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OUTLINE

Introduction to social network analysis

Martino, F. and Spoto, A. Social network analysis: a
brief theoretical review and further perspectives in
the study of information technology

Enhrlich, K. Carboni, |. Inside Social Network Analysis



OUTLINE

Several papers relevant to social networks

Kossinets, G. and Watts, D. J. Empirical analysis of
an evolving social network

Kunegis J., Lommatzsch, A. and Bauckhage, C. The
Slashdot Zoo: Mining a social network with negative
edges

Ahmad, M. A., Keegan, B., Williams, D., Srivastava,
J., & Contractor, N. Trust amongst rogues? A
hypergraph approach for comparing clandestine
trust networks in MMOGs.



SOCIAL NETWORHK ANALYSIS

Jacob Moreno (1889-1974), sociometry, 1934

Fritz Heider (1896-1988), triad equilibrium
analysis, 1946

Graph theory has been used a lot in
sociometric analysts



SOCIAL NETWORK ANALYSIS

Concepts:
Centrality
Density
Clustering coefficient
Structural balance
and more



SOCIAL NETWORK ANALYSIS

Centrality

Degree centrality
Betweenness centrality

Ais high in

A
‘A betweenness centrality.
B is high in degree
A centrality.

K.Ehrlich and I.Carboni, Inside Social Network Analysis




SOCIAL NETWORK ANALYSIS

Density

The proportion of lines really present in the graph

over the total number of possible lines
i

IENET)




SOCIAL NETWORK ANALYSIS

Clustering coefficient

How close its neighbours are to being
a cligue(complete graph)

Triadic closure

c=1 c=1/3
Clustering coefficient, WIKIPEDIA




SOCIAL NETWORK ANALYSIS

Structural balance

If n; and n, like each other, then they both like and
dislike the same other people, or if n, and n; dislike
each other, then they disagree in every evaluation
of all other people

Arithmetic: (-)(+)=(-)

D.Cartwright, F.Harary, Structural Balance:
A generalization of Heider's theory



EMPIRICAL ANALYSIS OF AN EVOLVING SOCIAL
NETWORK

Relevant graph theory concepts

Cyclic closure, which generalizes the notion of
triadic closure (cycles of length three).

e Cyclic closure of
length five



EMPIRICAL ANALYSIS OF AN EVOLVING SOCIAL
NETWORK

Analysis of a "dynamic social network
comprising 43,553 students, faculty, and staff
at a large university, in which interactions
between individuals are inferred from time-
stamped e-mail headers recorded over one
academic year and are matched with
affiliations (e.g. classes) and attributes (e.g.

age)ll



EMPIRICAL ANALYSIS OF AN EVOLVING SOCIAL
NETWORK

ldentifying new ties that appear in the network
over time by measuring:

Cyclic closure biases: The possibility that two
previously unconnected individuals who are
distance d; apart in the network will initiate a new
tie (initiating a new cyclic closure of length d;+1).

Focal closure bias: The empirical probability that
two strangers who share an interaction focus (in
the present case, a class) will form a new tie.



EMPIRICAL ANALYSIS OF AN EVOLVING SOCIAL

NETWORK
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Mutual acquaintances Shared classes
Circles, pairs that share one or more interaction foci (attend one or more
classes together); triangles, pairs that do not share classes.



EMPIRICAL ANALYSIS OF AN EVOLVING SOCIAL
NETWORK

Conclusion:

The likelihood of triadic closure increases if the
average tie strength between two strangers and
their mutual acquaintances is high



EMPIRICAL ANALYSIS OF AN EVOLVING SOCIAL
NETWORHK
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EMPIRICAL ANALYSIS OF AN EVOLVING SOCIAL
NETWORK

Conclusion:

Homophily with respect to individual attributes
appears to play a weaker role than might be
expected...on triadic closure

Understanding tie formation and related processes
in social networks requires longitudinal data on
both social interactions and shared affiliations



