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A look back

Last lecture:

Under which conditions can the
small world phenomenon emerge
in real-world networks?
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Formalizing the Small World Problem
[Watts 2003]

Q: Why does this area

o page 76 -82 not qualify to represent
a small world network?

 Comparison between
path length and
clustering coefficient

Fragmented

networks
) /VC >> Crandom

Small World Phenomenon
exists when Random network_ .

random
-

L>L but
random [A: Not all components P L2 Langom  ©

C>C are connected yet

parison between path length (L) and cl i i
(unconnected caves) q and clustering coefficient

random
tween the curves, where L is small and C is large (shaded),

represents the presence of small-world networks.
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Examples for Small World Networks
[Watts and Strogatz 1998]

Table 1 Empirical examples of small-world networks
L>L but

d
C >>r8:n:om Lactual Lrandom cactual Crandom
Film actors 3.65 2.99 0.79 0.00027
Power grid 18.7 12.4 0.080 0.005
C. elegans 2.65 2.25 0.28 0.05

ooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

Characteristic path length L and clustering coefficient C for three real networks, compared
to random graphs with the same number of vertices (n) and average number of edges per
vertex (k). (Actors:n = 225226,k = 61. Power grid:n = 4,941,k = 2.67.C. elegans.n = 282,
k = 14.) The graphs are defined as follows. Two actors are joined by an edge if they have
acted in a film together. We restrict attention to the giant connected component™ of this
graph, which includes ~90% of all actors listed in the Internet Movie Database (available at
hitp://us.imdb.com), as of April 1997. For the power grid, vertices represent generators,
transformers and substations, and edges represent high-voltage transmission lines
between them. For C. elegans, an edge joins two neurons if they are connected by either
a synapse or a gap junction. We treat all edges as undirected and unweighted, and all
vertices as identical, recognizing that these are crude approximations. All three networks
show the small-world phenomenon: L = L .,.4m DULC > C., 4o

. Markus Strohmaier 2008
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Overview

Today's Agenda: How can we analyze social networks?
A selection of concepts from Social Network Analysis

e Sociometry, adjacency lists and matrices
 One mode, two mode and affiliation networks
« KNC Plots

 Prominence

e Cligues, clans and clubs

. Markus Strohmaier 2008
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Sociometry as a precursor of (social) network analysis
[Wasserman Faust 1994]

« Jacob L. Moreno, 1889 - 1974
e Psychiatrist

* born in Bukarest, grew up in Vienna, lived in the US
 Worked for Austrian Government

* Driving research motivation (in the 1930‘s and
1940's):.

— EXxploring the advantages of picturing interpersonal interactions
using sociograms, for sets with many actors

. Markus Strohmaier 2008
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Sociometry
[Wassermann and Faust 1994]

e Sociometry is the study of positive and negative
relations, such as liking/disliking and friends/enemies

among a set of people. Can you give an example of_web formats
that capture such relationships?

FOAF: Friend of a Friend, http://www.foaf-project.org/
XFN: XHTML Friends Network, http://gmpg.org/xfn/

* A social network data set consisting of people and
measured affective relations between people is often
referred to as sociometric.

 Relational data are often presented in two-way
matrices termed sociomatrices.

. Markus Strohmaier 2008
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Sociometry
[Wassermann and Faust 1994]

