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social network analysis

" network formation network analysis
conditions —_— networks —_— outcomes

(network concepts) (network effects)

longitudinal studies:

network(t) network(t+1) social selection
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the strength of weak ties
Granovetter, Am. J. Sociology 1973

» personal contacts
» classification of edges

» correlated with utility
in, e.g., job search
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our interests
algorithmics at University of Konstanz

" network formation network analysis
conditions —_— networks —_— outcomes

(network concepts) (network effects)

» network modeling

» methods for network analysis (efficient algorithms)
» network visualization (layout algorithms)

» theory — method link

often in cooperation with social scientists

— (aowvr center in formation
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network classification

not: graph clustering (“community detection”)

(recent reviews by E. Schaeffer in Computer Science Review 2007,
and S. Fortunato in Physics Reports 2010)

but: partitioning sets of graphs



network classification

given: a network ensemble
find: classes of similar networks

prime application example: molecules

prominent techniques:
» graph isomorphism
» graph similarity
» graph kernels
» subgraph mining (“motifs”)



a method based on latent structure

core-periphery graph core-periphery model
(instance) (role graph)
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structural trends
B., Lerner, Nick Proc. CompleNet 2009

edge probabilities p = 0.2 and g = 0.001

random samples with 200 nodes,
edges drawn independently with probabilities p and q
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classification by spectral similarity
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overview

given: an ensemble of personal networks of migrants
find: classes of similar networks

approach:
1. determine prevalent node classes
2. characterize networks in terms of class structure
3. cluster resulting feature vectors



acculturation study
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principal investigators Miranda J. Lubbers, Christopher McCarty, and José Luis Molina
interest: acculturation of migrants

YES T adopt host culture?
assimilated integrated
maintain original culture?
NoO YES
marginalized separated

No

(adapted from Berry, Appl. Psych. 1997) )ﬁ



acculturation study

data

common: questions on preferred TV programs, language use,

here: ensemble of rich personal networks
» 504 migrants (egos)
» 70 personal attributes for each ego
» 45 closest alters
» 12 personal attributes for each alter

» ties among alters
(top of three-item scale: know each other)



acculturation study

sample personal network (migrant from Mexico)

. livesinMexico

D fromMexico & livesin USA
. fromor in other country

() fromUSA & livesinUSA




Universitat
Konstanz

acculturation study

sample personal network (migrant from Dominican Republic)

.Iives in Dom. Rep.

Dalso from Dom. Rep.

. from other country

. from US
D man




acculturation study

simplification (average composition of personal networks)

host (28.18%)

. 304
11.489
2.751
origin (27.51%) fellows (27.86%)



acculturation study

al networks of 79 Argentinian migrants to Spain

person
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aggregation of personal networks
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personal networks by origin

migrants to Spain:

SEN(N=68) () DOM(N=64) ()

Q.

00 o—o0

migrants to U.S.:

coL(N=15) Q pom(N=98) ()

@ Q
() () (1]
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ara(N=79) () host

trapsnationals
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personal networks by years of residence
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acculturation study

personal networks by skin color

BLACK(N=77) BR0WN(N=199) WHITE(N=128) OTHER(N=44)
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what is the overall structure of relations?

abstracting from individual alters

» alters represented
as vectors in
attribute space

» dissimilarity defined
by distance

relative

country

relation
type

-



step 1: node classification

baseline class structure

1. cluster nodes of all networks in ensemble
2. build classes from node clusters
3. determine class relationships

ensemble clustering classes structure

Heas 0



class structure (C, S)

classes C ¢ C:
sets of similar nodes

represented by
average of class members

class relationships S

connectedness of pairs of
classes, e.qg.

Se o = Sc,.¢|
"G G|

Sc, ¢, edges between members of C; and C;



step 2: characterizing class structures

partition ensemble by matching to baseline class structure

1. compute feature vectors for networks (next slide)
2. cluster feature vectors and thereby networks
3. determine class structure of network clusters

baseline ensemble individual
feature vectors .
structure clustering structures




feature vectors

attributes: are nodes similar to their class representative?

> 4(v.C)

veC

T (average distance to center)

sizes: how many nodes are assigned to a class?

Cl

—- (fraction size)
4

structure: does network structure resemble class structure?

_ |E(C1,G)|  (difference in

Sc.c, 1Ci] - |Gl class connections)

-
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application in acculturation study

» build feature vectors (no quality aspect in this application)
» cluster feature vectors (k-means for various k)

» extract class structures for individual clusters



results
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summary

network . baseline class
node clustering classes
ensemble structure

%% ‘ V

network individual class
clustering structures

feature vectors

-
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