T assume that you
already have had a first year graduate level statistics course, most fikely a course taught
in a social science department or professional school. In such a course, you have covered
basic statistical concepis, at least through ordinary least squares regression and preferably
with some exposure to logistic regression. But now you want to become a practicing
guantitative researcher, analyzing sample surveys or other quantitative data sets to con-
tribute to the body of substantive knowledge in your field and publishing your results.
This book is designed for you. It is based on a two-quarter course I have been teaching at
UCLA for the past thirty years, which has been updated year-by-year to keep up with
developments in quantitative methods in sociology and other social science fields.

The kinds of quantitative, or statistical, methods used in papers published these days
in the leading journals of sociology and other social sciences are vastly different from
what they were even a few years ago, and new methods—borrowed largely from econo-
metrics and to some extent from psychometrics and biostatistics, and from developments
within mathematical statistics—gain currency c¢very year. Thus, topics that T used to
regard as too advanced for a first-year quantitative metheds course-—for exarple, fixed-
and random-effects models—are now so commonly used in published papers in sociol-
ogy that [ have felt compelled to incorporate them into my course and into this book.

OVERVIEW OF CHAPTERS

Still, this book begins at the beginning, with the most basic approach to analyzing non-
experimental data—percentage tables. Chapters One through Three describe the logic
of cross-tabulations and provide many technical details on how to produce atlractive
{because they are clear and easy to read) tables. The two central ideas m these chapters
are deciding in which direction to percentage tables and understanding statistical con-
trols. Tt turns out that the first of these is difficult for some students—much more difficult
than coping with complex mathematical formulas, which we do later in the book. Thus,
even if you think you already know all there is to know about percentage tables, I encour-
age you to pay careful attention to these chapters. Doing so will pay great dividends.
Chapter Four is an introduction to computing. In this chapter, I show how data are
organized for analysis by computer and how analysis is conducted using statistical



EHE  Introduction

software. 1 also provide hints for using Stata, the statistical package used in this book.
However, the chapter is written in such a way that it also can serve as an introduction to
other statistical packages, such as SP5SS and SAS.

Chapters Five through Seven consider ordinary least squares correlation and regres-
siom, the workhorse of statistical analysis in the social sciences. These procedures pro-
vide a way of quantifying the relationship between some guantitative outcome and its
determinants—{for example, how much of a difference in income should we expect for
people who differ by a given number of years in their level of schooling, holding constant
other confounding factors? They also provide a way of assessing how good our predic-
tion 1s—for example, how much of the variability in income can be attributed to differ-
ences in education, gender, race, and so on. Chapler Five focuses on two-variable
correlation and regression to get the logic straight and to consider some commeon errors in
interpretation of correlation and regression statistics. Chapter 5ix considers multiple
regression, which is used when there are several predictors of a particular outcome, and
introduces the idea of “dummy” or dichotomous variables, which require special treat-
ment. Making use of dummy variables and “interaction terms,” I offer a strategy for
assessing whether social processes differ across population groups, a frequent question in
the social sciences. Chapter Seven offers a variety of tricks that permit relatively refined
hypotheses to be tested within a regression framework.

Most data sets analyzed by social scientists are plagued by missing data—information
on particular variables that is missing for specific individuals. Chapter Eight reviews
ways to cope with missing data, culminating in a demonstration of how to do multiple
imputation of missing data, the current state-of-the-art approach.

Chapter Nine takes up the issue of sampling and its implications for statistical anal-
ysis. Whereas the previous chapters assumed sirople random sampling, most general
population samples are actually complex, multistage samples. Correctly analyzing data
from such samples requires that we take account of the “clustering” of observations when
we compute standard errors. This chapter introduces survey estination procedures, which
do this.

There are many pitfalls to regression that can trap the unwary. As noted, these are
first discussed (briefly) in Chapter Five. Chapter Ten gives themn a fuller treatment,
through the introduction of what are known as regression diagnostics. These procedures
provide protection against the possibility of making false inferences from regression
results.

Chapter Eleven shows why and how to construct multiple-item scales, focusing
principally on factor-based scaling but also introducing effect-propertional scaling. Often
we want to study concepts for which no one itemn in a questionnaire provides an adeguate
measure, for example, “level of living,” “liberalism,” “type-A personality,” and “depres-
sion.” Summary measures, or scales, based on several items usually provide variables
that are both more reliable and more valid than single items. This chapter shows how to
create such scales and how to use them.

Chapters Twelve throngh Fourteen provide technigques for considering limited
dependent variables. Ordinary least squares regression is designed to handle outcome
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variables that can be treated as continuous, such as income, years of schooling, and so on.
But many outcome variables of interest to social scientists are dichotomous {for example,
whether people vote, marry, have been victimized by crime, and so on) and others are
polytomous (political affiliation in a multiparty system, occupational category, type of
university attended, and so on). Log-linear analysis and logistic regression are techniques
for dealing with limited dependent variables. Chapter Twelve considers log-linear anal-
ysis, a technique for making rigorous inferences about the relationships among a set of
polytomous variables, that is, inferences about the degree and pattern of associations
among cross-tabulated variables. In this sense, log-linear analysis provides a way of
doing statistical inference about the kinds of tables we consider in Chapters One through
Three, Chapter Thirteen introduces binary logistic regression, an appropriate technigque
for analyzing dichotomous ontcomes, and then shows how to use this technique to handle
special kinds of cases: progression ratios, where what is being studied are the factors
affecting whether people move through a series of steps, say from one level of schooling
to the next, discrete-time hazard rate models, where what is being studied is the likeli-
hood that an event (say, first marriage) cccurs at a point in time (say, a given agej; and
case-control models, which provide a way of studying the likelihood of rare events such
as confracting diseases, gaining elite occupations, and so on. Chapier Fourteen shows
how to study still other limited dependeni variables: unordered polytemeus variables,
such as type of place of residence, via multinomial logistic regression; ordinal outcomes
for which the order of categories is known but not the distance between categories, such .
as some attitude scales (are vou “very happy,” “somewhat happy,” or “not too happy”),
via ordinal logistic regression; and “censored” variables, where the range of a scale is
truncated, for example, an income variable with the top category “$100,000 per year or
more,” via tobit regression.

When usidg nonexperimental data, it frequently is difficult to definitively establish
that one variable causes another because they both could depend on still a third variable,
often unmeasured. Chapter Fifteen provides a class of techniques, known as fixed-effects
and random-effects models, for dealing with such problems when one has suitable data--
cither panel data, in which data are available for the same individuals at more than one
point in time, or clustered data, in which observations are available for more than one
individual in a family, school, community, or other unit. When appropriate data are avail-
able, this is a very powerful approach.

The final chapter (Chapter Sixteen) considers techniques that are beyond what I
have been able to cover in this book and beyond what usually can be covered i a first-
year graduate course in quantitative data analysis. Many of these techniques, now widely
used in economics, are ways of coping with various versions of the endogeneity problem,
the possibility that unmeasured variables affect both predictors and ouicomes, resulting
in biased estimates. Fixed- and random-effects models provide one way of dealing with
such preblems, but many other techniques are available, which are reviewed in Chapter
Sixteen. I also briefly introduce structural equation modeling, a technique for dealing
with complex social processes in which an ontcome variable is a predictor variable for
another outcome. For example, in status attainment analysis, we would want to study
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how the social status of parents affects education, how parental status and education
affect the status of the first job, and so on. The brief introduction to these advanced
techniques is intended to provide guidance in pursuing more advanced training in gquanti-
tative analysis. I conciude the chapter with advice on good research practice—hinis on
how to improve the quality of your work and how to save fime and energy in the
bargain.

WHAT THIS CHAPTER 15 ABOUT

In this chapter, we start with an introduction to the elements of quantitative analysis—the
material to be covered in this book. Then we deal with the most basic of all quantitative
analyst’s tools, cross-tabulations or percentage tables. (Strictly spealdng, not all percent-
age tables are cross-tabulations because we can percentage univariate distributions. But
the main emphasis of this chapter will be on how to percentage tables involving the
simultaneous tabulation of two or more variables.) Although the proceduores are basic,
they are not (rivial. There are clear principles for deciding how to percentage cross-
tabulations. We will cover these principles and also their exceptions. In the course of
doing this, we will consider the logic of causal argument. Then we will consider other
ways, besides percentage tables, of summarizing univariate and multivariate distributions
of data, as well as ways of assessing the relative size of associations between pairs of
variables controlling for or holding constant other variables. Take this chapter seriously,
even if you have encountered percentage tables before and think you know a lot about
them. In my experience, getting right the logic of how to percentage a table proves (o be
very difficuit for many students, much more difficult than seemingly fancier procedures,
such as multiple regression.

You will notice that many of the examples in the first three chapters are quite old,
drawn from studies conducted as far back as the 1960s. This is because at that time tabu-
lar analysis was the “state of the art”—the technique used in most of the articles published
in leading journals. Thus, by going back to the older research literature. I have been able
to find particularly clear applications of tabular procedures.



:§ Quantitative Data Analysis: Doing Social Research to Test Ideas

INTRODUCTION TO THE BOOK VIA A CONCRETE EXAMPLE

In 1967, Gary Marx published an article in the American Sociological Review titled
“Religion: opiate or inspiration of civil rights militancy among Negroes?” (Marx 1967a;
see also Marx 1967b). The title expressed two competing ideas about how religiosity
among Blacks might have affected their militancy regarding civil rights. One possibility
was that religious people would be less militant than nonreligious people because reli-
gion gave them an other-worldly rather than this-worldly orientation, and established
religious istitutions have generally had a stake m the status que and hence a conserva-
tive orientation. The other possibility was that they would be more militant because the
Black churches were a major locus of civil rights militancy, and religion is an important
source of universal humanistic values, Of course, a third possibility was that there would
be no connection between religiosity and militancy.

Suppose that we want to decide which of these ideas is correct. How can we do this?
One way—which 1s the focus of our interest here~—would be to ask a probability sample
of Blacks how religious they are and how militant with respect to civil rights they are,
and then to cross-tabulate the answers to determine the relative likelihood, or probability,
that religious and nonreligious people say they are militant. If religious people are less
likely to give militant responses than are nonreligious people, the evidence would sup-
port the first possibility; if religions people are more likely to give militant responses, the
evidence would favor the second possibility; and if there is no difference in the relative
likelihoods of religious and nonreligious people giving militant responses, the evidence
would favor the third possibility. Of course, evidence favoring an idea does not definitely
prove it. T will say more about this later.

This seemingly simple example contains all of the elements that we will be dealing
with in this book and that a researcher needs to take account of to arrive at a meaningful
and believable answer to any research question. Let us consider the elements one by one.

First, the idea: is religion an opiate or inspiration of civil rights militancy? Without
an idea, the manipulation of data is pointless. As you will see repeatedly, the nature of the
idea a researcher wamts to test will dictate the kind of data chosen and the manipulations
performed. Without an idea, it is impossible to decide what to do, and the researcher wiil
be tempted to try to do everything and be at a loss to choose from among the various
things he or she has done. Ideas to be tested are generally called hypotheses; they also
will be referred to here and in what follows as theories. A theory need not be either gran-
diose or abstract to be labeled as such. Any idea about what causes what, or why and how
two variables are associated, is a theory.

Second is the information, or data, needed to test the idea or hypothesis (or theory).
In this book, we will be concerned with data drawn from probability samples of popula-
tions. A population is any definable collection of things. Mostly we will be concerned
with populations of people, such as the population of the United States. But social scien-
tists are also interested in populations of organizations, cities, occupations, and so on.
A probability sample is a subset of the population selected in such a way that the proba-
bility that a given individual in the population will be included in the sample is known.
Only by using a probability sample is it possible to make inferences from the characteris-
tics of the sample to the characteristics of the population from which the sample is drawn.

Cross-Tabulations 5

That is, if we cbserve a given result in a probability sample, we can infer within a speci-
fied range what the likely result will be in the population.

The sample used by Marx is actually quite complex, consisting of a probability sample
of 492 Blacks living in metropolitan areas outside the South, plus four special samples:
{}robabi};ity samples of Blacks living in Chicago, New York, Atlanta, and Birmingham.
The total number of respondents from the non-Southern urban sample plus the four spe-
cial samples is 1,119, and Marx treats the combined sample as representative of urban
Elacks in the United States. This is not, in fact, eatirely legitimate. Later we will explore
ways to weight complex samples to make them truly representative of the populations
from which they are drawn. Evaluation of the sample used in an analysis is an important
part of the data analyst’s task. But for now, we will go along with Marx in treating his
sample as a probability sample of U.S. urban Biacks.

When our ideas are about the behavior or attitudes of people, a standard way of col-
Jecting data is to ask a probability sample chosen from an appropriate population to tell
us about their behavicr and attitudes by answering a set of specific questions. That is, we
survey the sample by asking each individual in the sample a set of questions and record-
ing the responses. In most sample surveys, the possible responses are preselected, and the
person being surveyed, the respondent, is asked to choose the best response from a list
(however, see the boxed comment on open-ended questions). For example, one of the
questions Marx asked was

What would you say about the civif rights demaonstrations over the fast few years—that
they have heiped Negroes a great deal, helped a little, hurt a fittle, or hurt a great deal?

Helped a great deal 1
Helped a little 2
Huzit a little 3
Hurt a great deal 4
Don’t know 5

OPEN-ENDED QU ESTEQN§ QOccasionally, questicns are worded in a

way that requires a narrative response; these are known as open-ended questions. Open-

niently listed on a questionnaire or when the researcher doesn't have a very good idea of
what the possible responses will be. Open-ended questions must be coded, that is, converted
into a standard set of response categories, as an editing operation in the course of data
preparation. This is very time-consuming and expensive and is avoided whenever possible.
still, some items must be asked in an open-ended format. Both in the decennial census and
in many contemporary surveys in the United States, for exampgle, a series of three open-ended
guestions typically is asked to elicit information necessary to classify respondents according to
standard detailed (ithree-digit} classifications of occupation and industry.

ended guestions are used when possible responses are too varied or complex to be conve-
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FEach response, or response category, has a number associated with it, known as a
code. The codes are what are actually recorded when the data are prepared for analysis
because they are used to manipulate data in a computer. Typically, some respondents will
refuse to answer a question or, in 2 self-admimstered questionnaire, will choose meore
than one response. Sometimes, an interviewer will forget to record a response or will
record it in an ambiguous way. For these reasons, an extra code is usually designated to
indicate nonresponses or uncodable responses. For example, code “9” might be assigned
to nonresponses te the preceding guestion when the data are being prepared for analysis
{this topic is discussed further a bit later). How to handle nonresponses, or missing data,
is ong of the perennial problems of the survey analyst, so we will devote a great deal of
attention to this question. ‘

The term variable refers to each set of response categories and the associaied codes.
A machine-readable data set (whether stored on computer tape, computer disk, floppy
disks, CD-ROMs, thumb drives, or—almost extinet—IBM cards) consists of a set of
codes for each individual in the sample corresponding to the response categories for the
variables included in the data set. Suppose, for example, that the earlier question on
whether civil rights demonstrations have helped Negroes is the tenth variable in a survey.
Suppose, also, that the first respondent in the sample had said that demonstrations “helped
a little”” The data set would then include a “2” in the tenth location for the first individual.
To know exactly what is included in a data set and where in the data set it is located, a
codebook 18 prepared and used as a map to the data set. In Chapter Four, I will describe
how (o use a codebook. Here it is sufficient to note that the rudimentary materials neces-
sary to carry out the sort of analysis dealt with in this book are a data set, a codebook for
the data set, and documentation that describes the sample. We will not be concerned with
problems of data collection or the preparation of a machine-readable data set, except in
passing. These topics require full treatment in their own right, and we will not have time
for them here.

It is customary to classify variables according to their level of measurement: nominal,
ordinal, interval, or ratio. Nominal variables consist simply of a set of mutually exclusive
and collectively exhaustive categories. Religious affiliation is an example of such a
variable. For example, we might have the following response categories and codes:

Protestant 1
Catholic 2
Jewish 3
Other 4
None 5
No answer 9

Note that no order is implied among the responses—no response 1s “better” or
“higher” than any other. The variable simply provides a way of classifying people into
religious groups. Note, further, that every individual in the survey has a code, even those
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who didn’t answer the question. This is accomplished by including a residual category,
“Other,” and a “No answer” category. In properly designed variables, categories are always
mutaally exclusive and collectively exhaustive—that is, written in such as way that each
individual in the sample can be assigned one and only one cade. (In Chapter Four, we wiil
discuss various ways of coding missing data.)

Crdinal variables have an additional property—they can be arranged in an order
along some dimension: quantity, value, or level. The question on civil rights demonstra-
ticns cited previously is an example of an ordinal variable, where the dimension on which
the responses are ordered 18 helpfolness to Negroes, Actually, the variable 1s 2 useful
example of what we often actually encounter in surveys. Two of the responses, “don’t
fmow™ and the implicit “no answer” response, are not self-evidently ordered with
respect to the other responses. In such situations, the analyst has two choices: either (o
exclude these responses from the analysis or to assign a position to them by recoding the
variable, that is, altering the codes so that they indicate the new order. A plausible argu-
ment can be made that a “don’t know” response is in between “helped a littie” and “hust
a little,” essentially a neutral rather than either a positive or a negative response. To treat
the question in this way, an analyst would recode the variable by assigning code “3” to
“don’t know,” code “4” to “hurt a little,” and code “5” to “hurt a great deal” Whether (o
do this will depend on the specifics of the research question being investigated; but it is
very important to be forthcoming about such manipulations when they are undertaken,
reporting them as part of the writenp of the analysis. It would be rather more difficult to
make the same sort of plausible case for including “no answer” as a neutral response
because the bases for nonresponses are so varied, including simple ervor, fallure to com-
plete the questionnaire, and so on. Hence, there is no way to predict how nonrespondents
would have responded had they done so. Therefore, it probably would be wisest 1o treat
“no answer” as missing data.

The important feature of ordinal variables is that they include no information about
the distance between categories. For example, we do not know whether the difference
between a judgment that civil rights demonstrations “hurt a little” and the judgment that
they “helped a little” is greater or smaller than the difference between the judgment
that they “helped a little” and that they “helped a great deal” For this reason, some
statisticians and social researchers argue that ordinal variables ought to be analyzed using
ordinal statistics, which are statistics that make no assumptions about the distance between
categories of a variable and use only the order property. This is not the position taken here.
T this book, we will mainly consider two kinds of statistics, those appropriate for nominal
variables and those appropriate for interval and ratio variables; the latter are known as
parametric statistics. There are several reasons for ignoring statistics specifically designed
for ordinal variables (with the exception of ordinal logistic regression, which we will con-
sider in Chapter Fourteen). First, parametric statistics are much more powerful and far
more mathematically tractable than ordinal statistics and, moreover, tend to be very robust;
that is, they are generally quite insensitive to violations of assumptions about the nature of
data—for example, that error is normally distributed. Second, ordinal statistics are much
less widely used than parametric statistics; moreover, there are many alternatives for
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accomplishing the same thing and little consensus among researchers about which ordinal
statistic to nse. Third, many ordinal statistics involve implicit assumptions that are just as
restrictive as the assumptions underlying parametric statistics. For example, it can be
shown that Spearman’s rank order correlation (an ordinal statistic) 18 identical to the prod-
uct-moment (Pearson) correlation (the conventional parametric correlation coefficient)
when interval or ratic variables are converted to ranks. In effect, then, the Spearman rank
order correlation assumes an equal distance between each category rather than making no
assumptions about the distance between categories. In sum, we gain little and lose much
by using ordinal statistics. (However, it you are interested in such statistics, good discus-
sions can be found in Davis 1971, and Hildebrand and others 1977.)

Interval variables and ratic variables are similar in that the distance between catego-
ries is meaningful. Not only can we say that one category is higher than another (on some
dimension) but alse how much higher. Such variables legitimately can be manipulated
with standard arithmetic operations: addition, subiraction, multiplication, and division.

Cross-Tabulations r

Hence, We can compuie statistics such as means and standard deviations for them. The
difference between the two is that ratio variables have an intrinsic Zere point, whereas
snterval variables do not. We can compare responses {o ratio variables by taking the
ratio of the vatue for one respondent (or group of respondents) to the value for ancther,
whereas we can compare responses to interval variables only by taking the difference
between them. Examples of interval variables include 1Q and occupational prestige.
Examples of ratio variables include years of school completed and annual income. It is
not meaningful to say that someone’s IQ is twice as high as someone else’s, but it is
meaningful to say that one person’s IQ is 10 points higher than another persen’s IQ or
that the within-race variance in IQ is larger than the between-race variance. By con-
trast, it is meaningful to say both that the incomes of men and women differ by $10,000
per vear on the average and that the incomes of men are twice as high on average as
those of women.

In this book, we often will treat ordinal variables as if they are interval variables to
wain the power of parametric statistics. But we also will deal with procedures for assessing
the adequacy of the interval assumption and for treating variables as nominal within the
context of a general parametric approach that permits both nominal and interval or ratio
variables to be dealt with simultanecusly. These procedures involve various forms of
regression analysis.

Often concepts of interest cannot be captured fully by single questions. For example,
no single item in Marx’s questionnaire fully captured what he meant by militancy. Hence,
he constructed a multiple-item scale to represent this concept. Eight items that were per-
tinent to the situation in 1964 were used to construct a militancy scale. Individuals were
classified as militant if they gave the militant response (shown in parentheses) to at least
six of the eight items listed here (Marx 1967b, p. 41):

In your opinion, is the government in Washington pushing integration 100 slow, too
fast, or abeut vight? (Too slow.)

Negroes who want to work hard can get ahead just as easily as anyone else. (Disagree.)
Negroes should spend more fime praying and less time demonstrating. (Disagree.)
To tell the truth I would be afraid to take part in civil rights demonstrations. (Disagree.)
Would you like to see more demonstrations or less demonstrations? {More.)

A restaurant owner should not have to serve Negroes if he doesn’t want to. (Disagree.)

Before Negroes are given equal rights, they have fo show that they deserve them.
{Disagree.)

An owner of property should not have to sell to Negroes if he doesn’t want to.
(Disagree.} '

There are many advantages to multiple-item scales, including in particular greater
reliability and validity (both defined in Chapter Eleven). There also are many ways to
construct multiple-item scales—some clearly superior to others—and some important
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pitfalls to avoid. Later—in Chapter Eleven—we will devote considerable attention to
scale constraction and evaiuation.

The third element in any quantitative analysis is the model, the way we organize and
manipulate data to assess our idea or hypothesis. The model has two componenis: the
choice of statistical procedure and the assumptions we make abont how the variables in
our analysis are related. Given these two components, we can estimate the relative size
or strength of the relationships between variables, and thus test our hypotheses (or ideas or
theories) by assessing whether our estimates of the size of different effects are consistent
with our hypotheses. For the simple example we have been considering, our models are
cross-tabulations of militancy by religiosity (with the introduction of successive conirol
variables, which are discussed a bit later), and our expectation (hypothesis) is that a
higher percentage of the nonreligious than of the religious will be militant—or, because
we have compeiing hypotheses, that a lower percentage of the nonreligious will be mili-
tant. Later in the book we will deal with statistical modeis that are more sophisticated—
mostly variants of the general linear model—but the logic will remain unchanged. How
we actually carry out cross-tabulation analysis is the topic of the next section,

CROSS-TABULATIONS

There are several ways to determine whether religious Blacks are more likely (or less
likely) to be militant than are nonreligious Blacks. Perhaps the most straightforward
approach is to cross-tabulate militancy by religiosity, that is, to count the frequency of
persons with each combination of religiosity and militancy. By using four religiosity cat-
egories and two militancy categories, there are eight combinations of the two variables.
In Marx’s sample, the cross-tabulation of militancy by religiosity yields the following
joint frequency distribution (Table 1.1).

i i. Joint Frequency Distribution of Militancy by Religiosity
Among Urban Negroes in the U.5., 1954,

Religiosity Militant Monmilitant Total

- Somewhat religious. -

Source: Adapted from Marx (19673, Table 6).
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1) The Total row and Total column are known as marginals. They give the frequency
" distributions for each variable separately, in other words, the univariate frequency distri-
butions. (Rows are read across and columns are read down.) The total number of cases
{or respondents, or indwiduals} in the table is given in the lowar-right cell {or position in
the table). Note that this is fewer than the number of cases in the sample (recall that the
sample consists of 1,119 cases). The difference is due o missing data; that is, some re-
spondents did not answer all the questions needed to construct the religiosity and mili-
tancy scales. Later, we will deal extensively with missing data problems. For the present,
however, we ignore the missing data and treat the sample as if it consists of 293

respondents.

2) The eight cells in the interior of the table give the bivariate frequency distribution, that
is, the frequency of each combination of religiosity and militancy.

3} The titles of the variables and response categories are given in the table stubs.

4) When constructing a table, it is wise to check the accuracy of your entries by adding up
the entries in each row and confirming that they correspond to the column marginal, for
example, 61 + 169 = 230, and so on; adding up the entries of each column and confirm-
ing that they correspond to the row marginai, for example, 61 + 160 + 87 + 25 = 333,
and so on; and adding up the row marginals and the column marginals and confirming
that the sum of each corresponds to the table total. It is easy to introduce errors, especially
when copying tables, and it is far better to discover them for yourself belore committing
them to print than for your readers o discover them after you have published. Always double-

check your tables.

\- /

From this table, can we decide whether religiosity favors or inhibits militancy? Not
very well. To do so, we would need to determine the relative probability that people of
each degree of religiosity are militant. If the probability increases with religiosity, we
would conclude that religiosity promotes militancy; if the probability of militancy
decreases with religiosity, we would conclude that religion is an opiate. The relative prob-
abilities are to be found by determining the conditional probability of militancy in cach
religiosity group, that is, the probability of militancy given that one is at a particular reli-
giosity level. These conditional probabilities can be expressed as 61/230, 160/532, 87/195,
and 25/36. Although this is a completely correct way of expressing the probabilities, they
are more readily interpreted if expressed as percentages: (61/230y*100 = 27, and so on.

In fact, we ordinarily do this initially, by presenting tables of percentages rather than
tables of frequencies. This makes direct comparisons of relative probabilities very easy.
That is, we crdinarily would never present a table like Table 1.1 but instead would pre-
sent a table like Table 1.2.
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Percent Militant by Religiosity Among Urban Negroes

in the U.5., 1264.

Very Somewhat Mot Very Mot at All
Militancy Religious Refigious Religious Religious Total

- Nonmilitant

Source: Table 1.1.

p
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1) Always include the percentage totals (the row of 100%s). Although this may seem
redundant and a waste of space, it makes it immediately clear to the reader in which
direction you have percentaged the table. When the percentage totals are omitted, the
reader may have to add up several rows ¢r columns to figure it out. Using percentage
signs on the top row of numbers and again on the Total row also clearly indicates to the
reader that this is a percentage table.

2) Whole parcentages are precise enough. There is no point in being more precise in the
presentation of data than the accuracy of the data warrants. Moreover, fractions of
percentages are usually uninteresting. it is hard to imagine anyone wanting to know
that 37.44 percent of women and 41.87 percent of men do semething; it is sufficient
to note that 37 percent of women and 42 percent of men do it. Incidentally, a conve-
nient rounding rule is to round to the even number. Thus, 37.50 becomes 38, but.
36.50 becomes 36. Of course, 36.51 becomes 37 and 37.49 also becomes 37. You
only want to report more than whole percentages if you have a distribution with many
categories and are concerned about rounding error,

3) Always include the number of cases on which the percentages are based {that is,
the denominator for the percentages). This enables the reader to reconstruct the
entire table of frequendies (within the limits of rounding error) and hehce to reorga-
nize the data into a different form. Note that Table 1.2 contains all of the information

A A
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that Table 1.1 contains because you can reconstruct Table 1.1 from Table 1.2: 27
percent of 230 is 62.1, which reunds to 62 {within rounding error of 613, and so
on. Customarily, percentage bases are placed in parentheses 1o clearly identify
them and to help them stand out from the remainder of the tabie.

4) Sometimes it is useful to include a Total column, as | have done here, and some-
times not. The choice should be based on substantive considerations. In the pres-
ent case, about one-third of the total sample is militant (as defined by Marx);
hence, the marginal distripution for the dependent variable is reported here.
Recall from page 7 that “militants” are those who gave militant responses to at
least six of the eight items in the militancy scale. We now see that about one-
third of the sample did so. Obviously, if we defined as militant alf those who gave
at least five militant responses, the percentage militant would be higher.

5) No convention dictates that tables must be arranged so that the perceniages
run down, that is, so that each column totals to 100 percent. In Table 1.2, the
categories of the dependent variable form the rows, and the categories of
the independent variable form the columns. If it is more convenient to reverse
this, so that the categories of the independent variable form the rows, this is
perfectly acceptable. The only caveat is that within each category of the
independent variable, the percentage distribution across the categories of
the dependent variable must total to 100 percent. Thus, if the categories of the
dependent variable form the columns, the table should be percentaged across

each row.

N S/

The Direction to Percentage the Table

Note that the direction in which this table is percentaged is not at all arbitrary but rather
is determined by the nature of the hypothesis being tested. The question being addressed
is whether religiosity promotes or hinders militancy. In this formulation, religiosity is pre-
sumed to influence, cause, or determine militancy, not the other way around. (One could
imagine a hypothesis that assumed the opposite—we might suppose that militants would
tend to lose interest in religion as their civil rights involvement consumed their passions.
But that is not the idea being tested here.) The variable being determined, influenced, or
caused is known as the dependent variable, and the variables that are doing the causing,
determining, or influencing are known as independent, or predicior, variables. The choice
of causal order is always a matter of theory and cannot be determined from the data.

The choice of causal order then dictates the way the table is constructed. Tables should
(almost—an exception will be presented later) always be constructed to express the con-
ditional probability of being in each of the categories of the dependent variable given that
an individual is in a particular category of the independent variable(s). (Do not let the fact
that the table is expressed in percentages and the rule is expressed in probabilities confuse
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you. A percentage, which means “per hundred,” is just a probability multiplied by 100.
Percentages range from 0 to 100; probabilities range from 0 to 1.00.) Thus, in Table 1.2, 1
show the percentage militant for each religiosity category; that is 1 show the conditional
probahility (X 100) of being militant, given that an urban Black is, respectively, very reli-
gious, somewhat religious, not very religious, or not at ali religions. Note that the proba-
bility of being militant increases as religiosity decreases. Of the very refigious, 27 percent
are rmilitant, as are 30 percent of the somewhat religious, 45 percent of the not very reli-
gious, and 69 percent of the not at all religious. Thus, given the formuiation with which 1
(and Marx) started, in which religiosity was posited as alternatively an opiate or an inspi-
ration, we are led to conclude that religiosity is an opiate because the more religions peo-
ple are, the less likely they are to be militant. ‘

Ii is important to understand this example thoroughly because the logic of which way
to compute percentages and which comparisons to make is the same in all cross-tabulation
tables.

Controf Variables

Thus far, we have determined that the probability of militancy increases as religiosity
decreases. Do we want to stop here? To do so would be to accept religiosity as the caus-
ative factor, that is, to conciude that religiosity causes people to be less militant. If we had
a strong theory that predicted an inverse relationship between religiosity and militancy,
regardless of anything else, we might be prepared to accept our two-variable cross-
tabulation as an adequate test. Ordinarily, however, we will want to consider whether
there are alternative explanations for the relationships we observe, In the present instance,
for example, we mighi suspect that both religiosity and militancy are determined by some
third factor. Gne obvious possibility is education. We might expect well-educated Blacks
to be both less religious and more militant than more poorly educated Blacks. If this is
so, religiosity and militancy would appear to be inversely related even if there were no
causal connection between them. This is known as a spurious association or spurious
correlation.

How can we test this possibility?

First, we need to determine whether education does in fact reduce religiosity by cre-
ating Table 1.3. This table shows that among urban Blacks in 1964, those who are well
educated tend to be less religious, Of those with only a grammar school education, 31
percent are very religious, compared to 19 percent of those with a high school or college
education. Further, only 1 percent of those with a grammar school educaticon, 4 percent of
those with a high school education, and 11 percent of those with a college education are
not at all religious. Thus, we can say that education and religiosity are inversely or nega-
tively associated: as education increases religiosity decreases. (Stndy this table carefully
to see why it is percentaged as it is. What would you be asserting if you percentaged the
table m the other direction?)

Next we need to determine whether education increases militancy by creating
Table 1.4. '

From Table 1.4, we see that the higher the level of educational attainment, the greater

the percentage militant. Only 22 percent of those with grammar school education, 36
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percent of those with high school education, and fully 53 percent of those with college
education are militant. Another way of putting this is to say that a positive association
sxists between education and militancy: as education increases, the probability of mili-
tapcy increases.

Paercentage Distribution of Religiosity by Educational
Attamment Urbran Negroes in the U.5., 1964.

Educational Attainmeant

Religiosity Grammar School High School College

s

Source: Adapted from Marx {1967a, Table 6).

e Percent Militant by Educational Attainment,
Urban Negroes in the U.5., 1984,

Educational Attainment

Militancy Grammar 5choo! " High School College

- Nonmilitarit’

Source: Adapted from Marx (19673, Table 6).
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Sometimes your percentages will not total to exactly 100 percent due to rounding er-
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13 When you are presenting several tables involving the same dats, always check the
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ror. Deviations of one percentage point (99 io 101) are acceptable. Larger deviations
probably indicate computational error and should be carefully checked.

Note how the title is constructed. I states what the table is (a percentage distribu-
tion), which variables are included (the canvention is to list the dependent variable
first), what the sample is {urban Negroes in the U.5.), and the date of data collection
(1964). The table should always contain sufficient information to enable one to read
it without referring te the text. Thus, the title and variable headings should he clear
and complete; if there is insufficient space to do this, it should be done in foctnotes
o the table.

in the interpretation of percentage distributions, comparing the extreme categories and
ignoring the middle categories is usually sufficient. Thus, we noted that the proportion
“very religious” decreases with education, and the proportion “not at all religious”
increases with education. Similar assertions about how the middle categories (“some-
what religious” and “not very religious”) vary with education are awkward because they
may draw from or contribute to categories on either side. For example, the percentage
"not very religious” among those with a coliege education migit be larger if either the
percentage “somewhat religious” or the percentage “not at all religious” were smaller,
But one shift would indicate a more religious college-educated population, and the ather
shift would indicate a less religious college-educated population. Hence, the “not very
religicus” row cannot be interpreted alone, and usually iittle is said about the irtericr
rows of a table. On the other hand, it is important to present the data so that the reader
can see that you have not masked important details and to allow the reader to recrgan-
ize the table by collapsing categories {(discussad later).

In dealing with scaled variables, such as religiosity, you should not make much of the
relative size of the percentages within each distrioution; that is, comparisons should
be made across the categories of the independent variable, not across the categories of
the dependent variable. In the present case, it is legitimate to note that those with a
grammar school education are maore likely to be very refigious than are those who are
better educated, but itis not legitimate to assert that more than half those with a gram-
mar school education are somewhat religious. The reason for this is that the scale is only
an ordinal scale; the categories do not carry an absolute value. How religious is “very re-
ligicus™? All we know is that it is more religious than “somewhat religious.” In conse-
guence, it is easy to change the distribution simply by combining categories. Suppose,
for example, we summed the top two rows and called the resulting category “reli-
gious.” In this case, 838 percent of those with grammar school education would be
shown as “religious.” Consider how this would change the assertions we would make
about this sample if we took the category labels seriously.

consistency of your tables by comparing numbers across the tables wheraver possible.
For example, the number of cases in Table 1.4 should be identical to that in

Table 1.3.

Because educated urban Blacks are both less likely to be religicus and more likely to
be militant than are their less educated counlerparts, it is possible that the observed asso-
ciation between religiosity and {(nom)militancy is determined entirely by their mutual
dependence on education and that there is no connection between militancy and religios-

-ity among people who are equally well educated. If this proves true, we would say that
education explains the association between religiosity and militancy and that the associa-
tion is spurious because it does not arise from a causal commection between the
variables.

To test this possibility, we study the relation between militancy and religiosity within
categories of education by creating a three-variable cross-tabulation of militanc;lz by reli-
giosity by education. Such a table can be set up in two different ways. The first is shown
in Table 1.3, and the second in Table 1.6.

i.7. Percent Militant by Religiosity and Educational Attainment,
Urban Negroes in the U.5., 1964.

Gramrmar School High School College
Militancy Y 8 N Y 5 N W 5 (M

¢

o 08) 01) () 98y (270) 1 (138). (@26)
Source: Adapted from Marx (1967a, Table 6). .
"y =vary religious; S=sornewhat religious; N=not very religious or not at all religious.
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1) In this sort of table, education is the control variable. The table is set up to show the
relationship between militancy and religiosity within categories of education, that is
{synonymously), “controlling for education,” “holding education constant,” or “net of
education.” The control variable should always be put on the outside of the tabulation
so that it changes most slowly. This format facilitates reading the table because it puts
the numbers being compared in adjacent columns. (Sometimes we want to study the
relationship of each of two independent variables to a dependent variable, in each case
controlling for the other. In such cases, we still make only one table and construct it in
whatever way made it easiest to read. If our dependent variable is dichotomous or can
be treated as dichotomous, we set up the table in the format of Table 1.6.)

~

Note that the "not very religicus” and “not at all religious” categories were com-
bined. This is often referred to as collapsing categories. Collapsing is usually done
when there would be too few cases to produce reliable results for same categories. In
the present case, as we know from Table 1.1 or 1.2, there are thirty-six people who
are not at all religious. Dividing them on the basis of educational attasinment would
produce too few cases in each group to permit reliable estimates of the percent mikli-
tant. Hence, they were combined with the adjacent group, “not very religicus.”

An additional reason for collapsing categories is to improve darity. Too much
detail maxes it difficult for the reader to grasp the main features of the table. Often,
it helps to reduce the number of categeries presented. On the other hand, if categories
of the independent variable differ in terms of their distribution on the dependent vari-
able, combining the categories will mask impaortant distinctions. A fine balance must

be struck between clarity and precisicn, which is why constructing tables is an art.

N J

From Table 1.5, we see that religiosity continues to inhibit militancy even when edu-
cation is controlled, although the differences in percent militant among religiosity cate~
gories tend to be smaller than in Table 1.2 where education is not controlled. (In the next
chapter, we will discuss a procedure for calculating the size of the reduction in an associ-
ation resulting from the introduction of a control vaniable, the weighted net percentage
difference.} Among those with grammar school education, 17 percent of the very reli-
gious and 32 percent of the not religious are militant; the corresponding percentages for
those with high school education are 34 and 47 and for those with college education are
38 and 68. Thus we conclude that education dees not completely account for the inverse
association between religiosity and militancy.

At this point, we have to decide whether to continue the search for additional explan-

atory variables. Our decision usually will be based on a combination of substantive and

technical considerations. If we have grounds for believing that some other factor might
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accownt both for religiosity and militancy, net of education, we probably would want
to control for that factor as well. Note, however, that the power of additional factors to
explain the association between two original variables (here religiosity and militancy)
will depend on their association with previously introduced control variables. To the
extent that additional variables are highly correlated with variables already infroduced,
they will have little impact on the association. This is an extremely important point that
will recur in the context of multiple regression analysis. Be sure you understand it
thoroughly.

Consider age. What relation would vou expect age to have to religiosity and o
militancy?

Pause 10 Think About This

Religiosity is likely positively asscciated with age—that is, older people tend to be more
religious—and militancy is inversely associated with age—younger people tend (o be
more militant. Hence, we might expect the association between religiosity and militancy
to be a spurious function of age. Thai is, within age categories, there may be no associa-
tion between religiosity and militancy.

What, however, of the relation between age and education? In fact, from knowledge
about the secular trend in education among Blacks, we would expect younger Blacks to
be substantially better educated than clder Blacks. To the extent this is true, age and edu-
cation are likely to have similar effects on the association between religiosity and mili-
tancy. Hence, introducing age as a control variable in addition to education is not likely to
reduce the association between religiosity and militancy by much, relative to the effect of
education alone.

Apart from theoretical and logical considerations (is a variable theoretically relevant,
and is it going to add anything to the explanation?), there is a straightforward technical
reason for limiting the number of variables included in a single cross-tabulation—we
quickly run out of cases. Most sample surveys inchude a few hundred to a few thousand
cases. We already have seen that a three-variable cross-tabulation required that we col-
lapse two of the religiosity categories. A four-variable cross-tabulation of the same data
is likely to yield so many small percentage bases as to make the results extremely onreli-
able. The difficulty in studying more than about three variables at a time in a cross-
tabulation provides a strong motivation to use some form of regression analysis instead.
A substantial fraction of the chapters to follow will be devoted to the elaboration of
regression-based procedures.

Table 1.5 also enables us to assess the effect of education on militancy, controlling
for religiosity by comparing corresponding columas in each of the three panels. Thus, we
note that, among those who are very religious, 17 percent of the grammar school edu-
cated are militant compared to 34 percent of the high school educated and 38 percent of
the college educated; among those who are somewhat religicus, the corresponding per-
centages are 22, 32, and 48; and among those who are not religiouns, they are 32, 47, and
68. Hence, we conclude that, at any given level of religiosity, the better educated are
more militant.



T8  Quantitative Data Analysis: Doing Social Research to Test ideas Cross-Tabulations 59

WHAT THIS CHAPTER HAS SHOWN

In this chapter, we have seen an initial idea formulated mio a research problem, an appro-
priate sample chosen, a survey conducted, and a set of variables created and combined
it scales 1o represent the concepts of interest to the researcher. We then considered bow
to construct a percentage table that shows the relationship between two variables, with
special attention to determining in which direction to percentage tables using the concept
of conditional probability distributions—the probability distribution over categories of
the dependent variable computed separately for each caiegory of the independent
variable{s). This is the most difficult concept in the chapter, and one you should make
sure vou completely understand.

The other important concept you need to understand fully 15 the idea of statistical
conirols, also known as controlling for or holding constant confounding variables, to
determine whether relationships hold within categories of the control variable(s). Finally,
we considered various technical issues regarding the construction and presentation of
tables. The aim of the game is to construct atlractive, easy to read tables.

In the next chapter, we continue our discussion of cross-tabulations, considering var-
ious ways of analyzing tables with more than two variables and, more generally, the logic
of multivariate analysis.

. Percent Militant by Religiosity and Educational Attainment,
Urban Megroes in the U.5., 1964 {Three-Dimensional Format).

Educational Attainment

Religiosity Grammar School High School Coliege

Source: Table 1.5.

/
o % ON TABLE 1.6p

1) Each pair of entries gives the percentage of people who have a trait and the percent-
age base, or denominator, of the ratio from which the percentage was computed.
Thus, the entry in the upper-left corner indicates that 17 percent of the 108 very reli-
gious grammar-school-educated people in the sample are militant. From this table,
we can reconstruct any of the preceding five tables (but with the twe least religious
categories collapsed into one), within the limits of rounding error. Try to do this to
confirm that you understand the relationships among these tables.

o J

This requires a fairly tedious comparison, however, skipping around the table to
locate the appropriate cells. When the dependent variable is dichotomous, that is, has
only two response categeries, a much more succinct table format is possible and is
preferred. Table 1.6 contains exactly the same information as Table 1.5, but the information
is arranged in a more succinct way. Tables like Table 1.6 are known as three-dimensional
tables.

Compare Tables 1.5 and 1.6. You will see that they contain exactly the same
information—all the additional nambers in Table 1.5 are redundant. Moreover, Table 1.6
is much easier to read because we can see the effect of religiosity on militancy, holding
constant education, simply by reeiding down the columns, and can see the effect of educa-
tion on militancy, holding constant religiosity, simply by reading across the rows.




WHAT THIS CHAPTER IS ABOUT

In this chapter we expand our understanding of how to deal with cross-tabulations, both
substantively and technically. First we continue our consideration of the logic of elabora-
tion, that is, the introduction of additional varables to an analysis; second, we consider a
special situation known as a suppressor effect, when the influences of two independent
variables offset each other; third, we consider how variables combine to produce particu-
Iar effects, drawing a distinction between additive and interaction effects; fourth, we see
how to assess the effect of a single independent variable in a multivariate percentage table
while controlling for the effects of the other independent variables via direct standardiza-
rion; and finally we consider the distinction between experiments and statistical controls.
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THE LOGIC OF ELARORATION

In wadiional treatments of survey research methods (for example, Lazarsfeld 1955:
Zeise]l 1985), it was customary to make a distinction between (wo situations in which a
third variable complstely or partially accounts for the association between two other vari-
ables: spurious associations and associations that can be accounted for by an intervening
variable or variables. The distinction between the two is that when a control variable (Z)
1s temporally or causally prior to an independent variable (X)) and dependent variable (),
and when the contro] variable completely or partly explains the association between the
independent and dependent variable, we infer that there is no causal connection or only a
weak causal connection between the independent and dependent variables. However,
when the control variable intervenes temporally or causally between the independent and
dependent variables, we would not claim that there 1s no causal relationship between the
independent and dependent variables but rather that the intervening variable explains, or
helps explain, how the independent variable exerts its effect on the dependent variabie.
In the previous chapter we considered spurious associations. In this chapter we revisit
spurions associations and also consider the effect of intervening variables,

Spurious Association

Consider the three variables, X, ¥, and Z. Suppose that you had observed an association
between X and ¥ and suspected that it might be completely explained by the dependence
of both X and Y on Z. (For a substantive example, recall the hypothesis in the previous
chapter that the negative relation between religiosity and militancy was due to the

dependence of both on education—RBlacks with mo.
* and more militant.) Such a hypothesis might be diagr.

Eg )

Oles

T

‘sible

Causal diagrams of this sort are used for purposes o,
They are extensively used in path analysis, which 1s a w
jcally manipulating structural equation models that was w.
iess frequently encountered now (see additional discussion o
and path analysis in Chapter Sixteen). My use of such models
theless, T use them in such a way as to be conceptually complete.
to X (p,, ) and fromy to Y {p, ) indicate that other factors besides .

Now, if the association between X and ¥ within categories of .
nonexistent, we would regard the association between X and ¥ as en
their mutnal dependence on 7. However, this generally does not happen,
ple, that the negative association between religiosity and militancy did not
education was held constant. We ordinarily doj not restrict ourselves to an
hypothesis of spuriousness—except in the exceptional case where we have a
theory requiring that a particular relation be compleiely spurious; rather, we as.
association is between X and Y controlling for Z (and what the association is betwe
¥ controlling for X}, The logic of our analysis can be diagramed as shown in Figure

To state the same point differently, rather than assuming that the causal conne.
between X and Y is zero and determining whether our assumption is correct, we estim
the relation between X and ¥ helding constant Z and determine its size—which, of cours.
may be zero, in which case Figure 2.1 and Figure 2.2 are identical.

X %

.

Y d————— y

.

¥

o ¢. The Observed Association Between X and Y s Entirely Spuricus
nd Goes to Zerc When Z Is Controlled.

X fg— X

The Observed Association Between X and Y Is Partly Spurious: the
Effect of X on Y Is Reduced When Z Is Controlled (Z Affects X and Both Z and X Affect Y).
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THE LOGIC OF ELABORATION

In traditional ireatments of survey research methods (for example, Lazarsfeld 1955,
Zeisel 1985), it was customary 1o make a distinetion hetween two sitnations in which a
third variable completely or partially accounts for the association between two other vari-
ables: spurious associations and associations that can be accournted for by an intervening
variable or variables. The distinction between the two is that when a control variable ()
is temporally or causally prior io an independent variable (X) and dependent variable (¥},
and when the control variable completely or partly explains the association between the
independent and dependent variable, we infer that there is no causal connection or only a
weak cansal connection between the independent and dependent variables. However,
when the control variable intervenes terporally or causally between the independent and
dependent variables, we would not claim that there is no causal relationship between the
independent and dependent variables but rather that the intervening variable explains, or
helps explain, how the independent variable exerts its effect on the dependent variable.
In the previous chapter we considered spurious associations. In this chapter we revisit
spurions associations and also consider the effect of intervening variables.

Spurious Association _
Consider the three variables, X, ¥, and Z. Suppose that you had cbserved an association
between X and ¥ and suspected that it might be completely explained by the dependence
of both X and ¥ on Z. (For a substantive example, recall the hypothesis in the previous
chapter that the negative relation between religiosity and militancy was due to the

More on Tzbles 2.0

dependence of both on education—Blacks with more education were both less religious
and more militant.y Such a hypothesis might be diagrammed as shown in Figure 2.1.

Cansal diagrams of this sort are used for purposes of explication throughout the book.
They are extensively used in parh analysis, which is a way of representing and algebra-
jcally manipulating structural equation models that was widely used in the 1970s but is
Jess frequently encountered now (see additional discussion of structural equation models
and path analysis in Chapter Sixteen). My use of such models is purely heuristic. None-
theless, I use themn in such a way as to be conceptually complete. Hence, the paths from x
w0 X (p,)and from yto ¥ (pyy) indicate that other factors besides Z influence X and 7.

Now, if the association between X and ¥ within categories of Z were very small or
nonexistent, we would regard the association between X and ¥ as entirely explained by
their mutal dependence on Z. However, this generally dees not happen; recall, for exam-
ple, that the negative association between religiosity and militancy did not disappear when
edncation was held constant. We ordinarily doj not restrict ourselves to an all-or-nothing
hypothesis of spuriousness—except in the exceptional case where we have a very strong
theory requiring that a particular relation be completely spurious; rather, we ask what the
association is between X and ¥ controtiing for Z {and what the association is between Z and
¥ controlling for X). The logic of our analysis can be diagramed as shown in Figure 2.2.

To state the same point differently, rather than assuming that the causal connection
between X and ¥ is zero and determining whether our assamption is correct, we estimate
the relation between X and ¥ holding constant £ and determine its size—which, of course,
may be zere, in which case Figure 2.1 and Figure 2.2 are identical.

X4 %

e

Y4———y

7 i . The Observed Association Between X and Y is Entirely Spurious
and Goes to Zero When Z Is Controiled.

X ——— X

Y e Y

The Observed Assodiation Between X and Y Is Partly Sourious: the
Effect of X on Y Is Reduced When Z Is Controlled (Z Affects X and Both Z and X Affect Y).
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intervening Variables

Mow let us consider the intervening variable case. Suppose we think two variables, X and ¥,
are associated only because X causes Z and Z causes Y. An example nught be the relation
between a father’s occupation, son’s education, and son’s income. Suppose we expect the
two-variable association between X and Y—sometimes called the zere-order association,
short for zero-order partial association, that is, no partial association—to be positive, but think
that this is due entirely to the fact that the father’s occupational status influences the son’s edu-
cation and that the son’s education influences the son’s income; we think there is no direct
mfluence of the father’s occupational status on the son’s income, only the indwect influence
through the son’s education. This sort of claim can be diagrammed as shown in Figure 2.3,

But, as before, unless we have a very strong theory that depends on there being no
direct connection between X and ¥, we probably would inspect the data to determine the
influence of X on ¥, holding constant the intervening variable Z, and would also deter-
mine the influence of Z on ¥, holding constant the antecedent variable X. This can be dia-
grammed as shown in Figure 2.4

If the net, or partial, association between X and ¥ proves to be zero, we would con-
chude that a chain model of the kind described in Figure 2.3 describes the data. Otherwise,
we would simply assess the strength and nature of both associations, between X and ¥ and
between Z and ¥ (and, for completeness, the zero-order association between X and 7).

Notice the similarity between Figure 2.2 and Figure 2.4, With respect to the ultimate
dependent variable, ¥, the two models are identical. The only difference has to do with
the specification that Z causes X or that X causes Z. There is still another possibility: X
and Z cause ¥, but no claim is made regarding the causal relation between X and 7. This
can be diagrammed as shown in Figure 2.5.

X v Z B Y

S

z b

.. The Observed Association Between X and Y Is Entirely Explained
by the !ntervemng Variable Z and Goes to Zero When Z is Controlied.

x \H\“Yl/y

2 The Observed Association Between X and Y Is Partly Explained
by the lntervenmg Variable Z: the Effect of X on Y Is Reduced When Z is Controlled
(X Affects Z, and Both X and Z Affect Y).

us'

-
£%
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z

%..5x. Both Xand Z Affect ¥, but there Is no Assumption Regarding
the Causa;‘ Ordermg of Xand Z.

In almost all of the analyses we undertake—including cross-tabulations of the kind
we are concerned with at present, mutivariate models in an ordinary least squares regres-
sion framework, and log-linear and logistic analogs to regression for categerical depen-
dent variables-~the models, or theories, represented by Figures 2.2, 2.4, and 2.5 will be
analytically indistinguishable with respect to the dependent variable, ¥. The distinction
among them thus must rest with the ideas of the researcher, not with the data. From the
standpoint of data manipulation, all three models require assessing the net effect of each
of two variables on a third variable, that is, the effect of each independent variable holding
constant the other independent variable. Obviously, the same ideas can be generalized to
situations invelving more than three variables.

SUPPRESSOR VARIABLES

One final idea needs to be discussed here, the notion of suppressor variables. Thus far,
we have dealt with sifuations in which we suspected that an observed association between
two variables was due to the effect of a third, either as an antecedent or an intervening
variable. Situations can arise, however, in which there appears to be no association
between two variables when, in fact, there is a causal connection. This happens when
some other variable is related to the two variables in such a way that it suppresses the
observed zero-order association—specifically, when one independent variable has oppo-
site effects on another independent variable and on the dependent variable, and the two
independent variables have opposite effects on the dependent variable. Such simations
can be diagrammed as shown in Figure 2.6,

For example, suppose you are interested in the relations among education, income,
and fertility. On theoretical grounds, you might expect the following: education will have a
positive effect on income; holding constant income, education will have a negative effect
on fertility (the idea being that educated people want to do more for their children and
regard children as more expensive than do poorly educated people; hence at any given level
of income, they have fewer children); holding constant education, the higher the income,
the higher the number of children (the idea being that children are generally regarded as
desirable so that at any given level of the perceived cost of children, those with more to
spend, that is, with higher income, will have more children). These relationship are repre-
sented in Figure 2.6, where X = level of education, Z = income, and ¥ = number of
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i p——— 7

Y 44— ¥

- t. The Size of the Zero-Order Association Between X and Y {and
Between Z and Y} s Suppressed When the Effects of X on Z and Y have Oppaosite
Sign, and the Effects of X and Z on Y have Opposite Sign.

children. The interesting thing about this diagram is that it imoplies that the gross, or
zero-order, relationships between X and ¥ and between Z and ¥ will be smaller than the net,
or first-order partial, relationships and toight even be zero, depending on the relative size of
the associations among the three variables. To see how this happens, consider the relation-
ship between education and fertility. We have posited that educated people tend to have
more income, and at any given level of education, higher-income people tend to have more
children. Hence, so far, the relation between education and fertility would be expecied to
be positive. But we also have posited that af any given income level, better-educated people
tend to have fewer children. So we have a positive causal path and a negative cansal path at
work at once, and the effect of each is to offset or suppress the other effect, so that the zero-
order relationship between education and fertility is reduced.

ADDITIVE AND INTERACTION EFFECTS

We now consider interaction effects, situations in which the effect of one variable on another
is contingent on the value of a third variable. To see this clearly, consider Table 2.1.

This table shows that in 1965 educational attatnment had no effect on acceptance of
abortion among Catholics but that among Protestants, the greater the education, the greater
the percentage accepting abortion. Thus, Catholics and Protestants with 8th grade educa-
tion or less were about equally likely to believe that legal abortion should be permitted
under specified circumstances but, among those with more education, Protestants were
substantially more likely to accept abortion than were Catholics. Among the college edu-~
cated, the difference between the religious groups is fully twenty points: about 31 percent
of Catholics and 51 percent of Protestants believed that abortion should be permitted.

This kind of result is called an interaction effect. Religion and educational attainment
interact to produce a result different from what each would produce alone. That is, the
relationship between education and acceptance of abortion differs for Catholics and
Protestants, and the relationship between religion and acceptance of abortion differs by edu-
cation. Situations in which the relationship between two variables depends on the value of a
third, as it does here, are known as interactions. In the older survey analysis literature (for
example, Lazarsfeld 1955; Zeisel 1983}, interactions are sometimes called specifications.
Religion specifies the relationship between education and beliefs about abortion: acceptance
of abortion increases with education among Protestants but not among Catholics.

More on Tables  «

Percentage Who Believe Legal Abortions Should Be Possible

'. Under Specifisd Circumstances, by Religion and Education, U.5, 1965

(M = 1,368; Cell Frequencies in Parentheses].

Educational Attainment

Bth Grade Some High High Schootl Some College
Religion or Less School Graduate or More

~Protestant

Saurce: Rossi {1968).
Note: Non-Christians omitied.

Where we do not have interaction effects we have additive effects (or no effects).
Suppose, for example, that instead of the sumbers in Table 2.1, we had the nombers
shown in Table 2.2,

What would this show? We could say two things: (1) The effect of religion on accep-
tance of abortion is the same at all levels of education. That is, the difference between the
percentage of Catholics and Protestants who would permit abortion is 10 percent at each
level of education. (2) The effect of education on acceptance of abortion is the same for
Catholics and Protestants. For example, the difference between the percentage who would
permit abortion among those with some high scheol education and those who are high school
graduates is 10 percent for both Catholics and Protestants. Similarly, the difference between
the percentage who would permit abortion among those with a high school education and
among those with at least some college is 20 percent for both Catholics and Protestants.
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Percentage Accepting Abortion by Religion and Education
{Hypothetical Data).

8th Grade Some High High School some Lollege
or Less School Graduate or More

Protestant i 40% 45%

The reason this table is additive is that the effects of each variable add together to
produce the final result. It is as if the probability of any individual in the sample accepting
abortion is at least .3 (so we could add .3 to every cell in the table); the probabhility of a
Protestant accepting abortion is .1 greater than the probability of a Catholic accepting
abortion (so we could add .1 to all the cells containing Protestants); the probability
of someone with some high school accepting abortion is .05 greater than the probability of
someone with an 8th grade education doing so {50 we would add .05 to the cells for those
with some high school); the probability of those who are high school graduates accepting
abortion is .15 greater than the probability of those with an 8th grade education doing so
(so we would add .15 to the cells for those with high school degrees); and the probability
of those with some college accepting abortion is .35 higher than the probability of those
with an 8th grade education doing 50 (s0 we would add .35 to the cells for those with at
least some college). This would produce the results we see in Table 2.2 (after we convert
proportions to percentages by multiplying each number by 100).

By contrast, it is not possible to add up the effect of each variable in a table contain-
ing interactions because the effect of each variable depends on the value of the other
independent variable or variables.

Many relationships of interest to social scientists involve interactions—especially
with gender and to some extent with race; but it is also true that many relationships are
additive. Adequate theoretical work has not yet been done to allow us to specify very
well in advance which relationships we would expect to be additive and which relation-
ships we would expect to involve interactions.

Later you will see more sophisticated ways to distinguish additive effects from inter-
actions and to deal with various kinds of interactions via log-linear analysis and regres-
sion analysis.

DIRECT STANDARDIZATION

Often we want to assess the relationship between two variables controlling for additional
variables. Although we have seen how to assess partial relationships—that is, relation-
ships between two variables within categories of one or several control variables—it
would be helpful to have a way of constructing a single table that shows the average

More on Tables Eg’%

: relationship between two variables net of, that is, controlling for, the effects of other vari-
ables. Direct standardization provides a way of doing this. Note that this technique has
" other names, for example, covariate adjustment. However, the technique is most widely

used in demographic research, so I use the term by which it is known in demography, direct
standardization. It is important to understand that, even though the same term is used, this
procedure has no relationship to standardizing variables to create a common metric. We
will consider this subject in Chapter Five.

Example 1: Religiosity by Militancy Among U.S. Urban Blacks

The procedure is most easily explained in the context of a concrete example. Thus we
revisit the analysis shown in Tables 1.2 through 1.6 of Chapter One (slightly modified).
Recall that we were interested in whether the relationship between militancy and religi-
osity among Blacks in the United States could be explained by the fact that better-educated
Blacks tend to be both less religious and more militant. Because education does not com-
pletely explain the association between militancy and religiosity, it would be useful to
have a way of showing the association remaining after the effect of education has been
removed. We can do this by getting an adjusted percentage militant for each religiosity
category, which we do by computing a weighted average of the percent militant across
education categories within each religion category but with the weights taken from the
overall frequency distribution of education in the sample. (Alternatively, because they
are mathematically identical, we can compute the weighted sum, using as weights the
proportion of cases in each category.) By doing this, we construct a hypothetical table
showing what the relationship between religiosity and militancy would be if all religios-
ity groups had the same distribution of educafion. 1t is in this precise sense that we can
say we are showing the association between religiosity and militancy net of the effect of
education. As noted earhier, this procedure is known as direct standardization or covariate
adjustment.

Note that the weights need not be constructed from the overall distribution in the
table. Any other set of weights could be applied as well. For example, if we wanted to
assess the association between religiosity and militancy on the assumption that Blacks
had the same distribution of education as Whites, we would treat Whites as the standard
population and use the White distribution across educational categories (derived from
some external source) as the weights. We will see two examples of this strategy a bit later
in the chapter.

Now let us construet a militancy-by-religiosity table adjusted, or standardized, for
education, to see how the procedure works. We do this from the data in Table 1.6. First,
we dertve the standard distribution, the overall distribution of education. Because there
are 993 cases in the table (= 108 + . . . + 49), and there are 353 (= 108 + 201 + 44)
people with a grammar school education, the proportion with a grammar school educa-
tion is .356 (=353/963). Similarly, the proportion with a high school education is .508,
and the proportion with a college education is .137. These are our weights. Then to get
the adjusied, or standardized, percent militant among the very religious, we take the
weighted sum of the percent militant across the three education groups that subdivide
the “very religious” category (that is, the figures in the top row of the table): 17%*.356
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. Percent Militant by Religiosity, and Percent Militant
iay Religiosity Adjusting {(Standardizing} for Religiosity Differences in
Educational Attainment., Urban Negroes in the U.5., 1964 (M = 993).

Percent Militant
Adjusted for
Parcent Militant Education N

- Percentage spread

+ 34%*.508 -+ 38%*.137 = 29%. To get the adjusted percent militant among the “some-
what religious,” we apply the same weights to the percentages in the second row in the
table: 22%%*.356 + 329%™ .508 + 48%*.137 = 31%. Finally, to get the adjusted percent mil-
itant among the “not very or not at all religious,” we do the same for the third row of the
table, which yields 45 percent. We can then compare these percentages to the correspond-
ing percentages for the zero-order relationship between religiosity and militancy (that is,
not controlling for education). The comparison 18 shown in Table 2.3. (The Stata -do- file
used to carry out the computations, using the command -dstdize- and the -10g- file
that shows the results, are available as downloadable files from the publisher, Jossey-
Bass/Wiley (www. josseybass.com/go/quantitativedataanalysis) as are similar files for the
remaining worked examples in the chapter. Because we have not yet begun computing, it
probably is best to note the availability of this material and return to it later unless you are
already familiar with Stata.)

STATA -DO- FILES AND -1.0G- FILES  instata, ~do- files are

¥ commands, and -Log- files record the results of executing -do- files. As you will see in Chapter
* Four, the management of data analysis is complex and is much facilitated by the creation of
-do- files, which are efficient and also provide a permanent record of what you have done
10 produce each tabulation or cosfficient. Anycne who has tried to replicate an analysis
performead several years or even several months earlier will appreciate the value of having an
exact record of the computations used to generate each result,

More on Tables &%

When presenting data of this sort, it is sometimes useful] to compare the range in the
percentage positive (in this case, the percent militant) across categoeries of the indepen-
dent variable, with and without controls. In Table 2.3, we can see that the difference in
the percent militant between the least and most religious categories is twenty-one points
whereas, when education 18 controlled, the difference is reduced to sixieen points, a
24 percent reduction (= 1 — 16/21). In some sense, then, we can say that education
“explains” about a quarter of the relationship between religiosity and militancy. We need
to be cautious about making computations of this sort and only employ them when they
are helpful in making the analysis clear. For example, it doesn’t make much sense to
compute a “spread” or “rangs” in the percentages if the relationship betwesn religiosity
and militancy 18 not monetonic (that is, if the percentage militant does not increase, or at
least not decrease, as religiosity declines).

DIRECT STANDARDIZATION IN EARLIER SURVEY
RESEARCH Although direct standardization is a conventional technigue in demao-
graphic analysis, it also appears in the early survey research literature as a vehicle for getting
to a "weighted net percentage difference” or “weighted net percentage spread.” The really
useful part of the procedure is the computation of adjusted, or standardized, rates. The
subseguent computation of percentage differences or percentage spreads is only sometimes
useful, as a way of summarizing the effect of control variables.

Example 2: Belief That Humans Evolved from Animals (Direct Standard-
ization with Two or More Control Variables)

Sometimes we want to adjust, or standardize, our data by more than one control variable
at a time to get a summary of the effect of some variable on another when two or more
other variables are held constant. Consider, for example, acceptance of the scientific the-
ory of evolution. In 1993, 1994, and 2000, the NORC General Social Survey (GS5)
included a question:

For each statement below, just check the box that comes closest to your opinion of how
true it is. In your opinion, how frue is this? . . . Human beings developed from earfier
species of animals.

Table 2.4 shows the distribution of responses for the three years combined. Because
there was virtually no difference between vears, data from all three years have been com-
bined to increase the sample size. Procedures for assessing variation across years are dis-
cussed in Chapter Seven. A description of the (GSS and details on how to obtain GSS data
sets are given in Appendix A. The Stata -do- file used to create this example and the
resulting -1og- file can be downloaded from the publisher’s Web site, noted earlicr, In gen-
eral, the -do- and -1log- files for each worked example are available for downloading.

To me, Table 2.4 is startling. How can it be that the overwhelming majority of Ameri-
can adults fail to accept something that is undisputed in the scientific community?
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Percentage Distribution of Beliefs
Regarding the Scientific View of Evolution {U.5. Adults,
1993, 1994, and 2000).

Evolutionary explanation is . . .

Perbaps the recent increase in the proportion of the population that adheres to fundamen-
talist religious beliefs, especially fundamentalist Protestant views in which the Bibie is
taken as literally true, accounts for this outcome. To see whether this is so, in Table 2.5
I cross-tabulated acceptance of the scientific view of evolution (measured by endorsement
of the statement that descent from other animals is “definitely true””) by religious denomi-
nation, making a distinction between “fundamentalist” and “denominational” Protestants.
{For want of better information, 1 simply dichotomized Protestant denominations on the
basis of the proportion of their members in the sample who believe that “The Bible is
the actual word of God and is to be taken literally, word for word.” Denominations for
which at least 50 percent of respendents gave this response—"‘other” Protestants and ail
Baptists except members of the “American Baptist Church in the U.5 A and “Baptists,
don’t know which”—were coded as fundamentalist; all other Protestant denominations
were coded as Denominational Protestants,) Unfortunately, the same distinction, between
religious subgroups with and without a literal belief in the holy scriptures of their faith, cannot
be made for non-Protestants given the way the data were originally coded in the GSS.

Although there are substantial differences among religious groups in their accep-
tance of the scientific view of evolution, the fundamentalist-denominational split among
Protestants does not seem to be central to the explanation because there is only a 4 per-
cent difference between the two groups. Interestingly, non-Christians appear to be much
more willing than Christians to accept an evolutionary perspective, and Catholics appear
o be more willing than Protestants to do so.

Given these patterns, it could well be that the observed religious differences are, at
least in part, spurious. In particular, educational differences among religious groups—
Jews are particularly well educated and fundamentalist Protestants are particularly poorly

hMore on Tables

- .t Percentage Accepting the Scientific View of Evolution by
neligious Benamination {M = 2,663).

Percentage Accepting the Evolution
of Humans from Animals as
"Definitely True” N

educated—might partly account for religious differences in acceptance of the scientific
view. Similarly, age differences among religious groups—the young are particolarly
likely to reject religion—might provide part of the explanation as well.

To consider these possibilities, we need to determine, first, whether acceptance of the
scientific explanation of human evelution varies by age and education and, if so, whether
religious groups differ with respect to their age and education. Tables 2.6 and 2.7 provide
the necessary information regarding the first question, and Tables 2.8 and 2.9 provide the
corresponding information regarding the second question.

Unsurprisingly, endorsement of the statement that humans evolved from other animals
as “definitely true” increases sharply with education, as we see in Table 2.6, ranging from
9 percent of those with no more than a high school education to 36 percent of those with
post-graduate education. It is also true that younger people are more likely to endorse the
scientific explanation of evolution than are older respondents (see Table 2.7): 18 percent of
those under age fifty, compared to 7 percent of those seventy and over, say that it is “defi-
nitely true” that humans evolved from other animals.

As expected, Table 2.8 shows that Jews are by far the best-educated religious group,
followed by other non-Christian groups, and that Fundamentalist Protestants and Other
Christians are the least well educated. Also as expected, Table 2.9 shows that those with-
out religion tend to be young. However, members of “other” religicus groups also tend—
disproportionately—to be young, perhaps because they are mainly immigrants.
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b o et Percentage Acrepting the
Scientific View of Evolution by Level of Education.

Percentage A

- High school or

- SGme college

Percentage Accepting
the Scientific View of Eveolution by Age.

Percentage i

These results suggest that differences among religious groups with respect to age and
education might, indeed, explain part of the observed difference in acceptance of the sci-
entific view of evolution.

To see to what extent age and educational differences among religious groups account
for religious group differences in acceptance of evolution, we can directly standardize the
religion/evolation-beliefs relationship for education and age. We do this by determining
the joint distribution of the entire sample with respect to age and education and then use
the proportion in each age-by-education category as weights with which to compute, sep-
arately for each religious group, the weighted average of the age-by-education-specific
percentages accepting a scientific view of evolution. By doing this, we treat each reli-
gious group as if it had exactly the same joint distribution with respect to age and educa-
tion as did the entire sample. This procedure thus adjusts the percentage of each religious
group that endorses the scientific perspective on evolution to remove the effect of reli-
gious group differences in the joint distribution of age and education.

Percentage Distribution of Educational Attainment by

" Religion.

High
4chool Some  College Post-
orless College Graduate Graduate Total M

Percentage Distribution of Age by Refigion.

18-49 50-69 70+ Total N

-:Denominational Protestants:
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To get the necessary weights, we simply cross-tabulate age by education and express
the number of people in each cell of the table as a proportion of the total. These propor-
tions are shown in Table 2.1

‘We then tabulate the percentage accepting the scieantific position on evolution by reli-
giom, age, and education. These percentages are shown in Table 2.11. Note that many of
these percentages are based on very few cases. This means that they are not very precise,
in the sense that they are subject to large sampling variability. We could cellapse the edu-
cation and age categories still further, but that would ignore substantial within-category
heterogeneity. As always, there is a balance to be struck between sampling precision and
substantive sensibility or—in terminology we will adopt later——between reliability and
validity. In the present case, Imight have been better advised to take a more conservative
approach, especially becanse the cell-specific percentages bounce around a lot (exactly as
we would expect given the large degree of sampling variability), which makes the differ-
ences in the resciting standardized percentages somewhat less clear cut. On the other
hand, the weights are very small for the cells based on few cases, which minimizes their
contribuiion to the overall percentages.

Finally, to get the adjusted, or standardized, coefficients, we sum the weighted per-
centages, where the weights are the proportions in Table 2.10. For example, the adjusted,
or directly standardized, percentage of Fundamentalist Protestants who accept the evolu-
tionary viewpoint as “definitively true” is, within rounding error,

9.7 =57*%274 + 3.8%184 + 15.7+110 + 29.3*.080
+ 4.9%.126 + 3.3*.056 + 25.0%.032 + 40.9%.029
+ 3.3%.076 + 7.7+.015 + 10.0%.012 + 16.7*.007

The remaining standardized percentages are derived in the same way. They are shown
in Table 2.12, with the observed percentages repeated from Table 2.5 to make compari-
sons easier. '

Joint Probability Distribution of Education and Age.

18-42 50-69 70+ Total
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Percentage Accepting the Scientific View of Evolution by Religion, Age, and Sex (Percentage

Bases in Parentheses). (Continued}

None

Other Jewish Other

Christians

Catholic

Denominational

Fundamentalist

Protestants

Protestanis

Age 70 or more

‘Past:gradiate education:
Note: Percentages based on fewer than twenty cases {shown in square brackets) should be interpreted with caution.

More on Tables

Dhserved Proportion Accepiing the Scientific View

of BEvolution, and Proportion Standardized for Education and Age.

Percentage
Percentage Accepting Scientific
Accepting Scentific  View, Standardized
Yiew of Evolution as by Age and
“Deafinitely True™ Education M

As you can see, despite the association between religious group affiliation and,

. respectively, age and education, and the association of age and education with acceptance
.. of an evolutionary account of human origins, standardizing for these variables has rela-
- tively hittle impact on religious group differences in acceptance of the claim that hurnans

evolved from other animals. The one exception is the non-religious, whose support for a
scientific view of evolution appears to be due, in part, to their relatively young age.
Despite minor shifts in the expected direction for Fundamentalist Protestants and for
Jews and those with other religions, the dominant pattern is one of religicus group differ-
ences in acceptance of an evolutionary view of the origins of mankind that are nor a sim-
ple reflection of religious differences in age and education but presumably reflect, instead,
the theological differences that distinguish religions categories.

Example 3: Occupational Status by Race in South Africa

Now let us consider another example: the extent to which racial differences in occupational
attainment in South Africa can be explained by racial differences in educaiion (the data are
from the Survey of Economic Opportunity and Achievement in South Africa, conducted in the
early 1990s [Treiman, Lewin, and Lu 2006]; the Stata -do- and -1og- files for the worked
example are available as downloadable files; for information on the data set and how to obtain

L
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it, see Appendix A). From the left-hand panel of Table 2.13, it is evident that there are strong
differences in occupational attainment by race. Non-Whites, especially Blacks, are substan-
fially less likely to be managerial, professional, or technical workers than are Whites and are
substantially more likely to be serskdlied or unskilled manual workers. Moreover, Blacks
are far more hikely to be unemployed than are members of any other group. It 13 also well
known that substantial racial differences exist in educational attainment in South Africa, with
Whites by far the best educated, followed, in order, by Asians {who in South Africa are mainly
descendants of people brought as indentured workers from the Indian subcontinent), Coloureds
{(mixed-race persens), and Blacks (these are the racial catepories conventionally used in South
Africa); and also that in South Africa, as elsewhere, occupational attainment depends to a con-
siderable degree on educational attainment (Treiman, McKeever, and Fodor 1996), Under
these circumstances, we might suspect that racial differences in occupational attaimment can
be largely explained by racial differences m educational attainment. Indeed, this is what Trei-
man, McKeever, and Fodor (1996) found using the International Socioeconomic Status Index
(ISEI) (Ganzeboom, de Graaf, and Treiman 1992; Ganzeboom and Treiman 1996) as an
index of occupational attainment. However, it also s possible that access 1o certain types of
occupations, such as professional and techmnical positions, depends heavily upon education,
whereas access to others, such as managerial positions, may be denied on the basis of race to
those who are educationally qualified.

To determune to what extent, and for which occupation categories, racial differences
in access can be explained by racial differences in education, I adjusted (directly stan-
dardized) the relationship between race and cccupational status by education. Here [ used
the White distribution of education, computed from the weighted data, as the standard
distribuiion to determine what occupational distributions for each of the non-White
groups might be expected were they able to upgrade their levels of educational attainment
so that they had the same distributions across schooling levels as did Whites.

The results are shown in panel B of Table 2.13. They are quite instructive. Bringing
the other racial groups to the White distribution of education (and assuming that doing so
would not affect the relationship between education and occupational attainment within

, each group), racial differences in the likelihood of being a professional would entirely

disappear. Indeed, Blacks would be slightly more likely than members of the other groups
to become professionals. By contrast, the percentage of each race group in the managerial

. category would remain essentially unchanged, suggesting that it is not education but
; rather norms about who is permitted to supervise whom that account for the racial dispar-

ity in this category. The remaining large changes apply to only one or two of the three
non-White groups: Asians would not be very substantially affected except for a reduction
in the proportion semiskilled; Coloureds would increase the proportion in technical jobs
and reduce the proportion in semiskilled and unskilled manual jobs and farm labor; and
Blacks would increase the proportion in clerical jobs and reduce the proportion in all
manual categories. If all four racial groups had the same educational distribution as
Whites, the dissimilarity (measured by A; see Chapter Three) between the occupational
distributions of Whites and Asians would be reduced by about 30 percent (from 29.2 to
20.5) as would the dissitnilarity in the occupational distributions of Whites and Colowreds
(from 37.9 to 26.5), whereas the dissimilarity in the occupational distributions of Whites

More on Tables

&

ks

= Percentage Distribution of Occupational Groups by Race, South African
' 5 Age 20-69, Early 1990s {Perceniages Shown Without Controls and alss Directly
Adardized for Radial Differences in Educational Attainment;® N = 4,004).

Without Controls

Adjusted for Education

White Asian Coloured Black White Asian Coloured

d:separate category “occupation unknown.”

Black

o of Dissirmilarity = 1/2 ‘the sum of the absofute values of the differences between the percentage of Whltes and the percent-
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and Blacks would be reduced only about 12 percent (fromm 52.4 to 46.1). The substantial
remaining dissimilarity in the occupational distributions of the four race groups net of
education suggests that Treiman, McKeever, and Fodor’s (1996) conclusion that educa-
tion largely explains occupational starus differences between race groups in South Africa
does not tell the whole story.

Example 4: Level of Literacy by Urban Versus Rural Residence in China

Now consider a final example-~the relationship among education, urban residence, and
degree of literacy in the People’s Republic of China. In a 1996 national sample of the
adult population (Treiman, Walder, and Li 1996), respondents were asked to identify ten
Chinese characters {see Appendix A regarding the properties of this data set and how
to obtain access to it). The number of correct identifications 18 interpreted as indicating
the degree of literacy (Tretman 2007a). Obviously, literacy would be expected to increase
with education. Moreover, | would expect the uwrban population to score better on the
character recogaition fask just because urban respondents tend to get more schooling
than do tural respondents. The guestion of interest here is whether educational differ-
ences betwesn the rural and urban population entirely explain the observed mean differ-
ence in the number of characters correctly identified, which is 1.8 (as shown in Table 2.14).
To determine this, T adjusted (directly standardized) the urban and rural means by assum-
ing that both populations have the same distribution of education—the distribution for
the entire adult population of China, computed from the weighted data. Note that in this
example it i not percentages that are standardized but rather means. The procedure is
identical in both cases, although if this is done by computer (using Stata), a special adjust-
ment needs to be made to the data to overcome a limitation in the Stata command—the
requirement that the numerators of the “rates” to be standardized (what Stata calls
-charvazr-) be integers. To see how to do this, consult the Stata -do- and -1 og- files for
this example, which are included in the set of downloadable files for this chapter.

iab LD A 1%, Mean Number of Chinese Characters Known {Qut of 10),
for Urban and Rural Residents Age 20-63, China 1996 {Means Shown Without
Conirols and Also Directly Standardized for Urban-Rural Differences in the
Distribution of Education;” N = 6,081).

Without Controls Adjusied for Education N

*The standard population is the entire population of China age 20-69, computed from the survey data
welghted to reflect differential sampling rates for the rural and urban populations and to correct for varia-
tions in household size. Nine cases for which data on education were missing were omitted.

More on Tables 4.3

The tesults are quite straightforward and reguire little comment. When education
is standardized, the urban-roral gap in the mean number of characters correctly identified is
reduced from 2.8 to 1.6, Thus, about 43 percent (= 1 — 1.6/2.8) of the urban-mral differ-
epce in vocabulary knowledge is explained by rural-urban differences in the level of edu-
cational attarmment,

Although the four examples presented here all standardize for education, this is
purely coincidental. Many other uses of direct standardization are imaginable. For exam-
ple, it probably would be possible to explain higher crime rates among early twentieth-
century imimigrants to the United Stales than among natives simply by standardizing for
age and sex. Immigrants were disproporiionately young males, and young males are
known 10 have higher crime rates than any other age-sex combination,

L

AFINAL NOTE ON STATISTICAL
CONTROLS VERSUS EXPERIMENTS

In describing the logic of cross-tabulations, I have been describing the logie of nonexper-
imental data analysis in general. True experiments are relatively uncommon in social
research, although they are widely used in psychological research and increasingly in
microeconomics (for a very nice example of the latter, see Thomas and others [2004]). A
true expertment is a sifwation in which the objects of the experiment are randomly divided
inte two or more groups, and one group is exposed to some treatment while the other
group is not, or several groups are exposed to different treatments. If the groups then dif-
fer in some oufcome variable, the differences can be attributed to the differences in treat-
menis. In such cases we can unambiguously establish that the treatment caused the
difference in outcomes {although we may not know the exact mechanism involved). (Gf
course, this claim holds only when differences between the experimental and control
groups are not madvertently introduced by the investigators as a consequence of design
flaws or of failure to rigorously adhere to the randomized trial design. For a classic dis-
cussion of such problems, see Campbell and Stanley [1966] or a shorter version by
Campbell [1957] that contains the core of the Campbell and Stanley material.)

When experiments are undertaken in fields such as chemistry, sampling is not ordi-
narily a consideration because it can be confidently assumed that any batch of a chemical
will behave hike aimy other bateh of the same chemical; anly when things go wrong do
chemists tend to question that assumpticn. In the social and behavioral and many of the
biclogical sciences, by contrast, it cannot be assumed that one subject is just like another
subject. Hence, in experiments in these fields, subjects are randomly assigned to treat-
ment groups. In this way, it becomes possible to assess whether group differences in out-
comes are larger than would be likely to occur by chance because of sampling variability.
If so, we can say, subject only to the uncertainty of statistical inference, that the differ-
ence in freatments caused the difference in outcomes.

In the social sciences, random assignment of subjects to treatrnent groups is offen—
in fact usually—impossible for several reasons. First, both ethical and practical consider-
ations limit the kind of experimentation that can be done on human subjects. For exam-

- ple, it would be neither ethical nor practically possible to determine whether one sort of



44, Quantitative Data Analysis: Doing Social Research to Test Ideas

schooling was pedagogically superior to another by randomliy assigning children to

different schools and several years later determining their level of educational achieve-
ment. In addition, many phenomena of interest to social scientists are simply not experi-
mentally manipulable, even in principle. The propensity for in-group solidarity to increase
in wartime, for example, is not something that can be experimentally confirmed, nor can
the proposition that social stratification is more pronounced in sedentary agricultural
societies than in hunter-gatherer societies.

Occasionally, “natural experiments” can be analyzed. Natural experiments are situa-
tions in which different individuals are exposed to different circurstances, and it can be
reascnably assumed that the circumstance to which individuals are exposed is essentially
random. A very nice example of such an analysis is the test by Almond (2006) of the
“fetal origins hypothesis” He showed convincingly that individuals in utero during
the few months in which the 1918 flu pandemic was raging suffered reduced educational
attainment, increased rates of physical disability, and lower income in midlife relative to
those in utero in the few months preceding and following the epidemic. Because there is
no basis for expecting the exact month of conception to be correlated with vulnerability
to the fiu virus, the conditions of a natural experiment were well satisfied in this elegant
analysis. Natural experiments have become increasingly popular in economics as the im-
itations of various statistical fixes to correct for “sample selection bias™ have become
more evident. We will return to this issue in the final chapter. (For additional examples of
natural experiments that are well worth reading, see Campbell and Ross [1968], Berelson
[1979], Sloan and others {19881, and the papers cited in Chapter Sixteen.)

Given the limited possibilities for experimentation in the social sciences, we resort (o a
variety of statistical controls of the sort discussed here and later. These procedures share
a common logic: they are all designed to hold constant some variable or variables so that
the net effect of a given variable on a given cutcome can be assessed.

THE WEAKNESS OF MATCHING AND A USEFUL FIX

| Sometimes survey analysts attempt to simulate randem assignment by matching comparison
groups on some set of variables. In its original form, this practice was inherently unsatisfac-
tory. When attempting to maich on all potentially relevant factors, it is difficult to avoid
running out of cases. Moreover, no matter how many variables are used in the match, it is
always possible that the experimental and control groups differ on some nonmatched fac-
tor that is correlated with the experimental outcome. However, combining matching with
statisticat controls can be a usefut strateqgy, especially when the adequacy of the match is
summarized via a “propensity score” (Rosenbaum and Rubin 1983). For recent treatments
of propensity score matching, see Smith {1997), Becker and ichino (2002), Abadie and
others (2004), Brand (2006), Brand and Halaby (2008), and Becker and Caliendo (2007).
Harding (2002) is an instructive application. Propensity score matching is also discussed in
Chapter Sixteen. '

Mare on Tables ﬁ%

Compared {o experiments, statistical controls have two fundamental limitations,
which make it impossibie to definitively prove any causal theory (althongh definitive dis-
proof 18 possible). First, no matter how many control variables we introduce, we can
pever be sure that the remaining net relationship is a true causal relationship and not the
spurious result of some vei-to-be-Iniroduced variable,

Second, although we speak of holding constanr some variable, or set of variables,
what we osually do in practice is simply reduce the within-group variability for these
variables. This is particularly obvious when we are dealing with cross-tabulations because
we generally divide the sample into a small set of categories. In what sense, for example,
can we be said to “hold education constant” when our categories consist of those with
less than a high school education, those with some sort of high school experience, and
those with some sort of college experience? Although the within-category variability in
educational attalnment obviously is smaller than the total variability in the sample as a
whole, it is still substantial. Hence, if two other variables both depend on educational
attainment, they are likely to be correlated within educational categories as gross as these,
as well as across educational categories. As you will see in more detail later, using inter-
val or raiio variables in a regression framework will not solve the problem but merely
transform it. Although the within-category variability generally will be reduced, the very
parsimony in the expression of relationships between variables that regression proce-
dures permit will generally result in some distortion of the true complexities of such rela-
tionships—discontinuities, nonhlinearities, and so0 on, only some of which can be
represented succinctly.

Our only salvation is adequate theory. Because we can seldom definitively establish
causal relationships by reference to data, we need to build up a body of theory that con-
sists of a set of plausible, mutually consistent, empirically verified propositions. Although
we cannot definitively prove causal relations, we can determine whether cur data are con-
sistent with our theories; if so, we can say that the proposition is tentatively empirically
verified. We are in a stronger position when it comes to disproof. If our data are inconsis-
tent with our theory, that usually is sufficient grounds for rejecting the theory, although
we need to be sensitive to the possibility that there are omitted variables that would
change our conclusions it they were included in our cross-tabulation or model. In short,
to maintamm a theory, it is necessary but not sufficient that the data be as predicted by the
theory. Becanse consistency is necessary 1o maintain the theory, imconsistency is suffi-
cient to tequire us to reject it—provided we can be confident that we have not omitted
important variables. (On the other hand, as Alfred North Whitehead is supposed to have
said, never let data stand in the way of a good theory. If the theory is sufficiently strong,
you might want to gquestion the data. I will have more to say about this later, in a discus-
sion of concepts and indicators.)

WHAT THIS CHAPTER HAS SHOWN

In this chapter we have considered the logic of multivariate statistical analysis and its
application to cross-tabulations involving three or more variables. The notion of an inter-
action effect—a situation in which the effect of one independent variable depends on the
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value or level of one or more other independent variables—was introduced. This is a very
important idea in statistical analysis, and so you should be sure that you understand #
thoroughly. We also considered suppressor effects, sitnations in which the effect of one
independent variable offsets the effect of another independent vaniable because the two
effects have opposite signs. In such sitzations, the failure to include both variables in the
model can lead to an understatement of the true relationships between the included vari-
able and the dependent variable. We then turned to direct standardization (sometimes
called covariate adjustment), a procedure for purging a relationship of the effect of a par-
ticular variable or variables. Direct standardization can be thought of as a procedure for
creating “counterfactual” or “what " relationships—{for example, what would be the
relationship between religiosity and militancy if we adjusted for the fact that well edu-
cated Blacks in the 1960s tended to be both more religious and less militant than less well
educated Blacks. Having discussed the logic of direct standardization, we considerad
several technical aspects of the procedure to see how to standardize data starting not only
from tables but also from individnal records; to standardize percentage distributions; and
to standardize means. We concluded by considering the limitations of statistical contrils,
in contrast to randomized experiments.

In the following chapter, we complete our initial discussion of cross-tabulation tables
by considering how to extract new information from published tables; then note the one
circumstance in which it makes sense to percentage a table “backwards™; touch for the
first but not for the last time on how to handle missing data; consider cross-tabulation
tables in which the cell entries are means; present a measure of the similarity of percent-
age distributions, the Index of Dissimilarity (A); and end with some comments about how
to write about cross-tabulations.

STI

WHAT THIS CHAPTER IS ABOUT

In this chapter we wrap up our discussion of cross-tabulations for now. After spending
some time leaming to love the compuier—a very brief time, actuaily—and then delving
into the mysteries of regression equations, we will return to cross-tabulations and discuss
procedures for making inferences about relations embodied in them via log-linear
apalysis.

We begin this chapter with a discussion of how to extract new information from pub-
lished tables; then note the one circumstance in which it makes sense to percentage a
table “backwards”; touch for the first but not for the last time on how to handle missing
data; consider cross-tabulation tables in which the cell entries are means; present a mea-
sure of the similarity of percentage distributions, the Index of Dissimilarity (A): and end
with some comments about how to write about cross-tabulations.
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REORGANIZING TABLES TO EXTRACT NEW INFORMATION

Often when working with published data, reading research papers, and so on, we wish
that data had been presented differently. Sometimes sufficient information is presenied to
enable us to reorganize or recompute the table to draw the inferences that we, as opposed
to the original author, are interested in. Two such possibilities are reviewed here.

Collapsing Dimensions

Suppose that you are interested in the gross relationship between acceptance of abortion
and religion, and vou have available only a table such as Table 2.1 in Chapter Two. How
could you extract the two-variable table, “Percent accepting abortion (that is, thinking
legal abortions should be possible under specified circumstances) by religion”? The pro-
cedure is quite straightforward. First, you convert the percentage table into a table of
frequencies: 31 percent of 90 = 27.9, which rounds to 28; 33 percent of 96 = 31.68,
which rounds to 32; and so on. This vields Table 3.1. (The total row is, of course, formed
simply by adding up each column. A check on your arithmetic can be conducted by add-
ing across the total row, adding the frequencies in Table 2.1, and determining whether the
sums agree. They do, both vielding a sample size of 1,368.) The total row can then be per-
centaged in the usnal way, to yield 32 percent (= 100*[112/(112 + 238)]) of Catholics
and 39 percent (= 100*[398/(398 + 620)]) of Protestants accepting abortion.

The same result can be obtained more efficiently by simply computing the weighted
average of the percentage accepting abortion across the four education groups, separately
for Catholics and Protestants, in just the same way as we compute weighted averages to
obtain a weighted net percentage differemce; for example, for Catholics [(31%)(90) +
(33%)(96) + (33%)89) + GLE)T5H)(0 + 96 + 89 + 75) = 32%. The advantage of
computing the full table of frequencies is, first, that it provides a better check on the accuracy

il

Bé Frequency Distribution of Acceptance of Abortion by
Religion and Education, U.5. Adults, 1965 (N = 1,368).

Catholic
Don't

Protestant
Don't

Education

Accept

Accapt

Source: Table 2.1.
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of your computations and, second, that it permits other tabulations to be cienstructed, for
example, the rero-order relation between education and acceptance of abortion.

" Although many other examples could be given, they all follow the same logic. You
- should get in the habit of manipulating tables to extract information from them. Not only is
;_?,"g 5 useful skill but it also gives you a better understanding of how tables are constructed.

'-'co!iapsing Categories to Represent New Concepis

B So.'metimes we want to view a variable in a manner entirely different from that envisioned
by the criginal investigator, in which case we may want to reorder the categories. We
Ualieady have seen one example of this, in our discussion of how to treat “no answer” in
“our consideration of norainal variables in Chapter One. “No answer” may be thought of
“ 44 a neutral response and hence as lying between the least positive and the least negative
| pesponse; oF 10O answer” might be thought of as not on the continuam at all, and hence
I best treated a8 missing data.

" Another example can be drawn from the U.5. Congress. In the Jate 1970s, the New ¥ork
Times, the Washington Post, and similar rags took 1o calling conservative Democrats “boli
“weevils” and liberal Republicans “gypsy moths” (fads come and go; you never hear these
“terms any more). Suppose we were conducting a study of members of the U.S. House of Rep-
* resentatives and initially classified every member into one of the following four categories:

1. Stndard Republicans
2. Gypsy moths

3. Boll weevils

4. Standard Democrats

_ This four-category classification can be collapsed into three distinct two-caiegory
" classifications, each of which represents a different theoretical construct. If we were inter-

' ested in studying party politics and wanted to know which party controlled the House, we
- would combine category 1 with category 2, and combine category 3 with category 4:

Standard Republicans _
Gypsy moths Republicans
Boll weevils D ;
Standard Democrats CHOCEAEs

If we were interested in distingnishing between liberals and conservatives, we would
combine category 1 with category 3 and combine category 2 with category 4:

Standard Repuablicans

Boll Weevils } Conservatives

Gypsy moths

Standard Democrats } Liberals
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If we were interested in studying party loyalty and wanted to know what proportion
of congressmen are party loyalists, we would combine category | with category 4 and
combine category 2 with category 3:

Standard Republicans

Standard Democrats } Party loyalists

Boll weevils

Gypsy moths } Cross-overs

The point of all this is that nothing is sacrosanct about the way a variable is originally
constructed. You can and should recode variables freely to get the best representation of
the concept you are interested in studying.

A very important corollary of this point is that when you are designing or executing
a data collection effert, you should always conserve as much detail as possible. In the
early days of survey research, the technology of data manipulation encouraged research-
ers to pack as many variables as possible onto one IBM card; hence highly aggregated
classifications were adopted to save space (and the tedium of manipulation). The technol-
ogy has changed. Today there is—with one exception—no reason not {0 preserve as much
detail as possible in the initial coding of your variables. (The exception is that you need
to design your data-collection instrument in a way that minimizes respondent, inter-
viewer, and coder error. For example, in a survey with data collection done by face-
to-face interviews, a lengthy and complicated coding scheme for a variable is likely to
increase interviewer error.) You never know when you will get a new idea that will require
recoding one or several variables; and if you lack imagination, the next user of the same
data set may not. Every experienced survey analyst has faced great frustration on count-
less occasions because detail that could have been preserved by those who initially
collected the data was not. Collapsing, or aggregating, variables into a smaller number of
categories is an easy computer operation; disaggregating variables is impossible, at least
without going back to the original questionnaire and usually not then either.

WHEN TO PERCENTAGE A TABLE "BACKWARDS”

There is cne exception to the rule that tables should be percentaged so that the categories
of the dependent variable add to 100 percent. This is in cases where the sample is not
representative of the population “at risk” of falling into the various categories of the
.dependent variable. Sometimes samples are stratified on the dependent variable rather
than the independent variables or variables; that is, sometimes they are chosen on the
basis of their value on the dependent variable. Various hard-to-find populations are typi-
cally sampled in this way: convicted criminals, nniversity students, political activists,
cancer patients, and so on.

" Source: Adapted from Zuckerman (1977, 64).
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£ . Social Origing of Nebel Prize Winners (19011972} and Other
u 5, Ekites (amﬂ for Comparison, the Occupations of Employed Males 1900-1920).

