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community structure

karate club split [Zac77|




community detection

karate club split [RAKO7]




community examples

most social networks contain communities [GN02]
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bottlenose dolphins [LSB 03] american football [GNO02]

3/13 © Lovro Subelj



community examples

many information networks contain communities [FLGOO]
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Molecular & Cell Biology

mobile communications [BGLLO08] Jjournal citations [RBO08]
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community examples

many biological networks contain communities [RSM102]
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E. coli metabolism [RSM™02] protein interactions [JCZB06]
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community examples

technological networks rarely contain communities [SB11a]

European highways [5B11b] JUNG dependencies [5B11a]

6/13 © Lovro Subel



community explanation

— weak & strong ties according to information flow
— bridges & embedded ties according to network span

— removal of local bridge {i. )} causes d;> 2
— removal of bridge {/./} causes d;; = oo
— embedded tie {i.j} has C; > 0

strength of weak ties or weakness of strong ties
— weak ties are (local) bridges under triadic closure [Gra73]

— assortative mixing and homophily in (social) networks [NGO03]
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community experiment

— tie in mobile communications [OSH*07]

— weak ties are (local) bridges in real networks

real shuffled

strength of weak ties or weakness of strong ties
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community definition

— clique is complete subgraph of some graph
— also k-plexes, k-cores, k-cliques, k-clubs, k-clans

— community is dense subgraph of sparse network [GN02]
— strong and weak community C [FLG0O0, RCCT04] defined as
— k" and k& are internal and external degree of i

Ve RN SRt Dk > e ke
— community detection is > graph partitioning [For10]

LSS o ¢

connected communities maximum clique strong community weak community
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community modularity

— random graphs should lack community structure
— modularity @ [GNO2] of communities | C} defined as
- ke = Z/cc k; is total degree and m. is number of links in C

25 (A5 = ) b = 2 S Syec (A7 - 48) = 2 = (*6)2
QZ%Z@'(’%‘%) cici ZCm (2%)

— modularity @ popular quality/optimization function [Forl0]

W WY W

optimal Q = 0.41 suboptimal Q = 0.22 isolates @ = —0.12
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community —modularity

— modularity @ > 0 also in random graphs [GSPA04]
— modularity @ has resolution limit at k. < +/2m [FBO7]
— modularity Q) lacks clear optimum in real networks [GdMC10]

Lo e 3
e e

intuitive Q@ = 0.867, optimal @ = 0.871 and random Q = 0.8 Q plateau and maxima
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community overview

o
| Dak \
communities [GNO2] overlapping communities [PDFV05]

Bk

link communities [EL09, ABL10] block models, blockmodeling etc.

javax.swing, javax.management, javax.xml, javax.print, javax.naming, javax.lang
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community history

Early Communities

Geort ns recorded the
communication of bank telers.

Graph Partitioning
Predecessors to communiy
finding, graph partioning
7,

Michelle Girvan and Mark Newman

the hierachical divisive

algorithm, igniting an explosive interest
in community identification [9]. They also
introduce modularity in 2004 [23).

Erzsébet Ravasz
roposes s erarchicalagglomer-
e lgortm, unias
xplosion of research within
systems biclogy [1]

o
cammnities botom) (31

social and computer science, preceeding network science.

integrated circuits
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Mo poryitive  gen con e e S ncagaiget i e
Cluestsl N Century et becomes & communities (36]
ke g mliple {estbed or communty
aroups 61 iGenticaion 7
The Roots The Explosion
Many of the concepts used in community finding have their roots in

The current i

ity finding was ignited by two papers, proposing
algorithms to identify communities in social [9] and [11] biological systems.
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