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Networked World 
•  1.3 billion users 
•  700 billion minutes/month 

•  280 million users 
•  80% of users are 80-90’s 

•  560 million users   
•  influencing our daily life 

•  800 million users   
•  ~50% revenue from 
network life 

•  555 million users   
• .5 billion tweets/day 

•  79 million users per month   
•  >10 billion items/year 

•  500 million users   
•  57 billion on 11/11 
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Challenge: Big Social Data 

•  We generate 2.5x1018 byte big data per day. 

•  Big social data: 
– 90% of the data was generated in the past 2 yrs 
– How to mine deep knowledge from the big social 

data? 
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hyperlinks between web pages 
Examples: 
Google search (information retrieval) 

Web 1.0 
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10 years before… 
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Collaborative Web 

(1) personalized learning  
(2) collaborative filtering 
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Opinion Mining 

Innovation 
diffusion 

Business  
intelligence 

Info. 
Space 

Social 
Space 

Interaction 

Social Web 
Info. Space vs. Social Space 

Big Social Analytics—In recent 5 years… 

Information 

Knowledge 

Intelligence 



7 

Core Research in Social Network 

BIG Social 
Data 

Social Theories Algorithmic 
Foundations 

P
ow

er-law
 

A
ction 

Influence 

Social 
Network 
Analysis 

Theory 

Prediction Search Information 
Diffusion Advertise Application 

Macro Meso Micro 

S
m

all-w
orld 

C
om

m
unity 

S
tructural 
hole 

G
roup 

behavior 

S
ocial tie 

E
rdős-R

ényi 

Triad 

U
ser 

m
odeling 



8 

“Love Obama” 
—social influence in online social networks 

I love Obama 

Obama is 
great! 

Obama is 
fantastic 

I hate Obama, the 
worst president ever 

He cannot be the 
next president! 

No Obama in 
2012! 

Positive Negative 
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What is Social Influence? 

•  Social influence occurs when one's opinions, 
emotions, or behaviors are affected by others, 
intentionally or unintentionally.[1] 

–  Informational social influence: to accept 
information from another; 

– Normative social influence: to conform to the 
positive expectations of others.  

[1] http://en.wikipedia.org/wiki/Social_influence 
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Does Social Influence really matter? 
•  Case 1: Social influence and political mobilization[1] 

–  Will online political mobilization really work? 

[1] R. M. Bond, C. J. Fariss, J. J. Jones, A. D. I. Kramer, C. Marlow, J. E. Settle and J. H. Fowler. A 61-million-person 
experiment in social influence and political mobilization. Nature, 489:295-298, 2012. 

A controlled trial (with 61M users on FB) 

-  Social msg group: was shown with msg that 
indicates one’s friends who have made the 
votes. 

-  Informational msg group: was shown with 
msg that indicates how many other. 

-  Control group: did not receive any msg. 
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Case 1: Social Influence and Political 
Mobilization 

Social msg group v.s.  
Info msg group 

 
Result: The former were 2.08% (t-

test, P<0.01) more likely to click 
on the “I Voted” button 

Social msg group v.s.  
Control group 

 
Result: The former were 0.39% (t-

test, P=0.02) more likely to 
actually vote (via examination of 

public voting records) 

[1] R. M. Bond, C. J. Fariss, J. J. Jones, A. D. I. Kramer, C. Marlow, J. E. Settle and J. H. Fowler. A 61-million-person 
experiment in social influence and political mobilization. Nature, 489:295-298, 2012. 
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Case 2: Klout[1]—“the standard of influence” 

•  Toward measuring real-world influence  
–  Twitter, Facebook, G+, LinkedIn, etc. 
–  Klout generates a score on a scale of 1-100 for a social user 

to represent her/his ability to engage other people and 
inspire social actions.  