Fathers Occupation

' Elite Professional  Manager or Proprietor Other Total%

For example, Table 3.2 shows the social origins of various American elites. In this
case the table is percentaged to show the distribution of fathers’ occupations for each of a

- number of elite groups, and also for the U.S. labor force as a whole for selected years

roughly corresponding to when the fathers were in the labor force. The point of the table
is, of course, to show that elites come from elite origins: much higher percentages of
the members of these elites are from professional or managerial origins than would be
expected if their fathers’ occupations corresponded to the distribution of professionals
and managers in the labor force. The table is percentaged in this direction, contrary to the
usual rule that percentages express the conditional probability of some outcome given
some causal or antecedent condition, because it is constructed from information obtained
from samples of elites {plus some general labor force data), and therefore is not represen-
tative of the social origins of the population. It would not be sensible to use data from
a representative sample of the population to study the likelihood that the children of
professionals become Supreme Court justices, Nobel lavreates, and so on, because we
would virtually never find any cases with these outcomes unless we chtained data
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from the entire population—the outcomes are simply too rare. Thus, in such cases, we

rely on response-based samples, and percentage the table to show the distribution of the
independent variable for each response category—in the present case, the social origins
of various elites compared to the general population.

CROSS5-TABULATIONS IN WHICH THE DEPENDENT VARIABLE
IS REPRESENTED BY A MEAN

When the dependent variable is an interval or ratio variable, it often is useful to display
the means of the dependent variable within categories formed by a cross-ciassification of
independent variables. For example, suppose you are interested in the relationship among
gender, education, and earnings, perhaps becanse you suspect that women get smaller
returns on their education than do men. Table 3.3 shows the mean annual income in 1979
for full-time workers by level of educational attainment and gender, computed from the
1980 NORC General Social Survey,

¥ Mean Annual Income in 1979 Among Those Working Full
Timne in 1980, by Education and Gender, U.5. Adulls {Category Freguencies
Shown in Parenthesss).

Male Female Total

.-.___C'Dllege graduate "

1.

still More on Tables

-~ ON TABLE 3.3 L

Note that the format of this table is identical to that of Table 1.6 from Chapter One,
except that percentages are presented in Table 1.6, and means are presented here.
The tables are read in the same way.

in this table levels of educationai attainment are presented in descending order. Either
descending or ascending order is appropriate; the choice should depend on which
makes the discussion easier.

Note that this table indudes only 626 cases, out of a total sample of 1,468, This
reflects the fact that many individuals do not work full time, particularly women, and
also that information on education and income is missing for some individuals. Some-
times it is useful fo catalog the missing cases, especially when there are many missing
cases or when their distribution has substantive importance. In such cases, a footnote
can be added toc the table or an additicn made at the bottom of the table, for
example,

Number of cases in table 626
No information on income 57
No information on education 1
No information on education and income 1
Total working full time 685
Men not working full time 235
Women not working full time 549
Total in full sample 1,469

The reason this takulation shows 1,469 when there are 1,468 cases in the sample is
due to rounding error. Because of errars in the execution of a “split ballot” procedure
in the 1980 GSS, the data have to be weighted to be representative of the popula-
tion (Davis, Smith, and Marsden 2007). We will consider weighting issues in
Chapter Nine. '

Even when vou do not present the information shown in the tabulation, it is wise to
compile it for yourself, as a check on your computations. In fact, in the course of creat-
ing the preceding accounting of missing cases, | discovered a computing error | had
made that resulted in incorrect numbers in Table 3.3 (since corrected).

. An alternative way to display these data, which would make the point of the table

more immediately evident to the reader, is to show, in the rightrrost column, female
means as a percentage of male means, rather than the total means. Table-making is
an art, and the aim of the game is to make the message as clear and easy to under-
stand as possible.
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Inspecting Table 3.3, you see that in 1980, women earned much less than equally
well-educated men, although for both men and women income tended to increase as the
level of education increased. The gender difference in incomes is striking: on average,
women earned just over half of what men did, and the best educated women (those with
post-graduate iraining) earned less on average than did the least educated men (those who
did not complete high schoot}).

To provide an easily grasped comparison of male and female average incomes for
each level of education, we can compute the ratio of female to male means. Ordinarily,
these would simply be included in an additional column in the table cras a substitute for

the total column.

#iean Female fncome Expressed as a

Educational Attainment Percentage of Male Mean Income

Post-graduate training 44
College graduate 43
Some ccllege 68
High school graduate 63
Less than 12 years 53
Total 55

The computations here are just the ratios multiplied by 100, which yield the female
means expressed as percentages of the male means. They show that within education cai-
egories, women on average earn between two-fifths and two-thirds what men do. You
might be curious whether things have changed since 1980. To find cut, you can construct
the same table from a more recent GSS.

ﬁ .
POt ONTABLE 3.3\_—

The ratio of female to male incomes shown here (55 percent) is somewhat lower than the
ratio typically estimated from census data (for example, Treiman and Hartmann 13981, 16),
which is about 60 percent. The discrepancy may reflect differences in the definition of
full-time workers. Most of the computations based on census (or Current Population
Survey [CPSD) data define “full-time year-round” workers as those employed at least
thirty-five hours in the week preceding the survey and employed at least fifty weeks
in the previous year. The GSS guestion, by contrast, asks whether pecple were working in
the previous week and if so, how many hours, or, if they had a job but were not warking
in the previous week, how many hours they usually worked. It may be that the GSS table
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includes a substantial number of people who did not work full time in the previous year
and therefore had lower incomes than those employed full time, whereas these paople
would be excluded from computations based on census or CPS data. Because women
tend to have more unstable employment histeries than men, it is probable that those
included in the GSS but not the census definition of “full time” would be mainly women,
which would lower the GSS ratio relative to ratios computed from census or CPS data.
Note that there is a certain amount of slipperiness to the analysis using either the GSS
or the census definitions of full-time workers; infermation on hours worked per week at
the time of the survey is related to income computed for the previous calendar year,
There is no help fer this because the alternative is to ask about hours per week typically
worked last year, which is beund to be highly error prone, or to ask about current salary
or wage—which is alsc highly errer prone because income is highly variable over the
course of the year. The convention, which is the convention because it is thought to yield
the hest data, is to ask about hours worked in the past week but to ask the weeks
worked and income guestions with respect to the past calendar year.

Another possible reason for the discrepancy between the GSS and census estimates
of the ratio of female to male incomes is that the GSS figures are subject to substantial
sampling error. We will take up statistical inference in survey analysis in Chapter Nine.

The point of this note is to emphasize that whenever yeur results differ from those
reported by others, especially those that are widely cited, it is important to attempt to
account for the differences as best you can, and to eliminate candidate explanations that
prove to be incorrect. Your papers should be filled with comments of this sort; they give
the reader confidence that you have thought through the issues and are aware of what .
is going on—in your data and in the literature.

J

Inferences from Information on Missing Data

Note that the catalog of sources of missing data presented in the technical note on
Table 3.3 can be combined with information in the table to get an approximate estimate
of sex differences in labor force participation rates. The row marginal of the table tells us
that there are 380 males and 246 females employed full time for whom complete infor-
_r_n'ation is available. From the information in the technical note, we see that there are 2353
m_aies and 549 females who are not employed full time. If we are willing to ignore the 59
P’f_:op]e who are employed full time but for whom information is missing on education or
mcome, we can estimate that 62 (= [380/(380 + 235)]*100) percent of the males in the
S_ia’rnple and 31 (= [246/(246 + 549)}*100) percent of the females in the sample were
employed full time during the week of the survey. Of course, because we have the data,
we could get these estimates directly and would not have to ignore the 59 missing cases.
Bpt if we had only the published table and the accounting of sources of missing data, we
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could use them to estimate labor force participation rates, even though the table was not
presented with this in mind.

Still Another Way of Presenting the Same Data

Sometimes it is useful to present standard deviations as well as means in tables such
as Table 3.3. When you need to present standard deviations as well as means, a useful
way to avoid overcrowding your tables is to present several parels, as in Table 3.4,
The point of presenting the standard deviations is both to enable the reader to do
statistical inference computations from the data in the table (the standard deviations
are needed to compute confidence intervals for tests of the significance of the differ-
ence between means) and to provide substantive information. For example, it is infor-
mative to note—from the rightmost column—that the heterogeneity in income 18 more
than three times as great for men with posi-graduate training as for women with post-
graduate training—a ratio that is much larger than for any of the other levels of educa-
tion. This gives us a hint as to why the average income of women with post-gradunate
training is so low—unlike their male counterparts, some of whom get exiremely high-
paying jobs, these women appear to be locked into a set of jobs with a very narrow range
of incomes. We could take this further by investigating the properties of such jobs—but
we will not do so here.

A serious shortcoming in the comparison of means across groups is that means,
unlike medians, are sensitive to gutliers—extreme cobservations. Thus, for example,
the inclusion of a few very high-income people ini a sample can substantially affect the
computed means. This is equally a problem when the data are coded into a set of cate-
gories with a fop code for incomes higher than some value, as is the case for the income
measures used in the GSS. In 1980 the top code for income was $50,000. To compute
amean, a valoe has to be assigned to each category. This is not much of a problem for
most categories; it is conventional, and reasonably accurate, to simply assign the mid-
point of the range included. For example, the bottom category, “under $1,000,” would
be assigned $500, and so on. But for the top code, any decision is likely to be arbitrary.
One possibility is to use a Pareto transformation to estimate the mean value of the top
code (Miller 1966, 215-220), but this depends on rather strong assumptions regarding
the shape of the distribution. In the analysis shown here [ thus, rather arbitrarily,
assigned $62,500 to the top code. Had I assigned, say, $75,000, the male-female income
differences for well-educated people would have been larger, and the male standard
deviations would have been larger as well. In the case of skewed (asymmetrical) distri-
butions where one tail is longer than the other, of which income is perhaps the most
common example, it makes more sense to compute medians for descriptive purposes,
although for analytic purposes most analysts resort to a transformation of income,
vsually by taking the natoral fog of income because medians are very algebraically
intractable. Table 3.5 is the equivalent of Table 3.3 except that medians are substitnted
for means, (I an analyst wants an analog to a standard deviation, the interquartile range
is commonly used.) In this case the means and the medians vield similar interpreta-
tions, but often this is not the case.

: Means and Standard Deviations of Income in 1979
by Educatiion and Gender, U.5. Adults, 1280,

Female as Percent

- Education Males Females of Male

Standard Deviations
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. Median Annual Income in 1979 Among Those Working Full Time
in 193@ by Education and Gender, 1.5. Adults (Category Frequencies Shown in
Parentheses).

Male Female Total

11250

INDEX OF DISSIMILARITY

Thus far we have studied the association between two or more variables by comparing
percentages, means, or medians across categories of the independent variable or vari-
ables. As we have noted already, there are situations in which this strategy does not yield
particularly informative results. In particular, when there are large numbers of categories
in a distribution, comparing the conditional percentages in any one category ipnores most
of the information in the table.

Suppose you are interested in knowing whether the labor force is more segregated by
sex or by race. You might investigate this by cross-tabulating occupation by sex and race,
as in Table 3.6. Visually, the table is of little help—it is not obvious whether the distribu-
tions of the two racial groups or the two gender groups are more similar. To decide this,
you can compute the Index of Dissimilarity (A), given by

- ZLH‘Z_&' 3.1
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:.here P_equals the percentage of cases in the ith category of the first distribution and (,

equals the percentage of cases in the ith category of the second distribution. This index
" f#an be interpreted as the percentage of cases in one distribution that would have to be

shifted among categories 1o make the two distributions identical. If the two distributions

':.;?Ie identical, A will of course be 0. If they are completely dissimilar, as would be, for
._.'example, the distribution of students by gender in an all-girls school and an ali-boys
“4chool, A will be 100.

From Table 3.6 we can compute A for each pair of columns, For example, the A

“or White males and White females (which gives us the extent of occupaticnal segrega-
tion by sex among Whites) is computed as 42.1 = (115.6 — 1641 + [14.9 — 68| + - - - +
“I1.5 — 0.91/2. In the present case, four of the six comparisons are of interest:

Occupational segregation by sex among

Whites 421

Blacks and others 41.3 0
Occupational segregation by race among

Men 243

Women 18.2

From these computations, we see that more than 40 percent of White women would

“have to change their major occupation group to make the occupational distribution of
White females identical to that of White males, and similarly for Black and other
- women relative to Black men (note that the coefficient is symmetrical, so we could as
. easily discuss the extent of change required of males to make their distributions similar
~" to those of ferales}. By contrast, less than one-quarter of Black males would have to
" change major occupation groups to make the Black male distribution identical to the
- White male distribution, and among women, the corresponding proportion is fess than
“one-fifth. Thus, we conclude that occupational segregation by sex is much greater than g

occupational segregation by race. Although it is not common to report tests of signifi- 4

. . cance for A, it is possible to do so. (See Johnson and Farley [1985] and Ransom [2000]

for discussions of the sampling distribution of A.)

One important limitation of the Index of Dissimilarity is that it tends to increase as
the number of categories increases (A cannot get smaller if the categories of a distribution
are disaggregated into a larger number of categories; it can only get larger or remain
unchanged). Hence, comparisons of As are legitimate only when they are computed from
distributions based on identical categories. For example, it would not be legitimate to use
A as a measure of the degree of occupational sex segregation in different countries because
occupational classifications tend to differ from country to country (unless, of course, the
distributions were recoded to a standard classification, for example, the International
Standard Classification of Qccupations [International Labour Office 1969, 1990]) or
some aggregation of this classification.
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RITING ABOUT CROSS-TABULATIONS

1 writing about cross-tabulations, or for that matier, quantitative relationships of any kind,
_-@gmm of the game is clarity, not elegance. You should try to say enough about what the
mble shows o guade the reader through it but not so mwch as to confuse or bore. Strive for
” copomy of prose. Hemingway is a good model. Among quantitative social scientists,

athan Keyfitz (who adds charm to simplicity) and Paul Lazarsfeld (a good example because
fiis native language was German, not English, and he was said to write his drafts a half dozen
Hmies of TOTE before being satisfied with the prosc) are worth emmiating. Robert Merton is
of a quantitative sociologist but is a good negative role model anyway. He is excessively
‘ornate and uses erudition to finesse sticky points. Too many social scientists are simply tur-
+d Howard Becker's book, Writing for Social Scientists (1986), is a wonderful primer on
'Zwmmg good social science, but he does not pay much attention to writing about quantitative
ata. However, two recent books by Jane Miller (2004, 20035) do this very well, providing
much useful advice. It would be well worth your time to consult both of these texts, the first
'gf which focuses on crogs-tabuiatlons apd the second on multivariate models. The foﬂowmg

i, Percentage Distribution Over Major Oocupation Growps by Race
and Sex, U.5. Labor Force, 1972 (N = 96,945).

Black and White Black and Other
Major Occupation Group White Men Other Men Women Women

Describe tables mainly in terms of their substantive implications. Cite numbers
only as much as is necessary to make clear what the table shows, and then state the
conclosions the numbers lead you to. The point of presenting data is to test ideas, so
the data should be discussed in terms of their implications for the ideas (hypotheses)
being tested. Simply citing the rmbers is not sufficient. On the other hand, you need
to cite enough numbers to guide the reader through the table because most readers—
including most professional social scientists—are more or less illiterate when it
comes 1o reading tables,

Strive for simplieity. Try to state your argument and describe your conclusions
in terms your ancient grandmother or your cousin the appliance salesman would
understand. There is no virtue it obscurity. Obscurity and profundity are not syn-
onyms; obscurity and confusion are, at least in this context. As our brethren in
the physical sciences know, iruly elegant explanations are almost always simple.

Avoid phrases that add no meaning. For example, instead of “We now investi-
gate what inference we can make as to whether A might be said to have an effect

: Farm Iaborers and _
: on B, write “Does A affect B?

supemsors

Avgid passive consiructions. “It is found that X is related to Y” tells us no more
than “X is related to ¥.” Avoid “A scale of support for U.S. foreign policy was
constructed.” Who constructed it, God? Write “T constructed a scale of support
for U.S. foreign policy” or “I used the University of Michigan Internationalism
Scale to measure support for 1.8, foreign policy.”

N f{thousands] T 0 (50,721) 0 (5,779) - (35.304)

Source: Adapted from Treiman and Hartmann (1981, 26}. Aveid jargon when it does not help. Note that [ did not suggest avoiding jargon

altogether. Jargon, the technical terms of a particudar discipline or craft, has a
clear function—economy. Use jargon terms when they enable you to convey
a point in a sentence that otherwise would require a paragraph. But if ordinary
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English will work just as well, use it. Unnecessary jargon does not make your
writing more professional or more scientific, only more ponderous.

s  Avoid abbreviations. Abbreviations are unaveidable in tables because often
there actually is not much room. But the space you save in the text is not worth
the cost of annoying or confusing your readers. Psychologists are particularly
guilty on this score, and their papers provide good negative role models ("nega-
tive rele model” is an example of a jargon term that 15 efficzent). Why say
“rtwenty-seven Rs were male” when you can say “twenty-seven respondents were
male” or, betier yet, “we have data for twenty-seven men,” and so on.

w Do not say “we” when you mean “L.” It is pretentious in a solo-authored paper
to say “We consimcted a scale” It invites the retort, “What do you mean ‘we’?
Got a mouse in your pocket?” However, it is acceptable to use “we” when you
mean yourself and the reader, for example, “As we see m Table 3. . . " As you
will notice, I do this a lot.

i

W

“Drata” is a plural word. Never say “data 18 but always “data are.” The fact that
semiliterate professors (and writers of computer manuals, for example, Stata)
frequently violate this rule does not make the viclations any more acceptable.

i

The terms “association” and “correlation’ describe relationships between
variables, not particular categories of variables. These terms are never appro-
priately applied to particular cells or particular rows or columns of a table. Use-
ful phrases for describing association include “there is a pesitive correlation
between A and B,” “when A increases, B tends to increase,” and “when A is high,
B tends to be high.” Do not say, “there is a positive correlation of A with high
levels of B.” Also do not say “A correlates 82 percent with B”—this is incorrect
because it is not what the coefficient means.

To break through the writing barrier, which we all experience to one degree or
another, find a friend who is at about the same career stage as you are and edit each oth-
er’s drafts. The advantage of the symmefry is that it creates an equal exchange of what is
& major investment of time and energy and minimizes the defensiveness that all writers
feel, because you can give as good as you get. As a writer you will benefit from having
someone you trust look at your prose with a detached eye, and as an editor you will dis-
cover all sorts of interesting things about what makes prose work and not work—things
you can put to work in your own writing (it is the same principle as “the best way to learn
something is to teach it to others™).

Here are some aphorisms to pin on the wall next to yvour word processor, for comfort
when the writing 1s getting you down:

= Don’t get it right, get it written.

Write, don’t read.

Don’t let the perfect become the enemy of the possible.

still More on Tables

Have the courage to be simple minded.

Anything worth deing is worth doing superficially (with thanks to John Tukey).
The last 10 percent of the work takes half the time.

The first 10 percent of the work also takes half the time.

You can’t write the second draft until you have written the first draft.

Write homnest first drafts, (Show your friends your first drafts, not your fifth drafts
passed off as first drafts. It is mouch more efficient to get others to tell you what is
wrong—and what is right—with your prose than to &y to figure it out for yourself.)

There 15 no such thing as good writing, only good rewriting.

s Accept criticism gracefully, even though it feels like rape, castration, or some
simifar violation of your person; it happens to everybody, and everybody feels the
SAINE WAY.

CWHAT THIS CHAPTER HAS SHOWN

 In this chapter we have seen how to extract new information from published tables. §
Then we noted the one circumstance in which it makes sense to percentage a table
“pbackwards”—when we analyze data derived from “response-based” samples, samples
stratified on the dependent variable. We saw why it is necessary to provide information
on cases in the sample but excluded from a table, and how to de this. We considered
how to construct and interpret cross-tabulations in which the cell entries are means (and
‘standard deviations). We learned how to compute the Index of Dissimilarity (A}, a mea-
-sure of the similarity of percentage distributions. And we considered how to write about
cross-tabulations.

_ Al of our work so far has been based on paper-and-pencil operations, involving at
“ most a hand calculator. In the next chapter we enter the world of modem social research
- by learning how to construct cross-tabulations from data on individuals via computer
© software designed for statistical analysis, focusing on the statistical package Stata, which
- we will use in the remainder of this book.




WHAT THIS CHAPTER 1S ABOUT

In this chapter we consider how to manipulate data by computer to produce cross-
tabulations. The same logic of data manipulation will apply when we get to regression
analysis, so this chapter serves also as an introduction to statistical analysis by computer.
We consider how data files (of the kind that are of interest in this book) are organized and
how to extract data from them; we consider ways to transform variables to make them
tepresent the concepts of interest to us; and we again address the nagging problem of how
to handle missing data.
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INTRODUCTION

Most statistical analysis by social scientists is done using what are known as “package
programs.” These are large general-purpose computer programs that enable the researcher
to do a variety of data manipulations and statistical analyses on any data set. Although
they are not very efficient from a computing point of view (that is, they take longer to per-
form their tasks than would a program custom-designed to accomplish a particular task),
this is no longer important as computers have become more powerful. More o the point,
they are very efficient for the researcher. Researchers are usually in the position of writ-
ing new commands for each new analysis and hence need an easy way to instruct the
computer to perform any particular operation. Statistical package programs meet this
need very well. Among the most widely used programs are SPES and SAS. Among
academic users, Stata is rapidly becoming the statistical package of choice. These thiee

A HISTORICAL NOTE ON SOCIAL SCIENCE COMPUTER
PACKAGES ror many years, SPSS was the package of choice among sociotogists,
probably because it was written by and for social scientists. The manual accompanying
the early versions (until SPSS-X appeared on the sceng) was a model technical reference and
also doubled as an excellent introduction to the statistical technigques available in SPSS. The
fact is that it was the manual that sold SPSS because as a computer program per se, it was
inferior to a number of others. The SPSS-X manual, and subsequent versions of SPSS, were
written by computer programmers and are unfortunately both much less clear as computi-
ing manuals and less adequate as introductions to statistics. But the original manual is no
longer generally available. Moreover, SPSS has become more and more oriented to business
users. Althcugh still widely used by social scientists in Europe and Asia, it has largely lost
its market in leading U.S. research universities. As social scientists became maore statistically
adept and computationally literate, many researchers switched to SAS, a much more pow-
erful package. The main difficulty with SAS is that its manuals are very difficult tc read and
its commands are often counter-intuitive. [t is not an easy language to teach or to learn.
Fortunately, Stata, which began life as an econometrics package with very little data man-
agement capability, has gotten better and better over time, 50 that by now it can happily
be used as a general-purpose package. Stata is powerful and fast, which makes it viable
to carry out analysis on a PC using Stata, even with very large data sets (for example, a 1
percent sample of the Chinese census). It is capable of doing most of the things required in
modern data analysis. The commands are generally simple and straightforward. And Stata
data sets can be used on any platform. Overall, Stata is a very good choice for our kind of
work. Appendix 4.4, at the end of this chapter, provides tips for carrying out data analysis
using Stata.
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yrograms are available both for Unix platforms and for PCs. Of the three, Stata is the
miost nearly identical across platforms. There are, of couwrse, many other statistical
packagﬂs as well. Many of these packages are worth explonng but only after you have
mastered the material in this book. As you will discover, the logic of data analysis by
“eomputer is fairly standard, although the command syniax differs somewhat from pro-
gram o program. Having once mastered the basic logic, itis easy to apply it to other data
sets and other statistical package computer programs.

ROW DATA FILES ARE ORGANIZED

: The easiest way to think of the organization of data i ina computer is (o imagine a matrix
_ m' which the rows are cases and the columns (or sets of columns) are variables. Specifi-
cally, consider a data set that contains 257 variables (but 422 columns of data because
“jome variables require more than one column; for example, suppose the respondent
identification number requires 4 columns and age requires 2 columns) and 1,609 cases
_ (éhd hence 1,609 rows of data). For the sake of concreteness, regard this data set as con-
1almng mformation from a representative sample of the U.5. population. In such a data
set ‘the information might be organized as m Exhibit 4 1.

.To manipulate these data, we need a map to the data set, which tells us where in the
' matrix particular information is located and what the information means. Such a map is
- known as a codebook. In the present example, we might have a codebook something like
what is shown in Exhibit 4.2,

" Armed with the information in the codebook, we now know exactly what the data set
- contains. It consists of one record per respondent for each of 1,609 respondents. High-
" quality codebooks also generally provide information about the characteristics of the
~sample on which the data set is based and other documentation necessary to process
: _t_ﬁe data. Data sets that are readable by a computer are said to be machine readable or
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computer readable and are known as files. In the present example, the first four columns
give the identification number for each respondent. Usually this is of little interest at the
data analysis stage, but it is vitally necessary to keep track of the data and is crucial if
ever we want to add additional data to the file—for example, if we have conducted another
survey of the same respondents and want to merge the data from the two surveys, or if we
want to supplement interview responses with information from organizational records,
and so on. Column 5 gives the sex of the respondent, columns 6 and 7 give the age, and
column 422 gives the response to a question about the policies of the president.

Using the response categories indicated in the codebook, we see that the first respon-
dent is a twenty-seven-year-old male who thinks the president’s policies are god awful
and that the second respondent is a forty-one-year-old female wheo thinks the president’s
policies are wonderful. The third respondent is a woman for whom no information is
available regarding either her age or her judgment of presidential policies. Perhaps she
refused to answer these questions in the interview or gave nonsensical responses, or per-
haps there was some sort of editing error that destroyed the information; in any event, it
is unavailable to the data analyst. (Note that there is no “n/a” code for sex. 1t is rare to find
2 “no answer code” for sex, at least in interview surveys, because the interviewer usually
records this information.) Some codebooks give the frequency distribution (the marginals)
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or; ach variable, This is a very useful practice, and if you construct a codebook, you
hould include the marginals {the -codebook - command in Stata accomplishes this).
(etr inclusion permits better initial judgments as to suitable cutting-points for varizbles
S well as a standard against which to check your computer output for accuracy. It is very
L gasy to make mistakes when specifying computer runs, so you should check each run for
nsistency with previous runs and the marginals.

‘Suppose we wanted to ascertain whether men and women differ in their support for
rosidential policies. To do this, we might cross-tabulate the presidential policy question
“hy sex, percentaging the table so that the judgment of presidential policies is the depen-
‘dént variable. Thus we have to instruct the computer where to find each variable, to do
e cross-tabulation, and to percentage the table in the appropriate direction. We also
fhdve to instruct the computer what to do about the “no answer” category in the presiden-
_:'ilai policy variable.

-~ There are two ways to specify how to locate data in a file, and computer programs
.-'d1ffer as to whether either or both is permissible. Some programs use instructions that
point to particular coluimms in the file—for example, “cross-tabulate column 422 by col-
“{imn 5.” More comunonly, programs require that the analyst first specify where in the data
é_ft'each variable is located and then use variable names to command particular manipula-
ions—for example, “The variable SEX is in column 5 and the variable POLICY is in col-
Sumi 422. Cross-tabulate POLICY by SEX” A variant of this approach is to require a map
umbering the variables sequentially and specifying their location, for example:

Variable Columns
001 -4
00?7 5
003 6-7
257 422

: ""Cross—tabulate VARZ57 by VAR0G3.” In most current programs, including Staia, SAS,
nd SPSS, such maps are created in the course of creating system files; as part of the prep-
‘aration of the file, variable names {usually restricted to eight characters, although no lon-
“ger so in Stata beginning with Version 6.0), variable labels, and value labels {(indicating
“the meaning of each response category) are attached to the file, and variables are then
identified by name. In instructions to the program, which are known as commands, the
-analyst uses the names of the variables and need not be concerned about their location in
‘ the file. For example, the Stata command

tab policy sex,col

~tells the computer to cross-tabulate POLICY (the row variable) by SEX (the colunm vari-
able) and compute column percentages. Note that in Stata, variable names are case sensi-
“tive. Thus Stata regards sex, SEX, and Sex as three different variables. {Although in
~this book, variable names appear in ALLCAPS, to make it easier to distinguish variable
‘names from other words in a sentence, in my Stata command files [-do- files—see the



Quantitative Data Analysis: Doing Social Research to Test Ideas

following discussion], 1 always name files with lowercase names to avoid extra typing
and the error that accompanies it.)

A Digression on Card Decks and Card-image Computer Files

Computers began to be used extensively in the social sciences in the mid-1960s but dig
not become ubiquitous until the 1970s. As a consequence, many data sets still of interest
were created for use with pre-computer analytic technology, specifically with machinery
that reads IBM punch cards (see Figure 4.1). Although the logic of data organization is
similar to that used for analysis by computer, the technology dictated several important
differences. Whereas there is in principle no hmit to the number of variables that can be
included in a single computer record (although there are limitations as to how many vari-
ables a program can handis}, an IBM card contains eighty colnmns. Because the machin-
ery for manipulating IBM cards could handle only one card at a time (such machines
were known as unit record equipment, where the record was one card length), there was
a premium on packing as many variables as possible onto a single card.

A card data set consists of one or more cards per respondent. For example, to represent
all of the data contained in our illustrative 257-variable, 422-column data set would require
6 cards per respondent (= 422/80, rounded up) times 1,609 respondents, or 9,654 cards.
The information shown for the first respondent might be represented on an IBM card as in
Figure 4.1, where the response to presidential policies is contained in colummn 64, but other-
wise the columns correspond to those in Exhibit 4.1

An analyst wanting to cross-tabulate responses to presidential policies by sex would
pass the deck through a counter-sorter, which would physically divide the deck into two
subdecks by reading the holes punched in a designated column, column 5 in this case.
Cards with a *1” punch would fall inte the 1 pocket in the machine and cards with a 27
punch would fall into the 2 pocket. Each of these subdecks would then be passed through
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An BV punch card.

“the machine a second time, and the disiribution of punches in column 64 would be counted
“and displayed for the analyst to copy by hand onto paper. These counts would generate
he bivariate frequency distribution of judgments regarding presidential policy by sex,
which would then be percentaged in the usual way (using a desk calculator).

This technology had several important consequences for data organization and data
“analysis. First, it discouraged the use of statistical methods other than cross-tabulations
because all it could do was generate the counts needed as input to statistical procedures—the
algebraic manipulation still had to be carried out by hand. Second, it discouraged the reten-
tion of detailed mnformation; there was, indeed, a great preminm on squeezing the response
“categories into a single column if at all possible because a two-column variable was tedicus
to manipulate (it required much more card handling because the variable had to be sorted on
‘the first digit, and then each of the resulting categories had to be sorted on the second digit)
- and produced more detail than could be used effectively in a cross-tabulation. This resuited
in the use of what are known as zone punches, the locations on an IBM card above the
- numerical columns, which also were used for “+” and “—"" (sometimes called “x”” and “y”
punches), and also the use of blanks (no punch) as a meaningful category. Thus, for exam-
ple, it would be unlikely for age to be represented by single years in data sets designed for
use with unit record technology; rather, a set of age categories would be predesignated.
Third, in the interest of getting as many variables as possible on a single card—because it
was impossible to include in a single tabulation variables located on different cards—some
analysts resorted to putting more than one variable into a single column. Consider variables
2 and 257 in the preceding example (Exhibit 4.1). Because there are only two possible
1esponses to the sex item and six to the presidential policy itemn, they could be included in a
single colummn simply by using punches 4-9 for the presidential policy response categories.
A device on the counter-sorter machine made it possible to suppress some punches and sort
on others. Columns of this kind were known as multiple-punched columns.

All of these devices for packing as much data as possible into a single 1IBM card
played havoc when the shift to data analysis by computer occurred. Because most
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compuier programs were designed to recode data from one set of symbols to another, the
simple cases were those in which zone punches and blanks were used as meaningful cate-
gories. A much more difficult problem arose when cards were multiple-punched. Such
cases usually required extensive specialized computer programming to convert them into
computer-readable form.

Tven after computers became widely available for social research, data sels were
often initially prepared in machine-readable form on IBM cards using a keypunch
machine and then read into computers and transferved to storage media such as computer
tape; only relatively recently have keypunch machines been superseded by work stations
that permit keying data directly into a computer file. Hence, many existing data sets,
including the NORC GSS well into the 1990s, are organized as card-image records. That
is, they are represented in computer storage media as a series of eighty colummn records
for each respondent. Typically, the first three or four colurans contain the respondent
identification number and column 80 contains the record number, or deck [D. This orga-
nization of data has no consequences for analysis, but it does affect the way the computer
is instructed to read the data. The specific details vary depending on the pregram you use,
but vou should be aware of this alternative mode of data orgamization, in addition to the
specification of one long record per respondent with which we began our discussion.

THE WAY THINGS WERE  sefore electronic data entry terminals hecame

available, command files also were input to computers via IBM punch cards. The analyst
wrote out his command file, and then each line of the command file was keypunched into
a separate IBM card (by a keypunch operator or, in the case of underfunded graduate
students, by the analyst}. The resulting “deck” of IBM cards was then transperted to the
university central computing center and either submitted to a clerk or fed directly into a
card reader. Eventually the command file was executed (“the job ran”), often after a delay
of several hours, and the printed output plus the box of cards were returned to the analyst.
If there were errors, the entire process was repeated. This technology limited the number
of computer runs to two or three per day, which made the completion of any particular
analysis a very time-consuming propesition by current standards—but did at least have the
salutary feature of allowing more time to think while waiting for the job to run.

TRANSFORMING DATA

As noted several times in previous chapters, data are not always initially represented in a
form that is suitable to our research needs. For many purposes, we may want to alter the
codes of a single variable or to combine several variables. These operations are known as
data transformartions, and each of the major statistical package programs has a set of pro-
cedures for accomplishing them. Here are some examples, to convey the range of possi-
bilities. Facility at transforming variables to a form that most closely expresses theoretical
concepts is an important skill of the quantitative data analyst.

On the Manipulation of Data by Computer

R coding is the term nsed for changing the values of a variable to a different set of vai-
4és. Recoding has mairy uses, some of which we have already seen.

One is to collapse categornies of a variable into a smaller number of calegories, for
example, when I created the leftmost column of Table 2.3 from Table 1.1. To see how this
procedore works, let us consider this exampie in detail. I started with a religiosity scale
composed of the following categories:

Yery religious
Somewhat religious
Mot very religious
Mot at all religious

e

=

(For the moment, ignore the possibility of missing data.) To combine the Iast two cate-
gories, 1 simply changed, or recoded, category 4 to category 3, which yiglds a new variable:

1. Very religious
2. Somewhat religious
3. Notreligious

Although some computer programs permit a variable to be “writien over”—that is, to
be replaced with a new variable—this is very poor practice. Rather, you should create a
new variable containing the transformed values, The reason for this should be obvious:
~Both to protect against error and to permit you to transform a vanable more than once in
“ the same computer run, you should preserve the criginal coding of a variable as well as
any recoded or otherwise transformed versions of the variable. Typically, statistical pack-
‘age computer programs operate line-by-line; each line of code operates on the data in
whatever form they appear after the previous operation. Hence, it is all too easy to trans-
 form a variable and then inadvertently transform it again, unless a new variable is created
in the course of the transformation.

A second use of recoding is to redefine a variable by creating a new set of
~ categories representing a new dimension. You have seen an example of this also, in
. our discussion of property space in Chapter Three.: Recall our classification of U.S.
* congressmen into

Standard Republicans
Gypsy moths

Boll weevils
Standard Democrats

i e

To create a classification according to party membership, we can recode 2 to I and 3
to 4, yielding a new variable with values of 1 (= Republican} and 4 (= Democrat). To
create a classification of congressmen as liberal or conservative, we canrecode 2 to 4 and
3to 1, again yielding a new variable with values of 1 (= conservative) and 4 (= liberal).
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MNote, however, that when variables are recoded to dichotomies, the convention is to code _'

one category 1 and the other category 0 and to name the variable by the category coded 1,
Thus, in the first example, the convention would be to create a new vanable, named
“Republican,” in which | and 2 in the original variable are coded 1, and 3 and 4 in the
original variable are coded 0. As we will see in later chapters, the 0-1 recoding conven-
tion facilitates the use of dichotomous variabies in both OLS and logistic regression.

A third use of the recode operation is to assign scale scores to the categories of a vari-
able. For example, we might have a variable measuring educatiounal attainment, which is
initially coded as follows:

oy

No schooling

1—4 vears of elementary school
5-7 vears of elementary school
8 vears of elementary school
1-3 vears of secondary school
4 years of secondary school
1-3 years of college

4 years of college

5 or more years of college

No information

R A

_
o

For many purposes, it is useful to treat years of schocl completed as a ratio variable.
By doing so, it is possible to compute the mean number of years of school completed by
different subgroups of the population, to use years of school completed in regression
equations, and so on. To do this, we might recode the original variable by assigning the
midpoint or ancther estimate of the years of school completed by individuals in each
category:

Criginal Code  Recode

1 0
z 2.5
3 6
4 8
5 10
6 12
7 14
8 16
9 18
10 =1

In making recodes of this sort, it is important to justify your choice of values rather
than assigning them arbitrarily. For example, the decision to assign “18 years” to the
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ooty “5 OF INOTE years of college” rather than 17 vears or 19 years must be justified,
i simply asseried.
Note the special treatment of category 10, “no information.” In carrying out the anal-
sis, we want either to exclude this category or ctherwise give it special reatment. We
tbus giveita special code, which we can either define as missing data (see the discussion
“Yitar in the chapter) or otherwise modify. 1t is convenient to use negative numbers to flag
ggories that we are going to treat as missing data because doing so minimizes the like-
1hood of inadvertently treating them as substantively meaningful. (A useful alternative,
qow available in Stata, is to use the code 7 to specify missing values when we have no
'nesd to distinguish between different types of missing vahlue, and to use the codes
. “ 27 when we want to distinguish different types of nonresponse—again, see the
drscuqsmn Of missing data later in the chapter). For example, suppose we recoded the *n
dformation” category as 99. If we subsequently decided to analyze those with at 1east
some college education, we might instruct the computer to select all cases with years of
¢hool completed greater than or equal to 14, forgetting that category 99 means no infor-
mation. This, of course, would result in the inclusion in the highest education category of
hose for whom education 15 not known along with the coliege educated.

TREATING MISSING VALUES AS IF THEY WERE NOT

There is a famous example in the literature of the treatment of missing data codes as sub-

stantive quantities. Guillermina Jasso (1985, 237) concluded that the frequency of sexual
_intercourse per month increases with a wife's age—contrary to all expectations! Alas, as
discovered by Kahn and Udry (1986, 736), she failed to notice four outliers, cases errone-
ously coded 88 rather than 99, the specified missing data code. When these four cases
are omitted, the positive effect of wife's age disappears. Kahn and Udry also omitted four
other outliers, prompting a lively response from Jasso (1986) about what should be regarded

as an outlier. We will return to a discussion of outliers when we consider regression diag-
nostics in Chapter Ten.

A final use of the recode operation is to convert data from old surveys that use zone
“punches and blanks into a form that permits numerical manipulation. This typically can

e done by reading the data in an alphanumeric format and converting them to a floating-
~point decimal format.

C“Arithimetic Transformations

“Sometimes we want to transform variables by performing arithmetic operations on them.
uch transformations will be particularly important when we get to regression analysis
ecause it is sometimes possible to represent nonlinear relationships by linear equations
_-'_mvolvmg nonlinear variables. For example, it is well known that the relationship between
Income and age is curvilinear—income increases up to a certain age and then declines.
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This relationship can be represented by constructing a regression equation of the follow-
ing form:

=+ b(A) + c(a) @.1)

that 1s, income (= Y} 1s taken to be a linear function of age and the square of age. To esti-

mate this equation, we need to create a new variable, the square of age. So we simply
compuie

AGES(Q = AGETAGE (4.2)

and then regress ¥ on AGE apd AGESQ. Most of the statistical package programs provide
extensive transformation capabilities. It generally is possible to transform a variable using

any arithmetic operator or any of a number of specialized functions, such as the square
root function.

Contingency Transformations

A final way to transform variables is to use “if” gpecifications in your commands. “If
specifications are an alternative to recode commands and are much more flexible in some
ways because they make it possible to specify complex countingency relationships invelv-
ing several variables. For example, if we wanted to distinguish those who were upwardly
mobile from those who were not, we might identify as upwardly mobile those who had
jobs that were of higher status than those of their fathers. This can be accomplished by
specifying the following: if PRESTTGE is greater than PRESTIGE-OF - FATHER, con-
struct a new variable, MOBILITY, and give it the value 1; otherwise, give it the value 0.
Although the syntax of the computer command required to do this will vary depending on
the program used, the logic is, as usual, straightforward: a dichotomous variable is cre-
ated, scored 1 for those individuals who are upwardly mobile, and scored O otherwise
(where “upward mobility” is defined as having an cccupation of higher prestige than the
occupation of one’s father).

Another kind of contingency transformation is to create a variable consisting of a
count of the number of responses to a specified set of other variables that meetl specific
criteria. For example, we might create a scale of acceptance of abortion by counting the
number of “pro-choice” (“accepting’™) responses to a set of questions about the circum-
stances under which abortion should be permitted.

Contingency statements are used not only to transform variables but also to select
snbsampies for analysis. For example, if we were interested in analyzing completed fer-
tility, we might want to restrict our sample to women age forty-five or older. This is
accomplished in some computer packages, such as SPSS, by selecting a subsample and
doing all the subsequent operations only on the subsample. Other packages, such as Stata,

select cases as part of each command, although sclection of a subsample is possible in
Stata as well.

On the Manipulation of Data by Computer ¢

resing Date
oiffel, substantive information on certain variables 1s Tissing from 'fl data s.et. The sources
¢ inissing data are nearly endless. In data sets derived from interviews wnh. a sample of
bp']'e, the information may never have been elicited from the_ respondent, either in error
26 a matter of design (some questions are “not applicable,” for example, spouse’s edu-
eation for the pever-married; and sometimes questions are asked of random subsets of
pondents Lo increase the length of the questionnaire without increasing the respondent
purden—the GSS often does this). The respondent may have refused to answer certain
sstions, may have responded to some questions by claiming not to know the answer or
rot to have an opinion, or may have given logically inconsistent answers (for example,
responding “never married” to a question on marital status but providing an answer to a
gestion op “‘age at first marriage”). Interviewers may have failed to record responses or
iy have recorded them incorrectly. Errors may have been introduced in the process of
steparing data for analysis—as when narrative responses are incorrectly assigned to code
categories by coding clerks or when correctly assigned codes are incorrectly keyed in the
aurse of data entry. Similar problems plague other sorts of data sets. Bureaucratic records
re'often incomplete and frequently contain inconsistent information.

PEOPLE GENERALLY LIKE TO RESPOND TO (WELL-
 DESIGNED AND WELL-ADMINISTERED) SURVEYS

Interestingly, refusals to answer specific questions are rare when questionnaires are well
written. By and large, pecple are flatterad that they are asked their opinions and asked to
" talk about themselves. There is a famous story from the lore of survey analysis about the Indi-
¢ anapolis Fertility Survey, one of the earliest surveys that asked explicitly about sexual behavior.
" One of the analysts went out with considerable trepidation to conduct a pretest of the ques-
tfionnaire, not knowing how women would respond to “intimate” questions. As it happened,
the interview went off without a hitch—until the very end, when the interviewer got to the
routine demographic questions and asked the respondent her age, at which the lady drew
" herself up indignantly and said, “Now you're getting personall”
The exception to the general willingness to respond is with respect to information that
people fear might put them in jeopardy, such as incame, which they suspect might find its
way to the tax authorities. '

In high-guality surveys, great pains are taken to minimize the extent of error. In the

_course of readying data seis for analysis, they are cleaned, that is, edited to identify and if
“.possible correct illegal codes (codes not cotresponding to valid response categories) and

ogically impossible combinations of codes. For example, when a respondent who claims
~never to have been married gives his age at first marriage, sometimes it is possible to

decide which is the correct and which the incorrect response by inspecting other responses

‘given by the same individual. When this is not possible, the respondent might be con-

tacted and asked to resolve the inconsistency.
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Of course, error may be infroduced in the editing process as well as corrected. Ror

instance, I observed the field editing operation undertaken in conjunction with the

Madison, Wisconsin, 1968 pretest for the 1970 census. In this operation, middie-clagg

housewives, taken on as temporary employees by the Census Burean, “corrected” censyg
returns in which a woman’s marital status was left unanswered but children were reported

by changing the marital status response to “married.” The likelihood, of course, is thatin

1968, a mother failing to report her marital status was, in fact, an unmartied mother who

finessed the question by ignoring it. This sort of editing to make the world more orderly—. :

as perceived by middle-class Wisconsin ladies—is not supposed to occur, but it does,

In the course of the editing process, explicit codes are assigned to the various catego-
ries of nonsubstantive responses, in accordance with the principle that the set of categories
for each variable be mutually exclusive and collectively exhaustive—that is, designed in
such a way that each case is assigned one and only one code on each variable. For example,
a code may be assigned to “don’t know,” another to “refused,” another to “not applica-
bie,” and still another to responses left blank when a code was expected. In general, it is
desirable to distinguish between different forms of nonsubstantive answers to allow flexi-
bility i their treatment in the course of data analysis. For example, as noted earlier, a
“don’t know” response to an atiitude question might alternatively be regarded as a nenre-
sponse or as a neutral response, standing in between positive and negative responses. If
“don’t know” is combined with “no answer” in the coding process, it becomes impossible
to make such a distinction. In short, for the same reason that it is fmportant (o preserve
detail in the coding of substantive responses (discussed in the previous chapter in the sec-
tion “Collapsing Categories to Represent New Concepts™), it 15 Important to preserve
detail in the coding of nonsubstantive responses.

Analyzing Surveys with Missing Data

Presuming that the data are coded in such a way as to preserve all relevant distinctions,
the analyst is confronted with a set of decisions about how to define and how to treat
“missing data” The first issue is a substantive one: which responses should be regarded
as substantively interesting and which as representing noninformation? What to do about
“don’t know” responses to attitude questions, mentioned already, is the archetypical
example here. Another case that arises frequently in tabular analysis is what to do about
very small categories, for example, “other” in a question on race for a U.S. sample (mean-
ing nerther White nor Black). The temptation is to leave such categories out of the analy-
sis. This is not a good idea——data should be presented for the entire population of interest.
Thus if you are studying the adult population of the United States, vour tables should
refer to the entire adult population, not just to Whites and Blacks. The solution in this
case 18 simply to create a residual category, “other,” and to include it in the table but not
bother to discuss it. It is included for the sake of completeness—which, among other
things, enables the reader (o reorganize the table for other purposes—but is not discussed
because the small number of cases and the heterogeneity of remduﬂ categories generally
make the specific numbers uninteresting.

A more difficult probiem arises when there is genuinely no information for one or
more variables in the table, for example, when respondents fail to report their education
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their Income. Again, one alternative is to include a “no answer” category in each row
fd columit of the table. If there are many missing cases, this is wise, I there are only a
.faW' nissing cases, the increased size of the table probably is not warranted. In this case it
ficient simply to report how many cases are missing, in a footnote to the table.
When our variables are continuous, we must either exclude missing values from the
aﬁ 'lys1s or in some way impute the values. Chapter Eight is entirely devoted to the treat-
nent of missing data.

Most statistical package programs allow the analyst to specify which codes are o be
eated as missing values {and indesd reguire it in the sense that any codes not specified
missing values are included in the computation whether you intend it or not). Typi-
,gaﬂy statistical package prograims are not completely consistent across procedures (com-
mands) in the way they handle missing data, so it is very important to understand exactly
hat each procedure does and to design your analysis accordingly. In designing any
Jysis, you must know how the procedure will treat each logically possible code in
‘our data, including in particular those codes you designate as missing values; ctherwise
L inevitably will get into trouble.

i In the example on education discussed earlier, “no information” was assigned a
de of —1. When computing a mean, we ordinarily would declare —1 to be a missing
Zine for education. In SPSS syntax, missing values are explicitly declared: “missing values
sduc (— 177 in Stata, as noted previously, missing values may be excluded antomaticaily by
assigning one of several “missing value” codes, or may be explicitly excluded from a proce-
dure by limiting the sample with an if qualifier: . . . if educ~=—1 (that is, it FDUC is not
e_qual to —1). These staternents tell the computer to omit all individuals for whom education
iscoded —1 {or assigned the missing value code) from the computation of the mean. Neglect-
g to so inform the computer results in an incorrect mean because any individuals who are
coded in the data as having ~1 vears of schooling are included in the computation. Errors of
is sort are very comimon, which is why it is imperative to check and recheck the logic
your commands. A useful check is to work through the logic of your computer commands
ine by line for specified values of vour original variables to see how the computer transforms
em at each step in the process. You will make some surprising discoveries.

One of the things that typically happens to novice data analysts is that they do some
éomputation and discover that their computer printout shows no cases or a very small
number of cases. Usually this turns out to be the result of a logical error in the specifi-
cation of data transformations. For example, consider an income variable originally
coded in a set of categories representing ranges of income, for example, 1 = under
$3.000 per year, 2 = $3,000 to $4,999, and so on, but where 97, 98, and 99 are used to
specify various kinds of nonresponses. If the analyst recodes the income categories
to the midpoints of their ranges, for example, recodes 1 to 1,500, 2 to 4,000, and so on,
but then forgets this and specifies as missing values all codes greater than or equal to
797, all the cases will be excluded because all cases for which income was reported have
“.been recoded to values in the thousands of dollars, that is, greater than 97. If vou do not
think this will happen to you, wait until you try it! It happens to all of us. The trick is to
catch logically similar, but more subtle, errors before you construct entire theoretical
* edifices upon them.
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WHAT THIS CHAPTER HAS SHOWN

tion that should make it easy to Jearn any statistical package program—>5tata, which we
will use for the remainder of the book, or any other package such as SP5S or SAS.

To the next chapter we turn to the genera) linear model, with a gentle introduction via
a discussion of bivariate correlation and regression.

TiPS ON DOING ANALYSIS USING STATA

This appendix offers some simple tips that will greatly enhance the ease and efficiency
with which vou use Stata for analysis. In addition, the appendix Iists some particularly
useful commands that are easily overlocked.

Do Everything with -do- Files

You should from the outset develop the habit of carrying out all your analysis by creating
command files, known in Stata parlance as *“-do- files.” Doing so has two major advan-
tages: it makes it easy to repeat your analysis until you get it right, and it makes it easy to
document your work. Keeping a log of your analysis is not an adequate substitute
(although, of course, you must create a - log- file to save your ouiput) because a log
faithfully records all of your ervors and false steps, making it difficult to follow the direct
path to successful execution and tedious to repeat your analysis. Here is an example of
part of one of my -do- files, shown to suggest a standard format you might want to
adopt. 1 use this set of commands at the beginning of each -do-~ file I create. The com-
mands in the file are shown in Courier New type, and my comments in square brack-
ets are shown in Times New Roman type (the standard font for the text).

capture log close

[This command closes any - Log- file (sec the next command) it finds open. The
-capture- prefix to a command is very useful because it instructs Stata not

to stop if an “error” is encountered—which would be the case if it could not find
a -log- file to close.]

'log using class.log,replace

[This command tells Stata to keep a file of commands and the results of the com-
mands, called a “- 1og- file,” and to replace any previous versions of the - 1og- file.
The -replace- part of the command is crucial becanse otherwise when you execute

This chapter has been an introduction to statistical computing by computer, with some -
attention {0 the history of social science computing, and more attention to the logic of
data manipulation and the treatment of missing data. The chapter thus serves as a founda-
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he -do- file, fix an error, and ry to execute it again, Stata will complain that a
L pIEvious version of the -1log- fils exists.]

felimit;

- [This command tells Stata to end all subsequent commands whenever a **;” is encoun-
“tered. T find this the most convenient way to handle long lines. The default in Stata is
“to regard a carriage return (the computer command that ends a line) as the end of the
“command, which means that, unless the carriage return 15 “commented out” (see
below), commands are restricted to one line. Of course, the line may be very long,

extending well beyond the width of a page, but this makes your file difficult to read.]

version 10.0;

{This command tells Stata for which version of Stata the file was created. Stata

always permits old - do- files to run on more recent versions of the software, if the
version is specified.]

aat more 1;

fThis command tells Stata not to stop at the end of every page of the output. When

executing a -do- file, vou want the program to run completely without stepping.
The way to inspect the output is to read the log file.]

Tear;
: [This command clears any data left over from a previous attempt to execute the pro-
gram or any other Stata command. Stata is good about warning you against inadver-

tently destroying data you have created. But the fact that Stata warns you means that
© youneed a way to override the wamning, which is what this command does. ]

ogram drop _all;

[This command drops any existing programs that vou might have created in a previ-
ous execution of the -do- file. Failing to do this causes Stata to stop if you have
included any programs in your -do- file.]

“get mem 100m;
* [This command tells Stata to reserve 100 MB of memory. Space permitting, Stata

reads all data into memory and does its analysis on these data, which is why it is so

fast. If you specify too little memory, Stata will complain that it has no room to add
variables or cases.]

*CLASS.DO (DJT initiated 5/19/99,
tast revised 2/4/08);

[I always name my -do- file, and because T work often with others, indicate the
author, the initial date of creation, and the last date of revision. This is very useful
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in identifying different versions of the same -do- file, which might exist becauge -
my coauthors and I have both revised the same file, or because 1 have made a revi- -

sion on my office computer and have forgetten to update the version on my home

computer, and 50 on. Note that comments are distinguished from commands by an -

asterisk in the first colummn. ]

*This -do- file creates ccmputations for
a paper on literacy in China.;

i always mclude a description of the analysis the -do - file is carrying out. Because
Toften work on a paper over an extended period, the description is extrémely helpful
in jogging my memory and helping me to locate the correct file.]

use d:\china\survey\data\china07.dta;

[This command loads the data into memory. The remainder of the -do- file then
congists of commands that perform various operations on the data and produce
various computations. ]

log close;
[This command closes the -log- file, so that it can be opened by my editor or
word processor.]

The basic procedure for creating and successfully executing a -do- file is to
(1) open a new file (either in the Stata editor or in your favorite word processor or ASCII
editor), remembering that -do- files must include the extension “do”; (2) insert a front
end, of the sort just cutlined (which T always copy from my previous file to may current
file to minimize typing); (3) create a set of commands to carry out the first task;
(4) save the file (as an ASCIH file); (5) toggle to Stata and execute the - do - file by typing
do <file namesx; note the error that stops the file from reaching the end, if any (and
there surely will be an error most of the time); (5) toggle back to the editor; (6) correct the
error or add to the analysis; and (7) repeat the process until your -do- file includes all
the necessary steps in the analysis and runs to the end.

This process is known as debugging your program. When this happens, you will |

have a -1og- file with a set of resulis and a -do- file that (1) provides a clean and com-
plete record of how you got the results shown in the - log- file and (2) can be rerun at
any time—which you may want to do if, as often happens, you discover an error in the
logic of your analysis or update your data set. Also, despite our best intentions, it is very
difficult to fully describe our computing operations in a research paper. This means that if
you submit a paper for publication and get an invitation to “revise and resubmit” the
paper, the best way to recover exactly what computations you did and what assumptions
you made several months, or even years, ago is to consult your -do- file. The availability
of a -do- file will also greatly speed your revision work.

Ori the Manipulation of Data by Computer 3

mid in Extensive Checks of Your Work

extremely easy to make errors—of both a logical and a clerical kind—when doing
ter-based data analysis, The only way to protect yoursell from happily making up
sries about resulls produced in error is to compulsively check your work. You can do
{5 in two Ways. First, check the logic of each set of data transformation commands by
orking through—as a pencil and paper operation—how each value of a variable being
raformed is affected by each command. Second, tabulate or summarize each new vari-
ble and actually look at the output. You will be surprised how many errors you discover
py taking these twWo simple steps!

ﬁééumen’f Your -do- File Exhaustively

Yiu should make extensive notes in your ~dc- file about the purpose of each set of com-
srands and the underlying logic—especially in the cass of data transformations. Includ-
g comments summarizing the outcome of cach set of commands makes it clear why I
carry out the next step of the analysis. The -do- file then becomes a document summa-
rizing my entire analysis. [ cannot emphasize strongly enough the importance of adeguate
dacumemanon It is typical in our field to work on several problems at once and to return
“a problem after months or even years. In addition, the editorial review process often
akes a very long tme. If you have not documented your work, you may have a great deal
af trouble remembering why you have done what you have done. This is inefficient and
an be highly embarrassing—as when a jowrnal editor asks you to do some additional
alysis, and you have no idea why you made particular computations, much less what
¢ chain of reasoming was, and cannot reproduce the previous results. This happens
““much more often than most of us want to admit.

nclude “Side” Computations in Your -do- File

This is a corollary to the peint about exhaustive documentation made in the previous sec-
tion. Often we do “side” computations in the course of writing papers to make points or
~‘add illustrations to the fext—for example, computing the ratio of two coefficients in a
‘table we have made or computing a correlation coefficient between two variables listed in
'some other publication. The way to make your -do- file a comprehensive document of
all your computations is to use Stata, rather than a hand calculator or spreadsheet, to do the
work; or, at minimum, to include both the data and the results as comments in your -do-
“file. More than once, 1 have produced a paper with a well-documented - do- file but have
failed to include side computations in the -do- file, and then have discovered months
ater that I had no idea how the side coefficients reported in the paper were derived.

‘Rerun Your -do- Fife as a Final Check

At the point you have completed a paper and are about to submit it for a course, for post-
ing in an online paper series, or for publication, you should make a point of executing
‘your -do- file in a single step and then checking every coefficient in the paper against
he corresponding coefficients in your resuiting log file. You likely will be startled to dis-
over how many discrepancies there are. Becanse -do- files often are developed over an
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extended period of time and often are executed in pieces, it is extremely easy for incon.
sistencies to creep in. If yon have a -do- file that will run from beginning to end, with--
out interraption, and will produce every result you report in the paper, vou will have et
the gold standard for documentation. You also will be a happy camper months or yearg
later when you need to make a minor change that affects many results, You will discover
that the change usually can be made in a matter of minuies—aljthough updating your

tables by hand is usuaily a much more tedious business. :

Describes the contents of a data set.

Displays file names in the current direciory.

Substitutes for a hand calculator.

Executas commands from a ~do- file.

Drops variables or observations from the file.

Allows you to edit your file cell by cell. Useful in inspecting the content of
your file or correcting errors in the file.

Extensions to the -generate- command.

Permits recoding of string variables to numeric variables.

Repeats Stata command for a list of items (variables, values, or other enti-
ties). Similar to “do repeat” in SPSS but more powerful,

Make Active Use of the Stata Manua!

The only way to become facile at any statistical program, including Stata, is to make a
point of continuously improving your skills. Each time you are unsure how to carry ont
a task, look for a solution in the manual. You will find the improvement in facility very : ‘
rewarding. After yon become reasonably facile at Stata, you should then take advaniage orvalues Repeats Stata command for a set of consecutive values.
of Stata’s -net - commands, which link you to the Stata user community and the most generate Creates or changes the contents of a variable.

up-to-date applications. Of course, to use the ~net - commands you must be connected Obtains online help. (See also -search- and -net search-.)
to the Internet. Reads data into Stata. (See also -infix- and -insheet-.)

Inputs data from the keyboard.

Useful summary of numerical variables, particularly when you are not
familiar with a data set. Reports the number of negative, zero, and posi-
tive values; the number of integers and nonintegers; the number of unique
values; and the number of missing values; and produces a small histogram.
Keeps variables or observations in the file—that is, drops everything not
specified. Useful when you want to create a new file containing a smail
subset of variables.

Creates or modifies value and variable [abels.

Lists values of variables.

SOME PARTICULARLY USEFUL STATA 10.0 COMMANDS

Here is a list of key data manipulation and utility commands. It is to vour advantage to
study the descriptions of these commands in the Stata manual—in addition to reading
through the User’s Guide. The time you spend gaining familiarity with these commands,
and with the logic of Stata procedures, will be more than repaid by improvements in the
efficiency of your work. { have included few of the commands for carrying out estimation
procedures because they will be introduced in later chapters.

adjust Gets adjusted values for means and proportions. Creates a log of your session.
append Combines two data sets with identical variables but different observations. Marks observations for inclusion (a way of maintaining consistency
(See also -merge-.) regarding missing values throughout an analysis).
by Repeats a Stata command on subsets of data. Merges two data sets with corresponding observations but different
capture Captures return code {that is, allows Stata to continue whether the condi- variables. (See also -append-.)
tion is true or not). Installs and manages user-written additions from the net.
cd Changes directory. netsearch Searches the Internet for installable commands.
codebook Produces a codebook describing the data. numlabel Combines numerical values with labels so that both are displayed. This
collapse Produces aggregate statistics, such as means, for subsets of data. : often is very convenient.
Particularly useful for making graphs. Similar to the *aggregate” command notes Puts notes into data set.
in SPSS. order Reorders variables in a data set.
Compress Compresses variables to make a data set smaller but without altering the “predict Obtains predictions after any estimation command.
logical character of any variable. Useful when your data will not fit into preserve Preserves data. Use this before a command that will alter the data set, such
memory. as -collapse-. Then use -restore- to restere the preserved data set.
count Gives the number of ohservations satisfying specified conditions. -count - quistly Performs Stata command without showing intermediate steps.
without a suffix gives the number of chservations in the data set. recode Recodes variables.
#delimit Changes the delimit character. rename Renames variables.



replace

reshape
restore

freview

save

gearch

sort
gummarize
table
tabulate
update

usze

veralon

®i
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Replaces values of & variable with new variables if specified conditions are
satisfied.

Converts data set from wide to long format and vice versa.

Restores a previously preserved file.

Reviews previous commands. Helpful when you start playing arcund rather
than making a -do- file, and then want to capture your commands to
create a -do- file.

Saves a cata set.

Searches Stata documentation for a particular term or phrase. Particularly
useful when -help- fails to produce what you want.

Sorts the data set on one or more variables.

Produces summary statistics for continuous variables.

Produces tables of summary statistics.

Produces cne- and two-way tables of frequencies and percentages.
Updates Stata from the net. (See also -ade- and -net-J

Cpens a data set for analysis. A particularly useful feature of the -use-
command is to specify the -using- option to limit the number of
variables brought into memory. This dramatically speeds up the work for
computers that have relatively small amounts of memory. The syntax is use

<variable list> usging <iile name>.

Specifies which version of Stata applies (for a given ~do - file or command}.

Interaction expansion. Forms new variables that are products of specified
variables.

- So far we have been dealing with procedures for analyzing categorical data. We now turn
o a powerful body of techniques that can be applied when the dependent variable is an
nterval or ratio variable: ordinary least-squares regression and correlation analysis. In
this chapter we deal with the two-variable case, where we have a dependent variable and
“a single mdependent variable, to illustrate the fogic. In the following two chapters we
deal with multiple regression, which is used when we want to explore the effects of sev-
eral independent variables on a dependent variable, the typical case in social science
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INTRODUCTION
Suppose we have a set of data arrayed like this:

Father’s Years of Schooling Respondent’s Years of Schooling

Z 4
12 10
4 8
13 13
& 9
6 4
8 13
4 6
8 6
10 11

What can we say about the relationship between father’s education and respondent’s
education? Not much. Visual inspection of the two arrays is quite uninformative. However,
if we plof the two variables in two-dimensional space, the nature of the relationship is
revealed. When you inspect the plot (Figure 5.1), it is immediately evident that the chil-
dren of highly educated fathers tend to be highly educated themselves. In this situation,
we say that the father’s and the respondent’s education are positively correlated.

Although we can see that the father’s and respondent’s education are positively cor-
related, we want to quantify the relationship in two respects. First, we want a way to

14 ~

Years of schooling

0 2 4 6 &
Father's years of schooling

: Scatter Plot of Years of Schooling by Father’s Years of Schooling
(Hypotheffca! Data, N = 10).

Introduction to Correlation and Regression (Ordinary Least Sguares) a4
“describe the character of the relationship between the father’s and respondent’s years of
‘schooling. How large a difference in the dependent variable, years of schoolmg, would we
'expeci on average for a person whose father’s schooling (the independent variable) differs by
fie unit (one year)? What level of schooling would we expect, or predict, on average for
ach person, given that we know how much schooling hus or her father has? Second, we want
way to characterize the strength of the co-relation, or correlation, between the respendent’s
d father’s vears of schooling. Can we get a precise prediction of the respondent’s level of
Sducation from the father’s level of education or only an approximate one?

UANTIFYING THE SIZE OF A RELATIONSHIP:
EGRESSION ANALYSIS

{The conventional and simplest way to describe the character of the relationship between
o variables is to put a straight line through the points that “best” summarizes the average
‘felationship between the two variables. Recall from school algebra that straight lines ars
presented by an equation of the form

Y=a+ bX) 5.1
‘where a is the intercept (the value of ¥ when the value of X is zero) and & is the slope (the
change in ¥ for each unit change in X). Figure 5.2 shows the coefficients ¢ and b for our
example involving years of education (¥) and father’s years of education (X). The figure
is a graphic representation of the equation:

E =338+ 687(E,) (5.2)

Years of schooling

04— —r—TF——F 17—

f T |
0 2 4 6 2 10 12 14

Father’s years of schooling

. Least-Squares Regress:on iine of the Relation Between Years
of Schooling and Father’s Years of 5chooling.
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Here E indicates the expected number of years of school completed by people Wifh

gach level of father’s years of schooling (E,) on the assumption that the relationship is fin- -

ear, that 1s, that each increase in the father’s education produces a given increase in the
respondent’s education regardless of the initial level; 3.38 is the intercepy, that is, the ex-
pected years of schooling for people whose fathers had no schooling at all; and .687 is the
slope, that is, the expected increase in years of schooling for each one-year increase in the
father’s schooling. From this equation, we would predict that those whose fathers have 10
years of schooling would have 10.25 years of schooling because 3.38 + 10*.637 = 10.25,
Similarly, we would predict that the children of university graduates would have 2.75 more
years of schooling, on average, than the children of high school graduates because .687*(16—
12) = 2.75. Estimating the value of the dependent variable in a regression equation for given
values of the independent variable is known as evaluating the equation.

So far we have said nothing about how we derive the values for the coefficients
shown in Bquation 5.2. The criterion for putting a line through a set of points is that we
minimize the sum of the squared errors of prediction—that is, we minimize the sum of
the squared differences between the observed and predicted values. Lines derived in this
way are known as ordinary least-squares regression lines. Figure 5.3 illustrates this crite-
rion. The term e, (= E, — E,, or the actual number of years of schooling for the ith person
minus the expected number of years of schooling for that person given his or her father’s
years of schooling) shown in the figure is the error of prediction between the specified
point and the regression line. If we square each of these errors of prediction (which are
also called residuals) and sum them, there is one and only one line for which this sum of
squares is smallest. This is the ordinary least-squares (OLS) regression line.

Years of schooling

0 e | B
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Father's years of schooling
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‘ . Least-Sguares Regression Line of the Relation Between Years
of Schooling and Father’s Years of Schooling, Showing How the “Error of
Frediction” or “Residuai” Is Defined.
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WwHY USE THE "LEAST SQUARES” CRITERION TO |
DETERMINE THE BEST-FITTING LINE? note that “least

squares” is not the only plausible criterion of “best fit.” Ar intuitively more appealing crite-
von is to minimize the sum of the absolute deviations of observed values from expected val-
Les. Absolute values are mathematically intractable, however, whereas sums of scjuares have
convenient algebraic properties, which is probably why the inventors of regression analysis
Hit upon the criterion of minimizing the sum of squared errors. The consequence is that ob-
servations with unasually large deviations from the typical pattern of association can strongly
Affect regression estimates; because the deviations are squared, such chservations have the
'greatest weight. The presence of atypical chservations, known in this context as high lever-
age points, can therefore produce quite misleading results. We will discuss this point further
in the upcoming paragraphs and in Chapter Ten.

It can be shown, via algebra or calculus, that the fellowing formulas for the slope and
intercept satisty the least squares criterion:

Lo CvXY) 3 XD - N) XV XQ V)

— (5.3

var(X) > ox-Xy NY X=X )

a7y =2 22X (5.4)
N N

SSESSING THE STRENGTH OF A RELATIONSHIP:
"ORRELATION ANALYSIS

Now that we have seen how regression lines are derived and how they are interpreted, we
need to assess how good the prediction is. Our criterion for goodness of prediction or
goodness of fit is the fraction or proportion of the variance in the dependent variable that
can be attributed to variance in the independent variable. We define

% =1A4-M_Z(Y_Y)2/N (5.5)

S (7 -TYIN

That is, #2, which is just the square of the Pearson correlation coefficient, is equal to 1
minus the ratio of the variance around the regression line to the variance around the mean
the dependent variable. (The Pearson correlation coefficient is, of course, the correla-
ton coefficient you have encountered in introductory statisiics courses. It has the
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advantage of ranging from —1 to +1 depending on whether two variables move togethey
or in opposite directions. But it is not as readily interpretable as its square.) Whep
the variance around the regression line is just as large as the variance around the mean of th,
dependent variable—that is, when knowing the value of the independent variable doeg :
not help us predict the value of the dependent variable (in which case, the mean of the
dependent variable 1s the least squares prediction of each value)—the ratio is 1 and ¥ = ¢,
this case is illnstrated in (a) of Figure 5.4. When knowledge of the value of the indepen-
dent variable allows perfect prediction of the value of the dependent variable, the ratio 15 0,
and bence ¥ = 1, this case is illustrated in {b) of Figure 5.4

Note that OLS regrsssion finds the best linenr relationship between two variables,
gven when the actual functional form of the relationship is nonlinear. For example, the
correlation between X and ¥ in (¢) of Figure 5.4 is zero, even though it is obvious that
the two variables are perfectly (cwrvilinearly) related. See also Figure 10.1, which repro-
duces a set of graphs constructed by Anscombe (1973) to show that a given correlation
may be associated with very different relationships between two variables. Linear regres-
sion provides an adequate summary of a relationship only when it correctly represents the

10 4 22 4
| . . 201 o
o o 16 4
4 ) gg ]
<] °® 1= 0.0 2] 2 = 1.00 L o . ,
Y= 500+ 05 24 Y= 1.00+ 200 ‘character of the relationship. When it fails to do so, additional variables need to be
ot ; ' A ‘ 0 ’ ‘ ; ‘ - included in the model. You will see how to do this in the next chapter.
(@) ° ’ - ® i 10 ) ° : 4 6 s 10 . Retwrning to owr example about intergenerationall continuity in educatior}al aFtairll-
ent, we note that 2 = 536, which tells us that the variance around the regression line is
about half the size of variance around the mean of the dependent variable, and therefore
T s * T T e, that about half of the variance in educational attainment is explained by the correspond-
&1 - - ing variability in father’s education. As social science results go, this is a very high
5 4 correlation.
4]
3 A ] @
27 A USEFUL COMPUTATIONAL FORMULA FOR ¢ mefol
11 f;: 2'36 O = 5.76 lowing is a useful compuiational formula for the correlation coefficient, r, which comes in
0 . — — handy when you have to do hand calculations:
0 2 4 6 8 10

cov(X,Y) NEXY — (EXHZY)

Least-Sqguares Regression Lines for Three Configurations of r= =
War Jvarly)  NEXE - EX) YNSYT — @YY

Data: (3) Perfect Indegendence, (b) Perfect Correlation, and (¢} Perfect Curvilinear
Correlation—a Parabola Symmetrical to the x-Axis.
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THE RELATIONSHIP BETWEEN CORRELATION AND
REGRESSION COEFFICIENTS

Suppose we were to standardize our variables before computing the regression of ¥ op X -

by, for each variable, subtracting the mean from the value of each observation and divig

ing by the standard deviation. Doing this produces new variables with mean = 0 apq-

standard deviation = 1. Then we would have a regression eguation of the form

¥=5x (5.6)

(The convention adopted here, which is widely but not universally used, is to represent
standardized variables by lowercase Latin symbols and the coefficients of standardized
variables by Greek rather than Latin symbols.) There is no intercept because the regres-
sion line must necessarily pass through the mean of each variable, which for standardized
variables is the (0,0) point. We interpret 3 as indicating the number of standard deviations
by which we would expect two observations to differ on ¥ that differ by one standard devi-
ation on X. (This follows directly from the fact that for standardized variables, the standard
deviation is one. Thus, one standard deviation on X is one unit on x; and the same for ¥ and
y.) It can be shown, through a simple manipulation of the algebraic computational formu-
las for the coefficients, that in the two-variable case, r = 5. Tt is also true that » is invariant
under linear transformations. (A linear transformation is one in which a variable is multi-
plied [or divided] by a constant and/or a constant is added {or subtracted] . Consider two
variables, Yand ¥', with ¥' = g + »(Y ). In this case, r., = r.') Sothe correlation between
standardized variables and unstandardized variables is necessarily perfect.

A convenient pair of formulas for moving between b and 3 (which also holds for
multiple regression coefficients) is

o<z v

a=7 — b(X) (5.8)

where s, and s, are the the standard deviations of X and ¥, respectively.

FACTORS AFFECTING THE SIZE OF CORRELATION
(AND REGRESSION) COEFFICIENTS
Now that we see how to interpret correlation and regression coefficients, we need to con-

sider potential troubles—factors that affect the size of coefficients in ways that may lead
to incorrect interpretation and false inferences by the unwary.

Outliers and Leverage Points

As noted, correlation and regression statistics are very sensitive to observations that devi-
ate substantially from the typical pattern. This is a consequence of the least squares
criterion—because “errors” (differences between observed and predicted values on the
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dependent variable) are squared, the larger the error, the more it will contribute to the
wm of squared errors relative to its absolute size. Thus, correlation coefficients can be
substantially affected by a few deviant observations, with regressiom slopes pulled
strongly toward them, producing misleading results. To see this, consider the following
ample, illustrated in Figure 3.5. Suppose that in our example about intergenerational
mcational transmission, the fourth case had values (13,0} (shown as a solid circle sur-
unded by an open circle) instead of (13,13) (shown as an open circle). That is, suppose
that in the fourth case the child of a man with thirteen vears of schooling had no educa-
tion instead of thirteen years of schooling—perhaps because the child was mentally
impaired. The alteration of just one point, from (13,13) to (13,0), dramatically changes
the regression line and misrepresents the typical relationship between the father’s and
respondent’s education, making it appear that there is no relationship at all (the regres-
sion equation for the ten points with (13,0) as the fourth value is E =674 + 0491(E >
= 002). :

This example illustrates the condition under which deviant cases are influential—that
is, have high “leverage.” This is when points are far away from the center of the multivar-
iate distribution. Outliers close to the center of the distribution, for example, the (8,13)
point in Figure 5.5, have less influence because, althongh they can pull the regression line
up or down, they have relatively little effect on the slope. We will consider this distinc-
tion further in Chapter Ten.

The most straightforward solution is to omit the offending case. When this is done,
the regression line through the remaining nine points is very close to the regression line
through ten points with (13,13). However, this generally is an undesirable practice
because it creates the temptation to start “cleaning up” the data by omutting whatever
cases tend to fall far from the regression surface. Two better strategies, which will be
elaborated in Chapters Seven and Ten, are (1) to think carefully about whether the outliers
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might have been generated by a different process from the remainder of the data and,
when you suspect that possibility, to explicitly model the process; or (2) to use a robust
regression procedure that downweights large outliers. Fortunately, the damage done by
outliers diminishes as sample sizes increase. However, even with large samples extreme out.
liers can be distorting—for example, incomes in the millions of dollars. One simple way
to deal with extreme values on univariate distributions is to truncate the distribution, for
example, in the United States in 2006 by specifying $150,000 for incomes of $15G,000 or
above (this is what the GSS does; in 2006, just over 2 percent of the GSS sample had
incomes this high}; but this creates its own problems, as we will see next. A better way,
which you will see in Chapter Fourteen, is to use interval regression (an elaboration of
tobit regression) to correctly specify the calegory values,

Truncation

Analysts are sometimes tempted to divide their study population into subgroups on the
basis of values on the independent or dependent variable or on variables substantially
correlated with the independent or dependent variable. For example, an analyst who sus-
pects that income depends more heavily on education among those with nonmanual
occupations than among those with manual occupations might attempt to test this hypoth-
esis by comrelating income with education separately for nonmanual and manual workers.
This is a bad idea because income is correlated with occupational status; thus, dividing
the population on the basis of occupational status will truncate the distribution of the
dependent variable, which, all else equal, will reduce the size of the correlation. More-
over, if one subgroup, say manual workers, has a smaller variance with respect to income
than does the other subgroup, say nonmanual workers (and this is likely to be true in most
societies), the size of the correlation will be more substantially reduced for manual than
for nonmanual workers, thus leading the analyst toc—mistakenly—believe that the
hypothesis is confirmed.

To see this, consider a highly stylized example, shown as Figure 5.6. To keep the
example simple, imagine that all manual workers in the sample have less than seven
years of schooling and that all nonmanual workers have more than seven years of school-
ing. Note that in the example, there is exactly the same income return to an additional
year of education for nonmanual and manual workers. Note further that each point is an
equal distance from the regression line. Now, suppose the correlation between income
and education were computed separately for manual and nonmanual workers. The corre-
lation for both groups would be smaller than the correlation computed over the total sam-
ple, and the correlation would be smaller for manual than for nonmamial workers. This
follows directly from Equation 5.5 because, from the way the example was constructed,
the variance around the regression line is identical in all three cases, but the variance
arcund the mean of the dependent variable is smaller for nonmanual workers than for the
total sample and smaller for manual workers than for nonmanunal workers. Although, for
the sake of clarity, the example is highly stylized, the principle holds generaily: when dis-
tributions are truncated the correlation tends to be reduced. This, by the way, is the main
reason GRE scores are weak predictors of grades in graduate school courses: graduate

: g
introduction to Correlation and Regression (Ordinary Least Sguares) @7

MNonmanual 5

20000 — iManual

15000 —

10000 +

Income

5000

6 8 0 12 14 16
Years of schoaling

o
N~
I

Truncating Distributions Reduces Correfations.

departments do not admit people with low GRESs, thereby truncating the distribution of
GRE scores. But this does not imply that GRE scores should be ignored in the admissions
process, as statistically illiteraie professors argue from time to ttme.

A "REAL DATA" EXAMPLE OF THE EFFECT OF TRUN-
CATING THE @!STR!BUTEON Analyzing the U.S. sample for the Politi-

cal Action: An Eight Nation Study, 1973-1976 (Barnes and Kaase 197%) some years ago, | was
puzzled to discover an extremely low correlation between education and income (less than
.1, whereas in U.S. surveys the typical correlation between these two variables is on the crder
of .3). Further investigation revealed that the low end of both the education and income distri-
butions were severely truncated, presumably as a result of inadequacies in either the sampling
or the field waork procedures. When the data were weighted to reproduce the bivariate distri-
bution of education and income ohserved in the U.S. census for 1980 (the year closest to
the survey), the estimated correlation approximated that typically found in U.S. surveys.

Regression Toward the Mean

The consequences of truncation actually are worse than just suggested, because of a phe-
nomenon known as “regression toward the mean.” When two measurements are made at
ditferent points in time, for example, pre-test and posi-test measurements in a random-
ized experiment or scores on the GRE, it is typical to observe that those cases with high
values on the first observation tend, on average, to have lower values on the second obser-
vation, and that those cases with low values on the first observation tend to have higher
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values on the second cbservation. That is, both the high and the low values move towarg -
{or “regress toward”) the mean. This is true even when there is no change in the trye:

value between the two measurements.

The reason for this is that observed measurements consist of two components: a i :
score and a component representing error in measorement of the underlying true score,
For example, consider the GRE. The observed score for each individual can be thought of-
as consisting of a component measuring the candidate’s “true” (or underlying or constant) -

ability to do the kind of work measured by the test and a random component comprised of
variations in the exact questions asked in that administration of the test, the candidate’s
level of energy and mental acuity, level of confidence (Steele 1997), and so on. It then fol-
lows that those who have high scores in any given adminisiration of the test will dispro-
portionately inciude those who have high positive random components, and those who
have low scores will disproportionately include those who have low random components,
But because the second component is rando, those who have high random components
on the first test will tend, on average, to have lower random components on the second
test and those who have low random components on the first test, will tend, on average, to
have higher random components on the second test. The result is that the correlation
between the two tests will be less than perfect and also that the regression coefficient
relating the second to the first test will be less than 1.6, This is true even if the means and
standard deviations of the two tests are identical.

An important implication of this resuit is that a researcher who targets for special
intervention a low-scoring group (those who did pootly on a practice GRE, those with
low grade point averages, and so on) will be bound to conclude, incorrectly, that the inter-
vention was successful. Of cousse, if that same researcher chose the high-scoring group
for the same intervention, he or she would be forced to conclude that the intervention was
completely unsuccessful—indeed, that it was counterproductive. All of this is a simple
consequence of analyzing a nonrandom subset of the original sample.

Exactly the same phenomenon—measurement error—has the effect of lowering the
correlation between separate phenomena, for example, education and income, the heights
of fathers and sons, and so on. This kind of observation is what led Francis Galton, one of

the founders of correlation and regression analysis, to conclude in the late nineteenth cen-

tury that a natural phenomenon of intergenerational transmission was a “reversion” (or
“regression”) toward “mediocrity”’—hence the term “regression analysis” o describe
the Iinear prediction procedure discussed here. But what Galton failed to notice is that
there is also, and for exactly the same reason, a tendency for values near the mean to
move away from the mean. The result is that the variance of the predicred (but not the
observed) values and the siope of the regression line are reduced in proportion to the com-
plement of the correlation between the variables. (For a book-length treatment of this
" topic, see Campbell and Kenney [1999].)

Aggregation

Students who have spent some time studying the behavior of populations of individuals
usually conclude that we live in a stochastic world in which nothing is very strongly
related to anything else. For example, in the United States, typically about 10 percent of
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the variance in income can be atiributed to variance i education (r = 3 = 7 = (9),
tudents are then puzzled when they discover that seemingly comparable correlations
omputed over aggregates, for example, the corrclation between mean education and
‘mean income for the detailed occupational categories used by the U.S. Bureau of the
_Census, tend to be far larger (in the present example, r = .7 = > = 49). Why is this so?
“The explanation is simple. When correlations are computed over averages or other sum-
“hmary measures, a great deal of individual variability tends to “average out.” In the extreme
-case, where there are only two aggregate categories, the correlation between the means
for the two categories will necessarily be 1.0, as you can see in Figure 5.7 (where the
large circle represents the mean height and weight for women, and the large triangle rep-
.resents the mean height and weight for men); but the principle holds for more than two
categories as well.

 CORRELATION RATIOS

150 far we have been discussing cases where we have two interval or ratio variables.
Sometimes, however, we want to assess the strength of the association between a cate-
-gorical variable and an interval or ratio variable. For example, we might be interested in
“whether religious groups differ in their acceptance of abortion. Or we might be interested
“in whether ethnic groups differ in their average income. The obvious way to answer these
_questions is to compute the mean score on an abortion attitudes index for cach religious
group or the mean income for each ethnic group. But if we discover that the means differ
substantially enough to be of interest, we still are left with the question of how strong the
-relationship is. To determine this we can compute an analog to the (squared) correlation
“coefficient, known as the (squared) correlation ratio, 777 (eta squared). 1* is defined as
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Variance around the subgroup means

z
m=l- ;
Variance around the grand mean

_ Within group sum of squares

Total sum of squares
ZZ(Y. -Y,y
ZZ(Y -¥y

where ¥ is the dependent variable, there are j groups, and i cases within each group. Thus,

Y. is the mean of ¥ for group j, and ¥ _is the grand mean of ¥. From Bquation 5.9, it is evi-

dent that if all the groups have the same mean on the dependent variable, knowing which
group a case falls inio explains nothing; the variance around the subgroup means equals
the variance around the grand mean, and n° = 0. At the other extreme, if the groups differ

in their means, and 1if all cases within each group have the same value on the dependent -

variable—that is, there is no within-group variance—then the ratio of the within-group
sum of squares to the total sum of squares is 0, and n* = 1. From this we see that 7%, like
7, 18 a proportional reduction in varignce measure,

Let us explore the religion and abortion acceptance example with some actual data,
In 2006 (and for most years since 1972) the GSS asked seven questions about the accept-
ability of abortion under various circumstances:

. should [it] be possible for a woman to obtain a legal abortion . . .

= if there is a strong chance of serious defect in the baby?
# if she is married and does not want any more children?

m  if the woman’s own health is seriously endangered by the pregnancy?
&  if the family has a very low income and cannot afford any more children?

# 1l she became pregnant as a result of rape?

if she is not married and does not want to marry the man?

if the woman wants 1t for any reason?

From these items I constructed a scale by counting the positive responses, excluding
all cases with any missing data. The scale thus ranges from 0 to 7. Table 5.1 shows the
.mean number of positive responses by religion. All those who specified religions other
than Protestant, Catholic, or Jewish or said they had no religion were included in the
“Other and None” category. From the table, it is evident that Tews and other non-Christians
are much more accepting of abortion than are Christians '(Protestants and Catholics), But
how important is religion in accounting for acceptance of abortion? To see this, we com-
pute 1;* = .070. (The Stata computations to create Table 5.1 and to obtain 5? are shown in
the downloadable -do- and -1og- files for the chapter.)

5.0y

Mean Number of

Positive Responses  Standard Deviation N

Clearly, religious affitiation does not explain much of the variance in abortion atti-
s. How can this be, given the substantial size of the mean differences? The answer is
éiﬁlple. Jews and “Others” differ substantially from Protestants and, especially, Catholics
their acceptance of abortion. But these groups are quite small, especially Jews. Hence,
no matter how deviant they are from the overall average, they are unlikely to have much
jmpact; when more than half of the population is included in one group, as is the case
hére with Protestants, a large fraction of the variance in abortion acceptance is bound to
be within-group variance rather than between-group variance,

A second use of the correlation ratio is to test assumptions of linearity. We will take
this up in Chapter Seven.

A USEFUL COMPUTATIONAL FORMULA FOR »?

formula to compute 72 by hand from frequency or percentage distributions is

A good
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where there are j groups and / categories of the dependent variable, which in this case is desig-
nated by X. So X, is the scare for the ith category {of the jth group, although the category scores
are the same for all groups), and 7, is the number of cases in the ith category among members
of the fth group. Notice the difference from Eguation 5.9, where the / refers to individuals rather
than to categories of the dependent variable.
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WHAT THIS CHAPTER HAS SHOWN

| In this chapter we have considered simple {two-variable) ordinary least-squares (OLS)

correlation and regression, as a way of seeing the conceptual basis of OLS regression, the
workhorse of modern statistical analysis. We also considered how the size of correlation

and regression coefficients is affected by the bivariate distribution of cases—specifically,
how results are affected by high-leverage outliers, by truncation, by regression to the
mean, and by aggregation. It is important that you understand these effects thoroughly
because many confused claims are made by those who fail to understand them. We then
considered a variant on correlation coefficients, the squared correlation ratio, which is an
analog to correlation when we have an interval or continuous dependent variable but a
categorical independent variable. in the next chapter we extend our discussion to multiple
correlation and regression, the analogous OLS technique when we have two or more
independent variables.

WHAT THIS CHAPTER IS ABOUT

f this chapter we consider the central technique for dealing with the most typical social
cience problem—understanding how some outcome is affected by several determining
variables that are correlated with each other. We begin with a concepiual overview of mul-
iple correlation and regression, and then continue with a worked example to illustrate
ow to interpret regression coefficients. We then turn to consideration of the special prop-
ities of categorical independent variables, which can be included in multiple regression
-equations as a set of dichotomous (“dummy’) variables, one for each category of the origi-
- nal variable (except that to enable estimation of the equation, one category must be repre-
sented only implicitly}. In the course of our discussion of dummy variables, we develop a
Strategy for comparing groups that enables us to determine whether whatever social pro-
- Cess we are investigating operates in the same way for two or more subsegments of the
‘population—males and females, ethnic categories, and so on. We conclude with an alter-
native way of choosing a preferred model, the Bayesian Information Coefficient (BIC).
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INTRODUCTION

For most social science purposes, the two variable regressions we encountered in the pre
vious chapter are not very interesting, except as a baseline against which to compare -
models involving several independent variables. Such models are the Tocus of this chap
ter. Here we generalize the two-variable procedure to many variables. That is, we predict
some (interval or ratio) dependent variable from a set of independent variables. The logic ;
is exactly the same as in the case of two-variable regression, except that we are estimat. -
ing an equation in many dimensions.

Let us first consider the case where we have iwo independent variables. Extending -
the ten-ohservation example from the previous chapter, suppose we think that education
depends not only on the father’s education but alse on the number of siblings. The argy-
ment 15 that the more siblings one has, the less attention one receives from one’s parents
(all else equal), and hence, in consequence, the less well one does in school and, there-
fore, the less education one obtains, on average (for examples of studies of sibship-size
effects in the research literature, see Downey [1995], Maralani [2004], Ln [2005], and T.u
and Treiman [2008]). Suppose, further, that we have information on all three variables for
our sample of ten cases:

: Equations such as Bquation 6.1 are known as pudtiple regression equations. [n
: ;_\ﬂ.ﬁpi& regression equations the coefficients associated with each variable measure
b éxpected difference in the dependent variable associated with a one-unit difference
the given independent variable, holding constant each of the other independent vari-
Lbles. So in the present case, the coefficient associated with the nuraber of siblings tells us
the expected difference In educational atfainment for each additional sibling among those
whose fathers have exactly the same years of education. Correspondingly, the coefficient
sociated with the father’s education tells us the expected difference in years of educa-
for those whose fathers differ by one year in their education but who have exactly the
e number of siblings. In the theee-variable case (that is, when we have only two inde-
pendent variables), but not when we have more variables, we can construct a gecmetric
representation that dllustrates the sense in which we are holding constant one variable and
<timating the net effect of the other.

- In multiple regression, as in two-variable regression, we use the least-squares crite-
o to find the “best” equation—that is, we find the equation that minimizes the sum of
gguared errors of prediction. However, whereas in bivariate regression we think in terms
‘the deviation between each observed point and a line, in multiple regression the ana-
og is the deviation between each observed point and a k-dimensional geometric swrface
here k = 1 + the number of independent variables. Thus, where there are two indepen-

Father’s Years of Respondent’s Years Number of ent variables, the least-sguares criterion minimizes the sum of squared deviations of
Scho;);"ing ofSchzo!ing Siblings ¢ach observation from a plane, as shown in Figure 6.1.
3
12 10 3 Years of school
4 8 4
13 13 0
6 9 2 12 +
6 4 5 07
8 13 3 g1
4 6 4
8 6 3
10 11 4
Note that the first two columns are simply repeated from the example in the previous f 2 .
chapter {see page 88). f (\5\00
To test our hypothesis that the number of siblings negatively affects educational 5 &°
attainment, we would estimate an equation of the form: 10 \\Q,;z}%
. 12 &
E=atbE.)+c(S) (6.1) <@

0 1 2 3 4 5

- s . . Number of siblings
(Note that I use generic symbols, for example, X and ¥, to indicate variables in equa-

tions of a general form, but mnemonic symbols, for example, E, K, and §, to indicate
variables in equations that refer to specific concrete examples. I find it much easier to
keep track of what is in my equation when I use mnemonic symbols for variables.)

ERT S N Three-Dimensional Representation of the Relationship Between
Number of Siblings, Father’s Years of Schooling, and Respondent’s Years of Schooling
- (Hypothetical Data; N = 10},
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Retric Regression Coefficients

The coefficients associated with each independent variable are known as regression coef-

ficients, or net regression coefficients (or sometimes raw or meiric regression coefficients,

to distinguish them from standardized coefficients, about which you will lsamm more

later). In the present case, the estimated regression eguation is

£ =626+ 564(E,) — .640(5) (6.2)

This equation tells us that a person who had no siblings and whose father had no edu-
cation would be expectad to have 6.26 vears of schooling; that among those whose fathers
had the same amount of education, the expected cost of each additional sibling would be
nearly two-thirds of a year of schooling (precisely, 0.640 years); and that among those
with the same nuomber of siblings, those whose fathers’ scheoling differed by one year
would be expected to differ in their own schooling by just over one half year (precisely,
0.564 years).

Note that the coefficient associated with the father’s education in Eguation 6.2 is
smaller than the corresponding coefficient in Equation 5.2 (564 and .687, respectively).
This is because the father’s education and the number of siblings are correlated; r is,
in fact, —.503 in this example). Thus, in Equation 5.2, part of the observed effect of
the father’s education on the respondent’s education is due to the fact that poorly edu-
cated fathers tend to have more children, and those from large families tend to go less
far in school. Equation 6.2 takes account of this association and gives the effect of the
father’s education net of (or holding constant or controlling for) the number of siblings.
The implication of this result is very important: if a variable that is a true cause of the
dependent variable is left out of the equation, the coefficients of the variables included
in the equation will be biased—that is, will overstate or understate the true causal refation
between the given independent variable and the dependent variable (except in the limiting

cage that the left-out variable is uncorrelated with the variables in the equation). This is .

known as specification error or omifted variable bias.

Some analysts present a series of successively more complete multiple regression
models and discuss changes in the size of specific coefficients resulting from the inclu-
sion of additional variables. This is a sensible strategy under one specific condition: when
the analyst wants to consider how the effect of one or more variables is modified by the
inclusion of another variable (or variables), That is, in a manner closely analogous to
the search for spurious or intervening relationships in tabular analysis (see Chapters Two
and Three), the analyst might want to investigate whether a particular relationship is
explained, or partly explained, by another factor. For example, it may be observed that
Southerners are less tolerant of social deviants than are persons living outside the South.
However, the analyst may want to assess the possibility that this relaionship is entirely
(or largely) spurious, arising from the fact that Southerners tend to be less well educated
and less urban than others, and that education and urban residence increase tolerance. In
such a case 1t would be appropriate to present two models—one regressing tolerance on
Southern residence and a second regressing tolerance on Southern residence, education,
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ze-of-place—and then to discuss the reduction in the size of the coefficient
ated with Southern residence that occurs when education and size-cf-place are
added to the equation. However, absent specific hypotheses regarding spurious or medi-
ng effects, there is no point in estimating successive equations (except for models
volving sets of dummy variables, discussed in the next section, or variables that alter
actional forms, discussed in the next chapter); rather, all relevant variables should be
claded in a single regression equation. However, even in this case the anzlyst should
présent a table of zero-order {two-variable) correlation coefficients between pairs of vari-
gﬁ s, plus means and standard deviations for all interval and continuous variables and
centage distributions for all categorical variables. These descriptive stafistics help the
ader to understand the properties of the variables being analyzed. In addition, as noted
warlier, the zero-order correlations provide a baseline for assessing the size of net effects
when other variables are controlled.

Tefting the Significance of individual Coefficients

it is conventional to compute and report the standard error of the coefficient of each inde-
pe‘hdent variable—although, as you will soon see, standard errors have limited utility in
the case of dummy variables or interaction terms. The convention is to interpret coeffi-
ients at least twice the size of their standard emor as statistically significant. This
convention arises from the fact that the sampling distribution of regression coefficients
follows a #-distribution and that, with 60 4.f. (where the degrees of freedom is computed
as N — k — 1, with k the number of independent variables), 7 = 2.00 defines the 95 per-
cent confidence interval around the value » = 0. It is important to understand that the
f-statistics indicate the significance of each coefficient net of the effect of all other coeffi-
cients in the model. Thus, when several highly cotrelated variables are included in the
model, it is possible that no one of them is significantly different from zero, although as a
group they are significant (see also the following boxed comment on multicollinearity).

