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Outline

Role model: Role is a important factor to model for
detect behavior or detect community.

» Firstly , introduce a model to identify roles and
application of the model.

» Secondly , introduce a Probabilistic Community and Role
Model ,which consider role and other factors are
significant to model.

(SSRM: Structural Social Role Mining for Dynamic Social Networks,

Probabilistic Community and Role Model for Social Networks)



SSRM: Structural Social Role
Mining for Dynamic Social Networks

Afra Abnar, Mansoureh Takaffoli,
Reihaneh Rabbany, Osmar R. Zaiane



Background:

Structure of role model exists in a social network
and each individuals play various of roles



Outline

Target: identify roles in social networks
Analysis some kinds of roles
How to identify

which measure adapted

C-Betweenness

L-Betweenness
MedExtractor algorithm

Experiment



Target: identify roles in social networks

condition:
 The SSRM framework is built up two characteristic of
human societies, given structural properties:

“* role-taking behavier of the individuals with each other
(edges)

¢ A social network is considered only structural properties
of nodes(nodes)



Analysis -
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LEADERS:important nodes in a community
OUTERMOSTS:least significant individuals
MEDIATORS:connect different communities
OUTSIDERS:no affiliate to any one community
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How to identify

“* OUTSIDER members not belong to any community




% LEADER (a) adapts an appropriate measure M is used to score the
members of the community;(b) the probability ditribution function(pdf)
for the importance scores is estimated.

<+ OUTERMOST members are identified in contrast to the leaders.

LEADER




Measure

* degree centrality:
* closeness centrality:

» Closeness centrality of a node u is the reciprocal of the sum of the shortest path
distances from u to all n—1 other nodes. Since the sum of distances depends on the
number of nodes in the graph, closeness is normalized by the sum of minimum
possible distances n—1

n—1
S td(v,u)

where d(v,u) is the shortest-path distance betweenv and u, and n is
the number of nodes in the graph.

C(u) =

------- NetworkX
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« MEDIATOR: Commonly-used betweenness centrality
ranks nodes based to the number of shortest paths that
pass through the nodes.

mmmmmmmmmm

MEDIATOR (&



Betweenness centrality

C-Betweenness counts the numbers of shortest paths
beween different communities that pass through a node.
® s, and e, denote the start point and end point of the shirtest path p
€ c, return community that node v belongs to.

& the set of all shortest paths that connect different communities as
CPaths = {p | ¢, #* c(,/,}
® [, (p,v) return 1 if node v resides on path p ,and 0 otherwise.
€ C-Betweenness of node v is defined as:
1
CBC(v) = 5 > ILpv)

peCPaths



L-Betweenness denotes noly the shortest paths
between leaders of different communities.

& /eaderSet(c) : the set of leaders of community ¢, then
consider LPath as:
LPaths = {p € CPaths |3c¢;,c; :
sp € leaderSet(c;) N ep € leaderSet(c;)}

& [ -Betweenness of a node v ,LBC(v) is defined as:

LBC(v) Z Iy (p, v

pGLPath,
( 2 is omitted for directed graph)



C-Betweenness score, L-Betweenness score

bl ~. Community 1 Community 2 Le==mea %
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"This figure presents a synthetic network consisting of two
communities.Leaders of two communities(l, and |,) are
connected to the node A,while other nodes are all connected
to node B.Computing LBC and CBC for all nodes of the
graph,the results are as follows:LBC(A) = 1, LBC(B)= 0,
CBC(A) = 7,CBC(B) =12, \y; :CBC(V;) = CBC(Y;) =6 ,and
CBC(/ )=CBC(/,)=3

which is more important ,for A, B ?
the measure is not sufficient.



Question and new notions

the CBC values of two nodes are same .

community2 considering the number of distinct
community1 ” o ® communities related with the
® P /’ o0, mediator,there come up with the notion
oo o v /{}-" o? of diversity score.
.\ \\\_ d \.ﬁ—’// /S .
\\0—-*" // % Define two various for the diversity
Piies. 08 u / - score: DS;ount ,DSpair
e °
0% o% e
community3 @ © @/ @
PY ® ® o
® community4

DS....: is defined as the number of distinct communities connected through a node.
let I,(c,v) return 1if 3 p € C'Paths : s, € ¢; ANv € p. and DS, as follows:

1
DS csiine (1) = g Z I4(c;,v) for undirected networks.

(division by 2 is omitted for directed graphs.)



DS, ;- count pairs of communities that have at least one
shortest path between their mumbers passing through
node v./y4(c,c;,Vv) ,return 1 if

dp € CPaths :Sp €c;Ne, €c; ANv € p.

