Digital humanities

Analyza socialnich siti a korespondencni analyza

Jindrich Marek



Analyza socialnich siti a koresp. analyza
» porovnani vysledku v prezentaci

* nase zdrojova data pro oba typy analyz:

 prehled o barokni tiskové produkci v Praze
* bibliograficke zaznamy
* odvozena tabulka s cca 13 tis. zaznamy: prirazeni jazyka a tématu

 dvé skupiny kategorii
* jazyk (filtr na jen tri nejvice zastoupené: latina, némcina a ¢esStina)
* téma (nabozenstvi, pravo, ...)



Analyza socialnich siti

* struktura socialnich a kulturnich vazeb mezi aktéry (lidé, instituce,
postavy v romanech, ale i napr. kategorie)
* sociogram (grafické vyjadreni vztahu osoby): uzly (nodes) a hrany (edges)
 hleda kliCove postavy, silné a slabé vazby, komunity, periferie



Analyza sité: podkladove vypocty

* je to v podstate vazena spektralni (nebo singularni) dekompozice
prislusne matice (matice sousednosti, Laplaceovy matice nebo matice
incidence)

* ziskané faktory predstavuji zakladni struktury - centralni uzly, komunity a
latentni dimenze, které urcuji dynamiku a usporadant sité

* postup
e puvodni data
. koggglgenéni tabulka (priklad: radky = jazyky, sloupce = témata, hodnoty =
poc¢

 spektralni/singularni dekompozice: vysledky
 vlastni vektory (napf. Fiedlertiv vektor): reprezentuji uzly (z radku i sloupcti)
 centralni miry (napt. PageRank, centrality): méri diilezitost jednotlivych uzli

 zpravidla jeSté embedding (sniZeni poctu rozméru v datech)



Sitové graty

 vypocet (matrix)
* vizualizace (layout)
* popis (interpretace

a. Image speaks for itself

"El resultado es una imagen
real delo que son hoy en dia las
Humanidades Digitales a

nive global"

Pino-Diaz J. and FiormonteD. (2018). “La Geopdlitica
De L asHumanidades Digitales Un Caso De Estudio
DeDH2017 Montreal”, DH2018, Mexico Gity.

b. Helps to visualise the argument

Colavizza G ¢ al. (2016). “A Method for Record
Linkagewith SparseHistorical Data”, DH2016,
Krakow.

c. Highlights a specific node

Moretti G et al. (2016). “Building Large Persons’
Networksto Explore Digital Corpora”, DH2016,
Krakow.

d. Comparing layouts

Sozinova O. (2016). “ Complex Networks-Based
Approach to Russan Rhyme History Description:
Linguostatisticsand Database’, DH2016, Krakow.

e. Same network over time

Wright C. (2016). “ The Formation of Australia’'s
Economic History Community, 1950-1970: A Multi-
dimensona Network Analysis’, DH2016, Krakow.

f. Visualising communities

Rybicki J. e a. (2018). “ Polysystem Theory And
Macroanalysis A Case Study Of SienkiewiczIn
Italian”, DH2018, Mexico Otty.

g. Image presented as a map

Figure 2. The provisional ACA network map in DH, data
from journals CHum, LLC/DSH, and DHQ, 1966-2016,
created using VOSviewer

GaoJ. ¢ al. (2017). “TheIntdlectual Structureof
Digital Humanities: An Author Co-Gitation Analyss’,
DH2017, Montreal.

h. Comparing densities

Gao J. & al. (2018). “ Visualising The Digital Human-
ities Community: A Comparison Study Between Cita-
tion Network And Sodal Network”, DH2018, Mexico.

i. Visualising modularity clustering

Figure 1. The four Great Awakenings in traditional
classification (top): divided by modularity into 3 (center) and
4 (bottom) groups

Choinski M. and Rybicki |. (2017). “Networksof the
Great Awakenings Qlassification of Puritan Sermons
by Word Usage Statistics’, DH2017, Montreal.



Visual analysis

Overall organisation

Clusters (highly connected)

Sparse areas (less connected)

Cliques and strongly connected components
Disconnected components
Center/Periphery

Degree centrality
Number of connections

PageRank centrality
Score based on the
connections to high-
scoring nodes

o-@
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Betweenness centrality
Number of times being on the shortest
path between two other nodes

Number of Triangles
Number of times
connecting two nodes
that are also connected
together

Global metrics
Number of nodes: 652
Number of edges: 5629
Density: 2%
Diameter: 7
Clustering coefficient: 0.321
Number of triangles: 6919

Closeness centrality
Average length of the shortest
path to all other nodes
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Analyza socialnich siti: dalSi pojmy

anglicky
fizeny / nefizeny graf (un)directed layout
modularita modularity

centralita vlastniho vektoru eigenvector-centrality



Nastroje pro analyzu socialnich siti

* Gephi >>
» také webova aplikace Gephi Lite https://gephi.org/gephi-lite/

* VOSviewer
* odkazy k obéma nastrojiim - viz prezentace ke cviceni

* knihovny a balicky pro R a Python
* knihovny pro R: statnet, igraph, tidygraph, ggraph, ...