* Images taken from Wasserman/Faust page 76 & 82

Table 3.1. Sociomatrices for the six actors and three relations of Figure

3.2
[!-’m’endshiip at Beginning of }’ear]
Allison  Drew Eliot Keith Ross Sarah
Allison - 1 0 0 1 0
Drew 0 - 0 0 1 o
Eliot 0 1 - 0 0 0 Solid lines
Keith 0 0 ] - 1 0
Ross 0 0 0 0 - |
Sarah 0 1 0 0 0 =
[ Friendship at End of Year ]
Allison  Drew Eliot Keith Ross Sarah
Allison - 1 0 0 1 0
Drew 0 - 1 0 1 1
Eliot 0 0 - 0 1 0 dashed lines
Keith 0 1 0 - 1 0
Ross 0 0 0 | - 1
Sarah 0 1 0 0 0 -
Lives Near
= = aral
Fig. 3.2. The six actors and the three sets of directed lines — a mull Al Inet bum KeGo Sed @ik
variate directed graph Allison - 0 0 0 1
Drew 0 1 0 0 0
Eliot 0 1 . 0 0 0 dotted lines
Keith 0 0 0 - | 1
Ross | 0 0 1 - 1
Sarah 1 0 0 1 | -
. Markus Strohmaier 2008
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How can we represent (social) networks?

We will discuss three basic forms:

e Adjacency lists
e Adjacency matrices
e Incident matrices

. Markus Strohmaier 2008
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Adjacency Matrix (or Sociomatrix)

Complete description of a graph

The matrix is symmetric for nondirectional graphs
A row and a column for each node

Of size g X g (g rows and g colums)

. Markus Strohmaier 2008
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Adjacency matrices

taken from http://courseweb.sp.cs.cmu.edu/~csl111/applications/In/lecturel18.html

e

Adjacency matrix or

sociomatrix

® [o[RR[s
olol-lol= -l 1- =
11-Tololl- |- lol= -
2/ojojoojol-|- |-
3l- - lollo]-1-[-1-
A [-Tol=Toll- 1= =
5~ o[- |-[oolo
6l [-1-1=1-llolol-
21211 1= Tol=To

. Markus Strohmaier
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Adjacency lists

taken from http://courseweb.sp.cs.cmu.edu/~csl111/applications/In/lecturel8.html

()
(o)
[

o

—

S EEEELEE-N RN R

HEHEEEEE

. Markus Strohmaier 2008
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Incidence Matrix

(Another) complete description of a graph

Nodes indexing the rows, lines indexing the columns
g nodes and L lines, the matrix | is of size g x L

A ,1" indicates that a node n; Is incident with line |
Each column has exactly two 1's in it

children
I

L l, I3 l4 ls l
nn| 1l 1 0 0 0 O
n | 0 0 1 0 0 0
m |0 O 1 0 0 0
ng | 0 0 O 1 1 0
s {1 0 o0 1 0 1
ne | 0 1 0 0 1 1

[Dotted line]

/

Table 4.3. Example of an incidence matrix: “lives near” relation for six

/

[Wasserman Faust 1994]

Allison

. Markus Strohmaier

2008
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Fundamental Concepts in SNA
[Wassermann and Faust 1994]

e Actor

— Social entities
— Def: Discrete individual, corporate or collective social units

— Examples: people, departments, agencies Which networks would

 Relational Tie not qualify akss’SPOCla‘
— Social ties networks:

— Examples: Evaluation of one person by another, transfer of resources,
association, behavioral interaction, formal relations, biological relationships

 Dyad
— Emphasizes on a tie between two actors
— Def: A dyad consists of two actors and a tie between them
— An inherent property between two actors (not pertaining to a single one)
— Analysis focuses on dyadic properties
— Example: Reciprocity, trust

. Markus Strohmaier 2008
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Fundamental Concepts in SNA
[Wassermann and Faust 1994]

e Triad

— Def: A subgroup of three actors and the possible ties among them

VRVARAN

0 lines 1 line 2 lines 3 lines

Fig. 4.3. Four possible triadic states in a graph

— Transitivity
« If actori likes" |, andj ,likes*k, then i also ,likes" k

— Balance
e |If actor i and j like each other, they should be similar in their evaluation of some k
« If actor i and j dislike each other, they shold evaluate k differently

()

= likes likes = likes likes = dislikes likes
likes I|kes dlsllkes
I|kes dIS|IkeS
Example 1: Transitivity Example 2: Balance Example 3: Balance
. Markus Strohmaier 2008
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Fundamental Concepts in SNA
[Wassermann and Faust 1994]

e Social Network

— Def: Consists of a finite set or sets of actors and the relation
or relations defined on them