Some analysts estimate regression models involving several independent variables,
op the variables with nonsignificant coefficients (this is known as trimming the regres-
on equation), and reestimate the model, on the ground that to leave coefficients in the
model that have nonsignificant effects biases the estimates of the other variables. How-
ever, other analysts argue that the best estimate of the dependent variable is obtained by
including all possible predictors, even those for which the difference from zero cannot
established with high confidence. The latter strategy is preferable because it provides
the best point estimate based on a set of variables that the analyst has an a priori basis for
suspecting affect the outcome.

Standardized Coefficients

A question that naturally anises when there are multiple determinants of some dependent
variable is which determinant has the greatest impact. We cannot directly compare the coef-
ficients associated with each independent variable because they typically are expressed in
different metrics. Is the consequence of a difference of one year of schooling completed
by the father greater or smaller than the consequence of a difference of one sibling? Although
the question can, of course, be answered—as we saw earlier, the cost of each additional
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MULT%CQLLEN EARITY  when independent variabies are highly correlated, '

a condition known as multicollinearity, regression coefficients tend to have large standard
errors and to be rather unstable, in the sense that quite small changes in the distribution of
the data can produce large changes in the size of the coefficients. As Fox notes (1991, 11;
see also Fox 1997, 337-366), the inflation in the standard error of an independent variable, /,
due to multicollinearity, is given by 1/1 - Rf), where Rf is the coefficient of determination
{discussed later in this chapter) associated with the regression of variable j on the remaining
independent variables; this is known as the variance inflation factor and can be computed in
Stata by using the -estat vif- command after the ~-regress- command. (See Fox and
Monette [1992] for a generalization to sets of independént variables, such as a set of durmmy

variables or a variable and its square; see also the discussion in Chapter Seven of this book, in
the section on “Nonlinear Transformations.”)

Clearly, the independent variables must be guite highly correlated for multicollinearity to be
an important problem. For example, if RY = .75, the error variance will be quadrupled, and
the standard error will thus be doubled. Because R} 's as large as .75 are guite uncomman,
multicollinearity is not often a problem in the socdial sciences, mainly arising in situations in
which alternative measures of the same underlying concept are included in a single model
and most commonly when aggregated data, such as properties of occupations, cities, or na-
tions, are analyzed. In such situations, a reasonable sclution is to combine the measures into
a multiple-itemn scale (see Chapter Eleven).

Some analysts attempt to minimize muliicoilinearity by employing what is known as stepwise
regression, in which variables are selected into (or out of) a model cne at a time, in the order
that produces the greatest increment (or the smallest decrement) in the size of the R2. Such
methods are generally misguided, both because they are completely athoretical and because
the order in which variables are selected can be quite arbitrary, given the previously noted
instability in regression coefficients when variables are highly correlated.

sibling is somewhat greater than the gain from each year of the father’s education—the
answer does not tell us which variabie has the stronger effect on the dependent vari-
able because the variance in the number of siblings is much smaller than the variance in
the father’s years of schooling. If it is not obvious why the size of the variance matters,
consider the effect of education and income on the value of the car a person drives. Suppose
that for a sample of U5, adults, we estitnate such an equation and obtain the following:

~

v =15,000 +.5(7) — 500(E) (6.3)

We would hardly want to conclude from this that the effect of education 13 1,000
times as large as the effect of income, or to measure income in units of $100 and then to
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ﬁcludﬁ ihat the effect of education is 10 times that of income. Actually, the equation
- iates that a year of education reduces the (expected) value of a person’s car by $500,
ot of income, whereas a $1,000 increment in income increases the (expected) value of a
s car by $500, net of education. In this precise sense, a year of education exactly
freets $1,000 in income. However, a more general way to compare regression coeffi-
ents is to transform them into a common metric.
. The conventional way this is done is to express the relationship between the depen-
¢at and independent variables in terms of standardized variables—that is, variables
winsformed by subtracting the mean and dividing by the standard deviation. Because
el variables all have standard deviation = 1, the regression coefficients associated with
sindardized variables indicate the number of standard deviations of difference on the
déﬁendem yariable expected for a one standard deviation difference on the independent
ariable, net of the effects of all other independent variables. In the present example, the
qiiation relating the standardized coefficients—ihat is, the standardized counterpart to
quation 6.2—is
y=.601(e,) — .260(s) (6.4)
Reminder: As noted in the previous chapter, there is no intercept because standardized
ariables all have mean = 0 and a regression swrface must pass through the mean of each
sriable.) From inspection of the coefficients in Equation 6.4, we conclude that the
ﬁfher’s education has a greater effect on educational attainment than does the number of
siblings—a greater effect in the precise sense that a one standard deviation difference in
. father’s years of schooling implies an expected difference of .60 of a standard devia-
1 in the respondent’s years of schooling, whereas a one standard deviation difference
the number of siblings implies only a —26 standard deviation expected difference in
e respondent’s years of schooling.
" Note that in practice we do not ordinarily standardize the variables and recompute
the regression equation but rather instruct the software to report standardized coefficients
usually in addition to metric coefficients). Because standardized coefficients often are
ot reported, particularly in the economics literature, we alse can make use of the relation
B, = b, (5/s,)—that is, the fact that the standardized coefficient relating independent
ariable X to dependent variable ¥ is equal to the metric coefficient multiplied by the ratio
f the standard deviations of the independent and dependent variables—to convert metric
‘to standardized coefficients (or vice-versa). (Recall Equation 5.7 and 5.8.)
There is some controversy regarding standardized regression coefficients. The con-
_ventional wisdom in sociology and other social sciences is that they are useful for the
purpose just described—to assess the relative effect size of each of a set of independent
“variables in determining some outcormne—but that they are inappropriate for assessing the
elative effect size of a given variable in different populations, precisely because the stan-
dardized coefficients will differ if the relative standard deviations differ in the populations
“even if the metric regression coefficients are identical (Kim and Mueller 1976). (Note
~the analogy to the truncation of correlation coefficients discussed in the previous chap-
“ter. In fact, as noted in the previous chapter, the correlation coefficient is identical to the
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standardized regression coefficient in the two-variable case.) For example, suppose we
wanted to compare the effect of the number of siblings on education among Blacks ang
Whites in the United States. Suppose, further, that the metric regression coefficient relat.
ing years of schooling to the number of siblings is identical for Blacks and Whites, that
the standard deviation of years of schooling for Blacks and Whites is identical, but that the

standard deviation of number of siblings is larger for Blacks than for Whites. Under these

circumstances the standardized coefficient relating the nurnber of siblings to years of

schooling would also be larger for Blacks than for Whites (this follows directly from the
mathematical relation between the standardized and metric regression coefficients showq

in Equations 5.7 and 5.8). Would we really want to conclude that the number of siblings
has a stronger effect for Blacks than for Whites in determining how much schooling they
get if the “cost” (in terms of years of schooling) of each additional sibling is identical for
Blacks and Whites? Probably not. However, there are those (for example, Hargins 1976)
who argue that it would be meaningful to say that sibship size matters more for Blacks
precisely because there is more variability in the sibship sizes of Black familics.

Additional light may be shed on this point by comparing the interpretation of
standardized and unstandardized coefficients within a single sample. In zn analysis

of educational attainment in a 1962 U.S. national representative sample, Beverly Duncan
(1965, 60, 65) showed that the cost of coming from a nonintact family was very high—
about a year of schooling, net of a large number of other factors. However, the standard-

ized coefficient relating education to family intactness was relatively weak, about .09, far
from the largest standardized coefficient. How can these two results be reconciled? The -
fact is that there is nothing inconsistent about thein. The metric coefficient indicates that for -
the relatively few persons from non-intact families (these are data from 1962), the cost -

was very substantial. But the standardized coetficient indicates that family intactness was
not a very important determinant of variance in educational attainment, precisely because

only a relatively small fraction of the sample was from non-intact families. Given the near
constancy of the family intactness variable, it could hardly explain much of the variability

in educational attainment.

REMINDER REGARDING THE VARIANCE OF
DICHOTOMOUS VARIABLES “Family intactness” is a dichotomous

variable. As you will recall from elementary statistics, the standard dewviation of such vari-
ables is given by the propertion “positive” (whichever category is so defined}. That is,
5, = +/P(1=p). Thus, the more skewed the distribution, that is, the further it departs from
.5 pasitive, .5 negative, the smaller the standard ceviation and hence the smaller the stand-
- ardized coefficient. Because for dichatomous variables the size of standardized coefficients
depends not only on the size of the metric coefficient but also on the proportion of the
sample with the “positive” attribute, it generally is unwise to make much of standardized
coefficients for such variables.
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coefficient of Determination (R?)

o well does Equation 6.2 explain the variance in educational attainment? We determine
via an exact analogy to /%, known as R?, or the coefficient of determination, which
us the proportion of variance in the dependent variable explained by the entire set of
dependent variables. Just as for 7, R? = 1 — the vatio of the error variance (the variance

A FORMULA FOR COMPUTING R? FROM CORRELA-

Tﬂ@Ng A convenient formula for computing R* from a matrix of correlations and
standardized regression coefficients is

«
2 _
R e = Zr"xj'g‘“f
i

“That is, #% can he computed as the sum of the products of the correlations between each of
* the independent variables and the dependent variable and the corresponding standardized
 regression coefficients.

' A@ﬂngE@ RZ When the number of variables included in a model is large rela-
* tive to the number of cases in the sample, the explained variance is necessarily large because
* the amount of information usad in the explanation approaches the amount of informaticn to
- be explained. To correct for this, most computer programs report the “Adjusted A2 as well
as the ordinary R?. The formula for Adjusted R? is

N—1
RL =1-(1- R} ———
o ( R)[N—(k-H)

where N is the number of cases and k is the number of independent variables. It is clear that
as k approaches N, Rjdj. gets small; indeed, it can become negative. The problem of overfitting
the data only arises when samples are quite small; but in such cases the Adjusted R? should
" be taken seriously. However, the ordinary 2 should be used in tests of the significance of the
increment in R? (discussed later in the chapter, in the section "A Strategy for Camparisons
Across Groups”}.
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around the regression surface) to the total variance in the dependent variable. In the pres~
ent case, R = 586. Note that the R? for Equation 6.2 is not much larger than the ;2
Bquation 5.2 (= .536). This is another consequence of the fact that the two independe
variables are correlated: either variable taken alone includes its unique effect plus its Joint
effect with the other independent variable. The difference between the R* for Equation ¢

and the #* for Equation 5.2 thus gives the unique effect of the number of siblings on edy.

cational attainment. Later in the chapter, in the section A Strategy for Comparisons Acrogg

Groups,” we will see how to use this fact to compare different regression models. For noy

fet us note the substaniive implication: variables added to regression models increase the
explained variance to the extent that they are uncorrelated with variables not already
included in the model. This simple fact places strong constraints on theory building.
Here is a case in point. When graduate students first encounter the literature on stats
attainment, they sometimes are disappointed by what they perceive to be “low R-squares”
(the most competent studies of the 1.3, population—for example, Featherman and Hausger
[1978, 235]—explain only about 40 percent of the variance in occupational attainment,
about 30 percent of the variance in educational achievement, and about 20 percent of the
variance in anmual earnings), and immediately start proposing other variables that were
left out of the analysis and ought to be included. However, the burden of the preceding

point is that for the new variables to have much effect on the explained variance, they -

must be relatively uncorrelated with variables already in the model. It is not easy to think
of variables that influence educational attainment that are uncorrelated with parental edu-
cation, father’s occupation, number of siblings, and so on. I stand with Dudley Duncan in
celebrating rather than deplering low R%s. In the context of the analysis of status attain-
ment, at least, and—I would venture to say-—many other phenomena as well, they are not
so much an indictment of our science as a tribute to our society. As Duncan notes (Blan
and Duncan 1967, 174),

Sociofogists are often disappointed in the size of the residual, assuming that this is a
measure of their success in “explaining” the phenomenon under study. They seldom
reflect on what it would mean to live in a society where nearly perfect explanation of the
dependent variable could be secured by studying causal variables like father’s occupa-
tion or respondent’s education. In such a sodiety it would indeed be true that some are
“destined to poverty almost from birth . . . by the economic status or occupation of their
parents.” Gthers, of course, would be “destined” to affluence or to modest circum-
stances. By no effort of their own could they materially after the course of desting nor
could any stroke of fortune, good or iff, lead to an outcome not already in the cards.

Indeed, it is striking that the one society with substantial R?s for models predicting

 status attributes is apartheid-era South Africa, a society with an extremely rigid racially

based stratification system (see, for example, Treiman, McKeever, and Fodor 1996, and
Treiman 2007b).

Standard Error of Estimate {Root MSE)

Another useful measure of the adequacy of a regression model is the standard error of
estimate (which Stata calls the “root mean square error”—root MSE). This is given by

for.

i

m
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{6.5)

W is the number of cases, & is the number of independent variables, and ¢, 1s the emor,
screpancy between the actual and predicted value on the dependent variable for the ith
pal. The standard error of estimate is thus the root of the sum of squared errors divided
 degrees of freedom, which is N — k. It is interpretable as the average deviation of
ba rvations from the regression surface, or average size of the residuals (Fox 1997, 104).

the assumption that errors are normally distributed (the conventional assumption of OLS
: g;essmn) we can construct a confidence interval for the standard error of estimate. For
ple, a 95 percent confidence interval is given by ¥ +1.96(s.e.e.). This tells us that we
an expect 95 percent of the observations to lie within 1.96 s.e.e. from the regression surface
snushek and Jackson 1977, 57).

““An advantage of the 5.e.¢. over R? is that the 5.¢.¢. is not sensitive to the relative size
f the variances of the independent or dependent variables—ithat is, it is not affected
y truncation in the way both +* and R2 gre. Usually it is desirable to report both the R?
nd the s.e.e.

AWORKED EXAMPLE: THE DETERMINANTS
F LITERACY IN CHINA

us work through the presentation and interpretation of a multiple regression eqguation -
{ the kind that might appear in a published article (the Stata - do- and - log- files that
veated the coefficients discussed can be downloaded from the course Web site). A 1996
urvey of the population of the People’s Republic of China (for details, see Appendix A
and also Treiman 1998) included a short-form vocabulary test, in which respondents were
sked to identify ten Chinese characters of varying degrees of difficulty. Here we study
“the factors that account for variation in the number of characters correctly identified.

= Qbvionsly, the most important determinant of the ability to recognize characters is
'_years of schooling. Because written Chinese is an ideographic language, one of the prime
“goals of schooling is to increase knowledge of Chinese characters, and literacy in China is,
in fact, measured in terms of the number of characters recognized. This is quite analogous to
the expectation that vocabulary will increase with additional schooling in Western nations.
Apart from education, a number of other factors might be expected to contribute to
literacy. First, coming from a literate family may increase literacy even when account
taken of the respondent’s own level of schooling. Knowledge acquired at home may
enhance or substitute for knowledge learned at school. The home environment is mea-
sured by two variables: the years of schooling completed by the father and a measure
of family “cultural capital”—a scale of the extent to which reading was important in the
family when the respondent was age fourteen.

Urban origins (residing in a city or town rather than in a rural village at age fourteen)
may enhance literacy both because the quality of schools tends to be better in urban areas
in China and because in China, as in the remainder of the world, urban environments
tend to offer more opportunities for exposure to written maierials. Newspapers are more
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readily available and more sophisticated, libraries are more likely to exist and to contain
wider selections of books, and so on.

Employment in & nommanual as against a manual occupation should enhance literacy "

net of years of schooling because words are the tools of the trade in nonmanual occupa-
tions. To a much greater extent than manual occupations, nonmanual occupations require
reading documents and preparing memoranda. Thus, knowledge of characters learned in
school is likely to be more strongly reinforced in nonmanual jobs than in manual jobs.

Finally, China, in common with many East Asian societies, is sirongly male-dominant—

manifest in a strong preference for sons, higher educational attainment of males than of
females, and patrilocal residence. It is quite plausible that the advantages of males over
females extend to their participation in literate discourse, both at work and ocutside of
work, thus reinforcing more for males than for females knowledge of characters learned
in school; for example, males are more likely to hold supervisory posts and, within the
broad nonmanual and mannal sectors, are more likely to have high-status jobs requiring
miore sophisticated use of written language. To test this hypothesis, a variable distinguish-
ing males and females 1s included.

Table 6.1 shows the means, standard deviations, and correlations among all the vari-
ables inclnded in the analysis. Chinese adults were able to correctly identify an average
of 3.6 of the 10 characters asked in the survey. The average adult had abount 6.5 years of
schooling (compared to an average of about 3 years of schooling for their parents); 18
percent were employed in nonmanual jobs; 18 percent grew up in urban areas; 56 percent
of the sample is male (note that this is a labor force sample), and the average respondent
had “cultural capital” about a quarter of that of the most richly endowed respondents.
(It is a labor force sample because I excluded those missing data on occupation. I also
excluded those missing data on any other variable, but the bulk of the exclusions were
of those lacking occupations. In Chapter Eight we will see how to conserve cases when
some variables have substantial amounts of missing data.) Unsurprisingly, the number of
characters correctly identified is far more highly correlated with the number of years of
schooling than with any other variable.

ALWAYS PRESENT DESCRIPTIVE STATISTICS A tanke

showing descriptive statistics for the variables included in the analysis should always
be presented. Such statistics are very informative to the reader and also permit the estima-
tion of alternative models by the reader. The current tendency to start with the presentation
of complex models is unfortunate because it often teaves the reader in the dark about
the most basic aspects of the data being analyzed, For example, you might gain a rather
different impression of the determinants of literacy in a society, such as China, where
“the average person has less than seven years of schooling, where moere than 80 percent
work at manual jobs, and more than 80 percent grew up in rural villages, than in a
society such as the United States where the average person has about thirteen years of
schooting, most people grew up in urban areas, and a majority of the population works
at nonmanual jobs.

e 3

:introductios’i to Multiple Correlation and Regression {Ordinary Least Sguares)

i Means, Stendard Deviations, and Correlations Among
Wﬂabies ﬂi’fettmg Knowledge of Chinese Characters, Employed Chinese
Adu!ts Age 20-869, 1936 (N = 4,802).

i Th_e items, in increasing order of difficulty, are yiwan (ten thousand), xingming (full name), liangshi (grain),
.f'hé,p'shu {function), diaczhu (carve), sinue {wreak havor or wanton massacre), chuanmiu (erronecus), gimao
octogenarian), chichu (walk slowly), and taotie {glutton}.

Variables N, U, and M are dichotomies, scored 1 for those in the category and scored O for those not in
the category.

“:cThis scale is the mean of standardized scores for five variables measuring the behavicr of parents when the
éspondents were age fourteen: the number of backs in the home, the presence of children’s magazines
n'the home, the frequency with which parents read a newspaper, the fraquency with which parents read
erious nonfiction, and the presence of an atlas in the home. If information was missing for an item, that
fem was excluded from the average. The resuliing scale was transformed to a G—T metric—that is, the
< Iowest score is 0 and the highest score is 1.

Table 6.2 confirms the importance of years of schooling because the standard-
zed coefficients for years of schooling in both models are far larger than the standardized
: ‘f_(_)'efﬁcients fer any other variable. Each additional year of schooling produces an expected

ncrease of about .4 in the number of characters correctly identified, net of all other fac-
‘tofs. This means, for example, that a university graduate (sixteen years of schooling)
'-Would be expected to identify about two more characters than would an otherwise similar
ocational or technical school graduate (eleven years of schooling).
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- ONTABLE 6.2

Nete that both madels in Table 6.2 are based on exactly the same cases, the number of
cases shown in Table 6.1, A common error analysts make is to present successive models
hased on different cases—all the cases for which complete information is available for
the variables included in that model. This is ill advised because it makes it impossible to
determine whether differences in the coefficients for successive models are due to the in-
“clusion of additional variables or are due to variation in the samples. Moreover, formal
comparisons of the increment in explained variance resulting from the inclusion of addi-
- tjonal variables {presented in the next section) are not correct unless the models are
 based on the same cases. Stata has a command, -mark-, which makes it easy to ensure
‘that all models being compared are based on the same cases.

| Determinants of the Mumber of Chinese Characters Correctly
identafned on a Ten-lem Test, Emploved Chinese Aduits Age 20-89, 1996 iStandam .
Errors in Parentheses).?

Yariable Modeal 1 Model 2

Metric regression cosflicients

“Model | predicts the number of characters identified from all variables except “cultural
eapital.” In this model all coefficients are significant at the .001 level. Net of other factors,
with nonmanual occupations score about a quarter of a point higher than manual
rorkers, those from urban origins score about a quarter of a point higher than those from
origins, and males score more than a third of a point higher than females. Clearly, all
hese effects are real but, with the exception of education, are modest in size. Interestingly,
¢ father’s years of schooling significantly increases knowledge of characters, net of all
er-factors, although the effect 1s very small (the expected difference between those
¢ithi the most-educated and least-educated fathers is only about half a character—precisely
= 030%18). Together, the factors in Model  explain more than two-thirds of the vari-
fice. in vocabulary knowledge, which is a very strong relationship. Also, the standard
of estimate for Model 1, 1.25, tells us that 95 percent of the actual vocabulary scores
¢:within 2.45 points (£1.96*%1.25) of the regression surface. It is instructive (o note
wi large the error is. Even with a very high 8? by social science standards, the cases are
istributed over nearly half the tange of the dependent variable. This suggests the need to
rcise considerable caution in interpreting regression estimates.

‘The intercept, .579, is interpreted as the expected vocabulary score for those with
core of zero on each of the independent variables—that is, for rural origin females
ing at manual jobs without any schooling whose fathers had no schooling. This is
a very meaningful value. Although in China there are people who fit this description,
ny nations a person with 0 scores on all variables would be beyond the range of the
bserved data. To achieve a meaningful intercept, it often is useful to reexpress the con-
nuous independent variables as deviations from their mean. If this is done, the intercept
! ___h'en interpretable as the expected value on the dependent variable for people who are
he mean with respect to each of the continuous variables (and, of course, have scores
with respect to each dichotomous variable). In the present case such a reexpression
ould give us the expected vocabulary score—in this case 3.30—for rural females working

“C: Level of cultural capital (range 0-1). .

sAll variables are significant at or beyond the 001 level except for father’s educatien in Model 2 (p = .195).
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at manual jobs (the (0 values on each of the dichotomous variables) who have average

aducation and whose fathers have average education. Note that such a reexpression of
the independent variables has no effect on the regression coefficients, the standard errors, the
R, or the standard error of estimate. Only the intercept is affected. _
Mode! 2 includes “cultural capital” as an additional factor. The associated coef-
ficient indicates that, net of all other factors, people raised in households with the high-
est cultural capital, that is, maximally involved with reading, score almost a full point
higher in their knowledge of vocabulary than do people raised in households minimally
involved with reading, Although the explained variance is significantly increased {in
the mext section we consider how to assess the significance of the increment in %),

the increase is hardly important from a substantive point of view. What is important -

is that the introduction of “cultural capital” reduces the effect of father’s education to
nonsignificance. This makes clear the reason why, net of the respondent’s own educa-
tion, knowledge of vocabulary is enhanced by the father’s education: households with
educated fathers tend to be more involved in reading thap other households. After the
“cultural capital” of the household is taken inte account, the father’s education has no
additional effect on vocabuiary skill. The “cultural capital” variable also reduces the size
of the “urban origin” effect, which indicates that part of the advantage of urban origins
is the tendency of urban households to be more involved with reading than are otherwise
sirnilar rural households. None of the other coefficients is much affected by the introduc-
tion of cultural capital.

Graphic Representation of Results

Sometimes, for ease of exposition, it is useful to graph the net relationship implied by the
model between a given independent variable and the dependent variable. This is easy to
do. The trick here is to simplify the estimation equation by substituting the means, or

other appropriate values, for the remaining independent variables except the one of

interest and collecting them into the constant. This yields the expected value on the

dependent variable at each level of the independent variable, holding constant all other .
independent variables at the specified values. The same procedure can be extended fo .
show separate graphs for each category of a categorical variable—for example, if we .

were inferested in how the relationship between literacy scores and years of schooling

implied by Model 2 differed for males and females. For continuous variables the mean is -

a good choice of the value to substitute into the equation. For dichotemous variables we
could substitute either the mean or some suitable value—for example, nonmanual work-

ers from urban origins. Of course, for dichotomous variables, the mean is just the propor- .

tion that is “positive” with respect to the variable. Thus, if we substitute means for

* dichotomous variables, we are not evaluating the equation for any actual person—after -
all, one cannot be 18 percent urban or 56 percent male; rather, we are evaluating what =

are, in some sense, the typical circumstances of the population.

To see how the procedure works, let us evaluate the equation in two ways: for non~.
manual workers from urban origins, and for the mean values of these variables. In each -
case, we evaluate the equation separately for males and females to create graphs that -
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show separate lines for males and females. Considering first an equation evaluated for
sonmanual workers from urban origins, we have, for females

= a-+bE)+ c(E,) + d(N)+e(@)+ f(M)+ g(C)

=546+ 393(E)+.009(3.07) + 211(1) + . 177(1) +.385(0) + .866(.227) (6.6)
=1.158-.393(E)
and for males
V=a+bE)+c(E)+dN)+eU)+ F(3)+ g(C)
= 546 +.393(E) + .009(3.07) + 2111+ .177(1) +.385(1) + .866(. 227 (6.7)

=1.543 + 393(E)

Having arrived at a pair of bivariate equations, differing only by a constant (= .385
he coefficient associated with “male”™), we can simply graph the equations. Figure 6.£
hows the graph, which makes clear the relative magnitude of the education and gender
sffects net of all other determinants of vocabulary knowledge in China. Clearly, educa-
tion is far more important than gender, although within levels of education there is a small
difference favoring males.

Nov&lf, suppose that instead of evaluating the equation for nopmannal workers from
rban origins, we evaluated the equation at the means of each of the independent variables

_:e}.(cept,. of courss, education and gender, because we want to display the effects of these
Wo variables). Our equation for females is then

V=a+bE)+c(E,)+dN)+e(@)+ f(M)+g(C)

=.546+.393(5) +.009(3.07) + 211(.177) + .177(.180) +.385(0) + .866(.227)
=839+ 393(&)

0.8)
_hd for males is
V=a+bE)+c(E)+dN)+e@)+ F(M)+ 2(T)
=.546+ 393(E)+.609(3.07) +.211(. 177y +.177(.180) + .385(1) + 866(.227)
=1.224+ 393(F) (6.9)

. Note that t}:}e onlylf differences between Equations 6.6 through 6.7 and Equations 6.8
roigh 6.9 are in the intercepts and also that the difference in the intercepts between each
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.. Expected Number of Chinese Characters ldentified (Gut of Ten)
by Years of Schooling and Gender, Urban Qrigin Chinese Aduits Age 20 tc 69 in
1998 with Nonmanual Occupations and with Years of Father’s Schooling and Level
of Cuftural Capital Set at Their Means (N = 4,802).

Note: The female line does not extend beyond 16 because there are no females in the sample with
post-graduate education.

pair of equations is identical. Thus, a graph of Equations 6.8 through 6.9 would be almost
identical to Figure 6.2 except that both lines would be shifted down. For this reason I do
not bother to show a graph of Equations 6.8 through 6.9. Whether to substitute means or
other specific values when evaluating an equation is a matter of judgment that should be
decided by the analyst’s substantive concerns.

DUMMY VARIABLES

Ofien situations arise in which we want to analyze the role of categorical variables, such

as religious affiliation, marital status, or political party membership, in determining some

outcome. Moreover, typically we want to combine categorical variables with interval

variables, to study the effect of each controlling for the other. Thus, we need a way to
_include categorical variables within a regression framework.

To see how this is done, let us revisit the problem we considered in the final sec-
tion of Chapter Five, cn correlation ratios. Recall that we were interested in the relation
between religious affiliation and acceptance of abortion, and we analyzed this by estirmat-
ing the mean number of positive (accepting) responses to a seven-item scale for each of
four religious groups (Protestants, Catholics, Jews, and those with other or no religion)

AR
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the 2006 General Social Survey (GS8) data. Here we explore a similar substantive
coblem, but this time using data from the 1974 GSS, because the results for that year
re sarticalarly clear-cut and hence more suitable for exposition of the method. (As an
yercise, you might want to carry out a similar analysis using the 2006 data). We start by
onverting the religious denomination variable into a set of four dichotomous variables,
¢ for each religious group, with each variable scored 1 for persons with that religion
& scored O otherwise. That is, we define a set of new variables (see the downloadable
do- or -log- file):

Il

1 if the respondent is Protestant, and = 0 otherwise

l

1 if the respondent is Catholic, and = 0 otherwise

[+

i

1 if the respondent is Jewish, and = © otherwise

w

= W

1 if the respondent has another religion, no religion, or failed to respond,
snd = 0 otherwise

* Variables of this kind are known as dichotomous or dummy variables. Using these
ariables, we can estimate a multiple regression equation of the form:

4
A=a+)y bR=a+bR, +bR bR,

i=2

(6.10)

Jhere A is the number of “pro-choice” responses—that is, positive responses fo guestions
bont the circumstances under which legal abortions should be permitted (in 1974 six
ch guestions were asked, so the scale ranges from 0 to 6), and the R areas specified in
preceding paragraph.
Note that it is necessary to omit one category from the regression equation to avoid
4 linear dependency (the situation in which any one independent variable is an exact
- function of other independent variables); because of the way dummy variables are con-
tructed, with each individual scored 1 on one dummy variable and O on all the remain-
ing variables in ihe set, knowing the value on all but one of the dummy variables allows
“perfect prediction of the value of the remaining dummy variable. In such situations OLS
quations cannot be estimated. Any category may be omitted, but because, as we will see,
he coefficients of the dummy variables included in the equation are interpreted as devia-
“ tions from the value for the omitted, or reference, category, it is best to choose the refer-
nce category on substantive grounds—the category against which the analyst wants to
contrast other categories. The only exception to the substantive criterion is that very small
“‘categories should not be chosen as the omitted category because doing so may create a
“near-linear dependency among the remaining categories, which could result in unstable
numerical estimates of the coefficients.
©  Hstimating Equation 6.10, we have

A=398= 33(R,) +1.61(R)+ 88(R,); R*=.045 6.11)
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Now, let us derive the predicted values for each category:

Hor Protestants:

A=a+b(0)+h(0)+b,(0)=a—=3.98 (6.12)
For Catholics:

A=a+ B, (D+b, (M +5(0)=a+b, =398-.33=3.65 {6.13)
For Jews:

A=a+ b +b(N+b(0)=a+b=398+1.61=559 (6.14)
For Other and None:

A=a+ bL(O)+b,(0)+b,(h=a+b, =398+ .88=4.86 (6.15)

From Equations 6.12 through 6.15, it is evident that the intercept, a, gives the expected
value for the omitted, or reference, category and that the coefficients associated with each
of the dummy variables, the b, give the difference in the expected value between that cat-
egory and the omitted, or reference, category. In the present example, Protestants have an
expected score of 3.98 on the dependent variable—that is, on average they find abortion
acceptable for about four of the six conditions. Catholics, by contrast, have an expected
score of 3.65, .33 less than Protestants. Jews on average endorsed nearly all six items
(precisely, 5.59), 1.61 more than Protestants. Finally, the remainder of the sample, the
residual category, “Other and None,” falls midway between Protestants and Jews in their
average level of acceptance of abortion.

WHY YOU SHOULD INCLUDE THE ENTIRE SAMPLE
IN YOUR ANALYSIS Althcugh the "Other and None” category is a catch-

all residual category and is thus rather uninteresting, it is desirable to include such categories
in the analysis rather than restricting the analysis to those with "interpretable” refigions. The
reason for this is that we ordinarily want to generalize to an entire population, not a subset
-of the population with definable characteristics. if we omit the residual category from the
analysis, our estimates of the average population characteristics are fikely to be biased, and,
what is worse, biased in unknown ways. Moreover, the regression coefficients may also be
biased. See the discussion of “sample selection bias” in Chapter Sixteen.

amorih
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te that the ®? is identical to the correlation ratio, 7% that we encountered in the
15 chapter. Moreover, the predicted values on the abortion attitudes scale are just
‘means for each religions group shown in Table 5.1. This follows from the fact that,
nt any additional information, the mean is the least-squares prediction of the value of
shservation. Thus, the “least-squares” estimates for each religious category are just the
ubgfoup means. 5o far we seem to have no more than a complicaled approach to estimat-
ﬁg ubgroup means and correlation ratios.

The real value of dummy variables is when they are used in combination with
o variables to test the effect of group membership cn the dependent variable net of
(e effects of other variables and also to assess the effect of group membership on the
-[ationship between other variables and the dependent variable (and the effect of other
ariables op the relationship between group membership and the dependent variable)—
¢ fis, to assess interactions between the group caitegories and other variables. To see
Hid, fet us continue with our example. Suppose we are interested in assessing the effect
“aducation on acceptance of abortion. Suppose that in addition we want to assess the
ssibility that religious groups differ in their acceptance of abortion and, moreover,
11 the relation between education and abortion acceptance—with Catholics tending to
spose abortion regardless of their education, Jews tending to accept abortion regard-
g8 of their education, and the remaining two groups becoming more accepting as their
iication increases. To test these claims, we estimate three successively more compli-
ated regression equations:

A=a-+bE (6.16)

" 4

A=d +VE+3> ¢R (6.17)
i=2

N 4 4

A=a"+b"E+Y R+ cRE (6.18)

=2 =2

The first model (Equation 6.16) posits an effect of education but no effect of religion.
s model asswmes that all religious groups are alike in their acceptance of abortion. The
econd model (Equation 6.17) posits an across-the-board, or constant, difference between
feligions groups in their acceptance of abortion but assumes that the relation between
ducation and acceptance of abortion is the same for all religious groups. The third model
- (Equation 6.18) posits an inferaction between education and religion in the acceptance of
rtion, or, to put if differently, assumes that the religious groups differ in the way edu-
-cation affects abortion acceptance. (The conventional way fo represent an interaction in
Tegression framework is to construct a variable that is the product of the two [or more]
variables among which an interaction is posited—although other nonlinear functional
forms are sometimes posited.)
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A STRATEGY FOR COMPARISONS ACROSS GROUPS

Our first task is to decide among the models represented by Equations 6.16 through 6,18
In this situation, where we are assessing whether groups differ with respect to some socia}

process, we would generally prefer the most parsimonious model (except when we have

a strong theoretical reason for positing differences between groups of, as noted in the sec:

tion on Metric Regression Coefficients earlier in the chapler, when we suspect the posgj- &
bility of omitted variable bias). That is, in general we should prefer a more complicated
model only if it does a significantly better job of explaining variability in our dependen; -
variable, acceptance of abortion. We decide on the preferred model by comparing the -
variance explained by each model. If a more complicated model explains a significantly
larger amount of variance in the dependent variable, we accept that model; if it does net,

we accept the simpler model. (This is the classical, or frequentist, approach. The next

section provides an alternative appreach to model assessment based on Bayesian notions, -

a comparison of B7Cs.)

We begin by comparing the first and third models. That is, we confrast a model that -

assumes thai there are no religious differences in acceptance of abortion but only edu-
cational differences with a model that assumes that the relation between education and
acceptance of abortion differs across religions groups. To assess the significance of the
difference in R?, we compute an F-ratio:

_ (& - RO /m
(I-ROHHN—k-1)

(6.19)

where  is the variance explained by the larger model (here, Equation 6.18); R is the
variance explained by the smaller model (here, Equation 6.16), & is the number of cases;
& 1s the total number of independent variables in the larger model; m is the difference in
the number of independent variables between the larger and smaller model; the numera-
tor degrees of freedom = m; and the denominator degrees of freedom = N — k — 1. In our
numerical example we have

(097 —.053)/6

= =11.96
(1-.097y/1481-7-1)

(6.20)

with 6 and 1,473 degrees of freedom. To determine whether this F-ratio is significant, we find
* the p-value corresponding to the numerical value of the F-ratio with the specifisd numerator
and denominator degrees of freedom. If our p-value is smaller than some critical value (05 is
conventional), we reject the null hypothesis (Model 1) in favor of the alternative hypothesis
(Model 3). In the present case that is what we are led to do because F AT 11.%6, which
implies p < (J0CO).

t’rbductign to Multiple Correlation and Regression {Ordinary Least Squares)

GEWgNG ;@“VALUES VIA S5TATA uwl fairly recently, the way

- values were cbtained for hand computations such as Equation 6.20 was to look them up in
fatistical tables of the kind found at the back of many statistics texts. This is no longer neces-
sary and is NOW something of an old-fashioned approach. Stata provides a set of built-in statis-
+ical tables, including a table of probabilities associated with specific F-ratios. The probability
fbr a given F-ratio can be computed by executing the command, -display fprob(df I,
af 2,F) -, where df_7 is the numerator degrees of freedom, of_2 is the denominator
: gTrees of freedom, and F is the calculated F-ratio).

B

USING STATA TO COMPARE THE GOODNESS-OF-FIT
OF REGRESSION MODELS  1he rtest for the increment in &2 equiva-

lent to the Wald test that the coefficients for the set of variables that are included the larger
model but not in the smaller model are not significantly different from zero. Thus software
.-_that implernents the Wald test as a post-estimation command {for example, ~test- and
-testparm- in Stata) can be used to carry out the F-test. It also can be shown that when a
single varlable is adced to a regression equation, the t-ratio for the additional variable equals
““the square root of the F-ratio for the increment in A2, and the t and F-ratios have identical
- probability distributions. Thus, when two equations differ by a single variable, they can be
“eontrasted simply by inspecting the significance of the f-ratio, which is reutinely provided as
part of the regression output.

®

- Having determined that we cannot posit a single model of the relation between
education and abortion acceptance for all religious groups, we next investigate whether
s necessary to posit religious group differences in the relation between education and
abortion acceptance or whether there are simply across-the-board differences between the
ligious groups in their acceptance of abortion but a similar relation between education
and abortion acceptance for all groups; that is, we ask whether both the slopes and inter-
epts differ across religious groups or whether only the intercepts differ? To answer this
question, we contrast the &2 for Model 3 (Equation 6.18) and Model 2 (Equation 6.17},
cstimating an F-ratio using Equation 6.19. For cur current numerical example, we get

097 —-.089)/3

= (09 %) =435 6.21)
(1097 L481-7-1)

with 3 and 1,473 degrees of freedom. Because F

W a1 — 435, which mmplies p = .0046, we
_teject the null hypothesis that the relationship between education and abortion acceptance



is the same for all religious groups but that the groups differ in their across-the-board

* acceptance of abortion in favor of the alternative hypothesis, that the relationship between
education and abortion acceptance differs across religious groups. Thus, in sum, our pre-
ferred model is one that posits that both education and religion affect abortion attitades
and that the effect of education varies by religion (and, necessarily as well, that the effect
of religion varies by education).

Modal 2

Rodel 3

th ror Noné. - -

Note: Model 3" is identical to Model 3 except that in Model 3 years of schooling (education) is expressed as
& deviation from the mean years of schooling.

o The conventional practice is to report the estimated coefficients for each model, not
merely the preferred model. These are shown in Table 6.3

Letus see how to interpret each of these models. Model 1 s just a two-variable regres-
lon equation of the sort we encountered in the previous chapter; nothing further needs to
said here. As we have noted, Model 2 posits the same relationship between education
and abortion acceptance for all religious groups but across-the-board differences between
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religions groups in the level of acceptance of abortion among those who have a given leve] '
of education. What is meant by an “across-the-board” difference is clarified by writing oyt
Equation 6.17 separately for each religious group. For Protestants, we have

HOW TO TEST THE SIGNIFICANCE OF THE DIFFER-
ENQE BETWEEN TWO COEFFICIENTS  there may be occa-

ns in which an analyst wants to assess the significance of the difference between two
secific categories of a dummy variable dlassification. In this case, [t is possible to make use
the formula:

A=a+bE) (6.22)

For Catholics, we have t=15 = b)/varlb) + varl) — 2covb b))

where &, and b, are the two coefficients being compared. Most statistical packages permit
he estimation of the variance-covariance matrix of coefficients. Of course, in these days of
high-speed computing, it probably is easier to simply reestimate the model, redefining the
reference category. Stata provides an even easier way to compare coefficients, by computing

a\Watd test that b, = bj_

A=a+bE)+e, =(a+ec,)+bE) : (6.23)

For fews, we have

A=a+B(E)+c, = (a+e)+BE) (6.24)

For Others, we have When inferaction terms are involved, the requirements are even more siringent.
only must the significance of all of the associated coefficients be assessed simul-
ously, but the coefficients themselves must be interpreted together rather than
d_widually. Consider Model 3, which includes interaction terms between education
d religious group membership. It helps to write out Equation 6.18 separately for
religious group.

~

A=a+bE)+e, ={ate)tBE) (6.25)

From Equations 6.22 through 6.25 it is evident that Model 2 (Equation 6.17) implies
that the religious groups differ in their intercepts but not in the slopes relating education
to abortion acceptance. If Model 2 were our preferred model, we could conclude that
each year of education resulted, on average, in a .125 increase in abortion acceptance for
people of all religions, so that, for example, college graduates (sixteen years of schooling)

For Protestants, we have

~

A=a+b(E)

would be expected to accept abortion for one reason more than would those of the same =2.18+.155(E) (6.26)
religion with only a primary school education (eight years of schooling). And we would :
| expect Jews to agree that abortion ought to be permitted for .3 reasons more than Prot- For Catholics, we have
estants, on average, and Catholics to agree .4 times less on average than Protestants. In '
: short, interpretation of the coefficients for Model 2 is straightforward, and the net effects A=a+b( E)+c, +d,(E)
of education and of religious group membership can be assessed separately. However, .
although the size of the coefficient for each religious group can be interpreted individu- =(atc,)+Hb+d)E
ally, it generally is not meaningful to assess the significance of individual coefficients =(2.18+1.06)+ (155 —.121)E (6.27)
because each coefficient indicates the difference between the expected value for the given
category and the expected value for the omitted category, net of all other factors. There- =3.24 +.034(£)
fore, a significant ¢-ratio merely indicates that a coefficient is significantly different from
the implied coefficient of zero for the omitted category, and which coefficients are shown or Tews, we have
' as significant in one’s computer output is entirely dependent upon the choice of omitted, A=a+WE + ¢ + dy(E)
or reference, category. Thus, the appropriate procedure is to assess the significance of the
entire set of dummy variables representing a given categorical variable by computing an ={a+to)+(b+d;)E 6.28)

F-test of the increment in R? for models including and excluding the set of dummy vari-
ables corresponding to a single classification (or equivalently, the Wald test that the set of
coefficients is jointly = 0).

= (2.18 +3.20) + (.155 — .140)F
= 5.38 + .015(F)
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For Others, we have

~

A=ag+bE)tc, +d,(E£)
={a+c )+ B+d)E
={(2.18+.53) + {155+ .01d)E
=271+ 141{E)

Again, it 1s evident from Equations 6.26 through 6.29 that Equation §.18 allows both

the slopes and the infercepis to vary between groups. The coefficients associated with the'

dummy vartables, the ¢ s, indicate the differences in the intercept between the reference
category and each of the explicitly included categories whereas the coefficients associated

with the interaction terms, the 4 s, indicate the differences in the effect of education (the

slope) between the reference category and each of the explicitly included categories.
From Hquations 6.26 through 6.29 it should be clear that for equations of the form of
Eguation 6.18, no overall summary of the effect of a variable (in this case education or
religious group membership) is possible but only the effect of each combination of edu-
cation and religious group membership. Specifically, the coefficient .155 in Model 3 of

Table 6.3 (and in Equation 6.23) does not refer to the overall effect of education but rather |

to the effect of education among Protestants; and so on for the other coetficients.
Because Equation 6.18 is a saturated model—it includes all possible interactions
among the independent variables {in the present case, all possible interactions between

education and the religious group categories}—it 1s mathematically equivalent to estimat-

ing separate equations for each religious group. Equations 6.26 through 6.29 show this
equivalence: the coefficients resulting from rewriting Equation 6.18 as Equations 6.26
through 6.29 and collecting terms are identical to the coefficients obtained by estimnating

the equation separately for each religious group (you might want to persuade yourself

of this by carrving cut the computation both ways). The advantage of estimating Equation
6.18 is that it permits an explicit test of the hypothesis that the groups differ, through the
F-test shown as Equation 6.19. Because the conversion of Equation 6.18 to Equations
6.26 through 6.29 is a fairly tedious hand operation, especially when the number of vari-
ables is large, we often estimate equations of the form of Equation 6.18 to obtain the B?
required for the F-test (or the coefficients required for the Wald test) but then estimate
separate equations for each group and report them in a separate table.

From Table 6.3, and even from Equations 6.26 through 6.29, it is difficult to interpret
the relationships among religion, education, and abortion attitudes. With equations of
this sort, graphing the relationships is often useful. Figure 6.3, which can be constructed

.in the same way as Figure 6.2 (see the downloadable -do- or -log- file for details),

shows the level of abortion acceptance expected from education and religious group
membership. Inspecting the graph, it is evident that Jews are highly accepting of abortion
regardless of their level of education, that Catholics are relatively unaccepting of abor-
tion regardless of their level of education, and that abortion acceptance varies strongly by
education for Protestants and “Others,” with the poorly educated similar to Catholics and
the well educated similar to Jews.

(6.29) :

hd
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- Protestants
—g=(_atholics
e JEVS
=&-- Other/none

MNumber of pro—choice responses

T T T T T T T T T T T

T
10 12 14 16 18 20
Years of school completed

. “. Acceptance of Abortion by Education and Refigious
enornination, 1.5, Adufts, 1974 (N = 1,481).

expressing Variables as Deviations from Their Means

:'paﬁ from graphing the relations among variables, as in Figure 6.3, we can use one other
svice to render the coefficients in models containing interaction terms more teadily
nferpretable—we can reexpress the continuous variables as deviations from their
means—just as we saw in the earlier example predicting knowledge of Chinese charac-
“ters. The advantage of doing this here is that the group effects (the main effects of the
- dummy variables for groups) can then be interpreted as indicating the expected differ-
nces among groups with respect to the dependent variable for persons who are af the
average with respect to the interval-level independent variables or variables.

In the present context, this means reexpressing years of school completed by sub-
acting the sample mean from each observation. (The reexpressed coefficients are shown
‘in Table 6.3 as Model 3'.) The intercept then gives the expected value on the abortion
cale among Protestants with average education {where the mean is computed over the
‘entire sample, not just Protestants). The coefficients associated with each of the dummy
‘variables then give the difference in the expected level of pro-choice sentiment between
Protestants and the specified category among persons with average education. Note that
he slope associated with years of schooling (which, as noted, gives the effect of school-
ng for Protestants) is unchanged, as are the coefficients associated with the interaction
terms; only the group intercepts change. However, the interpretation of the coefficients is
greatly facilitated: we see that among those with average education, Protestants endorse
“about 4 of the 6 abortion items on average, Jews an additional 1.5 items, “Others” an addi-
- tional .7 items, and Catholics about 4 items fewer. We also see that each additional year
“of schooling increases the expected endorsements of Protestants by .155, and of those
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without religion by about the same amount because the difference in the slopes is g'my-'
.014; by contrast, education matters little for Jews and Catholics because the deviationg
from the Protestant slope are negative and almost as large as the Protestant slope.

Testing Additional Hypotheses: Constraining

Coefficients to Zero or to Equality

Inspecting Figure 6.3, we might be led to infer that education has no effect on abortion
attitudes for Catholics and Jews and the same effect for Protestants and “Others.” How
can we formally test the correctness of our inference? We can do this by estimating an
equation of the form:

A=a+ Y bR +c(ER +ER,) (6.30)

=13,4

where, in this case, Catholics are the omitted category. To see bow this equation repre-
sents the particular hypothesis of interest, we can again write out Equation 6.30 sepa-
rately for each religious group.

For Protestants:

A=(a+b)+c(E) 6.31)
For Catholics:
A=a (6.32)
For Jews:
A=a+b, (6.33)
For Others:
A=(a+b)+c(E) (6.34)

As is evident from inspection of Equations 6.31 through 6.34, under the specification
- of Bquation 6.30 each religious group differs in the intercept; the slope relating educa-
tion to abortion acceptance is zero for Catholics and Jews; and the slope is identical for
Protestants and “Others” To test whether this constrained specification is an adequate
representation of the data, we cannot compute the increment in R for Model 3 relative
to Model 3" because the two models do not stand in a hierarchical relationship to each
other: there is no main effect for education in the constrained model. So, what to do?
Fortupately, a solution is available.

oduction to Multipie Corrslation and Regression {Ordinary Least Squares)

pAYESIAN ALTERNATIVE FOR COMPARING MODELS

can exploit an alternative way of contrasting models, the Bayesian Information
ﬂtéﬂon (BIC), introduced into the sociological literature by the statistician Adrian
aftery for log-linear analysis (1986) and generalized to a variety of applications in
mportant article in Sociological Methodelogy (1995a; see also the critical com-
ent by Gelman and Rubin [1995], the appreciative comment by Hauser [1995], and
aftery’s reply to both [1995b], and alse the February 1999 issue of Secielogical
ethods and Research, which is devoted entively to an assessment of BfC). In a sense
‘operates on the opposite principle from classical tests of significance. It is a like-
od ratio measure that tells us which model 1s most likely to be true given the data
“a brief introduction to maximum likelihood estimation, see Appendix 12.B); clas-
cal inference, by contrast, tells us how likely it is that the observed data could
ave been generated by sampling ervor given that some theoretical model (the null
othesis) is true.

"BIC has three important advantages over the F-test introduced previously. First,
ke the F-ratio, BIC can be used to compare nonhierarchical modsis. Any two models
-.pu;poﬁing tor describe the same phenomenon can be conirasied. Second, BIC builds in
rrection for large sampies whereas if the sample is large enough virtnally any incre-
ment in R* will be significant, no matter how small and substantively unimporiant. A
ger increment in &* is required to generate a particular BIC value for large samples
y would be required for small samples. Thus, BIC reflects the conventional advice
hoose a smaller probability value when the sample is large. Third, BIC penalizes
ge models. That is, if it takes the introduction of many additional variables to gener-
much of an increase in R?, BIC is more likely than the F-test to lead us to prefer
the simpler model. There are several specific ways to caleulate BfC, depending on the
tcular statistic being analyzed. To compare regression models, we can use Raftery’s

BIC, = N[In(1— R)] + p,[In(N)] (6.35)

here R’ is the value of R* for Model &, p, 15 the number of independent variables for
Model k, and N = the number of cases being analyzed. A negative value of BIC indicates
.that a specified model is more likely to be true than the baseline model of no asscciation
between the independent variables and the dependent variable. To compare two models,

we estimate BIC for each of them and choose the model with the more negative BIC.

Raftery {19954, Table 6) gives a rule of thumb for comparing £/Cs: a BIC difference of
0'to 2 constitutes “wealk” evidence for the superiority of one mode} over another; a differ-
ce of 2 to 6 constitutes “positive” evidence; a difference of 6 to 10 constitutes “strong”
idence; and a difference of >10 constitutes “very strong” evidence. However, because
BIC tends to increase as the sample size increases, Raftery’s rule of thumb is most appro-
priate for relatively small samples.

. To see how BIC is used, let us compute BiC values for the three models shown in
Table 6.3. For Model 1, we have
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ALTERNATIVE WAYS TO ESTIMATE BIC

statistic, there are alternative versions of BIC. | prefer Raftery’s formulas because they build in
a comparison to a baseline model. Thus, | have written a small ~-do- file, ~bicreg.do-, to
calculate BIC following Raftery:

Even for a given

*BTCREG.DO (Updated for Stata 7.0 11/11/01.}
versicn 7.0

*Compute BIC from saved results from regression.
gern bic=e{(N)*In(l-e{r2))+e(df_m)*ln(e(N)}

*Note: BIC ig the same for all observations. Thus, I can
*1ist BIC for any observation.

list bic in 1

drop bic

Invoke -bicreg- immediately following your regression command. However, Stata 10.0
now offers 8iC as a post-estimation statistic, To have Stata calculate BIC without using
my -do- file, invoke the command -estat ic- immediately following your regres-
sion command. The numerical vatue of each 8/C will differ from mine, but the difference
between the BICs for alternative models will be identical regardless of which version of 8/C
is calculated.

BIC, = 1481*In(1 — .053) + 1*In(1,481) =—734
For Maodel 2, we have

BIC, = 1,481¥Ia(1 — .089) + 4*In(1,481) =-—108.4 (6.37)
For Model 3, we have

BIC, = 1481*In(1 — .097) + 7*In(1,481) =—100.3 (6.38)

From a comparison of the BICs tor the three models, we are led to conclude that the

data are most consistent with Model 2, which posits the same effect of education on abor-

tion attitudes for all religious groups and an across-the-board difference (that is, a differ-

ence that holds at each level of education) in abortion acceptance for the various religious

groups. From the size of the BIC differences, we conclude that the data “very strongly”
favor Model 2 over Model 1 and “strongly” favor Model 2 over Model 3.

Note that these results are inconsistent with the results we obtained previously through

a comparison of R?s via an F-test. What are we to make of this? There is no defimitive

(6.36) .
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er. My advice is, first, go with theory. If you have a theoretical reason to prefer one
| over the other, choose that one. This advice is consistent with one of Weakliem’s
9] criticisms of BIC—that BIC assumes a “unit prior.” BIC is an approximation of the
< factor, which involves a comparison of the posterior likelihood of models, where
osterior likelihood is simply the product of the data likelihood and the researcher’s
The researcher then chooses that model with the greatest likelihood; that 1s, the
model that has the highest probability of being the true model given the researcher’s pri-
< and the data” (Wmshlp 1999a, 356). If there is no clear reason to expect a departure
< the null hypothesis, a “unit prior”—which amounts to saying we have little informa-
abeul the likely outcome-—is appropriate. But if we have strong theoretical reasons to
t a relationship, BIC can be too conservative. In this case, classical inference would
to be the preferred tool unless we were to modify BIC in ways that go beyond tlus
. We will discuss likelihoods in Chapters Twelve and Thirteen.
bsent a strong theory, go for parsimony, which is what BIC generally does. In the
ent case, I would be inclined to prefer Mode! 3 becanse 1 think there are good rea-
ons to expect Catholics and Jews to have consistent reactions to abortion regardless of
ir level of education (Catholics because abortion is prohibited by the Church and Jews
anse—siill in 1974 even if less so today—the Jewish compunity was socially liberal,
Jews lacking education tended to be immigrants who had the values of educated per-
s) and to expect Protestants and Others to be more accepting if they are better educated
ecause of the increasing sophistication that education brings). But if I did not have a
t:ong, coherent, explanation for the religious difference, I would then prefer Model 2.
" 'We can, of course, also compute BIC for the constrained model derived from the data:

BIC, = 1 481*In(1 — .096) + 4*In(1,481) =—12L.0

fhich is more negative than the BIC for any of Models 1 through 3 and thus “very
trongly”” suggests that, for these data, the constrained model is to be preferred.

NDEPENDENT VALIDATION

ote that I said that for these data the constrained model is to be preferred. This is because
e arrived at 2 new preferred model based on our inspection of the data rather than from
prior theory. Thus, we are vulnerable to the possibility that we are simply capitalizing
sampling error. To arrive at a definitive preference for the constrained model, we need
show that it is the preferred model in an independent data set. If our sample size per-
mitted, we would want to carry out all of our exploratory analysis using half of the data
nd then to reestimate our final model (and its competitors) using the other half of the
ata, The GSS provides a close approximation to this ideal because it repeats identical
stions in successive surveys conducted using the same sampling procedures. Thus, it
 reasonable to treat adjacent surveys as independent samples drawn from the same pop-
lation, at least for phenomena not subject to short-term fluctuation, The implication of
this is thal we can carry out all of our exploratory analysis for one year and then use the
ata from the previous or subsequent year to validate our cenclusions.
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Here we can exploit the GSS§ in just this way, reestimating the four models of -
pro-choice attitudes using data from the 1973 GSS. Insofar as we can assume that abor-
tion attitudes did not change in the population between 1973 and 1974, reestimating
the models using the data from 1973 constitutes an independent test of the claim that the
“constrained” model is the preferred model. Table 6.4 shows BIC and R values based on
the 1993 data for all four models and contrasts between models wherever meaningful and
appropriate. The outcomes are, in fact, just the same as for 1974: Model 3 is preferred::
to Model 1 and Model 2 by the criteria of classical statistical inference, whereas by the
BIC criterion Model 2 is preferred to Model 3; and by the BIC criterion the constrained
model is the most preferred. Thus, we can conclude that our preference for the con- '
strained model, derived from inspection of the data, is valid.

WHAT THIS CHAPTER HAS SHOWN

In this chapter you have learned how to carry out multiple regression and correlation
analysis and how to interpret the resulting coefficients, considering a worked example on
the determinants of literacy in China. We then focused on the manipulation of dummy

ntroduction to Multiple Correlation and Regression (Ordinary Least Squares) =7

i

ariables (sets of dichotomous variables that represent categorical variables), including

ecially interactions between dummy variables and other variables, using as a worked

ample an analysis of attimdes regarding the acceptability of abortion. We also considered

to use 4 goodness-of-fit measure, BIC, as an alternative to the conventional goodness-

£.fit measures used in classical statistical inference. Using these tools, we explored a
trategy for comparisons of subgroups, which enables us to decide whether a particular
ocial process is similar for different groups (for example, those based on race, religion,
sider, and so on). Finally, we touched on the desirability of validating results using an
dependeni data set, and saw how to do this when using the GSS, which is a set of repli-
ted cross-sectional surveys,

In the next chapter we consider various ways of specifying multiple regression equa-
s to increase their flexibility and hence the precision with which they can be used to

Jore substantive ideas in the social sciences.



WHAT THIS CHAPTER IS ABOUT

his chapter presents various “tricks” for dealing in a multiple regression framework
vith specific analytic problems faced by social researchers. The Stata -do- and -1log-
iles for all the worked examples in this chapter are available as downloadable files. Spe-
ifically, we consider nonlinear transformations of both dependent and independent
variables; ways to test the equality of coefficients within an equation; how to assess the
ssumption of linearity in a relationship, with a trend analysis as a worked example; how
to construct and interpret linear splines as a way of representing abrupt changes in slopes;

lternative ways of expressing dummy variable coefficients; and a procedure for decom-
osing the difference between two means.
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NONLINEAR TRANSFORMATIONS

Often when doing regression analysis, we have reason to suspect that the a:elationship
between particular independent variables and the dependent variable is nonlinear. Hence,
an estimate of the linear relationship between the independent and dependent vm-iableg'
would not properly represent the relationship in the sample under study. You have seen an
example of this kind in {c) of Figure 5.4 in Chapter Five, which shows a perfect parabolic
relationship between two variables but which produces a slope and correlation of zero
when estimated by a linear regression eguation. Fortunately, there is a simple solution to
problems of this kind—you can transform one or more variables so that the dependent

variable is a linear function of the independent variables Here are several examples,

together with some interpretive tricks.

Curvilinear Relationships: Age and Income

I cross-sectional data income commonly increases with age up to a point in the middle -
of the career and then begins to fall. A reasonable way to represent this is to estimate an -

equation of the form

V= a+ bA) + c(4?
where Y = annual income, A4 = age, and A* = A¥A.

In the 2004 General Social Survey (GSS), the estimated values for this equation are
(for people age 20 to 64 with information on personal income; N = 1,573; the open-
ended upper interval—$110,000 per year or more—was recoded to $150,000; the remain-
ing income intervals were recoded to their midpoints):

¥ = —49,139 + 3,777(4) — 3595(4%; R?*= 084 (7.2)

which can be represented graphically, as shown in Figure 7.1.

WHY THE RELATIONSHIP BETWEEN INCOME AND AGE
IS CU RVILINEAR  rhere are several possible explanations for the curvilinearity of the

relationship between income and age, of which the two major ones are the following:

s Fconomists argue that productivity increases with age up to a point and then falls;
sociologists sometimes make similar arguments but also point out that various institu-
tional factors, such as the greater difficulty older workers have in returning to work after
layoffs, result in the same observed pattern.

o The cross-sectional observation may simply be an artifact of a cchort progression of
earnings, with successive cohorts earning more at any given age than their seniors, and
the earnings of all waorkers continuing to rise throughout the career.

(7.1

Lxpected income in 2003

T T T T T T T T T T T T

20 24 28 32 36 40 44 48 52 56 60 &4
Age in 2004

i The Refationship Between 20032 Income and Age, 10.5. Adults
Twenty to Sixty-Four in 2004 (N = 1,573),

From the graph we see that in 2003, people age twenty tended to earn about $12,000
per year, and that earnings were highest among those around age fifty-two, peaking at
_ab’out $50,000 per year. Without the graph, however, interpretation of Equation 7.2 is dif-
ficult because the coefficients themselves do not have a straightforward substantive
igterpretati on. It is possible, however, to rewrite Equation 7.1 in such a way as to vield a
direct mterpretation. It can be shown that in the equation
Y=m+ c(F — A (7.3)
_where_ m = a — b/4c and F = —b/Zc¢ (with the coefficients on the right side taken from
_%Equatmn 7.1}, m is the maximum income, and £ is the-age at which the maximum income
18 attained. In the present case, the numerical estimate of Equation 7.3 is
Y = 50,066 — 35.95(52.53 — Ay, R'= 084 (7.4)
eq‘lations 7.2 and 7.4, of course, yield the same graph because they are equivalent
expressions. But Equation 7.4 also tells us precisely that the peak income is $50,066 and
that this peak is attained between fifty-two and fifty-three years of age (precisely, 52.53).
An equivalent transformation is possible for an equation containing additional inde-
pendent variables. Consider an equation of the form

A

Y=a-+ b(4) + ¢(AY) + 42} (7.3)
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where Z is some other independeni variable, and the remaining variables are as before,
We cogld then represent the relation between A and ¥, net of Z, by substituting the meay
of Z, Z , sothat g

o, subtracting,

(¥ —In(%) = (a —a)+ X, — X)) =b (7.12)

7 = (a+ d(Z)) + BA) + c(A?) (7.6) put we know from the properties of logs that

In(Y) — In(¥)) = In(¥ /Y¥)) {1.13)
or, equivalently, .
So we have
Y = m+ co(F — AP (7.7)__ M) —_— (7.14)

where, in this case, Then, exponentiating both sides (that is, making each an exponent of ¢), we have

m={a+dZ)— bldc (7.8y ;?171}; — b (7.15)

and F is as before. ow let us look at the relationship of b to ¢ for various values of b.

Semilog Transformations: income

A nseful transformation when predicting income is the semilog transformation; that is, instead
of predicting income, we predict the natural log of income. This has three advantages.

First, economic theories about what generates income tend to make predictions in
terms of log income. Specifically, human capital theory takes income as determined by an -
investment process (Mincer and Polachek 1974). Hence, insofar as we take such theories .
seriously or are interested in testing them seriously, we probably should predict income
in its log form.

Second, income tends to be distributed lognormaily in the United States and other :
advanced industrial societies, so the log of income is distributed normally, a convenient
propetty.

Third, and most important, when the dependent variable is in (natural) log form, the
metric regression coefficients can be interpreted as indicating approximately the propor-
tional increase in the dependent variable associated with a one-unit increase in the inde-
pendent variable, for & less than about 0.2. To see this, consider the equation

b b b et

0.01 1.01 —0.01 0.99
0.05 1.05 —0.05 0.95
0.10 1.1 -0.10 0.90
0.15 1.16 —-0.15 C.86
0.20 1.22 —0.20 0.82
0.30 1.35 -0.30 0.74
0.40 1.49 -0.40 0.67
0.50 1.65 —0.50 0.61

We see that for & less than about 10.2], b is a good approximation to the expected pro-
tional increase in Y for a one-unit increase in X, For larger values of &, b underesti-
ates the proportional increase in ¥.

To see how to interpret such results, consider the effect of education and hours
orked on In(income), by sex, using the 2004 GSS. We estimate a ruodel of the form
n(r) = a + b(X) (1.9) () = a + BE) + c(H) + d(M) (7.16)
here I = income in 2003, E = years of school completed, H = hours worked per week,
M = 1 for males and = 0 for females. (Note that although the present analysis is
ricted to people with incomes, it is common to add a small constant, say 1, to the
alue of the dependent variable to ensure that zero values are not dropped; such trans-
ormed variables are known as “started logs™ [Tukey 1977]. See the discussion of iobit
nalysis in Chapter 14 for an alternative way of dealing with zero vaiues.) The estimated
_equation, based on 1,459 cases with complete data, is

Now consider two individuals who differ by one unit with respect to X; that is,
X=X +1.Then

In(¥) = a + b(X,) _ (7.10)
and

In(%) = a + b(Xy) (7.11) In(7) = 7.41 + 125(F) + .0207(H) + .335(M); R2=.257 (7.17)
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This equation teils us that each year of schooling would be expected to increase -
income by about 12 percent, within gender categories, among those working an equal :

number of hours per week. Correspondingly, each additional hour worked per week
would be expected to increase income by 2.1 percent, within gender categories, among
those with equal education. Finally, among those with the same education working an
equal number of hours, men would be expected to earn about 40 percent more than
women. Here the coefficient understates the male advantage because ¢ = 1.398. This

reminds us that the & may only be directly interpreted as indicating the expected percent.

age increase for & < 10.21. For larger bs, we should actually calculate the exponent.

Negative coefficients have the same interpretation. For example, a coefficient of —0.05 -

indicates that a one-unit increase in the independent variable would be expected to yield a
5 percent decrease in the dependent variable; that is, the expected value of the dependent

variable would be 95 percent as large. Also, for & < —0.2, the percent ioss will be smaller

than implied by the coefficient. So, again, we should compute the exponentiated value,
Note that the equation expresses a linear relationship between the independent vari-

ables and the natural log of income, not income itself. This is evident from inspection of

a graph of the relationship between education and In{income), evaluated separately for
males and females at the mean number of hours worked per week by all workers, males
and fernales combined (42.67). The relationship is, of course, linear and the expected val-
ues for the two sexes differ only by a constant, as shown in Figure 7.2.

However, when we graph the expected relationship between income and education,
the relationship is curvilinear and the lines are no longer parailel (Figure 7.3).
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Suppese we have an equation involving a logged dependent variable and squared
erms for some of the independent variables. How can we interpret the coefficients?
Consider the equation

IY) = a + b(X) + o(X — ky? (7.18)

o(1n(¥))

> (7.19)
HX)

= p+ 2cX — 2ck

ATRICK TO REDUCE COLLINEARITY A potential problem of exces-

sive collinearity arises when a variable and some monotonic transformation of it are hoth in the
same equation because such variables tend to be highly correlated. To reduce collinearity betwesn
a variable and its square, analysts sometimes subtract a constant before sguaring. it can be shown
hat subtracting &/2, where b is the slope. of the regression of X2 on X, renders X and (X — b/2)?
orthogonal {see Treiman and Roos 1983, 621).
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The first derivative gives the slope of a straight line tangent to the curve at the poigg
evaluated. Thus, evaluating the first derivative at the mean of X gives the partial slop
relating l(Y) to X at the mean.

However, because the function is not a straight line, the convenient interpretation of
coefficients in semilog equations as indicating the proportional change 1n ¥ for a unjt
change in X is not available. The difficulty is that the slope does not take account of the.
curve in the function. However, we can derive an algorithm that will do this. Consider
Equation 7.18 for two values of X, X and X, where X, = X, + 1. Then we have

ahility Effects

g?p':ose we want to test the Durkheimian hypothesis that extreme social mobility, either
yard or downward, leads to anomie. If we are willing to consider the effect of upward
agwnward mobility as symmetrical, we might estimate an equation of the form

~

A=a+b(P,)+c(P)+dP— P) (7.26)

here A = the score on an anomie scale, PF = the prestige of the respondent’s father’s
.QﬁpaEiOn, and £ = the prestige of the respondent’s occupation. (Note that this specifi-
qeion of the hypothesis assumes that it applies fo intergenerational mobility, that
ypational mobility is a good indicator of social mobility and prestige a good measure
occupational status, and that extreme mobility should be most heavily weighted—by
gring the difference. In a substantive analysis, all of these assumptions need to be jus-
fred explicitly, not merely presented without justification.) A significantly positive coef-
nt 4 indicates that anomie increases as the discrepancy between respondent’s and
father’s occupational prestige increases, controlling for the level of both respondent’s
d father’s prestige. Thus d indicates the effect of mobility per se, controlling for the
ct of status level. It is necessary to conirol for status level because anomie may be
ated to origin or destination status entirely apart from any effect of mobility.

Of course, many other transformations of variables can be used to represent different
woclal processes. For some examples, see Goldberger (1968, Chapter. 8), Treiman (1970),
d Stoltzenberg (1974, 1975).

n(Y) = a + b(X,) + e(X, — k)2 (7.20)

and

(Y, = a + b(X,) + c(X, — kP (721

or

In(Y;) = a + b(X, +1) + c((X, + 1) — k) (722)

Then, sublracting Bquation 7.29 from Equation 7.22, we have

TESTING THE EQUALITY OF COEFFICIENTS

etimes sifuations arise in which we want to determine whether two coefficients
Wwithin the same equation are of equal size. You have already seen an example in the pre-
s chapter, in the discussion of Equation 6.30. Here we consider an additional exam-
ple. Suppose we are interested in assessing the effect of parental education on respondent’s
g__ducation and, n particular, in deciding whether the mother’s or the father’s education
has a stronger effect. The hypothesis that educational transmission through the mother
s stronger than through the father arises from the cbservation that mothers spend more
time with their children than do fathers and hence are putatively more important socializ-
ing agents. The alternative hypothesis, that the father’s education has a stronger effect,
__rives from the claim that the father’s socioeconomic characteristics largely determine
the family’s sociceconomic status. Because education involves opportunity costs, it may
¢ll be that those whose fathers are poorly educated will be more likely to lsave school
a__E_]y to switch from being a drain on the family financial resources to being an economic

In(Y,) — In(¥,) = b+ 2cX, — 2ck + ¢ (7.23)

But because

In(Y,) — In(Y,) = In(¥,/%) (7.24)

if we exponentiate both sides of Equation 7.23, we have

?27?1 = pbt2cX,~2ck+c) (7.25)

Thus, Equation 7.25 gives the expected proportional increase in ¥ for a one-unit
increase in X, evaluated for any given X. So, if we set X equal to its mean, Equation 7.25
gives the proportional increase in Y for two individuals who are at the mean and one point
above the mean on variable X.

Note that none of the preceding is affected by the presence of other variables in the
equation. In the presence of other variables, these are partial effects, net of the effects of
the other variables. For an application of this approach, see Treiman and Lee (1996).

- Armed with these two competing hypotheses, we might then estimate the regression
of years of school completed on father’s and mother’s vears of school completed. From
_t_h_e' 1980 GSS 1 estimated an equation of the form

P

E=a+BE,) + c(E,) (7.27)
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where E = respondent’s years of schooling, E, = father’s years of schooling, 'and
E, = mother’s years of schooling. (I chose the 1980 88 dara to illustrate how o test the
significance of an apparent true difference. The 2004 data yield virtually identical coef:
cients for mother’s and father’s education. Assessing cross-temporal trends in the relatjye
effects of parental education and the reasons for such trends might vield an mEeresnng

paper.) Bstimating Equation 7.27, with N = 985, yields

E=787 + 209E) + 26%E,); R = 313 (7.28)

This result appears to support the claim that mother’s education has a somewhat stron

ger effect on educational attainment than does father’s education. Tt is possible, however, that
this result atises simply from sampling variability. How can we find out? The trick is to force -
the coefficients for mother’s and father’s education to be equal and then to assess whether the
R? for the unconstrained equation (7.28) is significantly lasger than the R* for the constrained -

equation. We constrain the coefficients to equality by estimaling an equation of the form:;

E=a+bE) (7.29)

where EP =E + K, Thus, we have

E=a+b(E)

=a+ BE, + E,) (7.30)

=a+ BE,) + b(E,)

Note that defining a variable as the sum of the years of schooling of the mother and.

father is equivalent, with respect to testing the hypothesis, to defining a variable as the
mean of the years of schooling of the mother and father. If the mean were specified,

the coefficient would simply double in size. [n the present case the sum is more readily .

interpretable because it retains the metric of the separate measures for mother and father.
Estimating the equation, we get

E=793+ 236(E,); R =312 (7.31)

Next we compare the two models. First, we do an F-test of the equality of the coeffi-

cients, which is equivalent to testing the significance of the increment in R, This can be -

done very easily in Stata by using the -test - command. In fact, we don’t even need to
constructthe constrained model. We simply issue the command - test paeduc=maeduc-
after estimating the unconstrained model. This yields an F-value of 1.40, which is not
significant (p = .236); note that because we have a two-tailed test (we have hypotheses

expecting either mother or father to have greater influence), the conventional significance .

level required to reject the null hypothesis is .025. An alternative way of comparing the
meodels is, of course, to compare the BICs for the two models. To do this we need. to esti-
mate the constrained model. The two BICs, estimated in the usual way, are
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. Unconstrained: —3554
—360.9

In this case both the BIC and the F-test favor the constrained moedel of no difference.
5 general strategy can be applied to a wide variety of substantive problems.

: 'Constrained:

gEND ANALYSIS: TESTING THE ASSUMPTION OF LINEARITY

he ‘(385 has matured, it has become an increasingly valuable resource for the study of
s-temporal trends. Because many questions have been asked in exactly the same way
s the first GSS was conducted in 1972, it is possible to pool the data from all years to
va variety of trends. Moreover, if ne cross-temporal variations are detected, the data
11 years can be (reated as a sample of the U.S. population in the late twentieth century
erate sufficient cases to study relatively small subsets of the population.

e simplest trend model (apart from the limiting case of no trend) is that there is a
ar trend over time with respect to the outcome of interest. As a first step, it is useful to
ntrast such a model with a model that posits year-to-year variations in the outcome—
Hat Sorokin many years ago (1927) described as “trendless fluctuations.” To do this, we
timate two models:

Y=a+bT (7.32)
- J
Y=da+bT+) cT, (7.33)
=2

here T is a linear representation of time (here, the year of the survey), and the 7' are
mmy variables for each year the survey was conducted; note that two dummy variables
must be omitted because the linear term uses up one degree of freedom. We then compare

: two models in the usual way, via an F-test of the significance of the increment in &*
id a comparison of BIC values. A convenient way to do the first in Stafa is to estimate
ation 7.33 and then to test the hypothesis that all the ¢ equal zero, via 2 Wald test
g Stata’s -tesgt- command. (Note that Equation 7.33 is simply a different
meterization of an equation in which the linear term is omitted and only the dummy
variables are included. The coefficients will, of course, differ. But the predicted values,
R and BIC will be identical.) If we conclude that no simple linear trend fits the data, we
ght then posit either a model with a smooth curve by including a squared term for T, or
odel that tries to model particular historical events by grouping years into historically
aningful groups and identifying each group (less one) via a dummy variable, or a
line model (see the section “Linear Splines™ later in the chapter). Because the variance
plained by Equation 7.33 is the maximum possible from any representation of time

(measured in years), the R associated with Equation 7.33 serves as a standard against

hich to assess, in substantive rather than strictly statistical terms, how close various
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sociologically motivated constrained models come to fully explaining temporal variation |

in the dependent variable,

Although, to simplify the exposition, T have not included any variables in the mode]
other than time, a model actually posited by a researcher typically wounld include a number
of covariates (other independent variables) and also, perhaps, interactions between the covari-
ates and the variables representing time. Exactly the same logic would apply to such an anal-
ysis as fo the simpler analysis just described; the logic Is also identical to the diznmy variable

approach to the assessment of group differences described in the previous chapter (although -

here the “groups” are years or, if warranied by the analysis, multiyear historical periods).

Predicting Variation in Gender Role Attitudes over Time:

A Worked Example

Four items on attitades regarding gender-role equality were asked in most years of the GSS
between 1974 and 1998. The four variables are shown here with the percentage endorsing
the pro-equality position, pooled over all years in which all four questions were asked:

Do you agree or disagree with this statement? Women should take care of run-
ning their homes and leave running the country up to men (74 percent disagree).

industry if she has a husband capable of supporting her? (77 percent approve).

If your party nominated a woman for President, would you vote for her if she
were qualified for the job? (84 percent say yes).

E

Tell me if you agree or disagree with this statement: Most men are better suited
emotionally for politics than are most women (63 percent disagree).

To form & gender-equality scale, I simply summed the pro-equality responses for the

four items, excluding all people to whom the questions were not asked and treating other .

nonresponses as negative values. The point of treating “don’t know” and similar responses
as negative values rather than excluding them is to save cases. But this would not be wise if
there were not substantive gronnds for doing so—in this case, it seemed reasonable to me to
treat “don’t know” as something other than a clear-cut endorsement of gender equality.

IN SOME YEARS OF THE GSS, ONLY A SUBSET OF RES-
. PONDENTS WAS ASKED CERTAIN QUESTIONS  users of

the GSS need to be aware that to increase the number of items that can be included in the
GSS each year, some items are asked only of subsets of the sample. A convenient way to
" exclude people who were not asked the guestions is to use the Stata ~rmiss- option under
the -egen- command to count the number of missing data responses and then to exclude
people missing data on all items included in a scale. However, in the current analysis | ex-
cluded all those who lacked responses on any of the four items because some, but not all, of

Do you approve or disapprove of a married woman earning money in business or

the questions were asked in some years.
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© fsnimating equations such as Hquations 7.32 and 7.33 suggests significant nonlinear-
fies in attimdes regarding gender inequality. The increment in R® implies F = 3.54 with
and 21,448 4 f., which has a probability of less than 0.0001. However, the BIC for the
near trend model is more negative than the BIC for the annual varability model
‘the BICs are, respectively, —959 and —871), suggesting that a linear trend is more likely
e the data. Because BIC and classical inference vield contradictory results, a sensible
fiext step 18 10 graph annual variations in the mean level of support for gender equality, to
.ss whether there is any obvious patiern to the nonlinearity. If substantively sensible
deviations from linearity are observed, the annual variation model might be accepted, or
:'1¢w model, aggregating years into historically meaningful periods, might be posited
(keeping in mind the dangers of modifying your hypothesss based upon inspection of the
data-—see the discussion of this issue ai the end of Chapter Si1x), or a smooth curve or
qpime function might be fitted to the data. Figure 7.4 shows both the linear trend line and
gm' al variations in the mean. Inspecting the graph, it appears that deviations from linear-
i are neither large nor systernatic. Given this, T am inclined to accept a linear trend
model as the most parsimonious representation of the data, despite the F-test results. The
inear trend is, in fact, quite substantial, implying an increase of 0.81 (= .0338%(1998 —
74y} over the quarter of a century for which we have data; this is about 20 percent of
he range of the scale and is about two-thirds of the standard deviation of the scale scores.
Apparenﬁy, support for gender equality has been increasing modestly but steadily
throughout the closing years of the twentieth century.

. Froma technical point of view, it may be helpful to compare the estimates implied by
the ewo alternative ways of representing departures from linearity: Equation 7.33 and the

==t | ingar trend
— Mean for year

Number of gender-egual responsas

T T T T T T T T T T T
1974 1976 1978 19280 1882 1984 1986 1988 1990 1992 1934 19‘96 19I98

Year of survey

# .4 Trend in Attitudes Regarding Gender Equality, U.S. Adults
rveyed in 1974 Through 1998 (Linear Trend and Annual Means; N = 21,464).
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alternative specification that does not include a linear term for year. When the linear terrm
is included, two dummy variable categories are dropped, rather than one, because the lin:
ear term uses up one degree of freedom. However, the two procedures produce Ldennc
results, which is evident from inspection of Table 7.1.

Unfortunately, there is no simple correspondence between the coefficients in equa.
tions of the form of Equation 7.33 and deviations from the predictions of the lineg:
equation. If you want to show annual departures from linearity, you need 1o construct g
new variable, which is the difference between the predicted values for each year from
Equation 7.32 and Equation 7.33. This is very easy to accomplish in Stata using the
-foreach- or ~-forvalues- command.

LINEAR SPLINES

Sometimes we encounter situations in which we believe that the relationship between twg
variables changes abruptly at some point on the distribution of the independent variable,
so that neither a linear nor a curvilinear representation of the relationship is adequa
For example, alcohol consumption may have no impact on health below some threshold;
whereas above the threshold health declines in a linear way as alcohol consumption increases;

Temporal trends also may abruptly change, as a result of policy changes, cataclysmic events

such as depressions, wars, revolutions, and so on. In cases of this kind, it is useful to repre-
sent the relationships via a set of connected line segments, known as linear splines. '

A Worked Example: Trends in Educational Attainment over
Time in the United States

Consider changes in the average level of education over time. Figure 7.5 presents a scatter.

plot relating educational attainment to year of birth, estimated from the GSS. To create this

graph, I combined data from all years between 1972 and 2004. However, I dropped those born.:
prior to 1900 because the very small samnple sizes produced unstable results. I also dropped all .
those less than age twenty-five at the time of the survey becanse many people do not complete, -
their schooling until their mid-twenties. The graph is based on 5 percent of the cases, to make -

it readable, and is “‘jittered” to make clear where the density is greatest. Inspecting the figure

there appears to be a secular increase in education, but the nature of the increase is hard to::

discern—is it linear or is the trend better represented by some other functional form?

To discover how the increase in average educational attainment has increased over.
time, we can plot the mean years of school completed for each birth cohort. Figure 7.6
shows such a plot, made with the same specifications as the scaiter plot. Inspecting the.
plot, you see that average education increased in a more or less linear way for those born.
between 1900 and 1947 but then leveled off. Because the plot bounces arcund a bit, prob- :
ably because of the relatively small number of cases for each cohort, it might be better o
plot a three-year moving average of mean years of schooling. Such a plot is shown as:
Figure 7.7. (Details on how these graphs were created are shown in the downloadable:
-do- and -1log- files.) Inspecting this graph, we come to the same conclusion—there:
is a fairly abrupt change in the trend, with those born in the first half of the twentieth
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2. Years of School Completed by Year of Birth, U.5. Adults (Pocled
Sampies from the 1972 Through 2004 G35, N = 39,324, Scatter Plot Shown for
5 Percent Sample).

century (precisely, until 1947) experiencing a fairly steady year-by-year increase in their
schooling, but those born in 1947 or later experiencing no change at all. This suggests
that the trend in educational attainment is appropriately represented by a linear spline
with a knot at 1547, where “knot” refers to the point at which the slope changes.

This specification can be represented by an equation of the form:

A

E=a+b(B)+biB) (7.34)
where B, = the year of birth for those born in 1947 or earlier and = 1947 otherwise, and
B, = the year of birth — 1947 for those born after 1947 and = 0 otherwise. More generally,
a spline function relating ¥ to X with segments v, ... v_ andknotsatk, k, ...,k can
be represented by

-~

Y=a+bX)+bX)+ - +b (X ) (7.35)
- where v, = minX, k), v, = max(min(X -k, k,—k),0),..., Vo) = max(X —k , 0) (see
Panis {19947 the entry for Stata’s -mkagpline- command [StataCorp 2007]; and
Greene [2008]). Each slope coefficient is then the slope of the specified line segment. We
can see this concretely by going back to our example, Equation 7.34, and evaluating
the equation separately for those born in 1947 or earlier and those bomn after 1947, For
those borm in 1947 or earlier, we have
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E=a+b(B)+b0)=a+b(B)
and for those born later than 1947, we have

E=ua+ b (1947) + b,(B—1947)
= {a + 1947b ) + b,(B—1947)

Notice that the intercept in Equation 7.37 is just the expecied level of education for
those born in 1947 and that b, gives the slope for those born after 1947. Thus, the expected
level of educaiion Tor those born in 1948 is just the expected level of education for those
born in 1947 plus b,; for those born in 1949 it is the expected level of education for

those born in 1947 plus 25,; and so on.

Hstimating Equation 7.34 from the pooled 1972-2004 GSS data yields the coeffi-
cients in Table 7.2. By inspecting the BICs for three models—the spline model, a linear
trend model, and a model that allows the expected level of schooling to vary year-by-.
year—it is evident that the linear spline model is to be preferred. Note, however, that a-
comparison of R%s indicates that by the criterion of classical inference, the model positing :
year-by-year variation in the level of schooling fits significantly better than the spline
model. T am inclined to discount this result because it has no theoretical justification, is

AN AITERNATIVE SPECIFICATION OF SPLINE FUNC-

TIONS  anatemative specification represents the slope of each line segment as a deviation
from the slope of the previous line segmerit. In this specification, a different set of new variables is
constructed. Suppose there are k knots, that X is the original variable, and that v,,....v , are the
constructed variables. Then

=X k ifX>k;=0 otherwise

Vo =X — ki X>k = 0 otherwise

To see this concretely, consider the present example specifying a knot at birth year 1947 in
the trend in educational attainment. We would estimate the equation where v, = birth year (X)
and v, = X — 1947 if X > 1947 and = 0 otherwise. Then for those born in 1947 or earlier,

E=a+b00+ bi0)=a+ biX)
~ while for those born iater than 1947
E=a+bX) + bX — 47}

Thus, for those born in 1948, the expected level of education is given by (a + 485} + b,
for those barn in 1949.it is {a + 49b.) + 2b,; and so cn. From this, it is evident that b, gives
the deviation of the slope for the previous line segment. For usefu discussions of these meth-
ods, see Smith (1979) and Gould (1993).

(7.37)

G
E;w;_

Lltipte Regression Tricks: Technigues for Handiing Special Analytic Problems 1

Y. Coetfizients for a Linear Spline Model of Trends in Years
§ Schooi C{Bmp!eted by Year of Birth, U.5. Adulis Age 25 and Older, and
mmparusons with Dither Models (Pooled Data for 1972-2004, N = 39,324).

(birth years

fodel Comparisons

arly inferior by the BIC criterion, and oceurs simply as a consequence of the large
le size. Thus, I accept the linear spline model as the preferred model.

-The coefficients for the line segments indicate that for people born in 1947 or carlier,
re is an expected increase of .086 years of schooling for each successive birth cohort.
people born twelve years apart would be expected to differ on average by about a
of schooling. However, for people born in 1947 or later, there 18 no trend in educa-
onal attainment; the coefficient .0092 implies that it would take about a century for
average schooling to increase by one year. This is a somewhat surprising result, espe-
taily because there have been substantial increases in average education among disad-
ante_iged minorities, that is, Blacks and native-born persons of Latin American origin,
nd also among women. However, as Mare (1995, 163) notes, educationally disadvan-
e_gi proportions of the population have grown over time relative to the White majority.
aggregation of the trend would be worthwhile but cannot be pursued here; it would
an interesting paper. The graph timplied by the coefficients for the linear spline
del is shown in Figure 7.8, together with a 2 percent random sample of observations
each cohort (reduced from 5 percent to 2 percent to make it easier to see the shape of
spline). In this figure the - jitter- feature in Stata is used to make it clear where
the graph there is the greatest density of points.
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hools were open, little conventional instruction was offered; rather, school hours
¢ taken up with political meetings and political indoctrination. Rigorous academic
stfuction was not fully reinstituted ungl 1977, after the death of Mao. Under the
mstances, we might well suspect that, quite apart from deficits in the amount of
hooling acguired by those who were unfortunate enough to be of school age during the
thiral Revolution period, those cohorts also experienced deficits in the guality of
hooling compared to those who obtained an equal amount of schooling before or after
tqe Cultaral Revolution.

- To test this hypothesis, we can exploit the ten-itemn character recognition iest
ministered to a national sample of Chinese adults that was also analyzed in Chapter
(see Table 6.2). As before, I take the number of characters correctly identified as a
asure of literacy and hypothesize that, net of years of school completed, people who
&d age eleven during the Cultural Revolution would be abie to recognize fewer
aracters than people who turned eleven before or after the Cultural Revolution period.
eover, following Deng and Treiman (1997), 1 posit a discontinuity in the scores at
“beginning but not at the end of the period. To do this, I estimate an equation of

Years of school completed

s @ #  Observed

S I AN N Y N NN N N NN Y N (s N N A Y A Y N B N N B Y B

1900 1810 1920 1930 1840 1950 1960 1970 1930
Year of birth

Trend in Years of School Completed by Year of Birth, U.5. Adults =
(Same Data as for Figure 7.5; Scatter Plot Shown for 2 Percent Sampie). Predicted
Values from a Linear Spline with a Knot at 1947.

V =+ b(B) + by(By) + c,(D,) + by(By) (1.38)

ere 8, = year of birth (last two digits) if born prior to or in 1955 and = 55 if born
equent to 1955; B, = 0 if born prior to 1956, = year of birth — 55 if born between
56 and 1967, inclusive, and = 67 - 55 if born subsequent to 1967; B, = 0 if born
or to or in 1967 and = year of birth — 67 for those born after 1967; and £, = 0 for
e born prior t6 or in 1955 and = 1 for those born after 1955, Note that the difference
ween this and Equatton 7.35 is that I include a dummy variable to distinguish those
after 1955 from those born earlier; this is what permits the line segments to be dis-
nuous at 1955. If 1 were to have posited a discontinuity at 1967 as well, the equa-
would be the mathematical equivalent to estimating three separate equations, for
he_ ericd before, during, and after the Cultural Revolution, in each case predicting the
umber of characters recognized from years of schooling and year of birth. The advan-

A Second Worked Example, with a Discontinuity: Quality of
Education in China Before, During, and After the Cultural Revolution

The typical use of spline functions is to estimate equations such as the one just discussed,
in which all points are connected but the slope changes at specified points (“knots™).
However, there are occasions in which we may want to posit discontinuous functions.
The Chinese Cultural Revolution is such a case. It can be argued that the disruption of -
social order at the beginning of the Cultural Revolution in 1966 was so massive that it i
inappropriate to assume any continuity in trends. Deng and Treiman (1997) make st
such an argument with respect to trends in educational reproduction. They argue that age of equations such as Equation 7.38 is that they permit the specification of alterna-
there was then a gradual “return to normalcy” so that changes resulting from the end of ¢ models within a coherent framework and by so doing permit vs to select between
the Cultural Revolution in 1977 were not nearly as sharp and were appropriately repre els.
sented by a knot in a spline function rather than a break in the trend hine. - Estimating this equation yields the results shown for Model 4 in Tables 7.3 and 7.4.
Here we consider another consequence of the Cuitural Revolution, the guality of. in the previous example, I contrast my theory-driven specification with other possibil-
education received (the example is adapted from Treiman [2007al). Although primary . ties: that there is a simple linear trend in the data; that there are year-by-year variations;
schools remained open thronghout the Cultural Revolution, higher level schools were. 1at there are knots at both the beginning and the end of the Cultural Revolution, but no
shut down for varying periods: most secondary schools were closed for two years, from _i’SCDntinuities; that there are discontinuities at both the beginning and the end of the Cul-
1966 to 1968, and most universities and other tertiary-level institutions were closed for. ural Revolution; and, for the three spline functions, that there is a curvilinear relationship
six years, from 1966 to 1972. Moreover, it was widely reported that even when the: cen year and knowledge of characters during the Cultaral Revolution period.
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i Goodness-of-Fit Siatistics for Models of Knowledge of
Chinese Characters by Year of Birth, Controlling for Years of Schooling, with
Various Specifications of the Effect of the Cultural Revolution (Those Affecteg -
by the Cultural Revolution Are Defined as People Turning Age 11 During the
Poriod 1966 through 1977), Chinese Adults Age 20 to 69 in 1996 (N = 6,085},

¢ e, Coefficients for Modsls 4, 5, and 7 Prediciing inowledge
hinese characters by Year of Birth, Controlling for Years of Schooling
siues in Parentheses).

Model 4 fModel 5 Model 7

BIC R? F

41 Spline: knot-at 1967, discontinuity at. 1955

:(5')'5'alus'curve_bétwe'en'ﬁ_éS'é:' d:

Model Comparisons

. comparison of the BICs suggests that three models—my hypothesized model, a model
hat in addition to a discontinuity at the beginning of the Cultural Revolution allows the
rend during the Cultural Revolution period to be curvilinear, and a model positing
Iscontinuities at both the beginning and the end of the Cultural Revolution—are about
qually likely given the data, albeit with weak evidence favoring the single-knot model,
nd that all three are strongly to be preferred over all other models.
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Again, BIC and classical inference yield contradictory results because the two aliey.
native models fit significantly better (at the 0.01 level) than does the originally hypothe.
sized model. Here I am in a bit of a quandary as to which model to prefer. I have already
stated a basis for positing a single discontinuity, plus a knot at the end of the Cyltury)
Revolution. However, another analyst might favor a two-discontinuity model, on 1
ground that the carricular reform in 1977 that restored the primacy of academic sub; Jem
was radical enough to posit a discontinuity at the end as well as at the beginning of the
Cultural Revolution, A third analyst might argue that a lnear specification of trend
especially in times of great sccial disruption, is too restrictive and that it makes morg
sense to posit a curvilinear effect of tme duoring the Cultural Revolution period. I
Treiman (2007a), I presented the model positing a discontinuity at 1955, a knot at 19673
and a curve between 1955 and 1967 see Figure 7.4 in that paper. However, the truth
that there is po clear basis for preferring any one of the three, except for the evidence pro-
vided by BIC, which suggests that the originally hypothesized model is slightly more
likely than the others given the data. Again, my suggestion is, go with theory. If you have
a theoretical basis for one specification over the cthers, that is the one to feature; but, at
the same time, you must be honest about the fact that alternative specifications fit neag] :
equally well. In fact, the optimal approach is to present all three models and invite the
reader to choose among them. A warning: if you do this, you probably will have to ﬁght.'_
with journal editors, who are always trying to get authors to reduce the length of papers,; -
and perhaps with reviewers, who sometimes seem to want definitive conclusions even
when the evidence is ambiguous. :

The estimated coefficients for all three models are shown in Table 7.4. In all ihree :
models each additional year of schooling results in nearly half a point improvement in the:
number of characters identified. However, the coefficients associated with frends ove
time are relatively difficult to interpret. Again, this is an instance in which graphing th
relationship helps. Figure 7.9 shows, for each of the three preferred models, the predicted:
number of characters recognized for people with twelve years of schooling, that 1s, whe
have completed high school. Although the three graphs appear to be quite different, they -
all show a decline of about half a point in the number of characters identified for those:
who were age eleven during the early years of the Cultural Revolution period, relative to_':_-
those with the same level of schooling who turned eleven before and after the Cultural :
Revolution. Thus, despite the difficulty in choosing among alternative specifications;
together they strongly suggest that the guality of education declined during the Cultural_-'
Revolution. People who acquired their middle school (junior high school) education dur
ing the Cultural Revolution, in effect, lost a year of schooling—that is, displayed knowl-
edge of vocabulary equivalent to those with one year less schooling who were educated
before and after the Cultural Revolution. _

Still, we should be cautious in our interpretation of Figure 7.9, where the Cultorat
Revolution effect appears to be quite large because of the way the data are graphed:
(with the y-axis ranging from 5.3 to 6.7 characters recognized). Indeed, Figure 7.10, in
which the y-axis ranges from 0 to 10, suggests a rather diffefent story—a very modest
decline in the number of characters recognized. It is quite reasonable to report figures:
such as Figure 7.9 to make the differences among the models clear, but in such cases the:
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. Figure 7.9 Rescaled to Show the Entire Range of the Y-Axis.
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responsible analyst will call the reader’s attention to the range of the y-axis to éw{nd
misinterpretation. '

..... Costlicianis of Models of Tolerance of Atheists,
Aduﬂts, 2000 to 2004 (N = 4,299).