D‘S’pa‘ir(v) = %Z Z Id(Ci,Cj,U)

Ci Cj #CL’

In this papper,it propose MedExtractor algorithm to identify
ranked nodes connecting the max number of communities
as mediators



Algorithm 1 MedExtractor: Find Mediators from SortedList
based on their Mediacy Score

1: procedure ExtractMediators (Graph (G, OrderedList L)

2 >G' is the graph associated with a network

3: >L 1s descending OrderedList containing nodes of the net-
work sorted based on their mediacy score.

4: mediatorSet = {} > set of selected nodes as mediators

5: connectedComs = {} > set of communities connected to

eachother by nodes in mediatorSet

6 while connectedComs.size < G.CommunityCount do

7 n < L.top()

8 for all Community ¢ € n.incedentCommunities() do
9: if ¢ ¢ connectedComs then

10: Add n to mediatorSet

11: Add c to connectedComs

12: end if

13: end for

14: L.remove(n)

15: end while
16: end procedure



Choosing a Centrality Measure:

the probability of finding more prominent mediators
between larger communities is higher in comparison to the
smaller communities.

> normalized CBC as follows:

NBC(’U) _ _;_ Z Ip(pav)

peC Paths m’I:TL(|CSp |’ lcep |)

> define mediator score:

MS(v) = NCB(v) X DScount(v).



Experiment

Outsiders
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communities within the Enron email network in August 2001 .Colors
represent communities except for black that represents
outsiders.Size of a node shows its centrality in its community



Leaders:

Email Community | Position

jeff.dasovich@enron.com C9TO Executive/Director for State Government Affairs
giger.dernehl@enron.com C9TO

richard.shapiro@enron.com C9TO VP regulatory affairs (Enron’s top lobbyist)
kimberly.watson@enron.com C10TO Director

d..steffes@enron.com C9TO Vice President

kenneth.lay @enron.com C17T2 CEO, chairman, and chief executive officer
e..haedicke @enron.com C7T0 Managing director

susan.mara@enron.com CI9TO California director of Regulatory Affairs
billy.lemmons @enron.com C17T2 Vice President

becky.spencer@enron.com C7T0

l..denton@enron.com C20T2 Lawyer

TABLE I: Leaders of the network shown in Figure 5b, their commu-
nity affiliation and position in the Enron organization



Outermost

(c)

outermosts showed in red,just two communities have nodes serving as
outermosts.From right to left, outermosts are Ava Garcia (probably an
assistant according to the body of some emails),Shirley Crenshaw
(probably an assistant), and Leslie Reves a module manager.



Role change:
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« Changes of nodes serving as leaders in the Enron
dataset
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Changes of nodes serving as mediators in Ernon dataset



conclusion

In this papper, SSRM was proposed to analyze social
networks, based on taking behavior of people,considering
the existence of community structures.and it indeed
identified outsiders ,outermosts, mediators, and leaders
and found interestiong information about the people
associated with nodes having the role of a leader or a
mediator.it applied to detect the behavior of node in social
networks.



However , we usually don't know the
structure of social network,but we want to

model and consider influence of roles,
attributes and so on.



Probabilistic Community and
Role Model for Social Networks

Yu Han and Jie Tang
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Introduction

» There are not only visible elements , but also
invisible elements to affect the structure of
social network

» Recovery the structure of social network through
many samples



Question:

People's behaviors not only depend on their own attributes,
but also on their neighbors and communities.

How to model to capture the intrinsic relations between all
these element?

How to use a social network model to handle issues such
as community detection and behavior prediction?



Main Idea

® Propose a unified probabilistic framework,the
Community Role Model(CRM), to model a social
network.CRM incorporates all the information of modes
and edges that form a social network. the methods
based on Gibbs sampling and an EM algorithm.

Gibbs sampling or a Gibbs sampler is a Markov chain Monte Carlo
(MCMC) algorithm for obtaining a sequence of observations which are
approximated from a specified multivariate probability distribution (i.e. from the
joint probability distribution of two or more random variables), when direct
sampling is difficult. wikipedia

® CRM can be used not noly to represent a social
network ,but also to handle various application problems
with better performance than a baseline model, without
any modification to model.



Analysis
« Community

which probability is higher ?
Each node may belong to several communities,and
whether it has a link to other nodes might depend on the

communities to which it belongs. Thus we assume that
each node has a distribution over the communities



e Role

» Each node has many attributes . we can classify the node
into clusters,and each cluster can be regarded as a role that
nodes play.

» The attributes of each role satisfy a specific distribution such
as Gaussian distribution.Each node has a distribution over
roles

e Action

» Most nodes tend to take similar actions with nodes in the
same community.