— Focus on relational information, rather than attributes of
actors

. Markus Strohmaier 2008
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One and Two Mode Networks

e The mode of a network is the number of sets of
entities on which structural variables are measured

e The number of modes refers to the number of
distinct kinds of social entities in a network

 One-mode networks study just a single set of actors

» Two mode networks focus on two sets of actors, or
on one set of actors and one set of events

. Markus Strohmaier 2008
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One Mode Networks

Carlo Zaniolo Pa;}lo Atzeni

G O
O Dénald Kﬂgg{ﬁaﬂﬁrlvastava
 Example: )
O Alfons Keﬁ?fé“o Ceri Wenfei Fan
1 _Gerhard Weikum

One type of nodes S
Q O
y Erhard Rahm Umesh Dayal
(Pe rSO n) Za%/Haw Ives Mrizcu)la Guarino

Q -
Alon Halevy e .
b Q S Harold Eoﬁieoyméégr&ebye%elnik O
S e Usehold NG osso |
aire Nedelle:
o Luke McDowell A Valgrtigaam é @] Maria V%%%@amal
Fiyu suke Masun#s%’%s Mrﬁéﬂss V@yakov Jee(#%%ﬁjgmk Bettina Berendt

S Co —Per \ dreasSHGﬂ? . dechuh
U|I Satt\er Natasha® ND@ Ben]amm Grosof Ennco g ”%D(I/aRA nst?k u
CrAmedeNapall

O = /
Yannis Labrou OAnuprw@Rﬁ% ey Di\;;é%l&@rgm% ng samrﬁlﬁ'iﬁ ﬂm@ga Vu\ﬁerd Stumme
4]

Steve Demurjian  Raphael

- eromeHmtnE rrucEs M\ke Dean
%%)Pam Joshi o o Shstla Molaith Ofaﬁ@%'ﬁa%gﬁg' McGU rmeten dier.) Brian NeBride
Terry Payne Mass*yo Paolucci Jeremy-Carroll
Mark BU"StEi” An Andrea Stein
s Fivin Masﬂ;}qﬁ E%g%m\e GolbY d
D|m\tr|s Plexuusakls\fpul Kashyap ﬁ Pat Hayes
C O bert Meersman
Q Kat|a(3 cara () Vassilis Chnstoplﬂﬂs’[oph BussIBrChafd Fikes
Parios VassiliadisAlex Sorgighin Mylof_ulos
O - Avigdor Gal ] ) )
Mareike.Schoop fREpts Bre\%marD - Munlndar Sgﬂggkw[!ﬁﬂgﬁrer 0
AndreasBecks Paola |0rg|n| op Ling Liu
J Chrfstuph Quix Matth\as Klusch
A
O
e Haralambos Mouratidis Taken from:
Paolo Baugquet http://www.w3.0rg/2001/sw/Europe/events/foaf-
0 galway/papers/fp/bootstrapping_the_foaf web/
Sonia Bergamaschi

Other examples: actors, scientists, students

Denenion Bohevetndzio, Viniri
omenicy. Seneverazio, Vincini

Fajek
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Two Mode Networks

« Example:
« Two types of nodes

Type A Type B

A I

: 0
i

©

Examples: Examples:
actors, conferences,
scientists, courses,
students movies, articles

Can you give
examples of tWO
mode networks?

. Markus Strohmaier 2008
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Reminder: Social Networks Examples

flickr

Youarent signedin . Signin Help

IOSEINT e scimeic mvoton | Musie| Users  Listen  Events Widgets Download

.. del.icio.us / url

» delicio.us history fnr|http:f,."'-mw.devhardware.cumfu:,."a check url |

Why and How to Flash Your BIOS
hitpcitanese devhardware comifcla/lHardware-GuideshWhy- and-Howe-to-Flash-Your-BI0 5!

this url has been saved by 106 people.
save this to your bookmarks »

user notes
Aug 0T

YWhy and How to Flash Your BIOS
HawT 7

This article is going to focus on the basics and explain ways to flash the BIOS,
precautions and how to recover in case of a bad flash.
edwinek