EXPRESSING COEFFICIENTS AS DEVIATIONS FROM Dummy Variable Coefficients MCA Coefficients

THE GRAND MEAN (MULTIPLE CLASSIFICATION ANALYSIS) {Deviations from Omitted {Deviations from Grand

The conventional way of treating categorical independent variables is the approach pre: Category) Mean) N
sented in the previous chapter: omit one category and interpret the remaiming coefficients Modeal 1 Model 2 Mode! 1 Model 2

as deviations from the expected value for the omitted category. Sometimes, especia

when we have a large number of categories, it is preferable to express our coefficients as S G000 T g0l e ey (644}

deviations from the mean of the dependent variable. We can do this by transforming the
coefficients, making use of the following relationships:

a; = b+ Qs G = _Z pyby
7

where the a, are the coefficients for the jth category of the /th predictor, expressed a
deviations from the mean of the dependent variable; the b, are the corresponding coeffi
cients associated with the dummy variables; the ¢, are adjustment coefficients tha
constrain the weighted sum of the coefficients associated with the categories of each pre
dictor to zero; and the p, are the proportion of total cases failing in the jth category of th
ith predictor (Andrews et al. 1973, 45-47).

To see how these coefficients work, consider the relationship between rehglous“
denomination and tolerance. The analysis task includes two elements:

To assess to what extent and in what way religious groups differ in their toler-
ance of the antireligious ;

% To assess to what extent the observed differences between religious groups can
be attributed to the fact that they differ with respect to education and Southern’.
residence because these variables are known to affect tolerance (with the more:
educated and non-Southem residents more tolerant than others)

119);

I start by estimating two regression equations in the usual way—one with only th :
dummy variables for religious groups and one also including education and Southern res-
idence—using pooled data from the 2000, 2002, and 2004 GSS; I pool three years of data-
to increase the sample size because some religious categories are quite small, and the to
erance questions were asked of only a subset of respondents in each year. The results ar
shown in the left-hand panel of Table 7.5. I then reexpress these coefficients as deviations;
from the mean of the dependent variable using Equation 7.39. The rightmost panel of th
table shows the reexpressed coefficients.

Ordinarily you would not present both sets of coefficients, but would choose one.
form or the other—either a dummy variable representation or a multiple-classification
representation. 1 present them both together here so that you can see the relationships
between the coefficients. '

ote: Since p-values are not readily computed for the MCA coefficients, and are not particularly meaningful
rthe dummy variable coefficients because they indicate the significance of the difference from the omitted
ategory, they are not shown here.
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e interestingly, I expect vocabulary scores to increase with occupational status—that
at fower manual workers, upper manual workers, lower nonmanual workers, and
- nonmanual workers will have increasingly high vocabulary scores, on average, net
:yeéiﬂ of schooling. The argument is that symbolic manipulation plays an increasingly
ge"mle in work as one moves up the occupational hierarchy, so that verbal skills are
oh more strongly reinforced and enhanced in high-status occupations than in low-
mtué occupations. {Of course, in a serious analvsis, I would need to consider the possi-
‘that those with better verbal skills, relative to their education, would be more likely
'd_ ap in high-status occupations. )

The conventional approach to representing these effects is to estimate an equation of

form

Note that the difference between coefficients is the same in both versions. In Mode ;
for example, the difference between the tolerance scores of Methodists and Baptigt
0.395 = 0.395 — 0 = —0.027 — (—0.422). Similarly, in Model 2 the difference is (.29%"
0.298 — 0= —0.010 — (—0.398), _

What do the reexpressed cosfficients tell us? I think they are casier to interpret, Fir
consider Model 1. From this model we see that Baptists are considerably less tolery
than the average respondent whereas Jews and those without religion are considerabiy,.
more tolerant than average, and Lutherans and “Others” are somewhat more tolerant thyy
average. However, these differences, especially the high tolerance of Jews. are somewh
explained by religious differences in education and region of residenqe because, in gep.:
eral, the deviations from the mean decline when these two [actors are controlled, '

Southern residents are somewhat below average in tolerance, net of religions affjl
tion and education, whereas non-Southern residents are slightly above average in tolg
ance. Non-Southern residents will necessarily be closer to the overall mean because the
are substantially more of them, and the weighted average of the coefficients (with weigh
corresponding to the proportion of the sample in the category) must sum to zero.

The coefficients for the religious groups and for Southerners versus non-Southerne
are sometimes referred to as “adjusted group differences,” where the adjustment refers tg-
the fact that other variables in the model are controlled. '-

The slope coefficient for education does not change, but the scaling of the educ
tional variable does. In the reexpressed (“MCA”) representation, education is expressed:
as a deviation from its mean—in this case 13.4. Finally, the intercept in the reexpressed
representation s just the mean of the dependent variable, the level of tolerance. '

4
V=a+bE)+> ¢0, (7.40)
=2

& V is the vocabulary score, E is the years of school completed, and the O, are the
c_upatioﬂ categories with, say, O, = 1 for lower manual workers and = 0 otherwise, ...,
1 for upper nonmanual workers and = 0 otherwise. The top panel of Table 7.6 shows
‘design matrix” (also known as the “model matrix”) for the conventional coding of
mrhy variables to represent the separate effects of each occupation category; the result-
efficients are shown in the top panel of Table 7.7.

As you can see, there are no surprises here. As expected, vocabulary knowledge
ceases with education and also increases monotonically with occupational status.
wever, let us now see how to represent the effects of occupational status in other,
ithematically equivalent, ways.

OTHER WAYS OF REPRESENTING DUMMY VARIABLES

Three other ways of representing the effects of categorical variables sometimes can faci
itate interpretation. Two of them, effect coding and contrast coding, require representing
the categories of the classification in a different way from conventional dummy variable:
coding (see Cohen and Cohen [1975, 172-210], Hardy [1993, 64-75], and Fox [1997,
206-111). A third, which I label sequential effects, involves manipulating the output:
None of these alternative ways of expressing the effects of a categorical variable alters
the contribution of the categorical variable to the explained variance; that is, the R® is:
unaffected. All they do is reparameterize the effects, and so the only reason for using any
of them is to make interpretation of the relationships in the data clearer. S

To see how these alternatives work, let us consider a new problem—the effect of
occupation and education on knowledge of vocabulary in the United States, using data
from the 2004 GSS. The GS8 includes a ten-item vocabulary test, a detailed classification.
of current occupation, and a measure of years of school completed. For the purpose of
this example, I have collapsed the detailed occupational classification into four categ
ries: upper nonmanual (managers and professionals), lower nonmanual (technicians,
sales occupations, and administrative support occupations), upper manual (precision pr
duction, craft, and repair occupations), and lower manual (all other categories: service
occupations; agricultural occupations; and operators, fabricators, and laborers). I expect
that, net of current occupation, vocabulary scores will increase with years of schooling

Effect Coding

Ui 'iﬁossibﬂity is to highlight the effect of each occupation category by contrasting it
with the unweighted average of the effects of the other categories. If we include a single
: gorical variable in the model, represented by a set of k — 1 trichotomous variables
chicoded —1 for the omitted category, 1 for the ith category, and 0 otherwise (refer to
- second panel of Table 7.6), the resulting regression coefficients give the difference
between the mean on the dependent variable for the specific category and the unweighted
erage of the means for all categories. That is,

e, =Y —7 (7.41)

héfe Y is the unweighted average of the sample means for each category, averaged
et all categories of the classification; Y is also the intercept of the equation. The coef-
ient for the omitted category is just the negative sum of the coefficients for the k — 1
plicitly included categories, although in these days of high-speed computing, it usually
easier to simply change the omitted category. When other variables are included in the
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Design Matrices for Alternative Ways of Coding Categariesf -
Variables {See Text for Details).

Coefficients for a Model of the Determinants of Yocabulary
ﬂowleaﬂge, 1.5, Adulis, 1994 (N = 1.787; R? = .2445; Wald Test That Categorical
arlab!es Al Equal Zero: F, . = 12.48; p < .0000).

Lower Upper Lower Upper
Manual Manual fMonmanuai Monmanual

Cosfficient Standard Error p-Value

Conventional Dummy Variable Coding

onventional dummy variable coding

Effect Coding

Contrast Coding

regression equation, the same relationships hold except that now we have adjusted means
rather than actual means. :

As noted, the coding of categories that produces this outcome is shown in the second
panel of Table 7.6. As always, we have k — | variables to represent & categories. The':
reference category is coded —1 on all the indicator variables (the set of variables used to
represent the categorical classification). The remaining categories are successively coded
1 and 0 on the remaining indicator variables to create a contrast between the ormitted ;
category and each of the other categories while minimizing the influence of the remain- -
ing categories. ‘ :

Inspecting the coefficients in the second panel of Table 7.7, we see that the unweighted
mean of the means for the four occupation categories is 2.48 and that lower manual workers:-
have substantially lower than average vocabulary scores, net of education; upper manual

Contrast coding

(Continued)
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bject t0 the constraints that the g, sum to zero; that & — 1 contrasts be formulated to
present & categories; and that the codes for each pair of contrasts be linearly indepen-
ont or, to put it differently, that the contrast codes be orthogonal—which condition is
tisfied when, for each pair of contrasts, the sum of the products of the codes = 0.

A set of contrast codes is shown in the third panel of Table 7.6. Note that they satisfy
“three constraints mentioned in the previous paragraph: three contrast variables are
sd to represent the four occupation categories; each row sums 1o zero; and the sum of
- products of the codes = 0 in all cases (for example, for C, and £, we have 5*1 + 5%
1) + (=50 + (=50 = 0, and similarly for C, and C and fm’ C, and C ). This
sding, pius a little further computation on the regression outpui:, e‘{plamed next, yields
¢ coefficients shown in the third panel of Table 7.7,

Note that the intercept gives the unweighted mean of the category means, just as for
fect coding, but the coefficients of the indicator variables have a somewhat different
terpretation, which requires a little additional manipulation. Each contrast, /, gives the
fference in the unweighted means of the means for the categories in the two groups
keing contrasted and is computed by

: Coefficients for a Model of the Determinanis of \e‘o::abulary'-"
Knowiedge, 1.5, Aodults, 1994 (M = 1,757; 82 = .2445; Wald Test That Categori- -
cal Variables All Equal Zero: £, = 12.48 p < .0000}. (Continued)

Coefficient Standard Error p-value

c b flgy +n (7.4
=0, 7.43
P (ngn(ngz) )

where oy is the number of categories included in the first group, n , is the number of cate-
ries included in the second group, and b, is the regression coefﬁment for the contrast-
ded dumimy variable. Note that the standard errors also must be multiplied by the same
ctor as the regression coefficients.

- Inspecting the contrast coefficients shown in the third panel of Table 7.7, we see that
the manual groups average about a half point below the nonmanual groups in their mean
:cabulary scores, which is highly significant; that upper manual workers average about
aquarter point higher than lower manual workers in their vocabulary scores, but that this
__;f_ference is significant only at the .16 level, which gives us little confidence that there is
a true difference between these catsgories; and that upper nonmanual workers likewise
average about a quarter point higher than lower nonmanual workers, and that this differ-
nee is significant at the 0.04 level, which means that we can have modest confidence that
there is a true difference between these categories.

workers have somewhat lower than average scores; lower nonmanual workers have some-
what higher than average scores; and upper nonmanual workers have substantially higher.
than average scores. Mote that the differences between occupation categories are identical
(within rounding error) in the two parameterizations and that neither the effect of education
nor the R? is affected. This reparameterization is likely to be most useful when the categorical
variable includes a large number of Tesponse categories, no one of which is a particularly
useful reference category. Note also the contrast between this parameterization and that dis-
cussed in the previcus section, which shows coefficients as deviations from the wetghred
average of the subgroup means. Here the coefficients are deviations from the unweighited -
average. Both are appropriate, and each may be useful under certain circumstances. '

Sequential Coefficients

One additional way of presenting coefficients for categorical variables is sometimes help-
ful. When the underlying dimension is ordinal, or we want to treat it as ordinal, it may be
Useful to reexpress the coefficients as indicating the difference between each category
and the preceding category. To do this is a simple matter of estimating the equation using
Conventional dummy variable coding but then subtracting each coefficient from the pre-
ceding coefficient. If we have k categories and omit the first one, then k, remains
unchanged (', = k, — O} &', = k, — k,; and so on. The appropriate standard errors for
f’:.":lch coefflcient are then the standard ervors of the difference from the preceding coeffi-
clent. Again, the standard error for &, remains unchanged, and the standard errors of the

Contrast Coding
Sometimes we may want to compare the effects of subsets of variables. For example, we
may want to contrast nonmanual and manual workers, and then to contrast the two non-
manual categories and the two manual categories. We can do this by constructing a set of .
contrasts of the subgroup means. That is, we form a set of contrasts of the form '

B :
=2 a% (7.42) "
i=1 :
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remaining variables may either be computed by hand from the variance-covariance matiy. _ '
of coefficients using the denominator of the formula shown in the boxed note, “How 15 Y=o + Z by Xy (7.46)
Test the Significance of the Difference Between Two Coefficients,” in Chapter Six, e i=1
computed simply by reestimating the regression equation, successively altering the omj nd
ted category. : B i B
Here we see (in the fourth panel of Table 7.7) that the differences between adjacem Yy =a, + Z b Xy (747
occupation categories are each about one-guarter of a point on the vocabulary scale and i=1
that all but the first of the differences is significant at conventionai levels. Note also that thg
contrasts between the first and second categories (Jower and upper manual workers) ang. Then, taking the difference between (7.46) and (7.47), we have
between the third and fourth categories (lower and upper nonmannal workers) are identical -
{within limits of rounding error) io contrasts 2 and 3 of the previous pansl—which, of 7.7 — @+ Zb])}]) e+ < )
course, must be s0 becanse the same categories are being contrasted in both cases. i1 2 !_ 24442
=(a —a) + 3 by~ B)Xp + 5 by(X, — X,) (7.48)

DECOMPOSING THE DIFFERENCE BETWEEN TWO MEANS

A common problem in social research is to account for why two (or more) groups differ
with respect to their average score or value on some variable. For example, we may
observe that Blacks and non-Blacks differ with respect to their average earnings and
may wonder how this comes about. In particular, we may wonder to what extent the dif-
ference arises from group differences in thejr “assets,” the traits that enhance earnings,
and to what extent they arise because the groups get different “rates of return” to their
assets—that is, some groups gain a greater advantage from any level of assets than do
other groups. Consider education, for example. To what extent do earnings differences’
between Blacks and non-Blacks arise because Blacks tend to be less well educated than
non-Blacks, and to what extent do they arise becanse Blacks get a Jower return to their .
education than do non-Blacks? A natural way to investigate the determinants of any out-
come of interest is to regress the outcome on a set of suspected determinants and note thie -
relative size of the coefficients associated with each independent variable. A natural -
extension of this approach for the purpose of comparing two groups is to compute paral-
lel regressions for the two groups of interest, to subtract one equation from the other, and-
to note the size of the resulting differences.
Consider the following equations:

+ z(bu - biQ)(Xil - XiZ)

- (You can work out the equality for yourself. It is easier if you start with the expanded
juation and derive the simple difference.)
" Bquation 7.48 also can be written as

n- }72 =g ~a)t Z(bil “ biZ)}_{il + Ebil(“zﬂ - Xzz)

= = 4
+ Z (bil = by )Xy — Xy) (7.49)

(Again, you can convince yourself of this by working oul the algebra.)

- Equations 7.48 and 7.49 represent alternative decompositions of the difference
between two means into the difference between the intercepts, the slopes, the means on
the independent variables, and the interactions between the differences in slopes and dif-
ferences in means. In Equation 7.48, Group 2 is used as a standard. Hence, the effect of
the difference in slopes is evaluated at the mean for Group 2, and the effect of the differ-
enice in means is evaluated with respect to the slope for Group 2. In Equation 7.49, Group
1is taken as the standard. These equations generally yield different answers, and there
usually is no obvious way to decide between them. Hence, it is a good practice to present
both sets of decompositions, as I do here. Differences in interpretation associated with
use of the two standards will be discussed shortly.

In both these decompositions the coefficients representing the effect of the difference
means and the interaction are unchanged when a constant is added to or subtracted
fr_orn the independent variables, but the coefficients representing the effect of the differ-
ence in intercepts and the difference in the rate of return to the independent variables do
depend on the scaling of the variables (Jones and Kelley 1984). For this reason, it gener-
ally is advisable to combine these two terms. Doing so yields three components. From
Equa!;mn 7.48 we have

o~ k
Yy =a ) by X, (7.44)
i=1 '

and

k :
Y, =a, +> b,X, (7.43):
i=1 :

which represent some model with k independent variables estimated for groups 1 and 2.
Because regression equations pass through the mean of each variable, it follows that
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. T WHY BLACK VERSUS NON-BLACK IS BETTER THAN
) WHITE VERSUS NON-WHITE FOR SOCIAL ANALYSIS
Zbﬁ (X —)—({.2) Compositlon: Portion due to differences in assets. EN THE UN@TEg gTATES When studying racial differences in the United States,
_ . . . it is reasonable to divide the population into Blacks and non-Blacks. Non-Blacks, of course, will
(a —bz)JrZ(bﬂ — b1 Rate: Portion due fo differences in the rates of return be mainly White {in the GSS from 1890 to 2004 94 percent of non-Blacks are White) Inc\l,;ding
to assets (that is, the differencer remaining if assets were “Others” {those who are neither Black nor White—and, in fact, are mostly Asian) with Whites has
equalized). . _ little effect on the estimates but has the advantage of retaining the entire population rather than
Z(bﬂ — BNy = Xo) Intaraction: Portion due to valuing the differences in assets . arbitrarily studying most but not all of the population. including “Others” with Blacks makes less
at the Group 2 rate of return rather than the Group 1 rate of .- serse, both because "Othars” are more similar to Whites with respect to most social characteristics
return. : and because they would constitute a larger fraction of the “non-White” population than of the

. ' . . N ‘non-Black” population, thus making the category less homogeneous.

Equation 7.49 can, of course, be reorganized in the same way. Note ihat in Equa-

tions 7.48 and 7.49, the interaction terms have the same absolute value but opposite sign;,
which follows from the definition of the interaction term. '

The question at 1ssue is to what extent the observed nearly one-vear difference in the
_average education of Blacks and non-Blacks is due to racial differences in the average
vel of mother’s schooling, the average number of siblings, and the probability of living
i the South, and to what extent the difference is due to the lower rates of return to Blacks
om baving educated mothers, coming from small families, and living outside the South.
start by estimating an equation of the form

A Worked Example: Factors Affecting Racial Differences

in Educational Attainment :
Now let us consider a substantive problem to see what to do with these coefficients. Sup-
pose we are interested in studying the factors affecting racial differences in the level of-
education completed. It is well known that on average Blacks have less education than do
members of other races. Data from the GSS show that over the period 1990 to 2004,
Blacks averaged about a year less in schooling than did others (12.8 vears compared o
13.7 years for others). What factors might account for this difference?

To study this question, it is necessary to obiain a large enough sample of Blacks o
yield reliable estimates. Although no one year of the GSS has enough Black respondents,
pooling all years from 1990 to 2004, excluding 2002 (in which the race question was:
asked in a nonstandard way and thus the data are not comparable to those from other
years), yields a sample of 2,105 Blacks with complete information on all variables. I thus.
pooled data from these years of the GSS, divided the sample into Blacks and non-Blacks,
and estimated for each sample the regression of years of school completed on mother’s:
years of schooling, number of siblings, and whether the respondent resided in the South
at age sixteen. T chose these variables for study because they are known to affect educa-
tional attaimment: mother’s education is a measure of family cultural capital and is supe-: .
rior to father’s education in the Black population due to the relatively large number of .
female-headed households -the higher the level of mother’s education, the higher the
expected level of respondent’s education; the number of siblings is an indicator of
the share of parental resources that can be devoted to any single child—the larger the
mamber of siblings, the lower the expected level of educational attainment; and Southem
residence at age sixteen is an indicator of inferior schooling—those who grew up in the
South are expected to obtain less education than those who grew up in other parts of

~

E=a+bE)+ S+ dR) {(7.50)

éparately for Blacks and non-Blacks, where E = years of school completed; £, = years
f school completed by the mother; S = number of siblings; and R = 1 if the respondent
ved in the South at age sixteen and = { otherwise.

A COMMENT ON CREDIT IN gC!ENCE In Stata the decomposition |

is carmed out using an -ado- file, -caxaca-, which can be downloaded from the Web: type :
“_net search oaxaca-“, then click the entry for oaxaca. The name of the —ado- file isa
. telling reflection of the sociology of science. The decomposition technigue was introduced by the
“demographer, Evelyn Kitagawa, in 1955 and was elaborated in a number of ways over the vears
by demegraphers and sociologists—see the section on “Additional Reading on Decomposing the
_ Deference Between Means” later in the chapter. However, it was only when an economist, Ronald
'_Oaxaca (1973), used the procedure that it gained general currency among economists. It is now
“known as the “Qaxaca decomposition” or the “Blinder-Oaxaca decompaosition,” due to a some-
s what clearer exposition by another economist, Alan Bfinder (1973).

the country.
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Table 7.8 shows the means, standard deviations, and correlations among the varj
ables included in the equation, separately for Blacks and non-Blacks. From the table w _
see that Blacks come from much larger families, are much more likely to have been:
raised in the South, and that both respondents and their mothers average nearly a year,
Jess schooling than non-Blacks. Table 7.9 shows the regression estimates, and Table 7. 1(}_2
shows the decomposition. .

For Blacks in the 1990 to 2004 GSS pooled sample, the estimaied values for Equa.
fion 7.50 are

‘ Coefficients of 2 Model of Educational Attalnment, for
‘Blacks and Non-Blacks, U.5. Adulis, 1990 to 2004.

Metric Coeffidents (Standard Errors)

Blacks Mon-Blacks

E=1108+ 220K ) — 07105 — 51248 : (7,51')_
whereas for non-Blacks the estimated values are
E=1076+ B08(E ) — 138(8) — 488(R) (7.52)

Table 7.9 gives the regression coefficients for the two equations, togedller with stan-
dard errors. This table shows that the main differences between the determmants of edu-
cation for Blacks and non-Blacks are, first, that the cost of coming from a large family is
substantially greater for non-Blacks than for Blacks and, second, that the advantage
of mother’s education is greater for non-Blacks than for Blacks. Interestingly. the effect of

S .%. pMeans, Standard Deviations, and Correlations for Variables -
y D to 2004, s . . . . .

inc&uded in a Madel of Educational Attainment for iu -5. Adults, 1530 to wing up in the South differs lirtle for the two races, which represents an important

by Race (Blacks Above the Diagonal, Non-Blacks Below). hange from the past. Finally, less than a fifth of the variance in education is explained by

three variables in the mode! for non-Blacks and less than a sixth for Blacks, both sub-
tantially less than in the past.

{E) (€ {5 {R) Mean 5.0

- The coefficients in Table 7.9 do not, however, permit a formal comparison of the
eterminants of educational attainment for Blacks and others. To see this we turn to
ible 7.10, which gives a decomposition of the almost one-year difference in the average
ears of school completed by Blacks and non-Blacks. Decomposition 1, which takes
lacks as the standard, is constructed from Equation 7.48, whereas Decoraposition 2,
thh takes non-Blacks as the standard, is constructed from Equation 7.49. In both cases
on-Blacks are taken as group 1, and Blacks as group 2. So the decomposition is of the
roxundtely one-year advantage in the average schooling of non-Blacks compared
ith Blacks. Both decompositions suggest that differences in assets—the fact that non-
fack women have betier-educated mothers, fewer siblings, and are less likely to live in
e South—are more important than differences in returns to assets. But the two decom-
ositions differ in the contribution they assign to differences in maternal education and
umber of siblings, both of which are more important in Decomposition 2 than in
ecomposition 1. The reason for this is straightforward: when Blacks are taken as the

(R) Lived ir South at 16~ 0.1

Standerd deviation

i 3
Pl
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. - Pecomposition of the Difference in the Mean Years of
Schxwﬁ Compieted by Moen-Blacks and Blacks, U.5. Adults, 1998 to 2064,

erence in slopes is evaluated at the non-Black mean. (To convince yourself of this,
k'efch a graph of the two slopes for each of the two variables.) Finally, the interaction
.ms have relatively hittle importance in this decomposition becanse of the offsetting
#ects of number of siblings and Southern residence.

Decompeosition 1 (Black Decompuosition 2
Standard) {Non-Black Standarg)

dditional Reading on Decomposing the Difference Between Means

57 a good sense of how to carry out more complicated decompositions and what the
rpretative issues are, read the papers by Duncan (1968), Winsborough and Dickinson
1971), Kaufman (1933), Treiman and Roos (1983), Jones and Kelley (1984), Kraus
1086), Treiman and Lee (1996), and Treiman, McKeever, and Fodor (1995),

Differences in assets

Mdthe:('s: edd_'té‘t_a‘o‘h' S

HAT THIS CHAPTER HAS SHOWN

In this chapter we have covered various elaborations of multiple regression procedures
that give us iroproved ability to represent social processes and thus to test ideas about
w the sccial world works. Specifically, we have considered nonlinear transformations
- both dependent and independent variables; ways to test the equality of coefficients
within an equation; how to assess the assumption of linearity in a relationship; how to
¢onstruct and interpret finear splines to represent abrupt changes in slopes; alternative
ways of expressing dummy variable coefficients; and a procedure for decomposing the
ifference between two means. Several of the worked examples have focused on trends
ver time, which gives us a model for how to use multiple regression procedures to study
social change.

In the next chapter we return to perhaps the most vexing problem in nonexperimental
social research—missing data on some but not all variables—and consider what is cur-
rently regarded as the gold standard for dealing with missing data: multiple imputation of
missing values.

Lived in South at 16 -

Number of siblings

“intercept

Interactions

"Nu_m'b_ér :Qf-_'_sib{_ih_g's_ =

Total due to interactions:




:_WHAT THIS CHAPTER IS ABOUT

In this chapter we consider issues involved in the treatment of missing data, review vari-
pus methods for handling missing data, and see how to use a state-of-the-art procedure
for imputing missing data to create a complete data set, the method of muliiple impura-
tion. For a very useful overview of imputation methods, including multiple imputation,
e Paul and others (2008), upen which this discussion draws heavily. Other useful
feviews of the literature on missing data treatments include Anderson, Basilevsky, and
Hum (1983), Little (1992}, Brick and Kalton (1996), and Nordholt (1998).
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Multiple Imputation of Missing Data

casewise Deletion

The most commonly used method for dealing with missing data (which we have employed
i far in this book) is simply to drop all cases with any missing data on the variables
ciuded in the analysis. It data mainly are missing completely at random, due to record-
'g, keying or coding errors, or omission by design (the question is asked only of a ran-
im subset of the sample), the main cost is to reduce the sample size. This is bad enough
scause often the reduction in sample size is quite dramatic. For example, Clark and
Aliman (2003) reported a study of prognosis of ovarian cancer in which missing data on
{ycovariates reduced the sample size by 56 percent, from 1,189 t0 518,

INTRODUCTION

Missing data is a vexing problem in social research. Jt is both common and difficult o
manage. Most survey items include nonresponse categories: respondents do not know the
amswers to some guestions or refuse to answer; interviewers inadvertently skip questiong
or record mvalid codes; errors are made in keying data; and so on. Adminisirative data
hospital records, and other soris of data have similar problems—invalid or missing
responses to particular items. Where information is missing because it is not applicable tg-
particular respondents (for example, age at marriage for the never married), there is no'-
problem; the analytic sample is simply defined as those “at risk” of the event. But in the
remaining cases, in which in principle there could be a response, we need special proce-:
dures to cope with missing information. :

Tn the statistics literature on missing data (Rubin 1987; Little and Rubin 2002), a
distinction is made between three conditions: missing completely at random (MCAR), the'
condition in which missing responses o a particular variable are independent of the values
of any other variable in the explanatory model and of the true value of the variable in:
question; missing ar random (MAR), the condition in which missingness is independent of
the true value of the variable in question but not of at least some of the other variables
in the explanatory model; and missing not at random (MINAR) or, alternatively, noni gm)r-:

WHY PAIRWISE DELETION SHOULD BE AVOIDED

Sometimes, 1o avoid substantial reductions in their sample size, analysts base their analysis

n “pairwise-present” carrelations—that is, correlations computed from all data available for
“ gach pair of variables. This is a bad idea because it can preduce inconsistent, and often unin-
terpretable, results, especially when hierarchical models are contrasted, of the kind discussed
- in the section of Chapter Six on “A Strategy for Comparisons Across Groups.”

able (NI), in which missingness depends on the true value of the variable in question and,
possibly, on other variables as well.

Note that these distinctions refer to net effects. Thus, for example, if the probablhty-'
that data are missing on the father’s education is independent of the true value of the:
father’s education after account is taken of the respondent’s education but depends on
the respondent’s education, the data would satisfy the MAR condition. The fact that the
typology refers to net rather than gross effects is very important because otherwise it is
difficult to think of variables that satisfy the MAR condition. For example, it is likely that
missingness on the father’s education 18 coirelated with the true value of the father’s edu-
cation simply because the father’s and the respondent’s education are correlated, and lack
of knowledge of the father’s education is greater among the poorly educated.

Unfortunately, at least in cross-sectional data, there is no way to empirically deter-
mine whether missingness is independent of the true value of the variable; this must be
defended on theoretical grounds. Although it is likely that missingness is seldom com-
pletely independent of the true value of the variable, there are many cases in which it is
plausible to assume that it is largely independent, net of the other variables in the explan-
atory model. These are the cases that concern us here.

The NI condition is often discussed under the rubric of sample selection bias, the sit-
uation where the sample is selected on the basis of variables correlated with the depen-
dent variable. This topic is beyond what can be included in this book (but see Chapter::
Sixteen for a brief introduction). Accessible discussions of the issues involved in sample: -
selection bias and possible corrections can be found in Berk and Ray (1982), Berk (1983),"
Breen (1996), and Stoltzenberg and Relles (1997). '

Next we review a number of procedures for dealing Wlth missing data, culminating
in a discussion of Bayesian multiple imputation, the current gold standard, and presenta-
tion of a worked example using this method.

i However, the problem usuaily is much worse because data are not missing com-
pletely at random. Rather, the presence or absence of data on particular variables tends to
depend on the value of other variables. For example, as noted previously, poorly edu-
_t_ed people are less likely to know about their family histories, and hence their parents’
:gracteristics, than are well-educated people; the refusal to answer certain kinds of
juestions, for example, those invoking political attitudes, may vary with political party
affiliation; self-employed businessmen may refuse to divalge their income for fear that
e information will wind up in the hands of the tax auihorities; and so on. In such cases,
efﬁcwnt% estimated using casewise deletion are generally biased. Thus, to simply omit
missing data is to risk sericusly distorting our analysis.

-~ Case deletion (also known as listwise deletion) is also appropriate when the model is
: rfectly specified, and the value of the dependent variable is not affected by the missing-
ness of data on any of the independent variables (Paul and others 2008). But perfectly
$p_eciﬁed models are virmally unknown in the social sciences, The mean imputation with
immy variables method discussed a bit later provides a test of the dependence of the
cE_c‘pendent variable on the missingness of the independent variable or variables; but we

il are left with the problem of imperfect model specification. One circumstance in
Wf_l‘r_ich case deletion is appropriate is when a question is asked only of a random subset of
ample because then the subset is still a probability sample of the population. But even
Te, there usnally is a heavy cost to pay in terms of reduction in sample size.

Weighted Casewise Deletion

. similar approach, which is possible where the population distribution of some variables
18 known or can be accurately estimaied (for example, from a census or high-quality
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survey), is to drop cases with any missing data but then to weight {or reweight) the sany:
ple so that it reflects the population distribution with respect to known variables, such a5
age, sex, ethnicity, education, and geographical distribution. The U.S. Census Burean ang
a number of sample survey houses do this to correct their sample surveys for differentiy] -
nonresponse, but the method also has been used to correct for item nonresponse. If the
substantive model} is perfectly specified, the method can result in unbiased estimateg
albeit with inflated standard errors. In addition, weights that depart substantially from
mnity also inflate the standard errors. (Stata’s -pwelght - option provides correct stap
dard errors when this method is used, but the standard errors typically will be inflated rel.
ative to standard errors for unweighted data.) However, because our models are virmally__.
never perfectly specified, the validity of the procedure depends on how closely perfect -
specification is approximated, which requires a judgment on the part of the analyst.

ere the coefficients themselves are close 1o being unbiased. Because of this, another
1ass of imputation methods builds in uncertainty. There are two main ways of doing this:
otdeck imputation and Bayesian multiple imputation. (A computationally less intensive
modification of Bayesian multiple imputation, the approximate Bayesian booistrap pro-
Jsed by Rubin and Schenker [1986; Rubin 1987} is not considered here.)

Hotdeck Imputation

This is the method used by the U.S. Census Bureau to construct complete data public use
atnples. The sample is divided into strata (similar to the strata used in the weighted case-
ise deletion and conditional mean imputation methods). Then each missing value within
stratum is replaced with a value randomly drawn (with replacement) from the observed
i cases within the stratum. As a result, within each stratum the distribution of values for the
'ﬁputed cases is (within the limits of sampling error) identical to the distribution of val-
ues for the observed cases. When the imputation model is correctly specified (that is,
shen all variables correlated with the missingness of values on & given variable are used
o impute the missing values), this method produces unbiased coefficients but biased
tandard errors. It also tends to perform peorly when a substantial fraction of cases have
t least one missing vakue {Royston 2004, 228).

Mean Substitution

Various methods for imputing missing data (rather than dropping cases) have been pro-
posed. (The mean substitution methods provide a way to generate complete data with
respect to the explanatory variables. In these methods. the dependent variable is not
impuied; doing so would amount to artificially inflating the strength of the association by -
adding cases on the regression line.) Early studies often simply substituted the mean or
mode of the nonmissing values, but this procedure is now regarded as entirely inadequate -
because doing so without further correction produces biased coefficients in regression :
models even under the MCAR condition (Lattle 1992) and also produces downwardly-
hiased standard deviations of each distribution containing imputed data and hence down- |
wardly biased standard errors and confidence intervals of calculated statistics.

Another approach, which has been widely used in the social sciences, is the missing -
indicator method: for each independent variable with substantial missing data, the mean
(or some other constant) is substituted, and a dummy variable, scored 1 if a value has
been substituted and scored O otherwise, is added to the regression equation. An advan-
tage of the method is that it provides a test of the MCAR assumption: if any of the
dummy variables has a (significantly) nonzero coefficient, the data are not MCAR. Cohen
and Cohen (1975, 274), early proponents of this method, claim that it corrects for the
nonrandomness of missing data. However, Jones (1996) has shown that it and related
methods (for example, adding a category for missing data when a categorical variable has
been converted to a set of dummy variables) produce biased estimates,

A final mean substitution method is conditional mean imputation, in which missing
values are replaced by predicted values from the regression of the variable to be imputed
{for the subset of cases with observations on that variable) on other variables in the data
set: this is the method implemented by Stata 10.0 in its -impute- command. This
method also results in (typically downwardly) biased coefficients and underestimated
standard errors.

All the mean imputation methods suffer from the problem of over-fitting. Because
missing data are replaced by a predicted value, the completed data set does not adequately
represent the uncertainty in the process being studied—the error component in the values -
for each individual. This is manifest in standard errors that are too small, even in cases

_ Fiia'l Bayesian Multiple imputation

- This method, introduced by Rubin in 1987, is the current gold standard (but see Pavl and
thers [2008] for a skeptical, or al least cautionary, view of the superiority of multiple-
imputation in practice). Little and Rubin (2002) is the classical exposition of the method,
ut Schafer (1997, 1999) provides more accessible introductions, as does Allison (2001).
'or an early applications, see Treiman, Bietby, and Cheng (1988), and Schenker, Treiman,
“and Weidman {1993).

The essence of multiple imputation is this. First, equations are estimated that predict
¢ach variable with missing data from other variables in the data set. Then values drawn
t random from the predicted distribution are substituted for the missing values. Because
ariables with missing data may be among the predictors for another variable with miss-
“ing data, the process is repeated several times, cycling through the prediction equations
~and using updated values for the predictor variables. This procedure results in a com-
iplete data set, with the missing data imputed. Several such complete data sets are
“created—the convention is five, but there is some evidence that more may be helpful
“(Royston 2004, 236-240).

: Each of these data sets is then analyzed in the usual way, and the resulting coefficients
“are averaged or otherwise combined, using what have become known as “Rubin’s rules”
(Rubin 1987, 76). This method produces unbiased coefficients and also, by taking account
“of the additional uncertainty created by the imputation process, unbiased standard errors.
_ Specifically, the standard error of a coefficient based on M imputations is given by

1 {i 5 1 M -
Sb = E P Sm_ + [1 + _]EM——I} Z (bm - b)' (81)

m=1
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That is, the standard error is estimated as the average of the standard errorg baseq:
on each imputation (the leftmost term}, which captures the uncertainty in the estimate withip:
each imputation, plus a component for the varation in the estimated coefficients ACrogs
imputations, which captures the uncertainty introduced by the imputation procedure. '

For this procedure to produce proper imputations, two conditions must be satisfied:
(1) that the analyst do a good job of predicting missingness, and (2) that if, in the substay.
tive model, missingness is correlated with the outcome variable, the cutcome variable b
included in the imputation model. :

Software that implements multiple-imputation proceduzes has been written for Stata By'
Royston (2004, 2005a, 2005b, 2007, building on earlier work by Van Buuren, Bashuizen, ang:
Knook [1999]); to download the necessary - ado- iiles from within Stata (connected to the
network), type -lookup ice- and dlick the fourth entry, “sj-7-4" (See also useful guides
tousing Royston’s -ado- files written by Academic Technology Services of the University
of California at Los Angeles [UCLATJ; they will appear in response to the same - lookup-~
command.) Royston’s software makes the process less tedious than it used to be. Nonetheless, .
implementing multiple imputation can add considerable complexity to your analysis. The"
difficult and time-consuming part of the work is to choose the predictor variables used to
produce estimates of the missing values of each variable that has any missing values.

The essence of the procedure is to specify which variables to include, to create appro-
priate transformations (dummy variables and interactions), and to specify the relation-
ships among the variables. These details are part of Royston’s command -ice -, which
should be built using the -dryrun- option so that the logic can be tested before begin-
ning what can be a lengthy computation. The imputation is then carried out, and a data set
is saved, consisting of multiple copies of the original data, each of which has complete
data because the missing values are imputed. owever, in cach of the completed data
sets, the imputed values generally will differ. This multiple-copy, or multiply imputed,
data set can then be used to carry out any analysis, using the command -micombine-.
This command carries out the specified estimation procedure, for example, multiple
regression, using each of the imputed data sets and then combines the resulting coeffi-
cients to produce a single coefficient—usually the average of the coefficients estimated
from each of the corpleted data sets—and a standard error that takes account of the addi-
tional uncertainty introduced by the imputation procedure (see Equation 8.1).

Typically, construction of the imputed data set is computationally intensive——in the
worked example discussed next, it took about 3.5 minutes on my home computer (which
has a 2.92 GHz processor)—but analysis using the imputed data set is nearly as fast as
analysis using a single data set, typically a matter of seconds. As you increase the number
of imputations, the time required to create the imputed data sets increases arithmetically.
As you add variables to be imputed, the time required increases at a faster rate. For exam-
ple, approximately doubling the number of variables to be imputed increased the time by
a factor of four.

Perhaps the best way to convey what is entailed in using multiple imputation to create and
analyze complete data sets is to carry out an example. This is what follows. The -do- and
-log- files that produced the example are available for downloading. These files contain, just
before the imputation step, a discussion of how to specify the -ice- command.

WORKED EXAMPLE: THE EFFECT OF CULTURAL CAPITAL ON
SUCATIONAL ATTAINMENT IN RUSSIA

ere is ncreasing evidence from many nations that the extent to which parents are
gaged with the written word—measured by the number of books in the houschold
Jhen the respondent was growing up—is at least as important (and perhaps more impor-
ant) a determinant of educational attainment as is the amount of formal schooling attained
v parents (Evans and others 2003). The reasoning is straightforward: what matiers about
arental education is not the credentials it brings but the way it affects family life and
ild rearing. In households where reading is an important activity, children often learn to
d at home, enjoy reading, and become good at it, all of which improves their ability
& meet the demands of formal schooling. Thus, they tend to do weli in schoel and in con-
equence to continue thelr education to advanced levels.

i In this example T investigate whether books in the childhood home were important
educational attainment in Russia. I chose Russia for the worked example both because
tie number of books is probably a good indicator of family reading habits in Russia
Jecause the cost of books was very low during the Soviet period (my data pertain to
dults surveyed in 1993, just after the collapse of the Soviet Union) and becanuse—as a
asult of massive casualties during the Second World War—there is an unusually large
imount of missing data on parental characteristics in the Russian data set, a national
robability sample of 5,002 Russian adults age twenty and over (see Appendix A for
details on the data and how o obtain them; see also Treiman and Szelényi 1993, Treiman
994, The sample is restricted to those age twenty to sixty-nine to avoid understatement
f educational attainment by those still in school (fewer than 3 percent of twenty-year-
slds were still in school) and differential mortality and morbidity (rendering people
navailable to be interviewed) among those age seventy and older. This reduces the sam-
le to 4,685. In the present analysis, the data are not weighted, although weights are per-
missible in - i ce -, because weighting introduces an additional complication in comparing
“tesults obtained from a casewise-deleted data set and a multiply imputed data set.

¢

- Creating the Substantive Model
first specify a conventional educational attainment model:

A 6
:._E =a+ b(Epy+c(Ef)+ Zdj(Oi) +e(C) + f(S) + g(M) + h(B) + i(E,B) (8.2)

i=2

where E is the number of years of schooling of the respondent, £ is the sum of the
umber of years of schooling of the father and the mother, and £ is the difference in
he number of years of schooling of the father and the mother; the O, refers to the father’s
“occupational category when the respondent was age fourteen; C is year of birth (“cohort™),
~which captures any effects of the secular increase in education in Russia over the course
.of the twentieth century; § is the number of siblings, which is known to negatively affect
ducational attainment (Maralani 2004; Lu 2005; Lo and Treiman 2008); A 1s scored |1
- for males and 0 for females to test the possibility that the two sexes differ in their average
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Age Twenty o Binty-Mine in 1923 (N =4,685).

education, something that is irue in some places but not others; and, finally, 8 is an ording]

scale measuring the number of books in the household when the respondent wag dge:: Kean E3»)

fourteen (the categories are none, | or 2, around 10, around 20, around 50, around 10{) i Al Casewise Al Casewise Number of
around 200, around 500, and 1,000 or more), and E_B is a product term that captyres's Observa- pelation Obser- Delation Monmissing
possible interaction between parental education and the number of books—1 woujg -

; . : 3 ti M= 266 i M = 2681 Observations % Missi
gxpect the size of the home library to be more important when parents are less educatag: o { N vatens ( _ ) % Missing

on the ground that well-educated parents are likely to provide school-relevant skijjs
whether or not there is a family culture of reading but that this is less likely when the par
ents are poorly educated. That is, T wonld expect that parental education and palenta"
involvement in reading are to some extent substitutes.

4 _
- ON THE VARIABLES L

# Parental education. | specify the sum and difference of the years of schooling of each
parent rather than simply including the years of schooling of each parent as a separate
variable. It can be shown that the two specifications are mathematically equivalent and
that either can be derived from the other. But the specification | used is more readily
interpretable because it gives the overall effect of parental education pius any additional
affect resulting from a difference in the educational level of the parents.

160, g7

Father's occupation. The occupational categories are from the six-category version :
of the Erikson-Goldthorpe-Portocararo (EGP) occupational class scheme, modified by
Ganzebooem and Treiman (1996).

e

Number of books. | explored three specifications of this variable: the ordinal scale, mid- -
points of the number of books indicated hy each category, and the natural log of the
midpoint scale. Interestingly, the ordinal scale produced the best fit, probably because
the log scale excessively diminished the effect of increases in large home libraries.

N y:

The problem for this anabysis is that many of the variables in the model have substan-
tial fractions of missing data. Table 8.1 shows the percentage of cases missing for each
variable. If T were to simply drop all cases with missing data, [ would be left with only 57
percent of the sample (2,661 cases). Moreover, because it is probable that missingness is
correlated with other variables in the model, T would be analyzing a nonrandom subset of
the original sample, thus completely undercutting the validity of any claim that the analy-
sis characterizes the educational attainment process in late twentieth-century Russia. Bvi-
dence that missingness is not random is to be found in a comparison of the means and’
standard deviations based on the complete-data (casewise deletion) sample (N = 2,661)-
and the corresponding statistics computed over all cbservations available for each
variable: in the complete-data subsample, the means of the socioeconomic status vari-
ables are generally higher, and the standard deviations are generally smaller than whei:
computations are based on all observations available for each variable. Thus, I turn 10
multiple imputation of the missing data to create a valid complete data set. :

on of cases for which responses are not missing.
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here the variables are those included in the substantive model defined in Equation 8.2.
did not have to restrict myself to variables included in the substantive model. Rather,
olfowing Yan Buuren, Boshuizen, and Knook (1999), I might well have chosen additional
ariables, which predict the independent variables in the model or predict their missing-
ass or do both; generally, this would be advisable. However, in the interest of keeping
he, worked example from becoming too complex, 1 settled for the prediction equations

Creating the Imputstion Mods!
For each of the variables with any missing data, il is necessary to specnfy an 1mputatlon :
model—that is, 2 model predicting values on the variable from the cases for which obser: .
vations are available. Yan Buuren, Boshuizen, and Knook (1999, 687) suggest tha¢
although in principle the larger the number of variables in the imputation model the better”
in practice (to avoid multicollinearity and computational problems), it is best to limit the
predictor set to fifteen to twenty-five variables. They propose as criteria for inclusion:

The - ice- command permits the specification of several different estimation models
f}'LS for continuous variables, and also binary, multinomial, and ordinal logistic regres-
on for categorical variables). Because we have not yet covered logistic regression, 1 ask
on here 1o take on faith that they are the appropriate techniques for dealing with these
orts of variables; these techniques will be exposited in Chapters Thirteen and Fourteen.
s it happens, all variables to be imputed are continuous except for the father’s occupation
ﬁtegor:ies, which are imputed using a multinomial logistic regression model, and the num-
‘ber of books in the household, which is imputed using an ordinal regression model.

A very uselful feature of - ice- is its ability to handle “passively imputed” variables,
at 1s, variables such as mieraction terms and sets of dummy variables that are mathe-
matical transformations of other variables, some of which may include missing data.
ee Royston (2005a, 191-195) for a description of the procedures and the downloadable
do- and -log- files for the chapter for detailed discussion of how to specify the
ice- command.

i. Include {(as predictors for each variable with missing data) all variables that wﬂi
be included in the substantive (complete-data) model.

2. Inaddition, include (as predictors for a given variable with missing data) all vandbles :
thonght to affect the missingness of that variable. Such variables can be identified
by examining the asscciation between missingness and candidate variables. If the:
association is not zero or is close o zero, include the candidate variable. :

3. Inaddition, include {as predictors for a given variable with missing data) all vari-:
ables that are strong predictors of that variable. Such variables can be identified
by examining the association between the given variable and candidate variables;
for cases in which the given variable is observed. :

4. Remove from sets (2) and (3) those variables that themselves have substantial
amounts of missing data.

An intermediate step that T skip in the present exposition is to confirm that the data
are not MCAR by predicting missingness from other variables in the data set; if some of:
the coefficients are nonzero, we have evidence that the data are not MCAR. However,
there is no way of deciding empirically whether they are MAR or NI. For each variable:,:-
missingness is dichotomous, so the appropriate estimation tool is binary logistic regres-
sion. However, because we will not cover this technique until Chapter Thirteen, this part
of the worked example is omitted.

In the present case, we need to impute missing data for all variables in Table 8. 1
except gender and year of birth (which have no missing data). Following the criteria of
Van Buuren and his colleagues, my imputation model for the variables included in the
substantive model is '

'Cbmparing Casewise Deletion and Multiple imputation Results

Table 8.2 shows regression coefficients, standard errors, and - and p-values for two mod-
s, one estimated using casewise deletion and the other estimated from a multiply
mputed data set using Royston’s command -micombine-. Alihough the resulis are not
reatly different, they do lead to different substantive conclusions regarding three of the
welve variables in the model: if we accept the conventional .05 level of significance, we
‘would conclude that all variables in the OLS model are significant, with the exception of
the father’s employment in a routine nonmanual job, which results in equal educational
chances for offspring as does the father’s employment in a managerial or professional
job. In particular, we would conclude that it is beneficial when the mother is well edu-
dted relative to the father (because, net of the average level of parental education, the
‘more the father’s education exceeds the mother’s, the lower the educational attainment of

E=flE, E,, £0,C,5.MBE B)

E =fik £, 20,C 5 M, B) {fspring). We also would conclude that, as expected, those from large families get less

E, = fE,E, $0,C, 5 M, B) i .éducation, and also that males get less schooling than do females. However, none of these
M ' (8.3 three coefficients exceeds the .05 level of significance in the imputed data.
O=fEE,.E,C S MB) Interestingly, the size of the home library is the most important variable in the model,

.=as indicated by the standardized coefficients, shown in the rightmost column. But, as
.predlcted, its importance diminishes as parental education increases, as is evident from
the negative coefficient for the interaction term.

S=RfEELE, Y0, CMB)
B=fEE, E, 20,C S M)
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WHAT THIS CHAPTER HAS SHOWN .

In this chapter we have considered different kinds of missing date, drawing upon a dgjg:
tinction between data that are “missing compleicly at random” (MCAR)_, data that are
“missing at random” {MAR), and data that are “missing not at random” (MNAR or N})
We explored the properties of each of these missing data types and then considered’y
mumber of procedures for handling missing data, including listwise deletion and varioys:
forms of imputation of missing values. We determined that most of the procedurey
reviewed produce biased coefficients in prediction models. This circuwmstance motivated::
consideration of multiple imputation procedures, in which missing data are imputed sey
eral times and the results of each imputation are combined. Multiple imputation offery
the best chance of producing results that are free from bias. We then considered, througt
a worked example (the role of cultural capital in educational attainment in Russia), how:
to implement multiple imputation procedures, using software wriiien by the British medi
cal statistician Royston, 5

Thus far we have carried out statistical inference on the assumption that our dagg”
were drawn from a simple random sample. However, most surveys, such as the GSS, ar ;
not based on simple random samples but rather on complex mualtistage probability sam-:
ples. In the next chapter we consider various sample designs and see how to get correct
standard errors when we are using data based on stratified or clustered multistage proba- .
bility samples or both. :

WHAT THIS CHAPTER IS ABOUT

Thus far we have treated the issue of statistical inference as if we were analyzing simple
andom samples and our data conformed to the distributional properties assumed by ordi-
‘nary least squares (OLS) regression. Neither condition is likely to hold in practice. Thus,
‘fow that we are comfortable with the manjpulation and interpretation of regression mod-
Is, it is time to expand our analytic toolkit to make correct inferences about data based
1 the kinds of complex samples typically used in national surveys. We alse will want to
onsider how to identify and, if possible, correct for anomalous features of our data. As
we will see, these two topics are fairly closely related.

1 begin with a description of types of samples used in survey research. I then discuss
he problem of statistical inference created by complex sample designs. Chapter Ten then
'Qnsiders various diagnostic procedures for OLS regression models and some ways of
orrecting problems revealed by the diagnostic procedures.
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SURVEY SAMPLES

As we know from elementary statistics, to generalize from a sample to a population
need some soxt of probability sample. For our purposes, there are thiee basic kingdy
probability samples:

ngiuentlaﬂy, from 1 to 40. Then we would devise a rule for moving through Table 9.1. We
night decide to move through the table row by row and to take the first two and then the
: two digits in each five-digit sequence in the table. (This decision rule is, of course,
sitrary. But this does not matter. Because the digits are arranged in random order, any
scision tule is as good as any other, so long as it is consistent.) Following this rule,
v frst number we encounter is 10. Thus, we include the tenth person in our class list.
"he pext number we encounter is 80. Because this is cutside the range 1 through 40, we
imply skip it. Then we encounter, successively, 15, 11, 1, 36, 2, and 11 again. Strictly
syeakmg we should take the eleventh person twice. But this is very awkward from a prac-
al standpoint. Thus, in carrying out practical work we almost always sample without
rgplacemem This has certain siatistical consequences, but they are of no importance for
opulations of the size we generally deal with in survey research. When sampling without
eplacement we simnply skip the eleventh case when we encounter it the second time.

- We complete our sample by taking the next four numbers falling into the range 1 throngh
{ and not previously chosen: 22, 25, 30, and 24. So we have a sample of 10 people, consist-
ng of individuals 1,2, 10, 11, 15,22, 24, 25, 30, and 36 in our list of 40 people. This sample
s random because by virtue of the way we drew it; each of the 40 people in the population
had an aqual chance of being included.

5 Tn current practice such samples are usually drawn with the assistance of a computer,
by constructing a sequential list of all members of a population and randomly selecting
from the kist. But the principle is exactly the same. Clearly a list of all members of the
population is necessary. Obtaining such a list is not always easy and is often impossible.
For example, there is no list of the population of the United States.

Sometimes population lists are available, but not in machine-readable form. In such
cdses systematic sampling is sometimes substituted for random sampling. In systematic
sampling a random starting point is chosen, and then every kth case is chosen from the
ist, where k is the ratio of the population size to the desired sample size. In the present
example we would simply choose a random starting point, perhaps picking the first case
by consulting a table of random numbers, and then we would take every fourth student in
he class, wrapping from the end of the list to the beginning if necessary, to get a sample
of 10 people from a class of 40.

The properties of systematic samples are, in practice, very similar to those of ran-
dom samples (Sudman 1976, 56-57), and we generally treat them as if they were random
samples. Indeed, in some respects they may be better than random samples because they
Effectively stratify the sample with respect to whatever characteristics are correlated with
. the ordering of cases on the list (for example, ethnicity when the pepulation is listed
alphabetically; see the discussion later in this chapter, in the section “Stratifying to Offset
he Effect of Clustering™). When T discuss simple random sampling, it should be under-
stood that what I say also applies to systematic sampling.

Stple random samples, in which every individual in the population has an
equal chance of being included in the sampie. (The equal-pr Db&blh‘t}f“Of-SGIECtIon
condition defines a sample as random.) '

Multistage probability samples. These are nothing more than complex randop
samples in which units are randomly sampled and then subunits of the sampled
units are randomly sampled, and so on. Examples include area probability sam.
ples in which, say, cities and counties are randomly sampled, then blockg
within areas, then honseholds within blocks, then persons within househoids;
and school samples in which, say, school districis are sampled, then schools
within districts, then classrooms within schools, then pupils within classrooms -

Stratified probability samples, which are also complex random samples. In stras
ified samples the population is divided into strata on the basis of certain character-
istics (race, sex, piace of residence, and so on). A probability sample is drawa
within each stratum, with the sirata often sampled at different rates—for example;
with Blacks sampled at a higher rate than non-Blacks to ensure that there are
enough Blacks for analysis.

Simple Random Samples

Let us first consider simple random samples. To draw a random sample requires a list of every
individual in the population and a randomizing procedure to select a fraction of the individu-
als in the population. A typical way of drawing a random sample before the age of computers
was to consult a list of random numbers. Table 9.1 shows a small portion of such a Yst.

Suppose we wanted to draw a random sample of 10 people out of a class of 40, using
a table of random numbers such as Table 9.1. We would list the 40 peopie in the class

Portion of a Table of Random Numbers.

22368 46573 - 25595 . g5303 o -

48360

42167 93003

06243 Multistage Probability Samples
: Simple random sampling is practical only in limited circumstances—in particular, when a
complete list of the population is available and when respondents can be accessed from
-4 central location, by telephone, mail, or the internet. Neither condition applies in the
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case of national samples of the U.S. population in which face-to-face residential interviewy
are conducted—that is, inferviews in which the interviewer goes to the home of 1
respondent. First, as just noted, there 1s no national register of the U.S. population, whicl;:
makes it impossible to draw a simple random sample of the population. Second, even ifit
were possible to draw such a sample, it would be prohbitively expensive to travel to the
homes of the selected respondents, who would almost certainly be scattered throughout
the nation. Thus both sampling and fieldwork considerations lead us to devise multlstaga"
probability samples for national household surveys. :
Such samples are created in stages (hence the name multistage probability Samp]esj
In the first stage, primary sampling units (cities, counties, and so on) are drawn al ran:
dom, with probability proportional to size (PPS)—that is, in such a way that the chance’
of each city being selected is proportional to the size of its population. Suppose we want
to draw a national sample of two thousand people and decide to do this by choosing one
hundred primary sampling wnits (PSUs) and conducting twenty interviews in each place.
Obviously, we could not simply list all the cities in the country and randomly choose some'
of them; this would give people in small towns a mouch higher chance of being included
in the sample than people in large cities. For example, if we randomly chose Los Angeles.

TE&E?H@NE SURVEYS Telephore surveys are increasingly widely used

because they are less costly than face-to-face interviews. Currently in the United States, a
one-hour face-to-face interview in a national probability sample conducted by one of the
leading academic survey centers costs about $300 per respondent, compared with about
$150 for a phone interview of the same length. Apart from cost, the major advantage of tele-
phone surveys is that it is possible o access households that are very difficult to access in per-
son, such as those in gated neighborhoods or security buildings, and also in high-crime
neighborhoods where people are reluctant to answer the door (and interviewers are reluctant
1o work). On the other hand it is more difficult to establish rapport and to ask complex ques-
tions over the telephone, and interviews must be shorter than face-to-face interviews to min-
imize respondent fatigue. Moreover, in an era in which few people are skilled at reading
aloud, it is difficult to find competent telephone interviewers.

A final difficulty with telephone surveys s that respondents are increasingly hostile
toward them. Telemarketing has queered the field for legitimate survey research, especialiy
since some telemarketing agencies claim to be doing a survey as a device to draw people into
a phone conversation.

Sampling generally is easier with phone interviews than with in-person household inter-
views because, in principle, random sampling can be used, by means of random digit dialing.
However, procedures must be devised to screen out business telephones and to adjust for
multiple-telephone households. The proliferation of cell phones, Tax machines, and caller-ID
screening devices have created new difficulties. Stil, since almost all households in the United
States have telephones, sample bias is not much cn‘ a problem, In many other countries, of
course, it would be a major problem.

ti
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i ganta Monica or Beverly Hills (the latter iwo are small cities in Los Angeles County)
;jd'then randomly selected twenty people in the chosen city {assuming we had a listof all
sidents), any person in Santa Monica or Beverly Hills would have a much higher chance
£ peing included in the sample than would any person in Los Angeles.

So fmstead we group cities into strafa on the basis of their size and randomly sample

es within sirata, at a rate proportional to their size. For example, we might group the
.}argest cifies into a stratum, large cities info a second stratum, medium-sized cities into a
ird stratum, and so on. Suppose the population of the largest group averaged two mil-
on, the population of the second group ore million, and the population of the third group
ve hundred thousand, and so on. We might then randomly choose every city in the first
-oup, every other city in the second group, every fourth city in the third group, and so on.
I we then inferviewed the same number of peeple from each selected city, every person
i the country would have an (approximately) equal chance of being included:

20/2 million = 1/100,000
20/(1 million/0.5) = 1/100,000
20/(500,000/0.25) = 1/100,000

and so on

MAIL SURVEYS wai surveys are generally undesirable because they tend to

produce low return rates, with a bias favoring the better educated. However, well-designed
mail surveys can be effective, especially with extensive follow-up emphasizing the importance
of the survey (through registered letters, telegrams, phone calls, and so on). Jonathan Kelley
and Marigh Evans have achieved amazingly high response rates in mail surveys carried out in
Australia—on the order of 65 percent—Dby deing extensive follow up. They also show that non-
respondents to their surveys are essentially ne different from respondents (Evans and Kelley
2004, Chapter 20}. Such surveys require a sampling frame that includes addresses. This is
impossible in the United States but possible in countries that have registration systems, such as
Australia, where voting registration is required. Noncjtizens are excluded, but the sampling
frame is good otherwise.

Another disadvantage of mail surveys is that one cannot ask complex guesticns or
guestions that are contingent on responses to previous questions; respondents have difficulty
following the logic of complex contingencies, known as filters. On the other hand, one can ask
guestions with relatively long lists of alternatives because pecple can handle mare alternatives
when they can read and refer back to them than when the items are read to them. A final limi-
tation of mail sufveys is that they are vulnerable to being completed by committee—that is, by
several members of the househeld consulting one another. For many topics, this poses little
difficulty and may actually be advantageous, as, for example, when life histories are solicited;
but where independent responses are required, this is a serious shortcoming.
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WEB SURVEYS in recent years Web-based surveys have become increasingly E

widely used. In some respects Web surveys are like mail surveys in that they eliminate the inter-
viewer and require a respondent to decide to participate and to complete the survey without
the benefit of persuasion by a live person, which—when practiced by a skilled interviewer— :
can overcome trepidation, boredom, irritation, and other impediments to completing the
interview. On the other hand, for the computer literate they are easier to complete than paper-
and-pendil questionnaires, at least when they are well designed. They also have the advantage
over all other modes in permitting complex filters, In which guestions are incluced or omitted
depending on responses to previous questions. In both face-to-face and telephone surveys,
filters are used, but they are vulnerable to interviewer error. In paper-and-pendil surveys, using
filters is difficutt because respondent error is likely.

With respect to sample bias, Web surveys today face the same limitations as telephone
surveys did in the United States in the first half of the twentieth century: a strong socloeco-
nomic bias in computer access and computer literacy. In addition, there is no known sampling
frame of Web addresses that corresponds to a population of people. Moreover, given the
current flood of spam and concerted attempts to intercept it through spam filters, efforts to
secure responses from a random sample of Web addresses will likely fail. Hence the useful-
ness of Web-basad surveys is likely to be restricted to situations in which there is a well-
specified sampling frame (such as a list of members of an organization) and the ability to
address survey questionnaires o named individuals with suitable appeals and inducements
to respond and assiduous follow-up efforts to convert nonresponses 10 responses,

The Population Size, Cumulative Population Size, and

ercemage mf the Total Population Residing in Each of the Ten Largest Cities
‘california, 1990.

Curnulative Percentage of Total
1990 Population Population Population of the 10 Cities

723,959¢

The problem with this method is that the strata may be quite heterogeneous. For
example, suppose all cities with populations of one million or more are included in the
first stratum. Then, if cities were simply chosen at random, residents of Los Angeles
would have only one-third the chance of being included in the sample as residents of
San Diego, since the population of Los Angeles is about three times the population; '
of San Diego.

To avoid this problem an alternative procedure is often used: within each stratum;
units are sampled PPS. To accomplish this, all the units are arrayed in order according
to their size, and the total population is cumulated. Then numbers are drawn at random;
and units are chosen that include the randomly drawn numbers. For example, suppose
we want to sample PPS five of the ten largest cities in Califoria as PSUs, so we can
interview one hundred people per PSU. (Here, because of the large variance in the size of
the cities. it makes sense either to sample with replacement or to divide Los Angeles, and '
perhaps San Diego, into portions and treat each portion as a separate city. I have done the
former.) Table 9.2 shows the population (here, according to the 1990 census), the cumula;
tive population when cities are arrayed by size, and the percentage of the total popuidtwn
of the fen cities residing in each city.

é_1_11ber table at the back of one of my statistics texts and arbitrarily deciding to take the
d through ninth number in each row, I get the following:

0,732,533  Beyond the range (ignore)
4,204,805 Choose San Diego (since 4,204,805 falls within the range: 3,485,399 to
4,595,947
2,268,953  Choose Los Angeles
1,902,529  Choose Los Angeles again
799,970  Choose Los Angeles still again
6,574,717 Choose Oakland

: Note that Los Angeles is chosen three out of the five times. (Of course, since the
pulanon of Los Angeles is 43 percent of the total population of the ten largest cities
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imships (or zip-code-sized districts of cities [“streets™]), with probability proportional
5 size. Then within each of the chosen townships we sampled villages (or neighborhoods
£ cities), with probability proportional to size.

Once small geographical units are identified—{for example, villages in raral China
 districts or neighborboods of cities—there are four standard alternatives for choosing
adividuals to be interviewed:

in California, we would expect Los Angeles 1o pe chosen about two out of five tmeg ot
average if we repeated the sampling procedure many times.) We would thus divide g
Angeles into three equally sized sections and treat each of them as a primary sampling
anit, together with San Diego and Oakland. By sampling in this way, and repeating the
process for smaller units within each primary sampling unit, we ensure that every indj-
vidual lving in the ten cities has an approximately equal chance of being included in the
sample, precisely because the chance of the city being included is exactly proportional i
the size of the city. :

Note that I say “approximately equal” This is because the multistage selection pro
cess introduces “lumpiness.”” Here, for example, each primary sampling unit tepresenty’.
exactly 20 percent of the populaiion, but each city does not contain an exact multiple of:
20 percent of the population. Although there always will be some lumpiness, the large
the number of sampling units at each stage, the smaller the problem becomes. .

Typically a survey house will use the same primary sampling upits repeatedly. Fo
example, the National Opinion Research Center (NORC) changes its primary sarpling -
units every ten years, when the new census data are available (these are needed (o deter
mine the population size). NORC does this because it maintains a staff of interviewers:;
in each primary sampling unit and wants to avoid the expense of recruiting and training -
a new set of interviewers for each survey. The part of a sampling design that is fixed in’
advance and maintained over time is known as the sampling frame. :

‘s Random selection from a population register

. & Random selection from a list of addresses (household samples) and further selec-
tion within households

Random walk procedures {another way of selecting houssholds)

w Quota selection

opulation Register Sampies In countries that maintain registers of the population (for
yample, Eastern Burope and China), it is commen to randomly sample individuals meet-
' g the study criteria (usually simply those falling within some age range} directly from
¢ population register. This is a very good method because it allows strong confrol
om the office—that is, it makes it very difficult for the interviewers to cheat by filling
ut the questionnaires themselves. A simple control procedure is to ask the respon-
ent for the exact date of birth. This information typically is in the population register
hut will be unknown to the interviewer. Thus interviewers cannot make up an answer o
is question from their kitchen table.

- There are three (related) potential disadvantages to using population registers to draw
amples. First, if the register is not kept up to date, it will miss those who tend to move
round a lot. Second, often people are officially registered in one place (for example, their
ome village) but are away working somewhere else for an extended period. Thus they
ill be interviewed in neither place because it usually is extremely expensive to track
em down. This is a major preblem in China, where 25 percent of the population of
eijing, and comparable proportions in other cities, is “floating,” working in the city but
registered in a village. To obtain better records for official statistics (and alse-—indeed,
‘main]y-—to maintain tight social centrol of the population), the Chinese government
egan in 1994 to require that people residing in a place for more than three months regis-
T a3 “‘temporary residents”; nonetheless, many people fail to register. A third disadvan-
ge to basing samples on population registers is that the registers are virtually always
stricted to the de jure population rather than the de facto population. So a large resident
lien population—Ilike Germany’s Gastarbeiter (guest workers)—will be excluded. This
can result in rather odd samples. For example, German samples typically have far too few
ale unskilled workers becanse unskilled jobs are almost always done by Gastarbeiter.

Random Samples of Households and Further Selection within Households In the United
tates and other countries lacking population registers, the problem is to create a list of
eople to be sampled within each of the small geographic units chosen. This typically is done
Avthree stages: by enumerating houscholds, sampling them, and then, as part of the inter-
ewing process, randomly choosing one person (or more) per household to be interviewed.

When sampling large, geographically diverse populations, the selection process typi-
cally is repeated several times, for successively smaller units. For example, in a 1996
national sample survey of China (Treiman 1998), we divided the country into urban and
mural seciors. Then, within each sector, we sampled counties {or their urban equiva]ents),
with probability proportional to size. Within each of the chosen counties, we sampled:
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Households are enumerated (listed) by fieldwork staff who walk through the ay
focating and recording every occupied dwelling unit. In suburban neighborhoods full ¢f
single-family houses, this is pretty easy——although one still has to be careful (o inclugs
mother-in-law apartments and such. In places where people live in garages, rooms jn the
backs of shops, and other informal dwellings, it can be very difficol. (Contemporgr_y
urban China is such a case. For an account of challenges faced by those trying to condug
sample surveys in such environments, see Treiman, Mason, and others [20061.} It can alse
be difficult to get into security buildings and gated neighborhoods. This is a problem not"
only at the listing stage but at the interviewing stage as well.

Once the list is compiled, a random sample of dwelling units is drawn and inter,
viewers are sent to conduct the interviews. The next problem is to randomly select one’
or more people within the household for interviewing. This is done by the interviewer;:
who lists all the residents of the househeld who meet the criteria and randomly selects'_:'
one {or sometimes more, depending on the design of the study), using what is known as
a Kish table (after the sampling statistician LesHe Kish) or similar methods (see Gazian '
[2005] for a review of within-household respondent selection techniques). Suppose, for:
example, that the interviewer is instructed to interview a person aged eighteen to sixty-
nine. The interviewer Hsts all household members between eighteen and sixty-nine ang
then chooses one by referring o a table of random numbers or using some other devme :
such as choosing the person whose birthday is closest to the interview day. :

Household samples have the advantage of capturing the de facto populatmn—tha-_
population actually living in a place. But they have three important disadvantages. First, it
is fairly easy to cheat, interviewing whomever happens to be available rather than return- .
ing to complete an interview with a person chosen but not available. Interviewers are sup«-
posed to make a specified number of attempts to complete the interview (typically three)
before abandoning the attempt. I picked up cheating in a survey I did in South Africa in-
the early 1990s by noting that 97 percent of Blacks were interviewed on the first try—- :
completely unbelievable proportion. (By contrast, about 80 percent of the White, Asian
and Coloured interviews were completed on the first try.) To make it possible to discover .
such problems, it is a very good idea to build information on the interviewing process into:
the data collection—for example, by having the interviewer record the date and time of:
cach attempt to complete an interview and the outcome of the attempt, and also by col=
lecting information on at least the age and sex of each household member and includin
this information in the analytic data set, which permits the analyst to compare the distr-
bution of completed cases to the distribution of household members. In my South Africa
study I used such information to determine that men had been undersampled and was ab
to get the survey house to collect a supplementary sample of men.

A second disadvantage of household samples is that they are not true probability.
samples of the population, because people in large households have a smaller prob=
ability of being selected than do people in small households. For example, in 2000,
34 percent of U.S. households included only one adult, 54 percent had two adults, and the.
remaining 12 percent had three or more adults (data from the GS8). Obviously the chance;
of an adult in a single-adult household being included in a sample is twice as great as the
chance of an adult in a two-adult household being included.

We typically convert household samples o person samples by weighting the data by
aurpber of eligible people in the household, normalized to retain the original sample size.
1is is very easy to do in Stata. For example, suppose that the target populaticn is adults, that
é._wish to correct for the number of adults in the household, and that we have a count of the
inber of aduits in each household. In Stata we simply specify [pweight = adults]

- depending on the command, [aweight = adults]). Now suppose the average num-

- of adults per household was 2.0. Then a household with four adults would get a weight of
wherzas 2 honsehold with one adolt would get a2 weight of 0.5, Also, the mean weight would
 'and the sum of the weights would be IV, the number of cases in the sample.

As it bappens, weighting the GSS to take account of differential houschold size
akes little difference for most variables, which means that the analysis we have done
previous chapters using the GSS is for the most part not far off the mark. Sull, it is
jportant to get it right. Moreover, sometimes correcting for differential household size
¢s matter—for example, when we consider family income. Correctly weighting for dif-
rential household size increases the estimate of family income by about 10 percent in
& 2002 U.5. G858 (for the evidence, see Part 1 of downloadable file “ch09.do™):

unweighted mean = $50,102
mean weighted by household size = $54,880

LA third disadvantage of household samples is the increasing difficulty in securing high
sponse rates. In Eastern Europe during the communist period it was common (o com-
plete more than 90 percent of the attempted interviews, but response rates dropped with
& fall of cornmunism. The same is true in China, where response rates once exceeded
ercent but have been falling steadily, especially in urban areas where people increas-
gly live in high-rise apartment buildings with restricted access. The GSS typically gets
ut a 75 percent response rate, and other U.S. surveys do much worse, which creates a
ong possibility that respondents will be a nonrandom subset of the target population. [n
(S5, for example, men are usually undersampled relative to women because of dif-
rential nonresponse (Smith 1979). Any population estimate in which men and women
r—which is often the case with attitude items—will be biased,

A SUPERE@R SANMPLING PROCEDURE A superior alternative to %

listing and then sampiing households and, within selected households, listing and then sam-
pling eligible individuals, is to conduct a minicensus in each small area, visiting each household
and recording the age, sex, and other identifying characteristics of each resident, and then sam-
pling directly from the list of eligible individuals. This approach radically increases costs but is far
maore accurate than simply listing addresses, because household sizes tend to vary substantially
and because, especially in crowded neighborhoods, there often are “doors behind doors*—
that is, separate households that would be missed without interviewing local residents and
inguiring about the presence of such househaolds.
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Two ways of improving coverage are typically used: drawing a sample somewhy;
larger than the target number of completed interviews, to offset nonresponses; and sup
stitution by survey interviewers of a new case, typically from the same small area, whep
an interview cannot be completed. Both methods increase the number of completed inter.
views but do nothing to overcome biases that are due to the differential availability of'
potential respondents.

to ensure that a sufficient number of cases are drawn from each stratum to permit
alysis. For example, to get estimates of some phenomenon for each state in the United
ates it would be necessary to stratify a national sample by state because otherwise
ly a small number of respondents, or perhaps none at all, would be hkely to be chosen
(jm small states. A second reason for using a stratified sample design is to minimize
& effect of clustering, a point discussed in more detail later in the chapter.

Random Walk Sampies Random walk samples are a variant of household sampleg.
Within each small area, the interviewer is instructed to start at a particular location (a
particular street intersection) and to proceed in 2 specified way, taking every nth addresg
(or even varying the interval according to a schedule of random numbers) and tumiﬁgj
ip a specified direction at each intersection. This amounts ¢ doing the address };iss:ing"
on the fly. This is not a desirable method because, in addition to the other WSakHESSES.':
of household samples, it results in difficult-to-find dwelling units being overlooked,
even by honest interviewers. Also, cheating is even easier than with conventionai:
household samples because enumeration, household selection, and interviewing are all
done by the same person: and typically there is lttle or no documentation of the poten-

. §QE.ER€E§ QF N@NRESP@NSE The main reason for nonresponse is ¢

failure to start the interview, because the interviewer cannot contact the target household (as
sametimes happens in gated communities and high-rise apartments), because nc one is home,
i or because the householder refuses to answer the door. For this reason high-quality survey
©. operations often attempt {0 contact targeted households by mail to explain the survey and
pave the way for the interviewer, Once contacted, relatively few people refuse to be inter-
= viewed (although refusals are increasing, especiaily in urban areas), and almost nc one termi-
“ nates an interview after it starts,

tial sample, only those actually interviewed. It is used because it is less expensive than:
population-register sampling and conventional household sampling. In the first two
years of the GSS (1972 and 1974), a random walk procedure combined with a quota
sample was used. '

DESIGN EFFECTS

e fact that national sample surveys generally are based on mmltistage area probability
samples creates a problem—standard statistical packages, which assume random sam-
pling, tend (o understate the true extent of sampling error in the data. The reason for this
s that when cbservations are clustered (drawn from a few selected sampling points), for
many variables the within-cluster variance tends to be smaller than the variance across
ie population as a whole. This in twm implies that the between-cluster variance—the
variance of the cluster means, which gives the standard error for clustered samples—is
flated relative to the variance of the same variable computed from a simple random
gmple drawn from the same population. Reduced within-cluster variance, especially
with respect to sociodemographic variables, is typical within the small areas that make up
& third stage of multistage probability samples: areas of a few blocks tend to be more
hoiz’nogeneous with respect to education, age, race, and so on than the population of the
énfire country. The result is that when we use statistical procedures based on the assump-
1on of simple random sampling, our computed standard errors typically are too small.
What we need to do is to take account not only of the variance among individuals within
-luster but of the variance between clusters. This is what survey estimation procedures
do. (For a useful introduction to such procedures, especially as implemented in Stata, see
Eltinge and Sribney [1996]. However, note that Stata’s survey estimation procedures have
eatly expanded since that paper was published: they are now capable of handling multi-
stage designs with more than two levels, and survey versions of many more estimation
Drocedures are available.)

Quota Samples A guota sample is a sample in which the interviewer is instructed to'
obtain information on a given number of people with specified characteristics—fernales
under forty, females forty and over, working women, and so on. Otten quota procedures
are combined with multistage probability sampling: small areas are selected using multi-
stage probability sampling methods, and then, within each small area, the mterwewer is
instructed 1o obtain interviews to fulfill specified quotas.

In general, quota samples are not a good idea, for two reasons: first, they do not meet
the conditions permitting valid statistical inference—they are not a probability sample of
any population. Second, they typically produce a biased sample of the population they
purport to represent, overrepresenting the kind of people who tend to be available WhBI&_.
interviewing is carried out. Still, carefully controfled guota sampling can be useful under:
conditions in which probability sampling is prohibitively difficult, because in such cir
cumstances coverage of the population might actnally be better.

Stratified Probability Samples
Multistage probability samples are sometimes stratified, that is, designed to treat VdIiDHS
segments of the population as if they are separate populations. For example, an initial
distinction might be made between urban and rural areas, with separate samples drawi.
from the urban portion and the rural portion. The main reason for stralifying a sample
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jgn effect of two indicates that we would need twice as large a sample with our
tered design to achieve the same standard error we would obtain from a simple
dom sample (Kish 1963, 259).

“Note that design effects must be estimated separately for each statistic since they may
- substantially from variable to variable. In some cases—especially when the sample
iratified—design effects may even drop below one (which indicates that the sampling
jability of the design-based sample is actally smalier than we would expect from a
aresponding random sample}.

“The leftmest panzal of Table 9.3 (under the heading “Without Steatification’™ shows
ign effects for several statistics computed from the 1990 Chinese census using the design
described. The figures in the second column show that the design effects are unaccept-
y: large, especially in the urban sample. For example, the design effect of mean years of
chooling is 13.43, which implies that a 3,000-person sample clustered in the way we drew
¢ Chinese census sample would have a true standard error as large as a random sample of
13 people. Although most of the design effects in Table 9.3 are not nearly so large, they
targe enough to suggest that the design we studied is inadequate. How can we do better?

To illustrate what can happen to our standard errors when we take account of
design effects—the fact that we have a clustered sample—I draw upon some samphng
experiments conducted in the course of designing my 1996 national sample survey of
China (Treiman and others 1998). Because this survey was to be conducted by sendmg
interviewers from Beijing to each sampling point, cost was a strong incentive to minimize
the number of sampling points. However, since China is a very heterogeneous country;
it was possible that a highly clustered sample would produce an unacceptably high level
of sampling error. To estimate the potential damage that could result from clustering, We
conducted some analysis using a 1:100 sample of the 1990 Census of Chima.

Although we carried out several experiments, I draw upon only a subset to 'ﬂ]us_.
trate the potential problem of clustering—a three-stage design for a rural sample, The
first stage consisted of fifty counties, chosen randomly with probability proportional to
size. In the second stage two villages within each county were chosen randomly with -
probability proportional to size. In the third stage thirty people between ages twenty
and sixty-nine were chosen at random within each village. Altogether, this desig'n_"
created a sample of three thousand people. We also drew a corresponding sample
from the urban population. To assess whether the clustered samples produce large
sampling variability than would corresponding random samples of the same popula-
tion, we computed several statistics summarizing features of the Chinese popuﬁatio_n__'_
and estimated the design effect (deff) for each statistic. Deff is the ratio of the variance -
calculated taking the clustered sample design into account to the estimated sampling
variance from a hypothetical survey of the same size with observations collected from
a simple random sample. Tt also can be thought of as a factor for the sample size; thus a:

atifying to Offset the Effect of Clustering

interesting and powerful feature of the statistics of sampling is that under certain con-
ons we can more or less completely offset the effect of clustering by appropriately
:ﬁﬁ)ing our sample—that is, by dividing the population into several subpopulations
ased on specified criteria and sampling each of the subpopulations. By stratifying the
mple on a variable (or variables) substantially correlated with variables of analytic
rest, we often can virtually eliminate the design effect. The reason for this is that a
tified sample is the equivalent of a set of independent samples, one for each stratum.
‘well-chosen strata will tend to be more homogeneous than the sample as a whole, net
___y;'on the stratifying variable or variables—which is a necessary consequence of the
ay the strata are constructed—but on other variables as well. This homogeneity can be
ploited to produce smaller estimates of standard errors.

“The key to successful sample stratification is to stratify the sample with respect io
idracteristics that are strongly cotrelated with the variables of central analytic interest.
 the Chinese sampling experiments, we stratified counties with respect to the proportion
f the adult population with at least a lower middle school (junior high school) education.
“effect of doing this was dramatic—we reduced the design effect to below unity for
very comparison in the experiment, as can be seen in the rightmost panel of Table 9.3
nder the heading titled “With Stratification”). These results imply that for analysis of
ables of the sort shown in the table, in the Chinese case a sample stratified by educa-
on is actnally superior to a simple random sample.

Later in this chapter T present a worked example illustrating survey estimation proce-
ires with data from the 1996 Chinese survey that was designed on the basis of the results
"th_e sampling experiments I just reviewed. First, however, we need to consider some
ditional features of sample designs.
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. 0?31311011 was sampled at three times the rate of the rural population we would assign
ight, w,, to the urban population and a weight, w , to the rural population, where
3w Note that we would not want to simply assmn a weight of (.33 to the urban
pulanon and a weight of 1.0 to the rural population since this would result in a weighted
ple size of 4,000, whereas the true sample size is 6,000 Rather, we would adjust the
back to the original sample size by dividing the initial weight by the mean weight,
7.-(This is, of course, just what we have done to convert household samples to person
i p‘j}gs)‘ Thus we would create a new variable (weight) that has the value .3 for urban
<e5 and the value 1.5 for rural cases. This yields a weighted sample size of 6,000 (which
ientical to the unweighted sample size) and a weighted sample size of 1,500 urban
sewand 4,500 rural cases, which corresponds to their relative population sizes. Then we
n compuie unbiased summary statistics for the entire population. Note, however, that
procedure overstates the rehability of rural responses (there are actually only 3,000
al respondents, but we are treating the data as if there were 4,500) and similarly under-
tes the reliability of wrban responses.

HOW THE CHINESE STRATIFIED SAMPLE USED iN THE
DESIGN EXPERIMENTS WAS CONSTRUCTED secavse

stratified samples are just multistage probahility samples, with each stratum treated as a separate
sample, the procedure for creating such samples is similar to that described earlier, using as an g
example California cities. To create the Chinese sample, we first divided all county-level units
(counties, county-level cities, and districts of large cities) into an urban and a rural sector, using
data from the 1990 Chinese census. We treated these sectors as two separate populations—the =
nopulation of urban China and the population of rural China. Consider the population of ryral
China first, which consisted of about 2,400 counties. We arrayed these counties in the order of
the proportion of the adult population with at least a lower middle school education. We then -
divided the courties into twenty-five sirata of approximately equal size so that counties totaling
approximately 4 percent of the population were included in each stratum. We then chose two
counties from each stratum, with probability proportional to size, picking the first one at ran-
dom and the second one systematically by adding half the population of the stratum tc the
original number and picking the county within which the sum fell, WIapping as necessary. '
The remaining stages were sampled PPS in the usual way. We then created the urban sample

in the same way.

WE!GHTENG DATA IN STATA  weights can be included in Stata compuy-

‘tations by using the notation [<type of weights=<name of weight variables] in
the Stata command, before any options. For example, to get the regression of ¥ on X for a
sample with a weight variable named W/, we would issue the following Stata command: reg
Sy x [pwelght=wt]. Stata permits several kinds of weights; see the User’s Guide (StataCorp
2007) for details. In general, probability weights (pweights) are the appropriate choice for
stratified probability samples, and these weights are used in Stata's survey estimation com-
mands. However, Stata does not perrmit probability weights for all commands, and it requires
that frequency weights be integers. | thus recommend that, in the relatively rare situations in
“‘which it is appropriate to weight data but not to do survey estimation (survey estimation pro-
“eedures are discussed later in the chapter), analytic weights (aweights) be used whenever
probability weights are not permitted. Stata automatically normalizes pweights and aweights
o the unweighted total number of cases included in the analysis, which makes it unnecessary
or the analyst to carry out this step.

As noted earlier in the chapter, a second reason for using stratified samples is fo
sample different subpopulations at different sates. We did this in the Chinese c;ample:
Although for convenience T have presented the Chinese data as if they consisted of two
separate samples (an urban sample and a rural sample), the urban-rural distinction may be
thought of simply as a second stratification variable. However, because China was about
75 percent rural at the time the survey was conducted, we sampled the urban population
at three times the rate at which we sampled the rural population in order to achieve urban:
and rural samples of the same size, which we wanted for our analysis. The same strategy’
was used in the 1982 and 1987 GSS to achieve a sample of the Black population of the
United States large enough to sustain a separate analysis of Blacks and non-Blacks.

Weighting When portions of the population are sampled at different rates, the sample is, of :

course, no longer representative of the entire population. Thus any statistics computed
over the entire sample will be biased. For example, if we naively computed the mean level
of education in the Chinese sample, we would overstate the true level of education in
the Chinese population since the urban population, which was oversampled relative to the
rural population, is much better educated. A similar naive computation using the 1982 or
1987 GSS, which oversampled Blacks, would understate the level of education in the pop
ulation given the lower level of education of Blacks compared with non-Blacks. To correc
for such distortions, we weight the data proportionally to the inverse of the sampling rate:

For example, in the 1996 Chinese survey, which includes (approximately) three thou
sand rural cases and three thousand urban cases, to correct for the fact that the urball

- Sometimes more complex weights are devised. For example, in the Chinese case
- arst corrected for differential household size by using the number of adults in the
usehold as cur first weight. Then we devised a weight to correct for oversampling
- urban population. We then multiplied the two weights together to achieve an overall
:}ght, which is appropriate since each weight 1s normed to a mean of 1.0—which is
other way of saying that the sum of the weighted data is identical to the sum of the
weighted data.
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As noted in the previous chapter, some survey houses constiuct a complex set of Weigh’i
to take account of differential nonresponse. That is, they weight the data so that the disty
bution of key variables {geographic location, sex, age, education, and so on) i the samp]
conforms 1o the distribution in a standard population, such as the census. {This procedur
is implemented in Stata 10.0 using the -poststrata( }- and -postweight ( ¥
options in the -svyset- command.) This can be useful when nonresponse rates differ’ .
substantially across population groups of interest, but it also is potentially misleading sincs
it assumnes that nonrespondents are identical to respondents within the groups formed by the
n-way cross-tabulation of the variables used to create the weights.

The use of weights is somewhat controversial. Some argue that you should never
weight your data but rather should include in your analysis all the variables used
devise the weights. The claim is that weights sweep problems under the rug, masking:
effects that should be explicitly modeled. There is much to be said for this position;
Certainly, urban-rural distinctions are crucial in China, and racial distinctions are cry
cial in the United States. Thus, generally it will be far more informative to exphciﬂy:‘_
describe the urban-rural distinction in Chipa or race in the United States, plus appropri--
ate interactions with other variables, in one’s analysis than to weight the data and ignore:
these distinctions. However, from a practical point of view weighting is sometimes;
unavoidable, particularly in the computation of descriptive statistics. If we want to.
accurately estimate educational attainment in China, we do need to weight the data
to reflect the oversample of the better-educated urban population; and so on. In addi:

_i’L!MiTATEQNS OF THE STATA 10.0 SURVEY ESTIMA-
: TEQN ?R@ﬁE@URE Although Stata 10.0 is much improved over previous ver-

“sions in its ability to correctly estimate standard errers and design effects for multistage sam-
“ples, one important imitation remains: because of the way Stata estimates standard errors,
: he default for strata with only one sampling unit is to report missing standard errors. Stata
10.0 provides three alternatives, which are helpful if only an occasional stratum contains just
ane sampling unit—although in this case Stata recommends that the offending units be com-
“bined with others (Survey Data, 154 [StataCorp 2007]). The alternatives are inappropriate
when, by design, each stratum contains only one sampling unit. (Note that in Stata’s imple-
'_'_mentation “the sampling units from a given stage pose as strata for the next sampling stage”
- [Survey Data, 154 (StataCorp 20C7)].) This is the design used by the GSS, which has one PSU
“'per stratum and is the design used in the 1996 Chinese survey analyzed here, in which one
Ttownship was sampled per county.

The solution | adopt is to ignore the stage containing only one unit per stratum; but this
“understates the degree of clustering. For example, in the Chinese case two villages per
“county were sampled, but both were drawn from a single township; ignoring the township
avel results in this aspect of clustering not being taken into account. Although not optimal,
“this solution strikes me as better than ignoring subsidiary stages aliogether, which is what
./ Stata did before release 9.0.

tion, it is sometimes tedious to model nuisance effects—Tfactors that might affect the:
outcome but that are not central to the substantive analysis. The effect of differential.
household size is such an example. Thus a case can be made for weighting the data to:
correct for such effects without focusing on them. Of course, the counter is that either
they are unimportant, in which case weights are unnecessary, or they are important, it
which case they should be modeled explicitly. .

Perhaps the most important point to make about weights is that it is imperative that
the analyst fully understand the weighting scheme used in the data being analyzed. Often.
weights are quite complex, and just as often weighting schemes are badly decumented.
Although it often takes a good deal of effort, full understanding of weighting schemes:
can save a great deal of trouble—and considerable embarrassment arising from errors
in the analysis—down the road. In general, whenever you begin to use a new data set,
you should try to obtain as much documentation as possible about the sample design and
execution—and then, of course, read it.

__'_To show the effect of using sarvey estimation procedures, I first repeat the analysis,
sented in Chapter Seven, of the determinants of knowledge of Chinese characters,
sinig survey estimation procedures. I then follow with an analysis of race differences
ncome among U.S. women to show how to do survey estimation for subsamples.
onclude with an analysis of race differences in education in the United States (the
'__e example I used to discuss the decomposition of differences in means in the previ-
us chapter) to show how to do survey estimation when combining several years of the
SS {or, by extension, other data sets). See Appendix A for descriptions of both the
inese data and the G358, and see Appendix B for a discussion of how to do survey
Stimation using the GSS.

| Worked Example: Literacy in China

What follows is a compariscn of the regression estimates and standard errors derived two
ays: by using survey estimation procedures, and by assumming that the data were from a
ple random sample, as we did in Chapter Seven (see Table 9.4). The 1996 Chinese
urvey analyzed here used a design similar to the design of the sampling experiments
.‘Cribed earlier in the chapter, except that in the sample survey we sampled one town-
hip per county and two villages per township. (See Appendix A for details on how to
ccess the documentation for the survey, including information on the sample design
Appendix D of the documentation] and how to obtain the data.)

Survey Estimation Using Stata To get correct estimates of standard errors from multi—
stage samples, we need to use estimation procedures specifically designed for such
samples. Stata provides a set of survey estimation commands t0 estimate standard errors
for many common statistics, including means, proportions, OLS regression coefficients,
and logistic regression coefficients. These commands make it possible to take account
of both clustering and stratification at each level of a multistage sample, albeit w1th
some restrictions.
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The Stata 10.0 survey estimation commands provide four design effect statistics: meff,
‘the misspecification effect; deff, the classic design-effect statistic developed by Kish (1965)
‘and discussed earlier in the chapter; and meft and deft, which are the approximate square
‘roots of meff and deff. Of these T find the first two the most useful. These coefficients are
‘reported in Table 9.4, which also includes three estimates of the determinants of literacy in
_China: regression coefficients assuming simple random sampling without weights; simple
‘random sampling with weights; and survey estimation procedures (shown in the rightmost
‘panel, “Design Based”). Finally, the table shows another heuristic design statistic, which
Jcall meff,,.

. Determinants of the Number of Chinesa Characters Correctly
1dentified on a 10-ltem Test, Employed Chinese Adults Age 20-69, 1936

(N = 4,802).

Unweighted Weighted Design Based

Variable? b 5.8, b 5.8, b 5.2, Deff Meff i\ﬂeffw

Meff

Meffis the ratio of the sampling variance (the square of the standard ervor) computed using
_'t_he design-based estimation command to the sampling variance computed on the assump-
tion of unweighted simple random sampling. Meff thus informs us just how badly we
‘would err in our estimates of sampling variance were we 1o naively compute statistics
Wwithout taking account either of clustering or of differential sampling rates—as we have
‘done in previons chapiers; for the current example, these are the computations shown in
the first two columns of Table 9.4. Note that as specified by the definition of meff, in the
':ﬁ'rst row meff = 2.93 = 0.010%/0.0067 (or, precisely [from the downloadable - 10g- file]
0.0095421%0.0055767%), where the ratio is formed by the squared standard error esti-
tmated using design-based estimation divided by the squared standard error assuming
mple unweighted random sampling. Sometimes, as in this example, the underesti-
ate of the sampling variability can be substantial; thus it would be completely inappro-
priate to use naive estimating procedures for the Chinese data.

-+ It also is insufficient to weight your data but to ignore clustering and stratification,
as the computations in the rightmost column of Table 9.4 demonstrates. This coefficient,
'w_hich I have labeled meff,, gives the ratio of the design-based sampling variance to the
mpling variance estimated by weighting the data but not taking account of clustering
or stratification. (Because this coefficient is not among the Stata options—I created it for
uristic purposes—it must be computed by hand, unless you want to program Stata to do
for you. See downloadable file “ch(9.do” [Part 2] to see how I used Stata to do the com-
tations.) As is evident, the variance estimates can be quite different. Thus once again
we see the importance of taking account of the sampling design to get correct estimates
‘the standard errors of our coefficients.

‘EFathers: . O
yearsof

0.281 - 0.045 - 0:177. 005450172 .

;‘AII variables are significant at or beyond the .00 level except for father's educa‘.(ion. For the unweighted
data, p = .690. For the weighted data, p = 195, and for the design-based analysis, p = .186.

sinoted earlier in the chapter, deff is the ratio of the design-based estimate of the sam-
ng variance of a statistic that has been collected under a complex survey desi gn to the

mated sampling variance from a hypothetical survey of the same size with observations
liected through simple random sampling. Thus meff is different from deff in that it gives
€ 1atio of the sampling variances obtained from our actual data under two conditions: (1)
len we use design-based estimation to account for clustering and sample weights and (2)

Stata requires that information regard-ing. the prope_rties of the datagae S:n];zii?f
specifying estimation commands. Once this is done, using the fs.vysef y; c e
estimation is carried out in the usual way, except that the survey version of the es Id e i
command is substituted for the nonsurvey version. The spegﬁc commandi uf::;e “C(; 0
survey estimation for the Chinese literacy exaraple are shown in downloadable file %
do” (Part 2). See also the - log- file “ch09.log” for the outpui.
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when we ignore clustering and weights and estimate statistics appropriate for simplﬁ'
unweighted random samples; deff, by contrast, gives the ratio of the design-baseg
sampling variance to the sampling variance that we would expect if we had actually car.
ried out a survey using a simple random sample. In this sense meff is mainly of didactic:
value because it reveals the consequences of naive estimation. :

Deff can be thought of as a variance inflator, indicating the extent to which the sam.
pling variance is inflated because of the clustering of the observations in the sample:
Because the standard error is a function of the square root of the sample size, deff alsg
can be thought of as indicating how much larger than a simple randorm sample a sample
based on the clustered design would have to be for both samples te vield standard errorg:
of the same size. :

In the present case, despite our best efforts to stratify the sample, we still have 3
relatively large deff for years of school completed: 2.99. This implies that with respect .
to the measurement of years of schooling, our chustered sample of about 6,000 cases hag |
the precision of a simple random sample of about 2,000 cases. Although this 1s a great -
improvement over the design effects of 8.22 and 13.43 that we obtained for the rural and :
urban samples in our design experiment based on the 1990 Chinese census, it still is quite
large. Fortunately, none of the remaining variables in the model has design effects nearly -
as large (although the intercept does).