–  Has built 100 million profiles.  
•  Though controversial[2], in May 2012, Cathay Pacific 

opens SFO lounge to Klout users 
–  A high Klout score gets you into Cathay Pacific’s SFO 

lounge 

[1] http://klout.com 
[2] Why I Deleted My Klout Profile, by Pam Moore, at Social Media Today, originally published November 19, 2011; 
retrieved November 26 2011 
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Marketer Alice 

Influence Maximization 

Find K nodes (users) in a social network that could maximize the 
spread of influence (Domingos, 01; Richardson, 02; Kempe, 03) 

Social influence 
Who are the 
opinion leaders 
in a community? 
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Marketer Alice 

Influence Maximization 

Find K nodes (users) in a social network that could maximize the 
spread of influence (Domingos, 01; Richardson, 02; Kempe, 03) 

Social influence 
Who are the 
opinion leaders 
in a community? 

Questions: 
  - How to quantify the strength of social influence 
between users? 
  - How to predict users’ behaviors over time? 
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Topic-based Social Influence Analysis  

•  Social network -> Topical influence network 

Ada

Frank

Eve David

Carol

Bob

George

Input: coauthor network

Ada

Frank

Eve David

Carol

George

Social influence anlaysis

θi1=.5
θi2=.5

Topic 
distribution g(v1,y1,z)θi1

θi2

Topic 
distribution

Node factor function

f (yi,yj, z)
Edge factor function

rz

az

Output: topic-based social influences

Topic 1: Data mining

Topic 2: Database

Topics:

Bob

Output

Ada
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Eve

BobGeorge

Topic 1: Data mining

Ada

Frank

Eve David

George

Topic 2: Database

. . .

2

1

1
4

2

2 3
3

[1] J. Tang, J. Sun, C. Wang, and Z. Yang. Social Influence Analysis in Large-scale Networks. In KDD’09, pages 
807-816, 2009.  
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The Solution: Topical Affinity Propagation 

[1] Jie Tang, Jimeng Sun, Chi Wang, and Zi Yang. Social Influence Analysis in Large-scale Networks. In KDD, pages 
807-816, 2009.  

Data mining 

Data mining 

Data mining 

Data mining Database 

Database 

Database Basic Idea:  
If a user is located in 
the center of a “DM” 
community, then he 
may have strong 
influence on the other 
users.  

—Homophily theory 
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Topical Factor Graph (TFG) Model 

Node/user 

Nodes that have the 
highest influence on 

the current node 

The problem is cast as identifying which node has the highest probability to 
influence another node on a specific topic along with the edge. 

Social link 
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•  The learning task is to find a configuration for 

all {yi} to maximize the joint probability. 

Topical Factor Graph (TFG) 

Objective function: 

1. How to define? 

2. How to optimize? 
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How to define (topical) feature functions? 

–  Node feature function 

–  Edge feature function 
 
 
 
 

–  Global feature function 

similarity 

 or simply binary 
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Model Learning Algorithm 

Sum-product: 

- Low efficiency! 
- Not easy for 
distributed learning! 
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New TAP Learning Algorithm 

1. Introduce two new variables r and a, to replace the 
original message m. 

2. Design new update rules: 

mij 

[1] Jie Tang, Jimeng Sun, Chi Wang, and Zi Yang. Social Influence Analysis in Large-scale Networks. In KDD, pages 
807-816, 2009.  
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The TAP Learning Algorithm 
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Experiments 
•  Data set: (http://arnetminer.org/lab-datasets/soinf/) 

 
 
 
 
 
 

 
•  Evaluation measures 

– CPU time 
– Case study 
– Application 

Data set #Nodes #Edges 
Coauthor 640,134 1,554,643 
Citation 2,329,760 12,710,347 
Film 
(Wikipedia) 

18,518 films 
7,211 directors 
10,128 actors 
9,784 writers 

142,426 
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Social Influence Sub-graph on “Data mining” 

On “Data Mining” in 2009 
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Results on Coauthor and Citation 
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Still Challenges 

How to model influence at different granularities? 



27 

Conformity Influence 

I love Obama 

Obama is 
great! 

Obama is 
fantastic 

Positive Negative 

2. Individual 

3. Group conformity 

1. Peer 
influence 

[1] Jie Tang, Sen Wu, and Jimeng Sun. Confluence: Conformity Influence in Large Social Networks. In KDD’13, 2013. 