YWhy and How to Flash Your BIOS (Page 1 of 4 ) Flashing the BIOS is one of the
most feared topics related to computers. Yes, peaple should be very cautious
because it can be dangerous. This article is going to focus on the basics and
explain ways to flash

ohlonski

popular | recent

login | register | help

| delicious j search |

common tags cloud|list

article articles  DIOS computer computers  diagnostic
flash week guide hacking hardware howto

lifehacker pc reference software tech technology toread
tutorial tutorials utilities windows

posting history
» first posted by farbiarz to system:unfiled

=ep 07

by JillZw3d3 to hardware

by gtss to hios boost post speed software flash pe
hardweare computer

by =ill292 to hios flash computer hardware
by Curiosodd to boot

by catfish182 to system:unfiled

by anurag_bhd to howto flash bios

by pramodeB4 to bios hardware guide

ged in Log

ve rocl

ore)

niFsange
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Affiliation Networks

« Affiliation networks are two-mode networks
— Nodes of one type ,affiliate” with nodes of the other type (only!)

o Affiliation networks consist of subsets of actors, rather than
simply pairs of actors

« Connections among members of one of the modes are based
on linkages established through the second

« Affiliation networks allow to study the dual perspectives of the
actors and the events

”.__: n, .I,lﬁ .H'.:‘ Fiy My

Bipartite Complete bipartite

[Wasserman Faust 1994]

Fig. 4.15. Bipartite graphs

. Markus Strohmaier 2008
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Is this an Affiliation Network? Why/\Why not?

o 0 Whita
te ? ® Black
s @ Cnher

[Newman 2003]

FIG. 8 Friendship network of children in a US school. Friendships are determined by asking the participants, and hence are
directed, since A may say that B is their friend but not wvice versa. Vertices are color coded according to race, as marked, and
the split from left to right in the figure is clearly primarily along lines of race. The split from top to bottom is between middle
school and high school, i.e., between younger and older children. Picture courtesy of James Moody.

. Markus Strohmaier 2008
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Examples of Affiliation Networks on the Web

 Facebook.com users and groups/networks
o XING.com users and groups

e Del.icio.us users and URLs

e Bibsonomy.org users and literature

* Netflix customers and movies

« Amazon customers and books

« Scientific network of authors and articles

¢ etc

. Markus Strohmaier 2008
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Knowledge Management Institute Grazm
Representing Affiliation Networks
As Two Mode Sociomatrices
Allison
R‘“‘x.
| General form: 0 A
Drew Party 1
A0
Eliot
Panyz / | Alhson Direw Eliot Keith Ross ."‘\;u:t} hln 1':!3“}- Ll:h
) Hiso | ) i f
Keith & il I S N
Eliot [ ] 0 . ()] ] ] 0 1 l
Keith 0 0 0 . 0 0 0 0 i
émsl 0 0 ] i} - [}/ | 1 |
Sar: 0 0 0 ) ) : i (
Ross Party 3 5 rr:yit ] 0 0 Ir.) [1 [ : r]; :*i
Party 2 0 1 l 0 1 1 0 0
/ Party 3 1 { 1 I 1 0 ] . ]

Sarah

. Markus Strohmaier

2008
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Two Mode Networks and One Mode Networks

 Folding is the process of transforming two mode
networks into one mode networks

« Each two mode network can be folded into 2 one

mode networks
Type A Type B )

Examples:
conferences,
courses,

movies,
@ articles

A

Examples:
actors,
scientists,
students

©O O ¢

Two mode network 2 One mode networks
. Markus Strohmaier 2008

28



TU

Knowledge Management Institute Grazm

Transforming Two Mode Networks into
One Mode Networks

. Mp = Mpc * Mp¢
*Two one mode (or co-affiliation) networks p—
(folded from the children/party affiliation network) o party
Hi 2 13 g s Hg
m| 2 0 1 2 1
m| 0 1 I © i 1
ny | 1 1 2 1 2 1
ng | 1 0 1 1 1 0
ns | 2 1 2 1 3 2
e + 1 1 1 0o 2 2