* balicky pro Python: networkx (+ matplotlib / nxviz / plotly), igraph,
graph-tool, pygraphistry, networkit


https://gephi.org/gephi-lite/
https://gephi.org/gephi-lite/
https://gephi.org/gephi-lite/
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Korespondencnli analyza

» statisticka metoda pro vizualizaci vztahu mezi kategoriemi v
kontingencnich tabulkach

* slozita vicerozmeérna data ve 2D (pripadné 3D) mapé

e cll: odhalit latentni struktury v datech



Kontext: metody hlavnich komponent

e multivariacni data Principal Component Methods
Methods to Summarize & Visualize Multivariate Data
» kvantitativni

* PCA (analyza hlavnich komponent)

|
[ |
o kvalitativni

e 2 proménné / kontingencni tabulka — CA

(korespondencni analyza) Number of
variables?
* vice nez 2 kategorické proménne - MCA | |
(mnohonasobna korespondencni analyza) 2 variables | >2

contingency categoncal
table vanables

e smiSena / strukturovana - FAMD & MFA i |

* FAMD: faktorova analyza smiSenych dat ﬂ
* MFA: mnohonasobna faktorova analyza - |
«  PCA: Prncipal Component Analysis
« (M) CA: (Multiple) Correspondence Analysis

= FAMD: Factor Analysis of Mixed Data
«  MFA: Multiple Factor Analysis

FAMD &
MFA




Korespondencni analyza: Pierre Bourdieu

LE SENS COMMUN

pierre bourdieu
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Koresp. analyza: podkladové vypocty

* je to v podstaté vazena singularni dekompozice (SVD) kontingencni
tabulky

v pripadé MCA singularni dekompozice Burtovy matice

* postup
e puvodni data
* kontingencni tabulka (priklad: radky = jazyky, sloupce = témata, hodnoty =
pocty)

* vysledky (podklady pro graf)
 levé singularni vektory (reprezentace radkl - napr. jazyki)
« pravé singularni vektory (reprezentace sloupct - napr. témat)
 singularni hodnoty (sila jednotlivych dimenzi)

» zpravidla jeSté [dalsi] embedding (sniZeni poctu rozmért v datech)



Korespondencni analyza: vizualizace

* biplot * mozaikové zobrazeni
* dvoji koordinaty
 zpusoby vypoctu
* symetricky, asymetricky

Biplot (First and Second principal componentaxis: 100,00 %)

Treatment vs. Elderly (Over 65)
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Elderly (Over 65)



CA - Biplot
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The graph above is called symetric plot and shows a global pattern within the data. Rows are represented by blue points and
columns by red triangles.

The distance between any row points or column points gives a measure of their similarity (or dissimilarity). Row points with
similar profile are closed on the factor map. The same holds true for column points.



CA - Biplot
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In the graph above, the position of the column profile points is unchanged relative to that in the conventional biplot.
However, the distances of the row points from the plot origin are related to their contributions to the two-dimensional fac-
tor map.

The closer an arrow is (in terms of angular distance) to an axis the greater is the contribution of the row category on that
axis relative to the other axis. If the arrow is halfway between the two, its row category contributes to the two axes to the
same extent.



Mnohonasobna korespondencni analyza: MCA

N CETI I - metoda zpracovan

FrantiSek Skoda cervena Samsung ’ ’
* vicecestné tabulky
Josef Skoda ¢ervend Apple .,
 zdvojeni (nausea_y, nausea_n)
Karel Volvo zelend Apple

* indikatorova / Burtova matice
Ludvik Peugeot bila Motorola



MCA

 explorativni vicerozmérna analyza
 shlukova analyza

* analyza zaloZena na redukci rozmeéru
na mensi pocet

. skuFiny jedinct s podobnym
profilem
* aktivni jedinci

* vztahy mezi kategoriemi
proménnych
 aktivni proménné
* doplikové proménné: kvantitativni
* doplnkové proménne: kvalitativni

* cos2: kvalita reprezentace
 prispévek k rozmértim v %



Nastroje pro korespondencni analyzu

* knihovny a balicky pro R a Python
* vZdy jeden nebo uvedenda kombinace
* knihovny pro R: ca; MASS; FactoMiner + factoextra; GDATools; ...
* balicky pro Python: prince >>; scikit-learn; mca; ...

* SPSS, SAS, Stata, MATLAB

* a dalsi komercni softwary



Dimenze 2 (17.9 %)
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Analyza socialnich siti vs. korespondencni
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Analyza socialnich siti vs. korespondencni

* co maji spolecného?

,Sociogram je zalozen na stejnych datech a byla pouzita optimalizacni technika,
ktera je zaloZena na viceméné stejnych principech jako singularni rozklad v
korespondencni analyze“

de Nooy (2003)



https://cs.wikipedia.org/wiki/Singul%C3%A1rn%C3%AD_rozklad
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