28 

Conformity Influence Definition 

•  Three levels of conformities 
–  Individual conformity 
– Peer conformity 
– Group conformity 
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Individual Conformity 
•  The individual conformity represents how easily user v’s 

behavior conforms to her friends 

All actions by user v 

A specific action performed by 
user v at time t 

Exists a friend v′ who performed the 
same action at time t’′ 
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Peer Conformity 
•  The peer conformity represents how likely the user v’s behavior 

is influenced by one particular friend v′ 

All actions by user v′ 

A specific action performed by 
user v′ at time t′ 

User v follows v′ to perform the 
action a at time t 
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Group Conformity 
•  The group conformity represents the conformity of user v’s 

behavior to groups that the user belongs to. 

All τ-group actions performed by users in the group Ck 

A specific τ-group action 
User v conforms to the group to 
perform the action a at time t 

τ-group action: an action performed by more than a percentage τ of all 
users in the group Ck 
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Confluence 
—A conformity-aware factor graph model 

g(v1, icf (v1))

Users

Confluence model

v2

v3 y1=a

Input Network

v4 v5

v7

Group 1: C1

Group 2: 
C2

y3
y1

y2
y4

y7y5

y6

v3
v1

v2
v4

v7v5

v6

g(y1, y’3, pcf (v1, v3))

g(y1, gcf (v1, C1))

v6

v1

Group 3: C3

Group conformity 
factor function 

Peer conformity 
factor function 

Random 
variable y: 
Action 

Individual conformity 
factor function 
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Model Instantiation 

Individual conformity 
factor function 

Group conformity 
factor function 

Peer conformity factor 
function 
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Distributed Learning 

Slave 
Compute local gradient 
via random sampling 

Master 
Global 
update 

Graph Partition by Metis 
Master-Slave Computing 
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Distributed Model Learning 

(1) Master 

(3) Master 

(2) Slave 

Unknown 
parameters 
to estimate 
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Results with Conformity Influence 
— Four Datasets 

** All the datasets are publicly available for research. 

•  Baselines 
-  Support Vector Machine (SVM) 
-  Logistic Regression (LR) 
-  Naive Bayes (NB) 
-  Gaussian Radial Basis Function Neural Network (RBF) 
-  Conditional Random Field (CRF) 

•  Evaluation metrics 
-  Precision, Recall, F1, and Area Under Curve (AUC) 

Network #Nodes #Edges Behavior #Actions 

Weibo 1,776,950 308,489,739 Post a tweet 6,761,186 

Flickr 1,991,509 208,118,719 Add comment 3,531,801 

Gowalla 196,591 950,327 Check-in 6,442,890 

ArnetMiner 737,690 2,416,472 Publish paper 1,974,466 
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Prediction Accuracy 

t-test, p<<0.01 
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Effect of Conformity 

Confluencebase stands for the Confluence method without any social based features 
Confluencebase+I stands for the Confluencebase method plus only individual conformity features  
Confluencebase+P stands for the Confluencebase method plus only peer conformity features 
Confluencebase+G stands for the Confluencebase method plus only group conformity 
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Scalability performance 

Achieve ∼ 9×speedup with 16 cores 
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Output of social influence learning 

Positive 

Negative 

output 

0.3 

0.2 

0.5 
0.4 

0.7 

0.74 0.1 

0.1 

0.05 

I love Obama 

I hate Obama 
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Influence Maximization 
•  Influence maximization 

–  Minimize marketing cost and more generally to maximize profit. 
–  E.g., to get a small number of influential users to adopt a new product, and 

subsequently trigger a large cascade of further adoptions. 