Fig. 8.5. Actor co-membership matrix for the six children

[ My B B3

™ 3 2 2
myl 2 4 2
M3 2 2 4

Fig. 8.6. Event overlap matrix for the three parties

[Images taken from Wasserman Faust 1994]

. Markus Strohmaier 2008
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Transforming Two Mode Networks Into [rress-
-1 0
One Mode Networks el
2 3 ‘4 -9
1 | -1A e
—_ 1 -2 o 12 -15
IVIP - MPC * I\/IPC
C...Children
P...Party Party 1 Party 2 Party 3
Allison | Drew Eliot Keith Ross Sarah Allison ! 0 L
Drew 0 1 0
Partyl | 1 0 0 0 1 1 Eliot 0 1 1
Party2 | O 1 1 0 1 1 Keith 0 0 n
Party3 | 1 0 1 1 1 0
Ross 1 1 1
Sarah 1 1 0
Party 1 | Party2 | Party 3
i | 5 | 2 | 2 @)= oupur
— | panty2 2 4 2 5 Weighted
Party3 | 2 2 4 regular graph
. Markus Strohmaier 2008
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Slides taken from: R. Kumar and A. Tomkins and E. Vee. Connectivity structure of bipartite graphs via the KNC-plot. In Marc Najork and
__| Andrei Z. Broder and Soumen Chakrabarti, editor(s), Proceedings of the Conference on Web Search and Data Mining, WSDM 2008, 129-
138, ACM, 2008.

The k-neighborhood graph, G,

Given bipartite graph B, users on left, interests on right

Connect two users if they share at least k interests in
common

. Markus Strohmaier 2008
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__| Andrei Z. Broder and Soumen Chakrabarti, editor(s), Proceedings of the Conference on Web Search and Data Mining, WSDM 2008, 129-
138, ACM, 2008.

The k-neighborhood graph, G,

Given bipartite graph B, users on left, interests on right

Connect two users if they share at least k interests in
common

. Markus Strohmaier 2008
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Slides taken from: R. Kumar and A. Tomkins and E. Vee. Connectivity structure of bipartite graphs via the KNC-plot. In Marc Najork and
__| Andrei Z. Broder and Soumen Chakrabarti, editor(s), Proceedings of the Conference on Web Search and Data Mining, WSDM 2008, 129-
138, ACM, 2008.

The k-neighborhood graph, G,

Given bipartite graph B, users on left, interests on right

G,

Connect two users if they share at least k interests in
common

. Markus Strohmaier 2008
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__| Andrei Z. Broder and Soumen Chakrabarti, editor(s), Proceedings of the Conference on Web Search and Data Mining, WSDM 2008, 129-
138, ACM, 2008.

The k-neighborhood graph, G,

Given bipartite graph B, users on left, interests on right

G,

Connect two users if they share at least k interests in
common

. Markus Strohmaier 2008
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Slides taken from: R. Kumar and A. Tomkins and E. Vee. Connectivity structure of bipartite graphs via the KNC-plot. In Marc Najork and
__| Andrei Z. Broder and Soumen Chakrabarti, editor(s), Proceedings of the Conference on Web Search and Data Mining, WSDM 2008, 129-
138, ACM, 2008.

lllustration k=1

. Markus Strohmaier 2008
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Slides taken from: R. Kumar and A. Tomkins and E. Vee. Connectivity structure of bipartite graphs via the KNC-plot. In Marc Najork and
__| Andrei Z. Broder and Soumen Chakrabarti, editor(s), Proceedings of the Conference on Web Search and Data Mining, WSDM 2008, 129-
138, ACM, 2008.

lllustration k=2

:

. Markus Strohmaier 2008
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Slides taken from: R. Kumar and A. Tomkins and E. Vee. Connectivity structure of bipartite graphs via the KNC-plot. In Marc Najork and
__| Andrei Z. Broder and Soumen Chakrabarti, editor(s), Proceedings of the Conference on Web Search and Data Mining, WSDM 2008, 129-
138, ACM, 2008.