» Moreover, whether a node takes an action may also depend
on the role it plays.

» Consider the distribution that the node has over both
communities and roles



be estimated <3 | h attributes
edge distribution nformto G
in specific

e

community

N action N

community role



Formulation and Define

Structure of a social network: GHV,EX)
Users(nodes): V' ,|VI=N

Edges: E ,an n*N matrix,with each element ¢, , =00r 1
iIndicating whether user vhas a link to user u.

The set of edges that associate with v :
Notation X : N * H , H is the number of all attributes

and element x,"” € X denotes the h-th attgibute of user v



« Community:A social network consists of multiple
communities, denoted as ¢ = [1,2,...,C].Each community
has a multinomial distribution over all pair (u,v),denoted
as ¢ .in communityc, subject to Z ¢, @ =1

V.U

+ Node Distribution over Communities: 4" denotes the
probability for v to be located in c.and is subject to

D 4 =1

* Role: a node may play multiple different roles, denotes
as r=[1,2,...,R],Each role has a set of parameters for the
distribution the attributes conform to. Here we use
Gussian distribution. if a node plays role r,its h-th
attribute conforms to N(u.,,07,)



 Nodes Distribution over Roles:each node has a
multinominal distribution over roles, which is denoted
as@ , 9" :the probability for v to play rolerandis
subject 10 Z 6" =1

* Action: For dn‘ferent kinds of social networks ,actions

take different forms. . denote a repost action of user
v.and set t=0 as the start point.During time period
[0,T],there are M messages posted by the user that v
follows.y,'” =0 or 1 to denote whether v reposts the m-
th message during a reasonable time period [0, T'].

« Community-Role Pair:whether a node would take an
action depends on the communities and the role it play.
L :the distribution of community-role pairs over action.
p"" :the probability fory, = =1(c, #C,
that the "community" in "community-role pair" represents

whether the node and its target belong to the same
community




Model Description

“+ Goal.devise a probabilistic generative model, CRM, to
represent a social network
“» CRM assumes that a social network can be generated

through three processes,every process based on
edaes.node attributes. and actions

be estimated

e/@
4th attributes
onform to G

edge

distribution in \\@
specific ti

community N action N

community role



Edge

For each node v in graph:
1. Draw$ from Dirichlet(Z );
2. Draw a ¢, from Dirichlet(s ) prior;

3. For each edge ¢, .
» Draw a community z,; = ¢ from multinomial
distribution
» Draw an edge ¢, ; from a multinomials"”
specific to community c.

The distribution of the edge E is as:

p(EIB.Y) = [ o (cWIT [ #6.19

»e estimated
adge distribution

n specific
sommunity

(=)

be

ﬂ

estifmated

dis
com

tribution
ities

@

node in the B

ccpm@ny

|Ey|

vel

N

community

(1)

] D p(ze.ild0)p(ev] 20, Q) dudl.

|Evl Zv,1



Node @

For each node v in graph:

1. Draw €, from Dirichlet(sy ) prior; bee@ted

2. Draw aroleg = from multinomial e A
distribution g e

3. Foreach attribute of v, draw ¢ il kil @

d Value xh(r) - G(u:‘j./ﬁo-l:-).h) @{//:::)r:lfa(:: :TI\b::.geGs
The joint distribution of attributes Xis | 72 Ultffs\\®
defined as : "
|
p(X|O£,,LL,0') == H/p(9v|a) roie
"’ (2)

-3 p(do|6) TT p@|dos tiries o) dBo
d, h



Actions

1. Draw £ from Dirichlet()) prior;
2. Draw a communityc, for v froma, ;
3. Draw a community ¢, for u, which ~ (») © S

post the message m,from ¢
ol be ; ted

4. Draw a role r form 0, ; asmoromouet b e@_ated o

5 DraW y _ Bern()u]]i(pf"') Com@tles community-r , roles
- M Ff'__fsQ}_/,node»—p y the rof
The joint distribution fo actions Y is - ;\c\c?m@hy P
defined as: il == |9 a@i&\c‘
] N action N

p(Y|/77 Qs) 9) = /p(pT,T) community role
(3)

TT1S° S p(rl6u)p(160 )Py |pr.r ) dpr.r-



Inference and Parameters Estimation

« Using Gibbs sampling to estimates andg
« The posterior probability o'z, ; is calculated by

—v,—1,C v,—1,C

@)
EJ+ICIB n® _, 1 (B

P(2v,i =c|z—y,—i, F)

« Parameters ¢ and¢ can be estimated by:

Ny.c + 5
v.c — : s 5
Poe = 1B, + 0B (5)
E = Ne,e + A

ne + |E|N (6)



The likehood of X can be written as:

it 2
(‘Lv,h _“'-7*,h)

= H H Z \/% SO (7)

Ur h

E-step,estimate the h-th item of & given the current
parameters by:

2
(‘L Jh T Hop, h)

27‘(‘ 2072 h
ev’r s Hh( ) r h . (8)

(‘r‘-v,h _#1‘,11)2

Zd L) 2arhe 297 h




 M-step,update parameters uand &

. Z'v H'U,T-T'v,h
4= Yo 0u °

\/Zv Hv,r(xv,h o ,U“r‘,h)2
Or.h =— 9 A

v

« Only need to estimate p ,becaused and? have been
estimated.