THE SLASHDOT ZOO: MINING A SOCIAL
NETWORHK WITH NEGATIVE EDGES

Relevant graph theory concepts:
Signed graph
Clustering coefficiency



THE SLASHDOT ZOO: MINING A SOCIAL
NETWORHK WITH NEGATIVE EDGES

Analysis of "the corpus of user relationships of
the Slashdot technology news website"

Consideration of "variants of global network
characteristics such as the clustering
coefficient, node-level characteristics such as
centrality and popularity measures”



THE SLASHDOT ZOO: MINING A SOCIAL
NETWORHK WITH NEGATIVE EDGES

Definitions of diameter & radius refer to

http://mathworld.wolfram.com/GraphEccentricity
nhiml

Diameter 0

Radius 3
Average distance || 3.86 (5.82)



http://mathworld.wolfram.com/GraphEccentricity.html
http://mathworld.wolfram.com/GraphEccentricity.html

THE SLASHDOT ZOO: MINING A SOCIAL
NETWORHK WITH NEGATIVE EDGES

Slashdot Zoo exhibits the small-world

phenomenon (global level)

Clustering coefficient

Directed clustering coefficient
Signed clustering coefficient
Directed signed clustering coefficient

3.19% (0.0095%)
5.62% (0.0191%)
2.44%
4.44%

Relative signed clustering coeflicient

Directed relative signed clustering coefficient || 79.0%

76.4%




THE SLASHDOT ZOO: MINING A SOCIAL
NETWORHK WITH NEGATIVE EDGES

Centrality
and
popularity
measures
(node level)

Fans Minus Freaks

CleverNickName 2460
Bruce Perens 2143
CmdrTaco 2005
John Carmack 1663
New YorkCountryLawyer 1179
$$38%exyGal 1170
PageRank
FortKnox 0.1510
SamTheButcher 0.1342
Ethelred Unraed 0.1280
turg 0.1266
Some Woman 0.1254
gmhowell 0.1247




THE SLASHDOT ZOO: MINING A SOCIAL
NETWORK WITH NEGATIVE EDGES

Conclusion:

Considered social network analysis on graphs with
negative edge weights.

The study of the Slashdot Zoo on different levels
showed that the network exhibits multiplicative
transitivity - enemy of my enemy is my friend.

Methods presented in this paper for analysing a
network with negative edge weights apply to large
social networks and reveal facts that cannot be
uncovered using common, unsigned techniques.



TRUST AMONGST ROGUES?

Relevant graph theory concepts:
Hypergraph
Node degree
Edge degree



TRUST AMONGST ROGUES?

Using hypergraph to represent relationship
between three kinds of entities (i.e. account,
character and house) in EverQuest Il (EQII)



TRUST AMONGST ROGUES?

Each triangle (or the triple {a,c,h}) is a hyper-
edge
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TRUST AMONGST ROGUES?

100000

10

W Accounts
4 Houses

¢ Characters

Distribution of
node degree
for the trust
hyper graph.



TRUST AMONGST ROGUES?

Gold farmers: Characters who are explicitly
labelled as gold farmers in the data.

Aff.: Higher likelihood of being unidentified gold

farmers.

Non-aff: Others.

Neighbors’ total degree Neighbors’ in-degree Neighbors’ out-degree
«n» (Ngp’ Mg «np» (N Gp? < Afp? Ny Iy GF? (Mg Aff?
Farmers 1.82 0.29 1.82 0.89 0.29 0.89 1.07 0.29 1.07
Affiliates 4.03 1.28 0.70 1.55 0.75 0.70 2.88 0.625 0.70
Non-Affiliates | 2.73 - 177 1.57 - 5.98 1.56 - 2.34




Conclusion:

Showed that the distribution of links in the
hypergraph is very heterogeneous and follows a
long-tailed distribution such that most of links in
the housing network are concentrated in a few
nodes.

It may be possible to develop detection algorithms
to identify these patterns and improve predictive
models (using methods presented in this paper).