lllustration k=3

. Markus Strohmaier 2008
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Slides taken from: R. Kumar and A. Tomkins and E. Vee. Connectivity structure of bipartite graphs via the KNC-plot. In Marc Najork and
__| Andrei Z. Broder and Soumen Chakrabarti, editor(s), Proceedings of the Conference on Web Search and Data Mining, WSDM 2008, 129-
138, ACM, 2008.

lllustration k=4

Ao ok
i

O
O

. Markus Strohmaier 2008

38




Slides taken from: R. Kumar and A. Tomkins and E. Vee. Connectivity structure of bipartite graphs via the KNC-plot. In Marc Najork and
__| Andrei Z. Broder and Soumen Chakrabarti, editor(s), Proceedings of the Conference on Web Search and Data Mining, WSDM 2008, 129-
138, ACM, 2008.

lllustration k=5

O O
% i
O o O O
o O
. Markus Strohmaier 2008
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Slides taken from: R. Kumar and A. Tomkins and E. Vee. Connectivity structure of bipartite graphs via the KNC-plot. In Marc Najork and
__| Andrei Z. Broder and Soumen Chakrabarti, editor(s), Proceedings of the Conference on Web Search and Data Mining, WSDM 2008, 129-
138, ACM, 2008.

The KNC-plot

The k-neighbor connectivity plot
— How many connected components does G, have?
— What is the size of the largest component?

Answers the guestion:

how many shared interests are meaningful?
— Communities, Cuts

. Markus Strohmaier 2008
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Slides taken from: R. Kumar and A. Tomkins and E. Vee. Connectivity structure of bipartite graphs via the KNC-plot. In Marc Najork and
__| Andrei Z. Broder and Soumen Chakrabarti, editor(s), Proceedings of the Conference on Web Search and Data Mining, WSDM 2008, 129-
138, ACM, 2008.

Analysis
Four graphs:
— LiveJournal
» Blogging site, users can specify interests
— Yl query logs (interests = queries)

» Queries issued for Yahoo! Search (Try it at www.yahoo.com)
— Content match  (users = web pages, interests = ads)

» Ads shown on web pages
— Flickr photo tags (users = photos, interests = tags)

All data anonymized, sanitized, downsampled
— Graphs have 100s of thousands to a million users

. Markus Strohmaier 2008
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Slides taken from: R. Kumar and A. Tomkins and E. Vee. Connectivity structure of bipartite graphs via the KNC-plot. In Marc Najork and
Andrei Z. Broder and Soumen Chakrabarti, editor(s), Proceedings of the Conference on Web Search and Data Mining, WSDM 2008, 129-
138, ACM, 2008.

Examples

400000

ITeeaa -

= J@goea

23eaaa -

geaaaa -

1586888 -

-
w lageaa

Seeaa -~

a

28 25 48 45

At k=5, all connected.
At k=6, Interesting!

. Markus Stro

Content match
Web pages = “users”
Ads = “Interests”

fel=tl a1 1]

- zeo@en
- eseses
- zes@en
=]
s}
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- 1eo@en
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i
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=
o
3
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o
o
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3
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— Largest component
Number of components

45888

T
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=
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<
- Zegga -
n
e
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<
o
- 29888 =
£
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o
@
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At k=6, nobody connected

Flickr
Photos = “users”
Tags = “interests”

2008
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Cutpoint

A node, n,, Is a cutpoint if the number of components in
a graph G that contains n; is fewer than the number of
components in the subgraph that results from
deleting n, from the graph.

Cutpoint or ,Articulation point*
Analogous to the concept of bridges, Wasserman p113

B ——©
\ Which node(s)

represents a
@ cutpoint? Why?

. Markus Strohmaier 2008
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Centrality and Prestige
[Wasserman Faust 1994]

Which actors are the most important or the most
prominent in a given social network?

What kind of measures could we use to answer this (or
similar questions)?