0.6 

0.5 

0.1 

0.4 
0.6 0.1 

0.8 

0.1 

A 
B 

C 

D E F 

Probability of 
influence 

[1] P. Domingos and M. Richardson. Mining the network value of customers. In Proceedings of the seventh ACM SIGKDD international 
conference on Knowledge discovery and data mining (KDD’01), pages 57–66, 2001. 
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Problem Abstraction 

•  We associate each user with a status:  
– Active or Inactive 
– The status of the chosen set of users (seed nodes) 

to market is viewed as active 
– Other users are viewed as inactive 

•  Influence maximization 
–  Initially all users are considered inactive 
– Then the chosen users are activated, who may 

further influence their friends to be active as well 



43 

Diffusion Influence Model 

•  Linear Threshold Model 
•  Cascade Model 
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Linear Threshold Model 
•  General idea 

–  Whether a given node will be active can be based on an arbitrary monotone 
function of its neighbors that are already active. 

•  Formalization 
–  fv : map subsets of v’s neighbors’ influence to real numbers in [0,1] 
–  θv : a threshold for each node 
–  S: the set of neighbors of v that are active in step t-1  
–  Node v will turn active in step t if  fv(S) >θv 

•  Specifically, in [Kempe, 2003], fv  is defined as                      ,  where bv,u 
can be seen as a fixed weight, satisfying 

[1] D. Kempe, J. Kleinberg, and E. Tardos. Maximizing the spread of influence through a social network. In Proceedings of the ninth ACM 
SIGKDD international conference on Knowledge discovery and data mining (KDD’03), pages 137–146, 2003. 
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Linear Threshold Model: An example 

0.3 

0.2 

0.5 
0.4 

0.7 
0.74 

0.1 

0.1 

0.05 

θ = 0.8

θ = 0.5
θ = 0.2

θ = 0.5

θ = 0.4

1st try 
 0.74<0.8 

2nd try, 
0.74+0.1>0.8 

1st try, 0.7>0.5 

A 

B 

C 
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Cascade Model 

•  Cascade model 
–  pv(u,S) : the success probability of user u activating user v 
–  User u tries to activate v and finally succeeds, where S is the set of v’s 

neighbors that have already attempted but failed to make v active 

•  Independent cascade model 
–  pv(u,S) is a constant, meaning that whether v is to be active does not 

depend on the order v’s neighbors try to activate it. 
–  Key idea: Flip coins c in advance -> live edges 
–  Fc(A): People influenced under outcome c (set cover) 
–  F(A) = Sum cP(c) Fc(A) is submodular as well 

[1] D. Kempe, J. Kleinberg, and E. Tardos. Maximizing the spread of influence through a social network. In Proceedings of the ninth ACM 
SIGKDD international conference on Knowledge discovery and data mining (KDD’03), pages 137–146, 2003. 
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Theoretical Analysis 
•  NP-hard[1] 

–  Linear threshold model 
–  General cascade model 

•  Kempe Prove that approximation algorithms can guarantee that the 
influence spread is within(1-1/e) of the optimal influence spread. 
–  Verify that the two models can outperform the traditional heuristics 

•  Recent research focuses on the efficiency improvement 
–  [2] accelerates the influence procedure by up to 700 times 

•  It is still challenging to extend these methods to large data sets  

[1] D. Kempe, J. Kleinberg, and E. Tardos. Maximizing the spread of influence through a social network. In Proceedings of the ninth ACM 
SIGKDD international conference on Knowledge discovery and data mining(KDD’03), pages 137–146, 2003.  
[2] J. Leskovec, A. Krause, C. Guestrin, C. Faloutsos, J. VanBriesen, and N. Glance. Cost-effective outbreak detection in networks. In 
Proceedings of the 13th ACM SIGKDD international conference on Knowledge discovery and data mining (KDD’07), pages 420–429, 2007. 
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Social Role vs. Information Diffusion 

•  In practice, the diffusion process is very complex.  
–  The diffusion influences the structure of the network and 

user’s position in the network in turn affects the influence 
they may have on other users 

•  Social role vs. information diffusion 
–  Study on Twitter reveals that 50% of Twitter contents are 

produced by less than 1% of users who act as opinion 
leaders[1] 

–  Another study reveals that 25% of information diffusion in 
Twitter is controlled by 1% users serving as structural hole 
spanners[2] 

[1] S. Wu, J. M. Hofman, W. A. Mason, and D. J. Watts. Who says what to whom on twitter. In WWW’11, pages 705–714, 
2011. 
[2] T. Lou and J. Tang. Mining Structural Hole Spanners Through Information Diffusion in Social Networks. In WWW'13, 
pages 837-848, 2013.  
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Information Diffusion Example 
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Information Diffusion Example 
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Information Diffusion Example 



52 

Information Diffusion Example 
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Information Diffusion Example 
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Information Diffusion Example 
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Role-aware: Information Diffusion Example 
What if this vertex did not 
adopt the information? 
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What if this vertex did not 
adopt the information? 