N—y,—m,r,r + Y
Ay = T,dy =T|A—p,T—2,Y) X (Do ZOU PR :
(11)
* And parameters can be estimated by :
n'v,"m,‘r,r +
p= 7 L (12)

M|+ 2|H|y



Experiments

*» Parameters ¢ represent communities
discovered by CRM

“Parameters # can be used to predict user's
actions

¢ Structure recovery.



Structure recovery
» Comparing with real data, MAG".
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Metric values of the Coauthor network and the two networks generated by CRM and
MAG.CRM outperforms MAG for every metric
1.M. Kim and J. Leskovec. Modeling social networks with node attributes using the multiplicative
attribute graph model. arXiv preprint arXiv:1106.5053, 2011
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Behavior Prediction

Classifies users into three roles:opinion leader, structrual hole spanner,
and ordinary users.Whether a user reposts a message greatly depends
on the role it plays( 2 :a node would take an action depends on the communities

and the role it play. action mean that a reposted action of a node )

Date set | Method Precision Recall F1l-measure AUC
SVM 0.8838(0.1725) 0.5562(0.3183) 0.6827(0.2054) 0.7360(0.1111)
SMO 0.8647(0.1218) 0.8142(0.1260) 0.8387(0.1138) 0.9218(0.0366)
LR 0.8668(0.1242) 0.8292(0.1022) 0.8476(0.1016) 0.9642(0.0196)
Coauthor NB 0.8183(0.1830) 0.8115(0.1444) 0.8149(0.1549) 0.9417(0.0335)
RBF 0.8552(0.1058) 0.8353(0.1165) 0.8451(0.1081) 0.9477(0.0271)
C4.5 0.8328(0.0518) 0.8015(0.1286) 0.8169(0.1478) 0.9065(0.1165)
CRM 0.8562(0.1490) 0.8630(0.0598) | 0.8596(0.1013) | 0.9800(0.0199)
SVM 0.5067(0.1405) 0.5027(0.1185) 0.5047(0.1150) 0.6068(0.1113)
SMO 0.5074(0.1464) 0.5209(0.1099) 0.5141(0.1271) 0.6145(0.0363)
LR 0.5199(0.1306) 0.5469(0.1073) 0.5331(0.1157) 0.6330(0.0377)
Weibo NB 0.5112(0.1245) 0.5692(0.1083) 0.5386(0.1172) 0.6397(0.0394)
RBF 0.5225(0.1361) 0.4679(0.1117) 0.4937(0.1217) 0.5945(0.0085)
C4.5 0.5237(0.1367) 0.5322(0.1114) 0.5279(0.1211) 0.6271(0.1083)
CRM 0.7017(0.1300) | 0.7305(0.1079) | 0.7158(0.1149) | 0.8174(0.0233)

Average prediction performance of different methods on the Coauthor and Weibo

detasets.The numbers enclosed in brackets are standard deviations



Behavior Prediction

CRM achieves much better performance than other
methods.

Data Sets | Precision | Recall | Fl-measure AUC
Coauthor 0.37% 13.76% 7.04% 9.45%
Weibo 36.22% 40.14% 38.14% 32.08%

Improvement shown by CRM over SVM,SMO,LR,NB,RBF,and C4.5
in terms of precision,recall, F1-measure,and AUC




community detection

detect community with parameters ¢

» We must decide the number of communities C before detecting
communities with CRM.

> The probability § of a edge in different communities is different .compute
the sums of log-likelihood for edges and action with :

L(edges) = Zlnp(ei), (13)

Y]

L(actions) = Z Inp(y:). (14)



*» c=150 may be the best choice .

Log-Likelihood of Edges
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(a) Sum of log-likelihood of edges changes with C
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“* Through the training of the
model,we obtain the community
distribution over node
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conclusion

 Know how to model a social network through many
samples,capturing its information,including structure

recovery ,behavior prediction
* Applying CRM to real-world datasets,and obtain better
performance .



the end , thanks