What are the implications of directed/undirected social
graphs on calculating prominence?

= In directed graphs, we can use Centrality and
Prestige

= In undirected graphs, we can only use Centrality

. Markus Strohmaier 2008
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Prominence
[Wasserman Faust 1994]

We will consider an actor to be prominent if the ties of
the actor make the actor particularly visible to the
other actors in the network.

. Markus Strohmaier 2008
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Actor Centrality
[Wasserman Faust 1994]

Prominent actors are those that are extensively involved
In relationships with other actors.

This involvement makes them more visible to the others

No focus on directionality -> what is emphasized is
that the actor is involved

A central actor Is one that is involved in many ties.
[cf. Degree of nodes]

. Markus Strohmaier 2008
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Actor Prestige
[Wasserman Faust 1994]

A prestigious actor is an actor who is the object of
extensive ties, thus focusing solely on the actor as a
recipient.

[cf. Indegree of nodes]
Only quantifiable for directed social graphs.

Also known as status, rank, popularity

. Markus Strohmaier 2008
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Different Types of Centrality in Undirected Social Graphs
[Wasserman Faust 1994, Scripps et al 2007]

Degree Centrality Cp(n) = 5, 1[(6,§) € E]
e Actor Degree Centrality: Where | is a 0=1 indicator function.
— Based on degree only

Closeness Centrality , 1
Ce(ni) = [Z?:l d(n;, n; }]

* Actor Closeness Centra”ty: d(u; v) is the geodesic distance from u to v.
— Based on how close an actor is to all the other actors in the set of actors

— Closeness is the reciprocal of the sum of all the geodesic (shortest) distances from a
given node to all others

— Nodes with a small CC score are closer to the center of the network while those with
higher scores are closer to the edge.

Betweeness Centrality Co(n) = 2jck g
Y where gjk is the number of geodesic paths from j to k and gjk(ni)
e Actor Betweeness Centra“ty- is the number of geodesic paths from j to k that go through i.

— An actor is central if it lies between other actors on their geodesics
— The central actor must be between many of the actors via their geodesics

=>All three can be normalized to a value between 0 and 1 by dividing it with its max. value
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Centrality and Prestige in Undirected Social Graphs
[Wasserman Faust 1994]

. " o 1 1 1 1 1 1
Actor = closeness ’ 1 o0 0 0 0 0 O
= betwgeenness ) s (a) Star graph { 8 8 8 8 8 8
centrality: "o 3 1 0 0 0 0 0 O
1 0 0o 0 O O O
nl>n2,n3,n4,n5,n6 " 1 0 o 0O O O O
4
1n7 ??5
n
Actor centrality = ’ n, ¢ Y B 8 5 B
Betweeness centrality » " o 1 0 1 0 8 8
- . n (b) Circle grap o 0 1 0 1
Closeness centrality: 2 0 0 0 1 0 (1) ?
A — A=A =1 — n o o O 0 1
nl;nZ—nS—n4—n5—n6 d " i 00 0 0 1 0
=n
4 o 1 1 0 0 0 0
Betweeness 23 ¢ ¥ B g
centrality: | »—o—o—o—o (c)Line graph g {1) ? g 8 (1] ?
n1>n2,n3>n4,n5>n MM MM M3 N5 T 0O 0 0 1 0 0 0
6,n7 o 0 0o o 1 0 0

Fig. 5.1. Three illustrative networks for the study of centrality and
prestige
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{ cliques can

Cliques, Subgroups e
[Wasserman Faust 1994]  youidenti in >

following Qrapti

Definition of a Clique 3 7
 Aclique in a graph is a maximal ?

complete subgraph of three or more

nodes.
Remark: | 3 4
* Restriction to at least three nodes

ensures that dyads are not

considered to be cligues
» Definition allows cligues to overlap

5 6

Informally:

* A collection of actors in which each
actor is adjacent to the other

members of the C|IC|U€ Fig. 7.1. A graph and its cliques
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Subgroups
[Wasserman Faust 1994]

Cligues are very strict measures

» Absence of a single tie results in the subgroup not being a
cligue

« Within a cligue, all actors are theoretically identical (no internal
differentiation)

e Cliques are seldom useful in the analysis of actual social
network data because definition is overly strict

= So how can the notion of cliques be extended to make the
resulting subgroups more substantively and theoretically
interesting?