In the course of carrying out analysis of an existing survey there is, in fact, little rea
son to compute deff because deff provides information that is useful primarily in design.
ing a new survey (as in the Chinese census analysis discussed earlier). Rather, for sample
for which we have adequate information on the design, we simply carry out our analysis in .
the standard way, but using the survey estimation commands rather than commands tha
assume simple random samples. Unfortunately, such information often—indeed, nsually—

i the shift 0 a4 new sampling frame. Hence the correct use of survey estimation
geedures for trend analysis is a somewhat cumbersome business even when, as is
g:g'_'(mable? vears are ireated as strata. However, for the analysis of a single year of the
{}SS the task is somewhat casier. (See Appendix B for a discussion of how the sample
sign of the G55 has changed over time and the implications of the changes for how
& do survey estimation using the G88.)

AN ALTERNATIVE TO SURVEY ESTIMATION  there is

::}:Ius‘tering at only one level and no stratification information is available, an appropriate
“alternative to survey estimation is 1o use the conventional regression command, -regress-,
with the -robust- and -cluster- options. This will produce standard errors that are
within rounding error} identical to the estimates produced by the survey estimation com-
“mand when no strata are specified. That is, -robust- and -cluster- options take
~account of clustering but not of stratification. In general, but not always, failure to take
“account of stratification will produce larger standard errors.

This approach may make it possible to provide a partial correction for clustering even
“when information on the sample design is not availzble in the survey documentation. Because
= almost all large population surveys are clustered on the basis of gecgraphy, you may be ahle
- to use geographic place identifiers as a dluster variable. In addition, you may have a data set
hat includes information on households and also on several individuals within a household.
+ In such cases you can treat the household identifier as a cluster variable {in addition to any
- geographic identifier in the data set).

is not included in suwrvey documentation, especially for older surveys. :

In such cases there is a next-best approach. You can approximate design effects by
treating your sample as somewhat smaller than it actually is, by weighting your data’
by 0.75 or 0.67 or 0.50 (this is easily accomplished, either by creating a weight variable =
0.75, 0.67, or 0.50, or whatever yon judge the reciprocal of the design effect to be; or by .
muldiplying any existing weight variable by your judgment of the reciprocal of the design
effect). Weighting by 0.75 is tantamount to assuming that each statistic in your analysis; :
has a design effect of 1.33 (= 1/0.75). Because, as we have seen, design effects can vary -
substantially, this is hardly an optimal solution, but it is superior to blithely assuming that
the multistage probability samples upon which almost all survey data are based are as -
precise as simple random samples, which is what we do when we make no correction for
design effects. g

In the GSS the design effect is typically about 1.5 for attitude items and about 1.75.
for sociodemographic items, which tend to vary more across clusters (Davis and Smith
1992). So we could get an approximation to the correct standard errors by weighting.
our sample by the reciprocal of the design effect, for example, weighting the GSS by"
0.57 (= 1/1.75), to be conservative. However in recent years the G58 has included
the variable SAMPCODE, which permits the use of survey estimation procedures. The,

HOW TO DOWNWEIGHT SAMPLE SIZE IN STATA when

it is known or suspected that a complex sampling scheme was used but no other information
s available, it would be prudent to downweight the data by a factor of two or three to
‘reflect an approximate design effect by inflating the standard errors. To accomplish this in
 Stata, use the [iweight] specification, which creates weights that are not renormed to the
: sample size. Note that using the [iweight] specification is the equivalent of using
- l[aweights] rather than [pweights], but using [aweights] when doing model esti-
- mation is in general incorrect and typically will produce smaller standard errors than when
- [pweights] are used. So this clearly is a suboptimal selution. It thus is generally well
. worth the {often considerable) effort to determine the actual sample design and o obtain
: the variables necessary to implement survey estimation procedures that correctly reflect
Z_'complex sampting designs-—even if it means impasing upcn original investigators who have
- gone on to other research and do nat want to be bothered trying to document something
 they paid little attention to in the first place.

GSS uses a complex design, which, moreover, has changed somewhat every decade.:
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Analysis of Subpopulations: Effect of Education and Race on
income Among Women _
One special feature of the design-based estimation procedure n Stata needs io be hlgh

g . Coefficients for Models of the Determinants of Income, 1.5.
ult Wowsen, 1994, Under Various Design Assumptions (M = 1,015).

lighted: when analysis is restricted to a subset of the data, it is inappropriate simply ¢ Fducation Black Interaction Intercept a2
exclude cases not meeting the selection criterion. The reason for this is that the sampi
design features pertain to the entire sample, not the subset selected for analysis. Stata cop ) se. @ b se. b se. P b

rectly handles analysis of subsamples through the -subpop- option in the estimatip
command (see Part 3 of the downloadable files “ch09.do” and “chi%.log”). To 1llust1ate:
the use of this option and to further illustrate how the use of survey estimation can changg’
substantive conclusions, I here carry out a simple analysis, using the 1994 GS88, of i

effect of education and race on income among women, '

The 1994 GSS is a stratified multistage sample. The units for the fitst stage weyg
2,489 U.S. metropolitan areas and nonmetropolitan counties divided into 100 strats,
with one PSU per stratum selected at random with probability proportional to siz
then, within PSUs, 384 second-siage units {groups of blocks) were chosen PPS, an
in some instances a third-stage selection was made as well, However, the document:
tion for the GSS identified only the PSUs, using the variable SAMPCODE. Because,.
as noted, Stata does not permit the specification of one PSU per stratum, I set the P§
but not the strata, and I treated the analysis as including only one sampling stage. Thig
procedure probably underestimates the true standard errors but is the best option gweﬁ
the documentation available.

Table 9.5 shows the coefficients and standard errors for three models, each es'tunated
three ways: treating the sample as if it were a simple random sample of the populatio
weighting the sample to correct for differential household size; and taking account of
the clustering created by the first stage of the multistage design used in the GSS.
these models education is expressed as a deviation from the mean years of schooling of
women in the sample.

Considering first the contrasts among models, it is evident that adjusting for d1fferen-
tial probabilities of selection resulting from differential household sizes has a nontrivial
effect on the results. The estimation that treats the data as an unweighted simple random
sample (panel I) yields a significant increment in R* for Model 3 in contrast to Model I,
leading us to conclude that the determinants of income differ for Black and non-Black
women. By contrast, neither the weighted (pane! II) nor survey (panel II) estimation
procedure yields the same conclusion. From the weighted and design-based estimates, we
would be led to accept the null hypothesis of no racial difference in returns to education
for women. Here is a case where taking account of the imprecision cansed by treating
household samples as if they are person samples changes a substantive conclusion m at .
important way. '

An alternative way to do this without weighting the data wounld be to introduce a
set of dummy variables for the number of adults in the household, plus interactions
between the set of dummy variables and, respectively, race and education, and perhaps
three-way interactions as well. Unless the focus of the analysis is on how race and
education differences vary by the number of adults in the household, this alternative
strikes me as excessively complex and tedious. 1 think the example makes it clear why,

trasts (Mode! 3 versus Model 1)

df{l) df2) f ol

tatistic for the contrast between models.
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in general, we want to do survey estimation when we have the information to be apj;
to do so.

Note also that the B2 for corresponding models in panels IT and III are identicy
even though the standard errors differ. This follows from the definition of R? as a fusg
tion of the ratio of varance around the regression surface to regression arcimd the meq;
of the dependent variable. Because the point estimates are the same for pansls I and 11}
the R?s are also the same, even thongh in panel III the point estimates have wider con
fidence intervals. g

Note also that I have not shown BIC estimates. Although it is legifimate to compﬁfe_ :
BIC for simple random samples, as we did in Chapters Six and Seven, BIC 15 not a.ppr'd'
priate for weighted or clustered samples. For such designs, psendolikelihood fuﬁctmns_.
are estimated, which may be substantially different from true likelihoods and may evey!
VAry in 2 non-monoetonic way across nested models. Thus neither hikelihood ratio tests nor’.
BIC, of which the Jog likelihood is a component, should be used to compare models for'
weighted or clustered data. Rather, Wald statistics, implemented in Stata as the -test: .
and -svytest- commands, should be used. (For a discussion of maximum likelihood
estimation, which is used by most of the procedures we will explore in Chapters Twelva._
through Fifteen, see Appendix 12.B.)

Coefficients of a Model of Educational Aftainment, 1.5,
ults, ‘3990 to 2004 (M = 15,932},

redictor Yariable Coef, ‘ 5.8, B Daff Meff

Combining G55 Data Sets for Multiple Years

Previously I suggested that under some circumstances it is useful to merge several sam
ples drawn from the same population into a single data set. In particular, if it can be:
assumed that a social process is consistent over time, it would be reasonable to combine
GSS samples drawn in different years to increase the number of cases. I did this in the.
worked example in Chapter Seven, decomposing the difference between two means. Here
I use the same data in a slightly modified way to study racial (non-Black versus Black}:
differences in educational attainment over the period 1990 through 2004, The point of the:
present exercise is to illustrate what is entailed in combining several data sets (see down-
loadable file “ch09.do,” Part 4, for the Stata code). In carrying out this analysis, [ treat
year as the stratum variable, on the ground that the sample for each year is fixed:
1 then manipulate the data a bit to create a weight variable that is consistent across years. :
(See the downloadable file for details on this process.) Having appropriately weighted the
data, T carry out survey estimation in the usual way. The results are shown in Table 9. 6.

For our present purposes both the deff and meff coefficients are instructive. The larg-
est deff tells us that in our estimation of the coefficient for Southern origins, we have
the same efficiency as a random sample of 8,754 (= 15,932/1.82). Of course, since our
sample is so large (because we have combined data from eight GSS samples), we still
have the equivalent of a very large sample. The meff coefficients also are large, espe-'
cially for mother’s years of schooling. This once again suggests that naive apalysis that
takes no account of weighting or of clustering can be misleading, although again the
very large size of the sample protects us. Although the results are substantively interest?
ing, 1 forgo further commentary on them since it would largely repeat the discussion in
Chapter Seven.

e lesson to be drawn from each of the analyses in thlS chapter is that we are likely to
badly underestimate the degree of sampling variability if we fail to take account of and
Cog’ect for the fact that large sample surveys typicaily use multistage designs that resnlt
substantial clustering of observations. Note that this is true not only of area probability
amples but also of organizationally based samples, such as samples of students (often
mpled by first selecting schools, then classrcoms, then individuals within classrooms),
spital or clinic patients, and so on. Swrvey estimation precedures should be used for
such surveys as well.

 Even when complete information on the sampling design is unavailable—which is
fortunately all too common—it sometimes is possible to approximalte the design by
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using information on the place where the interview was conducted, since almost all s
veys are clustered by place. Analysts are well advised to explore their data sets for infg
mation that will enable them to approximate the sampling design, and then to use g’
design-based procedures available in Stata, to avoid overstating the reliability of their
findings. Understating the sampling error, and thus increasing the chance of Type I error
(rejecting the null hypothesis when it is true), is the usual consequence of treating multp
stage samples as if they were simple random samples. B

Most of the standard statistical procedures we deal with in this book have sm—vgy_
based versions, and these should be used whenever they are available. For procedureg
pot yet included in the package of survey-based estimation commands, it may be possible
to approximate survey-based estimation by using {pweight s} and the -clusters:
option, along the lines suggested in this chapter. Also, where there is only cne sampling
stage and no information on any stratum variables, the -cluster- option used with
nonsurvey estimation procedures yields results identical to the survey estimation procg-
dures discussed in this chapter (except when a subpopulation is analyzed, in which case
survey estimation procedures should be used). '

STIC

WHAT THIS CHAPTER HAS SHOWN

This chapter has taken us from “textbook” analysis, in which simple random sampling is
assumed, to the kinds of samples actually used in social research and the implications of
such sample designs for statistical analysis. We reviewed the main types of samples, with
particular focus on multistage probability samples; the idea of stratifying samples, both
to reduce sampling error and to gain sufficient cases for small subgroups of the popula-
tion fo permit analysis; and the conditions under which it is necessary or desirable to
compute weighted estimates. We then turned to survey estimation, a set of procedures fo
correctly estimating standard errors that take account of features of the sample design
particularly clustering of cases. Finally, we considered how to interpret two statistics, deff
and meff, that quantify the effect of departures from random samples for sampling error.

WHAT THIS CHAPTER IS ABOUT

Ahis chapter we consider ways of identifying, and under some circumstances correct-
g, troublesome features of our data that might lead to incorrect inferences. We do this
-reanalyzing cne of my published papers as a way of seeing how to apply and interpret
arious regression diagnostic icols.
o Apart from not adjusting our standard error estimates to take account of complex
i_'nple designs of the kind we considered in the previous chapter, there are other ways we
an be led to incorrect inferences. Even if we are completely attentive to the complexity
-our sample, we may err either because we have specified the wrong model or because
sample inciudes anomalous observations—topics we briefly touched on in Chapter
ve. Here I give these topics extended freatment.
+ I'treat these possibilities together both becanse, in at least some cases, the same set of
servations may be thought of either as anomalous with respect to some posited process
‘as conforming to some other process that can be captured by introducing additional
ariables or changing the functional form of one or more predictors, and aiso because the
e methods can be used to detect and correct both sets of problems. First we consider
gression diagnostics, a set of procedures for detecting troubles, Then we consider robust
gression, an approach to correcting a subset of these troubles. This discussion relies
avily on Fox (1967, Chapters 11-12) and the discussion of various regression diagnos-
ﬂcs in the Stata 10.C section “Regress Postestimation” (StataCorp 2007). I recommend
ese sources for further study.
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INTRODUCTION

To illustrate the kinds of troubles that can befall the naive analyst who is inattemive to the:
properties of his or her data, consider the four scatter plots shown in Figure 10.1. These plotg:
were contrived to produce the same regression estimate (slope and intercept), the same cor
relation between the variables, and the same standard error of the regression coafﬁcienté.’_
However, only plot (a) is reasonably summarized by a linear regression line. Plot (b) shows
a curvilinear relationship. Plot (c) shows a linear relationship with one value that distorts
what is otherwise a perfect linear relationship. Plot (d) shows a data set with variance in X:
and the slope relating ¥ to X created entirely by a single point (where X is the variable on the
horizontal axis and ¥ is the variable on the vertical axis). Clearly there is a cautionary lesson
in this—it is a very good idea o visually inspect the reiationships among variables to ensure
that your specified model adequately captures the true relationships n your data. '

Apart from these examples we need to be sensitive to still other ways our Tegression
models may fail to adeguately capture relationships chserved in our data. In particular,
important variables may be omitied from our model, as ilustrated in Figure 10.2. Here it
is obvious that the regression of ¥ on X is misleading, because the three middle observa-
tions have expected values of ¥ three points higher than those to the left and right. It
should be evident that an eguation of the form

V=a+ X+ c@ (10.1)

bt

. Scatter Plot of the Relationship Between X and Y and Alsc
he Regression Line from a Model That incorrectly Assumes a Linear Relationship
etween X and Y (Hypothetical Data).

shiere Z 18 scored 1 for the three middle observations and is scored 0 otherwise and
erfectly predicts ¥. Visual inspection of a scatter plot such as in Figure 10.2, or a compo-
ent-plus-residual plot, discussed later in this chapter, can sometimes reveal the need to
onsider additional variables—although empirical examples are not usually so clear cut.
Still another potential problem is hetreroscedasticity, unequal error variance around
e regression surface at different predicted values, which results in inaccurate standard
frors of regression coefficients. Heteroscedasticity is fairly common because in many
ases the variance of observations increases with the mean. Fortunately, modest violations—
¢ largest error variances less than ien times as large as the smallest—have little effect
ni the standard errors. Stiil, we need to check for large violations.

To detect anomalous relationships in our data in the case of simple two-variable
wdels, we can simply plot the relationship between X and ¥ as in Figures 10.1 and
02 However, for multiple regression equations, zero-order scatter plots between each
f the independent variables and the dependent variable are likely to miss important
onlinearities and anomalies. Thus we need to exploit a set of additional procedures
known collectively as regression diagnostics.

' Nonetheless, it is useful to start with a very simple example, if only to illustrate how
sidicus the problem can be in actual research situations. Suppese an analyst fails to notice
14t missing data are represented by very large codes (recall the boxed comment in Chapter
our, “Treating Missing Values as if They Were Not™). Consider the relationship between
umber of siblings and years of school completed in the 1994 GSS. For both SIBS and
EDUC, code 98 = “Don’t know” and code 99 = “No answer” If we naively assumed that
thé data were complete and correlated the two variables, we would conclude that the amount
of education obtained is unrelated to the number of siblings, because r = .006. Excluding
the missing data from both variables yields a more plausible estimate: » = — 246,

What can we do, apart from simply being alert and careful, to protect ourselves
gainst such an error? The first and most obvious step is simply to make and inspect a
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ases, a reduction of only 17 cases, but the regression estimate differs substantially.
Jecause so few cases are missing, we need not be concerned about imputing the missing
data (recall the discussion in Chapter Hight), However, sven after omitting missing cases,
we still need to be concerned about the possibility that the regression estimate is unduly
afluenced by the relatively small number of respondents with many &b].mg% The follow-
rig section addresses how o assess such a possibility.

Na 4«0 %%

A WORKED EXAMPLE: SOCIETAL DIFFERENCES
N STATUS ATTAINMENT

The failure to omit missing cases in the preceding example is a particularly blatant error,
asy to note and easy to fix. Sometimes, however, errors are more subtle. Thus we need a
et of procedures for detecting anomalies in our data. Regression diagnostic procedures
are at present not very well systematized. There are many graphical methods and tests,
"'fr':an doing more or less the same thing, and considerable confusion about nomenclature
the same procedures are called by different names, and the same names are used for
ferent procedures). I have illustrated a subset of these procedures that seem useful,
avoring those that are or easily can be implemented in Stata. (For a useful exposition of
egression diagnostic procedures, see Bollen and Tackman [1990].)

As a concrete example of how to carry out regression diagnostic procedures, I reanalyze
an article T compleied with a former graduate student, Kam-Bor Yip (Treiman and Yip
989). In this multilevel analysis we were interested in how macrosocial characteristics
ffect the process of status attainment. For a very simple model predicting men’s
tfspring’s occupational status from their fathers’ occupational status and their own edu-
ation in e¢ighteen nations, we hypothesized that the effect of the son’s education should
e stronger and the effect of the father’s occupational status weaker in more-industrialized
ountries and in countries with less income inequality and less educational inequality in
he father’s generation.

. The first step, after converting all of our data to a common metric, was to estimate
ie micromodel separately for each nation. The second step was to predict the size of the
cgression coefficients resulting from the first step, using measures of industrialization
nd inequality. This sort of two-step estimation procedure, although statistically subopti-
al, is conceptually clear. (For statistically optimal maltilevel procedures, see Raudenbush
nd Bryk [2002], and for a brief introduction to multilevel analysis, see the discussion in
hapter Sixteen.)

Here I reanalyze the results shown in Equation 7 of Treiman and Yip:

b= —39(ED —.19(iy + 31(D), R*= .55, Adj.R*= 46 (10.2)

_here b, is the metric regression coefficient relating occupational status to education in
ach nucmequatwn £7is 2 measure of educational inequality, T is a measure of income
nequality, and D is a measure of economic development. The coefficients estimated for
quation 10.2 are expressed in standard form. However, regression diagnostic procedures

rate on metric coefficients. Here is the comresponding equation, with coefficients
Xpressed in metric form. :

5‘;5: 2.02 — 35(ED — 32(in + 30(D) (10.3)

Years of school completed
i

R, &

Number of siblings

FLLy Cul R Years of Schoof Completed by Number of 5iblings, U.S. Adulis,
1994 (N = 2,.952). :

Years of school completed

012345678910 15 20 25 30 35
Mumber of siblings

Years of Schoo! Completed by Number of 5ibiings,

U.5. Adults, 1994

scatter plot of the relationship between the two variables. As we have seen in F1gure 10.1,
such scatter plots are enormously instructive, not only in revealing gross efiors guch as
the inclusion of missing value codes but also in indicating other anomalies in the data:
curvikinear relationships, discontinuities, patterns that sugges the possibility of omitted :
variables, and heteroscedasticity. Figure 10.3 shows a plot of the relationship between
number of siblings and years of school completed, in the 1994 GSS.

This plot immediately reveals trouble and would do so just as clearly if the numeﬂcal_-_g
value of the “NA” category, 99, were shown. Inspecting the plot, we see that the mlt;smg :
values must be omitted to obtain meaningful results. Doing so results in the plot shown 11t
Figure 10.4, with the regression line included. Note that the new plot is based on 2,975
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exert undue influence on the regression slope; obviously, in (d) of Figure 10.1 the slope

vould be miinite except for the single high leverage point.

A conveniional measure of leverage is the diagonal elements of the har-matrix, which

svides a scale-free measure of the distance of individual observations from the cen-

troid. Computing the hat-matrix for the eighteen nations in our data set (search for “hat”

n the downloadable file “ch10.do”), we note that India has an unusually large value,
arly four times the mean hat-value. This suggests the possibility that India is unduly

Alihough regression diagnostic procedures are helpful for samples of all sizes, they are
particularly useful for analyses based on small nurnbers of observations because such sampleg
are particularly vulnerable to the undue influsnce of one or a few extreme observations.

Downloadable files “ch10.do” and “chif.log” show the Stata - do- and - Log- fileg
for my reanalysis; you should study these along with the text because many details are
provided only in the commentary in these files. '

Preliminaries _ sffuencing the regression estimates.
As I would do in any reanalysis of published results, I start by trying to replicate the : .
published figures. The Stata -1og- file shows a listing of the data set, various summary Guiliers

Before acting on this possibility, however, we need to further explore the data. Our
ext step 18 {0 discover wheiher there are any extreme outliers, observations far from
he regression surface, To do this we need to adjust for the fact that observations with
igh leverage tend to have small residuals precisely because the least-squares property
julls the regression surface toward such observations. The studentized residual (£
vides such an adjustment by basing each residual on a regression equation estimated
iith the observation ormitted. The studentized residual is attractive because it follows a
distribution with ¥ — & — 2 degrees of freedom (where ¥ is the number of observa-
ions and k is the number of independent variables), which makes it possible to assess
e statistical significance of specific residuals.
However, because we usvally do not have a priori hypotheses regarding particular
bservations, we need to adjust our tests of significance for simultaneous inference. A sim-
e, way to do this is to make a Bonferroni adjustment by dividing our desired probability
cutoff value (conventionally .025 for a two-tailed test) by the number of possible compari-
_s-,.wh_ich in this case is the number of observations. Thus the procedure for the analysis
iefe is to compute studentized residuals and to identify outliers as unlikely to have arisen
y chance if the p-value is less than 025/18 = .00139. As it happens, none of the outliers is
tatistically significant, because the largest studentized residual, for Denmark, is 3.34%, with
- 3 — 2 = 13 4f., which implies a r-value of .00523 (search for “estu” in the download-
b}e file “ch10.do”). It probably would be unwise to take such tests of significance too seri-
.us;ly, especially given the very small sample. Fox (1997, 280) argues that studentized
e,s_l_duals greater than two in absolute value are worthy of concern. This suggests that we
d to further consider Denmark (E* = 3.35) and perhaps India (B*= 1.91).

statistics, and estimates for the regression equation reported in the published article. Alf -
agree with the corresponding figures in the published article. This is not always the case; "
A surprisingly large number of published articles contain errors—ooefficients that do not
correspond to estimates derived from data sets thai are listed by the authors or are gvail-
able from archives. Sometimes this is because the authors have dropped cases of trans:
formed variables without informing the reader, but sometimes the anthors have simply:
made mistakes. Given the ease of email communication, it often is possible to clear up
such problems relatively painlessly and is certainly worth the effort. :

The first time I tried to replicate the published equation I got an absurd minimum value
for the educational inequality measure and regression estimates that disagreed with the pub
lished estimates. It turned out that the explanation was simple—the scanning operation that::
input the data from the published article (which was written many years ago, before 1 started
systematically keeping logs of my work) recorded —69 rather than —{}.69 for Britain, and"
T failed to notice this when I proofread the file. It is not worth the space, or your lume, to-
detai} my effort to detect the source of and correct the problem, but the lesson is clear: devise:
as many checks as possible and study them carefully at each step before proceeding. s

There also is a lesson here regarding good professional practice—in your publica- .
tions always describe your procedures in sufficient detail to make it possible for a compe-
tent analyst to exactly replicate your coefficients given only your paper and your original -
data set. Doing so is not only a matter of courtesy; it will help you discover your own'.':'-
errors before they are published and become vulnerable to snide correction by some grad-
uate student looking for a quick publication. Whenever you produce a paper for publica :
tion (or even a semipublication such as a deposit on a Web page or a submission as a termi’:
paper or dissertation chapter), your last step before submission should be to rerun yout.
complete -do- file and check every coefficient in your paper against the -do- file. You -
will be surprised how many errors you find! :

casures that take simultaneous account of both leverage and outliers are known as
nﬂ_tfence statistics. Several relatively similar measures are available; here we focus on
._qu’C’s Distance measure (Cook’s 1), which is a scale-free summary measure of how a
et._of regression coefficients changes when each observation is omitted. Taking 4/N as
l;ltoff point for Cook’s D, we note that only India is exceptionally influential, with the
ted States marginally so (search for “cooksd” in the downiocadable file “ch10.do”).

Leverage
Having established that I can replicate the published results, T now consider whether they
provide a reasonable representation of the relationships in the data. T start by considering:.
whether any observations have particularly high leverage, where leverage refers to the
difference between the value or valnes of the independent variable or variables for a
particular observation, and the mean or centroid of the values for all observations. Plot.
(d) in Figure 10.1 illustrates this case. The observation with a score of nineteen on the.
horizontal axis has high leverage. Such observations are troublesome because they may,

lots for Assessing Influence

espite our focus thus far on numerical summary measures, a generally more useful
Pproach to diagnosing regression ills is to plot the relationships among various indicators.
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Two useful plots that combine measures of leverage and residuals are the leverage-

versus-residual-squared plot (the -1lvr2plot- command in Stata) and the studentized.
residual-versus-hat plot weighted by Cook’s D proposed by Fox (1997, 285) and easily E
implemented in Stata (to see how I did this, search for “what=hat” in the downloadable._{'
file “ch10.de™). Figures 10.5 and 10.6 show these plots. The point of squaring the residual;
in Figure 10.5 is to indicate the influence of the ouiliers because the regression procedure

mininiizes the sum of squared errors. Still, Figure 10.6 seems to do a better job of reveal.-

ing the overall influence of specific observations. Clearly India stands out from the:

remaining observations. Denmark, however, has the largest outlier.

Added-Variable Plols

Our next task is to try to discover any systematic relationships among the variables that
might account for either the large residuals or the highly influential observations. A good

way to do this is to construct added-variable piots, also known as partial-regression

leverage plots or simply partial-regression plots. Such plots provide a two-dimensional.
analog to the kind of scatter plot with a regression line throngh it that we can construct in:
the simple regression case. Added-variable plots do this by showing a plot of the relationship:
between two predicted values: (1) the predicted values from a regression of the dependent -

variable on all variables except one and (2) the predicted values from the regression of

the variable omitted from (1) on the remaining independent variables. o
Graph (a) in Figure 10.7, assessing the effect of educatonal inequality (EF), suggests’

that India is highly influential; it has very high educational mequality relative o ifs income
inequality and level of industrialization, and it also displays a stronger effect of education ol

occupation than would be expected from its levels of income ineguality and industrialization.
Tnterestingly, the plot reveals that if India were removed or downweighted, the slope:
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Added-Variable Plots for Treiman and Yip's Equation 7.

elating educational inequality to the level of occupational returns to education would
ncrease. Denmark, by conirast, has unusually low educational inequality relative to its
#Yels of income inequality and industrialization, but it has a much stronger education-
tCupation connection than would be expected from its position on the other two
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educational inequality. Graph (b), assessing the effect of income nequality (), reveals
that only Denmark is a large outlier. Otherwise, the plot is fairly unremarkable. Graph
(c), assessing the effect of industrialization (d), shows the United States to be 2 high-
leverage observation, with a very high level of industrialization relative to its level of
educational and income inequality. Because the United States is below the regression
line, its omission would increase the slope.

Economic development

: fhi. Augmented Component-Plus-Residual Flots for Treiman and
ip's Equation 7.

Residual-Versus-Fitted Plots and Formal Tests for Patterns irt the Data

A second test, Stata’s —ovtest - command, assesses the possibility of omitted varigbles
by testing whether the fit of the model is improved when the second through fourth
powers of the fitted values are added to the equation. Given the small sample size, I take the
p-value of .08 resulting from this test as suggesting the possibility of omitted variables.
Component-plus-residual plots are useful in revealing the functional form of relationships
and, by extension, the possibility of omitted variables. Such plots differ from added-variable
plots because they add back the linear component of the partial relationship between ¥
and X; to the least-squares residuals, which may include an unmodeled nonlinear
component. Figure 10.9 shows such plots for our data, using the “augmented” version
available in Stata (search for “acprplot” in the downloadable file “ch1{.do™).

The plots in Figure 10.9 continue to show Denmark as a large outlier. But otherwise
they do not appear orderly; and—with one exception—I can think of no omitted vari-
ables. The exception derives from work by Miiller and Shavit (1998) that suggests that
the education-occupation connection is especially strong n nations with well-developed
vocational education systems and especially weak in nations with poorly developed voca-
tional education systems. Tn our data Denmark, Germany, Austria, and the Netherlands have
especially strong vocational education systems, and the United States, Japan, and Ireland have
very weak vocational education systems. The relationship found by Miiller and Shavit seems
to hold in our data, with the nations with sirong vocational education systems above the-

ession Hine and the nations with weak vocational education systems below the regression
line. This result suggests adding the strength of the vocational education system as a predictor.
[0 do this I add two dummy variables to distinguish the three sets of nations (strong, weak
neither especially strong nor especially weak vocational education systems). I then reesti—’
mate Equation 7, which yields the coefficients shown in the second column of Table 10.1 {for
'anenjence, Column 1 shows the metric coefficients from Treiman and Yip's original Equa-
on 1, that is, those shown in Equation 10.3 of this chapter); the remaining columns show
arious additional estimates discussed in the following paragraphs.

- The specification shown in Column 2 produces a better representation of the determinants
f the strength of the education-occupation connection in the eighteen nations studied here than
oes the original specification. The adjusted & increases substantiaily and, as expected from
: - pattern of residuals, the coefficients for strong and weak vocational educational systems
oth have the expected signs. (I discuss the standard errors later in this chapter.)

quaver, the question remains as to whether the results are stilf substantially driven
y .__Indla and Denmark. To determine this I repeated all the diagnostic procedures dis-
uss'ed previously with the new equation. The Stata log contains the commands T used

ut in the interest of saving space and avoiding tedium, I have not shown the resultiné
_Ec_)_ts and will not discuss the results except to note that India continues to be a high leverage
! nt and Denmark continues to be a large outlier, although the diagnostic indicators for
oth are somewhat less extreme than the corresponding indicators just reviewed.
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ROBUST REGRESSION

So, what 0 do? Because we have no clear basis for modifying or omitting particular
ohservations, nor for transforming our variables to a different functional form, we need an
ternative way of handling outliers and high leverage points. One alternative is robust estima-

. Cosfficients for Models of the Determinants of the stmﬂgth
of the Oﬂcupatmn -Education Connaction in Eighteen Nations.

17 Observations

18 Observations {Expanded Model) on, which does not in general discard observations but rather downweights them, giving less

— Anence to highly idiosyncratic observations. Robust estimators are atiractive because they
Original are nearly as efficient as ordinary least-squares estimators when the error distribution is
Model Expanded normal and are much more efficient when the errors are heavy-tailed, as is typical with high
{Metric Model {OLS Robust verage points and outliers. There are, however, several robust estimators, and there are no
Coetficents) Estimates) OLs Regression ear-cut rules for knowing which to apply in what circumstances. The best advice is to explore

your data as thoroughly as time and energy permit. (For further details on robust estimation,
consult Fox [1997, 405-414; 20021, Berk [1990], and Hamilton [1992a; 1992b, 207-2111.)
" One class of robust estimators, known as M estimators, works by downweighting
observaﬁons with large residuals. It does this by performing successive regressions, each
me {after the first) downweighting each observation according to the absolute size of the
residual from the previous iteration. Different M estimators are defined by how much
eight they give to residuals of various sizes, which can be shown graphically as objective
finctions. The objective functions of three well-known M estimators are shown in (a),
(b) and (cy of Figure 10.10 The CLS objective function ([a] of Figure 10.10) increases
xponentially, as it must given that OLS regression minimizes the sum of squared residu-
als. The Huber function ([b] of Figure 10.10) gives small weight to small residuals but
'éights larger residuals as a linear function of their size. The bi-square objective func-
tion ({c] of Figure 10.10) gives sharply increasing weight to medium-sized residuals but
then flattens out so that all large residuals have equal weight. Because Huber weights deal
pooﬂy with severe outliers (whereas bi-weights sometimes fail to converge or produce
ultiple solutions), Stata’s implementation of robust regression first omits any observa-
ins with very large influence (Cook’s I > 1), uses Huber weights until the solutions
converge, and then uses bi-weights until the solutions again converge. Because of the
way it is defined, robust regression takes account only of outliers but not of high-leverage
servations with small residuals. For some problems this can be a major limitation.
Panel 2 of Table 10.1 shows (in Cohummn 4) robust regression estimates for the elabo-
ted model of the education-occupation connection we have been studying. There is no
bust regression estimate in Panel 1 because the procedure dropped India at the outset
because of its large Cook’s D. Column 3 shows the corresponding OLS estimates with
India omitted. Tnterestingly, the OLS and robust regression estimates differ very little in
Panel 2, with the exception of the effect of strong vocational education, which is reduced in
é_ robust estimate because Denmark, with its large residual, is downweighted. The agree-
ent between different estimators does not always hold and should not be taken as an indi-
;a_t_i_on that robust estimation is unnecessary. However, the stability of the estimates under
ifferent estimation procedures gives us added confidence in them.
By contrast, the omission of India strongly affects the educational inequality coeffi-
ent, increasing it by more than a factor of two. The coefficient for strong vocational
ication is modestly reduced, and the coefficient for industrialization is even more

“Initercept

Mote: Bootstrapged standard errors, derived from 2,000 repetitions, are shown in parentheses. The bootstrapp
standard errors are often considerably larger than the conventional standard errors, which are 0.220, 0.332, 0
and 0.176 for Column 1: 0.179, 0.275, 0.186, 0.333, 0.372, and 0.190 for Column 2; 0.304, 0.245, 0.170, i
0.333, and 0.174 for Column 3; and 0.331, 0.267, 0.185, 0.330, 0.362, and 0.182 for Column 4.




Quantitative Data Anzlysis: Deing Social Research to Test Ideas Regression Diagnostics

84

351 /

30—\ / -"'6?'

25- \\&\ 75,

201 N /

15 - \\

101 AN 2

5- N e
o e T e
—-6-5-4-3-2-1 0 1 2 3 4 5 8

@ Deviation score (b Deviation score

- sighteen nations is drawn does not actually exist since we took all nations for which
ita were available. Thus we need to resort o an approximation.

i_ Bootstrapping approximaies resampling by taking the observed sample as a proxy
 the populaiton and repeatedly sampling, with replacement, observations from the
_'served sample. Thus, in our current example, we would randomly draw {with replace-
ent) a first sample of eighieen cases from our eighieen observaticns, say Norway,
etherlands, India, Ireland, Austria, United States, Finland, Philippines, Denmark,
Taly, Taiwan, Sweden, India, Ireland, Finland, Denmark, Denmark, Taiwan. Note
at England, Germany, Hungary, Japan, Northern Ireland, and Poland do not fall into
e sample; Ausiria, Italy, the Netherlands, Norway, the Philippines, Sweden, and the
i}'l'ted States are included once; Finland, Ireland, India, and Taiwan are incinded twice;
d Denmark is included three times. From this sample we would estimate our regres-
onl equation and record the coefficients. Then we would draw a second sample with
Placﬁment, athird, and so on. The result is, for sach coefficient, a distnibution of values
ial in size to the number of samples we have drawn. From this distribution we esti-
mate the standard error as the standard deviation of the distribution. (For further
discussion of bootstrapping, see Fox [1997, 493-514), Siine [1990], Hamilton [19924;
992b, 313-325], and the entry for ~bootstrap- in the Stata 10.0 manual.)

+ This method provides a good estimate of the standard exror of a statistic, provided
z{t the sample in fact represents the population from which it is drawn and that the
re'_smtmg distributions are approximately normal. With very small samples with outliers
and high leverage points, as in our case, there tends to be high variability from sample to
mple. Thus it is wise to draw many samples to get stable estimates of the sampling dis-
bution. In the present case I drew 2,000 samples to estimate the standard errors in each
f the columns of Table 10.1 (see the section on “Bootstrapped Standard Errors” in the
éownfoadable file “ch10.do”). I experimented with smaller numbers of samples but got
unsatisfactory variability across trials in my estimates of the standard errors. With 2,000
plications the standard errors seem to be reasonably stable bat hardly normaily distributed—
sec Figure 10.11. The outliers in these distributions derive from the random omission or
multiple presence of high-leverage observations. (With seventeen observations sampled
_th replacement, the probability of a given country being excluded from a particular
sample is 36 percent—more precisely, 0.357 = [1 — UNP =[1 — /17]¥)

 Note that the standard errors are sometimes much larger than the corresponding
asymptotic standard errors reported in the note to the table, especially those for the
2 ucational inequality measure. This result alerts us to the danger of naively accepting
computed standard errors from general purpose statistical programs, especially when
working with small samples. On the other hand, as noted previcusly, it is unclear in the
present case that much should be made of the standard errors, given that our “sample” is
bo{h very small and hardly a probability sample of any population. It 1s reasonable to ten-
}Vely accept the estimated model, specifically the robust regression estimates for
venteen societies reported in Colomn 4 of Table 10.1, which have far smaller standard
errors than do the corresponding OLS estimates. Nonetheless, we must note that the results
fe-only suggestive and require confirmation with more and better data before being
Itgarded as definitive. '
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modestly rednced. A reasonable conclusion is that the education-occupation connection
is governed by a different process in India than in other nations and that a summary of the
general relationship between industrialization, inequality, and status attainment should -
properly set India aside for separate consideration.

BOOTSTRAPPING AND STANDARD ERRORS

A powerful property of many statistics, including both ordinary least squares and robust:
regression, is that even if the observed values are not normally distributed, the distribution of
errors is asymptotically normal—that is, as the sample size increases the distribution of exrors:
approaches normality. However, for small samples (N — k < 30, where N is the number of:
observations and & is the number of independent variables) the approximation tends to break :
down badly, which means that analytically derived standard errors are often meoirect.

One way around this problem is to bootstrap the standard errors. In principle, if we.
had access to the population from which a sample is drawn, we could take repeated sam-
ples from that population {sampling with replacement); then, for each sample, estimate’
any statistic of interest, for example, a regression coetficient; and estimate the standard:
error of the statistic as the standard deviation of the distribution of estimates from the:
repeated samples. But of course we almost never are able to resample a large number of
times from a given population; moreover, the “population” from which our “sample””
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Note: These are the bootstrapped coefficients for column 4 of Table 10.1.

However, when we have genuine probability samples of larger populations, the
standard errors and the confidence intervals they imply assume much greater importance.
The calculation of appropriate confidence intervals for bootstrapped statistics is an unsettled
and opgoing area of statistical research. Stata provides four different 95 percent confidence
intervals based on different assurptions. There is considerable controversy as to which of:

these estimates provides the best coverage of the true standard error. But the weight of the.

evidence to date seems to support bias-corrected estimates, and this is the default in Stata.

WHAT THIS CHAPTER HAS SHOWN

to generale new hypotheses, how to use robust regression procedures fo achieve esti-
mates with smaller standard errors, and how to use bootstrap procedures (o calculate
standard errors in situations in which the assumption that sample statistics are normally

distributed cannot be sustained. The main lesson of this chapter is that much can be -
learned by graphing relationships in the data. Indeed, often the best way to understand -
your data is to graph what you think you are observing. The results are often surprising,:

and usually informative.

In this chapter we have seen how to check our data for anomalous observations and viola-
tions of the assumptions underlying OLS regression, how to use the information obtained-

WHAT THIS CHAPTER 15 ABOUT

t this chapter we see how to improve both the validity and reliability of measurement by
pnstructing multiple-item scales. We consider three ways to construct scales: additive
caling, factor-based scaling, and effect-proportional scaling. We also consider two vari-
nfs of regression analysis: errors-in-variables regression, which corrects for unrehabil-
:. of measurement, and seemingly unrelated regression, which is used to compare
egression equations with (some or all of) the same independent variables but different
ependent variables.
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INTRODUCTION

In social research we often wish to study the relationship among concepts for which w :
have no direct and exact measures. Examples include, from social siratification, clage.
status, and power; from atiitude research, anomie, alienation, and authoritarianismm; ang
from political sociclogy, liberalism versus conservatism. For concepts of this kind, it'i
difficult to imagine that any single measure of what people believe or how they behave:
would adequately reflect the concept. Suppose, for example, that we are interested in dj

ferentiating among members of Congress on the basis of how liberal their voting record
is. We would hardly be content to measure “liberal voting” by choosing a single vote—.
say, support for foreign aid-—and declaring those who voted for it to be liberals and thosg
who voted against it to be conservatives, For any particular vote, factors besides “libera%_-:
ism’” or “conservatism” may come into play—objection to the particular language of the
legislation, the need to discharge a political debt, the judgment that in tight times funds
are better spent on social welfare at home, and s0 on. Altheugh extraneoas factors may
affect any particular vote, we wounld still expect that on average “liberals” would be more
likely to support foreign aid, domestic welfare, civil liberties, voting rights, affirmative
action, and such, than would “conservatives” (Of course, we might want to refine otir
concept, differentiating domains of liberalism or conservatism-—{or example, social vii}'_-
ues, fiscal policy, and internationalism versus isolationism. But the same basic point- :
holds: any one item tends to be a poor measure of an underlying concept becanse extrane:
ous factors may affect the response to a single item.) Therefore a useful strategy for con
structing operational indicators of underlying concepts is to create mulfiple-item scales
That is, we take the average of the responses to aach of a set of items thought to reflect air.
underlying concept as indicating or measurmg the strength of the concept. Multiple-itern
scales should satisfy two criteria: they should be valid, and they should be reliable. s

. formulated rather vaguely. Tust what do we mean by “social class,” for example? If
- take 2 Marxist approach and define class by the “relationship to the means of produc-
fon,” we have merely shifted the problem, becanse we then have to say exactly what we
an by the relationship to the means of production. If we take a Weberian approach and
define class by “market position,” we have exactly the same probiem.
-Anyone who thinks I am constructing a strtaw man 18 advised to look at the writings of
: Olin Wright and his followers, who are to be commended for trying to do serious
antitative research within a Marxist framework (see, for example, Wright and others
1982, Wright 1985, and Wright and Martin 1987). A good portion of the writings of Wright
and his gronp is preoccupied with the validity of alternative indicators.
‘Even seemingly straightforward variables often have the same difficulties. Just what
flm'lying concept are we trying to measure when we devise a scale of educational attain-
wient: skill, knowledge, credentials, values, conformity to external demands, or still some-
hing else? In principle our theory, as represented in the specification of the concept of
rest, should dictate our choice of indicators. For example, if we are interested in the
ga;e_:_keepmg fanction of education in channeling access to particular kinds of jobs, we may
nt to measure educational attainment by the highest degree one obtains. If we regard
hooling as enhancing cognitive skills, we may wish simply to count the number of years
schooling a person obtains.
""Slometimesg of course, we are restricted to extant data and must work in the other
c’:[i;ectmn, constructing an argument about what underlying concept is represented by the
asure we have at hand. In either event clarity is crucial in your own mind, and on
e written page as well, regarding what concepts your indicators measure. (For a brief
troduction to different types of validity, see Carmines and Zeller [1979, 17-26].)

RELIABILITY

! ability refers to consistency in measurement. Different measures of the same con-
pt, or the same measurements repeated over time, should produce the same results. For
xa:;npie:, if one individual scores high and another individual scores low on a measure of
E_zlrracial tolerance, we would like to get the same difference between the two individu-
_15__.1.-f we used a different (but equally valid) measure of interracial tolerance; to the extent
‘measures yield similar results, we say that both measurements are reliable. Also

t the same respondent were asked his attitude at two points in time, we would like to ge‘z
- same result {assuming he has not changed his attitude).

- Prom this definition it is easy to see why multiple-item scales are generally more reli-
€ than single-item scales. When responses are averaged over a set of items, each of
_ 1ch measares the same underlying dimension, the idiosyncratic reasons that individu-
iS__:respond in particular ways to particular guestions tend to get “averaged out” Of
ufse, this is true only to the extent that each item in a scale reflects the same underlying
¢ fm' on (the conceptual variable). If an item is capturing some other underlying dimen-

n mstead of, or in addition to, the one of interest to the analyst, it will undercut the reli-

:_;_1_-11_ty (and validity) of a scale. For example, suppose responses (0 a question about

Wti}_}ngness to have people of a different race as neighbors reflected differences in

VALIDITY

An indicator is valid if it measures what it is supposed to measure—that is, if it adequately:
measures the underlying concept. Unfortunately, there is in general no technical way o
evaluate the validity of a scale, although, as we will see later in the chapter when we dis-
cuss factor-based scaling, we can gain confidence in the validity of a scale by determin-
ing that it has the relationships to other variables that we would expect on theoretical
grounds. Assessment of validity is mainly a matter of constructing an appropriate theore
ical link for the relationship between the concept and its indicator or indicators, and
between the concept and other variables. '

Many of the most important arguments in science are about the validity of measures
This is as true in the physical and biclogical sciences as in the social sciences. Indeed;
I recommend a fascinating account of a cearch for life on Mars (Burgess 1978) that_:
includes a vivid portrayal of the ongoing dispute between the “pro-life” camp and the
“anti-life” camp as to whether particular indicators being sent back by the Mars Landeér
could validly be interpreted as evidence of the presence of life on Mars. ' -

The first requirement for devising a valid measure is to be clear about what you aré
trying to measure. This is not as obvious as it sounds. More often than not our concepts
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economic anxiety, with seme people rejecting potential neighbors not because of rgj
intolerance but for fear (rightly or wrongly) of a reduction in property values. We woy
not want (o include such an item in a scale of racial tolerance because it would tend to
make the scale less reliable—with scale scores determined to some extent by whether
happened to include a lot of people with economic apxieties or only a few such peop]e
An important reason for creating reliable scales is that, all else equal, unreliabls
scales tend to have lower correlations with other variables. This follows from the fact thgt
unreliable scales contain a lot of “noise” We might think of scales as having a “true’
component and an “exror” component. The “true” componpent is represented by the corre
laiion of the observed measurement with the true underlying dimension; the size of thi;
correlation gives the reliability of the scale. The “error” component—ihe portion uncor:
related with the underfying dimension—rseflects idiosyncratic determinanis of f
ohserved measurement. From this definition of reliability, it follows that the lower
the reliability of each of two measures, the lower the correlation between their observed:
values relative to the true correlation between the underlying dimensions. Formally, w :
can estimate the “tme” correlation between variables by knowing their observed correla
tion and the reliability of each variable. The true correlation is given by

sometimes analysts will correct correlations for attenuation before undertaking a
tiple regression analysis and will then estimate the regression model from the matrix

¢ axtensive nse of such corrections). This iz, of course, only possible when the analyst
ows or is able to estimate the reliability coefficients. The Stata command ~eivreg-
qors-in-variables regression) provides a convenient way to use information about the
__ability of variables in regression estimation. Later in this chapter a worked example
trates this concept.

In general the internal-consistency reliability of scales depends on two factors: the
mber of items and the average intercorrelation among items. As each component
creases, the reliability increases. There are several measures of internal-consistency
[iability, of which Cronbach’s alpha is the most widely used:

NF

jere IV is the number of items and 7 is the average correlation among items. In Table
.1 we can see what this implies about the reliability of scales with an average interitem
rrelation of, respectively, .09, .25, and .49 (which correspond to average factor loadings
23, .5, and 7).

s clear that even for items with as low an average correlation as .23, scales com-
sed of at least seven or eight items produce reasonably rehable results. Nonetheless, it
important to keep in mind that “reasonably reliable” is not the same as “highly reli-
able.” One reason the prediction of attitudes is generally weak is that correlations involv-
g_attitude scales typically are substantially attenuated because of unreliability, especially
hen only a few items are included in the scale.

Xy Ly

Px.y, = \/—‘
rXX"rYY’

where Px,r, is the correlation between the true scores, fy, is the observed correlation:
berween X and ¥, and r,, and r, . are the reliability coefficients for X and ¥, respectively.:
Equation 11.1 {s also referred o as a formula for correcting for attenuation caused by
unreliability; Px,¥, is the correlation between X and ¥ corrected for attenuation. For
example, if two scales each have a reliability of .7 and an observed correlation between:
them of .3, the correlation corrected for attenuation will be .3/ JUTWT = .43, Clearly,
correlations can be strongly affected by the reliability of the component variables.

WHY THE SAT AND GRE TESTS INCLUDE SEVERAL
HUNDRED ITEMS  he effect of the number of items in a scale on reliability

- makes clear why examinations such as the SAT and GRE comprise several hundred items.
Because college or graduate school admissions and financial aid are heavily affected by test
scores, one wants 1o have an extremely reliable test, one that would in principle produce
. essentlally the same rank order of students if the same students repeated the test two
or three months later (without having prepared for the test in the interim). Interestingly,
. even with several hundred iterns, a person’s SAT or GRE scores often vary greatly from trial
to trial, presumably because performance is affected by idiesyncratic factors such as the
level of anxiety and fatigue at the time the test is taken, and also, of course, the degree of
preparation.

WAYS TO ASSESS REUAE!“TY There are several ways 1o measure

the reliability of a scale:

s est-retest refiability is the correlation between scores of a scale administered at two
points in time.

o Alternate-forms refiability is the correlation between two different scales thought to
measure the same underlying dimension.

o Internal-consistency refiabifity is a function of the correlation amang the items in a scale.
Cronbach’s alpha, discussed in the following paragraphs, is an internal-consistency
measure.
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SCALE CONSTRUCTION

Tn this chapter we consider three strategies to create multiple-itern scales: add'n;tive scai_j-
ing, factor-based scaling, and effect-proportional scaling. (For a brief general introduc-
tion to scaling, see McIver and Carmines [1981]. For a recent extended treatment, Seé_
Netemeyer, Beardon, and Sharma [2003]. A classic but still useful treatment is Nunnally

and Bernstein [1984].)

tcale Construction 2407

dditive Scaling

5'simp§est way to create a multiple-item scale is simply to sum or average the scores of
s of the component items—which is what we have been doing up to now. Where items
m':'dichotomous, this amounts to counting the number of positive responses. Where the
s themselves constitute scales—for example, continuous variables for education or
ime or attitude items ranging from “strongly agree” to “strongly disagree”—we ordi-
ily standardize the variables before averaging (by subtracting the mean and dividing
‘the standard deviation). If we fail to do this, the item that has the largest variance will
ve the greatest welght in the resulting scale. The effect of the variance on the weight is
casy to see by considering what would happen if a researcher decided to make a socio-
atioric status {SES) scale by combining education and income, and did so simply by
ling, for each respondent, the number of years of school completed and the annual
ome. He may think he has an SES scale, but what he actually has is an income scale
th a very slight amount of noise, because education typically ranges from zero to
éﬁty vears {and, in the United States, effectively from eight to twenty years) whereas
same ranges in the tens of thousands of dollars. By dividing each variable by its stan-
deviation, the analyst gives each variable equal weight in determining the overall
ile score. (I first came to appreciate this point many vears ago in graduate school when
iofessor told me that he and another member of the faculty effectively controlled who
ed and who failed the collectively graded Phl} exams. They did so simply by using
‘one hundred potats in the scale the faculty had devised for scoring exams, while most
their colleagues gave failing examinations a score of fifty or so.)

The trouble with simple additive scales of the sort just described is that the items
luded may or may not reflect a single underlying dimension. A scale with a heteroge-
ous set of items runs the risk of being both invalid, because in addition to what the ana-
t thinks the scale is measuring, it is also measuring something else, and unreliable,
cause at least some of the items are weakly or even negatively correlated.

ctor-Based Scaling
w can we determine whether the items we propose to include in a scale reffect a sin-
le imension? First we identify a set of candidate items that we believe measure a single
derlying concept. Then we empirically investigate two guestions: (1) Do the items all
arig together” as a whole, or do one or more items tum out to be empirically distinct
(in the sense of having low correlations with) the remaining items, even though we
ught they reflected the same conceptual domain? If se, we must reject the offending
ems. (2) Does each item have approximately the same net relationship to the dependent
iable of interest? If not, the deviant items should not be used because this is again evi-
e that they do not measure the same concept (or that they measure other concepts
sides the one of interest). Assessing the second question is a simple matter of regressing
dependent variable on the set of tentatively selected components of the scale, plus
itional control variables where appropriate. When the scale will be used as a dependent
atiable, the correlations between the component items and the independent variables
Id be inspected. In both situations, what we are looking for is evidence that the candi-
: items all have the same sign and approximately the same magnitude.
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Bducation, occupational status, and income are good examples of items that are Pos
tively correlated but that tend to have quite different net effects on various dependent vay
ables. For example, fertility is known to be negatively related to education net of incorge
but positively related to income net of education. Similarly, various measures of toleranégi
tend to be positively telated to education net of income but unrelated or negatively relateg
to income net of education. For this reason the common practice of constructing scales of
socipeconomic status should be avoided, and each of the component variables should
included as a separate predictor of the dependent variable of interest.

A useful procedure for deciding whether items “hang together” 1s to submit themn to'd
factor analysis. Factor analysis (or more precisely, exploraiory factor analysis) is a proéé?
dure for empirically determining whether a set of observed correlations can, with reason:
able accuracy, be thought of as reflecting, or as generated by, a small number of hypothetical
underlying factors. Factor analysis is a well-developed set of techniques, with many varia-
tions. However, this chapter is concerned not with the intricacies of factor analysis but
with its use as & tool in scale construction. For our present purposes, the optimal procedure
is to use principal factor analysis with iterations and a varimax rotation and then to inspect
the rotated fuctor matrix. The varimax rotation rotates the factor matrix in such a way. as
to maximize the contrast between factors, which is what we want when we are trying I
deiermine whether we can find distinctive subsets of items within a larger set of candidate
items. We then choose the items that have high loadings on one factor and low loadings on
the remaining factor or factors. A rule of thumb for “high™ is loadings of .5 or more (which
are consistent with correlations of about .52 = .25 or higher). :

We then choose those items that meet both criteria—high loadings on the factor and
imilar relationships to the dependent variable—and combine therm into a single scale by
vor standardizing them (subtracting the mean and dividing by the standard deviation)
ad then averaging them. These procedures typically produce scales with a mean near
ero-and a range from some messy negative umber around —2. x or 3. x to some equally
§sy positive number. For convenience of cxposition, it is useful to convert the scale
0 arange extending from zero to cne becaunse then the coefficient associated with the
cale gives the expected (net} difference on the dependent variable between cases with
lowest and highest scores on the scale. Such a conversion is easy o accomplish, by
ving two equations in two unknowns as you did in school algebra:

1 =a+ blmax)
0 =a + bimin) (11.3)

:hr;_te “max” Is the maximum value of a scale, S, in the data, and “min” is the minimum
4lie of  in the data. This vields @ and b, which you then use w transform 5 into a new
iahle, ', as follows:

§'=a+ b(S) (11.4)

CONSTRUCTING SCALES FROM INCOMPLETE
N?QRMATEQN When you construct multiple-item scales, it often is useful

“to compute scale scores even when information on some items is missing. This reduces
_’the number of missing cases. For example, if | am constructing a five-item scale, | might
-compute the average if data are present for at least three of the five items. This is easy to
~accomplish in Stata by using the -rowmean- command to compute the mean and the
~-rowmisg- command to count the number of missing items, replacing the scale score
“with the missing value code if the number of missing items exceeds your chosen limit—in
the present example, if more than two of the five items have missing values.

TRANSFORMING VARIABLES SO THAT "HIGH” HAS A
CQNSESTENT MEAN!NG In the corttext of factor analysis, “high” refersto

the absolute value of a factor loading. We would thus regard a loading less than or equal te .5
or greater than or equal to .5 as high. Itis important to apprediate, however, that a high nega-
tive loading implies that a variable is negatively related to the underlying concept. For this rea-
son, itis desirable to transform all variables so they conceptually run in the same direction—that
is, so that a high value on the variable indicates a high level of the underlying dimension (from
which it then follows that all the indicators should be positively correlated). For example, con-
sider the GSS items SPKCOM {“Suppose this admitted Communist wanted to make a speechin - E
youir community. Should he be aliowed to speak, or not?”) and COLCOM (“Suppose he is teach-
ing in a college. Should he be fired, or not?”). Clearly, a positive response 10 the first item and
a negative response to the second item both indicate support for civil linerties. So to make the
interpretation of the factor analysis less confusing, it would be desirable to reverse the scal-
ing of the second item. This can be accomplished easily by transforming the original variable, '
X into a reverse-scaled varizble, X', using the relation X' = (k + 1) — X, where there are k
response categories. Similar transformations are helpful in any kind of multivariate analysis.

- If several factors emerge from the factor analysis, we can, of course, construct several
les. Here the problem of validity looms again, Because we ordinarily start with a set of
; date items that a priori we think measure a single underlying concept, we are on the
nest .ground if only one factor emerges. If more than one factor emerges, we are forced
ohsider what concept each factor is measuring. Working from indicators to concepts
_e.s' the very real danger that our sociological imagination will get the better of us and
t we will invent a concept to explain a set of correlations that reflect sampling error
te than some underlying reality. The danger is compounded if we forget that we have
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invented the concept to explain the data and start treating it as if it has an independep;
reality—that is, if we reify our concept. To be sure that we have actually discovered some
underlying reality, we should replicate the items and the scale in some independent dagg
set (perhaps by using a random half of our sample to develop our scales and fit our mog.
els and then using the other random half of the sample to venify the adequacy of bot
scales and models). Unfortunately, this seldom is done, because we asually want larger
samples no matter how large our sample is. However, the GSS provides such opportuni:-
ties because an analysis developed using data from one year often can be replicated using -
data from the preceding or following year [ strongly encourage this kind of independen
validation. ;

Readers familiar with factor analysis may wonder why 1 suggest choosing a set of can
didate items, weighting them equally, and averaging them, in contrast to constructing a scale.
by using the factor scores as weights. The reason is that using the factor scores maximizes’:
the association between the hypothetical underlying concept and the constructed scale in the
sample. That is, it capitalizes on sampling variability. The result is that the correlations
between a scale constructed in this way and other variables are likely to be substantially
smaller if the same analysis is replicated using a different data set. By contrast, the factor-.
based scaling procedure, in which the items are equally weighted, is much less subject to)
cross-sample shrinkage. In this sense factor-based scales are more reliable than are scales -
constructed using factor scores as weights. -

-

P=da +b(F)y+ (&) (11.6)

here T, B, and 7 are, respectively, scales of the acceptability of abortion for therapeutic
qsons, the acceptability of abortion for personal preference reasons, and religiosity
4ith). E is years of school completed, introduced as a control variable because it is
kriown that acceptance of abortion increases with education and that religious {undamen-
lism is pegatively correlated with education in the United States.

. The three scales were constructed by factor analyzing items thought o represent the
mension being measured, eliminating items with low factor loadings, converting each
in to standard score form, and averaging items. To facilitate interpretation of the regres-
sion coefficients, the resulting scales were then transformed so that each had a range of
zero (for the lowest level of religiosity and the lowest acceptance of abortion) to one (for
the highest level of religiosity and the highest acceptance of abortion).

Candidate items for the scale of religious fundamentalism included the following:

1. ATTEND: How often do you attend religious services? (Fange: never . . . several

. times a week).

- 2. POSTLIFE: Do you believe theve is a life after death? (no, yes).

. PRAY: About how often do you pray? (Range: never . . . several times a day).

. RELITEN: Would vou call yourself a strong [religion named by respondent in
response to question on religious preference} or not a strong [preference]? (not

~ very strong; somewhat strong {volunteered] or don’t know or no answer; strong).
5. BiE: Alternative versions of this question were asked of two-thirds and one-third

of the sample, respectively:

E R

A Worked Example: Religiosity and Abortion Attiludes {Again}
Abortion has become an increasingly salient and emotionally charged issue in recent years.
Fundamentalist religious groups (and others) oppose abortion as “murder” while feminists:
(and others) defend the right of women to control their own bodies. Despite the sharp:
polarization of opinion regarding abortion, most Americans evidently support the avail-
ability of legal abortion under at least some circumstances. Many people find abortion:
acceptable for medical or therapeutic reasons but not for reasons of personal preference or
convenience. Considering the theological underpinning of the “right to life” movement—
that a fetus is a person and hence that abortion is tantamount to murder—we might expect.
strongly religious people to adamantly oppose abortion for personal preference reasons
but to be less opposed to abortion for therapeutic reasons, when the “rights” of the fetus.
must be weighed against the health and safety of the mother. Those who are less religious,
by contrast, might be expected to make less of a distinction between the acceplability of -
abortion for personal preference and therapentic reasons. If these suppositions are correct,
we would expect religiosity to have a weaker effect on attimdes regarding therapeutic :
abortion than on attitudes regarding abortion for personal preference reasons,

To test this hypothesis, T use data from the 1984 GSS, a representative sample of | AT73
adult Americans. (See downloadable files “ch11.do” and “ch11.log” for estimation details.)
1 use the 1984 survey becanse it contains items suitable for constructing a scale of re]jgios-3
ity (discussed later). Specifically, I compare the coefficients in two regression equations:

1. Which of these statements comes closest to describing vour feelings about
the Bible?

a. The Bible is the actual word of God and is to be taken literally, word
for word. '

b, The Bible is the inspired word of God but not everything in it should be
taken literally, word for word.

c.  The Bible is an ancient book of fables, legends, history, and moral
precepis recorded by men.

TI. Here are four statements about the Bible, and I'd like you to tell me which is
closest to your own view:

a. The Bible is God’s word and all it says is true.
b.  The Bible was writter by men inspired by God, but it contains some

T=qa+ b(F)+ c(F) (11.5) human errvors.
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3. ABHLTH: If the woman’s own health is sericusly endangered by the pregnancy?
4 ABPOOR: If the family has a very low income and cannot afford any more

. children?

-5 ABRAPE: If she became pregnant as a result of rape?

‘6. ABSINGLE: If she is not married and does not want to marry the man?

7. ABANY: 17 the woman wants it for any reason?

c. The Bible is a good book because it was written by wise men, but Gogd
had nothing fo do with it. _
d. The Bible was written by men who lived so long ago that it is worth very
little today.

Corresponding categories from versions 1 and I were combined, except that catego
ries (¢) and (d) from version II were combined with category (c) from version I to Crealg
a4 new variable, NEWBIB. Before these five items were factor analyzed, ATTEND wag'
reversed so that it positively correlated with the remaining items. Also, “don’t know” ang
“no answer” responses were omitted. The sample size was weighted (o correct for biag '.
caused by differential houschold size. After cases with missing values were eliminated.
the number of cases available for the factor analysis was 1,292, The items were facto
analyzed using iterated principal factoring and varimax rotation.

A single dominant factor emerged, which explained 86 percent of the total Vanance
with loadings after rotation:

‘In each case the possible responses were “Yes,” “No,” “Don’t know,” and “No
wer” “Don’t know” and “No answer” responses were coded as intermediate between
Ves” and “No.” Although, as indicated previously, [ hypothesized that there are distinc-
& responses (o abortion for therapeutic and personal preference reasons, I nonetheless
tor analyzed both subsets of items together to confirm empirically that the two sets of
tems do in fact behave distinctively.

;_Two nontrivial factors were extracted, which together explained 96 percent of the
srance mn the items. Table 11.2 shows the loadings before rotation.

ATTEND 787 ‘As is evident, all seven items load strongly on Factor 1. But some are positive and
POSTLIFE 196 ome are negative on Faclor 2. The pattern of positive and negative loadings on Factor 2
PRAY 573 uggests that these items can be subdivided into two distinct factors. Table 11.3 shows the
RELITEN 664 ult of execuiing a varimax rotation, a rotation of the axes of the factor matrix that
NEWEIS 260 paximizes the distinction between factors.

Given the pattern of factor loadings, it appears from simple inspection that a three-:
item scale formed from the three iterns with the highest loadings is more reliable than a:
scale that includes either NEWRBIB alone or both NEWBIB and POSTLIFE. However, you
need not rely on simple inspection. Applying Equation 11.2, we have o, = .065, oy o, '_
6356, and o, = .644. (It turns out that there is an important lesson here: “inspection” can’
easily lead to error—I thought that the three-item scale would be substantially more reli-.
able than the scales that included items with much lower factor loadings; but in fact they:
are about equally reliable. In such a case I still would choose the scale coruposed only of
items with high loadings, because it would provide the “purest” measurement of the con-
cept.) Doing this, I then standardized and averaged the three items ATTEND, PRAY, and
RELITEN to form a scale of FAITH. To minimize the loss of cases because of missing’
data, I averaged scores for all individuals who had valid responses to at least two of the
three items. This scale was then transformed to a range from zero to one, with one indi-
cating the greatest faith or religiosity. :

To create scales measuring attitudes regarding abortion, I factor analyzed the follow-
ing seven items, using the methods just described. :

Please tell me whether or not yeu think it should be possible for a pregnant worman:
to obtain a legal abortion . .

Factor Loadings
for Abortion Accepiance ltems Before Rotation.

Factor 1 Factor 2

1. ABDEFECT: 1f there is a strong chance of serious defect in the baby?
2. ABNOMORE: If she is married and does not want any more children?
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Factor 2

Loadings of the Seven Abortion-Acceptance ltemns on the First
Two Factors, Unrotated and Rotated 30 Degrees Counterclockwise.

Inspecting these loadings you see that, as hypothesized, two factors underlie abortion
attitades. ABNOMORE, ABPOOR, ABSINGLE, and ABANY 3l load strongly on Facto
1 (shown in bold) and weakly on Factor 2, whereas the remaining three items load strongl
on Factor 2 (shown in bold) and weakly on Factor 1. These two sets of items correspond to:
the a priori distinction I made between abortion for personal preference reasons (Factor 1)
and abortion for therapeutic reasons (Factor 2.

Figure 11.1 demonstrates that the unrotated and rotated factor structures are s1mpl
mathematical transformations of one another and do nothing to change the relationship
among the variables. The rotation merely presents the results in a form that makes thet
more readily interpretable. As noted previously, in the unrotated matrix (solid axes), alt
items load positively on Factor 1 but some items have positive loadings on Factor 2 an
some items have negative loadings. After I rotate the axes 30 degrees counterclockww
(to the dashed lines), all items have positive loadings on both factors, but four (the pe;
sonal preference reasons) load strongly on the first factor and weakly on the second facts
while three (the “therapentic” reasons) load weakly on the first factor and strongly on the
second factor.

Given these results, two separate scales are warranted. I therefore constructed a scale.
of acceptance of abortion for personal preference reasons, using the four items Toading
strongly on Factor 1, and a scale of items for therapeutic reasons, using the three item
loading strongly on Factor 2. In each case the items were converted to standard form an_
averaged. I computed averages if valid responses were available for at least three of the four
personal preference items and at least two of the three therapeutic items. Again ti’lﬂ

ales were transformed to range from zero to one, with one indicating high acceptance

ould assess both the zero-order and net relationships between the component items and
&Ependem variables. Here, however, the dependent variables are the two abortion atti-
(;ié_:fs scales. Thus I assess the consistency of the relationships simply by inspecting the
cotrelations among each of the components of all three scales plus the remaining inde-
ndent variable, education. These correlations are shown in downloadable file “chl1.
” All of the components of each scale show consistency with respect to sign and gross
larity with respect to magnitude in their correlations with the remaining variables.
us T conclude that combining these items into scales as T have done is appropriate.
Table 11.4 shows the means, standard deviations, and correlations among the three
ales and years of school completed, and Table 11.5 shows the coefficients estimated for
juations 11.5 and 11.6. Not surprisingly, the mean for the scale of acceptance of thera-
tic abortion is much higher than the mean for the scale of acceptance of abortion for
tsonal preference reasons. (Because each scale is calibrated by converting the lowest
¢ in the sample to zero and the highest score in the sampie to one, comparison of the
eans across scales is not, strictly speaking, legitimate. However, they do indicate where
& typical respondent falls relative to the respondents most accepting and least accepting
of each category of abortion, and hence can be used to compare the relative acceptance of
e tWO types of abortion.)
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As predicted, acceptance of abortion for reasons of personal preference is somewhat
more strongly socially structured than is acceptance of abortion for therapeutic reasons.
4o ®2 for the former is .182, compared with .136 for the latter. Moreover, both of the
Letric coefficients are substantially larger for the personal preference equation than for
4o (herapeutic equation, indicating that both education and religiosity have a greater
pact o1 attitudes regarding abortion for persomal preference reasons than regarding
ortion for therapeutic reasons. However, the standardized effect of religiosity is about
{ially strong for both sets of abortion reasons, whereas the standardized effect of educa-

oniis much stronger for personal preference abortion.

L . BMeans, Standard Deviations, and Correlations Ameng
Varaahiea Em!mﬂed in Modezls of the Acceptance of Legal Abortion, U.5.
Adulis, 1984 (N = 1,459},

Variable F T P Mean SD .
B Education

F: Religiosity

emingly Unrelated Regression

formal test of whether corresponding coefficients differ significantly in the two equa-
ons is available through Zellner’s seemingly unrelated regression procedure, imple-
sented in Stata as - sureg-. This procedure simultaneously estimates models containing
siiesor all of the same independent variables but different dependent variables. When
he ﬁdependent variables are identical across models, the coefficients and standard errors
identical to those from separately estimated equations, but -sureg- provides two
itional kinds of information—an estimate of the correlation between residuals from
¢ch equation and a test of the significance of the difference between corresponding coef-
jents. In the present case, the correlation between residuals is .38, which tells us that
iatever factors other than education and religiosity lead to acceptance of abortion for
erapeutic reasons also tend (modestly) to lead to acceptance of abortion for personal
férence reasons. The tests of the equality of corresponding coefficients reveal that, as
pothesized, the coefficients for education and religiosity are significantly larger in the
sonal preference equation than in the therapeutic equation. (See downloadable file
1.do” for details on how to implement - sureg-.)

i Acceptance of abortlon for
personal preference reasons

L Coefficients of Two Models Predicting Acceptance
of Abor‘tmn, U %, Adults, 1984,

T: Therapeutic P: Personal Preference

Metric coefficients ' o] 5.8,° b 5.e.2

- E; Faucarion ffect-Proportional Scaling

épéc_:ial kind of scaling problem arises when we have an independent variable that has
wonlinear relationship to the dependent variable of interest. In Chapter Seven I dis-
ed procedures for assessing whether relationships are nonlinear and for representing
onlinear relationships by changing the functional form of equations. One possibility T
cussed was to represent nonlinear relationships by converting variables into sets of
gories and studying the relationship between category membership and the outcome
ble. In this section I describe an extension of categorical representations of vari-
es: effect-proportional scaling, which is available in situations in which the dependent
ble has a clear metric. (For an example of a research use of effect-proportional scal-
see Treiman and Terrell {1975].)

Suppose, for example, that we are interested in the relationship between educational
tinment and occupational status in a nation with a maltitrack school system. We night
expect that in such systems occupational attainment depends not only on the amount
schooling but on the 1ype of schooling completed. How to represent the effect of school-
4 succinct way becomes a difficult problem in such situations. We could, of course,

¢ and report the coefficients for a typology of type-by-extent of schooling, but this is

F: Religiosity "+

Standardized coefficients

sStandard errors were computed using the $tata 10.0 survey estimation procedure, to account for clustering -
resulting from the fact that the GSS is a muliistage sample. All coefficients are larger than twice their stan-
dard error.
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likely to require the presentation of many coefficients. An alternative would be to go gy
step further and scale educational categories in terms of their gffect on occupational sty
tus. From a technical point of view, this is very simple. We estimate the- re]atmns‘mp
between occupational status (measured, say, by the International Socioeconomic Index g
Occupations [ISEI] [Ganzeboom, de Graaf, and Tretman 1992; Ganzeboom and Treimg
1996]) and a set of dummy variables corresponding to our typology of type-by-extent ¢
schooling, and then we form a new education variable in which each category in tha
typology is assigned its predicted occupational status. :

Doing this maximizes the correlation between educational attainment and obcupa--
tional status—no other scaling of education would produce a higher correlation (givey
the same set of categories), and, of course, the correlation is identical to the correlatip
ratio. Thus the interpretation of the education variable becomes “the highest level of edy
cation achieved, calibrated in terms of its average occupational status return.” 5o long 3
the analyst is candid with the reader that this is what has been done, there can be i
objection. The clear advantage of the procedure is that it allows educational attainment t'
be included succinetly in subsequent analysis and thus permits assessment of how th
relationship between educational attainment and occupaiional status is affected by othe
faciors, and how the relationship differs across subpopulations, for example, by gender '0 ;
ethnicity. :

Here is an example of the construction and use of such a scale. (No log file is show
for this worked example because no new computing techniques are introduced.) In the.
1996 Chinese survey analyzed earfier (in Chapters Six, Seven, and Nine; see Appendix.
for details on the data set and how to cbtain it), education was solicited with a questio
that included the categories shown in Table 11.6. Although, with the exception of th
last two categories, the classification appears to form an ordinal scale of increasing edu-
cation, it is not evident whether the scale has a monotonic relationship to occupationa :
status. In fact it does not, as can be seen from the means on the ISEI shown in Table 11.6.
In particular, vocational and technical middle school graduates tend to achieve substan:
tially higher occupational status than do academic upper middle school graduates who dcn
not go on to university. L

I thus created a new education variable in which each category was assigned the
mean [SEI score shown in Table 11.6. (A convenient way to do this in Stata is to regre
ISEI on the education categories and get predicted values from the regression. The K
associated with this regression, .372, is, of course, just the square of the correlation ratig,
that we encountered in Chapter Five, n.) This scale can then be used in other analyse
For example, we might wish to assess the dependence of occupational status on educatio
and father’s occupational status for several nations, including China, to assess natmnal.
similarities and differences in the relative importance of achievement and ascription:
occupational status attainment.

. Mean Score on the 2Bl by Level of Education,
Chinese Maies Age Twenty to Sixty-NMine, 1998.

Level of Education Mean ISEI- M

ability, analyses including such variables often can be misleading. A way of correcting
Probiein, when measures of reliability are available, is to correct correlations for atten-
10n caused by unreliability. The Stata command -eivreg- (errors-in-variables regres-
on) does this conveniently. The analyst supplies an estimate of the reliability of each
ariable, and the command makes the adjustment and carries out the regression estimation.
N0 ecstimate is supplied, the variable is assumed to be measured with perfect

ERRORS-IN-VARIABLES REGRESSION

As noted previously, unreliable measurement generally produces weaker measured efl feC_
Thus when variables are measured with differential reliability, the multivariate structure of
relationships can be substantially distorted. Because attitude variables often have po
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. The effsct of adjusiing for differential reliability is dramatic—the coefficient associated
ith religiosity increases by 54 percent. In addition, the coefficienis associated with
ceeptance of therapeutic abortion and with income increase slighily, and the coefficient
associated with acceptance of abortion for personal preference reasons decreases slightly.
Thgse results indicate clearly how the relative effects of variables in 2 multiple regression
an be distorted if the variables are measured with differential reliability, as these are.
ecall that the reliabilities of the religiosity, therapentic abortion, income, and personal
feference abortion measures are, respectively, .66, .78, 80, and .93.)

© Note that with one exception, all the coefficients are about what we would expect:
olitical conservatism increases with religiosity, with income, and for non-Blacks, with
uthern residence (althongh this last effect is only margmnally significant) and decreases
< acceptance of both kinds of abortion increase. The unexpected result is that acceptance
'3 therapeutic abortion is a much stronger predictor of pelitical conservatism than is
éc’eptance of abortion for personal preference reasoms. From the analysis I presented
ailier showing that acceptance of personal preference abortion is more strongly pre-
dx'f':ted bv education and religiosity than is acceptance of therapeutic abortion, [ would
save expected the opposite result. However, upon reflection, it is evident that the effect of
ititudes regarding personal preference abortion is muted by the inclusion of the powerful
gligiosity variable in the model.

To show how this procedure works and what consequences it can have, T here presery
an analysis of the effect of abortion attitudes and religiosity (the three scales created pre
viously) plus race, region of residence, an interaction between race and region, and the
natural log of income on political conservatism.

From the previous analysis we have the reliability of the three scales. I take the relj
ability of the income measure, .8, from Jencks and others (1979, Table A2.13) ang-
assume that race and region of residence are measured without error. Table 11.7 shows
the results of OLS estimation without correcting for unreliability of measurement, angd-
errors-in-variables estimation that does correct for unreliability. Because -eivreg.
does not permit correction of the standard errors for clustering and requires aweights (or
fweights), T carried out both conventional and errors-in-variables regression with thege'_'f
specifications.

B b Costficients of a Model of the Determinants of Political
Consematusm Estnmated by Conventional QLS and Errors-in-Variables
Regression, U.5. Adulis, 1984 (N = 1,234).

Conventional OLS Errors-in-Variables
b 5.e. p b 5.8. P

WiHAT THIS CHAPTER HAS SHOWN

this chapter we have seen why multiple-item scales are advantageous: they improve
fabality of measurement, We have considered two ways to construct such scales that go
vond simple counts of the kind used in previous chapters. In this chapter we focused
rimarily on factor-based scaling, which provides a means of purging a scale of items
t do not reflect the same underlying dimension as the remaining iterns or that reflect
ther dimensions in addition to the main dimension. We also considered effect-proportional
caling, which is useful in establishing a metric for a set of categories by scaling the iterms
-ording to their effect on some criterion variable. Finally, we considered two exten-
ns of OLS regression: errors-in-variables regression, which corrects regression coeffi-
nts for attenuation caused by unreliability—something that can alter our substantive
1clusions when variables in a model are measured with differential reliability; and
eéringly unrelated regression, which provides a means for comparing models with
ifferent dependent variables but (at least some of) the same independent variables.




HAT THIS CHAPTER 15 ABOUT

sg-linear analysis is a technique for making inferences about the presence of particular
ationships in cross-classification tables. The first three chapters of this book were
oted to percentage tables. In those chapters we spent considerable time on cross-
bulations, developing rules of thumb for deciding how large a difference between two
eicentages had to be before we were willing to take it seriously, how to detect interac-
ons among variables, and so on. Log-linear analysis provides a way of formalizing the
‘analysis of cross-tabulations, permitting an assessment of whether relationships observed
in a cross-tabulation constructed from sample data are likely to exist in the population
rom which the sample is drawn and also providing a way of describing the relationships.
this chapter we first consider how to fit a log-linear model to multiway tables, to get
e mechanics straight. We then move on to more parsimonious models for two-way
fables, using the study of intergenerational occupational mobility as our main substantive
‘example, although these techniques can be applied in many other contexts as well. Addi-
ional expositions of log-linear apalysis can be found in Knoke and Burke (1980} and in
‘Powers and Xie (2000, chap. 4). This chapter draws heavily on Powers and Xie.
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INTRODUCTION

In one sense the model fitting aspect of log-linear analysis is nothing more than 5 gene
alization of the X~ (ch1 square) test for the independence of two variables. Recall thye: 1
the usual (Pearson) X~ test, the observed frequencies in each cell are contrasted wigh.
model of perfect independence, in which the expected frequencies in each cell are Slmply
the product of the marginal frequencies divided by the total number of cases in the pja
The size of X* then depends on the extent to which the observed frequencies d.epa
from the frequencies expected from the model of independences,

This approach can be generalized tc more complex relationships, albeit with a Change-
in the formula. For a bivariate freguency distribution we can wrile & general formula fop
expected cell frequencies:

. Fregusncy Distribution of
Program by Sex in a Graduate Course,

hale Female Total

I\/laha_g‘_er’ne_ht'_- S ::ﬁ .;- 11 : 1000 _ 12_.:

;= nr TiTi (12-?} Now suppose we take the natural log of both sides of Equation 12.1. This gives us

where 7 (eta) is the geometric mean of the cell frequencies (the geometric mean of In(F,) = In(prfri 7}
values is the kth oot of their product); 7 is the “effect parameter” for the ith category’
of the X variable (7 is pronounced “tau”); fr is similarly defined; and Tff Y is the effect
parameter for the “interaction” of the ith cateﬂory of X and the jth category of 7.

(12.2)
= In(n) + In(r{) + In(r}) + In(rf¥

hich has a log-linear form—that is, the left side of the equation is a linear function of
& Iogs of the quantities on the right side of the equation—hence the term, [og-linear
In Log-Linear Anaﬂysas “Interaction” Simply Means
YAssociation”™  Note that in the log-linear literature “interaction” is the term for
what is called "association” in the older literature on cross-tabulation tables. it is hortant to rec-
ognize that it is not the same as what is called an interaction in both the older tabular literature
and in the literature on multiple regression. In those literatures “interaction” refers to the situ-
ation in which the relationship between two variables depends on the value of one or more
other variables.

- Equation 12.2 i3 sometimes (for example by Leo Goodman [1972, 1043], one of the
ereators of the method) expressed as

Gy = 0+ N+ A + 20 (12.3)

where the As {lambdas) are (natural) logs of the T’s, € (theta} is the log of 7, and fo is the

fog of F. An alternative notation, used by Powers and Xie (2000, 107), is

E - R ¢ RC
The relationship expressed by Equation 12.1 can be shown to hold when the s ae Infyy = In{7) + In(r") + Int7y) + Infry™)

defined as functions of odds ratios (see Appendix 12.A). The odds of an observation being
in a given category of a variable are just the ratio of the frequency of observations in the
category to the frequency of observations not in it. Thus in a class of 20 men and 10
women, the odds of a student in the class being a man are 20/10 = 2:1 (*two to one”).

Analyzing the data in Table 12.1, we see that the ratio of the odds of being a letters
and science (L.S) student, given that one is male, to the odds of being an LS student, givea
that one is female, are (3/11)/(%/1) = 1:11. So men are one-cleventh as likely to be LS stu-
dents as are women (and, of course, women are eleven times as likely to be LS students
as are men). Odds ratios vary around unity; if the odds of being an LS student were the
same for males and females, the odds ratio would be 1.0. An odds ratio of less than 1.0'
indicates, in this case, that the odds of being an LS student are smaller for males than for’:
females whereas an odds ratio of greater than 1.0 indicates that the odds of being an LS
student are greater for males than for females. '

P rC (12.4)
= pt +nu’j Jrrufj

where (4 (mu) = In(), and so on. An even more conveiient notation, which we also will
e, is [X Y1, which implies that the model of interest includes the explicitly specified
teraction and all of the lower order effects. This is sometimes called the fitted marginals
nofation. Equations 12.1 through 12.4 can easily be generalized to more than two
driables, as we will see in the following section.

HOOSING A PREFERRED MODEL

In Hquation 12.1 the observed cell frequencies, f are exactly equal to the predicied
cell frequencies, F, and thus are perfectly predxcted because all possible effect parame-
te:s are present in the model. Hence Hquation 12.1 is known as a safurated model.
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Such models are, bowever, generally of little interest. Ordinarily we would search for a
simpler representation of the data, in which some of t%lie parameters are assuied to be 1.0
(or in log form, 0)—that is, in which some of the possible effects are absgnt. In'such cases :
cach F. represents the frequency in the ijth cell that we would expect %f the model wer
trise (a;d of course each G, represents the nataral log of ’the expected frequency). )
There are two basic approaches to the task of choosing a ‘preferred. r:nodel, The mote
common is to engage in relatively atheoretical “data dredging,” positing Succesiwe}_x--
more complex models until we geta reasonably glgse fit to the data. (I- use the term “relg:
#ively atheoretical” because virtually all analysis is mformed b_y sorne 'n..dea, no matter hOW"
implicit or how vague.) The second approach, which I prefer, is e?(phclﬂy to test hygothg-. :
ses by estimating and comparing models that represent c(_)mpetmg hypotheses. It is the_:
latter approach that constitutes a formalization of our previously encountered procedures_:
for interpreting percentage tables.

Because for the simplest model we estimate only 7, we have three remaining (residual}
Jegrees of freedom. As expected, the fif to Table 12.1 is poor: I* = 10.96, which implies
that the observed distribution would occur by chance only about 1 percent of the time if
e cells sizes were equal in the population (precisely, p = .012). 5o we conclude that this
Jodel does not fit the data; that is, we reject the null hypothesis that the cell sizes are
aqual. (For details on how (o estimate such models, see the worked example on anticom-
wunist sentiment later in the chapter and alse the downloadable files “chi2_1.do” and
712 _1.Jog™)
{To be sure, the “population” in this example 1s problematic because we are presum-
1y studying the characteristics of all individuals enrolled in a particular course and
fance might think of these individials as constituting the population rather than a sample.
Gwever, we might regard the individuals envolled in the course at any given time as a
ﬁ{ple of all possible sets of individuals ever enrolled in the course, and hence general-
- from the particular set of observations to what we might expect “for this course over
: long run” or for “courses like this.” This sort of use of statistical inference is in fact

ite common 10 research practice (see the discussion of the concept of superpopulation
Chapter Sixteen).

Model Selection Based on Goodness of Fit |
1ot us first work through the data-dredging approach, usipg the data from Tabie 12.1. Ti‘lg.
simplest model for a two-variable cross-tabulation posits an equwal number of cases in
every cell, in which case £, = 7 for all i (becausel the odds .ratlos, a}nd hence the 775,
would all equal 1.0). Although simplest, this model is not very interesting, because equial
cell frequencies are rarely substantively plausible. Nonetheless.we can )t;st k‘:\lfhether tg:s
model it the data (withih the Firhts % S_)alml‘mg erion) by estimating &, Shon e i? Deﬁﬁ@& it can be shown that 12 is minus twice the difference in the log likeli- @;7
fkeliiood ratio 1 or 1 St 25 e devianee hoods for restricted and unrestricted models, where the unrestricted model is, unless other-
wise indicated, the saturated model. (See Appendix 12.8 for a brief infroduction to maximum
likelihood estimation and a definition of the likelihood.)

i

£

i=1 j=1

where £ is, as noted previously, the expected frequency of the ijth c§11 under a given nl};}l
hypothegis, f,1s the observed frequency of the fjth gell, and the sum 18 over all cells in t g
table. (The usual X° statistic also can be used to estimate the goodness ozf fit oflaltemanve
models, and L? and %* are asymptotically equivalent. Advantages of L ar;aldls.cuslsed_l
Bishop, Fienberg, and Holland 1975, 57-62.) Under the null hypothesis, itis dlstnbutfz.
approximately as x* with degrees of freedom equal to the ngmber ot." nonredundant para}i%
eters set to 1.0. Four independent parameters can be estimated in a two-by-two tabk
(because for dichotomous categories the odds of being m cat?gory one rather than ct;tg
gory two are necessarily the reciprocal of the odds of bel_ng in category two réther an
category one, and the same is true of the conditional odds in two-by-two tables):

Next we might test the possibility that the two variables X and Y are independent, so
the cell freguencies are simply a function of the marginal distributions. We would
& this: [X][Y]. In this case we are estimating three parameters: 7, 7, and 77, Only 7
10 1.0, so we have 1 degree of freedom. In this case I? = 6.35, so once again the fit is
p = 012, only coincidently the same as for the previous model), indicating that
e is an association between X and Y—we cannot predict the cell frequencies simply
i the marginais.

To obtain a good fit in this example, it is necessary to estimate all four parameters, which
p all degrees of freedom (and hence, as we have noted, ensures a perfect fit). We write
XY]. Note that in this exposition we are dealing with hierarchical models, which

7 _ that every higher-order relationship implicitly contains all lower-order relationships.
=1 [ 7% ce [XY] = [niIXIY]XY]. We will return to this point later in the chaptezr.
S0 far we have done nothing that could not be done with the usual X” test for inde-
= /7 4
i 2

ce. However, the same procedures apply to cross-tabulations containing more than

’FIXJY _ Té(zy —1y ,j_lxzy =1 Variables, and also to polytomies as well as dichotomies. Consider Table 12.2,
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Frequency Distribution of Level of Stratification by Lave}: BModels of the Relationship Betwesn Technology. Political

of Poilticai integra‘twn and Level of Technology, in Minety-Two Sorcisties,

No Metalworking Metahworking at Least“
-_—
Stateless State Stateless State

Source: Computed from Murdock and Provost (1973).

a cross-tabulation of level of stratification by level of political integration and level of =
technology among ninetfy-two societies.

In the data-dredging approach to log-linear analysis, it is common to posit an mmal e
or bhaseline, model of complete independence among the variables in the table—in the
present case the model of no association between technology [T], political integration"
[P, and stratification [5]. We do this by fitting the model [T][P][S]. For this model, I? =
84 .68, with 7 degrees of freedom; the goodness-of-fit statistics for this model, and severa
others, are shown in Table 12.3. Clearly, this model does not fit the data (p < .0000), by
we will nonetheless make use of it momentarily.

We might next posit an association, or interaction, between level of political 1ntegra~
tion and degree of stratification and assume that neither of these variables is related to the
level of technology. That is, we fit [T][P8] (Model 2 in Table 12.3). This model posits:
that the observed cell frequencies can be accounted for (within the limits of sampling
error) by the univariate distribution of level of technology and the bivariate distribution
of the degree of stratification and the level of political integration. Estimating this model..
yields 17 = 41.54, with 5 d.f. g

Although the large I” tells us that the model does not provide an accurate fit to the
data (p < .0000), we might still want to know whether the prediction is improved rela
tive to the baseline model of complete independence. To see this, we subtract one L
from the other and similarly subtract the degrees of freedom, and then we get the
p-value associated with the new IL? and new d.f. It also is common to show the 1.? for
each of the subsequent models as a proportion of the 12 for the baseline model, L;, and
to show the index of dissimilarity, A, between the observed frequencies and the frequen
cies expected under the model, and also BIC. The differences in these measures can be
computed as well; the differences between Models 1 and 2 are shown in the penultimate
row of Table 12.3. All of these computations provide information on the goodness of fit -
of the models and the improvement in goodness of fit realized by positing successive
elaborations of a model.

[TRITSIPST:

*This is the probability for 12 = 43.14, with 2 d.f 1t can be cbtained from the complement of
the probability returned by the Stata -chi2- function.
EFor BIC we reverse the sign after subtraction so that a negative BiC indicates an improvement in fit.

Because the probability of I = 43.2, with 2 d.f., is less than .0000, we conclude that
_positing an association between political integration and stratification significantly
mproves the fit of the model. Similarly, the difference in BIC tells us that the second
-model is much more likely than the first, given the data (although neither is as likely as
the saturated model because both BiCs are positive).

We can get a quantitative estimate of the extent of improvement in the fit of a model
'_ﬁ'om the two remaining sets of coefficients. From the ratio of the i*s, we see that positing
_an association between the degree of stratification and the level of political integration
:reduces the lack of fit of the model to the data by about half relative to the baseline model
-of complete independence among the three variables.

Finally, from the rightmost column of Table 12.3 we note that the model of complete
independence misclassifies abount 42 percent of the cases in the table (that is, 42 percent
of the cases would have to shift catégories for the expected distribution to be identical to
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mé information obtained from the I? and BIC conirasts of Models 7 and 8, we see that
Model 7 is to be preferred.

* The real value of BIC is in the comparison of models for very large samples because
wﬁen the sample is large, often no model (except, of course, the saturated model) fits the
dafa by conventional standards. When that happens, BIC is of great use in helping us
choose among models, For this reason BIC has become the conventional method for.
assessing alternative models in log-linear analysis. An additional advauntage of B/C, noted
i Chapter 5ix, is that it can be used to compare nonnested maodels.

the observed distribution—recall the discussion of the Index of Dissimilarity, A
Chapter Three), whereas the second model misclassifies only 30 percent of the caseg.

Because model [T}{SP] does not fit the data well, we would evaluate still otfjer
models, searching for the most parsimonious model that does fit well. Table 12.3 showg
goodness of fit statistics for eight models (all the logically possible models excepr the
samurated model and the model that assumes all celis have the same frequency). Conting.
ing to examine the coefficients in Table 12.3, we see that Model 7, [TS][PS], fits the daja.
quite well. This model posits that both the level of technology and the level of politicy)-
integration are associated with the degree of stratification but that the level of technolegj};
and the level of political integration are unrelated, net of their association with stratificy.
tion. It misclassifies only about 5 percent of the cases in the table and also reduces thé-
baseline L2 by 97 percent (= 100%(1.0 — 0.03)). :

Although Model &, which posits that each pair of variables is associated, prowdes an
even betier fit, it might be argued that it overfits the data. The penultimate model, {TS1{PS];
fits nearly as well and would be my choice as the final model on the ground of parsimoeny,
especially because the improvement in fit between Model 7 and Model 8 is not significant
(2.94 — 4.60 = 2.34; p = .126). i

Note that the nse of tests of significance in this context is the opposite of their usuaj
role as a decision rule for rejecting a null hypothesis; here we want to decide whether to
accept a null hypothesis; that is, a model. Accordingly, we would like to minimize Type
Ii (3) error (the probability of accepting a null hypothesis when it is false) rather than
Type T (o) error (the probability of rejecting a null hypothesis when it is true}. Unfortu-
nately, there is no direct way to do this, and so'we must seitle for a computation of Type
I error. A useful rule of thumb is to accept a model if ¢ is greater than 0.2. However, the
larger the sample size, the smaller & will tend to be, so for very large samples we may
wish to accept a model even when ¢ is quite small. As we will see momentarily, BIC
offers an alternative and more satisfactory method of model selection.

One additional coefficient is shown in Table 12.3, BIC, the Bayesian Information
Criterion (Raftery 1986, 1993a, 1995b), which we first encountered in Chapter Six:
Recall B1C’s definition:

Theory-Based Model Sefection

ie second approach to model selection is to contrast models that represent alternative
h‘y?pothese&. about relationships among variables—that is, to do theory-driven rather than
datd dredging model selection. For example, we might ask whether the association
tween the degree of stratification and the level of political integration can be explained
by their mutual dependence on the level of technology. If the answer is yes, we would
pect [TPI[TS] to fit the data, because this model implies that the observed frequencies
in the table are generated by an association between technology and political integration
d an association between technology and stratification in the absence of an association
Between political integration and stratification. As we see in Table 12.3 (Medel 3), this
model does not fit the data, becanse L? = 21.88 with 4 4.f (p < .000). Hence we reject
: e hypothssis.