= Subgroups based on reachability and diameter

. Markus Strohmaier 2008
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n cliques which 2-cliaues
can you \dent\fy |
[Wasserman Faust 1994] e olowine
9
N-cliques require that the geodesic a 1 N
distances among members of a /\
subgroup are small by defining a v ~
2 3

cutoff value n as the maximum
length of geodesics connecting pairs
of actors within the cohesive

subgroup.
Y
An n-clique is a maximal-cemplete- \ \/

subgraph in which the largest
geodesic distance between any two NOTE: Geodesic

nOdeS IS NO gl’eatel‘ than n. distance between 4 and 5
».goes through“ 6, a node

which is not part of the 2-

clique

Fig. 7.2. Graph illustrating n-cliques, n-clans, and n-clubs
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n clans i 2clans €A1
[Wasserman Faust 1994]  youident® =

following graptis

An n-clan is an n-clique in which 1
the geodesic distagce between . /\ A
all nodes in the subgraph is no o o3
greater than n for paths within
the subgraph.

N-clans in a graph are those n- NN /is/
cliques that have diame\er less \E%
NN

than or equal to n (within
graph).

< (1.2,3,4.5)
Wrr‘\yo"tsa{Z—c\an’?

= All n-clans are n-cliques. gis (1,234 Ot

g 2-clan?
Fig. 7.2. Graph illustrating n-cliques, n-clans, and n-clubs

Wh
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n clubs Which 2-clubs iﬁg
[Wasserman Faust 1994]  youident™ = o

following Qraptis
An n-club is defin_ed as a maximal
subgraph of diameter n.[ No node can be added |

without increasing the
diameter.

A subgraph in which the distance
between all nodes within the
subgraph is less than or equal to n

And no nodes can be added that also
have geodesic distance n or less
from all members of the subgraph

= All n-clubs are contained within
n-cliques.

= All n-clans are also n-clubs
= Not all n-clubs are n-clans

Fig. 7.2. Graph illustrating n-cliques, n-clans, and n-clubs
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Subgroups in Co-Affiliation Networks
Borgatti 1997

 The obvious next step would be to try to identify
these subgroups in co-affiliation networks.
— For example, we can search for cliques, n-cliques, n-clans, n-clubs.
« Unfortunately, these methods are not well suited for
analysing a bipartite graph.

In fact, bipartite graphs contain no cliques
In contrast, bipartite graphs contain too many 2-cliques and 2-
clans.

One of the problems is that, in the bipartite graph, all nodes of the
same type are necessarily two links distant.

=» we need to consider special types of subgraphs
which are more appropriate for two-mode data.

. Markus Strohmaier
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Subgroups in Co-Affiliation Networks
Borgatti 1997

 Clearly, we can define extensions of n-cliques, n-
clubs and n-clans to n-bicliques, n-biclubs and n-
biclans.

 But, the extensions would in many senses be
unnatural since n would need to be odd.
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Bicliques
[Borgatti 1997]

A bicligue is a maximal complete
bipartite subgraph of a given
bipartite graph.

Reasonable to insist on bicliques o
of the form K, ,, where m and n ;ﬁ
are greater than 2

— Why? Each of the two modes should
form (after folding) interesting |

structures (triads or greater) / \
", %,J_’\\ -

Complete bipartite
Wasserman /
Faust 1994

Fig. 10. Dark nodes form a biclique.
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Home Assignment 3

 Online Today

o http://kmi.tugraz.at/staff/markus/courses/SS2008/
707.000 web-science/

* In case of any questions, do not hesitate to post to
the newsgroup tu-graz.lv.web-science
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Any guestions?

See you next week!

. Markus Strohmaier
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