Eﬁ‘ect Parametors

As is shown in Appendix 12.A, the parameters associated with the interaction terms in
log-linear models (for example, 7 XY in Haguation 12.1) can be interpreted to indicate the
direction and strength of associations in cross-tabulation tables. Note, however, that
the parameters for two-way interactions involving dichotomies are shown relative to
geometric means of the expected frequencies. When more than two-way interactions or
more than two categories are involved, the interpretation becomes more complex.
Moreover, by default Stata uses a “dummy-variable” parameterization. When a dummy-
variable parameterization is used, the parameters for two-way interactions give the odds
ratios (or log odds} for the specified categories relative to the reference categories.

* Because the effect parameters are not very straightforward, most analysts use log-
linear analysis to test hypotheses about the presence or absence of particular associations
(interactions) in the table but then discuss the table in terms of percentage differences,
which are much more familiar to ordinary readers. This is particularly so when the soft-
ware used to estimate the models shows the parameters in duremy variable form—that is,
as deviations from an omitted category that is set (o 0 in the log form or to 1.0 in the mul-
tiplicative form—Dbecause coefficients expressed in dummy variable form are difficult to
interpret in the log-linear context.

: My recommendation is that you use log-linear modeling when you want to test
Specific hypotheses about relationships in cross-tabulation tables, because it is an
extremnely powerful tool for deing this job. However, once you seitle on a preferred

BIC = -2(In(B)] (12.7).

where B is the ratio of the (unknown) probability of some model, M, being true to thé'_;
{unknown) probability of the saturated model being true, given the data. For log-linear .
models, BIC is estimated by '

—{df)n(V)] (12.8) .

where L2 is the likelihood ratic X for Model A4; d.f. is the residual degrees of freedom for |
Model M, and N is the number of cases in the table. When BIC is negative, Model M is -
preferred to the saturated model. When several models are compared, the model with the -
most negative BIC is most preferred because it has the greatest likelihood of being
true given the data. Here, Model 7 is more likely than Model 8 given the data. Combining B
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: Frequency Distribution of Whether "A Cormmunist Should
. Aiicwed i Speak in Your Commuunity” by Schooling, Region. and Age, U.5.
dults, 1977 (N = 1,478).

: ©. Percentage Distribution of Expecied Level of Stmtufﬂtatmn
by Level of Political Integration and Level of Technology, in Ninety-Two
Societies (Expected Frequencies from Model 7 Are Percentaged).

Mo Metalwaorking Metalworking at Least Communist Speaker {{}

Region (R} schooling (5) Allow Mot Allow

Stateless State Stateless State

model, [ suggest you inferpret either the observed distribution or the expected distribu:;
tion implied by the model. The point of percentaging the expected rather than the observed
frequencies is that unsystematic variability is removed; however, you should be sensitive
to the possibility that deviations of observed from expected cell frequencies may reveaI
relationships not adeguately captured by the model.

Table 12.4 shows the percentage distribution of level of stratification by level of
political integration and level of technology implied by Model 7, which posits an associa:
tion between the level of technology and the degree of stratification and between the level
of political integration and the degree of stratification bul not between the level of tech-
nology and the level of political integration. Because the model fits well, the distribution”
of expected percentages closely parallels what we would have found had we percentaged
Table 12.2. As we see, within levels of technology, state societies tend to have more com-
plex stratification systems than stateless societies and, within levels of political integra-
tion, societies with metalworking technology tend to have more complex stratification:
systems than societies lacking metalworking technology. (One limitation of this approach
is that the marginal frequencies in the expected table generally do not match those in the .
corresponding table of observations. For a method that recovers the marginal distribu-.-
tions, see Kaufman and Schervish [1986].) '

“iQollege o107 320

ariables are dummy variables for the categories that make up the variables included in
fth_:é cross-tabulation. Although a user-written Stata -ado- file (Judson 1992, 1993) can
¢ used to do hierarchical log-linear analysis, the advantage of using ~glm- is twofold:
tetains the linear model framework, and all of the Stata post-estimation commands are
vailable. To show how to carry out log-linear analysis using the -glm- command, I
alyze Table 10 from Knoke and Burke {1980); a comparison of my results with theirs
ay provide additional insight.

Suppose we are interested in the relationship between age (thirty-nine and younger
ersus forty and older), region of residence (South versus non-South), schooling (some
ollege versus high school or less), and tolerance for civil liberties, as measured by a
uestion on whether a communist should be allowed to give a speech in your community.
multiway frequency distribution of these variables, based on data from the 1577 G585,
18 shown in Table 12.5.

Another Worked Example: Anticommunist Sentiment

The optimal way to carry out log-linear analysis using Stata is tc use the -glm- (gener-
alized linear model) comumand, which permits the estimation of a wide variety of linear.:
models. Indeed, as should he evident from Equation 12.2, log-linear analysis 1s just a spe-:.
cific case of the familiar linear model, in which the dependent variable is the natural log:
of the number of cases in a cell of a multiway cross-tabulation and the independent-

?_iaiysis Strategy The first step in carrying out a log-linear analysis of Table 12.5 is to
stimate a baseline model. Because my interest is in the effect of age, region, and school-
ig on tolerance of communists, a reasonable baseline model is [C][ARS]. That is, I fit the
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three-variable relationship among age, region, and schooling exactly, but I assume that
none of these variables is related to tolerance of communist speakers. As a second step I
posit [CA][CRICS][ARS]. That is, I continue o fit the three-variable relationship exactly
and in addition posit effects of each of the independent variables on tolerance of commiy
nist speakers (“interactions” between each of age, region, and schooling, respectively, ang
tolerance of communist speakers). If my second model yislds a good fit, T then try to sim.
plify the model by omitting specific two-variable interactions. If my second model does:
not yield a good fit, T explore more complicated models by fitting various three-variable
interactions involving tolerance of communists plus pairs of the independent variables,

written a small -do- file, -gof.do- {for “goodness of {it”}, and a terse version,
gof2.do-, to provide these coelficients; these ~do- files also are available in the packet
of downloadable files for this chapter.

The -glm- comumand works just like every other Stata estimation command, with
e exception: because it can handle many kinds of linear models you must specify which
1t of model you want, using the - family - option (to indicate the distributional form).
‘Here we want a “Poisson” model because the Poisson distribution is appropriate for count
wartables such as our dependent variabie, “count.” Specifying the Poisson family is what
akes this a log-linear model.

Invoking -gof .do- {or -gofZ.do-} after the -glm- command generates the
coefficients shown in the first line of Table 12.6. [ then repeat the process for a model that
lows A, R, and S sach to be related to C but not to interact (in the conventional sense of
‘mteraction} in their relanonship to C, that is, [ARS])[ACIRC]{SC]. These commands
yield the coefficients shown on the bottom line of Table 12.6 (Model 8). Clearly, this
odel fits the data well by all criteria, indeed so well as to suggest that a simpler model

implementation To carry out the analysis using -glm- in Stata, 1 first read in the con-
tents of Teble 12.5 as a data set, where each cell is an observation and the variableg aré
the response categories for each variable plus an additional variable that gives the coum
in each cell. T thus create a data set, call it “knoke.raw”

1 i 1 1 72 -:Ifr_;jght also fit the data well. To determine this, I estimate all intermediate models. Doing
1 1 1 . 71 yields the remaining coefficients in the table.

1 1 2 1 55 . Inspecting these statistics, we see that none of these models fits the data adequately.
1 1 2 2 22 Hence, 1 settle on [ARSIAC][RC]{SC] as my preferred model. Evidently, age, region,
1 2 1 1 161 : '

1 2 1 2 92

1 2 2 i 157 it Goodness-of-Fit Siatistics for Log-Linear Models of the

1 2 2 2 25 Associations Among Whether a Communist Should Be Allowed to Speak in

2 1 1 1 65 Your Community, Age, Region, and Education, U.5. Adults, 1977.

2 1 1 2 162 -

2 1 2 1 23

2 1 2 2 23

2 2 1 1 197

2 2 1 2 214

2 2 2 | 107

2 2 2 2 32

and then read the data into Stata with the following command:

infile a r 8 ¢ count using knoke.raw, clear

Recall that the baseline model [CIJARS] is a shorthand way of representing the model:
[CILAIRIISTTAR][AS]IRS][ARS]. Thus, T need to specify each of the terms in th
model. Because the Stata command fo create product terms for categorical variables, -xi -
does not permit more than two-way products, I take advantage of a user-written -ado
command, -deamat- (Hendrickx 1999, 2000, 2001a, 2001b), to specify the require
vartables. (See the downloadable files “ch12_1.do” and “chl2 1log” for details.) Also
becanse -glm- does not provide all the coefficients shown in Table 12.3 and produaces a
incorrect estimate of BIC (given the way I have specified the problem, -glm- counts &
cases the number of cells in the table rather than the number of people in the sample), L have.
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hanged between 1977 and 20006. If an intermediate model were preferred, you would
onclude that the structure of some, but not all, of the relationships had changed.

Expecizd Percentage {from Mode! B) Agree-
ing That A Communist Should Be Allowed to Speak in Your
Community” by Education, Age, and Region, U.5. Adults, 1977,

oing Log-Linear Analysis with Polytomous Variables

“Although the example we have worked through, regarding the civil rights of communists,
appened to mvolve only dichotomous variables, log-linear analysis is equally appropriate
or the analysis of polytomous variables. However, in this case we need to form product
erms for each polytomous variable invelving each of the k — 1 dummy variables required
o represent the k categories of the variable. To see how 1c do this, consider Table 12.8,
hich shows the frequency distribution for a four-way cross-tabulation of voting [V] by
ace [R], education [S], and voluntary association membership [M] (this is Table 3 n
“Knoke and Burke 1980). Voting, race, and membership are dichctomous variables, but
“adacation 15 a three-category variable and thus requires that we create two dummy vari-
“ables: 82 {= 1 for high school graduates and = { otherwise} and 33 (= 1 for those with at
‘Teast some college and = 0 otherwise), with those lacking high school graduation as the
mitted category.

Suppose we are interested in estimating a model in which race, education, and
‘membership all affect voting, but—as in the previous example—we do not care about the
“relationships among race, education, and membership and hence posit a three-way
‘interaction among them, which allows this part of the model to fit perfectly. Our model is

en [VR)[VSI[VMI[RSM] (note the similarity to Model 8 in Table 12.6). We would
pecify this model with the -glm- command:

Age Ragion Mo College College

Note: Cell frequencies are shown in parenthasses.

and education all affect attitndes regarding communist speakers. To see what these effects '
are, 1 percentage the table of frequencies predicted by this model. (To see how to get
these, consult the downloadable files, “ch12_1.do” and “ch12_1.1og.”") These percentages
are shown in Table 12.7. The table clearty shows that, controtling for each of the other
factors, those who are better educated, younger, and non-Southern are more likely to sup-
port the right of a communist to give a speech. In each comparison, the percentage difter-
ences always go in the same divection and are guite substantial.

The attitudes reported here are from thirty years ago, during the height of the Cold
War, It would be of interest to determine whether the same pattern holds today. To do this -
within a log-linear framework you would need to construct a second data set, based on
recent data (for example, the 2006 GSS3), to append the second data set to the first, with
an additional variable (7, for “time”), and then to assess whether it is necessary to posit an. -
effect of time (or of interactions between time and any of the two-variable associations)
to adequately represent the data. That is, you would estimate [ARS]IAC][RC] [5C], -
[ARSI[ACI[RCI[SC][T], and [ARS][ACT][RCT][SCT], and perhaps some intermediate :
models, and compare their goodness of fit. If none of the more elaborate models produced
a better fit than [ARS][ACIRC][SC], which is just Model 8 replicated for the pooled data,
you would conclude that attitudes regarding the rights of communists have not changed
between 1977 and 2006. If [ARS][AC][RC][SCI[T] emerged as the preferred model, you
would conclude that there had been an across-the-board change (presumably an increase) -
in support for the civil liberties of communists. If [ARS][ACT] [RCTYSCT] emerged as -
the preferred model, you would conclude that the stracture of the relationships between
age, region, and education, respectively, and support for the civil rights of communists

glm count r 82 83 m rs2 rs3 rm s2m 83m rs2m rs3m v vy vs2
vs3 vm, family (pocisson)

“where each of the compound variables is a product term—for example, rs2=r*s2, and
~s0 on. (See the downloadable files “ch12_1.do” and “chlZ_1.log” for the specification of
~additional models and for the output. Note especially how I use Stata “macros” to reduce
“the tedium of specifying very long commands such as the one just shown. Using the mac-
“ros also provides the great advantage of minimizing the chance of error.)

Doing Log-Linear Analysis with Individual-Level Data

- So far we have seen how to carry out Jog-linear analysis from existing tabular data. How-
“ever, we more commonly are in the situation of working with a data set consisting of
- individual records from a sample survey or census. Thus we need a way to carry out our
" analysis starting from unit-record data. This is casy to do in Stata, by using the -collapse-

~ command. (Downloadable file “ch12_1.do” shows the details; see also “ch12 1log)

PARSIMONIOUS MODELS

“ Thus far we have dealt with models that posit a global association, or absence of global
" assoclation, between combinations of variables. Often, however, we would like to test
- particutar hypotheses regarding the structure of cross-classification tables—that is,
- whether tables can be described by relatively simple models that generate the observed
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table as a function of a set of u parameters. From Equation 12.4 we can write an expres-
sion for the log odds ratio of the expected frequencies for cells formed from any pair of
zows (i and ') and columns (j and j'} in a two-variable table:

y “.  Freguency Distribution of Yoting by Race, Education, and '
Vpluntary Association Membership.

Race Education Membership Voted Bidn't Vpta Foir. o
- glcg iy
Jogh = JOgmtff;%{T = ]OgF..,_F.,J. = log F,; +log F,; —log £, — log Fy;
) vy gory

_ R C RC R C RC
=t pt tpy gt (et opd o) (i2.9)

L e D T R TR N N Ty

= RC RC BC RC
JLLij 'uf’j’ ’u‘ij’ -“’r"j
Qneormaore.:

When dummy-varizble coding is used, as in Stata’s-glm- command, and i’ and ;' are the
referepce categories, the right side of Equation 12.9 simplifies to ,u{f €, which makes clear
that the interaction parameters represent the log odds ratios for each cell relative to the
omitted categories (ordinarily the first row and first column).

¢ (Mote that to uniquely identify the coefficients, it is necessary to impose constraints.
Two different constraints, or “normalizations,” are typically used. One is effect coding
sed in Equation 12.6 and Appendix 12.A], which expresses coefficients as deviations
from the grand total by requiring that the log-form coefficients for each variable sum to
zero. The other constraint, dummy-variable coding, codes one category [in Stata, the first
category] of each variable as zero,)

In the fully saturated model there i1s a unique coefficient for each cell of the table
except, with dummy-variable coding, the cells in the first row and first column. This
model can be represented by the following design matrix (for a seven-by-seven table):

1 I 1 i 1 ! 1

1 2 3 4 5 6 7

AR DT S R Rt 1 8 9 10 11 12 13
Source: Adapted from Knoke and Burke {1380, Table 3. 1 i4 15 16 17 18 19 = fuli_dm

1 20 21 22 23 24 25

i 26 27 25 20 30 31

H 32 33 34 35 36 37

pattern of frequencies in the table. The development of such models to describe patterns
of intergenerational occupational mobility has been a lively enterprise over the past thirty
years or so, but the formal models developed in this context have applications far beyond
the study of social mobility (for example, Radelet and Pierce 1985; Schwartz and Mare
2005 Roberts and Chick 2007; Domanski 2008). Still, it is convenient to illustrate these
models in the context of mobility analysis. (See downloadable files “ch12_2.do” and
“ch12_2.Jog” for details on the Stata procedures used to estimate the models in the
remainder of the chapter.)

Tt is helpful to begin by deriving a general expression for log odds ratios. Recall
Equation 12.4, which gives the natural log of expected frequencies for a two-variable

Note that a design matrix is simply a variable, with one value per cell, that imposes
equality constraints on some subset of cells—all cells with the same value are constrained
to have equal coefficients. This design matrix specifies that all the coefficients for the first
row and first column are equal; in fact, they are (implicitly) zero by virtue of the dummy-
variable coding. Nove of the remaining coefficients is constrained to be equal. This model
uses all the available information, and the observed counts in each table are fit exactly.
Note that in Stata’s -glm- command, the specification

- xl:glm count i.X i.Y i.full dm, family(poisson)
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s only marginally significant. Given the relatively large size of the sample, T am inclined 1o
"~ focus on the BIC rather than the p-value and conclude that the first condition is satisfied.

To test the second condition, 1 contrast a model (call this Model B} that omits the inter
“action between sex and father’s occupation—that is, [SR][FR]-—against Model A, The sub-
 stantive argwment for this is that in China, where almost all women are in the labor force,
we should expect no difference in the distribution of father’s occupation for employed men
“and women. To contrast the two models, 1 take the difference in the £? and the difference in
fhe degrees of freedom to get the p-value for the improvement of goodness of {it resulting
“from the addition of [SF] and also get the difference in BIC values. Alithough the fit of
Model A is significantly better by classical standards (p = 019 [L;— L} = 67.18 — 52.03
=15.15;df, — df, = 42 — 36 = 6]), Model B is more likely given the data (BIC, — BIC,
= —2859 — [—250.6] = —35.3). Again, I am inclined to put more weight on the BIC dif-
“ference and conclude that the second condition is satisfied. Thus 1 am willing to pool men
~and women for the subsequent analysis, which effectively doubles the sample size.

i Table 12.10 shows the coefficients for the saturated model (see “chl10 2.do” to see
“how these coefficients were computed using Stata). As we have seen, these coefficients
are not readily interpreted directly. However, in the present case it may be of interest to
- contrast particular cells in the table. For example, we might ask about the relative chances
-of the child of an agricultural worker becoming an agricultural worker instead of a man-
al worker compared to the corresponding odds for the child of a manual worker. From
quation 12.9 it is evident that the log odds ratio can be computed as

. Freguency Distribution of Occupation by Father's
Oeoupation, Chiness Adults, 1936,

Father's Occupation Respondent’s Occupation in 1936

When R Age 14 prof. Cadre Cler. Sales Ser.  Man. Agric.  Total

765 4,501

logh = uff + ngs — nis — ufy
= 2.756 +1.567 — 1.088 — .80
= 2.434 (12.10)

2

produces results identical to the usual way of specifying the saturated model:

‘which implies that the relative odds are 11.40 (= >34}, that is, the children of agricul-
“tural workers are more than eleven times more likely to become agricultural workers
:__ihemselves, rather than becoming manual workers, than are the children of manual work-
rs. Similarly, the odds that the child of a professional will become a professional instead
{ becoming a cadre, compared to the corresponding odds for a child of a cadre, are

®i:glm count i.X*i.Y,family(poisson)

That is, -~glm- creates a design matrix like that of “full_dm” when the interaction is
specified. :

For the sake of concreteness, let us consider some real data. Table 12.9 shows the bivari-
ate frequency distribution of respondent’s occupation by father’s occupation, for my 1996
Chinese sample (used in several earlier chapters and documented in Appendix A). Although
it is customary to analyze the mobility of men and women separately, | have pooled men and
women to increasc the sample size. My justification for doing this is that the data more or
less satisfy Powers and Xie's two conditions for collapsibility of a three-way table mnto &
two-way table: that the three-way interaction is zero and that one of the two-way interactions,
involving the variable to be collapsed is zero (Powers and Xie 2000, 133-135).

To test the first condition, { contrast a model (call this Mode! A) that posits that, net of the
marginals, the father-respondent mobility pattern is the same for men and women (that is,
[SF1[SR][FR], where § = sex, F = father’s occupation when the respondent was age
fourteen, and R = respondent’s oceupation in 1996) against the saturated model. Because
the saturated model fits perfectly, this amounts to assessing the fit of my posited model. Tt fits
fairly well: L2 = 52.0 with 36 d.f, which yields BIC = —251; A = 2.4; and p = .041, which

log = pfie + pBf — pfC — pf
=0+.627-0-0
= 627 (12.11)

:_'which implies that the relative odds are 1.87 (= ¢*%"). Clearly, in China {as elsewhere)
the “inheritance” of farm occupations relative to inflow from the children of manual

'.':ffvorkers is much stronger than the inheritance of professional occupations relative to
__mﬂow from the children of cadres.

Topological, or Levels, Models

"_:Having shown how to interpret the interaction coefficients, I next address whether the
-table can be simplified. In particular, given the lack of differentiation between sales and
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service workers in the Chinese economy, I suspect that these two categories might rea-
conably be collapsed into one. To determine this, [ specify a design matrix that forces the
cells involving the fourth and fifth row and fourth and fifth column to be identical:

1 1 1 1 1 i 1
1 2 3 4 4 5 6
1 7 8 9 9 10 11
1 12 13 14 14 15 16 =ss dm
1 12 13 i4 14 15 16
1 17 18 19 19 20 21
1 22 23 24 24 25 26

Because this model fits well (L* = 16.06, with 11 d.f—becanse only twenty-five of the
thirty-six nonredundant coefficients are estimated—which vields p = .139; BIC = —76.5;
and A = .53), T conclude that a six-by-six table captures the intergenerational mobility
pattern about as well as a seven-by-seven table. I thus carry out the subsequent analysis
for the six-by-six table.

. I you exploit log-linear models for no other purpose, you should keep in mind this
partlcular application and use it whenaver you are trying to decide whether to collapse
categories of a table. The procedure just described provides a rigorous basis for deciding
whether it is possible to combine categories of a table without significant loss of
information.

* More generally, the specification of particular cells of a table as having identical
coefficients (that is, as forming “levels”) permits exploration of a wide variety of models
{for examples, see Hauser 1978, 1980; and Erikson and Goldthorpe 1992b).

Quasi-independence Models

- Sometimes the claim is made that if people are able to free themselves from the social
class defined by their father’s occupation, their social origins are no longer connected to
their destinations—that is, the “off-diagonal” cells of the table are independent. To test this
typothesis (on the collapsed six-by-six table), I specify a design matrix that exactly fits the
diagonal cells of the table but otherwise forces all interaction parameters to be identical:

= diag_dm

pomd bt g =t e B
ek e i LD
= et e B el e
— s U e e el
™ A B il e S
B e e e N s ]

.-As we can see from the first row of the second panel of Table 12.11, this model is a huge
improvement over the independence model, which is the baseline model in Table 12.11.

Although it does not fit by classical standards, it is more likely than the saturated model and
: 'Only misclassifies abount 2 percent of the cases. Still, other models might fit even better.
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; : : Goodness-of-Fit Statistics for Aliernative Models "'Quasfﬂ Symmetry Models
i ! Ocoumational Mobility in China (5ix-by-Six Table). . . ) ’ o ] o
of Intergenerationa » y ‘An important issue in social mobility research is whether, net of any shift in the
marginals, the relative odds of npward and downward mobility between correspond-
ing categories are symmetrical. The following design matrix specifies this mode! for

“the six-by-six table:

p BIC L2/ A

2 1 1 1 1 1
1 3 8 9 10 11
1 8 4 12 13 14 = gi_dm
1 9 12 5 15 16
110 13 15 6 17
11 14 16 17 7

‘As we see in Table 12,11, this model fits slightly better than the quasi-independence
‘model by the likelihood ratio standard but not nearly so well by the BIC standard.
skingar-Dy=linear;: 5 )

CISE| +-uiaa'hukcuﬁ Crossings Models

e ‘Suppose we were to take the occupational categories in our six-by-six table as represent-
ing social classes, with boundaries that constitute barriers to mobility. Suppose farther
that, in an analogy to movement across physical space, it is necessary to “cross” each bar-
rier between adjacent classes to achieve mobility between nonadjacent classes. We can
‘represent this model (following Powers and Xie 2000, 117) as

ROW. antﬁco!u_mr@"eff_'é'cts‘ I_I_'('_RC_)_ L

Diagonal cells fitted exactly

= m R O RC
B =TTy (12.12)
where
i-l
v, fori>j
u=j
11
vEC = |11w, fori<j
u=i
& fori=j

This specification implies the following interaction parameters for the cells of the six-by-six
table (with the diagonal ceils fitted exactly):

é";’1 Vl VIVZ VIVZVS VIV2V3V4 V]V2V3V4V5

V'I g2 \EjZ VZVS V2V3V4 V2V3V4V5
LAY v v AY, V.V Y
“Row. and: column effects §.:, 1%2 2 3 3 3V4 3VyYs
ROW_AnGLCOIUIn El1ECS 2 VAR V.V, v, £, v, v,V

V1V2V3V4 V2"”3\"15« V3V4 V4 iﬁ VS

VIV VLV, Y, VYV AYRY

172737473 2737475 3°4°5 V4V5 VS g(z
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These parameters can be estimated by summing six design mairices, one for eaéh:

crossings parameter plus one for the diagonal design matrix (diag_dm), and taking -

antilogs. The corresponding model that does not fit the diagonal exactly is estimated iy

the same way except that the diagonal design matrix is omitted. Here are the five design

matrices for the crossings parameters:

gr111t gorti1i 000111 000011 000001
100000 001111 000111 000011 000001
1000060 1106000 000111 000011 0006091
100000 116000 111000 000011 000001
100000 110000 1110060 111100 000001
100000 110000 111000 111100 111110
crl_dm crz__dm ct3 dm crd_dm cr5_dm

As we see in Table 12.11, the crossings model fits better than any of the other models we: :
have reviewed so far. Interestingly, fiting the diagonal cells exactly degrades the fit

slightly by the BIC standard, presumably because moving between the diagonal and off-

diagonal cells is captured well by the crossings parameters, and the additional degrees of

freedom used by fitting the diagonal exactly are penalized by BIC.
The crossings parameters for the simpler crossings model are

v,=  —0.138
v, = 0.002
v,= —0203
v,= 0228
v, = —1.033
Clearly, by far the most difficult transition (crossing) is between farm and nonfarm

occupations (specifically, manual occupations); this is true everywhere, and China is no
exception. Interestingly, the least difficult transition is between cadre and clerical
occupations. Again, this is no particular surprise, because in China no sharp distinction
is made between clerical and administrative tasks and the best and the brightest of the
clerical staff are often tapped to become cadres. The known intragenerational mobility
pattern may well carry over to intergenerational mobility, with clerical positions scen as
reasonable starting points for the children of administrative cadres and cadre positions
as attainable upward mobility goals for the children of clerical workers. Finally, this
result could be due to the fact that the analysis here combines males and females. It could
well be that the daughters of cadres disproportionately tend to become clerical workers.

Uniform Association Models

When the categories of a table are ordered, it is possible to estimate more parsimonious
models than are available for nominal categories. The simplest such model assumes that

Log-Linear Analysis 227

the difference between each pair of adjacent categories is equal, so that the scale for each
yariable can be represented by consecutive integers. That is, the model is

log Fj, = o+ uf + p§ + Bij (12.13)

-where the strength of the association between the row level and the column level is
indexed by §. From this it follows that the log odds ratio between row categories ¢ and i’
and column categories j and j' is just

log = O — i'Wj — ) (1214

Table 12.11 shows goodness-of-fit statistics for the uniform association model with
sand without the main diagonal fitted exactly. As vou see, when the diagonal cells are not
fit exactly, the uniform association model fits very badly. The reason for this is siraple:
people disproportionately tend to remain in the same occupation category as their fathers.
This tendency is captured by fitting the diagonal cells exacily but is ignored otherwise.
“For this reason none of the association models shown in Table 12.11 fits well unless the
‘diagonal cells are estimated exactly.

. However, when the diagonal cells are estimated exactly, the uniform asscciation
‘model fits quite well. It yields 3 = .046. From Equation 12.14 we can see that this implies,
for example, that the log odds that the child of a professional will become a professional
-rather than a farsmer are more than three times the corresponding odds for the child of
a farmer: .046(1 — 6)(1 — 6) = 1.150; ¢"*° = 3.158. This is actmally a rather low odds
:r'atio, which is consistent with the general sense that intergenerational mobility in
‘China is easier than in most other nations (hut see Wu and Treiman [2004, 20071 for a
‘counterargument).

;jliinear-by-i,inear Association Models

‘Now suppose we have more information than simply a rank order of categoties—for
‘example, socioeconomic status scores. We can then estimate a linear-by-linear associa-
tion model, where the scale scores are substituted for the category indexes. That is, instead
‘of Equation 12.13, we have ‘

log Fyy = p+ pf +uf + Bxy; (12.15)
 with the log odds ratio given by
log 8 = Bix; - xi,)(yj - yj.) (12.16)

» Estimating this model for the Chinese data, with occupation categories scored by
‘their mean occupaiional status (ISEI, see Ganzeboom, de Graaf, and Treiman 19923,
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we achieve a model that fits marginally better than the uniform association model, by the -

BIC criterion. For this model, § = .000483. Thus for the same categories as in the ypj.
form association example, we have .000483(16.2 — 63.7)(16.2 — 63.7) = 1.090; g0

2.974. We are hereby led to a qualitatively similar conclusion: the odds that the child of 5

professional will become a professional rather than a farmer are about three times as high:
as the corresponding odds for the child of a farmer. :

Note that it is possible to include more than one scaling of the categories of a table,

to represent different concepts. Table 12.11 shows goodness-of-fit statistics for two addi-

tiopal Hnear-by-linear models, one of which scales occupations by the proportion of .

incumbents who have permanent urban registration (urban sskou) and the other of which,

uses both the ISEL and urban registration measures. As it happeus, neither fits as well a5

the ISEI and nniform asscciation medels. However, if we wished to assess the log odds
ratio using, say, the model that includes both measures, we wounld simply apply Equation

12.16 to both variables and compute the swm. (For a well-known application of this kind of

model, see Hout 1984.)

Row-Fffects {and Column-Effects) Models

Sometimes we are confident that one variable can be scored with an Integer scale—that

is, that the difference between each pair of adjacent categories is the same—but we are
uncertain about how to order the other variable. In such cases we can estimate the
unknown scores. In this model the expected frequencies are given by

log Fyy = p+ pf + p§ + joy (12.17) -

where the j index the categories of one variable and the ¢, are the estimated scale scores
for the other variable. The log odds ratio is given by

log 8 = (¢, - &) - J1) (12.18)

As an example of a situation in which these conditions might hold, consider the rela-
tionship between size of place of origin and educational attainment, for the 1996 Chinese
survey we have been using. Table 12.12 shows the bivariate frequency distribution for
adults not currently attending school. In constructing this table, I have collapsed education
so that the categories represent approximate three-year intervals in median schooling.
The size-of-place categories are from the official administrative hierarchy of China,
which strongly affects the flow of resources to places. Thus, in addition to the general
advantage of urban residence for educational attainment (greater exposure to the written
word and such), we would expect educational attainment to be greater for places higher
in the administrative hierarchy because such places are the beneficiaries of more resources
from the central government. :

The row-effects model fits well (BIC = —135, A = 2.96) although not by
classical inference (p < .000). But contrary to my expectation, the estimated scores

“for size of place of origin suggest a non-monotonic relationship to education. The
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£ - Freguency Ristribution of Educational Attalnment
y ‘size @% Piaca of Residence at Age Fourteen, Chinese Adults Not Envolled
i school, 19396,

Laval of Schooling

Lowrer Upper Lower Upper
Primary  Primary  Middle Middle Tertiary Total

Cotnty-level tity

SCOTes are

Village : 0.00
Town 0.36
County seat 0.74
County-level city 0.86
Prefecture-level city G.73
Provincial capital 1.01
Province-level city 0.98

-According to this model, people from county-level cities (medium cities) get somewhat
‘more education than do people from prefecture-level cities, although it would be
‘unwise to make too much of this because the confidence intervals overlap (the 95 per-
ccent confidence interval is 0.71 1o 1.01 for county-level cities and 0.63 to 0.84 for
‘prefecture-level cities). '
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'wjth aperson raised in a village as log 6 = (—4.95 — 06— 3) + (480 — 16707 — 1) =
14.93, which implies that the odds ratio is 50.9 (= £**). That is, the odds of people obtain-
ing 4 tertiary education rather than a primary education are more than fifty times as great
for those living in provincial capitals as for those living in mral villages. When people
from Chinese rural villages make it to university, they are overcoming stupendous odds,

Columm-effects models are formally identical to row-effects models, but with e
role of rows and columns reversed. A column-effects model of the relationship betWeeﬁ :
size of place at age fourteen and educational attainment does not fit as well as the corrs:
sponding row-effects model (BIC = —108, A = 2.9, and p < .000), which suggests thag
the assumption of equal scale differences between adjacent size-of-place categories iy
probably incorrect. This is hardly surprising given the deviation from equal differences ig
the estimated coefficients for size-of-place categories in the row-effects mode! and, espe-

Rown-and{oiumn-fﬁects Model i (the RC or Log-RMultiplicative Modei)
cially, the pon-monotonicity of the scores relative to my a priori ordering. '

‘As [ noted In the previous section, a serious Hmitation of Row-and-Column-Effects
Model I is that correct estimation of the scale scores depends on correctly ordering the
categories. For this reason an alternative model proposed by Goodman (1579), Row-
and-Column Effects Model 1 (also called the RC model or the Log-Multiplicative
medel), which is invariant under any ordering of categories, and which estimates scale
seores from the data, has become much more widely used. In this model the expected
frequencies are calculated as

Row-and-Column-Effects Model I Another analytic possibility is to treat both the row
and column effects scores as unknewn guantities to be estimated. However, in this case it
is important to have the correct ordering of both the row and column categories because’
the results are not invariant under different orderings. For the Chinese example we have
been exploring—the relationship between the size of the place of origin and educational
attainment—this creates a bit of a dilemma. Is it better to reorder the size-of-place cate-
gories according 1o the scale scores derived from the row effects model or to retain the a
priori ordering derived from the Chinese administrative hierarchy? Une possibility is to,
estimate the model both ways and to compare goodness-of-fit statistics. Doing this reveals. -
that the model with the reordered categories is clearly more likely given the data (BIC =
—152, p = 304, and A = 1.20, compared with B/C = =136, p = .009, and A = 1.65
using the a priori categories). For the row-and-column effects model with the reordered
categories, the scale scores are as follows:

log £, = p+ pf + p§ + o, (12.21)
and the log odds ratios as
logh = (¢, — ‘j)f’)(‘joj - {Pj’) (12.22)

Village 0.00 No schooling 0.00 An alternative parameterization of Equation 12.21, which includes a term for the

Town —0.60 Lower primary 0.90 overall strepgth of association in ﬂ?e table (particularly useful for comparisons between
Prefecture-level city —1.23 Upper primary 1.67 groups, which I do not cover here) is

County seat —2.22 Lower middle 2.78

County-level city ~3.10  Upper middle 3.84 log i, = pu+ pff + p§ + Byp, (12.23)
Province-level city —4.00 Tertiary 4.80

Provincial capital —4.95 with the odds ratios given as

Formally, the row-and-column effects model (often called Row-and-Column-Effects :
Model I to distingnish it from a log-multiplicative model also proposed by Goodman
[1979] and known as Row-and-Column-Effects Model II, which we will discuss in the ™
next section), is given by

logh = (g, — @51")(%9; - Saj') (12.24)

For the data shown in Table 12.12, estimation of Equation 12.23 yields a very good
fit: p = .140 and BIC = —147.3. Interestingly, the estimated scale scores preserve the

log F; =y + uft + ,uf + jg; T ig; (12.19) ;ank order of the row-and-column effect scores reported eartier:

with the log odds ratio given by Village 0.0 No schooling 0.00
. Town 0.42 Lower primary 0.14

logh = (¢ — & )j — )+ (o; — @, )i — i) (12.20) Prefecture-level city 0.76 Upper primary 0.17

: ‘ ‘ County seat 0.82 Lower middle 0.50

Thus, for example, from Equation 12.20 we can calculate the log odds ratio of a tertiary ' Coumyulewi my 091 Upp o middle 0.80
Province-level city . LOO Tertiary 1.00

versus an upper primary education for a person raised in a provincial capital compared . .
pper p y p P i P : Provincial capital 1.04
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In China, size of place of origin appears to be very strongly associated with edncationaj’
attpinment, reflected in the association parameter § = 4.17. Moreover, the greatest gap is
between rural villages and any urban place, with the next largest gap between towns ang -
prefecture-level cities. Making the same comparison as for the row-and-column effects -
model, from Bquation 12.24 we can calculate the log odds ratio of a tertiary versus ap-
upper primary education for a person raised in a provincial capital compared to a persor
raised in a village as log 6 = 4.17(1.04 — 0)(1.00 — 0.17) = 3.00, which implies that the -
odds ratio is 36.6 (= %), That is, the RC model implies that the odds of pecple obtain-’

‘extreme as these, in their male-only analysis and argue that their results reflect a distine-
tive Chinese institution, the residential registration system, which makes the children of
ral nonagricultural workers vulnerable to downward mobility into agriculture but also
:3"c_reates an extreme upward mobility route into the professions for the bright children of
peasants. '

»  The contrast between these results and results from the comesponding Row-and-
Colurnn-Effects Model I is instructive:

ing a tertiary education versus a primary education are about thirty-seven times as great - Father’s Respondent’s

for those living in provincial capitals as for those living in rural villages. Although the Ccenpation Occupation

odds ratio implied by this model is not as large as that iroplied by the row-and-colomg. Professionals 0.00 0.00

effects model (which yields an odds ratio of fifty-one), it is still extremely large. Cadres —066 0.25
Although in this example the scaling of size-of-place categories was reasonably close to* (Clerical workers —{.86 (.51

my a priori assumptions, and the rank ordering of the education categories was exactly what Sales and service workers —1.15 0,92

1 anticipated, there is nothing in the method that gnarantees such a close correspondence. Manual workers —1.33 1.29

Recause the scale scores are computed to maximize the association between the row and col-- Agricultural workers —1.66 1.53

umm variables, they provide a test of the correctness of a priori assumptions. We can see this
clearly by estimating an RC model for the Chinese intergenerational occupational mobility
table analyzed earlier. In contrast to the typical outcome in Western nations (Ganzeboom,
Luijkx, and Treiman 1989), the resulting scale scores for China deviate very substantially
from my a pricri ordering of occupation categories based on their socioeconomic position
(perhaps because our data include both males and females whereas most research on occupa-
tional mobility for other nations, including that carried out by Ganzeboom, Luijkx, and-
Treiman [1989] and also Wu and Treiman’s 2007 analysis of these data, is restricted to..
males). The following coefficients are from a model with the diagonal blocked.

~ The row-and-column effects model gives orderly results, consistent with my a priori
rdering of categories. Thus, an analyst might be tempted to settle for this model because
‘by the likelihood-ratio criterion it has by far the best fit among all the models estimated in
s chapter except for the RC maodel (see Table 12.11)—although it does not have the
ost negative BIC. However, the row-and-column effects model is clearly incorrect, even
though it is nearly as likely as the RC model by the BIC standard.

From the RC model we can calculate the relative odds that the child of a professional
ill become a professional rather than a farmer, compared with the corresponding odds for
e child of a farmer. Because the association coefficient, 8, for the Chinese mobility table

Father’s Respondent’s 0.0455 (another indicator of the lack of associatipn in the table), from Equation 12.24

Occupation Occupation we hoa;ge log 6 = .0455(0 — [0 — 1) = O";O455, which 1mp}1€s that.the‘ odds ratip is 1.047

= "%, Apparently, the odds that the children of professionals will follow their fathers’

Professionals 0.00 0.00 Tootsteps rather than going mto the fields are hardly larger than the odds that the children
Cadres —27.68 —0.27 ‘of farmers will become professionals rather than following their fathers into the fields.

Clerical workers —13.76 —0.18 - This is a very different result from what we calculaied from the uniform and linear-

Sales and service workers —12.97 —0.77 by-linear association models, and it brings home in a dramatic way the importance of

llfar}ua%tgogkers . *?33 _(1)23 nding the right model before making inferences. (It is also quite different from the cor-

gricultural workers . .

1esponding result from Row-and-Colomn-Effects Model I, which implies that the chil-
(dren of professionals are about twice as likely [because ¢*% = 1.92] as the children of
‘peasants to become professionals rather than peasants.) Nonetheless, here we might be
ell advised to settle for the linear-by-linear association in which mobility is a function
of differences in status between occupation categories, on the ground that it has the most

Clearly, the children of cadres are much more likely than other offspring to move into
high-status positions. By contrast, the children of professionals are hardly protected at all’
from downward mobility, which may reflect the rather heterogeneous character of thls_.
category; it includes village accountants and school teachers and many technical posi—_
tions that do not require tertiary education. The scale scores for respondents” occupations.
are somewhat more orderly, revealing a sharp manual-nonmanual divide, although mobil-
ity into the professions from all sorts of origins appears easier than mobility into clerical
or cadre positions. Wu and Treiman (2007) also obtain distinctive results, albeit not as
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{time periods, nations, ethnic groups, and so on}, but more general extensions are als.io-
possibie. Many of these procedures are discussed in the literature briefly reviewed in the ;
following section. '

1983, 1984), Sobel, Hout, and Duncan (1985), Yamaguchi (1987), Becker and Clogg
1939) Mare {1991), Mie (1992), Erikson and Goldthorpe (19924, 1992b), Hout and Hauser
1992), Goodman and Hout (1998), Fu (2001), Pisati (2001), and Park and Smits (2003).
The 1998 paper by Goodman and Hout is particalarly valuable for analysts who
wish to compare log-linear models across contexts. Goodman and Hout estimated their
nodels using GLIM, a powerful British competitor to Stata. These models, and virtually
ny other log-linear or log-multiplicative model, can be estimated using lem developed
y Jeroen Vermunt at Tilburg University, the Netherlands. A subset of the models dis-
qssed by Goodman and Hout can be estimated using a Stata -ado- file by Pisati
001); see also Yamaguchi (1987) and Xie (1992), who originally proposed versions of
hese models.
© Applications of log-linear modeling to substantive problems other than social mobil-
ty can be located by searching Sociological Abstracts or other bibliographic databases.
1 got 810 hits searching Sociological Abstracts for “log linear” [and varianis “loglinear”
hd “log-linear”} as a key word on 24 November 2007.)

A BIBLIOGRAPHIC NOTE

A number of treatments of log-linear analysis are available, ranging from those intendeqd-
for social scientists with limited mathematical backgrounds to full-blown treatises ip-
mathematical statistics. The most accessible treatments include those by Davis (1974,
¥noke and Burke {(1980), Gilbert (1981), and Powers and Xie (2000), of which Power
and Xje is probabiy the best. The Knoke and Burke book is very clear and provides an
excellent introduction, but it does not include many types of models that have appeareq -
in the research literature over the past twenty-five years. Somewhat more mathematical, '
but still accessible to social scientists, are the books by Bishop, Fienberg, and Holland’
(1975), Upton (1978}, Fienberg (1980), Agresti (2002), and some papers and books by |
Goodman (for example, 1972, 1978, 1984).

Also available is a highly developed literature motivated mainly by the analysis of
intergenerational occupational mobility, but it is appropriate for many other applications.
In addition to the works by Goodman, imporiant papers and monographs include those by
Hanser (1978, 1980), Duncan (1979), Clogg (1982), Grusky and Hauser (1984), Hout

WHAT THIS CHAPTER HAS SHOWN

5 this chapter we have seen how to use log-linear analysis to test hypotheses regarding
he presence or absence of associations among variables in multiway tables. These tools
ive us a powerful way of tesiing hypotheses pertaining to percentage tables. In addition,
we have seen how to apply various models to parsimoniously summarize patterns of
ssociation in two-way tables, and to determine which of several alternative models fits
sest. Although the substantive examples for discussing parsimonious models were drawn
mainly from studies of social mobility, the topic that has driven most model develop-
ment, these models can be applied to a wide variety of substantive problems.

OTHER SOFTWARE FOR ESTIMATING LOG-LINEAR

MODELS cuwvis available for purchase from http:/Aww.nag.co.uk/stats/GDGE_soft.
asp. The worked examples appearing in Goodman and Hout (1998) can be downloaded as
two Microsoft Office Excel 97 workbook files from the Carnegie Mellon University Statistics
Department’s Statlib: http/Alib.stat.omu.edu/DOS/general. These files, “mobility.xls” and
“yoting.xls,” include the raw data, GLIM results, and graphical displays from the examples
presented in the article.

Vermunt's (1997) software, femn, and the accompanying documentation (Vermunt 1997)
can be downloaded free of charge. The easiest way to find the downlead site is to query a
search engine for “homepage jeroen vermunt.” The documentation is very cryptic, but the
software comes with many worked examples that can easily be adapted.

Pisati's Stata -ado- file to estimate uniform layer-effect models can be downloaded
from within Stata {connected to the internet) by typing “net search pisati” and then dicking
“sg142 from hitp/Awww stata.com/stb/sth55.”

John Hendrickx has written an -ado- file, -rc2z -, that estimates the RC model {Equation
12.23). To download -rc2- from within Stata, type “net search rc2.” Then dick rc2 from
http:/fmwww.bc.edu/RePEc/hacode/r and follow the instructions. | thank Maarten Bois for
pointing me to Hendrickx’s program.)

n terms of Ts;

— XY XY
By, =nriraTiy

Fyy = i TiTsy (12.A.1)

First, multiplying one of the equations by the other three and simplifying (recalling the
?lationships among the s shown in Equation 2.5}, we have

n=(F F,FF)" (12.A.2)

117127 217 22
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Thus 1 is just the geometric mean of the expected cell frequencies (ihe geomefrié
mean of a set of z numbers is the nth root of their product}. In this sense, nis a scale fae
tor; all it does is take account of the fact that tables have different average numbers gf
cases per cell.

Next we express the row effact as a function of the cell frequencies. We do thlg by

'and 50

Ty = [(FH/FN)/(EQ/FH)]M (12.A.8)

writing the product of the two conditional odds as a function of ns and 75 and’ Thatis 75" is a function of the ratic of the two conditional odds. Once again we can get
simplifying: ' 2 more readily interpretable expression by multiplying both the numerator and the
denorminator of the right side of Equation 12.A.8 by the geometric mean of the expected
2 Tl - . 14 . s m 3
3 X : frequencies, (F F FF AV and simplifying:
Fiy [P} _ |17 Tl?ﬁi T T%:TT;Y [T’ }2 = [Tlx r (12.A<3)'.;_ . ! o
Fullf ] Dl iminm ] o] | “ o = (FuFp)” (12A9)
(R 1Ry
And so

. From Equation 12.A.9 we see that the interaction effect parameter, 77, is just the
ratio of the average size of the two diagonal cells to the average size of all cells. If this 7
‘ts greater than one, there is a positive asscciation (or inferaction, in log-linear terms})
betwesn X and Y. If Tis smaller than one, there is a negative association between X and ¥V
(assurning that Category 1 is the “positive” value in each case). In a similar way we can
derive expressions for the other interaction effect parameters.

These relationships can be generalized beyond the two-by-two case, but that is
beyond the scope of the present discussion. Those wishing to pursue this topic should
‘consult the sources listed in the Bibliographic Note section of this chapter.

= [ /B WP Py )1 (12A.4)’-"'
= [{#:F,) /(Fszz)]m i
That is, we see from Equation 12.A.4 that 71is a function of the product of the two
conditional odds. But we can get a more readily interpretable alternative expression

by multiplying both the numerator and the denominator of the second line of 12.A.4 by '
(F, F )" and simplifying. This yields :

1/2
X = (7, 5,) - (12.A5)
(f'ﬁnFquiFn) §

From Equation 12.A.5 we see that 7{, the effect parameter for the first row, is jus't'_
the ratio of the average size of the cells in the first row to the average size of all cells in the.
table (where by averages 1 mean geometric means). Thus 7s larger than one indicate that .
a disproportionately large share of all the cases in the table is in the first row, and 75
smaller than one indicate that a disproportionately small share of all the cases in the table '
is in the first row. In a similar way we can derive corresponding expressions for the effect
parameter associated with the second row and also the effect parameters for columns. '

Finally, we can derive interpretable expressions for the interaction effect parameters.
To see this, we write the expected odds ratio, (¥ /F, ¥(F LF,.) a8 a function of ns and
78 and simplify as we did earlier:

Maximum likelihood estimation is one of several methods used to cbtain parameter esti-
:_'_mates for the models presented in this and the following chapters. The principle is
straightforward, although both the underlying mathematics and the computational proce-
dures are often guite complex and go beyond what is dealt with in this book. For good
introductions to the topic, see King (1989), Eliason (1993}, Long (1997, 25-33, 52-61),
and Powers and Xie {2000, Appendix B).

Suppose we observe a random sample of values on some variable, x, ey X,
drawn independently from a population distribution f(x, x.,..., x 16) govemed by an
unknown parameter 8. We may then ask what is the probability of obtaining the
‘observed sample for any given value of 8. This is the likelihood of the sample. What
we want to do is to find the value for 6 that maximizes the likelihood of the sample;
ithis is the maximum likelihood estimate of 6. More generally, maximum likelihood
estimation consists of procedures for finding estimates of unknown parameters that
maximize the likelihood of the observed data; the resulting parameter esiimates are
called maximum likelihood estimates.

Maximum hLikelihood estimation involves two steps: determining the likelihood func-
fion, which expresses the probability of the observed data as a function of the unknown

iEy (e O ) T1X1YT§2Y (12.A.6)

F/Fy, (i ri My} sz) Té(ly’flxzy

This yields

[Tu ] = (F /B M (FplFy) (12.A7)°
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Thus our task is reduced to maximizing the kemel of the log likelihood, Equation
- 12.B.5. We do this by taking the first derivative with respect to 1 and setting it {0 zero.
This vields either a maximum or minimum value for the kernel of the hikelihood. We then
ake the second derivative to determine whether we have a maximum or a minimum: a
econd derivative fess than zere indicates a maximum because the curve in the region of
he extreme value is concave. The first derivative of Equation 12.B.5 with respect to j1is

parameters; and maximizing the likelihood function. We can write a general EXpresSioﬂ'-.
for the likelihood function: '

N :
A = Hf(xi;ﬁ) (12B.1y:
i=1 -

where 8 is a column vector of unknown parameters; note that there may be only one unknowy -
parameter, in which case 8 is a scalar. Equation 12.B.1 holds because the observations are ;
ssnmed 1o be independent, which means that their joint distribution may be written as a
product of their individual, marginal distributions. However, because product terms are
mathematically intractable, we convert Equation [2.B.1 into log form (which is permissible
because the relationship between a variable and its log is monotonic). Thas we have

0

O

i=1 i=l

N N
=5 (x; — ,LL)Z} =23 x —2Npu (12.8.6)

Setting Equation 12.B.6 to zero and solving for p yields the maximum likelihood esti-
“mate for j&0

N N
M8 = 1n|T] f(x;:8)] = > In[ f(x;:8)] (12B2) . il
i=1 i=1 2%
Ao i=1
f v (12.B.7)

We then find the values of § (denoted @) that maximize the log likelihood; becanse

f the monotonic relationship, these al imize the likelihood, . ) . . .
o1 e Mono HORSIp © Hiso mazt ‘We know this is the maximum because the second derivative of Equation 12.B.5 with

- respect 0 juis —N/o?, which is always less than zero. Note that the maximum likelihood
estimate of the population mean is the sample mean. Similarly, it can be shown that for a
‘normal distribution the maximum likelihood estimate of the population variance is the
. sample variance.

MEAN OF A NORMAL DISTRIBUTION

Consider a simple case. Suppose we want to find the maximum likelihood estimate of the
mean, i, for a random sample of observations from a normally distributed population with
variance o°. Because the likelihood for a single observation is

1 [ (5, —
exp|—————
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LOG-LINEAR PARAMETERS

Now let us consider a more difficult estimation problem: finding maximum likelihood
estimates of the parameters of log-linear models. To keep the example as simple as possi-
" ble, consider the independence model for a two-by-two table. The usual representation of
- expected frequencies for such a model is

Ly, o)y = (12.8.3)

it follows (from Equations 12.8.1 and 12.B8.2) that the log likelihood of the sample 13

N ] (x; — p)? F.o=p+uf+uf 12.B.8
M) = In exp{——‘——— y = ptp g (12.B.8)
; V2no? 207 ‘

(i2B4) .
However, it is convenient to convert the nsual representation of such models from tabular

form to column form, with the scale factor ;1 = §,, the coefficient for the row variable
1 = 3, and the coefficient for the column variable uf = {3,. Further, we represent the
values associated with each in dummy-variable form. Thus we have

N
_N (m\maﬁ ) . 2}7 S (x — )
i=1

However, we can disregard the leftmost term on the right side of the equation because

it does not depend on the x. We also can discard the —2—1—2 term because ¢? is assumed X, x X ¥
a

known. This leaves us with the kernel of the log likelihood: ! 0 0 %

1 1 0

X ' I 0 1y

*Z (xj - LL}Z (12.]3.5) 3

P 1 1 1y,



2040 Quantitative Data Analysis: Doing Social Research to Test Ideas

The independence model can then be written as a model for counts:

m; = exp(F, + Bix; + Bhxy)

where m, is the expected frequency in the ith cell. Under Poisson sampling, the kerne] of'-...

the log likelihood is

k
ABY = 3 (ylog my — m;)

i=1

and s0 we need to maximize Equation 12.B.10. Because the model is nonlinear, an iterative

solution is required in which we repeatedly update the estimates of the 35 using the first and

second derivatives of Equation 12.B.10 with respect to 3. For our purposes, it is not neces-
sary to consider further how the estimation is actually carried out. For additional detail, see
Eliason (1993); Gould and Scribney (1999); and Powers and Xie (2000, Appendix B).

(12B9)

(12.B.10) -

WHAT THIS CHAPTER IS ABOUT

This chapter introduces binomial logistic regression, a technique for estimating models
"with a dichotomous dependent variable. We start by considering the relationship of bino-
“mial logistic regression to log-linear analysis and then see, by studying a worked exam-
ple, how to estimate and interpret Jogistic regression models. We then consider three
additional worked examples to expand the applications of binary logistic regression to
educational progression and similar models, to discrete-time hazard-rate models, and
- to case-control designs.
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Binomial Logistic Regression

INTRODUCTION

Often social scientists are confronted with the need to analyze categorical depende;,
variables-—whether people vote, for whom they vote, their degree of agreement with a‘-.::
particular attitude, their choice of occapation, and so on. Although as we have seen, OL§
regression procedures can easily handle categorical independent variables, they are not:
appropriate for categorical dependent variables, even dichotomies. In the case of dichoto:”

mous dependent variables, the asswmptions of multiple regression, including in particular:
that errors of prediction are normally distributed, break down badly, often yielding seri-
ously misleading results; morecver, predicted values often lie outside the Jogically possi-
ble range (zero to one). For these reasons a variety of procedures have been developed for :
dealing with dichotomous dependent variables, of which one of the most powerful i
logit analysis or (synonymously) logistic regression, which uses maximuom likelihood
estimation. Logistic regression can be readily extended to handle dependent variables
with more than two categories (multinomial logistic regression) and ordered seis of cate- :
gories {ordered logistic regression). We will consider these two extensions in the pext
chapter. But we start with binomial logistic regression. :

£
ln(Pile...K /FZI-XL,_K ) =a+ zkaic (13 1)
k=1

or K independent variables, X, where the a and b, are coefficienis analogous to OLS
egression coefficients, and the dependent variable is the natural log of the expected odds
f being in category 1 of the dependent variabie rather than in category 2, conditional on
the values of the independent variables. Thus, logistic regression is another specific case
f the general linear model.

_' It is also true {(and can be easily shown by dividing throngh by M) that the log odds
if the expected conditional freguency distribution of the dichotomous dependent vari-
ble equals the log of the ratio of the expected probabilities of being in ¢ach of the two
ategories:

F

UX; FZIX
7}\]‘ /NJ ] =In{(P=R/AP=2)=In{(P=L/1-(P=1) (13.2)

The dependent variable (the log odds) is known as the logir. As we have just seen,
qgits may be expressed either in terms of frequencies or in terms of probabilities.

MAXIMUM LIKELIHOOD ESTIMATION  maximum iikelihood

| estimation refers to a framework for estimating parameters of statisticai mocels, The prin-
ciple, which underlies estimation of log-linear and legistic regression models, is to find the
value of the parameter that maximizes the likelihoed of observing the sample data. {See
Appendix 12.B for a brief overview of maximum likelihood estimation; King [1989], Eliason
[19923], Long [1997, 25-33, 52-61], and Powers anc Xia [2000, Appendix B] for accessible
introductions to the topic; and Gould and Sribney [1999] for a technical discussion of how tc
do likelihood estimation in Stata.)

RELATION TO LOG-LINEAR ANALYSIS

The relationship of the logit specification to log-lincar analysis is straightforward, as can
e seen with the help of a little algebra. Consider a log-linear analysis in which there are
hree variables, ¥ (a dichctomous variable that we wish to regard as the dependent vari-
ible), A, and 8. Now consider the saturated model relating the three variables: [ABY].
Under this model, expected cell frequencies are estimated as

Wn(FT Yy =0 A0+ A7 0 F AT F AT H AT A (13.3)

it

Now, because the dependent variable, ¥, is dichotomous, we can easily derive the log
_dds of being in category 1 (rather than in category 2) of ¥ from Equation 13.3 (for those
tusty on school algebra, some algebraic relationships involving logs and exponents are
hown in Appendix 13.A):

PROBIT ANALYS]g An alternative to logistic regression, more widely used

% in economics than in sociology, is probit analysis. The two procedures generally yield similar
results, and the choice between them is largely a matter of professional convention. (See
Appendix 13.B for a brief introduction to probit analysis.)

(" e )= m{ )l

il 42

il

S AR SEPEEDHED VS DR L Vil

Binomial logistic regression is a procedure for predicting, from a set of independent (13.4)

variables, the log odds that individuals will be in each of two categories of a dichotomous
dependent variable. The formula for logistic regression is

—(9+/\5A+)\f +)\§+)\;B +)\£AY )\m’ +)\ABY)

2

= (N AT A AT (A )

ifl 72
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cighborhoods. Finally, claims about the breakdown of civility in America would suggest
14t the prevalence of armed threats has been increasing over time.

. Data to assess these possibilities are available in the G38. In most years from 1973
hrough 1994 respondents were asked, “Tlave you ever been threatened with a gun, or
_shbt at?” In addition, the sex, race (White, Black, or Other), and education {years of
“school completed, ranging from O to 20) of each respondent was ascertained. I omitted,
1 sequence, 5,031 cases in which the gun question was not answered (mnostly because in
averal years the question was asked only of a subsample of respondents), an additional
89 cases in which information on education: was missing, and an additional 16 cases in
hich information on the number of adults in the household (used to construct the weight
ariable} was missing. These procedures vielded an effective sample of 19,260 people
overing the years 1973 through 1994. T carried out the analysis using survey estimation
rocedures and treating each year as a stratum. (For estimation details, see Appendix B
ad the downloadable files “chl3_1.do” and “chi3 1.log.))

.0 Table 13.1 confirms that a substantially higher percentage of males than of females
and a moderately higher percentage of Blacks than members of other races have ever
¢en threatened by a gun. It is difficult to see a consistent pattern with respect to either
ducational attainment or year, but it is possible that each variable suppresses the effect
“of the other because education has been increasing over time.

"O%FE%BLE13Ji\x___

Note that in Table 13.1 the percentages are based on weighted frequencies but the
unweighted percentage bases are shown. | weighted the data to take account of differ-
ential household size, to adjust for an oversample of Blacks in 1987, and to equalize the
contribution of each year (see downloadable file “ch13_1.do" for details). For descriptive
statistics, it is necessary to use the weighted data to get correct estimates for the popula-
tion. But it is dasirable to show the unweighted N's to reveal to the reader the actual
number of cases on which sach computation is based.

. . Y : o
But because the As must sum to zero across each dimension, A :—AZY, and so op
S0 we have '

if1 2 i

In{F27 JRS = 20] + 200+ 20 + 200 (135)

In short, the log odds of being in one category of the dependent variable rather than the
other are given by the sum of twice the usual log-linear coefficients relating the dependent -
variable to each of the independent variables, alone or in ccmbmanon this relationship
also holds for nonsaturated models. Note that the coefficient /\ , expressing the associa-
tion between the independent variables, drops out of the equatlon because A\ =0,
Thus we can carry out binomial logistic regressions on the data in pu‘ohqhed tables.
simply by doing a log-linear analysis and multiplying the resulting coefiicients by two;
However, the relationship holds only when the log-linear coefficients are expressed in
dummy-variable formai—that is, as deviations from a reference category with an impiicit
coefficient of zero. g
Althongh logit analysis and logistic regression are mathematically identical, they have -
separate origins. Logit analysis was developed as a special case of log-linear analysis, in
which one {dichotomous) variable is regarded as dependent on a set of other categorical -
variables. Logistic regression was developed by statisticians and econometricians to deal
with the problems that dichotomous dependent variables create for ordinary leasi-squares: -
regression, Therefore it was developed to handle continnous independent vaziables. (For
a good introduction to the statistical theory underlying logistic regression, see Hosmer
and Lemeshow [2000]. For treatments with sociological examples, see Long [1997] and -
Powers and Xie [2000]. For a Stata-oriented text, see Long and Freese [2006].)

A WORKED LOGISTIC REGRESSION EXAMPLE:
PREDICTING PREVALENCE OF ARMED THREATS

Suppose we are interested in what determines the likelihood that a person has ever been
threatened with a gun. Moreover, suppose we are interested in ascertaining whether the
prevalence of armed threats has changed over time. (Investigating this latter question
provides another occasion for demonstrating how to make cross-temporal comparisons
using the GSS.) We might suspect that males are more likely to have experienced such
threats than are females. Not only has some fraction of the male population been in com-
bat, unlike women (until very recently), but men tend to be more likely to be involved in
gang activity, bar fights, and other confrontational situations than are women. Second,
exposure to armed threats should be negaiively correlated with sociceconomic status,
given patterns of residential segregation and status differences in leisure activities. For

convenience, I take education as an indicator of sociceconomic status (SES): unlike -
occupational status and income, it is essentially fixed over the adult life course and is
interpretable equivalently for men and women. Third, it is likely that Blacks are subject
to more armed threats than are members of other racial groups, net of SES, given patterns
of residential discrimination that force even middle-class Blacks to live in high-crime

J

- My first task is to choose a preferred model. Table 13.2 shows goodness-of-fit statis-
tics for five models. Model 1 is a baseline model, positing that sex, race, and education
significantly affect the odds of being threatened by a gun. Model 2 in addition posits a
near trend in the (log) odds of being threatened, net of the effects of sex, race, and edu-
ation. If the likelihood of being threatened has been increasing over time, the coefficient
ssociated with ycar should be positive. Model 3 posits year-to-year variation around any
linear (rend in the (log) odds of being threatened. Models 1, 2, and 3 stand in a hierarchi-
cal relation to each other. Model 4 posits that the log odds of being threatened depend
0n sex, race, and education; that the log odds increase over time in a linear fashion; and
‘that sex and race interact—the hypothesis being that gender differences in the likeli-
hood of being threatened will be smaller for Blacks than for others because, owing to
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Percentage Ever Threatened by a Gun, by Selected Yariable

(1,594)
.5, Adults, 1973 to 1994 (N = 19,260). :

Percent Threatenad? Percentage Baseb._'_j

Sex

(833

- Female 1O (10928)

Race

Education

o (19,280) -

5 ased on weighted frequencies—see the box "Technical Point on Table 13.1.”
Bniweighted frequencies.

s1dennai discrimination, Blacks are more likely than others to live in dangerous neigh-
borhoods, and hence Black women are particularly vulnerable to being threatened. Model
Jextends the same argument to include an interaction between race and edncation, pos-
iting a smaller effect of education on the odds of gun threat for Blacks than for others
because of the residential vulnerability of even well-educated Blacks.

. It the GSS were a simple random sample of the U.S. population, it would be possible
{0 compare nested models by using the likelihood ratic X’s, or L*s (reported in Stata out-
put from the -logistic- command as LR chiZ); 7 is defined as twice the difference
between the model log likelihood and the log likelihood for a model with no independent
ariables. If we were analyzing a simple random sample, the I?s would be distributed
proximately as X*, as would the difference between any pair of £.*s. Insuch cases we could
sess whether one model fits significantly better than another by assessing the significance
the difference between two L7s, with degrees of freedom calculated as the difference in
¢ degrees of freedom assoc1ated with the two models. However, when we use weighted
data, clustered data, or design-based estimation procedures, what Stata estimates is actually

CColegegrad o 180 B

Year
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seudo-R* = 1~ L/L, where L is the log likelihood for a consrant-only model (that

s, a model with no independent variables), and L, 1s the log likelihood for the estimated
model. Obviously, if the dependent variable is perfectly explained by the set of indepen-
-dent variables, L, = 0 and pseudo-R* = 1, and if the independent variables explain noth-
' ng. pseudo-R* = 0. Thus the pseudo-R* gives a sense of how well a model does. However,
. as in the case of weighted or clustered data, psendo-log likelihoods are estimated,
“the pseudo-log likelihoods can increase rather than decrease for more complete models,
nd hence the pseudo-R*s can decrease, which makes little sense. More generally, when
psendo—log tikebhoods are estimated, there is no simple relationship between changes in
the pseudo—log likelihoods and improvements in the goodness of fit, so the pseudo-Rs
hecome uninterpretable. For the same reason, BIC is inappropriate for designed-based
stimation because it aiso is based on a comparison of log likelihoods. (For random sam-
les BIC for logistic regression is estimated by —I? + {4} [In{V)]. The signs are opposite
ose for Equation 12.8 becanse here the comparison of interest is not with a saterated
nodel but with a baseline model in which predictions are based on the intercept alone.)
When we have data based on compiex samples as in the current case, survey estimation
invoked by the Stata command -svy:logistic-) is the best available tool, with
models compared through adjusted Wald tests.

L T Y Goodness-of-Fit Statistics for Various Models Predicting the
Prevalence of Armed Threat to U.S. Adulis, 1973 to 1594,

F GRELY o102 D

Models

LiMﬁTATEGNS QF WAE,D TESTS The appropriate way to do sta-

» tistical inference for complex samples is at present an unsettled issue. As we saw in
: Chapter Nine, when the clustering of observations typical of muitistage probability sam-
~. ples is ignored the standard errors of statistics may be substantially biased—they typically
i are underestimated but in some instances may be overestimated. But the propeosed correc-
2 tions have their own limitaticns, both theoretically and practically. In particular, Wald tests
are known to have poor properties, which may produce misleading results (Gould and
Sribney 1999, 7-8); and as noted, BIC is not available for weighted or clustered samples.
- The optimal solution may be 1o treat clustered samples in a multilevel context, estimating
gither fixed- or random-effects models (Mason 2001), Which can be done in Stata using the
S xt- or -gee- command; these proceduras go beyond what can be covered in this book,
- but see Chapter Sixteen for a brief introduction to multilevel analysis. Although even now much
- that is published, even in leading journals, simply ignores célmplex sample designs and treats
" data as if they were generated by random sampling procedljres, this is generally inappropriate
" and can lead to incorrect inferences. For the present, | suggest for logistic regression in its vari-
- ous farms that when you have data that are weighted or dus‘c'.‘ered you carry out your estimation

using Stata’s survey estimation commands and rely on adjustéd Wald tests for model selection.
“Be cautious, however, in your interpretation and explore altefnative specifications. Only where
you have a true, unweighted, random sampte should you use tFie_—logistic— command and
likelihood ratio test (-1rtest-) . Further, whenever possible, eschew weighting in favor of
inciuding the variables used to create the weights in the modal,

a pseudo—log likelihood for which the relation to X" does not hold. Thgs instead we nse an
adjusted Wald test to choose a preferred model. Recall from Chapter Six that the Wald test.
assesses whether a set of coefficients is collectively equal to zero. Thus we can confrast -
two (hierarchical) models by subjecting the variables that distinguish %‘hem to 2 Wald test.
A significant result leads us to prefer the more complex modelfthaF is, to reject the null .
hypothesis that the simpler model adequately represents the data, in favor-of the more -
complex model. A nonsignificant result, of course, leads us to prefer the &mgle 1'110('161 _
because it tells us that none of the coefficients that differentiate the two models is signifi-
cantly different from zero. ' .
For the same reason another statistic sometimes reporied in conjunction with .
logistic regression models, pseudo-&’, is not appropriate for weighted or clustered data. -

N
~
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There are two alternative (but eguivalent)y ways to discuss effects estimated from
pgistic regression models: to consider the addirive effects of each independent variable
q the log odds of the dependent variable, and to consider the multiplicative effects of
“each independent variable on the odds of the dependent variable. First consider how to
‘ﬂterpret the log-odds effects, the effects on the logirs. As is evident from Equation 13.1,

e can interpret the contributions to log odds, the bs, just as we would the coefficients in
i OLS regression equation: a one-unit difference in the independent variable results
it b units difference in the log odds of being threatened by a gun, net of all other vari-
bies. Thus for example, tn Model 2 of Table 13.3, the difference in the log odds of males
fid females being threatened by a gun is 1.42, holding constant race, education, and the
gar of the survey. Also, in each successive year the expected log odds of having been
threatened increase by 0.0101, net of sex, race, and education, so that the expecied log
ddds of having been threatened in 1994 are about 20 percent larger than in 1973 (pre-

Inspecting the Wald-test statistics in the bottom panel of Table 13.2, we see thy;-
Model 2 fits better than Model 1, but no model fits significantly better than Model 2. we
thus conclude that the likelihood of armed assault depends on gender, race, and educatiop
and also changes over fime in a linear way. To see the nature of these relationships, we
examine the coefficients in Table 13.3. T also have included the coefficients for Model 4/
in Table 13.3, even though Model 4 is onfy a marginally significant improvement ovey:
Model 2 (p = .092). 1 do this to illusirate how to deal with interaction terms in the context.-
of logistic regression.

Effoct Parameters for Models 2 and 4 of Table 13.2.

dent :
::f;j’; & N standard Error o o sely, 0.2121 = 0.0101*[1994-1973]), all else equal. And 5o on.
R i Although the interpretation is straightforward, log odds are not very intuitively mean-
Viodel 2 ioful. Hence, a more appealing possibility is to interpret the antilogs of the bs, the ¢'s.

fere a one-unit difference in the independent variable results in an increase (or decrease)
Gf ¢" units in the relative odds of being threatened by a gun, net of all other variables. This
qﬂows directly from Equation 13.6 (which is the same as Equation 13.1):

Education K
| In(Fuy, , /Py, , )= @+ 2 b, (13.6)
k=1

Exponentiating both sides of the equation, we get

i
(a+ XD
=1

Eug___x / qu:,___K -

K
e T =g E Eebkx.:v
o .
k=1

- That is, the odds of being in ca.tegory'"l tather than category 2 of a dichotormous
anable 18 gwen by the product of the antilogs of the coefficients. The antilogs of the bs
€ mterpreted as contributions to odds 7atios, that 1s, the ratios of the odds for people
who differ by bne unit with respect to a given mdependent variable, holding constant all
er independent variables. Thus for example, in Model 2 the expected odds of males
eing threatened by a gun are 4.15 (= ¢42%%) times greater than the odds of females being
eatened, hblding constant race, education, and the yé,a.r of the survey. Also, the odds of
ing been threatened increase by 1.0102 each year, et of sex, race, and education, so
tthe expected net odds of having been threatened in 1994 are about 25 percent larger
HHI 1973 (precisebh 1 2363 [7 600101(1994f197’3) - (600101)(1994—1973)]) And SO ON.

-So what can we conclude substantively? Net of other factors, the expected odds of
1es ever having been threatened are four times greater than for females; the expected

(13.7)

Intereept.s e

2Black versus non-Black. Non-Blacks consist of “Whites" and “Cthers.”
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‘for females than for males. These results are as hypothesized except that the interaciion is
oo weak Tor us to have much confidence n it

Again, the interpretation is easier if we consider the odds ratios rather than the logits.
One way to do this is simply to take the antilog of the logits we just computed {the Gg).
Doing this, we see that the expected odds of ever having been threatened by a gon among
people with twenty years of schooling in 1994 are 0.10 for non-Black females (= g 2363y
0.17 for Black females, 0.41 for non-Black males, and .59 for Black males. Note that
‘the odds ratios are just what are shown in the rightmost column of Table 13.3 (within the
Jimits of rounding error): the odds of non-Black males having been thieatened are 4.3
times as large as the odds of non-Black females having been threatened (0.4140/0.0967
= 42813 =4 2817); the odds of Black males having been threatened are about 3.5 times
:as large as the odds of Black females having been threatened (0.5913/3.1708 = 3.4619
= 34615 = 4.2817*0.8085); and so on. We can see this mosi clearly by writing out the
'éxpected odds just as we did for the logits.

:  PFor non-Black females we have

odds of having been threatened decline slightly with increasing education {the odds o
being threatened for those with at least a BA are about 14 percent less than for those wigy
only an eighth grade education—precisely, 0.8624 = 70018069, but increase modestly
over time, as we have seen; and the odds of Blacks having been threatened in any gmm G
year are rore than 1.5 times as great as for non-Blacks of the same sex with the sam
amount of education (precisely, 1.56 = 4%,

Now let us consider Model 4. Note that the coefficients for education and year hardly -
change. Thus we can restrict ourselves to the interpretation of the coefficients for MALE.
and BLACK and their interaction. A convenisnt way to see how to interpret these coeffiz
cients is to evaluate the equation for fixed values of EDUCATION and YEAR. Let us take
1994 and twenty years of education as our values for these variables, to assess the effect:
of race and sex on the probability of having ever beexn threatened by a gun. We thus com:
pute a new intercept: ¢’ = a + b 20 + b,*94 = —2.9037 — 0.0191*20 + 0.0101*94::"
= —2.3363 (where b, is the coefficient for education and b, is the coetficient for year of:
survey). Then we wnte out the expected log odds of having expeﬁcnced a gun threat (for :
convenience, call this G) by race and sex (where &, is the coetficient for MALL, b is the: .

coefficient for BLACK, and &, is the coefficient for the interaction term). e =‘/e/‘"' ' o {13.12)
For non-Black females we have =.0967 o
G=da : For Black females we have
138y
=—2.3363 ( : ; s
& —e” eb*“ (13.1%)
TFor Black females we have (0"0967)(1 .7665)=0.1708
G=a' +b

(13.9): For non-Black males we*h;we

=—2.3363+0.56%90=—1.7673

&% ="l (13.14)
= (0.0967)(4.2817) = 0.4140

For non-Black males we have

G=a'+b,

(13.10).
= 23363+ 1.4543 = —0.8820

'_ For Black males we have

For Black males we have e = a7 e gl g (13.13)
= (0.0967)1.7665)(4.2817)0.8085) = 0.5913

G=a'+ by + by + by,

(13.11)
= —23363 10,5690 +1.4543 — 0.2125 = —0.5255

One other coefficient is sometimes useful—the percentage change in the odds, given
by 100{e? ~ 1). For example, from Model 2 in Table 13.3 we would conclude that all else
ual, the odds of Blacks having ever been threatened or shot at are 56 percent greater
an the corresponding odds for non-Blacks because 100(1.56 — 1) = 56.

© However, even though odds ratios are readily interpreted, expected odds are still
ot particularly intuitive. Thus it would be useful to convert expecied odds into per-
ntages. For example, in the present case it would be helpful to get the expected
percentage of individuals in each race-by-sex group who have ever been threatened,
et of education and survey year. That is, we would like to get the adjusted percentages

We see, both from the coefficients in Table 13.3 and from the sums just shown, that the:
expected log odds of being threatened are 1.45 larger for non-Black males than for pon:;
Black females; that the expected log odds of being threatened are 0.57 larger for Black:
females than for non-Black femnales; but that non-Black males do not face the full double_ﬁ
jeopardy of being male and Black, because their expected log odds are 0.21 less than the.
sum of the MALE coefficient and the BLACK coefficient. Or, to put it differently, the gen:
der difference is greater for non-Blacks than for Blacks, and the race difference is greate_f_ :
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implied by the model so that we can assess percentage differences between race aﬁd

sex groups, conirolling for education and year of survey. We can do this by making yga -

of the relationship

Pet(Y 3= 100[

where x is the odds of ¥ for specified values of the independent variables. Note that -
because the relationship between the odds and the percentages is nonlinear, we need
to choose specific values of the independent variables for which we wish to make the -
conversion. Here I use the same values for which we evalvated Model 4; that is, | get' ;

expected percentages by race and sex amoeng people with twenty years of edueation in

1994. For example, for non-Black women, we have Pe(Y) = 100*[0.0967/(0.0967 + 1y]
= 8.8. The corresponding percentages are, respectively, for Black women, 14.6; for non- -
Black men, 29.3; and for Black men, 37.2. If we wished, we could, of course, construct an
entire table of such expected percentages for various values of education and year of sur- -

vey. Doing this requires a fair amount of hand calculation. However, in conjunction with
their text on Stata procedures for handling limited dependent variables, Long and Treese
(2008) developed a set of Stata -ado- files that automate the computation of these and
other statistics for interpreting logistic regression coefficients. (Those wishing to explore
these files should start with Long’s web page: htip://www.indiana.edu/~jslsoc. Follow the
links for I.ong and Freese’s book.)

A SECOND WORKED EXAMPLE:
SCHOOLING PROGRESSION RATIOS IN JAPAN

In the educational stratification literature an important hypothesis is that the dependence
of educational attainment on the social status of one’s parents decreases as education
increases. This hypothesis has been operationally specified in terms of progression ratios
from one level of schooling to the next (Mare 1980, 1981). That is, we can ask what
affects the odds that those at any given level of education go on to the next level: that pri-
mary school graduates enter secondary school, that those who enter secondary school
graduate, that secondary schoo! graduates go on to college or university, and so on. Once
we specify the problem in this way, it is evident that it is a logistic regression probiem,
but one of a particular kind. The distinctive feature of this sort of problem is that any indi-
vidual may make several transitions. It also should be evident that the formal structure of
the problem is identical to that of many nonreversible transitions; for example, in crimi-
nology, from arrest to arraignment to trial to conviction to sentencing; in medical research,
the transition through various stages of a disease; and so on. We tackle problems with this
sort of formal structure by pooling data for all transitions into a single data set and then
analyzing not a sample of people but rather a sample of transitions.

To see how this is done, consider an analysis of trends in educational attainment
in Japan, carried out by Treiman and Yamaguchi (1993). Here, to illustrate the method,

= "
et ( .16):.

Binomial Logistic Regression

present only the portion of cur analysis concerned {vith the transition from middle school
o higher secondary school and from higher secondary, school to college or university in
ostwar Japan. The data set included 1,320 men who completed their education during
he postwar period. Because education up to the middle school level is compulsory in
apan, OUr base is 1,320 middle school graduates; that is, 1,320 men were."at 1sk” of
btaining at least some higher secondary education. Of these, 1, 056 did so and hence were
st risk” of continuing on to college or university. Pooling those at risk of making the first
ad second transitions, we have 2,376 (= 1,320 + 1,056) transition possibilities to study.

For each of these cases, we create a dummy variable, ST/CCESS (5), scored 1 if the transi-
ion was made and O otherwise, We distinguish the two transitions by a dummy variable,

TRANSITION (T'), scored 1 for the transition from higher secondary (o terfiary education,

:r

“and O otherwise. We then estimate a series of logistic regression equations in which the

dependent variable is the natural log of the odds of successfully making a transition and
he independent variables are the transition variable, measures of the status of parents,
ear of birth (to study trends), and varions interactions among the variables. Table 13.4

¢ Goodness-of-Fit Statistics for Various Models of the Process
of Educatwnai Transition in Japan {Preferred Mods! Shown in Boldface).

‘ordins;

{13+ Transition + (Social originsy*{Transitiort)

Sotirce: Adapted from Treiman and Yamaguchi (1993, Table 10.4).
*All models and contrasts are significant at the .000 level except the (4) — {3) contrast, which is significant
atthe 223 level.
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that the relationship between social origing and the odds of making a transition depend on
which transition is considered. Model 2 represents our a priori hypothesis.

As we see, Model 2 is far more likely than Model 1 given the data, but Model 3,
‘which also posits a temporal shift in the odds of making each wansition, 13 still more
jjke]y. Thus we have preliminary support for our hypothesis, but we also have evidence
‘that the transition process had changed over time. (This point is further explored in the
'paper but need not concern us here.)

: In retrospect, the conirasts presented by Treiman and Yamagucht are not wholly sat-
‘isfactory. It wounld have been better to incinde a model intermediate between Model 1
and Model Z; that 1s, a model that posits a difference in the odds of making successive
‘transitions but with the effect of social origing constrained to equality across transitions.
The difficalty is that we do not know whether Model 2 is superior to Model 1 because
“the odds of making the wransition vary across transitions, or because the effect of social
‘origins varies across transitions, or both. The same point can be made with respect to the
‘effect of birth year—a model intermediate between Model 2 and Model 3 would have
been desirable.

- Actually, all that the coefficients in Table 13.4 tell us is that a model that posits
-different effects of social ozigins for different transitions is more likely than a model that
“posits the same effect. To pin down our claim, we need to inspect the effect parameters,
‘reported in Table 13.5, to be sure that they have the predicted sign.

Table 13.5 shows the effect parameters associated with the preferred model. Note that
_'I do not report the standard errors or p-values for individual coefficients. Because all of
‘the “main effects” in the model also appear in “interaction terms,” the appropriate way to
assess the effect of a single dimension is to contrast models with and without the variables
‘representing that dimension. 1 have done this in Table 13.4, but only for selected contrasts
‘tather than every possible pair of models. (Raftery discusses S-Plus software that makes it
‘possible to choose the most-likely-model-given-the-data from among all possible models
‘involving a given set of variables. Interested readers should consult Raftery [1995a].)

: Note that the treatment of standard errors in Table 13.5 contrasts with Table 13.3, where
I do show the standard errors and p-values. The difference is that Table 13.3 shows only
‘one interaction, so the p-value associated with the interaction term indicates the signifi-
cance of the difference in the fit of models including and not including the interaction term.
‘Where a model includes both variables for which individual significance tests are
‘meaningful and variables for which they are not because they are confounded by interac-
tions (or other transformations such as squared terms), the usual practice is to report all
significance tests and p-values. It might be preferable, however, only to report significance
tatistics when they are meaningful, in order to preclude incorrect interpretation.

This model suggests that the process of moving from one level of education to the
-next in Japan is about as we would expect it to be: the odds of making each transition vary
positively with parents’ education and with the status of the father’s occupation. Of greater
interest are the coefficients of the interaction terms T*E and T*P. These are both negative,
~which indicates that, as hypothesized, in these data the effect of social origins on going on
-fo the next level of education is weaker for the transition from higher secondary school to
-university than for the transition from middle school to higher secondary school. Each year

Effect Parameters for Model 3 of Table 13.4.

Source: Adapted from Treiman and Yamaguchi (1993, Tak;le4'@:5);"'?’reima.-r{_é-ﬁd\‘\{am_aguchi did not report the

standard errors. ; X
.
-,

shows goodness-of-fit statistics for Variéus maodels of the educational transition process,
and Table 13.5 shows effect parameters'for the preferred model. (This analysis was carried
out before designed-based estimation’ was generaily available. Thus no account was taken -
of the clustering of the sample. In addition to the usual clustering by sampling points.
typical of national surveys, transition-ratio models are clusiered by person because the -
transitions made by any one person are hardly independent. Thus in addition to any other
adjustments for clustered samples, the observations for each individual should be treated
as nonindependent.)

From Table §3.4 we see that Model 3 fits best according to both the likelihood ratio
and BIC. The model posits that the effect of social origins varies across transitions and also
that the odds of making the two transitions change over time (but the effect of social origins
does not change over time). From the point of view of our a priori hypothesis—that the
effect of social origins declines with successive transitions—the contrast between Models -
2 and 1 is particularly noteworthy. Model 1 posits that the odds of moving to the next higher -
level of education are affected by the social status of one’s parents (specifically, parents’
education and father’s occupational status, measured by prestige) but that the relationship
is the same regardless of which transition is considered. Model 2, by contrast, posits both
that the odds of making the transition depend on which transition is considered and also.
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of average parental education increases the odds of making the first transition, fmlﬁ-'_f
middle school to higher secondary school, by about 40 percent (because € = ] 41¢) -

but increases the odds of the second transition, from secondary school to university, by

only about 35 percent (because ¢*#50-0%% = ] 347). Thus, for example, all else equal; - :

the odds that a son of a university graduate will go on fo higher secondary school are
more than 11 times as great as the corresponding odds for the son of a muddle school

graduate (because 1.41646°% = 11.414). By contrast, among those who managed to get -
into higher secondary schocl, the odds that the son of a university graduate will go on -
to university are only eight times as great as the corresponding odds for the son of o
middle school graduate (because [(1.416)(0.9513]%¢% = 8.030). Simularly, the net effect ::_'_
of each unit increment in the prestige of the father’s occupation is to increase the odds of.

the first transition by about six percent (because %% = 1,059} but to increase the odds

of the second transition by only 4 percent (because ¢ @®® 005 = 1 040). Thus, for exam-
ple, the net odds of the son of a shopkeeper (prestige score = 42) making the transition

from middle school (o higher secondary school are more than twice as great as the net

odds of the son of a factory worker (prestige score = 29) making the transition (because -
1.059¢2-29 = 72 1(7). But the net odds of a shopkeeper’s son making the transition from

secondary to tertiary education are only about 66 percent greater than those for 2 factory
worker’s son (because 1.040%22 = 1.665). The effects of year of birth and of the inter-
action between transition and year of birth can be interpreted in a similar way.

As a reminder, the interpretation of contributions to log odds in models involving
interaction terms is exactly the same as in ordinary least-squares regression (see Chap-

ter $ix): the appropriate coefficients are added. However, as we saw in the first worked -

example, exponentiated coefficients (contributions to odds ratios) are not added bug

rather multiplied. Thus, for example,-the coefficient for parental education is 0.3480.
for the first transition and 0.2977 (= (.3480 — 0.0503) for the second transiticn. The- _
corresponding exponentiated coefficients are 1.4162 for the first transition and 1.3468

(= 1.4162%0.9509) for the second. Of course, 1.3468 = &"*77,

A THIRD WORKED EXAMPLE (DISCRETE-TIME HAZARD-RATE
MODELS): AGE AT FIRST MARRIAGE

One of the most powerful uses of binary logistic regression procedures is to estimate
discrete-time hazard-rate models, sometimes called event history models. Hazard-tate

models are those for the rate at which events occur or the likelihood that an event will
occur at a specified time. There is a well-developed statistical technology for estimating

such models, most of which is beyond the scope of this book. However, for a particular

class of these models, in which time is treated as a set of discrete values and the interest

is in estimating the likelihood that an event occurs in each period of time, conventional
binomial logistic regression procedures can be used once the data are appropriately

arranged. Indeed, as we will see, discrete-time hazard-rate models are formally equiva- _

Jent to the educational transition model we just discussed.

The basic procedure is to create a person-period data set by stacking replicates of the -
original data set for each period for which each individual is “atrisk™ of the event occurmng. -

Binomial Logistic Regression

For exampf{e, suppose we are interested in estimating the likelihood that individuals marry
at spsc;ﬁéci ages—say, at sach vear of agé Trom 15 to 36, We can do this by creating a new
data-set consisting of one observation foi each person for each year of age at which the
person has not yet married, plus the age af which the person married if he or she did, up to
and wpcluding the individual’s current agd. The dependent variable is a dichotomy, scored
1 if the person married at that age and scored 0 otherwise. For ever-married individuals,
the dependent variable takes on the value O for each age, from age 15 until the year before
they married, and is scored 1 for the age at which they marry. Observations representing
subsequent ages are dropped from the.data set, because once they marry, people are no
longer “at risk” of (first) marriage. For never-married individuals, the dependent variable
is scored O for all years, from age 15 up to their current age. Ages greater than their cur-
rent age are dropped from the data set because they obvicusly are not at risk of marriage
for ages they have not yet reached. We then amalyze this data set in the usual way, estimat-
ing a binomial logistic regression ¢quation,

At this point you may be wondering why we go to all this fuss when it wonld be easy
to treat age at first marriage as a ratio variable and simply carry out an OLS regression

: with age at first marriage as the dependent variable. This might be a reasonable procedure
-+ if we had a sample of persons old encugh to nc longer be at risk of marriage. However,

this typically is not the case, because we usnally analyze representative samples of a
population and thus include adults of all ages, some of whom have not yet married but
will do so in the frture. These cases are censored because we have stopped observing

- thern while they are still at risk for the event. Under these circumstances OLS regression
- gives misleading results whereas discrete-time hazard-rate medels give correct estimates
.~ of the likelihood of marrying at each age for those who are still at risk because they have

reached that age without ever having married.
To illustrate the practical procedures for carrying out such an analysis, I use the 1954

© GSS to estimate the likelihood of marrying for the first time as a function of age, mother’s

education, sex, and race (Blacks versus non-Blacks). Given marital norms in the late
twentieth-century United States, we would expect the likelihood of marrying to increase
with age up to the mid-twenties but then to decline, and we also would expect males to
martry later than females. We would expect those from well-educated families (measured
by mother’s education) to marry later, in part because they themselves tend to become
well educated and to delay marriage until they comgplete their education (although for

* some people marriage affects the likelihood of continuing in school). Finally, we would
- expect Blacks to be less hikely to marry than non-Blacks, both because of the socioeco-
- nomic position of Blacks and becanse of racial differences in norms regarding child-
. bearing outside of marriage;, Blacks are less likely to be coerced into marriage by their
: families in the case of unanticipated pregnancies.

The downloadable files “ch13_2.do” and “chi3_2log” show the specific commands ¥

- used to carry out the analysis, together with comments. Because Thave extensively documented
- these files, further comment on the specific Stata commands is for the most part unnecessary.
- The only novel feature of the Stata setup is the use of the - reshape- command to create a
- suitable data set, shown with results in the Stata log file. This command converts data from
- wide to long form; that is, in this case from a file of people to a file of person-years, where
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there is one observation for each person for each year at which he or she remains unmarried,: -
plus the year of marriage. This is a very efficient way o create a suitable data set for a discrete-
time hazard-rate analysis, which requires only a few lines of code. Study my setup plus the.

relevant section of the Stata manual to be sure you understand the logic of this command.

1 began by defining the risk set as including ages 15 through 56, becauscﬂ*f (after exclod-
ing a small number of cases with missing values on the independent vanables) no one -

in the sample married for the first time before age 15 or after age 56. 1 then estimated an
equation of the form
i

where W is the probability of first marriage, conditional on a respondent’s age, and the
A, are dummy variables for age at risk, with 15 the omitted category. This regressicn
pmduced the expected probabilities shown in the Stata log {converted from the logits
estimated in Hguation 13.17) and graphed in Figare 13.1. Inspecting the figure, we see
that the right tail is not very orderty. _ -
In particular, the probability of first marriage appears fo increase among those in their
40s and 50s. Inspection of the downloadable Stata -1og- file makes it clear why this is
s0: by the time people are in their late 30s, almost everyone has married. Thu§ one or two
marriages constitute 2 nonnegligible proportion of ail those at risk. The g.raph is somewhat
misleading i another way as well because all ages for which prediction is perfect because

(13.17)

]—a+EaA

i=16

Probability of marrying

T
13 17 21 25 29 33 37 a1 45 49 53 57
Age at risk :

; Expected Probability of Marrying for the First Time by Age
at Risk, 11.5. Adults, 1994 (N = 1,5586).

Binomizal Logistic Regression

no one at risk married at that age (37, 42, 44 through 48, 50 through 55) are dropped from
the equation and hence from the graph. The lesson here is that very sparse data may give
‘misleading results. Before continning with the analysis, I dropped all ages greater than 36.

i next reestimated the model, predicting the probability of marriage at discrete ages
(using an equation similar to Equation 13.17) and then substinited a fourth-degree poly-
nonuzl for discrete years to fit a smooth curve to age at risk. (I decided that a fourth-
‘degree polynomial, estimated by

(13.18)

m[ﬂw] o A+ A+ AT+ (4

was required by testing the significance of successive powers of risk age.) The two curves
‘are shown as Figures 13.2 and 13.3. Visual comparison suggests that they are quite similar,
although & formal test of significance reveals significant discrepancies at specific ages.
When 1 determuned this, I had to consider whether to continue with a discrete or smooth
representation of age at risk. I opted for a discrete representation, which more faithfully
‘tepresents the data, althongh a smooth representation of age at risk, which is far more
:parsimonious, alse would have been reasonable.

© Ithen proceeded (o estimate two additional models: including first the other variables
I hypothesized to affect age at marriage (sex, race, and mother’s education) and then
Interactions between these three varables and age at risk. Wald tests, for all interactions
4nd for interactions with each of the main effects {shown in the Stata iog), made it clear
that the model including interactions is the preferred model; all tests are significant at
beyond the 000 level. Thus, the likelihood of marrying at each age varies by sex, race,
d mother’s education. Table 13.6 shows contributions to odds ratios, which are the
antilogs of the coefficients estimated from an equation of the form

W
1n
5

where W is the probability of marrying given that one is at risk;  is the number of years
of school completed by the respondent’s mother, expressed as a deviation from the sample
mean; M is scored 1 for males and 0 for females; B is scored 1 for Blacks and ¢ for non-
Blacks; and the A, are durnmy variables for age at risk, with age 25 the reference category.
© In Table 13.6 the first column, labeled “Main Effect,” shows the expected odds of
man“ymg for non-Black females whose mothers’ years of schooling are at the sample
Toean, expressed in ratio to the effect for those age 25. The remaining three columns show
the interactions of age at risk with mother’s education, sex, and tace, except that the coef-
ficients for these variables at age 25 are the main effects. These odds ratios can be used
to make any comparison of interest. For example, among women who have never mar-
tted by age 21, the odds of Blacks marrying at that age are about three-fifths the odds for

261036
} =a+b(E)+c(My+dB)+ > eh

i=131024

(13.19)
+> FAE+Y g AM Y hAB
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Mother's Education, with Interactions Between Age at Risk and the Other Variables. {Continued)

Interasction with

Race {Black)

Sex {Maie)

Mother's Education

Main Effect

Age at Risk

2.458

1.119

0.058

sho persons at risk married. Thus the logits are undefined.

implicitly, one, The three remaining coefficients are the main effects of mother's education, sex

bBecause this is the reference category, the odds ratio for age is,

(male), and race (Black).

Binomial Legistic Regression

gMQQTHENG @%STRESUTEQNS Smoaothing refers to a class of tech-

nigues for making the general shape of a distribution clear by removing “noise”—deviations
from the underlying trend that result from sampling error or idiosyncratic factors. Perhaps
the simplest smoother is a moving average. A moving average is the average value of several
cansecutive data points. Consider the worked example in this section. A three-year moving
average of the expected probakility of marriage at each age would he constructed by first
taking the average of the expected probabilities for ages fifteen, sixteen, and seventeer;
then the average of the expected probabilities for ages sixteen, seventeen, and eighteen; and
<o on. At the time the age-at-first-marriage example was created, the Stata subcommand
-ma- {"moving average") was available within the -egen- command, However, this sub-
command is no longer documented in Stata 10 (although it still works), and has been replaced
by -smooth-, which generates medians of the included points rather than means. Another
smoother available in Stata is -1lowess-.

non-Blacks (precisely, 0.591 = 0.190%3.108). Among 30-year-cld never-married people,
the odds of marrying in that year among those whose mothers are college graduates are
nearly 10 percent higher than the odds for those of the same race and sex whose mothers
are high school graduates (precisely, 1.094 = (0.918%1.114)%).

Despite the usefulness of Table 13.6 for making specific contrasts, the overall pattern

. implied by the coefficients is difficult to discern. Again, graphs help. Figures 13.4 and

13.5 show three-year moving averages of the expected probability of first marriage by age

. at risk, separately for Blacks and non-Blacks. In each graph, separate lines are shown for

males and fermnales whose mothers had iwelve and sixteen years of schooling (as a con-
venient way of visually representing the effect of mother’s education). Moving averages
are shown because there is a great deal of “foat and bounce” for individual years, which
is evident from inspection of the coefficients in Table 13.6. (See the downloadable file
“chi3_2.do” for details on how the moving averages were constructed.)

Inspecting Figures 13.4 and 13.5, we see that marriage vates for Blacks differ
substantially from those for non-Blacks, with Blacks much less likely than non-Blacks
to marry at all. Moreover, non-Black females (especially those whose mothers have only
a high school education) marry at disproportionately high rates at ages nineteen through
twenty-five; non-Black males marry a bit later and with less concentration in a short
period. Black marriage rates, by contrast, are spread out over a much longer period, but
with an upsurge in marriage rates for males in their thirties, especially those whose moth-
ers are high school educated. For both Blacks and non-Blacks, males tend to marry later
than females, with male rates exceeding those of females beginning around age thirty.
Finally, among all race-by-sex groups, those whose mothers are high school graduates are
more likely to marry than are those whose mothers are college graduates.

T T were preparing these results for publication, I would present only a subset of the
rather farge set of tables and graphs we have just marched through. The intent here, of
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ourse, is to provide alternatives for you to consider when presenting your own analyses.
Examples of the application of discrete-time hazard-rate models inchude Astone and oth-
g5 (2000), Dawson (2000}, Lewis and Oppenheimer (2000), and Sweeney (2002).

.' A FOURTH WORKED EXAMPLE (CASE-CONTROL MODELS): WHO
WAS APPOINTED TO A NOMENKLATURA POSITION IN RUSSIA?

. When a dependent variable is a rare event, it is inefficient to draw a representative sample
of the population at risk for the event, because the sample size would have to be extremely
arge to obtain enough “positive” cases fo analyze. This is a frequent occurrence in epide-
' miological research, where the evenis of interest are diseases, but it also cccurs in the
social sciences. For example, if we ars interested in studying what determines who gets
ajected to Congress, we could hardly do this by drawing a representative sample of the
population and looking for the congressmen in it. We have similar problems in stadying
erime, crime victimization, homosexuality, and various other refatively uncommon phe-
nomena. One solution to this problem is to sample on the dependent variable (that is, to
draw a sample of congressmen, criminals, or homosexuals), collect information on that
_sample, collect corresponding information on a representative sample of the population
' that has not experienced the rare event (becoming congressmen, criminals, or homosexuals),
‘tombine the two samples, and model the odds of experiencing the rare event. This is
known as case-control sampling in the epidemiological literature (for an excellent review
of the statistical procedures involved, see Breslow [1996]).

Case-control sampling exploits the fact that odds ratios are invariant under shifis
in the distribution of the data. This extremely important feature of odds ratios makes it
possible to combine samples with very different distributions on the independent and
dependent variable in order to model rare events. This capability is not possible with OLS
regression because OLS coefficients are affected by the distributions of the variables in
the model.

To see how case contro! procedures work in practice, let us consider what factors
affected the odds of becoming a member of the Russian political elite at the end of the
Communist era. From Social Stratification in Eastern Furope after 1989 (Treiman and
Szelényi 1993), we have two representative samples from Russia: a probability sample of
the adult population (N = 5,002) and a random sample of persons who were in nomen-
klatura positions as of January 1988 (N = 850). (See Appendix A for a description of the
data and information on how to obtain them.) Nomenklatura positions were those that
required the approval of the Central Committee of the Communist party. They ranged
from very high government officials (for example, members of the politburo) down to
heads of sensitive organizations—for example, rectors of universities, editors in chief of
important newspapers, and heads of large industrial enterprises.

The general population sample departs in two ways from compliance with the
assumptions underlying case-control sampling, but neither deviation is important from
a practical standpoint. First, it is a probability sample of the 1993 population rather
than the 1988 population. However, the sampiing frame is based on the 1989 census, and
the sample therefore probably represents the 1988 population nearly as well as it does
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the 1993 population, the main (but probably not very large) discrepancy resulting f[()r;,l_:
differential mortality by socioeconomic status between 1988 and 1993. Second, the gep: :

eral population sample does not strictly meet the requirement that it be drawn from the:

population of non-nomenklatura members. However, membership in the nomenklamra is-
50 tare in Russia (about 10,000 persons, from an adult population of nearly 100 milligy
persons, which implies an expected value of about (.5 persons in the general popula-’
tion sample) that the violation is of trivial importance; and in fact there was no one in

nomenklaturo position in the general population sample.

Data for both samples were collected in 1993, using substantially identical question..
naires. 1 restricied the analysis to those age twenty to sixty-four in 1988, for whom complete:
data were available on all variables (777 members of the 1988 nomenkiatura and 2,369
persons in the general population sample). [ then merged the two samples nlo a single 1
sample and carried out a logistic regression predicting the log odds of nomenklatura
membership from a standard set of independent variables: edncation, gender, and age,. -

and father’s education, occupational status, and Communist Party membership. I weighted
the general population data to correct for differential household size and certain biases
in the sample design (see Treiman 1994, Section 1.G). Because the nomeniklatura sample

is a random sample of 1988 nomenklature members, no weighting was necessary—that is, -

all nomenklatura cases were weighted 1. No Stata log is shown, because once the two
samples are combined we have a conventional binomial logistic regression. The results of
the computations are shown in Table 13.7.

. Coefficients for a Mode! of Determinanis of Momenidatura
Membership, Russia, 1988.

ab

Robust Standard Ervor

P, Fa‘[her everCPmember7 S 0402 R e

an = .330. :
bp == 033, All other coefficients are significant at beyond the .0005 level.

Binomial Logistic Regression

Before turning to interpretation of the results, we should note the one difference
hetween case-control analysis and ordinary binomial logistic regression: in case-control
analysis the intercept is not meaningful. This should be obvious from the fact that the
intercept in logistic regression indicates the proportion of the sample that is “positive”
with. respect to the dependent variable. However, in case-conirol designs this proportion
is fixed by the sample design, and thus the coefficient adds no information.

Inspecting the coefficients in Table 13.7, we see very large effects and few surprises.
Each vear of schooling increases the odds of becoming a member of the nomenklatura
by more than 70 percent. Thus, all else equal, university graduates {who typically have
15 years of schooling in Russia) are more than 15 times as likely as high school gradu-
ates (with 10 years of schooling) to be appointed to nomenkiatura positions (precisely,
15.32 = 1.726570), The effect of gender is astronomical: males are more than 17 times
as likely as females to be appointed to nomenklatura posts. The effect of age is also
extremely strong: all else equal, the odds of being appointed to a nomenkiatura position
increase about 14 percent per vear. Thus, for example, a 50-year-old is more than 7 times
as likely to secure a nomenklatura position as is a 35-year-old (precisely, 7.23 = 1.14160%9),
Perhaps more interesting, the effect of social origins, even among those equally well edu-
cated, is far from trivial. Coming from a family in which one’s father was a member of the
Communist Party improves one’s chances of a nomenklarura appointment by about half,
all else equal. Also, each year of father’s schooling increases the odds of nomenklatura
appointment by about 11 percent—this in the worker’s paradise!—so that the offspring of
the university-educated intelligentsia (15 years of school) are about three times as likely
as the offspring of those with only a primary education to secure nomenklatura appoint-
ments, irrespective of their own educational achievement (precisely, 2.94 = 1114457,
Alone among the variables we have considered, father’s occupational status has no impact
on the odds of appointment to a nomenklatura post.

WHAT THIS CHAPTER HAS SHOWN

In this chapter we have seen how to estimate and interpret binary logistic regression mod-
els, which are widely used to model dichotomous outcomes such as whether pecple vote,
are employed, or are members of a particular organization. We have seen that although
the estimation procedures are quite different, the interpretation of the coefficients of such
models is similar to that of OLS regression, except that the coefficients represent net
effects of each independent variable on the log odds of an outcome.

Because log odds are not intuitive guantities, we have considered two nonlinear
transformations to more readily interpretable coefficients—odds and expected prob-
abilities—and have also seen how to graph net relationships, a form of regression stan-
dardization for logistic regression. Finally, we considered three extensions of the basic
logistic regression model: education progression ratios, discrete-time hazard-rate models,
and case-control models. A notable feature of logistic regression models is that they are
invariant with respect to the distributions of variables in the sample, which is what makes
case-control procedures legitimate in the logistic regression context but not in the OLS
Tegression context.
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25 AMD ERPONENTS gnificant when estimated using a logit model, and not even that when estimated by using
probit model. . o
Because probits are z-scores, they indicate the expected change, in standard deviation
\mits, in the latent dependent variable (what StataCorp 2007 [Reference I-F, 620] calls
“the “probit index™), vesulting from a one-unit change in the associated predictor variable.

‘Howevet, it is a property of probits, in common with logits, that the variance of the latent

For those who have forgotten their school algebra, here are some useful equivalencieg :
involving natural logarithms and antilogs (exponents}):

PLIC I

(X *7y=In(X} 4 In(¥)

Effect Parameters for a Probit Analysis of Gun Threat

m(X/¥)=mn(X)~ In(¥) :(chrespﬂnﬂing to Models 2 and 4 of Table 13.3).

HHY = ntDhtT) — Ul + (D ndependent Variable b Standard Error o Marginal Effect

X+Y) X ¥
XA,

€ e " Model 2

e(X—Y) — eX/€Y

In(X"y=P*In(X)

XP — (eln(X) )P — eP*}n(X)

Note that ¥ = In(X) and X = " are equivalent.

APPENTIY 12.8 INTRODUCTION TO PROBIT ANALYSIS
- . . » . Predicted probabiling
As noted at the beginning of this chapter, an alternative to logistic regression as a model] R LRI T

for predicting model binary responses is the probit model, which is defined as : Viodel 4
ode

k
Pr(Y = 11x) = &(3'x) = B(3, +Z,8ix1) (13.B.1)

where & is the standard cumulative normal distribution and there are k predictor variables.
From this definition it is evident that the 3s are z-scores, and that the associated prob-
ability can be determined by finding the area under the normal curve corresponding to a
particular z-score. This can be done by invoking Stata’s -normal - function.

Consider the example used in the chapter to illustrate the interpretation of logistic
regression models—the determinants of the likelihood of being threatened by a gun or
being shot at. Table 13.B.1 shows the probit coefficients—the bs—corresponding to the
logistic coefficients shown for Models 2 and 4 in Table 13.3. Note that the probit and logit
models yield similar conclusions except that in Model 4 the interaction term is marginally
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variable changes as additional variables are introduced into a model. This means thatj;
is not appropriate to compare corresponding probits across equations to assess the efféc'
of mediating variables, as we do with metric OLS coefficients. Rather, we must firg
standardize the latent dependent variable by dividing by the variance of the latent disty
bution. This produces ¥ *-standardized coetficients, which can then be directly compareg
across equations with differing numbers of predictor variables. To see how to accormpligh:
this, consult the discussion of ¥* standardization of ordinal logit coetfficients in the next.
chapter. (Note that in Equation 14.9, var( 11} = 1 for the probit modei.)

Because neither probits nor ¥ *-standardized probiis have inirinsic metrics, they are -
difficult to interpret. Thus probits typically are transformed in one of two ways: by find:
ing the expected probability of a pesitive cutcome for a given configuration of values of +
the predictor variabiss or by interpreting the marginal effect of a change in each predictor -
variable on the probability of a positive outcome. '

Again, consider the worked example. In the chapter we saw how to evaluate the
expected probabilities by race and sex imphied by the logit coefficients in Model 4. To cal- -
culate the corresponding probabilities from a probit model, we get the predicted z-scores. -
and then iransform them into probabilities using the cumulative normal fransformation, -
Recall that we evaluated the logit equation for people with twenty years of schooling in
1994. To evaluate the probit equation for the same values of education surveyed n the same
year requires that we compute a new intercept: a' = a + b,%20 + b *94 = —17117 -~
0.0114%20 + 0.0062*%94 = —1.3569 (where b, is the probit coefficient for education and.
b, is the probit coefficient for year of survey). Then we write out the expected z scores
by race and sex (where b, is the coefficient for MALE, b, is the coefficient for BLACK,
and b, is the coefficient for the interaction term) and transform them using Stata’s
-normal - function; :

Now let us consider the marginal effect. We might ask how big a change in the prob-
ability we could expect for a small change in a particular independent variable. However,
because the relationship between the probit index and the probability is nonlinear,
the answer depends on the values of the independent variables at which we evaluate the
change. Unless we have a reason for doing otherwise, evaluating the marginal effect of
each variable relative o the expected value when all independent variables are set at their
means would seem most reasonable, and this is the approach Stata takes for continu-
ous variables. However, there is an exception—it makes liffle sense to evalvate marginal
changes in dummy variables relative to their means. A better approach for dummy vari-
ables is to compute the discrete change—the difference in the expected prebability Tor
those scored 1 and  on the dummy variable, with ali other variables (including any other
dommy variables in the equation) set at their means. Thus, for example, we would want
to know the expected difference in the probability of males and females having been
threatened, among people who are at the mean with respect to the other variabies. For
continuous variables, however, we want to know the effect of a small change relative to
the mean for all variables. Thus for continuous variables the marginal effect is defined
as the slope of the probability function at the mean, extrapolated to a unit increase.

The marginal effects for Model 2 are shown in the rightmost column of Table 13.B.1.
Note that I do not show marginal effects for Model 4. This is because when we have inter-
action terms, the effects of the variables included in the interaction cannot be separated.
Thus when we have a model involving interactions, it is best to evaluate the probabilities
for various combinations of variables, as in the logit example.

The first thing to note is the predicted probability, 0.1753, which tells us the expected
probability that the average person in the data set has ever been threatened by a gun or shot
at. It is reassuring that the predicted value is close to the observed value—12.5 percent of
our sample has been threatened. This gives us confidence in the correctness of the model.

Non’ Blacks Blacks Now note the marginal effect for males. Because sex is a dichotomous variable, this

Females @(a’) Pla’ +by) coefficient gives the difference in the expected probability of having ever been threat-
Males S+ b) Fa - bt b+ b ened for males and females who are at the mean with respect to the other characteristics
M B Ym T Yaw included in the model; among such people, males are predicted (o be 21 percent more

likely than females to have experienced a gun threat. We also see that, at the mean, a one-
year increase in schooling would be expected to reduce the probability of having been
threatened by 0.0029. What would, say a ten-year increase in schooling bring? Note that

Substituting the numerical values of these coefficients, we have

Non-Blacks Blacks - : : A
here we cannot simply extrapolate the marginal effect. For example, it is not correct to
Females ©(—1.3569) = 0.0874 D(—1.3569 + 0.2994) say that a ten-year increase in schooling would result in a 0.029 decrease in the expected
= &(—1.0575) = 0.1451 propertion having been threatened. Rather, we need to compare the cumulative normal
_ transformations at the mean and at the mean plus ten years:
Males B(~1.3569 + 0.8126) P(~1.3569 + 0.81206 + 0.2994
= $(—0.5443) = 0.293] —0.0806) = ®(—0.3255) = 0.3724

(3, + /M + G (E+10)+ 8.7 +5,B)— DB, + B M + ,E+BY +B.B)
=B(—1.710 + 0.802 # 0.451 — 0.0111% (1239 +10) + 0.0062 * 84.47 + 0.259 % 0.111)

— $(—1.710+0.802 #0451 — 0.0111#12.39 + 0.0062 + 84.47 +0.259 % 0.111}

1482 — 1753

—.0272 ' (13.8.2)

Note that, multiplied by 100, these are extremely close to the percentages predicted by
the logit model, which are, respectively, for non-Black women, 8.8; for Black women,
14.6; for non-Black men, 29.3; and for Black men, 37.2. (See the paragraph following
Equation 13.16.)
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A final point to note is that the Jogit and probit models have similar shapes, except
that probit coefficients more quickly reach probabilities asymptotically close to zero or
one than do logit coefficients, as is evident from Figure 13.B.1. For this reason, logit
models are more sensitive when dealing with rare events or with predicted probabilities
close to zero or one. But with this exception, the two models almost always yield similar
substantive conclusions.

For further discussion of the binomial probit model, see Petersen (1985), Long (1997,
40-84), Powers and Xie (2000, Chapter 3), Long and Freese (2006), Wooldridge (2006,
583-595), and the -probit-, -probit postestimation-, -svy: probit-,
and -svy:probit postestimation- entriesin StataCorp {2007). For an interest-
ing application see Manski and Wise (1983).

The Stata commands used to create the worked example for the probit model and the
output are shown as the last part of downloadable files “ch13_1.do” and “chl3_1.log”

WHAT THIS CHAPTER IS5 ABOUT

In this chapter we consider models for three additional types of limited dependent
variables:

w categorical variables with more than two categories, for which multinomial
logistic regression is appropriate

=  ordinal variables, for which ordinal logistic regression is appropriate
m  truncated, or censored, dependent variables, where observaticns are not observed
below or above some level, for which tobit regression is appropriate

In each case we see how the model ig specified and then work through an illustrative sub-
stantive analysis.



#25  Quantitative Data Analysis: Doing Social Research to Test Ideas

MULTINOMIAL LOGIT ANALYSIS

Sometimes we wish to analyze categorical dependent variables with more than two
categories. In this case, we have available a natural extension of binomial logistic regres-
sion; multinomial logistic regression. The procedure involves simultaneously estimating
a set of logistic regression equations, of the form

P(Y =1|X) X
— T =g+ b,X
in P(Y:O{X) “ =
P(Y =2|X) K
— " |=a,+y b,X
Plre=op| " g (14.1)
P(Y =m|X) K
=g, +> b,X
I_U P(Y:O|X) &m £t km= k

Here, one category of the dependent variable is omitted and becomes the reference cate-
gory. The estimation procedure yields, for a set of m + 1 categories of some dependent
variable, m logistic regression equations, each of which predicts the log odds of a case
falling into a specific category rather than into the reference category (here designated by
¥ = 0). Note, however, that although the interpretation is stmilar to the binomial case, the
estimation procedure is nof equivalent to estimating a set of binomial logistic regression
equations in which the odds of being in a particular category versus not being in that cate-
gory are predicted. In general, the estimates will differ and the binomial estimates will be
incorrect.

This can easily be appreciated by imagining that we are interested in what factors
determine whether, in 1988 Poland, a person was a Communist Party official, a Commu-
nist Party member but not an official, or neither a member nor an official. If we estimated
a binomial logistic regression predicting ordinary party membership (without office hold-
ing) and another logistic regression equation predicting party office holding, we would be
in trouble with respect to the first equation because the negative category (not an ordinary
party member) would include those who were neither party members nor officials and
also those who were party officials. Tn consequence, the resulting coefficients would be
misleading. For example, it is likely that a coefficient relating education fo party mermber-
ship would be very weak because party officials are likely to be better educated than mere
members, whereas party members are likely to be better educated than nonmembers.

The appropriate way to handle this problem would be to estimate a multinomial
logistic regression model with three categories: nonmember, ordinary member, and offi-
cial. Doing so would result in two equations, one contrasting ordinary members versus
nonmembers and the other contrasting officials versus nonmembers, which are then
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pterpreted in the ordinary way. An aliernative would be to do a sequential logit analysis
“ip which first membership versus nonmembership is modeled, and then office holding
- yersus ordinary membership is modeled for party members only. The choice between
‘these alternatives would depend on how the process of becoming a party member or a
; :party otficial occurs. (See the brief discussion at the end of the chapter in the section on
< «Oither Models”

- A Worked Example: Foreign-Language Competence
n the Czech Republic

'To see how this procedure works in practice, let us analyze the factors that account for
- competence in English and Russian in the Czech Republic. The data used here were col-
“ lected in 1993 from a representative national probability sample of 5,496 Czechs age
" twenty to sixty-nine, as part of the survey Social Stratification in Eastern Europe After
¢ j989 (Treiman and Szelényi 1993; see Appendix A for details on this survey and how o
‘ obtain the data set and documentation}. Here we consider four groups:

those who speak neither English nor Russian
those who speak English but not Russian
those who speak Russian but not English
those who speak both languages

To be classed as a speaker of a language, a respendent had to report that he speaks
the language “fairly well” or “very well”; those who reported that they speak the lan-
guage “only a jittle” or “not at all” or who failed to answer the question were classified as
nonspeakers of the language. Becanse the survey was conducted in Czech, everyone
interviewed spoke Czech. A few may also have spoken a second langunage other than
Russian or English, but this possibility is not analyzed here.

My expectation is that professionals and technicians would be more likely than other
occupation groups to speak Hnglish because English is now the intemational language of
science, technology, and scholarship, and hence the ability to speak English is important
for professional advancement. Those- who were ever Commumst Party members, and
especially those who were government or party officials, would be more likely than other
occupation groups to speak Russian because Russian was necessary for political advance-
ment in the Eastern Bloc. Tt is less clear whether or to what extent being a manager would
increase the odds of speaking English (perhaps necessary for international business deal-
mgs) or Russian (perhaps necessary for Eastern Bloc dealings).

To identify those who potentially needed Russian for their careers, 1 classify respon-
dents by their 1988 occupation and create four dummy variables for 1988 occupation,
each scored 1 for those in the category and scored O otherwise: officials, other managers,
professionals and technicians, and others. (This variable was constructed by recoding the
expanded version of ISCO 88 shown in Treiman {1994, Appendix C]. “Officials” include
codes 1000 to 1166, “other managers” include codes 1200 to 1320, “professionals and
technicians” include codes 2000 to 3480, and “others” include codes 4000 to 9333. Those
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not reporting an occupation in 1988 were excluded from the analysis.) In addition to: Ef
these variables, 1include education as a control variable because it is clear that those whe:

are educated are more likely to speak foreign languages in general.

The data were weighted to adjust for differential household size and to bring the

sample characteristics into conformity with population distributions (see Treiman 1994 .

Section LG, for details). However, standard errors were nof adjusted for clustering. In -

the sample design, census tracts were divided into eight strata on the basis of size, and
households were randomly sampled within strata. Because the stratum identification is
not given in the documentation, there is no alternative but to real the sample as a simple
(weighted) tandor sample. Given the probable lack of systematic association between
the size of census tracts and other characteristics, the lack of adjustment for stratification
is likely to be of little consequence. The results are reported in Table 14.1 for the 3,945
people with a job in 1988 for whom complete information was available. (Download-
able file “chi4_1.log” shows the Stata log for the analysis, and “ch14_1.do” shows the
-do- file used to obtain the resulls.)

Inspecting the coefficients in Table 14.1, we see that, as expected, the odds of speak-
ing either Russian or English, or both, improved substantially with education. The odds
multiphiers in the second panel tell us that each additional year of schoohing increased the
odds of speaking Russian by 25 percent, the odds of speaking English by 36 percent, and
the odds of speaking both languages by 51 percent—all in contrast to speaking neither
Russian nor English. Thus, for example, net of other factors, the odds that a Czech uni-
versity graduate could speak Russian but not English (in contrast to speaking neither
Russian nor English) are nearly two and one half times as high as the odds that a high
school graduate could do so (because 1.2480%'% = 2 43} The odds that a university grad-
nate could speak HEnglish but not Russian are more than three times the odds for a high
school graduate (because 1.3631%"» = 3.45). The odds that a university graduate could
speak both Russian and English are more than five times the odds for a high school grad-
nate (because 1.5084'2 = 517).

Note that we are not restricted to comparisons with the omitted reference category.
By subtracting the coefficients for the log odds (or, alternatively, taking the ratio of the
odds multipliers), we can compare the categories for which we have explicit coefficients.
Thus, for example, each year of school increases the odds that a Czech could speak
English instead of Russian by about 9 percent (because ¢@®°'% = 1.363/1.248 =
1.092). Hence, the odds that a university graduate could speak English and not Russian
(rather than Russian and not English) are more than 40 percent greater than the corre-
sponding odds for high school graduates (because e**¥*=221% = (1.363/1.248)* = 1.423.
(Note that in contrast to our usual rule of thumb that three significant digits are sufficient,
it probably is best to report four digits for the coefficients becaunse they often are used in
subsequent calculations. Too much rounding error is introduced when only three digits
are reported, so that the mathematical relationships implied by the coefficients shown in
downloadable file “ch14_1.log” appear no longer to hold.)

Continuing with our substantive comparison, we note that, as expected, membership in
the Communist Party increased the odds of speaking Russian and decreased the odds of
speaking English but had no impact on the odds of speaking both Russian and English. All
else equal, the odds that Communist Party members spoke Russian but not English are

pMultinomial and Crdinal Logistic Regression and Tobit Regression

i Effect Parameters for a Model of the Determinants of
Eﬂghsh and Russian Language Competence in the Czech Republic, 1993
{N = 3.245). (Standard Errors in Parentheses; p-values in ftalic.)
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i40. 1. Effect Parameters for a Model of the Determinants of
English and Russian Language Competence in the Czech Republic, 1983
{N = 3,945}, {Standard Errors in Parenthesss; p-values in fakic.) (Continued)

Variable Russian English Both

about a third higher than the odds that they spoke neither language, whereas the odds that
Communist Party members spoke English but not Russian are culy about 40 percent as
great as the odds that they spoke neither language. Thus the odds that Commumist Party
members spoke Russian but not English are more than three times as great as the odds that
they spoke English but not Russian (because 020860 = 1.353/0.408 = 3.316). The
same is true of service as a government or Communist Party official. Here, as expected,
officials were nearly five times as likely to speak Russian (in contrast to speaking neither
Russian nor English) than were those who were neither managers nor professionals ar
technicians (recall that the reference category is all other occupations). The odds that
government officials spoke English or both Russian and English are effectively zero—
which they should be because not one of the sixteen officials in the sample speke English.
Finaily, we see that being a professional or technician in 1988 roughly triples the odds of
speaking Russian only or English only, and quadruples the odds of speaking both English and
Russian, relative to speaking neither English nor Russian. By contrast, being a manager m
1988 nearly triples the odds of speaking Russian only, relative to speaking neither. But the
effect of being a manager on the odds of speaking English or of speaking both English and
Russian were both somewhat smaller than the effect of being a manager on the odds of speak-
ing Russian. Also, the coefficients are only marginally significant—at about the 0.1 Jevel.

Although for this example I settled on a single model in advance, model selection for
multinomial logit models is carried cut in exactly the same way as for binomial logit
models— by taking the ratio of the difference in L? s (Model X”s) to the difference in the
degrees of freedom for any two models, to determine whether one model fits the data sig-
nificantly better than the other model (but recall that this procedure is not possible when
robust estimaticn is used—ihat is, when the data are weighted or clustered; rather, a Wald
test should be used to compare models).

Independence of irrelevant Alternatives

In the multinomial logit model, the relative odds of being in two categories are assumed to
be independent of the other alternatives included in the model. This follows from Equation
14.1, from which we can derive the difference in log odds for two categories, d and ¢, as
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Py =dlX)
8 P(Y =c|X)

ad-i-ibkﬂ,)( ]—

k=1

Note that only the two categories being compared enter the equation. If, however, the rela-
tive odds do depend on what the alternatives are, the model produces misleading
estimates. To see this clearly, consider McFadden’s (1974 ) well-known example of trans-
portation choice. Suppose people can travel to work by bus or by car and that half choose
to go by car and half by bus. Now suppose a competing bus company establishes buses
with the same routes and schedule, so we no longer have, say, only blue buses but also red
buses. Presumably, the half that traveled by car would continue to do so, but the half that
traveled by bus would divide equally between the red and blue buses, taking whichever
bus showed up first at the bus stop. Thus the odds ratio for car versus blue-bus
ridership would change from 1:1 to 2:1, violating the assumption of the model.

Now consider another example. Suppose there are two restaurants in a neighborhood, a
Mexican and an Ttalian restaurant, and that the Mexican restaurant gets 60 pescent of the total
business. Then a new Chinese restaurant opens in the neighborhood and draws off 20 percent
of the business of the Mexican restaurant and 20 percentt of the business of the Italian restan-
rant. The Mexican restaurant’s share of the total is now 48 percent, and the Italian restaurant’s
share of the total is 32 percent. Here the independence-of-trrelevant-aiternatives (ILA)
assumption holds because 60/40 = 48/32 = 3/2.

Because the multinomial model is misleading when the ITA assumption is violated,
McFadden suggests that multinomial (and conditional) logistic regression models should
be estimated only when the outcome categories “can plausibly be assumed to be distinet
and weighed independently in the eyes of each decision maker” (1974, 113).

A formal test of the ILA property is available, implemented in Stata 10.0 as - suest -
(“seemingly unrelated estimation,” a generalization of an earlier command, -hausman-).
The -suest- test compares models that do and do not include presumably irrelevant
outcomes. If the resulting parameters for the restricted and unrestricted models are simi-
lar, the additional outcomes can be assumed to be irrelevant. Applying these ideas to cur
current example, we might ask whether the odds that people speak English are affected
by including “Russian” as an alternative in the model. In this case the test strongly
suggests that the TIA condition is not satisfied. Thus we might consider estimating
a sequential logit model in which we successively consider two questions: whether a
respondent speaks either Russian or English versus speaking neither language, and for
each of the two subsets of respondents—those speaking Russian and those speaking
English—whether they speak the other language as well.

Tor further discussion of the ITA assumption and its consequences, see McFadden
(1974), Hansman and McTFadden (1984), Hoffman and Duncan (1988), Zhang and
Hoffman (1993), Long (1997, 182-184), Powers and Xie (2000, 245-247), Long and
Freese (2006), and the -hausman- and -suest- entries in StataCorp (2007). Addi-
tional examples of the application of multinomial logit models include Aly and Shields
(1991), Haynes and Jacobs (1994), Tomaskovic-Devey and Skaggs (1999), and Breen
and Jongson (2000).
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ORDINAL LOGISTIC REGRESSION

Often in the social sciences we have ordinal dependent variables, where the response catego-
ries can be ordered on some dimension but where the distance between categories 1s unknown.

Most attitude variables are of this sort. For example, if people are asked to say how happy -

3% 4k

they are, and the response categories include “very happy,” “pretty happy,” and “not too
happy,” there is no ambiguity in assuming that those who say they are “pretty happy” are
less happy than those who say they are “very happy” and are more happy than those who say
they are “not too happy.” However, there is no basis for assuming that the distance between
“not too happy” and “pretty happy” is the same as the distance between “pretly happy” and
“very happy” Many other attitade scales have similar properties. In such cases we could
predict the scale score using ordinary least-squares regression. However, to do so would be
tantamount to assuming that the distance between response categories is umiform. (For a use-
fisl discussion of this and other points, see Winship and Mare [1984].)

An alternative is to estimate an ordinal logit equation, which makes use of the ordered
property of the response categories on the dependent variable but makes no assumptions
at all about the relative distances between categories. The basic assumption of the ordered
logit model is that there is an uncbserved continuous dependent variable, Y*, which is a
linear function of a set of independent variables:

N
Y*=a+2ijj+u (14.3)
i=1

However, what is observed is a set of ordered categories, ¥ = 1 ... §, such that

=1 —co< Pk,

=2if k, <Y* <k, (14.4)

=1ifk, , <Y*<o0

where the k are “cuiting points” on the unobserved, or latent, underlying variable. Now, because
we observe V= 1 when ¥* < &, observe ¥ =2 when k, < ¥Y* < k,, and so on, 1t follows that

pr(y =i|X}=Pr(k_, <V*<k|X] (14.5)

Substituting from Equation 14.3 and imposing the constraint that @ = 0, which 1s
necessary to identify the equation, we have

J
Pr(Y =i X )= Pr(k,_, g2bjxj +p, < k| X) (14.6)
| - |

Then, subtracting within the inequality and noting that the probability that a random vari-
abie falls between two values is the difference between the cumulative density functions
evaluated at these values, we have
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1 1

PrY =i| X) = —
i+ e(—k,+2bj.zj) T e(_k,._l.kzbjxj)

(14.7}

That is, the expecied probability that an observation will have a particular valoe is the dif-
ference between the probability associated with reaching the upper-bound cuiting point
and the probability associated with reaching the lower-bound cutting point, where these
probabilities are estimated from logistic functions known as carmulative logits because
they give the log odds of reaching each cutting point. (Note that for the exireme catego-
ries one of the terms of Bguation 14.7 drops out because the probabilities associated with
—oo and oo are zero.)

A Worked Example: Political Party identification
in the United Siates, 1998

Consider the following substantive problem. Suppose we wish to assess what factors lead
people to place themselves toward the Republican end rather than toward the Democratic
end of a scale of political pariy identification. Here is the item and the ordinal response
categories in the 1998 G8S:

Generally speaking, do vou nsually think of yourself as a Republican, Democrat,
Independent, or what?

IF REPUBLICAN OR DEMOCRAT: Would yvou call yourself a strong (Republican/
Democrat) or not a strong (Republican/Democrat)?

IF INDEPENDENT, NG PREFERENCE, OR OTHER: Do you think of yourself as
closer to the Republican or Democratic Party?

This set of questions and responses yielded seven response categories:

Strong Dermocrat
= Not strong Democrat
#  Independent, near Democrats
# Independent
Independent, near Republicans
Not strong Republican
m  Strong Republican
On the ground that the Republican Party is increasingly the party of nonurban affiu-

ent non-Black males, especially those from the South, | predict the score on a continuum
underlying the listed response categories from the following variables:

size of place {people living in large [population more than 250,000] central cities
of Standard Metropolitan Statistical Areas [SMSAs], other people living in
SMSAs, and people living cutside SMSAs)

@ income (with categories recoded to their midpeints and the open-ended upper
category, $110,000 and over, recoded to $150,000)

gender {male versus female)
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& region of residence (South versus other)
= race (Black versus non-Black)

Survey estimation procedures were used to take account of clustering and differentialfﬁ
household size. The Stata commands that carry out this analysis are shown in downlogd::
able file “chi4_2.do” and the results are shown in “chl4 2log” 8

A property of ordinal logistic regression (which applies also to binomial iogmtzc.
regression models of the sort discussed in the previous chapter) is that the variance of
the latent variable presumed to underlie the observed outcome variable changes ag
variables are added to the prediction equation. Thus, it is not appropriate to directly
compare corresponding coefficients across models, as is commonly done with OLg
models (see Chapter Six). Rather, the latent dependent variable must first be standard-:
ized. To illustrate how to carry out such a standardization and how to interpret the
resulting coefficients, I estimate two models—Model 1, which omuts race, and Model 2,
which includes race. ke

First consider Model 1, shown in the left panel of Table 14.2. Here we see that all of
the variables have the expected signs—a positive sign means a shift toward Republican -
identification. However, Southern residence is not at all significant. {To assess the joint'
significance of the two “urban” coefficients, I use Stata’s -test - command in the usual -
way. Doing so, I conclude that the urban distinctions are significant at well beyond con- :
ventional levels.) Now consider Model 2. Once Blacks are included in the model, the -
effect of Southern residence becomes marginally significant (at the 048 lsvel). This is as :
we would expect, considering that Blacks are more likely than non-Blacks to reside in the
South (53 percent of Blacks versus 33 percent of non-Blacks) and are also much more .
likely to identify as Democrats (63 percent of Blacks versus 30 percent of non-Blacks). -
When race is not included in the model, the Targe fraction of Southern Black Democrats
suppresses the positive effect of Southern residence on Republican leaning. Once we -
control for race, this effect emerges clearly.

Converting the Logits to Y*-Standardized Form Inspecting the coefficients, it
appears that the inclusion of race in the model dramatically increases the effect of
Southern residence, from .050 to .187. However, this comparison is inappropriate
because the variance of the latent “Republicanism” variable changes when additional
variables are included in the model. Thus, before comparing coefficients, it 15 neces-
sary to standardize the coefficients. Although there are several ways to do this, a partic-
ularly appealing approach is to standardize only the latent dependent variable, so that -
the resulting (Y*-standardized) coefficients indicate the expected change in the stan-
dard deviation of the tatent variable for a one-unit change in the independent variable.
An important advantage of Y*-standardization over full standardization is that, as we
saw in Chapter Six, fully standardized coefficients are not appropriate for categorical
variables because for such variables they are affected by the relative size of the cale-
gory as well as by the size of the mefric eifect.

An additional reason for standardizing the coefficients, even when we do not want to
compare corresponding coefficients across models, is that the latent dependent variable

Effect Parameters for an Ordered Logit Model of Political Party klentification, U.5. Adults, 1938
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- has 00 intrinsic metric, which makes the size of the unstandardized coeflicients meaning-
* Jess. (Recall from Equation 14.3 that the coefficients shown in Table 14.2 represent the
- effect of a unit change in each of the independent variables on the unobserved, or latent,
: dependent variable, ¥*, holding constant all other independent variables.) However,
* pecause it is possible to estimate the variance of ¥, we can divide the coefficients by the
" gtandard deviation of ¥* to get semistandardized, that is, ¥*-standardized, coefficients,
which are then interpreted as the number of standard deviations of difference in ¥ * expected
* for two individuals who differ by one unit on the given independent variable. That is,

3 __bh_ (14.8)

Jvar.(Y*)

- where b, is the coefficient associated with the ith variable and §, is the ¥Y*-standardized
; coefficient. To get the variance of Y%, L follow Long (1997, 129):

var(¥*) = B'VB + var{\)) (14.9)

 where B is a vector of logits, V is the variance-covariance matrix of the logits, and
. var(p) is w3, {See the downloadable file “chi4_2.do” for how to estimate these coeffi-
 cients, which are reported in the rightmost column of each panel of Table i4.2)
Consider Model 2. As we see, net of all other factors, Blacks are nearly a half standard
deviation lower than non-Blacks with respect to Republican orientation. No other variable
. has nearly so strong an impact. In particular, although positive, the effect of Southern resi-
'~ dence is weak, only about half as strong as the effect of gender and about a third as strong
as the effect of nonmetropolitan residence. Family income also has only a modest effect.
For example, two individuals would have to differ in income by about $184,000 per year,
net of all other factors, to be about as far apart in Republican tendencies as are Blacks and
non-Blacks, who are identical in other respects (precisely, 0.423 = 0.023*18.39).

Getting Predicted Percentages Another way to assess the magnitude of the effects is
to evaluate the prediction equation for particular values of the independent variables.
To do this we need to take account both of the coefficients associated with each of the
. independent variables and of the ancillary parameters, the cut points, which corre-
spond to the ks in Equation 14.4. Together, these two sets of variables model the cate-
gorization. For example, from Equation 14.7 we can estimate (from the Model 2
coefficients) the prebability that a non-Black man earning $40,000 to $50,000 per year
and living in a central city of an SMSA outside the South is categorized as a “strong
Democrat’™

! =.118

(= L33y D764*4.5 + 334) (14.10)

14-¢

Similarly, the probability that such a person is a “not strong Democrat” is
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1 ! 223 (14.11) -

1+e(—(,02)+.0764*4.5+.334) o 1+ e(-—(—l,33)+.0764*45+.334) -

Although these probabilities may be computed by hand, it is easy to have Stata do the
work. The trick is to use the -predict- command to get the predicted distribution for
persons with the desired profile of characteristics (see the Stata -1log-). Table 14.3 shows
the predicted distribution of party identification for Black and non-Black males earning
$40,000 to $50,000 per vear and living in central cities of SMSAs. (Of course, I could
equally well estimate predicied probability distributions for any combination of characteris-
tics. Indeed, it is possible to get estimates for combinations of variables not found in the
sample by creating a new data set containing these combinations. {See the discussion of
-predict- in StataCorp 2007.) As we see, non-Blacks are substantially more Republican
than otherwise simiiar Blacks.

Constructing Odds Ratios Stll another way to assess the net effect of an independent
variable is to compute its contribution to the ratio of the odds of being below any given
value in the ordinal scale to the odds of being at or above that value. Because of the way
the logits are derived, their contributions to odds ratios are constant regardless of the cut-
ting point, and it can be shown (Long 1997, 139) that they are equal to ¢ *, for the kth
independent variable. Thus, for example, the ratio of the odds that males and females will
be strong Democrats versus less-than-strong Democrats is just e”%%*=0.72; or, putting it
more naturally, net of other factors women are about 40 percent more likely than men
(precisely, 1.39 = 1/0.72) to be strong Democrats (rather than anything closer to the
Republicans). Similarly, women are about 40 percent more likely than men to be any kind
of Democrat (compared to Independents plus Republicans).

Comparisons to Other Estimating Procedures: -gologit2- As we have just seen, an
important constraint embedded in the -ologit - estimation procedure is what is known
as the proportional odds assumption—that the explanatory variables have the same effect
on the odds that the dependent variable is below any dividing point. On the face of it, there
is often little reason to assume that the odds are proportional. Why should we assume, for
example, that gender has the same effect in distinguishing strong Democrats from all oth-
ers and in distinguishing anyone who is Democratic-leaning from Independents and
Republicans; and the same for each other independent variable? A user-written -ado-
file, -gologit2- (for Generalized Ordered Logit Model) relaxes this assomption,
allowing the odds to vary across cutting points. Reestimating Model 2 of Table 142
using -gologit2- rather than -ologit - yields the coefficients shown in Table 14.4,

As we can see, the effects of each variable differ substantially from categoery to cat-
egory. For example, Southern residence distinguishes neither strong Democrats nor
both kinds of Democrats from those who lean more toward Republicans, nor does it
distinguish strong Republicans from others; bat it does significantly affect the remain-
ing distinctions. Similarly, nonmetropolitan residence matters rather more in the middie
of the distribution than at either extreme. Still, the pattern of distinctions does not
appear to be very systematic.
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: Predicted Probability Distributions of Party identification
for Black and Mon-Black Males Living in Large Central Cities of Non-Southern
spA5As and Earning 490,000 to $50,000 per Year.

Black

Non-Black

In my judgement, because the gologit model is rather more complex than the ologit
model, two criteria need to be satisfied to justify substituting -gologit2- for
-ologit - estimates: first, that the proportional odds assumption be shown to be inade-
quate; and second, that the coefficients for the gologit model be interpretable and
informative. To determine whether the proportional odds assumption is inadequate, we
estimate the gologit model and test the equality of corresponding coefficients for each of
the cutting points. In the present case we reject the null hypothesis that the coefficients
are egual (X2, with 30 d.f. = 147; p < .0000). However, I am hard pressed to arrive at a
coherent interpretation of the variations in the coefficients across cutting points. I would

ESTIMATING GENERALIZED ORDER LOGIT MODELS
WITH STATA A routine to estimate generalized ordered logit models was first
written by Vincent Fu when he was a graduate student at UCLA (Fu 1998). Fu’s routine has
been enhanced by Williams (2006). Williams's -ado- file, -gologit2-, can be downloaded
from within Stata. Type “net search gologit2,” click the first entry, and then select “Click here
to install.”
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. Effect Parameters for a Generalized Crdered Logit Model Democrat or Democratic-leaning Independent versus ather
of Political Party Identification, U.5. Adults, 199%8. '

b Standard Errov

 Residence in SMSA, -

Strong Democrat versus other - not i large contar. i PR

“Residence in SMSA,
‘notin large center-

- Residence in SIMSA, -
-notiftlarge center: . .

- "Residence in SMSA, ©
- otiin large center -

(Conrfnued)
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thus he inclined to settle for the conventional ordinal logit medel on the grounds of
~ parsimony.

Effect Parameters for a Generslized Ordered Logit Mode)
of Political Party Identification, U.5. Aduits, 1298, {Continued)

Ordinary Least Sqguares as an Alternative Tinally, we could treat the dependent vari-
able as an interval variable and estimate ap ordinary least-squares equation. This amounts
to assumung that the distance between any pair of adjacent categories is identical. As
it mrns out, in the present case the coefficients yielded by the OLS model, shown in
Table 14.3, are quite similar to those yielded by the ologit model. Thus, we might be as
well served by simply estimating an OLS model, which i much simpler to estimate and
to interpret than is the ologit model. The difficulty is that unless we carry out the analysis
: both ways we really do not know whether the results will be similar in any particular
instance. Thus, a reasonable strategy is, indeed, to carry out the analysis both ways and,
if the results prove to be similar, to present the OLS resulis but to add a note indicating
that voun did the analysis both ways and got similar results. Of course, if the results differ
. enough to affect the conclusions, the ordinal logit model is to be preferred over QLS
. because it 15 less resirictive; that is, because it does not assume that the categories are
equidistant,

b Standard Error [+

Other versus not-strong or strong Republican

~Residence i SMSA;
‘niotin large center:

TORIT REGRESSION (AND ALLIED PROCEDURES)
FOR CENSORED DEPENDENT VARIABLES

Often we have dependent variables that are censored in the sense that the recorded values
do not represent the entire range of the true underlying variable. The classic case is that
studied by the economist James Tobin (1958)—hence the name tobit regression (coined
by econometrician Arthur Goldberger when he described “Tobin’s probit”)—where a
consumer good was purchased if the desire was high enough, with “desire” measured by
the dollar amount spent on the good. From this definition of “desire,” it is evident that the
measure is “censored” at zero, because all those not making the purchase are recorded as
© having “zero” desire, whereas in reality some might have been close to making it and
* might have done so had the price been a little lower. Others might have had no desire at
all and would never have made the purchase regardless of the price, and stili others might
have wavered in between. That is, there actually is variability in the relative desire of
those recorded as having zero desire. :
An underlying variable is censored in many other situations as well. The classic case
18 where many values are below a threshold that would lead to action; for example, the
. number of extramarital affairs (Fair 1978), the number of infant deaths experienced by
- mothers (Wood and Lovell 1592), the number of killings committed by police in different
¢ jurisdictions (Jacobs and (O’ Brien 1998), the number of arrests after release from prison
. (Witte 198(), the number of scientific publications (Stephan and Levin 1992), the number
. of protests i a nation (Walton and Ragin 1990), and the number of hours worked per
. year (Rosen 1976, Keeley and others 1978, Quester and Greene 1982). But we also can
imagine other kinds of cases: attimde variables that fail to offer enough options, income
coded in categories with a top code that is too low, censoring that occcurs because the
length of time to an event is analyzed only for those to whom the event has occurred
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(Daula, Smith, and Nord 1990). Other substantive applications include Mare and Chen

Effect Parameters for an Ordinary Least-Bqguaras - :
(1986); Sattzman (1987}, Roncek (1992); and Treno, Alaniz, and Groenewald (2000).

Regression Model of Political Party identification, U.5. Adulis, 1938,

b Standard Error b The Tobit Model

‘The obvious question is what to do in the case where we have censored observa-
‘tions—for example, observations scored zero (or some other constant) when we think
‘that there is variability in the true underlying value of the censored observations. One
solution is to simply carry ont an OLS regression of the entire daia set. But this pro-
‘duces inconsistent estimates (Long 1997, 188-190). Another solution is to discard the
censored cases and carry out an OLS estimation of the relationship in the noncensored
' cases——for example, determinants of how many hours people work among those who
“work at least some hours. But this approach, which amounts to truncating the distribu-
tiom, also produces inconsistent estimates {Long 1997, 188-190). Tobin’s solution was
to divide observaiions into two sets: uncensored and censored observations. Formally,
- for observed values of dependent variable ¥, censored at some value 7, we have

 Resdenca i SMSA,
"ot in large center-

K
Vi =a 1S h X, e ifY >
K‘" i ; ik |f i (1412)

Ty Y <7

That is, the observed value of ¥ is equal to the “true” value of ¥ ¥* if ¥* is above the
“value at which observations are censored and is equal to some constant value (usually, but
' not necessarily the value at which observations are censored) if the true value is at or
below the value at which observations are censored. For the first set, estimates are derived
in the same way as in ordinary least-squares estimation. Tor the second set, it is possible
to estimate the probability that an observation is censored, conditional on the values of
' the independent variables, and to use this probability to estimate the likelihood. These
' estimates are then combined to produce expected values for all observations, conditional
- on the values of the independent variables:

E(¥|X,) = [Pr(uncensored|X,)* (E(Y| Y, > 7.X,)]

+ [Pr(censored|X,) * 7] (14.13)
. where
X
X,=a+y bX,
k=1

~ For an accessible exposition of the mathematics involved, see Long (1997, Chapter 7).
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The tobit model has been extended and generalized in a number of ways:

% to allow for right censoring and both left and right censoring (that s, censor'mg. .

at low values and high values of a distribution)

@ to allow for the possibility that different observations are censored at different
values (for example, income when several years of the GSS are pooled}

et

set of categories (in many surveys income is coded this way)
to correctly estimate effects where observations are truncated

o

to deal with sample-selection problems

In the following section I provide a worked example that illustrates many of these exten-
sions, (For estimation details, see the Stata downloadable files “chl4_3.do”
“chld 3log”)

A Worked Example: Frequency of Sex

The 2000 GSS included the question “About how often did you have sex during the last
twelve months?” The response categories (shown with codes to be used later) are detailed
in Table 14.6.

Clearly, these data are censored both below and above. Those who have not had sex
at all in the last year include those who have never ever had sex and those who have sim-
ply been unlucky in the past year, with others in between. At the other extreme, coding
“more than three times a week” as four times a week, or five times a week, may understate

Codes for Freguency of Sex in the Past Year, U.5. Adults, 2000.

to allow for situations in which an underlying continuous variable is coded as 4 '-

angd -

Midpoint Lower Bound Upper Bound

Jnceortwice

357
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. the prowess of newlyweds and other sexual athletes. Finally, some categories include a
range, which might or might not be optimally represented by the midpoint.

To illustrate the effect of censoring, let us consider a simple model in which fre-
quency of sex is predicted from age, gender, and marital status (currently married versus
- not). In fact, in this and most analyses involving age, it would be better to include 2
. squared term. However, I do not do so just yet because including only linear terms makes
the exposilion easier.

Table 14.7 shows the results for four estimates:

ordinary least-squares estimates with the categories coded at their midpoints but
with an arbitrary top code of 208 for “more than 3 times a week” (= 52%4)
tobit estimates with censoring from below

»  tobit estimates with censoring both below and above
interval regression estimates with censoring both below and above

Comparing the coefficients in the two left columns, we see that the effect of censoring
“from below is severe. Failure to take proper account of such censoring resulis in an

Lo . Alternative Estimates of a Model of Frequency of Sex,
i, S Adults, 2000 (N = 2,258). {Standard Errors in Parentheses: Al Coefficients
Are Significant a1 .00 or Beyond,)

Model 3: Model 4:

Model 2: Tobit, Left interval, Left
Model 1: Tobit, Left and Right and Right
OLs Censored Censored Censored
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underestimate of the effect of marital status on frequency of sex by about half ang alsg
very substantial underestimation of the effects of age and of being male. lnterestinglyf.
taking account of censoring from above as well as below hardly changes the soefﬁcients’.-
suggesting that marital status, age, and gender have little impact on the probability 01,‘.'.
being extremely sexually active. Inspection of the probability of censorship from above': '_

confirms this supposition: even among the most sexually active group, young married

men, no more than about 15 percent have sex more than three times per week. By conz:
trast, there is great variability by marital status, sex, and especially age in the proba’oﬂity’”
of never having had sex in the last year, ranging from about 3 percent of young mamied

men to about 90 percent of elderly unmarried women.
Apart from the probabilities, three predictions are of interest: the linear prediction
from the model, the censored prediction, and the truncated prediction. Graphs of these

predicted values for Model 4 are shown in Figure 14.1 by age, for married women. The

linear prediction is the prediction from the model, which tells us that, net of other factors
the frequency of sex per vear declines by about 2.3 occasions per year of age. The grap};
tells us that for married women the frequency of sex declines to less than once a year by
about age seventy. Although negative observed values make no sense, the linear predic-

tion gives the values of a latent, or underlying, variable. We can think of this variable ag

the propensity for sex, which declines steadily with age (because, of course, we have
modeled the frequency of sex as a linear function of age).

The censored prediction equals the latent prediction when the dependent variable is
observed and equals the censoring value when the dependent variable is censored. (Some-
what confusingly, Stata calls censored predictions the “ystar” option, although ¥* ig
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- usuzlly taken to indicate the latent variable, as it is in Equation 14.12.) Thus in this case,
¢ we assurne that 0 and 208 are true values for those in the lowest and highest categories.
By construction, censored predictiops must fall within the range of the uncensored
" pbservations.

The truncated prediction is defined only for those observations that are not censored.

“1In this case the truncated prediction gives the predicted frequency of sex among those
* who had any sex at all in the last year. Note that neither the censored prediction nor the
: qruncated distribution is linear. Thus, these predictions must be evaluated at specific lev-
" els of the independent variables. Most commeonly we will be interested in the linear
* prediction.

Now that we see how (o interpret tobit coefficients, let us extend the analysis slightly

* to make it more substantively plausible. I do this by adding a squared term for age and
" aliowing interactions between age, gender, and marital status. As it happens, it is not nec-
' essary to posit three-way interactions among marital status, gender, and, respectively, age
" and age squared; a model positing the three-way interactions does not fit significantly
-~ petter than a model with the two sets of two-way interactions, between gender and,
respectively, age and age squared, and between marital status and, Tespectively, age and

age squared, The coefficients for this model are shown in downloadable file “chl4_3.
log” Because they are difficult to interpret directly, T have graphed (in Figure 14.2) the

" relationship between age and the frequency of sex for each gender—marital status

combination.

Inspecting the graph, we see that-—no surprise-—married people have more active sex
lives thap do currently unmarried people of the same age and gender, and that sexual
activity declines at an increasing rate with age.
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Interestingly, in both marital status categories, men report more active sex lives thay
do women of the same age and marital status. The reason for the gender discrepancy: -
within marital status categories is not completely clear but probably reflects a 'Eeiﬁdﬁﬂcy.:“
for men to overreport and (or) for women to underreport their sexual activity. Note thay,
considering only heterosexual activity, both the average number of sexual encounters ang -
the average tumber of partners roust be identical for males and females. Thus there
clearly is biased reporting; differential nonresponse (for example, the likelihood that, say;- :
women with many sexual partners—for example, prostifutes—are underrepresented in
the GSS8); or more reported homosexual activity among men than among women. '

Married men and women both average about one partner (precisely, 1.03 and 99),
which suggests that for both married men and marvied women their spouse is usually their
only partner, which in turn would imply that the average number of sexual encounters -
should be the same for currently married men and women, adjusting for the three-year
average difference in age. However, inspection of Figure 14.2 shows a difference larger
than can be explained by the age gap (if the age gap were the full explanation, the lines
would be parallel for married men and women, and a hine segrent of three-years’ length
drawn to the left of the male line and parallel to the x-axis should just touch the female
line). This suggests the possibility that either or both married men and married women dis-
tort their reports of the frequency of sexual activity in a socially desirable direction—
men claiming sexual prowess and women claiming sexual modesty. The likelihood of -
distortion is substantially greater among the unmarried: unmarried men on average report:
about twice as many partners in the last year as do unmarried women (1.85 compared to
.90), which—given that this discrepancy is far too large to be accounted for by differential
homosexual activity—suggesis the possibility that unmarried men and women distort both
the number of partners and the frequency of sexual activity in the socially desirable direc-
tion. Another possibility is that the propensity for women to be younger than their male
partners partly accounts for the gender difference in reported sexual activity among the :
unmarried. Adjudicating among these possibilities would require more analysis than Is -
warranted here.

& Probit regression, an alternative to logistic regression. For a brief introduction,
see Appendix 13.B.

Poisson regression, used to model counts, the number of occirrences of an event.
A classic example is von Bortkiewicz’s 1898 study of the number of soldiers
kicked to death by horses in the Prussian army. Applications in the social sci-
ences include Long (1990), Greenberg (1991), Rasler (1996), Chattopadhyay
and others {2006), and Weitoff and others (2008). The definitive statistical treat-
ment of poisson regression is Cameron and Trivedi (1998).

Long (1997), Hosmer and Lemeshow (2000), and Powers and Xie (2000) provide excel-
'_.lent introductions to many of these procedures that, with a bit of diligence, are accessible
‘to social scientists who have a modest statistical background. Long and Freese (2006) pro-
“yide a guide to nsing the procedures in Stata. For a useful overview, see Gould (2000).

WHAT THIS CHAPTER HAS SHOWN

In this chapter we have seen how to estimate models for three types of limited dependent
-variables: ordinal variables, for which ordinal logit analysis is the appropriate method;
polytomous variables, for which multinomial logit analysis is the appropriate method; and
‘censored variables (where values above or below some cutting point are not observed), for
‘which tobit modeling is the appropriate method.

OTHER MODELS FOR THE ANALYSIS OF LIMITED
DEPENDENT VARIABLES

This introduction by no means exhausts the variety of procedures available for the analy-" -
sis of limited dependent variables. Stata 10.0 includes commands to carry out a numnber
of procedures, including

= Conditional logistic regression and mixed models, where outcomes depend on
features of the outcomes as well as on characteristics of the individuals. For
examples, see Boskin (1974), Hoffman and Duncan (1988), White and Liang
(1998), and Yanovitzky and Cappella (2001).

#  INested logistic regréssion, which extends conditional logit analysis by dividing
outcomes into a hierarchy of levels. For examples, see Cameron (2000), Soopra-
manien and Johnes {2001), and South and Baumer (2001).




WHAT THIS CHAPTER IS ABOUT

In this chapter we consider two closely related techniques for coping with omitted vari-
able bias. Recall from Chapter Six that omitted variable bias occurs when we have failed
to include in our model variables that affect the outcome and that are correlated with one
or more of the predictor variables. The techniques discussed in this chapter for estimating
unbiased coefficients are known as fixed effects and random effects models. These mod-
els use information on the same individuals from two or more time points or information
kf._m two or more individuals within groups (families, schools, firms, communities, or similar
groups) to purge the estimating equation of all characteristics, measured or unmeasured,
that are constant over time or constant within groups. The result is that the characteris-
tics we are able to measure are unbiased by unobserved time-invariant factors. For use-
ful introductions to these techniques, see Allison (2005) and Wooldridge (2006, Chapters
13 and 14), both of which I draw on in this chapter.
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INTRODUCTION

As we have seen at many points in this book, the nonexperimental methods we have beep

studying are vulnerable to omitted variable bias: the possibility that unmeasured factors:

affect both the predictor and outcome variables. In this case the coefficients we estimate
through OLS or logistic regression will be incorrect. To appreciate this most fully, it is
helpful to contrast the linear model approaches we have been studying with randomized

experiments.

In the classic randomized experiment, individuals are randomly assigned to two
groups; members of the treatment group are exposed to some sort of intervention while

members of the control group are not, and differences in one or more outcomes are mea-

sured. {This design can be generalized to include several different freatment groups, but - .

the logic remains unchanged.) Because the treatment and control groups are, within the
limits of sampling error, identical on average in their pretreatment attributes—or, to state

the same point differently, receipt of treatment is uncorrelated with pretreatment attri-
butes of individuals—any difference in average cutcomes may be assumed to be caused . [

by the treatment.
With linear model approaches, we attempt to approximate randomized experiments

by statistically controlling for as many confounding factors—that is, factors correlated
with both the predictor and outcome variables—as possible. For example, if we observe

that men earn more than women, we might wonder whether this is due to discrimination.

However, before we accepted such a conclusion we would want to consider whether, at . :
least in part, the pay gap is due to the fact that men are more likely to have technical train- - '

ing, to enter high-paying fields, to have more work experience, and to work longer hours.
We would then statistically control for these variables and assess the effect of gender on

earnings among people who are identical with respect to the control variables. If we still -
found a gender difference in pay, we might then be willing to attribute the remaining dif- -
ference to discrimination. However, we would be vulnerable to the claim that we had not
included other crucial factors that could result in pay differences. For example, women : -
may not bargain as effectively as men and may therefore accept jobs at lower salary .-
levels than men. If we omit a measure of bargaining prowess (or if we measure bargain- -

ing prowess imperfectly so that true bargaining prowess remains partly unmeasured),

then any effect of prowess would be captured by the error term. However, if bargaining -
prowess is correlated with gender, the assumption of OLS (and other linear models) that -
error is uncorrelated with the predictor variables would be violated, producing biased -

coefficients.

So what can we do? It turns out that if we have measurements on the same individu-

als for at least two points in time, we can get unbiased estimates of the effects of vart-

ables that, at least for some individuals being studied, change over time. We do this by - .

predicting change in our outcome variable from changes in our predictor variables, which
has the effect of purzing from our prediction equation those factors, measured and unmea-

sured, that do not change over time. But there is no such thing as a free lunch. The costof

this method, known as fixed effects (FE) modeling, is twofold: (1) We are unable to esti-
mate the “main effects” of predictors that do not vary over time for individuals, for exam-
ple, sex and race (although we are able to estimate interaction effects involving these
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variables and variables that do change over time—we will return (o this point in the
context of cur gender pay gap example—and we also are able to estimate effects that
change over fime for time-constant variabies). (However, recent work by Bollen and
Brand [2008] has shown how, with suitable assumptions ahout uncbserved latent factors,
it is possible to obtain effects of time-constant predictors within a structural equation
medeling (SEM) framework—a set of techniques briefly discussed in the next chapter).
(2) When we are analyzing limited dependent variables, we usuaily will have a substan-
tial reduction in sarople size because in FE logistic regression, individuals who do not
change over time on the outcome variable are dropped from the analysis. However, under
some circomstances, and with some additional assumptions, we can recover our sample
size by resorting to what is known as random effects (RE) modeling. We will consider
this approach later in the chapter.

FIXED EFFECTS MODELS FOR CONTINUCUS VARIABLES

To ses how FE works for continuous outcome variables, let us write a prediction equation:

Yo =, TOx, vz oy te, i=l omot=1 T (15.1)

- where y, is the value of the outcome variable for the ith individual at time ¢; ¢4, is an inter-
. cept that is allowed to vary with time; X, is a vector of variables that vary both over indi-

viduals and, for each individual, over time; z, is a vector of variables that vary over indi-
viduals but, for each individual, not over time; o, represents unmeasured differences

 between individuals, that 1s, differences not accounted for by the ¥z, that are fixed over

time; and ¢ represents idiosyncratic factors that vary both over time and across
individuals.

To simplify the discussion, assume that 77 = 2, although the same conclusions hold
when ' > 2. Now suppose we simply pocled observations from the two time points
and estimated our outcome through OLS. Clearly, insofar as omitted variables are corre-
lated with the variables in the model (as in our example involving bargaining prowess),

 doing this will produce biased estimates because the fundamental assumption of OLS,
that the error term (which in this case is the sum of «, + ¢, because o is unobserved) is
- uncorrelated with the predictor vaniable, will be violated.

Fundamental FE Equation
However, suppose we wirite separate equations for each time period and subtract one

~irom the other. Subtracting

Yo =gy T Ox, Tz oty
from (15.2)
yiz = .u’2+f6‘xi2 +fYZ,' +af +€i2

Yo ™ ¥y = (pry —pp) + B(x, — x )T, —€y) (15.3)
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Notice that both ~z, the time-constant predictor variables, and o, the effect of unoh.:
served variables, have been “differenced out” of Equation 15.3, which is why equationg
of this sort are known as first-differenced equations. That is, Equation 15.3 has beey
purged of all unmeasured factors that are constant over time, as well as any measured |
factors that are constant over time. Thus Equation 15,3 solves the omitted-variable-hiagg

problern—assuming that there are no unmeasured factors whose effects change over

timne; this is a nontrivial assumption that is often overlooked. Bquation 15.3 can be estj-
mated through OLS provided (1) that there are at least some x, for whichx, #x andx.

and x,, are not perfectly correlated (thas, for example, ruling out age as a candidate vari:

able) and (2) that the observed predictor variables are uncorrelated with the idiosyncrate
error terms, £, and £, at both time points; that is, that the observed predictor variables -

are strictly exogenous—crucially, that they do not depend on the ouicome observed for an
earlier time point.

Allowing the Slopes of the Xs to Vary
Notice that in Equation 15.3 it is assumed that the effects of the predicior variables, the

xs, are constant over time. This assumption can be tested by estimating a first-differenced
equation in which the slopes of the xs are allowed to vary. To see this, consider the
following pair of equations:
Yo =i T Bxy Tzt te
and (154
Yoo =yt hx, Tz o te,

Here, subtracting the first equation of 15.4 from the second yields

Vo = Yy =y — p) + Box, — B e, —Ey) (15.5)

= (py— p) B, (x, —x,)H (8, = Bxy T(e, )
That is, to test the hypothesis that the slope of any of the xs differs over time, we include
both the time 1 variable and the difference score. Then, if the coefficient for the time
1 variable differs significantly from zero, we can conclude that the slopes are not equal

and can get the value of the time 1 slope by subtracting the coefficient for the time 1 vari-
able from the coefficient for the difference score.

Testing Whether the Effects of the Time-Invariant
Variables Vary over Time

We also can allow the coefficients for the time-invariant variables to change over time.
To see this, consider the following pair of equations:

Y = HBx Tz o ey )
and (15.0)

Voo = g T 8%, + 7ty +epy
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 Subtracting the first equation of 15.6 from the second yields

Voo = ¥ =y ) Blx, —x) My, — vz e, — ) (15.7)

From Equation 15.7 we see that it is possible o assess the claim that the effects of the z,
do not vary over time, by testing the significance of the coefficients associated with the

‘7 variables, Note that these coefficients do not show the effects of the zs but rather the
‘differences n the effects of the zs between time 2 and tirne 1.

Interactions Between Time-Constant and Time-Varying Variables
- As noted previcusly, we generally cannot get the effect of time-constant variables from

the FE medel (but see Bollen and Brand [2008]). However, we can get the effect of the
interaction of the time-constant variables with the time-varying variables, the xs. To see
this, consider the following pair of equations:

Vo =t O, T yg toxz ot
and (15.8)
Vo = o T Bx, tyg X,z ha, e,

Subtracting the first equation of 15.8 from the second yields

Voo = ¥ =y — ) Bl —x )P éz(x, — x g, —gy) (15.9)

For example, returning to the effect of gender on income, the FE model does not allow a
direct assessment of the role of gender in creating income differences. However, it does
allow us to determine, say, gender differences in the effect of changes in performance
evaluation scores on changes in income. Suppose gender is coded 1 for males and 0 for
females, and x (now designating a single variable rather than a vector of variables) is a
performance evaluation measure. Then we would have:

for females: y, —y, = 0x, —x,)+
roo 2o (15.10)

formales: y, —y, =(@F+x, —x,)+

Analyzing More than Two Time Points

When we have three or more measurements per individual—which we increasingly
do because a number of muliiple-wave data sets are now in the public domain—there
are several possibilities, of which two are simple extensions of the methods we have just
discussed. Consider each of these.

First, we may analyze two waves af a time, computing first differences between succes-
sive waves. This approach has the limitation that, unless we turn to advanced metheds such
as generalized least squares, we cannot get a single set of coefficients for all waves combined,
but rather T — | sets of coefficients for 7 waves of data. Thus the successive-waves approach
tends to be of greatest interest when the number of waves is small, say three or four,
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An aiternative is to pool the data over waves; then, for each variable in the mode}

compute the average value for each individual across waves; compute the difference’

between the wave-specific observation for the individual and that individual’s over-time

average; and use the resulting difference scores in a conventional OLS regression equation,

That is, from an equation of the form of Equation 15.1, compute

)_’f - ni.zyn and )—Ci = ?gl__zx!r (1511) E.;:.._

where n, is the number of observations for person i. Then, for each variable, subtract the

person-specific mean from the observed value:

y:r:yjr_yi and x;I:’x{'f_x (1512} .

This yields an equation of the form

T

y;r = Z,U-,.D, +,8x; + E;r (1513) )

=2

where the D are dummy variables that allow the intercepts to differ by time.

Notice that the zs and « in Equation 15.1 drop out of Equation 15.13 because, since they
are constant within individuals, the deviation scores are all zero. Equation 15.13 can be -
estimated through OLS except that the standard errors will be incorrect. The reason for
this is that Equation 15.13 is the equivalent of pooling the data but, instead of taking
deviation scores, including a dummy variable for each individual in the sample—that is,
representing the unobserved individual differences, o, by dummy variables. Such equa- -
tions can be estimated, with correct standard errors, by using Stata’s -areg- command. -

But the optimal way to estimate FE models is to use one of the -xt - commands.
The various elaborations of FE models described in this chapter also can be readily

adapted to the analysis of more than two time points and need not be further discussed here.

Fixing Effects Across individuals Rather Than over Time

So far we have discussed methods for purging data of the effects of unobserved variables
that are constant over time. Exactly the same logic can be applied when we have observa-
tions on multiple individuals within groups—families, schools, firms, communities, or

similar groups. For example, if in a sample of individuals we observe a positive relation-
ship between education and income, we might suspect that the relationship is due, at least |

in part, to characteristics of families that lead offspring both to go far in school and to be

successful in the job market. One way to control for such unobserved characteristics -
of families would be to compare siblings, estimating differences in income as a function '
of differences in the level of education. Ashenfelter and Krueger (1994) carried out such
an analysis on a sample of 149 identical twins and showed that the effects of educaton -
were in fact slightly stronger than in a corresponding OLS analysis that controlled for

gender, age, and Tace.
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PANEL SURVEYS IN THE PUBLIC DOMAIN  wmajorus. &
r

panel studies of interest to social scientists include

® Panel Study of Income Dynamics (PSiD): http:/#/psidanline.isr.umich.edu

+  National Longitudinal Surveys (NLS): http./Awww.bls. gov/nis

s Wisconsin Longitudinal Study (WLS): http:/Anvww.ssc.wisc.edufwlsresearch
s Health and Retirement Study (HRS): http://hrsonline.isr.umich.edu

« National Longitudinal Study of Adolescent Health (Add Health): http:/Aaww. coc.unc.,
edw/addhealth

Important foreign panel studies include

= China Health and ‘Nutrition Survey (CHNS): http:/Asww.cpc.unc.edu/china

e German Socic-Economic Panel Study (SOEP): http:/Awww dive.defenglish/sop/index. html
e Indonesia Family Life Survey (IFLS): http:/Awww.rand.org/labor/FLS/AFLS

» Mexican Famity Life Survey (MxFLS): http/ZAsvww.radix.uia.mx/ennvih/main.php?lang=en

*  Mexican Health and Aging Study (MHAS): http:/Awww.mhas.pop.upenn.edu/english/
home.htm

Many additicnal panel surveys more or less comparable to the PSID are listed at http://
psidonline.isr.umich.edu/Guide/PanelStudies.aspx.

Now consider a second example. In an analysis of Indenesian data, Frankenberg and

- Mason (1995) studied the effect of maternal education on behaviors conducive to chil-
: dren’s health, including sanitation and hygiene practices such as the source and treatment
- of drinking water, waste disposal practices, and so on. However, in developing nations

such as Indonesia, both a mother’s level of education and the possibility of easily obtain-

: ing safe water or protecting agamnst contamination {from human waste tend to vary across
. communities, depending on their level of development. In this situation one would want
© to purge the association between maternal education and child heaith—related practices of
- the confounding influences of community characteristics. This is what Frankenberg and
- Mason did by fixing community characteristics and relating differences in health prac-
" tices to differences in maternal education among women in the same comumunities. In this
- way they were able to show a causal effect of maternal education on behavior conducive
+ 1o child health.

- Limitations of Fixed Effects Approaches and Cautions to Keep in Mind

Like all other statistical procedures, FE approaches carry a set of assumptions and
: requirements. When these are violated, FE coefficients may be worse (more biased) than
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siroply pooling data and obtaining OLS estimates. Unfortunately, often these assumptiong -

are untestable. Here are some caulions:

# If unmeasured effects do change over time (or, in the cross-sectional applica- -
tion just discussed, do vary across individuals), FH estimation does not solve -
the bias problem. It is thus necessary to think carcfully about whether the
assumption of time-constant unmeasured effects is tenable. The same point
holds even more strongly for family or community fixed effects—one has to
assume that none of the nnmeasured factors affecting the ontcome varies acrosg

individuals within families or communities. This is often dubious, especially
within Tamilies. To convince yourself of this, think of recent U.S. presidents
and their ne’er-do-well siblings; or simply consider variations among siblings
in families vou know. Could such differcnces account for differences 1o the
kinds of outcomes studied with family FE modeis? This is a crucial question,
often ignored by researchers. {Of course, unmeasured effects that change over
time also bias OLS coefficiants. So resorting to OLS regression in such cases is
1o selution.)

= The predictor variables must be strictly exogenous, conditional on the unobserved

variables. That is, we rmust assiume that once we control for the uncbserved vari-
ables, there is no remaining correlation between the predictor variables and the
idiosyneratic errors, the X s and the €,s. One common way strict exogeneity is
violated is when one or more of the predictor variables depends on the outcome
variable measured at a previous point in time. For example, if we were studying
how the crime rate responds to changes in the size of the police force, and the size
of the police force were determined by the crime rate in the previous year, the
strict exogeneity assumption would be violated.

= Relative to variability in the outcome variable, there must be sufficient variability
over time in the predictor variables (or across individuals in the cross-sectional
FE approach), What is sufficient? This is difficult to quantify. Still, it is obvious
that predictor variables that hardly vary can have little impact on the outcome,
just as in OLS analysis one cannot predict a variable from a constant and will do
a poor job of trying to predict a variable from a near constant.

2y

= A corollary of the previous point is that variables that differ only by a linear
transformation over time are regarded as unchanged over time. Thus, for exam-
ple, age cannot be included in an over-time FE analysis because age at time 218
identical to age at time 1 plus a constant. It then follows that variables that differ
over time by a near linear transformation create problems.

The predictor variables must be reliably measured. As Wooldridge notes, “Dif-
ferencing a poorly measured regressor reduces its variation relative to its correla-
tion with the differenced error caused by classical measurement error, resulting
in a potentially sizable bias” (2006, 475).
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RANDOM EFFECTS MODELS FOR CONTINUGUS VARIABLES

Because FE models do not allow us o assess the size of time-invariant variables (or, in
family, organizational, or community applications, variables that are invariant across
individuals within units), there has been a strong incentive to find models that do yield
such estimates. Among these, a frequently used approach is the random effects (RE)
model. Like the FE model, the RE model can bs written by starting with Equation 15.1.
However, the assumptions are different. Whereas the FE model assumes that the o, repre-
sent a set of fixed parameters, which are purged from the model by differencing, the RE
model assumes that each ¢ is a normally distributed random variable with a mean of zero
and constant variance and that it is independent of z, x_, and €_. This is a strong assump-
tion. Formnately, it can be fested, nsing a test proposed by Hausman (1978). The strategy
is to estimate corresponding FE and RE models and to compare the similarity of the coef-
ficienis using the Hausman test. If the null hypothesis of no difference is not rejected, we
can conclude that the independence of the «, is supported, which means that the RE model
vields unbiased coefficients. Because the RE model yields estimates of the effects of the
z, the RE model is to be preferred if the independence assumption is satisfied. If it is not_
satisfied, we must settle for the FE model and forgo estimates of the effects of the z. The
FHausman test is guite restrictive and often does not support the RE model. Bollen and
Brand (2008) offer a range of alternative statistics for comparing FE and RE models
and also procedures for forming hybrid models. Bollen and Brand’s procedures are based
on structural equation modeling, which is beyond what is covered in this book but is
briefly discussed in the next chapter.

How can we estimate the RE model? The details are beyond what can be considered

. here, but it is possible to sketch the general approach. Because, by assumption, ¢, is un-

correlated with the explanatory variables, the coefficients of these variables could be
consistently estimated from a single cross-section. However, doing so would ignore at
least half of the data (or more, for more than two time periods). Pooling the data and esti-
mating the coefficients through OLS also would yield consistent estimates. However, nei-
ther procedure yields the comrect standard errors. The reason for this is that the errors will
be serially correlated over time. We can easily see this by replacing the two error terms in
Equation 15.1 with a single term for the composite error:

v, =, e, (I5.14)
Because o 1s included in the composite error for each time period, the v, are serially cor-
related over time, with the correlation given by

corr(v, v, )= a- o> +6°), t=s5 (15.15)

it?
where 2 = Var(e) and o = Var(e,). However, it is possible to derive a gener-
alized least-squares transformation that eliminates the serial correlation in the errors.
Defining
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A=1—(a’ Ko’ + T )" - (15.16)

we can write
v, —AY, = F,(1= A+ Bilx,, —Ax 0+ +5(, — Ax YTy, —A) (15.17)

Note the similarity of Equation 15.17 to Equation 15.13, Whereas the FL estimator (Equa-
tion 15.13) subtracis the within-individual over-time average from each observation, the

RE transformation subtracts a fraction of the over-time averags, where the size of the frac. - :

tion depends on Jf , cri, and 7. Once )\ is estimated (which can be done in several ways that
need not concern us), BEquation 15.17 can be estimated through OLS from the pooled over-
time data to yield consistent estimates of the coefficients and the correct standard ervors.

Finally, we can see the relationship between FE and RE by rewriting the error term in
Equation 15.17 as

v, — A, =(1—Na, T¢, = Ag _ {15.18)

which follows directly from Equation 15.14. Equation 15.18 makes it clear that the errors
in BEquation 15.17 weight the unobserved effect by 1 — X Thus as A approaches 1, the RE
estimates approach the FE estimates and the bias approaches zero. By conirast, as A
approaches 0, a larger fraction of the unobserved effect is left in the error term and hence,
by definition, the bias increases.

A WORKED EXAMPLE: THE DETERMINANTS OF INCOME IN CHINA

To see how to estimate and interpret FE and RE models for coniinuous dependent vari-
ables, I consider the determinants of family mcome in China. In China, as elsewhere,
income differs substantially across communities. Communities higher in the Chinese -

ban hierarchy (a seven-category scheme that ranges from rural villages to province-level 3

cities: Beijing, Chongging, Shanghai, and Tianjin) tend to have higher average family
income. But they also have populations that are better endowed with both the human
capital characteristics and the jobs associated with high income. We see this in

Table 15.1, which shows the mean vears of schooling, occupational status (ISEI}, and per

capita family income for each of the seven levels of the urban hierarchy. Thus the ques-
tion arises as to what extent the association between human capital and other factors, on

the one hand, and family income, on the other, simply reflects community differences in

labor market and other conditions that affect income—for example, the tendency of those
with university education to disproportionately move to the capital.

To study the determinants of family income, I estimate community-level FE {and

RE) models as a way of purging unmeasured community characteristics from the analy-
sis. This analysis is based on the 1996 Chinese national sample survey used in several
previous chapters. The sample design for this survey included one hundred rural villages

and one hundred urban neighborheods, in each of which information was obtained from

about thirty households. (See Appendix A for details on the study design and for informa-
tion on how to obtain the dafa.)

The survey was conducted during the summer of 1996. The income question was “Now, from all sources,

s
Sl
Lad
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i Socioeconomic Characteristics of Chinese Adults by Size
of Place of Residence, 1936,

Mean BMean Median - Median
Years of Occ. Status Family Fam. inc. N
School {I5EE} Income? per Worker

what was your family incame in the past year?” During the relevant period (mid-1985 to mid-1996), the

“RMB was worth $0.12, with hardly any fluctuation.

:*No data are missing for size of place or years of schooling. For the remaining columns, missing data on
-that variable are excluded.

In this analysis I predict family income (in RM3B) from the education, occupational

‘status, and age of the respondent or spouse (whichever is higher), the number of people in
the household who are employed, and whether the household is engaged in various types
.of family enterprises. (Because in the survey used here no variable identifies the head of
the household, T used the higher of the respondent’s and spouse’s characteristics as a
‘proxy for the characteristics of the household head. This vanable will be incorrect
: insofar as cur respondents are other relatives of the household head—for example, adult

children or siblings. In a serious analysis, I would develop a more sophisticated decision

-1ule for deciding who is the head or how to characterize the socioeconomic status of the
._househoid. But for our present purposes, this proxy is adequate.) We would, of course,
.expect the education and cccupational status of household members to affect household

income. In addition, houschold income is likely to increase with age, which can be taken

:3s a proxy for experience. I have no clear predictions regarding the effect of engaging in
_._'_CI'OP production, agricultural sidelines, or nonagricultural sidelines, but [ suspect that
these aspects of entrepreneurship affect income.



4  Quantitative Data Analysis: Doing Social Research fo Test Ideas bmproving Causal inference: Fixed Effects and Random Effects Modeling 375

contrary to my expectations. I would have expected community differences in income to
be correlated with community differences in education in such a way as to upwardly bias
the education effect in the OLS analysis. In addition, age has a marginally significant ef-
fect in the FE analysis but no effect at ail in the OLS analysis, perhaps as a result of the
fact that young people tend to migrate to high-income areas, thus suppressing the positive
effect of age on income that emerges in the FE analysis. Both analyses show that, net of
sociodemographic characteristics, families that grow crops tend to earn substantially
more than families that do not grow crops, whereas families engaged in nonagriculmural
enlerprises earn substantially less. Although the signs and significance levels are not
gualitatively different in the OLS and FE analyses, the effects are substantially reduced
- in the FE model relative to the OLS model. In sum, it is evident here that FE analysis pro-
- duces results that are substantially different from those produced by OLS analysis.
Becanse the FE approach purges the results of bias caused by the correlation between
community factors that affect both the predictor variables and the ouscome variable, this
approach clearly is to be preferred to OLS regression.

But can we do even better? What about an RE approach? Recall that a major limita-
tion of FE models is that characteristics that are invariant across individuals within units
(or within individuals over time)} cannot be studied, becanse they are swept out by the dif-
ferencing procedure. RE models do not suffer this limitation. Thus, for example, using an
RE model we can study characteristics of communities such as their position in the urban
hierarchy. However, as noted previously, RE coefficients are valid only if the unobserved
effects, the o, are independent of the remaining variables—the observed variables that

change over time or across individuals within units, the x,; the observed variables that are
constant over time or across individuals within units, the z; and the idiosyncratic errors,
the .. This is a testable claim, by means of a Hausman test that compares the similarity
in corvesponding coefficients from FE and RE models. (See downloadable file “ch15_
1.do” for the implementation of this test using Stata.) It turns out that the hypothesis of
sirnilarity in coefficients is rejected, which means that the RE model estimates are biased,
and hence we must settle for the FE estimates. You should keep in mind that the failure to
S reject the null hypothesis of no difference between FE and RE coefficients may mean
1,029 to. 7,664 either that the two sets of coefficients are quite similar or that the standard errors are too
large to permit much of an inference. That is, you should be cautious about too readily
accepting the legitimacy of RE estimaies even when they appear 10 pass the Hausman
test. As noted earlier, for advanced procedures that permit greater flexibility in the speci-
fication of the problem, see Bollen and Brand (2008).

£ . Comparison of OLS and FE Estimates for a Model of the :
Determinants of Family income, Chinese RMB, 1926 (N = 5, 32423,

95% Confidencs
[ .. i ] Intarval

Community FE estimates

- Number of family warkers.

- FIXED EFFECTS MODELS FOR BINARY CUTCOMES

The Jogic of FE modeling with binary outcome variables is similar to that for continuous
variables. However, the procedures are somewhat different. Let us start by considering
FE modeling for binomial logistic regression with two time points, writing an equation
analogous to Equation 15.1:

s 17.206 to, 31 53

Table 15.2 shows the results of estimating an FE model and also, for comparison
purposes, the results of estimating an OLS model of the kind we have encountered
previously. The Stata files that created these results are in downloadable files “ch15_1.
do” and “chl15_1log.” ¥

Notice that the FE and OLS results differ substantially. Interestingly, the effect of
education is substantially stronger in the FE model than in the OLS model, somewhat

Py
L—p,

In =u +Bx, oy o, i=1, o =12 (15.19)
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where p, is the probability that y, = 1 rather than 0, and the remaining ferms are defined.
asin Eqi\ation 15.1. In addition, we need to assume that within individuals, y, andy, are
independent. Then it follows that

Pe(y, =0,3,=0)= - pd — Pia)

Pr(y, =1y, =0 =p,d—py) (15.20)

Pr(yn = O>y52 = 1) = (1 o pil)pfl

Pr(y, =Ly, = D= pyPo
Because owr goal is to estimate [, and 3 while controlling for the time-invariant covari-
ates, we use only variation within individuals to estimate these parameters.ﬂ Thus, becapge
individuals for whom the cutcome variable v, does not change between Ifime 1 and tn;ae
7 contribute no information, we drop them from the sample. We are left with the two mid-

die rows of Equation 15.20. We take the log of the ratio of these probabilities to get an
equation that “differences out” the z, and a;:

[Pf(yﬂ =0,y,=Db
In

=n(l—- p,)+lnp, —Inp, —In(i—p,)
Priy, =1y, =0)

(13210
—1n Pio | P }
1= pa 1= p;
Substituting the right-hand terms of Equation 15.19, we have
1 =0y, =1 15.22
11’1 PI’O’A y:Z ) — (,LLZ _ }u‘i) +[3(x52 _xﬂ) ( )
Pr(y, =1y, =0

Notice that the outcome variable in Equation 15,22 is the equivalent of the log odc?s of a
“positive” onicome at time 2 for those whose outcomes differ Ibe_tween ﬂxge I and t:a.me 2
Thus Equation 15.22 reduces to a conventional binomial logistic regression eguation in
which the predictor variables are the difference scores for the xs. However, becat'lse Equa-
tion 15.22 is estimated only for individuals whose outcome has changed, ?herle is ugual]_.y
a large teduction in the sample size relative to the full sample. Keep this limitation 1z
mind when interpreting FE logistic regression results. .
FE estimation can be generalized to permit observations on more than two time
points per person (or more than two people within a unit) by resorting to con'dmonal
maximum likelihood estimation. That is, when there are more than two observations per

unit, the problem becomes a conditional logistic regression analysis. (The algebra .

involved is sketched in Allison [2005, 57-59]; see also the eniry for the -clogit - com-
mand in StataCorp [2007] and the references cited there.)
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RANDOM EFFECTS MODELS FOR BINARY QUTCOMES

As in the continuous case, we can estimate RE binary logistic regression models as an al-
ternative to FE models. RE models for binary outcomes not only have the advantage of
allowing estimates of the effects of variables that are constant across observations within
anits but also are not restricted to observations for which the outcome varies over time.
However, logistic regression RE models require the same assumptions about unobserved
effects as in the continuous case: that they have an expected value of zero, are normally
digtributed with constant variance, and are independent of both the time-varying and
time-constant observed variables. As in the continuous case, the assumption of indepen-
dence can be tested with a Hansman test.

A WORKED EXAMPLE WITH A BINARY QUTCOME: THE EFFECT
OF MIGRATION ON SCHOOL ENROLLMENT AMONG SOUTH
AFRICAN BLACKS

To illustrate how to derive and interpret FE and RE models for binary cutcomes, I present
a portion of the analysis Lu and Treiman (2007) carried out in their study of the effect of
labor migration and remittances on children’s schooling in South Africa. As a conse-
quence of apartheid-era restrictions on residential rights, many South African Blacks
were forced to live in rural “homelands” carved out of the least productive land in the
nation. As a result, many people, mainly men but sometimes women, left their families
behind and sought employment in “White” South Africa. In a majority of cases labor
migrants sent remittances home to their families.

The question Lu and Treiman addressed was whether remittances benefited the
children left behind, by improving the odds that they would enroll in school. It might be
argued that the extra income provided by remittances increases the likelihood of school
enrollment. But suppose parents are committed to keeping their children in school and
hence decide to go out for work to make this possible. That is, suppose that the same
unmeasured characteristics of families determine both the migration decision and the
school enrollment decision. If this is the case, the coefficient relating remittances to school
enrollment will be biased. However, an over-time FE analysis can control for this {(and all

other unmeasured characteristics that can be assumed to be constant over time).

Using data for the South African Black population (which constitutes 78 percent of

. the total population) from the September 2002 and September 2003 South African Labour
. Force Survey, Lu and Treiman studied changes in school enrollment between 2002 and

2003 as a function of changes in the migration-and-remittance status of the household and

+ other time-varying household attributes (household income, the highest level of education
: attained by household members, the number of children in the household, whether the
~ household was female-headed, and the year of the survey). In addition, they inchided the
- age of the child as a predictor variable. Although this variable is regarded as time constant

because the time-2 value is an exact linear transformation of the time-1 value (age, = age,
+ 1), recall from Equation 15.7 that such variables can be included in an FE equation to

- lest the possibility that the effects differ over time; the coefficients associated with such
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variables give the difference in the size of the effect for time 2 relative to titne 1. In the '
present case, we might suspect that for South African Blacks the effect of children’s age
on school enroliment has gone down year by year in the postapartheid period as schooling
has become more readily available.

Table 15.3 shows three sets of estimates: for an FE model, for an RE model, and
for an RE model estimated on the full sample rather than the reduced sample of those
who changed enrollment status as required by the FE model. (See downloadable files
“ch15_2.do” and “ch15_2.1og” for details on how the analysis was carried out.}

Consider the FE resuits first. They provide substantial support for the central hypoth-
esis of the study—when labor migrants send remittances home, the odds that children
enroll in school increase by 50 percent, net of other factors, relative to the odds for chil-
dren living in nonmigrant households (precisely, 1 A9 = ¥, However, it is important to
keep in mind exactly what has been demonstrated. Recall that what we are predicting is
the odds of school enrollment for those' whose scheol eproilment status changed between
5002 and 2003, which is only 20 percent of the sample of all South African Black chil-
dren. Thus the finding applies to this selected subgroup only. Moreover, for this subgroup
nothing else has much effect on the odds of enrollment. Interestingly, the difference
between 2002 and 2003 in the effect of a child’s age on school enrollment 1s negative,
which indicates that, as hypothesized, age mattered slightly less in 2003 than in 2002.

The next step is o estimate an RE model corresponding to the FE model shown in
the first two columns. Recall that random effects are legitimately interpreted only if the
unmeasured effects are independent of the measured effects and the idiosyncratic error.
To determine whether this is the case, we perform a Hausman test of the similarity of -
corresponding coefficients in the FE and RE models. Because we are interested only in -
the similarity of the estimates of migration-remittance effects, we restrict the Hausman
test to the two migration-remittances dummy variables. We cannot reject the null hypoth-
esis (p = 0.47) and thus conclude that the EE and RE analyses yield similar resulis with
respect to migration-remittance status. This allows us to interpret the RE model. _

It turns out that the results are similar to those for the FE model. OF course, this is nec- -
essarily the case for the two migration-remittance variables because otherwise the null -
hypothesis of similarity would have been rejected by the Hausman test. For the restricted
sample used for the FE analysis, the RE estimates show that the odds that children living in
households receiving remittances will attend school are more than 40 percent as large as the '_
corresponding odds for those living in households without migrants. Moreover, household -
income and the child’s age have similar effects in the two models. However, in the RE anal-
ysis we are able to include two time-constant variables: gender and urban residence. Inter-
estingly, males appear to be more likely than females to be enrolled in 2003. But place of '
residence (urban versus rural) has no effect. :

However, the question remains as to whether an RE model estimated for the full sam-
ple rather than being restricted to the 20 percent of the sample whose enrollment
status changed would yield similar results. To determine this, we estimate the RE model
for all South African Black children. Again, to determine whether the full-sample RE
model is acceptable, we compare the consistency of coefficients from this model and the;
FE model. And again we fail to reject the null hypothesis (p = .72). :

- i Comparison of OLS and FE Estimates for a Model of the
Effect of Migration and Remittances on South African Black Children’s School
Erroliment, 2002 1o 2003, (N{FE} = 2,408 Children; N{full RE} = 12,042 Children.)

Random Effects

{Restricted Random Effecis
Fixed Effects Sample} (Full Sample)

B P B [ B P

Household migration-and-remittance status {reference category: no out-migrants)

~ Outmigrarits; hdrémi&arices i

i (HH' {ricorme,. ex:c'lﬁdfng rem‘fttan.ce's)_"

Highest education level of household aduits (reference category: na schooling)

.Still again, we are led to the same qualitative conclusion regarding the effect of
| tremittances—they increase the odds of enrcliment by nearly 45 percent. However, for the
full sample all other effects are significant as well, with two exceptions: households in
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which there are migrants but not remittances are indistingmishable from those in which.

there are no migrants; and, net of other factors, children in female-headed bouseholds are
no more and no less likely than others to be enrolled in school. Moreover, most of the
effects are larger than for the other two models. The odds of school entollment increase
monotonically with the education level of the household; the effect of houschold income is
twice as large as in the restricted models; the nimber of school-age children has a
positive effect on school enrollment: and both males and urban residents are more likely
to be enrolled than are female or roral residents.

A BIBLIOGRAPHIC NOTE

This chapter draws heavily on Allison (2005) and Wooldridge (20063, both of which are
excellent introductions to TE and RE models. Other useful discussions of FE and allied
models can be found in Chamberlain (1980), Hamerle and Ronning {1995), and Halaby
(2004). Instructive examples of the applications of such models to substantive problems
of interest to social scientists include Geronimus and Korenman (1992), Ashenfelter and
Krueger (1994), Frankenberg and Mason (1995), Budig and England (2001), Campbell
and Lee (2003), Hotz and Xiao (2003), Hotz, Mullin, and Scholz (2005), Buttenheim
(2006a, 2006b), Nobles and Frankenberg (2006), and Lu and Treiman (2007,

WHAT THIS CHAPTER HAS SHOWN

[| In this chapter we have considered two techniques—fixed effects (FE) and random

" effects (RE) models—for coping with omitted variables that may bias estirnates. :
The essence of these procedures is to predict differences in the outcome as a function of

differences in the predictor variables over time or, equivalently, differences across indi-
viduals within groups (families, communities, and so on). The assumptions underlying

cach method were discussed. Two worked examples were presented, one involving a -

continuous dependent variable and the other involving a dichotomous dependent
variable, because the two cases are somewhat different. FE models for dichotomous

outcomes typically are estimated on only a subset of the original sample because cases -

for which the cutcome variable does not change over time or differ across members of a

group must be dropped from the analysis. Moreover, FE models do not permit estimation
of the effects of either measured or unmeasured time-constant variables, whereas RE -

models do. For these two reasons, when the assumptions of the RE model are met, the
RE model is to be preferred.

WHAT THIS CHAPTER IS ABOUT

In this chapter T review various aspects of research design, some of which we have

; encountered in previous chapters and some of which are new. In the course of doing this
T also brieﬂy discuss a number of advanced statistical techniques and procedures ahi :Il
you will ‘need to complete the “tool kit” required for state-of-the-art data anaiysi; in t;e
-:_§c')c1a1 sciences, and which you are now in a position to tackle, given the foundation pro-
- vided by what has been covered in this book. T then comment on the impertance of prgba.—

- bility sampling and ways to think about i i
_ ays populations. I conclude with i
good research practice. i some advice sbout
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RESEARCH DESIGN ISSUES

In this section I consider some issues regarding appropriate analytic designs to answer
research questions using nonexperimental data.

Comparisons Are the Essence

Not infrequently term paper proposals take the following form: I want to study categiv-
ers, and 1 have found a sample of caregivers to use for my analysis; or I want to evaluate
a new educational program instituted in a school, and I have a sample of students from
that school. The problem with these proposals is that you cannot study a constant. If you
want to know, for example, whether caregivers are particularly prone 1o depression,
you need a sample of caregivers and noncaregivers. Similarly, if you want to know what
factors lead people to migrate, you need a sample of both those who do and those who do
not migrate. And if you want to evaluate the efficacy of a program, you need a sample of
places where the program has and has not been implemented (or data before and after
implementation—although there are special problems in making comparisons over time,
which will be dealt with a bit later in the chapter). This is an extremely simple point but
one that is often ignored in data collection efforts. If, for example, vou have a sample of
migrants or delinquents or caregivers, all you can do is study internal variations ameng
different types of migrants or delinquents or caregivers, which presumably is not what
you are really interested in.

If you have sampled only the population of interest, you are forced to rely on data
external to your study to make comparisons, which often entails trying to compare not-
quite-comparable data. Sometimes in such situations, researchers compare their data for
a special population to patterns assumed to hold for some standard population. For exam-
ple, a recent study of schooling available to migrant children in Beijing (Chen and Liang
2007) is based on a survey of migrant households with school-age children. From these
data the tesearchers calcnlated and reported the proportion of such children not enrolled
in school. The implicit contrast—and it was only implicit—is that all nonmigrant Beijing
children attend school. But there is no particular reason to presume this. Indeed, often

the assumptions social scientists make about their own societies prove to be false. Thus, 5

explicitly comparative data are strongly to be preferred.
If comparisons are the essence of analysis, the obvious next question is, what sorts of
comparisons are appropriate for what purposes?

Population Subgroups, Populations, and Historical Periods A common research
guestion in the social sciences is whether population subgroups (males versus females,
ethnic groups, and so on) differ with respect to some outcome and the factors determining
that outcome. We saw in Chapter Six, in the section “A Strategy for Comparisons
Across Groups,” how to approach this kind of analytic question. Here I briefly review the
strategy. : ! :

To determine whether a relationship between a set of X predictors and some out-
come variable ¥ holds for all subgroups of a population or whether it differs across
subgroups, we estimate three prediction equations {which may be OLS equations or those
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appropriate for some other linear model—for exa .
: - mple, some form -
regression): P form of logistic

" i
Y:a+;b,xf ' (16.1)
. I J
Y:d+§?ﬁ&+2%q‘ (16.2)
= J=2
T L ! " . ; L !
Y=a +;bi X, +) G +3 5 x5, (16.3)

J=2 Jj=2 =1

In Equations 16.1 through 16.3, the X, are predictor variables and the G are population
subgroups, Wi‘fh each subgroup (except the first) represented by a dummj; variable coded
1 for thos‘e in the subgroup and coded § otherwise. We then contrast Model 2 {Equation
16.3), against Model 1 (Equation 16.1) to determine whether we need (o posit d?fferem
relatllon.shlps between the X, and Y for the different groups. (We do this b;f assessin
the, significance of the increment in R? or, equivalently, assessing whether the ¢’ anld thg
dr;" in Model 3 are collectively not significantly different from zero.) If Modelj3 fits sig-
nificantly better than Model 1, we conclude that the social process being studied diffe%s
among Fhe groups and ask the subsidiary question: is the difference only in the intercepts
or is it in the slopes as well? (We do this by assessing the significance of the incremz:ntj
in &2 betweep Model 3 and Model 2 or, equivalently, assessing whether the 4 in Model
3 are ccl)llectrvely not significantly different from zero.) Note that this stratégy is onl
appropnate when the groups can be taken to be exogenous to the outcome under study
whmh holds for gender, ethnicity, and so on. When selection into the group is conelate};
with the outcome, net of the other predictor variables in the model, the ass\umption of
OLS regression that the predictor variables are uncorrelated with t};e error is violated |
and endogenous switching regression procedures, discussed later in the chapter. must b ,
employed to yield unbiased estimates of effects, .
IfMoc-iel 3, or Model 2, proves to be the preferred model, it is then possible to decom-

pose the differences between groups in their average ottcomes, using the procedures for
Qegomposing differences in means discussed in Chapter Seven. Note that the decompo-
sition procedure was discussed in Chapter Seven in the context of OLS regression ’lghe
rsran}e proceiure can be used to decompose differences in logged dependent Varizllb]es: (see
t ;:f:ﬁ, aillrlltmi(‘){(;sailpiﬁj 636-640] for an example) or in log odds, albeit without quite

g g Ol di grences 1s to i ati

Y=a+3 ¢, (16.4)
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Because for Equation 16.4 the predicted values for ¥ are simply the means of ¥ for each
subgroup, the question being addressed by contrasting Equation 16.3 with Equation 16.4
{or Bguation 16.2 with Equation 16.4) is to what extent group differences with respect to
the putcome can be explained by group differences in the other predictor variables. .

Exactly the same procedures can be used to make comparisons over time. For exam-
ple, we might want to know whether the relationship between political attitudes (liberal-
ism versus conservatism) and acceptance of abortion was the same in the 1970s, when
Row v. Wade was first decided, and in the 2000s, when opposition te abortion apparently
became obligatory for Republican presidential candidates. In this case, time becomes
the G variable and political attitudes the X variable in Equations 16.] through 16.3. And,
of course, the same logic holds for comparisons of changes over time in group differ-
ences, albeit with an increase in cornplexity because of the need to consider three-way
interactions. For example, the analysis of the interaction between education and religious
denomination in determining acceptance of abortion in 1974, which I used in Chapter Six
to introduce the strategy for group comparisens, could be replicated in 2006 to assess how
the “abortion wars” over the last thirty-two years have affected attitudes.

Some cross-temporal comparisons are vulnerable to estimation problems stemming
from the fact that data from different time periods may not be independent. This is true of
aggregate measures such as the average level of schooling. The value of such a varizble
computed for, say, the United States in 2005 will hardly differ from the value for 2000
because both computations are based on more or less the same population. Thus, the
two observations are not independent. Procedures for coping with the nonindependence
of observations, known as autecorrelation, and with other special features of #ime-series
data are well developed; see the Stata manual Time Series [75] (StataCorp 2007). Time-
series procedures are widely used in economics. Another kind of data, widely used in
other social science fields as well as economics, derives from panel studies, in which
the same individuals are surveyed two or more times, typically several months or years
apart. Data with this structure provide one means of carrying out FE and RE analysis

of the kind discussed in the previous chapter. These and other techniques for dealing -

with the nonindependence of observations are known as XT (cross-sectional time series)

models. Such models go beyond what we have been able to consider in this book. For =

standard introductions, consult the Stata 10.0 manual Longitudinal/Panel Data (XT1}
(StataCorp 2007) and texts by Sayrs (1989), Wooldridge (2002), Hsiao (2003), Baltagi
(2005), and Greene (2008). The Sayrs text is quite accessible, the Greene text reasonably
s0, and the other three fairly formidable.

Both cross-sectional comparisons and cross-temporal comparisons may, of course,
be extended to more than two comparisons (more than two groups of more than two time

points), and groups may be subpopulations of a single nation or populations of different

nations. For examples of the latter, see Erikson and Goldthorpe (1987a, 1987b).

The reason for carrying out cross-population or cross-temporal comparisons is to (est
some hypothesis, or hypotheses, about how populations or population subgroups differ or
time periods vary. If you have a priori hypotheses, this is a reasonable strategy. However,

you are vulnerable to the counterclaim that the differences you posit and observe ae :
spurious, because they reflect differences between groups or over time that affect both the:
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independent and dependent variables. Binary comparisons are particularly vulnerable to
such claims, because any number of other factors could account for the differences.

Indeed, any graduate student in the social sciences can invent 2 post hoc explana-
tion for gny observed difference! If you do not believe me, try this simple test on your
friends: invent a finding about some society or population they do not know about or,
better yet, report a finding but reverse the sign or otherwise change the cuicome. Then
wait 0 see what plausible explanation they give you. I used to do this at cocktail parties
when I discovered that everybody thought that my finding of essential invariance in occu-
pational prestige hierarchies around the world (Treiman 1977) was a case of documenting
the obvious. I started telling people that prestige hierarchies were quite different in, say,
Russia, and got all sorts of interesting explanations about why it was obvious that this had
to be so (even though it was not!). Comparisons of three groups (time points) are far more
consiraining, and comparisons of still more groups (time points) even more s0.

As a case in point, consider historical comparisons. Nee (1989, 1996) has argued
that the shift toward a market economy in China reduced the power of cadres and enhanced
the power of “direct producers.” The difficuity, as Walder points out in a critique {1996,
1,064), 1s that many things change over time:

The problem with time fas a measure] is that many other changes conceptually distinct
from the spread of markets, and which may also affect the distribution of power and
incorne, also occur through time and at different rates in different regions. Some
emerging market econormies grow rapidly whife others do not; state policy may provide
windfall gains to grain producers in one period only; private enterprise may thrive in
some regions but remain marginal in others; capital may be highly concentrated in some
regions, more dispersed or absent in others. All of these processes affect the distribution
of power and income, any time-dependent measure of market allocation must carefully
controf for them.

This difficulty, sometimes referred to as the “toc many degrees of freedom” problem,
because there are too many plausible explanations for whatever is observed, is generic
to two-case comparisons, both cross-ternporal and cross-sectional. For this reason,
comparisons of a small number of cases are more helpful in demonstrating similarity
than in explaining differences. Sometimes it is helpful to show that a finding in one
society or at ene point in time also holds in a different time and place. It so, we can
have more confidence that we have identified a general phenomenon and not just an
wdiosyncratic result.

By contrast, consider a test of the “fetal origins”™ hypothesis (Barker 1998) by Almond
(2006). The hypothesis states that adverse events experienced by pregnant women can
have long-term consequences for their offspring. Almond studied this claim by analyz-
img the consequences of the 1918 flu pandemic for educational aitainment, occupational
status, income, disability, and other outcomes measured in the 1960, 1970, and 1980 cen-
suses. He finds sirong effects, one of which is shown in Figure 16.1, male disability rates
in 1980 by guarter of birth in 1918 through 1920. Because disability rates were elevated

- only for those who were in utero during the pandemic and returned to the trend line for
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those baorn later, we can rule out the possibility that some other, mee'asured, charllge
coincided with the onset of the panderhic. More precisely, any alternative ex.planat{on
would have to show a pattern of timing that exactly coincided with the pandemic, which
in this case is not remotely plausible.

Natural Experiments Analyses of this kind are particularly cgmpelling because they
constitute natural experiments. As we have seen, the difficulty with almost all nonexper-

mental work is the possibility that we have omitted variables that affect .both the out-
comes and the predictor variables, thus biasing our estimates. Natural experiments reduce .

or eliminate omitted variable bias by focusing on natural events that plausibhf can be
argued to be distributed randomly In the population. Because the 1918 paudgrr_nc struck
without warning in October 1918 and had largely dissipated by early 1919, it is reason-

able to regard those in utero during the months of the pandemic as a treatment group and

those in utero just before and just after these months as a control group. E»_’ec‘:ause there are
no plausible differences between these groups, excepl that one l'.lad the mlgiortune tobe mf :.
utero at the time of the pandemic, it is reasonable to infer that differences in outcgmes are. .
due to exposure to the pandemic. Of course, not all pregnant mothers became infected. |

But we know that about one-third of childbearing-age women did become infected, which

is 2 large enough group to reveal differences in outcomes if they exist. Almond‘s paper%'.-
which also exploits state-to-state variations in the severity of the pandemic, is a model of

how to do analysis of this kind.
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For other examples of natural experiments, albeit some more persuasive than others
in liow thoroughly they overcome potential omitted-variable bias, see Deng and Treiman
(1997), Ansolabebere, Snyder, and Stewart (2000), Abadie and Gardeazabal (2003),
Lassen (2005), Oster (2005), Treiman (2007a; see also the discussion of this example in
Chapter Seven), and Lu and Treiman (2008).

Multilevel Analysis When yon have many comparison groups (many time points, many
nations, and so on), it makes sense to shift from treating each group as a discrete point
(by including a set of dummy variables representing groups) to scoring each group with
respect to various dimensions (for example, characterizing nations by their level of eco-
nomic development, the degree of urbanization, and so on). The optimal way to do this is
to carry out the analysis at two or more levels. In the latter case, macrosocial “contexts”
are defined (for example, classrooms or schools, or both, in edocational studies; societies
in cross-national studies; birth cohorts or hisiorical periods in cross-temporal compari-
sons; and so on). Then a microequation (one representing some social process) is esti-
maied separately for each context, and variations in the coefficients representing the
microprocess are predicted from characteristics of the contexts,

For example, suppose you wish to test the hypothesis that the negative effect of the
number of siblings on educational attamment is stronger where school fees as a fraction
of total family incomes are higher. Here is the typical setup for such an analysis:

Y¥,=a,+bX, + £y (16.5)
with
a; = gy + 7701Gj + oy, (16.6)
b, =mn,+ G, oy,
~ where j = 1, 2, ..., J denotes contexts, or level-2 units (school systems in the example),
and f=1,2, ..., n, denotes individuals within contexts (level-1 units). The level-2 equa-

tions assert that the intercepts and slopes of the level-1 equations vary over contexts as
linear functions of & (or, in the example, that the [negative] slope associated with the
number of siblings is greater [in absolute value] when school fees are higher; in this
example I have provided no hypothesis regarding the intercepts of the level-1 equations,
although it might be plausible to expect that the level of educational attainment is lower
when school] fees are high). Of course, the level-1 equations may include more than one
X, and the level-2 equations may include more than one G.

To appreciate the substantive payoff of multilevel analysis, consider a 1989 paper

'by Lee and Bryk that analyzed the effect of differences in the academic organization of
high schools on the distribution of achievement in standardized mathematics tests. This
early paper by one of the authors of the standard text on multilevel analysis (Raudenbush

and Bryk {20021) not only provides a compelling substantive example but lays out the
technical issues in a very clear way. Using data from the High School and Beyond study

{10,187 students in 160 high schools), Lee and Bryk showed that achievement scores



Quantitative Data Analysis: Deing Social Research to Test Ideas

tend to be highest and differentiation among students by race and sOCioECoNOmIc statug -

lowest in schools with a standardized academic curriculum required of all students,
in contrast to “shopping mall” schools with a wide variety of courses. and many elec-
tives. They cite this difference in the organization of the curriculum as the main reason
Catholic schools tend to be more successful, a widely noted but not previously well-
understood phencmenon.

There are many ways to carry out a multilevel analysis, including lthe meta-analysig
approach used by Treiman and Yip (1989) in the example p;esented in Chapter Ten to
illustrate regression diagnostic procedures. The techmical details go beyond whz}t we have
been able to consider in this book. Good introductions include a paper by DiPrete and
Forristal (1994), which emphasizes substantive applications and provides a good sense
of what this body of techniques can be used to do. A paper by Mason (2901) focuses on
various multilevel analysis procedures as a way of coping with observations that are not

independent because they are clustered within tigher-level upits (for example, children
in families, pupils in classrooms). Several book-length treatments also address muli- -

level anaiysis, of which Raudenbush and Bryk (2002) is the standard but is technically

demanding, as is Goldstein (2003); Snijders and Bosker (1999) may be more acca.assible.
For additional substantive examples, see Entwisie and Mason {1985) on the relationship
between level of socioeconomic development and fertility; DiPrete and Grusky (1990a;
1990b, 1990c) on temporal variations in socioeconomic attainment in the United Stateg
and Sampson, Raudenbush, and Earls {1997) on the role of neighborhood efficacy in

reducing crime.

Endogeneity, Sample-Selection Bias, and Other Threats
to Correct Causal Inference | _
In this section I discuss several closely related circumstances that require special treat-

ment to avoid biased estimates. T also provide brief introductions to some of the standard:

solutions not addressed in previous chapters.

Treatment Effects Endogeneity refers to situations in which one or more of the predictor
variables is correlated with unobserved variables that affect the outcome. Because t‘he:
effects of unobserved variables are relegated to the error term, the coefficients of 'predilc-—:
tor variables correlated with such unobserved variables are biased. A common situation
in which endogeneity problems may arise is when we wish to assess the effect of a “treaF-.
ment” that itself depends on unmeasured factors that affect the outcome. For example, 1_f
in a developing nation midwives are placed in villages with the worst health' outcomnes, an
assessment of the effect of midwives on health that fails to control for this nonrandom
assignment will be downwardly biased (see Frankenberg and T}-lomas [2001] for' an ana_l_f_
ysis of Indonesian data that uses a fixed effects [difference-in-dlfferegce_] analysls, of ti_l_f_t_
kind discussed in the previous chapter, to derive correct estimates). Similarly, if W(.)ﬂ.{e_rs_
less able to command high wages (for unmeasured reasons) are more fikely to jomn'a

union, OLS estimates of the effect of union membership—here regarded as the “treatment ~_
on wages will be downwardly biased. For an interesting example of how to carry out an
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analysis using a treatment-effects approach, see Brand’s 2006 study of the effect of job
displacement on the quality of subsequent jobs.

The most obvicus way to correct for endogeneity problems is to measure all the
factors thought to affect the outcome. We encountered this idea in our consideration of
ordinary least-squares regression in Chapter Six, when we discussed the presentation
of several models, with successively more variables, to assess how newly introduced
variables mediate the effects of variables already in the model. From this we see that
endogeneity bias is a form of omitted-variable bias.

However, it is not always possible to measure all the potential influences on an out-
come, either because we are reanalyzing already collected data or because the analyst
may not be able to identify a priori all the potential influences on an outcome that are
correlated with variables explicitly measured—ifor example, all the factors that might
both lead individuals to join a union and be correlated with their capacity to command
high wages as individual employees. Thus we need ways to correct for endogeneity bias
(and its close cousin, sample-selection bias). We have already covered one approach,
fixed effects or random effects modeling, which is possible when we have measurements
for individuals at more than one point in time or measurements for different individuals
within groups (for example, families or classrooms or communities). When such data are
not available, several other analytic strategies may be considered, all of which go beyond
what 1t has been possible to cover in this book. For useful discussions of what is entailed
in establishing causality, see Holland (1986), together with comments by Rubin, Cox,
Glymour, and Granger, and Holland’s rejoinder; and Winship and Morgan (1999).

instrumental Variables Regression An approach to coping with endogeneity that is
popular among econornists is instrumental variable (IV) estimation. If a variable () can
be found that is uncorrelated with unobserved variables (u) that affect the cutcome (¥), Is
correlated with the variable (X) in the model thought to be correlated with the unobserved
variables, and is conditionally unrelated to the outcome variables net of the effect of both
the observed and unobserved variables, Z can be used as an instrument for X to yield rela-
tively unbiased estimates of the effectof X on Y.

For example, consider a 1990 paper by Angrist studying the effect of service in the
military during the Vietnam War on lifetime earnings. The difficulty with estimating an

- OLS equation is that the decision to join the military might well have been correlated
- with unmeasured factors that affect earnings. Angrist exploited the fact that for much
- of the war period, a lottery system was used to determine who would be drafted into
- service. Althongh there were many exceptions, the increased probability of being drafted
- for those with low numbers makes the assignment of lottery numbers a kind of natoral
- experiment—one’s lottery number was correlated with the likelihood of serving but not
- with other factors related both to service and to subsequent income. Thus the lottery num-
- ber is a good instrument for adjusting the effect of Viemam veteran status on income.

Another situation where IV estimation may be helpful is where the causal order is

< ambiguous. Suppose we observe that women who work are less likely to be depressed

than women who do not work. Can we conclude that employment protects against depres-

sion? Perhaps. But the causal order might go the other way: depressed women may be less



“E  Quantitative Data Analysis: Doing Social Research to Test Ideas

likely to seek or retain employment. One way {0 address this problem would be to find an
instrument for employment. A reasonable choice might be whether the mother worked. It
is known that the daughters of mothers who worked are more likely to work themselves.
But there is no particular reason to believe that, net of ber own employment, a woman’s
mother’s employment affects the likelihood that the woman herself experiences depres-
sion (the example is from Etter [2004]). Thus, mother’s employment would satisfy the
conditions for an instromental variable.

A final circumstance in which IV approaches can be helpfulis to estimate simuitaneous
equation models or, as they are sometimes called, reciprocal causation models. Wooldridge
(2002, 555) provides a useful example: in a sample of cities, we might expect the murder
rate to depend on the size of the police force—the more police per capita, the lower the
expected per capita murder rate. But we might also expect the size of the police force
to depend on the murder rate—the higher the (anticipated) murder rate, the greater the
incentive to increase the size of the police force. Because we observe only the equilibrium
condition—a particular murder rate and a police force of a particular size—specitying
a simultancous equation model amounts to asking the counterfactual questions: what
would be the murder rate if the size of the police force were different? What would be the
size of the police force if the murder rate were different? 1V methods provide a way of
estimating such models.

Another case that usually involves reciprocal causation and hence might be handled
by IV models (or by situctural equation models of the kind discussed later) is when one
attitude is thought to affect another but they are measured at the same time. Rather than
assuming that somehow one causally precedes the other, it usually is more sensible to treat
them as either both dependent on a third variable (seemingly unrelated regression, encoun-
tered in Chapter Eleven, can be helpful in such cases) or as having reciprocal effects.

The difficulty with TV estimation is that it often is difficuit to find good instrumental
variables, and poor instruments often produce results worse (more biased) than using no
instruments at all. For a good introduction to IV estimation and its dangers, see Wooldridge
(2006, Chapters 15 and 16). Other useful references include Baum (2006), the entry for the
-ivregress- command in StataCorp (2007), and Green (2008).

Sampie-Selection Bias Sample-selection bias arises when unmeasured factors correlated
with an outcome determine whether an individual is included in the sample. For example,
a woman may enter the labor force only if she can command a reasonably high wage.
Thus selection into the sample (people in the labor force) is nonrandom but depends on
unmeasured characteristics correlated with the outcome variable (wages). Analyzing only
those with wages then results in biased sstimates.

Consider another example. Many surveys in China are restricted to the de jure urban
population. As Wu and Treiman (2007) have shown, in such studies estimates of inter-
generational mobility are overstated because those of rural origins who obtain urban reg-
istration are not a random sample of the rural population but rather are disproportionately
the “best and the brightest,” who have experienced long-range upward social maobility.
¥f the entire population is included in the analysis, estimates of the extent of mobility are
much more modest.
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Heckman Sefection Model A siandard approach to correcting for sample-selection bias
{(in cases where it is not possible to redefine the population as Wu and Treiman did) is to
use a Heckman cerrection (see Heckman 1979). The procedure involves predicting (using
a binary probit equation) the probability of being in the sample {or, equivalently, of hav-
ing an observed outcome), caleulating the expected error for each observation, and using
these errors as regressors in an equation predicting the outcome of inferest. See Winship
and Mare (1992) for a very clear exposition of this and other models for sample-selection
bias, and see Dubin and Rivers {1989} for an extension of these procedures to models
with birary ocutcomes.

The Stata entry for the -heckman - command {StatalCorp 2007) offers another very
clear example and exposition of the method, using the caronical example, women’s earn-
ings. In the example, earnings (for women who have earnings) are predicted from educa-
tion and age, and the probability of having earmings is predicted from marital status, the
number of chuldren at home, education, and age (and imphicitly—through the inclasion
of education and age, which predict the outcome—of the expected wage itsell). Note
that the assumption here is that marital stamus and the number of children at home do not
affect earnings but only the probability of having earnings. We might well gquestion this
assumpticon because married women, and particularly women with children at home, may
choose to take lower-paying jobs that more readily accommodate their dual careers as
workers and mothers.

This example thus reveals a major limitation of the procedure. To yield robust results,
the predictors in the selection equation should strongly affect the probability of being
selected but should have no net effect on the outcome. (Heckman corrections can be made
even when there are no such variables, by relying on the functional form of the equation
to identify the model. However, the results are often neither robust nor substantively com-
pelling.) Suitable variables are often difficult to find. Note the similarity to IV estimation
discussed previously.

For instructive applications of corrections for sample-selection bias, see Mare and
Winship’s 1984 study of employment trends for young Black and White men; Hagan’s
studies of factors infloencing the severity of punishment for convicted criminals (Peterson
and Hagan 1984; Hagan and Parker 1985; Zatz and Hagan 1985); Manski and Wise’s
(1983) study of the determinants of graduation from college; and Hardy's (1989) study of
occupational mobility in the nineteenth century based on matching data across censuses,
which takes account of selection due to deaths, emigration, and name changes.

Endogenous Switching Regression Mote that the Heckman procedure also can be used
to analyze endogenous treatment effects, as an alternative to IV estimation. However, a
separate comumand, - treatreg-, is also available in Stata, in addition to -heckman-.
The problem of an endogenous treatment effect—that is, where there is a nonzero corre-
lation between assignment to a “treatment” group and unmeasured factors affecting the
outcome—can in turn be generalized to the case in which the parameters of a model link-
ing treatments to outcomes differ across treatment groups and assignment to treatment
groups is endogenous. For example, Gerber (2000) asks whether the fact that former
Comrmunist Party members do better in post-Soviet Russia than do others is due to
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residual social capital (the fact that connections continue to favor former party members)
or rather to unmeasured factors that affect both the likelihood that people became party
members during the Soviet era and their earnings in the post-Soviet period.

This kind of problem can be addressed using methods that are simular to those for

treatment effects and sample-selection problems—specifically, endogenous swirching
regression models. Endogenous switching regression models are used in situations where
one outcome, ¥, is observed if a selection varizble, Z, = 0, but a different ouicoms, ¥, is
observed if Z = 1. Using this method, Gerber concludes that the advantage enjoyed by
former communists is due entirely to unmeasured characteristics associated with becom-
ing 2 member of the Communist Party and that there is no lingering effect of Soviet-era
social or political capital. (See also the critique by Rona-Tas and Guseva [2001] and the
rejoinder by Gerber [2001].)

Good descriptions of the technique and of how to implement it can be found in Mare
and Winship (1988) and Powers {1993). For additional applications see Willis and Rosen
(1979); Gamoran and Mare (1989); Long (1990}); Sakamoto and Chen (1991); Manski and
others (1992); Tienda and Wilson (1992); Powers and Ellison (1995); Smock, Manning,
and Gupta (1999); Hofmeyr and Lucas (2001); Lichter, McLaughlin, and Ribar (2002);
Sousa-Poza (2004); and Prouteau and Wolff (2006).

Propensity Score Matching Another threat to correct causal inference occurs when the
predictor variable of interest occurs only rarely in the sample and is highly correlated
with other independent variables. For example, what is the effect of attending an elite uni-
versity on subsequent occupational status? The usnal way of approaching such 2 question
is to carry out a multiple regression of occupational status on attendance at elite versus
other universities plus a set of variables controlling for family background, high schocl
performance, and so on. The difficulty is that attending an elite university tends to be so
highly correlated with the control variables that controlling for confounding factors fails
to hold them constant, because there are few people with low values on the control vari-
ables who attend elite universities. Apart from the conceptual problem this creates about
the meaning of “holding constant,” there is a serious statistical problem—"unbalanced
treatments” tend to inflate standard errors (Rosenbaum and Rubin 1983, 48), making
problematic the rejection of the null hypothesis of no effect. To cope with this problem,
analysts sometimes resort to matching pairs of cases that differ with respect to the vari-
able of interest (the “treatment” variable) but that are identical on a set of covariates.
However, as Smith notes (1997, 326-327), until recently matching studies often have
been resisted on the ground that they involve “throwing away” a lot of data. Moreover, it
often is difficult to find good matches for more than a small number of variables because
for a linear increase in the number of covariates there is a geometric increase in the num-
ber of matches required.

However, advances in the statistical theory of matching—the seminal article is by
Rosenbaum and Rubin (1983)—have led to the development of a procedure that replaces
the large set of discrete matches required by classical matching procedures with a
propensity score, a scalar summary of the degree of similarity between cases with respect
to a large number of covariates. The procedure involves predicting the treatment variable
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from covariates and then matching each “ireatment” case with the control case that has
the nearest propensity score (or sometimes with several control cases; ses Morgan and
Winship [2007] for a useful discussion of the technical issues involved). The resuli-
ing sample is then analyzed in one of several ways: focusing on outcome differences
hetween matched treatment and control cases, ignoring the unmatched cases; stratifying
the sample into strata with similar propensity scores and comparing ouicomes within
strata (for an interesting application, see Brand and Xie [2007]); or using the propensity
score divectly in a regression eguation to get an estimate of the effect of the treatment net
of the propensity to be in the “treatment” group. The essential insight is that by compar-
ing cases that have a similar propensity to be in the treatment group, we create a quasi
experiment, That is, we can think of matched cases as being, in effect, randemiy assigned
to either the treatment or the control group because they have the same probability of
being in either group, given their covariates.

Consider the example presented by Smith (1997) in his illuminating exegesis
of matching methods. He was interested in comparing the mortality rate in two types of
hospitals, ordinary hospitals (N = 5,053) and “magnet” hospitals (N = 39— hospitals
with organizational practices that enhanced their reputations as good places o practice
pursing. Contrasting an OLS analysis with a propensity matching procedure, he showed
that the two methods yielded similar estimates of the difference in mortality rates in the
two types of hospitals, but the latter method had far smaller standard errors, yielding a
statistically significant reduction in mortality in the magnet hospitals compared to ordi-
nary hospitals, a conclusion not yielded by the OLS analysis because of the large standard
errors resulting from the unbalanced design.

There is by now a substantial literature on both the statistical theory underlying pro-
pensity score maiching and practical procedures for implementing the method. The 1997
Smith paper is a good place to start and also has a useful bibliography. Becker and Ichino
(2002), Abadie and others (2004), and Becker and Caliendo (2007) discuss the imple-
mentation of propensity score matching in Stata. Dehejia and Wahba (2002) and Brand
and Halaby (2006) provide useful evaluations and worked examples. Harding (2002) is a
particularly instructive application. For other applications, see Berk and Newton (1985),
Stone and others (1993), Keating and others (2001), Lu and others (2001), Morgan (2001),
Rlack and Smith (2003), Lundquist (2004}, and Cehen (2005). One limitation of propen-
sity score matching is that it may not balance unobserved covariates. Thus if you suspect
endogeneity, you will need to resort to one of the methods discussed here or in the previ-
ous chapter that are specifically designed to handie such problems.

Structural Eguation Models

Structural equation modeling (SEM) is a technique (or, more precisely, a set of tech- .
nigues) that permits the estimation of systems of equations, often involving unmeasured
or latent constructs. Consider a simple example, Blau and Duncan’s (1967, 170) classic
model of status attainment, shown in Figure 16.2. When we think about how occupa-
tional status is transmitied from one generation to the next, it becomes evident that this is
a multistep process: men whose fathers are well educated and have high-status jobs tend
to achieve more schooling; those who achieve high levels of schooling tend to obtain
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Blau and Duncan’s Basic Model of the Process of Stratification.

Source: Blau and Duncan 1967, 170.

high-status first jobs (but their social origins may also help); and those who have high-
status first jobs are likely to be able to parlay them into high-status current jobs (but theix
education and even their social origins may continue to matter). The various “paths” by
which fathers’ occupational status is transmitred to their sons are shown in the figure,
known as a “path diagram.” The paths can be represented by a set of equations predicting
cach of the outcomes in turn. The relationships among the equations can be explored to
yield insights regarding the relative importance of different paths linking the two vari-
2hles. Moreover, under some circumstances (typically, if the size of particular coeffi-
cients is fixed, vsually but not necessarily at zerg, or {wo Or more coefficients are
constrained to be equal—that is, if the model is overidentified), the goodness of fit of the
model can be assessed.

In the model just discussed, there is only one indicator for each variable. However,
often the analyst has available repeated measures or a set of measures thought to repre-
sent a single underlying or latent construct. In such cases, it is possible to use SEMs to
assess and correct for measurement error. See Bielby, Hauser, and Featherman (1977) and
Hauser, Tsai, and Sewell (1983) for two early but instroctive examples. Still another use
of SEMs is to estimate processes involving reciprocal causation, even involving latent
variables. See Duncan, Haller, and Portes (1968) for such an example. (Note that the
applications just cited are all very old. This is not due to a lack of recent work—the cur-
rent literature is vast—but rather to the fact that the early work was much more exphicit
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about the models being estimated than much of the literature that followed, after struc-
tural equation modeling became widely used. Thus for didactic purposes the early papers
are more useful.)

The strategy for estimating SEMs 1s to exploit the fact that the posited relationships
among the variables (observed and latent) implies a particular covariance structure (that
15, 2 set of relationships among the variances and covariances of the observed variables)
which is why the teclmique is sometimes cailed covariance structure modeling. Goodnes&:

of fit .is assessed by comparing the covariance structure implied by the model with the
covariance structure observed in the data set being analyzed.
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Structural equation modeling has a long and diverse history, beginning with the cre- -

ation of path analysis by the population geneticist Sewall Wright in 1918. It was intro-
duced into sociology (and other social sciences) by Otis Dudley Duncan (see Duncan
[1975] for an early exegesis), credit for discovering the work of anht pr-operly b{?longs
to Robert W. Hodge, when he was a student of Dhuncan’s at the University of Chicago,
At the samne time, economists were beginning increasingly to use simultaneous equation
models. As will be evident from perusal of the applications cited here, the specification
and estimation of structural equation models, even with the aid of path diagrams as a
graphic representation of the assumed relationships in ‘th? system, was a tedious and etror-
prone process. The situation changed with the introduction of computer software specifi-
cally designed to estimate covariance structural models. The first such ngtware package
was introduced by Joreskog (1970) and was known as LISREL (for Linear Structural
Relations). Subsequent software included BEQS by Bentler and Wa, AMOS by Arbuckle,
and MPlus by Muthén and Muthén. Many of the newer packages aﬂow the analyst to
gasily draw a path diagram, which is then converied by the software nto a systerp of
equations, and coefficients are estimated. Check the internet for the most recent VETSIOons
of these and other software packages, including modules for general-purpose statistical

software packages.

James Steiger, a psychologist and contributor to structural equation mod_eling, takes :_
a somewhat skeptical view of these developments in a 2001 paper, suggestmg that the
new ease in estimating SEMs has resulted in applications {particularly in Psychology_) :
that are inattentive to the assumptions underlying the method and its linﬁtagonsrmost .
importantly the fact that structural equation modeling does not somechow Im‘aglcajly over-
come the simple point that correlation does not imply causation. Rather, it is a procedure

et
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that enables the analyst to explore the implications of whatever model the analyst posits
on a priori grounds. Thus structural equation modeling is best seen as an interpretative
procedure, with the added feature that in some cases it is possible to determine whether a
particular model is consistent with observed data. Used properly in this way, SEM can be
a valuable tool. (The best introduction remains the 1989 text by Bollen, which, although
somewhat demanding, is intended for and accessible to social scientists. See also a collec-
tion of papers on technical issues, edited by Bollen and Long [1993}; Bollen and Curran’s
2006 bocok using SEMs to estimate latent curve models; and Bollen and Brand’s 2008
paper using SEMs to estimate random and fixed effects models.)

THE IMPORTANCE OF PROBABILITY SAMPLING

To generalize from a sample to a population—which is what social scientists are almost
always interested in doing, whether we admit it or not—it is necessary to sample cases
from the population of interest in such a way that each individual in the population has a
known probability of being included in the sample. Only under this circumstance do the
principles of statistical inference apply.

Nonetheless, many studies violate this principle, drawing “convenience” or “causal”
samples. Chinese social surveys are particularly egregious in this respect, often sampling
a set of provinces or cities that are said to be typical of particular types of places; this
is true of even high-quality surveys such as the Chinese Health and Nutrition Survey
(Henderson and others 1994). The difficulty is that there is no way of knowing to what
extent and in what ways the chosen places are indeed similar to the places that are ot
chosen but are purported to be represented by the chosen places. In sum, samples of “typi-
cal” places are no substitute for probability samples. It is well worth the extra cost—in the
sampling effort and, often, in the fieldwork—to design a sample in such a way that if can
be generalized to the population of interest.

ASK A FOREIGNERTO DO IT Social scientists are notoriously bad

at characterizing their own societies. A case in point: in my 1996 Chinese survey it proved
impossible to do the fieldwork in one county-level urban district because of opposition from
local officials. Instead of asking me to provide a substitute place from the same stratum
(recall from Chapter Nine that there were twenty-five urban strata, based on the level of
education in the population), my Chinese colleagues simply substituted another district
from the same city that they said was very similar to the omitted district. However, it turned
out that whereas the omitted district was in the eighteenth stratum, the substitute was in
the twenty-third stratum, clearly a violation of the stratified sampling design.

The truth is that if you want a clear-headed characterization of a society, you should
ask a foreigner to render it. This essential point was understood by the Carnegie Corporation,
which commissioned the Swedish economist and sociologist Gunnar Myrdal to head a study
of race relations in the United States in the 1930s. The result was the dassic monograph An
American Dilemma {(Myrdal 1544, vi-vii).
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Superpopulations |
Sometimes, however, we wish to generalize beyond the population that was sampled.
Single cross-sectional surveys exemplify this situatiqr_zn Althoogh the sur\/;ey is F:oncliucted
in a single year, the analyst usually wanis to generahze. b,eyond::hat year. To invoke my.
1996 Chinese survey again, my interest was in generahzmg to “the Chu}eselpopulauon
toward the end of the twentieth century” and not to “the Qh1ne§§ population in the sum-
mer of 1996." Typically, this sort of generalization uis lefi implicit and becomes én 1s51e
only when a critic suggests that what was true theq is no longer n'.ue:. Th§ response tc; .the
critic nsually takes the form, sometimes expii(.:uljy .but oﬂet} 1mphcat1y, of invoking
the “ethnographic present,” suggesting that what 18 being degcilbed 18 Chinese society in
1996 “and all societies in which the same conditions prev"a‘il. That is, ﬁhe concept of a
superpopulation is invoked—that the population sampled is representative of a concep-
jon of similar populations. .
e fﬁgg;pii;pie is the seg O%E‘ societies studied by anthropologists for which data
were compiled by Murdock and his colleaguesl, (gee, for example, Murdock and Prg}::ost
11973]). Because not all small and isolated societies have been stu(heq b.y ethnographers,
the Murdock compilation is hardly a probability sainple of such S(:JC!}CHSS, Naonetheless,
users of this data set treat it as if it were a probability sarmple c_»f societies, on the assump-
tion that the set of societies studied by nineteenth- and twentieth-century ethnographers
is representative of the superpopulation of all such societies.
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Still another example can be found in ipstitutionally based studies—for example,
studies of hospitals, clinics, and their catchment areas, which are often used in public
health research. The justification for what amount to convenience samgples is that the par-
ticular hospitals or clinics being studied are representative of all similar places.

When is it legitimate to invoke the concept of a saperpopulation? I suggest that when
data for a population exist from which a probability sample can be drawn, convenience
samples are a poor substitute and do not meet current scientific standards—claims of
graduate student poverty, lack of time, and so on, notwithstanding. However, when the
population is nnknown and nnknowable, as in the case of Murdock and Provost’s eth-
nographic sample, use of the available data and generalization to a superpopulation are
legitimate. In the case of single cross-sectional surveys based on probability samples of
the population at the time of the survey, we are on firm ground in characterizing the soci-
ety as it was at the time of the survey but are increasingly on shaky ground as we try to
generalize over time. It can be done, but it must be justified.

Pooling Data from Multiple Surveys Invoking the concept of a superpopulation has
considerable practical use when it can be justified. A particularly compelling application
is when comparable data are available over time, as in the U.S. GSS and other repeated
cross-sections. If it can be shown that relationships among the variables of interest do not
vary over time, data from several years may be pooled to increase the size of the sample
available for analysis. This can be & particularly useful strategy when any one year vields
insufiicient data to sustain reliable comparisons, for example of race differences in the
United States. The basic test is a variant on the strategy for group comparisons discussed
earlier in this chapter and also in Chapter Six (see also the discussion of trend analysis in
Chapter Seven). There are two steps. First, estimate an equation of the form

7 4 i 7

Y=a+) bX +) cT,+> > dXT, (16.7)
i=1 j=2 i=1 j=2

where the X, are predictor variables and the T are cross-sectional replicates of the survey

(with the first omiited to avoid hinear dependency). Second, test whether the ¢, and the dij

are collectively zero. If so, you can conclude that all the samples are drawn from a single

. populiation and happily proceed to pool your data. But even if there are year-to-year vari-
- ations in the level of ¥ (significant differences among the c{.) or in the relationship of one
© or more of the Xs to Y (significant differences among the d,), you may still wish to pool
: your data but include the dummy variables and interaction terms necessary to capture the
. way the social process you are studying changes over time. This has the advantage of

simultanecusly permitting an analysis of change and increasing statistical power for

- assessing the relationships that do not vary over time. (For some recent examples of the

use of this strategy, see Barkan and Greenwood [2003], Chen and Guilkey [2003], Pow-
ers [2003], Fitzgerald and Ribar [2004], Kelly and Kelly [20051, and Tavits [2005].)

An alternative use of repeated cross-sections, which has much to recommend it, is to
use data from one survey to develop a preferred model, modifying the model in light of
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relationships unanticipated by your theory but observed in the data. Then estimate your
preferred model using data from a replicated cross-section, for example, in the case of the
(SS, the survey conducted in the preceding or following year (recall the discussion of
this strategy in Chapter Seven). _

A final possibility, in cases where information is collected for more than one indi-
vidual within a houschold (either by interviewing more than one household member or by
asking a respondent about the characteristics of other household members), is to expand
the sample by treating each individual for whom information is available as a separate
case. However, in such cases it is necessary to take account of the fact that observations
are not independent, by adjusting for clustering within houscholds using survey estima-
tion procedures or by adopting the kind of multilevel modeling strategy propesed by
Mason (2001) cited earlier. Moreover, when information is available for a restricted sub-
set of others, for example, spouses, it is important to be attentive to the consequences—
for example, by carrying out sensitivity analysis of the differences in conclusions yielded
by a sample of married people and a sample of all adulis (see the discussion of sensitivity
analysis in the next section).

A FINAL NOTE: GDOOD PROFESSIONAL PRACTICE

Now that we have considered various issues facing quantitative data analysts and have had
a brief introduction to advanced techniques worthy of study, 1 close by offering several
points regarding good professional practice—the things that make a difference between
mediocre and superior quantitative data analysis. These are simple principles, available to
any analyst; their application does not require particular brilliance or insight or mathemat-
jcal facility. But attention to them is sure to improve the quality of your work.

Understand the Properties of Your Data

Whether working with data you acquired from another analyst or data from an archive or
data you yourself collected, you should thoroughly understand how the data were created
and also should explore their properties. Pay particular attention to the sample design to
determine whether survey estimation is possible and how to implement it. For the same
reason, you need to understand how any weight variables were constructed and how to
use them. Often the weights provided by the original investigators are poorly documented.
It is entirely appropriate to write to the investigators to ask them how they construcied
their weights. You should not regard this as an imposition, even if they do, because one of
the responsibilities of those who make their data available for public use is to provide
adequate documentation.

You also should calculate and inspect univariate frequency distributions for every
variable in the data set, or at least every variable pertinent to your analysis. This is easy
to do by using Stata’s -codebook- command. With respect to each variable, ask
‘yourself whether the observed distribution is plausible, given what you know about the

population being studied. It is surprising how mformative the inspection of univariate
frequency distributions can be. The next step is to create cross-tabulations or tables of

means that show the association between each of your central dependent variables and all
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IN THE UNITED STATES, PUBLICLY FUNDED STUDIES
MUST BE MADE AVAILABLE TO THE RESEARCH
COMMUNITY nisnowa requirement of both the National Science Founda-
tion {NSF) and the Naticnal Institutes of Health (NIH} that sample surveys funded by these
agencies be made avaitable for public use in a timely way. The current NiH policy reads, “NIH
endorses the sharing of final research data . . . and expects and supports the timely release
and sharing of final research data from NIH-supported studies for use by other researchers.
‘Timely release and sharing’ is defined as no later than the acceptance for publication of
the main findings from the final data set” (http:/grants.nih.gov/grants/policy/nihgps_2003/
NIHGPS_Part7_htm#_Toc54600131, accessed December @, 2007). The NSF policy state-
ment is less precise but conveys the same principle: "NSF expacts . . . investigators to share
with other researchers, at no more than incremental cost and within a reasonable time, the
data, samples, physical collections and other supporting materials created or gathered in
the course of the work. 1t also encourages awardees to share software and inventions or
otherwise act to make the innovations they embody widely useful and usable” (http/Awvww.
nst.gov/pubs/2001/gci0t/gci0lrev .pdf, accessed December 9, 2007). Providing adequaie
documentation is part of the reguirement.

the candidate predictor variables. This too can be extremely informative, revealing both
deficiencies in the data and deficiencies in your a priori assumptions.

I still recall, with some embarrassment, an incident forty-five years ago when I was a
beginning graduate student at the University of Chicago. | worked as a research assistant
at the National Opinion Research Center (NORC), and Peter Rossi was the director of
NORC. Tran into him one evening as he was leaving the building and carrving a great stack
of computer printont—cross-tabs from the study we were working on. I made some snide
remark about why should we bother with cross-tabs now that we could do regressions by
computer, and he gave me a withering look and said something like, “Live and learn, kid.”
Of course, he was completely correct. There is a lot to be learned by getting a feel for the
data before rushing to estimate fancy, or even not-so-fancy, models.

Explore Alternatives to Your a Priori Hypotheses

One of the features of truly strong research papers is that the author anticipates and
explores all of the alternative explanations for the observed phenomenon or relationship
that a critic might propose. In nonexperimental work the search for alternative explanations
often amounts to assessing the possibility of spurious association due to the failure to
include variables that affect both the independent and dependent variables in the model.
Thus you need to ask yourself, is there an alternative explanation for the association 1
observe? In particular, might some other variable be causing both the outcome I observe
and the values of my predictor variables? Then, if possible, include the candidate vari-
ables in your model, or do a side analysis (even using a different data set) to investigate
the association of these variables with variables already in your model.
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A nice example of the use of this strategy is a paper by Miller (2007) tha‘t expiorgd
whether granting women the vote early in the rwentieth cenﬂ}ry resulted in an increase in
public health spending and hence a reduction in child mcr&aht;,a He finds strong evidence
in support of his claim, But he recognizes that before accepiing the causal argument as
valid, he needs to rule out the possibility that suffrage legisiation was endogenous 1o f.a(:n
tors that also resulted in an increase in public health spending. He thus devotes o sejchon
of his paper (24-28) to varicus “validity tests” designed to rule out the possibility of
alternative explanations for bis resulis. _ .

Where the strategy just discussed is not possible because the potemza} coﬁegndmg
variables have not been observed, it may be possible to rule them ont by noting that if they
were operative, their predicted effects would differ frf)m wha.‘f iz observed. For example,
in a paper analyzing the determinants of literacy i China {Treiman 2007a), I argued that a
divergence in the level of literacy with age for manual and nonmapual workers ponﬁrmed
“the hypothesis that nonmanual work reinforces literacy over the hfe.caurse while rmanual
work suppresses it” (146). However, before accepting .thxs conclasion, j‘{hacai o rale out
the possibility that age differences, measured in 1996, sunply reﬁ_ected h}lstc?rlca} changgs
in China that produced differences in literacy by cohort. I did this by pointing Ol.lt that if
the quality of education increased (decreased) over time, we should expect an increase
(decrease) in literacy for both mannal and nonmanual WOI‘}FSI.‘S. rather than the observed
pattern of divergence. In a similar way 1 ruled out the possibility that as the ngnmanual
sector grew, the average “quality” of both nonmanual and manua:i workers declined.

Still another option, available under some circumstances, 18 10 Sweep unmeas_gred
potential confounders out of the analysis by estmating fixed effiacts_ or ranc%om effects
models as we did in the previous chapter. Still another possibiht)./ is tg adjust for tﬂhe
effect of potential confounders by using one of the methods for coping with endogeneity
and sample-selection bias discussed earlier in this chapter.

Conduct Sensitivity Analysis
Another way to gain confidence—and inspire confidence on the part of your reader—.that
your results are robust is to conduct sensifivity analysis, exploring different functional

forms by which you represent relationships in a general linear model framework, differ- -

ent cutting points when carrying out tabular analysis, and—more general.ly»difﬁ_arent
ways of representing your concepts. Like consideration of potential omitted-variable

bias, this sort of exploration also may require going beyond the data set being analyzed.

See, for example, Treiman and Roos (1983, 620-621), who assessed the adt.aquacy of a
standard proxy for labor force experience (= age minus years of schooling minus $iX) ‘by
comparing estimates from the Quality of Employment Salf.rvey based on two alternative
measures: the proxy measure and actual labor force experience. ,
Your hope, of course, is that different specifications yigld similar 1-es.u1ts. ButL ‘even if
not, you need to report all that you have discovered. Remember: the goal is not to "prove

a hypothesis but to discover how the social world actually works. Sometimes this means .
that we must conclude that our data are not informative because our results are not robust

to alternative specifications.
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Hout and Hauser (1992) cnitiqued Erikson and Goldthorpe’s important comparative
study of social mobility, the Constant Flux (1992b), showing that Erikson and Goldthorpe’s
results are not robust to changes in the model specification, in the statistical procedure
used, or in the Jevel of aggregation of their occupational classification. See also Friksen
and Goldthorpe’s (1992a) response. The exchange provides an illaminating example of
why 1t is important to carry out sensitivity analysis yourself before a critic does it for you.
For a striking example of a tendentious and sloppily argued analysis that was thoroughly
demolished by the long knives of critics, see Hermstein and Murray (1994) and important
critiques by Heckman (1995), Fischer and others (1996}, and Hauser and Huang (1997).

One useful approach is to “bracket” your results, reporting not a point estimate but a
range of estimates derived under different assumptions. For example, if it is not clear to
you whether, in an attitude scale, a “don’t know” response should be coded “missing” or
given the middle value, intermediate between a positive and a negative attitade, try it both
ways and assess—and, of course, report—the results,

Document Your Work

You should carry out all your analysis using command files (-do- files in Stata) and
producing a log of your commands and results each time you execute your command file
(a -log- file in Stata). Moreover, you should use extensive comments in yoar command
files, saying for each bit of analysis what you are doing and why you are doing it. In my
own work I go further, adding comments on the results.

This practice has several advantages. First, it provides a record of what you have
done. The process of research preduction in the social sciences from initial idea to pub-
lished paper often covers a period of several years. Even if you are an efficient person
who does one thing at a time and thus are able to execute your analysis from start to finish
in a matter of a few weeks, you then have to submit your paper to a journal, which typi-
cally will take several months to get back t¢ you, often with a request for revision and
resubmission that entails doing additional analysis. At this point you de not want to be in
the embarrassing position of not remembering exactly how you carried out the computa-
tions to produce the statistics that appear in your tables and graphs and, worse still, not
being able to replicate them. If yon have a well-documented command file, you will be
able to figure out what you have done, and why.

Moreover, you will be able to modify your analysis and create a new set of computa-
tions efficiently. Suppose, for example, that the referees suggest that you control for an
additional variable. This is a trivial task if you have an existing command file. You simply

- add the variable to your model and execute the command file. This is far preferable to
- redoing an entire section of your analysis.

Finally, you will make it possible for others to replicate—or challenge—your work,
by archiving your log file so that it is available on demand. You may be tempted to obscure
the details of your work so that no one else can discover errors in it. But this is not how
science progresses—far belter to be clear (even if wrong) than vague. If you are clear
about your procedures, you make it possible for others to exactly replicate what you have
done and perhaps to figure out how to do it better. Remember, the aim of the game is to
advance our collective understanding of social structure and process.



A4 Quantitative Data Analysis: Doing Social Research to Test ideas

Of course, the gold standard for the production of research papers is that they contain
all of the information necessary to exactly replicate the research. Your goal should be to
document your work thoroughly epough so that if you handed your paper and your data
set to a competent analyst, he or she could reproduce every number in your paper. Ag
laudable as this goal is, however, it tends to be frusirated by journal editors who insist on
shortening papers by omitting technical detail. So in addition to describing your techni-
cal procedures as clearly as possible in your paper, archiving your log file is very good
professional practice.

Do a Last Check for Errors

The last thing you should do before you submit a paper for publication (or as a term paper
or a dissertation chapter or post it in a working paper series) is to execute your command

AN “AVAILABLE FROM AUTHOR"” ARCHIVE  secause caims

in published papers that additional materials are “available from author” usually prove to be false,
at least after a few months, the California Center for Population Research (CCPR) at UCLA recently
implemented a mechanism by which additional materials, for example, -do- and -Iog- files,
can be attached to papers posted in its Population Working Paper archive. Other research centers
are to be enceuraged to do the same.

file and then to check every single number in your paper against the corresponding num-

bers in your log file. You will be amazed at the number of discrepancies you find. Because,

producing a professional paper is typically a lengthy process, it is extremely easy for
inconsistencies to creep in. Your goal should be to produce a single command file that
contains ¢l the computations required for an analysis. Even in cases where you are ana-

lyzing more than one data set, you would be well advised to incorporate all your com-
mands into a single file. In this way, you create a single document that produces and ~
explains all of your work. You also minimize the chance that portions of the analysis will. -
fail to be documented or that the documentation will be lost. For the same reason, you
should incorporate side computations, even hand computations, into your command file. . -
(In Stata the -display- command accommodates this by functioning like a hand -

calculator.)

The standard to be emulated—at least partly—is the lab notebook conventionally

kept in a chemistry lab. Lab notebooks record the conditions under which an experi-
ment was conducted, including the temperature and humidity of the room, whether a
reagent was spilled on the floor that day (together with the exact time and description
of what was spilled and where), and the outcome of each procedure, whether success-

ful or not. We need not go that far. Nothing much is gained by recording the errors we ...
made in the process of getting our file to execute. But we should record analytic dead”:

ends, hypotheses that did not pan out, assumptions that proved to be incorrect, and so on.

You will find such commentary enormously helpful when you refurn to analysis after an:
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absence of months or years, which, as [ have noted, is not an uncommon gap. Moreover,
by documenting and archiving your analytic dead ends, you may help other analysts.

WHAT THIS CHAPTER HAS SHOWN

Tn this chapter 1 have reviewed some general poinis regarding good research design; have |
briefly introduced a number of advanced statistical techniques and procedures, which you
should pursue in further course work or independent study; have emphasized the value of
probability sampling; and have concluded with some advice about good research prac-
tice. On the basis of the material we have covered in this book, you are well prepared to
do high-guality and rigorous analysis of sample survey and other data. But vou should
not stop here, because statistical methodology in the social sciences is advancing rapidly,
and a first course in data analysis is no longer sufficient to master state-oi-the-art tech-
niques, many of which [ reviewsd in this chapter. I thus urge you to think of this book
as the beginning of a career-long commitment to continually expand your tool Kit, just as
1 have done in the more than forty years since completing my Phl>. If an old dog like me
can learn new tricks, so can you! Have fun!




This appendix describes all of the data sets used to create the worked examples in the
book. A common feature of all these surveys is that they are household samples, which
means that the data need to be weighted by the reciprocal of the number of adults in the
hounsechold to convert them into person samples—see the discussion of this issue in Chap-
ter Nine. They are all based on probability samples of households, and the details of the
design are given in other sources, indicated in the references included in this appendix.
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CHINA

The 1996 survey, Life Histories and Social Change in Contemporary China (Treiman,
Walder, and Li 2006), was conducted by faculty and students of People’s University,
Beijing, with funding from the U.S. National Science Foundation (SBR-9423453), the Ford
Foundation—Beijing, and the Luce Foundation. The principal investigators were Donald J
Treiman (UCLA), Andrew G. Walder (Stanford), and Qiang Li (then at People’s University
and now at Qinghua University, Beijing). The survey collected extensive information on
respondents’ sociceconomic characteristics and educational, occupational, and family his-
tories, and also information on their spouses, parents, children, and other family members,

The survey was based on a stratified national probability sample of the population of
China age twenty to sixty-nine, yiclding 6,090 cases plus a special sample of 383 village
ieaders (village cadres). Details of the sample design are given i Treiman (1998}

The data and accompanying documentation can be downloaded from the UCLA
Social Science Data Archive at hitp/fwww.sscret.ucla.edufissr/da. Click Catolog, Index,
Asia-China, and then Life Histories and Sociol Change in Contemnporary China, 1996,

EASTERN EUROPE

The survey of Social Stratification in Eastern Europe after 1989 (Szélenyi and Treiman
1994) consists of six general population surveys, based on probability samples of the
adult populations of Bulgaria, the Czech Republic, Hungary, Poland, Russia, and Slovakia,
with all the surveys conducted in 1993 except the Polish survey, which was camied out in
1994, and all surveys using an essentially identical questionnaire. Each survey sampled
approximately 5,000 adults using a multistage stratified national probability sample
design (except that the Polish sample was smaller, approximately 3,500 adults). Details
on the survey design can be found in Treiman (1994). These surveys were funded by the
U.5. National Science Foundation (SES-9111722 and $BR-9310395), the U.8. National
Council for Soviet and Eastern Buropean Research (806-29), the Dutch National Science
Foundation (NWQ), and various Eastern European governmental agencies. The principal
investigators were Ivan Szélenyi and Donald J. Treiman, at that time both at UCLA.

The focus of the data collection was on the effect of the collapse of communism on
life chances. Extensive information was collected on respondents’ socioeconomic char-
acteristics and educational, occupational, residential, and family histories, and also mfor-
mation on their spouses, parents, children, and other family members. In addition, a good
deal of political information was collected, as well as information that permitted a con-
trast between 1988 and 1993.

The data and accompanying documentation can be downtoaded from the UCLA
Social Science Data Archive at hitp://www.sscnet.ucla.edu/issi/da. Click Catalog, Index,
Europe-Bulgaria, and then Social Stratification in Eastern Europe After 1989: General
Population Survey. _

The survey of elites that was carried out in each of the six nations at the same time as
the general population survey and analyzed in Chapter Thirteen is not currently available
for public distribution due to the difficulty of protecting the confidentiality of responses.
The difficulty with an elite survey, of course, is that individuals are fairly readily identifi-
able from details of their biographies.

Data Descriptions and Download Locations for the Data Used in This Book

S0UTH AFRICA

The Survey of Secioeconomic Opportunities and Achievement in South Africa (Treiman,
Moeno, and Schlemmer 1994) is a2 multistage national probability sample survey of all
races in “greater South Africa” carried out in the early 1990s in several stages between
1991 and 1994, Greater South Africa refers to what was historically, and is currently, the
South African nation; that is, it includes the “TVBC States” that at the time of data
collection were nominally independent puppet states hived off by the apartheid regime
{see Treiman [2007b] for a brief history). The sample consists of a general population sam-
ple of 8,714 adults and a Biack elite sample of 372 adults. The principal investigators were
Donald ). Treiman and two South African sociologists, Sylvia N. Moeno and Lawrence
Schlemmer. See Treiman, Lewin, and Lu (2006) for details on the survey design.

Extensive information was collected on respondents’ socioeconomic characteristics
and educational, occupational, residential, and family histories, and also information on
their spouses, parents, children, and other family merobers.

The daia and accompanying documentation can be downloaded from the UCLA
Social Science Data Archive at http//www.sscnet.ucla.edu/isst/da. Click Caralog, index,
Africa-South Africa, and then Survey of Socioeconomic Opportunities and Achievement.

U.5. GENERAL SOCIAL SURVEY

Funded by the U 5. National Science Foundation, the General Social Survey (GSS; Davis,
Smith, and Marsden 2007) is a repeated cross-sectional survey, with data collected from
a national multistage probability of U.5. adults—about 1,500 people approximately each
year from 1972 through 1991 and then, beginning in 1994, about 3,000 people every
other year. The principal investigators are James A. Davis and Tom W. Smith and, in
recent years, Peter V. Marsden. Appendix B provides details on the sample design as 1t
has changed over the years.

The GS8 is intended to be an all-purpose survey, to permit analysis of the attitudes,
behavior, and characteristics of the U.5. population by those who cannot afford the mas-
sive resources required to mount a national probability sample survey. As it has matured,
it has become an increasingly valuable vehicle for the study of social change, especially
changes in attitudes. The strategy of the GSS is to repeat a substantial portion of the ques-
tionnaire year after year to permit the analysis of changes over time but also to incorpo-
rate new questions that are responsive to changing conditions and concerns.

The data may be downloaded from the National Opinion Research Center at the
University of Chicago, the producer of the GSS: http//www.norc.org/GSS+Website/
Download. It is also possible to do data analysis using this site, without actually down-
loadmg the data. An alternative site, which also permits both data analysis and download-
ing, is the SDA Archive at the University of California-Berkeley: http://sda.berkeley.
edu/archive. hitm. For information regarding how to download or purchase the documen-
tation, see hitp://www.gss. norc.org.



INTRODUCTION

The General Social Survey (GSS) uses a stratified multistage probability sample
{described in Davis, Smith, and Marsden [2007, Appendix A], and the sources cited
there), which means that correct estimates of standard errors require survey estimation
procedures. Unfortunately, the GS8 documentation is not complete, presumably to main-
tain confidentiality; only the primary sampling units (P5Us) are identified by the SAMP-
CODE variable; neither the strata nor the secondary sampling units are identified. This is
unfortupate because it precludes exploiting Stata’s procedures for adjusting for multi-
stage stratified sampling. Also, information is not provided that would permit a finite
population correction, although this limitation 18 not imiportant, given the large number of
units in the population sampled at each stage. Moreover, the sample design has changed
over the years, with a new sampling frame created each decade based on the decennial
census results and additional major changes in 1976, from a block guota design to a full
probability sample design; in 2004, with the introduction of a partial list-based sample
using the U.5. Postal Service address list, an aggressive effort to convert a subset of imitial
nonresponses, and post-enumeration adjustments for differential nonresponse; and in
2006, with the introduction of a Spanish language sample. Finally, in 1982 and 1987
Blacks were oversampled. These changes complicate pooling data across years.
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ANALYZING DATA FROM A SINGLE YEAR

Here are my recommendations regarding the use of survey estimation under various sce-
narios. 1 start with suggestions for analyzing data from a single year and then, in the fol-
lowing section, offer suggestions for combining data from more than one year.

The 1972 to 1876 Block Quota Samples

In the early years of the GSS, probability sampling was carried out down to the block leve].
Then, within each block, the interviewer traveled in a specified way around the block,
approaching each household in turn and attempting to achieve interviews with a specified
number of people with particular combinations of age, sex, and employment status, If a
person meeting the criteria was found, that person was interviewed, and the interviewer
then moved on to the next household (that is, only one interview was permitted per house-
hold), continuing until the required number of interviews in each combination of categories
was completed. In 1975 and 1976, the sampling procedure was split: approximately half
the interviews were conducted using the block quota method, and balf were conducted
using a full probability sample. Subsequent to 1976, a full probability sample design has
been employed. Using the 1975 and 1976 data, Stephenson (1979) compared the two sam-
pling procedures and concluded that the block quota sample substantially under-represented
fully employed men and somewhat over-represented individuals living i single-adult
households (which, in turn, resulted in under-representation of married people and Catho-
lics). He found little evidence of bias with respect to the many other variables in the GS5.

Although procedures for doing statistical inference with quota samples exist, either
using information from repeated surveys or doing within-survey comparisons (Stephan
and McCarthy 1963, Chapter 10), these are somewhat cumbersome to implement.
Because the (3SS block quota samples have average design effects of about 1.5, approxi-
mately as large as GSS multistage probability samples (Davis and Smith 1592; Davis,
Smith, and Marsden 2007, 2,097), a reasonable approach is to treat the block guota sam-
ples as if they are probability samples and apply the same survey estimation procedures
as for the true probability samples subsequent to 1976.

With respect to the bias in coverage in the GSS block quota samples, you can choose
to ignore it or to do post-enumeration weighting based on the distributions observed in
the 1970 census. My suggestion is that you not bother to do post-enumeration weighting.
Rather, simply include gender and employment status in your analysis, which will yield
unbiased estimates of the effects of other variables. However, you do need to be cautious
in your interpretation of descriptive statistics, investigating whether the attributes you are
describing differ between employed males and others and, if so, perhaps bracketing the
summary statistics by weighting the data to inflate the number of employed males. Then
report the original and inflated estimates as an estimate of the range within which the true
values of the statistics fall.

The 1977 to 2002 Surveys, Except 1982 and 1987

With the exception of the 1982 and 1987 surveys, which included over-samples of Blacks,
the full probability samples used in the 1977-2002 surveys can all be treated in a standard

way. You need to adjust for the fact that the GSS, like most household surveys, is a

e
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probability sample of households rather than people. But the eligible population consists
of all adults {people age eighteen and over) who are capable of responding to an inter-
view. Because households are randomly sampled within smail areas but only one ran-
domly chosen adult per househeld is interviewed, adulis living in households with many
adults have a smaller chance of being inciuded in the sample than do adults living in
households with few aduits. A reasonable way to convert the sample of househelds into a
sarmple of people is to weight each respondent by the ratio of the number of adults in the
household to the mean number of adults in all households in the sample. This can be

accomplished in Stata by constructing a household weight variable, HHFWT:

egen adultm = mean(adults)

gen hhwt = adults/adultm

and weighting vour data by this variable. (In fact, because Stata renorins probability weights
to the original sample size, you can simply use the ADULTS variable as your weight vari-
able unless you are using this variable as a component in a2 more complex weight variable—
shown in the next section—in which case you should use HFWT as the component.)

Alihough the GSE is a multistage sample with two, and for some PSUs three, stages,
the documentation only provides information on the primary sampling units (metropoli-
tan areas and nonmetropolitan counties) and no information on strata (based on region,
size of place, and race/ethnicity). This means that we can go only part way to adjusting
for clustering in the GSS sample design. Here are the Stata commands that will accom-
plish this, using the GS8S P5SU vanable, SAMPCODE:

svyset sampcode [pweight=adults]
or
svyset sampcode [pweight=hhwt]

Note that this command also adjusts for differential household size.

The 1982 and 1987 Surveys with Oversamples of Blacks

If you are analyzing the 1982 or 1987 sarveys and want to compute descriptive statistics,
vou need to adjust for the fact that Blacks were oversampled. To adjust for both the
oversamphing of blacks and differential household size, create a new weight variable that
is the product of the OVERSAMP weignt variable provided by the GSS and the weight
variable you constructed to comrect for differential household size—that is

gen newwt = hhwt*oversamp

{MNote that the mean of this new variable is 1.0.} Then set your data for survey analysis:

svyset gampcode [pweight=newwt]
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The 2004 and 2006 Surveys

Tn the 2004 GSS, NCRC introduced a radically new sampling procedure that exploits the
availability of a list of addresses maintained by the U.5. Postal Service, which in 2004
covered 72 percent of households (O’ Muircheartaigh 2003). For areas covered by the
Postal Service list, it was possible to go directly from PSUs to small areas—in essence,
from the PSU to the tertiary sampling unit. A second ncvation was an aggressive effort
to convert a random half of initial nonrespondents to respondents. The second innovation
necessitated a change in the way the GSS data were weighted to make them representa-
tive of the population—the converied cases had to be weighted by twice the weight of the
remaining cases because only half were followed up. The variable W7SS adjusts both for
this and for differential household size.

Note that in the original version of the 2004 data, this variable is named WTS52004.
In the 2006 data and in the 1972-2006 cumulative file, this variable appears twice, ag
WTSS for vears 2004 and 2006 and as WTSSALL for all years; for 2004 and 2006 the two
variables are identical. Thus, depending on which version of the earlier fles you are
using, you may have to rename W7S552004 or WISS to NEWWT (or whatever other name
you give to your construcied weight variable) to have a comparable weight vanable for
all years.

If you are carrying out analysis using only the 2004 or the 2006 data, or pooled data
for the two years, you may want to use WTS52004NR or WISSNE, which adjusts the
2004 and 2006 data for differential nonresponse across geographic areas. Note that by
using this weight variabie, you are implicitly assuming that nonrespondents are identical
to respondents from the same geographical area, which may or may not be reasonable. If
you think that differential nonresponse is due mainly to differences across areas in the
quality of the NORC field operation, such an adjustment would be reasonable. But if you
think it is due to characteristics of respondents (for example, the ditference between an
area with many restricted access buildings such as Manhattan, or many people who work
at night or on the weekend, or many people who live alone, and the remaining places),
you might conclude that nonrespondents cannot be assumed to be similar to respondents.
In this case, you would not want to use the *. . . NR” weights. The laiter is the more rea-
sonable assumption.

As noted previously, in 2006, interviews were conducted in Spanish as well as in
English, whereas in previous years those unable to manage an interview in English were
excluded. About six percent of respondents were interviewed in Spanish, and eighty-five
percent of these were judged by Interviewers to be unable to communicate effectively in
English. The variable SPANENG identifies the language of the interview.

The FORMWT Variable

In some years (1978, 1980, and 1982-1985), some questions were asked only of a sub-
sample of respondents. Although the intent was to administer the questions to 2 random
subset, this was not always realized (Smith and Peterson 1986). Thus, the GSS offers a
correction weight, FORMWT. My recommendation is that you not use this variable but
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rather do multiple imputation (see Chapter Hight) to create a compiete data set that
includes all respondents.

POOLING SURVEYS FROM MORE THAN OME YEAR

When we pool surveys from more than one year, it is reasonable to treat YEAR as the stra-
tum variable because the swrveys from each year are independent, and YEAR is a fixed
variable. The Stata command to accomplish this is

svyset gampcode [pweight=newwt], strata(year)
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35fig; by size of place of residence at age fourteen
and Chinese, 289¢t—292; as socio-cconomic status
(SES) indicator, 304; three-year moving average
vears of schooling by years of birth, 153fig; voting by
race, velunteer association, and, 278¢; years of school
completed by year of birth, 154fig; See also Years of
schooling

Educational transition; binomial logistic regression on
models for Japanese, 314-318; effect parameters
for models of Japanese, 316¢, 317; goodness of fit
statistics for models of Japanese, 315317

Effect coding, 166, 167-17)

Effect parameters; binomial logistic regression,
3106=314; Czech Republic foreign-language
competence model, 3394340z, derivation of,
295-297; Tapanese educational fransition, 3162,317;
Iog-linear analysis, 271-272; for OLS model politi-
cal party identification, 353, 354¢, for ordered logit
model of political party identification, 345t-346¢;
probit analysis of gon threat, 331/-334

Effect-proportional scaling, 257-258

Eight Nation Survey of Political Attitudes
(Barnes and Kaase), 97;

Eliason, 5. R., 297, 300;

Ellison, C. G., 392

Eltinge, J. L., 207

Endogeneity, 388-389

Endogenous switching regression, 391-392

England, P., 380

Entwisle, B., 388

EQS (soltware}, 396

Eriksen, R., 283, 294 384,403
FErrors-in-variables regression, 258-261
7* formula, 101

“Ethnographic present,” 398

Eitner, S., 390

Bvans, MILDR., 187

Event history models, 318

Evolution beliefs; percentage by age, 341, percentage by

level of education, 34+, percentage by religion, age,
and sex, 37387, percentage by religious denomina-
tion, 337; perceniage distribution of, 31321, propm'-
tion standardized for education and age, 39¢

Experiments; natural, 44, 386387, statisiical controls
vs., 43~45

Explozatory factor analysis (factor-based scaling),
247250

F

Factor scores, 250

Factor-based scaling {exploratory factor analysis),
247250

Fair, R.C., 355

PE (fixed effects) models; allowing the slopes of the
X’s te vary, 360; analyzing more than two time
points, 367-369; for binary outcomes, 375380,
for continuous variables, 365-370; description of,
364-365; determinants of inceme in China example
of, 372-375; fixing effects across individuals rather
than over time, 369; fundamental equation of
365-366; interactions between time-constant and
time-varying variables, 367; limitations and cautions
regarding, 369--370; testing effects of time-invariant
variables over time, 366367

Featherman, 3. L., 112,394

“Fetal origins™ hypothesis, 44, 385-386

Fienberg, S. E., 266. 2%

Fischer, C. §.,403

Fisher, R.A., 125-126

Fitted marginals notation, 263

Fitzgerald, §. M., 400

Flu pandemic (1918), 385-384

Fodor, B., 40, 112,179

Forristal, 1. D., 388

Fox, 1., 108, 166,231

Frankenberg, E., 369, 380, 388

Freese, T, 314,334,342, 361

Trequency of sex; alternative estimates of model of,
3587, GSS (2000) data on, 356-357¢; three estimartes

for U.S. married women, 359fig; tobit regression for,

356-361
Fu, V. K., 254

G
Gameran, A., 392
Ganzeboom, F.B .G., 40, 188, 258, 287,292

Gardeazabal, J., 387

Gaziano, C., 204

Gelman, A, 133

Gender equality attitudes, 150-152; See also Sex

Generalized ordered togit medel, 349, 3500-352¢

Gerber, T. P, 391

Gcmnimﬁs, AT, 380

Gilbert, G. N., 294

GLIM (soltware), 294

Glymour*#, 389

Goldberger, A. 5., 147,353

Goldthorpe, §. H., 283, 294, 384, 403

Goodman, L. A, 265, 291,294

Goodness of fit; criterion for, $1-92; for educational
transition in Japan models, 315i~317; effect of

Cultural Revolution on education, 160¢; for log-linear

maodels of anlicommunist seatiment, 2754 model
seloction based on, 266-271; for various armed
threats prevalence models, 3084310

Gould, W. W, 156, 300, 361

Granger**, 389

GRE test-items, 245

Greenberg, D. F., 361

Greene, W. H., 355, 390

Greenwood, 5. F., 399

Gruenewald, P J., 355

Grusky, D. B., 294, 388

G8S (General Social Survey); card-image records
of the, 72; combining data sets for multiple years,
222-223¢; description and obtaining data sets from,
31; on educational attainment by Blacks
(1990-2004), 174; facter analysis oppertunities
using the, 250; frequency of sex data in 2000,
356-3571 houschold data from, 204, 205;
independent validation using, 135-136; making
cross-temporal comparisons using the, 304; occupa-
tion/education etfect on vocabulary data in 2004,
166-167; questions about acceptability of abortion
in 2006, 100; SAMPCODE vaniable included by,
218-219, 220; sample incomes used in 2006, 96;
stratified sample strategy used by, 212; subset of
respondents excluded in, 150; survey estimation
using the, 215; treatment of dummy variables using
data from, 120-121; weighting procedure used by,
212; See also National Opinion Research Center
(NORO)

Guilkey, D. K., 400

Gupta, S.,392

Guseva, A., 392

H

Hagan, I., 361

Halaby, C. N., 44, 380, 393
Haller, A. 0., 395
Hamerle, A., 380
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Harding, D, 44

Hardy, M. A, 166, 391

Hauser, R. M., 112, 133,202, 283, 204, 395,403
Hausman, J., 342,371

Haynes, 5. K., 342

Heckman corvection procedure, 391
Heckman, 1. 7., 391,403

Heckman selectior model, 391
Hendersen, G., 397

Headrickx, J., 274, 295

Heristein, B, 1., 403

High leverage points, 91

High School and Beyvond siudy, 387-388
Hildebrand, D. K., 6

Hodge, R.W., 396

Hoffman, 5. D, 342, 361

Hefmeyr, 1. F., 392

Helding constant variables, 45

Holland, P. %W, 266, 294, 389

Hollerith, H., 70

Hosmer, D, W., 304, 361

Hotdeck imputation, 185

Hotz, V. 7., 380

Household random samples, 203-205
Hout, M., 288,294,403

Hsiao, €., 384

Huang, M.-H., 403

Hum,D.PJ., 181

Human Relations Area Files {(HRAF), 399

i

IBM card data set, 70-72

IBM (International Business Machine Company), 70

IBM punch card, 71fig, 72

Ichino, A., 44,393

A (independence of irvelevant alternatives),
341-342

Income differences; curvilinear relationship between
education and, 144fig; curvilinear relationships
of age and, 140-142; effect on education and race
amoeng women on, 220-222; relationship between
2003 age and, 141fig; semilog transformations of,
142-146; years of school and expected, 145f¢

Independent (or predictor) variables; definition of, 11;
suppressor effect of two or more, 21

Independent validation, 135-136

Influence statistics, 231-232

Institute for Social Research, 208

Instrumental variable (IV) regression, 389-390

Interaction effects; definition of, 26; examples of,
2627

International Socioeconomic Index of Occupations
(ISEI), 40, 258, 288

Interval variables; definition of, 6; ordinal variables
treated as, 6
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Interveming variables; description of, 22, 24; examples
of, 24fig-25fig

§

Tacobs, D, 342, 355

Jahoda, M., 22

Japanese educalicnal transition; binemial logistic
regression on models of, 314-318; effect parameters
for models of, 316z, 317; goodness of fit statistics for
models of, 315¢-317

Jasso, G, 75

Johnes, G,, 361

Jones, F. L., 173,179

Jonsson, 1. 0., 342

Joreskog, K. (., 396

K

Kaase, M., 97

Kabn, J.R,, 75

Kalton, G., 181
Kaufman, R. L., 179,272
Keating, N. L., 393
Keeley, M., 355

Kelley, )., 173,179
Keily, . M., 400

Kelly, N.1.,400

Kenney, D. A, 98

Kim, 1.-0., 109

King, G., 297

Kish, L., 204, 208, 209
Kish table, 204
Kitagawa,E., 175
Knoke, D., 263, 273,277,278, 294
Knock,D. L., {86, 190, 191
Korenman, S., 380
Kraus, V., 179

Krueger, A., 369, 380

L

L2 (likelihood ratio X2); definition of, 267; goodness
of fit testing using, 266-271; likelihood function of,
297-298; maximum likelihood estimation, 297-300,
302; See alse Maximum likelihood estimation

Lab notebook record, 405

Lassen, D. 1., 387

Lazarsfeld, P.F., 22,26

Leasl squares criterion, 91

Least-squares regression lines, 92fig

Lee H.-K., 146,179

Lee, J.Z., 380

Lemeshow, S., 304,361

Leverage points; description of, 94-96; effect of single
deviant high, 93fig

Levin, 5.G., 355

Lewin, A, 39

Li, Q.42

Liang, Z.,361, 382

Lichter, D., 392

Likelihood function. See 1.2 (likelihcod ratio X?)

Linear prediction, 358

Linear sphines; alternative specifications of functions,
156; demonstration that inclusion of linear term does
not affect predicted values, 15331; description of, 152;
U.S. trends in educaticnal attainment example of,
152-158fig

Linear-by-lincar association models, 287-288

LISREL {Linear Structural Relations}, 396

Listwise deletion, 183

Literacy rates. See Chinese Hteracy rates

Little, R.J.AL, 181, 184,185

Log Multiplicative (or RC} model, 291-223

-log- files. See Stata -log- files

Log-linear analysis; of anticommunist sentiment
distribution, 273-277; binomial logistic regression
relationship to, 303-304; effect parameters testing,
271-272, 295297, with individual -level data, 277;
interaction vs. association terminology in, 264,
introduction to, 264-265; parsimonious models and,
277-294; with polytomous variables, 277; softwure
available for, 294-295; using Stata for, 272-273

Eogic of elaboration; description of, 22; intervening
variables, 24fig—25fig; spurious asscciation, 22-23fig

Logistic regression, 302; See also Binomial logistic
regression

Logit analysis, 304

. Long, 1. §.,297,304, 314,334, 342, 348, 355, 3¢l,

302,397
Lovell,P. A., 355
“Low R-squares,” 112
Lu,B., 393
Lu, Y., 39,104, 187,377,380, 387
Lucas,R. E., 392
Luijkx,R., 292
Luondquist, T. K., 393

M

McFadden, I3, 341, 3432
Machine-readable data set, 4

Mclvery, 1., 246

McKeever, M., 40, 112,179
McLaughlin, D, 392

Mail serveys, 198-199

Male disability, 385-386fig
Manning, W. ., 392

Manski, C. F., 391,392

MAR (missing at random) data, 182
Maralani, V., 104, 187

Mare, R. D, 157,278,294, 314,342, 355,391,392
Marriage age. See Age at first mamiage
Martin, B, 243

Marx,G.,2,3,6
Marx, K., 93
Mason, W. M., 204, 369, 380, 388
Maximum likelihcod estimation, 297-300, 302
MCAR (missing compietely at random) data, 182, 184
Mean substitution, 184185
Means; decomposing the difference between two,
172-179; decomposition of difference in years of
school by race, 178 expressing coefficients as
deviations from grand, 164-166; included in medel
of educational attainment by race, 176, 1SEI by level
of education, 258, 25%
Meff statistics, 208, 217
Metric regression coefficients, 106-107
Militancy; control variables for, 12; decision regarding
search for additional variables ¢n, 16-17; direction
to percentage the table on, 11-12; distribution by
religiosity among urban Negroes, 8:-9; Marx’s con-
struction of, 6-7; percent by religiosity ameng urban
Negroes, 104-11; percent militant by educaticnal
‘attainment, 147--15; percent militant by religios-
ity and educational attainment, 151-16, 17-181;
percentage distribution of religiosity by educational
attainment, 13+-14; See also “Religion: opiate or
inspiration of civil rights militancy among Negroes?”
{Marx)
Miller, G., 402
Mincer, J., 142
Missing data; analyzing smrveys with, 78-79; data
transformation and, 77-78; defining, 75, 77; MAR
{(missing at random) type of, 182; MCAR (missing
completely at random) type of, 182, 184; MNAR
{missing not at random) type of, 182; NI (nonignor-
able) type of, 182; outliers and, 75; problem of, 8Z2;
See also Data
Missing data strategies; casewise deletion, 183; full
Bayesian maltiple impntation, 182, 185-186;
hotdeck imputation, 185; mean substitution,
184-185; weighted casewise deletion, 183184
Missing values, 79
Mixed models, 361
MNAR (missing not at random) data, 182
Moability effects, 147
Model sefection; anticommunist sentiment examptie
of, 272-273; effect parameters factor in, 271-277,
295-297; goodness of fit basis for, 260-271;
theory-based, 271-277
Models; acceptance of abortion, 127~131fig; armed
threats prevalence, 304-314; baseline, 268; Bayesian
Information Criterion (BIC) for comparing, 133-1335,
151,270-271, 286; coefiicients of educational
attainment of adults, 223#; conditional logistic
regression, 361; description and compenents of, 7;
determinants of Chinese characters identified on
ten-item test, 1167, determinants of estimated political
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conservatism, 260t-261; determinanis of income
of 1.5, women, 221222, determinants of strength
of cceupation-education connection, 2366 237,
discrete-time hazard-rate, 318-327; ¢stimating
culiural capital effect on education attainment in
Russia, 1871931, expected percentage from anticom-
munist sentiment, 2767, generalized ordered logit
model, 349, 35043517, goodness-of -fit statistics
for log-linear anticommunist sentiments, 2757,
Heckman selection, 391; L? (likelihood ratic X?) of
266-271, 297-300; lincar splines, 152—158fig; mixed,
361; nested logistic regression, 361; parsimoni-
ous, 277-294; poisson regression, 361; predicting
abortion acceptance, 256¢, predicting knowledge
of Chinese characters by vear of birth, 161# probit
analysis, 302, 330-334, 361; satwrated, 130, 265-266;
SEM (structural equation modeling), 393-397; of
technology, political integration, stratification level
relationships, 269:-271; tobit regression, 355-361;
tolerance of atheists coefficients, 165166, vocabu-
lary knowledge, 169~170¢
Monette, G., 108
Morgan, 5. L., 389, 393
Moving average, 325
MPlus (software), 366
Mueller, C. W., 109
Miiller, W., 235
Wullin, C. H., 380
Multicollinearity, 108
Multilevel analysis importance, 3§7-388
Multinomial Jogit analysis; description of, 336-337;
foreign-language competence in Czech Repub-
lic example of, 337-341; ITA (independence of
irrelevant alternatives) in, 341-342
Multiple classification anajysis, 164-166
Multiple imputation; Bayesian method of, 182,
185-186; comparing casewise deletion and,
191-193¢
Multiple-item scale construction; additive scaling, 247,
factor-based scaling, 247-250; from incomplete
information, 249
Multiple-item scales; construction methods for creating,
246-258; description and function of, 242; effect-
proportional scaling, 257-258; errers-in-variables
regression and, 258-261; Marx’s questionnaire
constructing, 6-7; reatiabilty through, 243 245; reli-
giosity and abortion attitudes example of, 250-257;
validity of measures through, 242-243; values of
Cronbach’s alpha for, 244, 246¢; Zeller's seemingly
unrelated regression proceduze for, 257
Multiple-punched columas, 71
Multiple-regression equations; Bayesian Information
Criterion (BIC) for comparing models, 133-135, 151;
coefficient of determination (R?), 111-112; for com-
parisons across groups, 124-131fig; description
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Multiple-regression equations {continued) of, 105;
for determinants of literacy in China, 113-120fig;
dummy variables and, 114, 120-123; independent
validation of, 135—136; metric regression coeffi-
cients, 106—107; multicollinearity, 108, reexpressing
variables as deviations from the means, 131-132;
standard error of estimate (root MSE}, 112-113;
standardized coefficients, 107-119; testing additional
hypotheses by constraining coefficients to zero or
to equality, 132; testing significance of individual
coefficients, 107; three-dimensional representation
of, 105fig

Muliiple-tegression techniques; decomposing the
difference between lwo means, 172-179; expressing
coefficients as deviations from grand mean (multiple
classification analysis), 164—166; linear splines,
152-164; nonlinear transformations, 140-147; other
ways of representing dummy variables, 166-172;
testing assumption of linearity, 149-152; testing
equality of coefficients, 147-149

Multistage probability samples; description of, 196,
197-202; GSS (1994) use of, 220

Murdock, G. P, 268, 398-399

Murray, C., 403

Myrdal, G., 398

M

National Institutes of Health (NIH), 401

Naticnal Opinion Research Center (NCRC), 401; See
also GS8S (General Social Survey)

National Science Foundation (NSF), 401

Natural experiments, 44, 386387

Natural log, 144

Nee, V., 385

Nested logistic regression, 361

Net regression coefficients, 106

Netemeyer, R. G., 246

Newton, P.T.,393

NI (nonignorable) missing data, 182

Nables, J., 380

Nomenklatura memberships (Russia); binomial logistic
regression analysis of, 327-329; coefficients for
maodel of determinants of, 3287

Nominzl variables, 4

Nonlinear transformations; curvilinear relationships:
age and income, 140-142; description of, 140; mobil-
ity effects, 147; semilog transformations: income,
142146

Nonresponse sources, 207

Nord, R., 355

Nordholt, E. 5., 181

Notes on Secial Measurement (Buncan), 395

Muisance effects, 214

Munnally, T., 246

o

(Oaxaca decomposition, 175

Oaxaca,R., 175

O"Brien, R. M., 355

Occupational status; frequency distribution by
father’s, 280r; goodness-of-fit statistics for models
of intergenerational, 284¢; by race in South Africa,
3942

Odds ratios; antitogs of the bs interpreted as contribu-
tioms to, 311; constructing, 348; for prediciing likeli-
hood of age at first marriage, 32343241, 75 defined
as functions of, 264 .

QLS (ordinary least-squares) regression; comparing FE
estimates for Chinese family income determinants
with, 374¢; description of, 90; to determine best-fit-
ting line, 91; errers-in-variables regression extension
of, 258261 limitations of, 370; linear relationship
between two variables using, 92fig; misleading
results of, 319; ordinal logistic regression alterna-
tive te, 353; regression diagnostics of underlying
assumptions of, 225-240; relation between years of
schooling and father's years of school, 90fig

Omitted variable bias; description of, 106, 364-365;
fixed effects (FE) modeling for binary outcomes,
375-376, 377-380; fixed effects (FE) modeling
for coping with (continuous cutcomes), 364370,
372-375; handling continuous variables of income
in China, 372-375; random effects (RE) modeling
for coping with {binary outcornes), 377-380; random
effects (RE) modeling for coping with (continnous
outcomes}, 363, 370-375

Open-ended questions, 3

Ordina} dependent variables; definition of, 5-6, 335;
ordinal logistic regression for, 342--353; treated as
interval variables, 6

Ordinal logistic regression; comparisons te other
estimating procedures, 348-353; constructing odds
ratios, 348; converting logits to Y*-standardized
form, 347; description of, 342-343; getting predicted
percentages, 348; OLS model as aliernative to, 353;
potitical party identification example of, 343-353

Ordinal logit equation, 342

Oster, E., 387

Qutliers; description and effect of, 94-96; missing'
values and, 75; regression diagnostics and, 231

P

Pairwise-present correlations, 183

Park, H., 294

Parker, P, 391

Parsimonious models; crossings, 285-286; extensions
of, 293-294: lincar-by-linear association, 287-288;
log-linear analysis of, 277-281; quasi-independence,
283-284¢; quasi-symmetry, 285; row-effects {and

columu-effects), 288-293; opological or levels,
281-283: unilorm association, 286287
Partial-regression leverage plots, 232
Pariial-regression plets, 232
“Passively imputed” variables, 191
Path analysis, 394-395
Paul, C., 181,183, 183
Pearson correlation coefficient, $1-92
Peasson, K., 93
Pearsons’s r; computational formola for, 93; origins of,
93: See also R {voefficient of determination)
Petersen, T., 334
Peterson, R., 381
Piece, G. 1., 278
Pisati, M., 294,295
Poisson regression, 361
Polachek, 5., 142
Potitical conservatism estimates, 2601261
Political party identification; effect parameters for OLS
model of, 353, 3347 effect parameters for crdered
“logit model of, 34573401, generalized ordered logit
model of, 349, 350:—3527; ordinal logistic regression
of, 343-353
Population Association of America, 202
Population register samples, 203
Population Working Paper archive, 404
Population/population subgroup issues, 383386
Portes, A, 394
Powers, D. A., 263, 285, 294, 297,300, 304, 334, 342,
361,392
Powers, E. T., 400
PPS (probability proportional to size) sampiing, 200
predictor variables. See independent (or predictor)
variables
Principal factor analysis with iterations, 248
Probability samples; case-control sampling, 327,
design effects of, 207-209; downweighting sample
size in Stata, 219; houschold, 203—205; importance
of, 397-400; multistage, 196, 197-202; populaticn
register, 203; quota, 206; random walk, 206; simple
random samples, 196-197; stratified, 196, 206-207;
stratifying to offset effect of clustering, 209-223¢,
superior sampling procedure for, 205-206; weight-
ng,212-214
Probit analysis; effect parameters for gun threat,
3314-334; introduction to, 330-334fig; as legistic
regression alternative, 302, 361; marginal effect of,
331-333; prebabilities associated with values of
coefficients of, 334fig; Stata commands used to cre-
ate model for, 334
Professional practices; conducting sensitivity analysis,
402-403; documenting your work, 403-404; doing a
last check for errors, 404-405; exploring alternatives
to your a priori hypotheses, 402; understanding the
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properties of your data, 400-401; See alse Research
design issues

Progression ratios, 314

Propensity score matching, description of, 44,
392-393

Proportional odds assumpiion, 348349

Proutean, L., 392

Provost, C., 268, 398,399

Pseudo R?, 308309

Pseudo-log likelihood, 308

PSUs (primary sampling units}, 200

Q

Cuality of Employment Survey, 403

(uasi-independence models, 2832847

Quasi-symmetry models, 283

Quester, A., 355

Questionnaires; Marx’s construction of militancy
concept using, 6-7; nenresponse to, 207; open-ended
questions used in, 3; pooling data from multiple,
399—400; probability sampling for, 35, 196-224;
sources of noaresponse in, 207; See also Survey
estimation procedures; Surveys

Quota samples, 206

R

r, computatichal formula for, 93; formula for calculat-
ing, 91; origins of, 93

R? (coefficient of determination); formula for comput-
ing from corretations, 111

Racial differences; armed threats prevalence and,
304-314; factors affecting education attainment
by, 174—179; South African cccupational groups of
males by, 41z; South African occupational status by,
39-42; tips on studying, 175; voting by education,
volunteer association, and, 278t women's income by
education and, 220-222; See also African Americans;
South African Blacks

Radelet, M. L., 278

Rafiery, A. E., 133,317

Ragin, C., 355

Random walk samples, 206

Rasler, X, 361

Ratjo variables, 6

Raudenbush, 8. W., 220,387, 388

Raw {or metric) regression coefficients, 106-107

Ray,S.C.. 182

RC (or Log Multiplicative) model, 281293

RE (random effects) models; for binary outcomes,
377-380; for continuous variables, 370-372; deter-
minants of income in China example of, 372-375

Recoding variables, 73-75

Reducing excessive collinearity, 145
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Regression coefficients; Bayesian alternative for
comparing models and, 133-135; constraining
cocflicients to zero or to equality, 132; correlation
relationship to, 94; dichetomous (dummy) variables
used in, 110, 120-123; factors affecting the size
of, 94-5%fig; independent validation of, 135-136;
metric, 106-107; multicollinearity and, 108;
multiple-regression equations, 105fig; standardized,
107-110; strategy for comparisons across groups
and, 124-132; testing significance of difference
between, 129; testing significance of individual, 107,
See alse Coefficients

Regression diagnostics; bootstrapping and standard
errors, 238-240; definition of, 227; four scatter plot
Hustrating problems requiring, 225-2287¢; rebust
regression estimates, 237/ig—238; societal ditterences
in status attainment example of, 228-237

“Regression toward the mean,” %798

Reliabiity; definition of, 243; multiple-item scales to
enhance, 243-245; ways {o asscss, 244

“Religion: opiate or inspiration of civil rights
militancy among Negroes?” (Marx), 2-4; See also
Militancy

Religiosity; age association with, 17; corzelating mili-
tancy relationship to, 10611, 13-14, 15¢-16, 17-18#
by militancy ameng vrban Blacks, 29-31; multi-item
scale on abortion acceptance and, 250-257; percent
accepting abortion by education and, 28¢, percentage
of legal aborticn support by education and, 27¢

Religious denomination; abortion acceptance by educa-
tion and, 131fig; age differences and, 35¢; educational
attainment and, 35fig; evolution beliets by, 337,
evolution beliefs by age, sex, and, 37+-38¢

Relles,D. A, 182

Research design issues; comparisons, 382-388,
endogeneity, 388-389,; endogenous switching
regression, 391-392; Heckman selection model,
391; instrumental variables regression, 389-390;
multilevel analysis, 387—388; natural experiments,
386-387; population subgroups, populations,
and historical periods, 382-386; propensity score

matching, 392-393; sample-selection bias, 390;
structural equation modeling (SEM), 393--397
Residual-versus-fitted plots, 233-234fig
Response category, 4
Ribar, D. C., 392, 400
Roberts, I. M., J1., 278
Robust regression, 237fig—238
Rona-Tas, A., 392
Roncek, D. W., 355
Ronning, G., 380
Roos, P. A, 179,383, 403
Root MSE (standard error of estimate), 112-113
Rosen, H., 355

Rosen, 5.,392

Roscobaum, P R, 44,392

Ross, H. L., 44

Rossi, AL, 27

Rossi, P, 401

Rotated factor matrix, 248

Row-and-column-effects models; log-linear analysis of,
288-290: Row-and-Celumn-Effects Model I version
of, 290-291; Row-and-Column-Effects Mode! 1L (RC
or Log-Multiplicative) version of, 291-293

Royston, P, 185, 186

Rubin, D. B, 44, 133, 182, 185, 389,302

Rubin’s rules, 185

Russian educational attainment, 187-1937

Russian nomenkiafura membership; binomial legistic
regressicn analysis of, 327-329; cocfficients for
maodel of determinants of, 3287

5

Sakamoto, A., 392

Saltzman, G. M., 355

SAMPCOGDE variable, 218-219, 220

Sample-selection bias, 390
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