Vertices on the right hand of 
the dash line have no 
chance to be activated. 

Role-aware: Information Diffusion Example 
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Role-aware: Information Diffusion Example 
What if this user did not 
adopt the information? 

Users on the right hand of 
the dash line have no 
chance to be activated. 

Why the particular user is 
important / special? 
•  Her neighbors rarely 

know each other 
•  Structural hole spanner 
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Preliminary Results on Weibo 

X: number of v’s active 
followees with different social 
roles. 
 
Y: the probability of v being 
activated. 
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Preliminary Results on Weibo (2) 

X: number of v’s active 
followees with different social 
roles. 
 
Y: the probability of v being 
activated. 

[1] Lazarsfeld, P. F.; Berelson, B.; and Gaudet, H. 1944. The peoples choice: How the voter makes up his mind in a presidential election. New 
York: Duell, Sloan and Pearce . 
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Preliminary Results on Weibo (3) 

X: number of v’s active 
followees with different social 
roles. 
 
Y: the probability of v being 
activated. 

[2] Burt, R. S. 2001. Structural holes versus network closure as social capital. Social capital: Theory and research 31–56. 
[3] Burt, R. S. 2009. Structural holes: The social structure of competition . Harvard University Press. 

•  Information overload: 2-3 opinion leaders are sufficient to spread a 
piece of information throughout a community 

•  Information everywhere: spreading the information becomes a social 
norm to adopt 
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Preliminary Results on Weibo (4) 

X: number of v’s active 
followees with different social 
roles. 
 
Y: the probability of v being 
activated. 

•  Structural hole spanners tend to bring information that a certain 
community is rarely exposed to. 
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Problem Formulation 
•  Input: 

–  Social Network – which users are connected 
–  Diffusion Tree – which comprises a set of 4-tuples: {(u,v,i,t)} 

indicating user v re-tweet the message i from u at time t 
•  Output: 

–  Predict the diffusion tree in future 
–  The social role distribution of each user 

[1] Y. Yang, J. Tang, C. W.-K. Leung, Y. Sun, Q. Chen, J. Li, and Q. Yang. RAIN: Social Role-Aware Information Diffusion. In 
AAAI'15.  
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RAIN: social Role-Aware INformation diffusion 

v2
v4

v3
v1

r4

y1

r3

&2

r2

μ δ

x

&
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α

v2, v3, and v4  are 
activated user

Input: diffusion process

x2

r

&3

x3

r

&4

x4

r

ρ

ƛ

⊗ is a diffusion 
function

�t

1

Generation of 
social attributes 

2

Generation of 
diffusion process 

Social role  

Response time 

Social attributes, 
e.g., PageRank 
score, network 
constraint, etc. 

Activation probability over role 

Repost or not 

Active neighbors 

[1] Y. Yang, J. Tang, C. W.-K. Leung, Y. Sun, Q. Chen, J. Li, and Q. Yang. RAIN: Social Role-Aware Information Diffusion. In 
AAAI'15.  
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•  The probability that the user u will succeed in 
activating one of her followers v at time t 

Modeling Diffusion Process 

A latent variable indicate u 
activates v at time t successfully 

Activation probability over role r 

Modeling the 
response time 
(diffusion delay) 

Social role distribution 
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•  The probability that user v is not activated by user u 
within the time period [tiu+1, t] 

Modeling Diffusion Process 

A latent variable indicate u fails to 
activates v within time period [tiu+1,t] 
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Modeling Diffusion Process 

•  The probability user v is active at time t 

All adoption results All users fails to activate user v 
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Modeling Diffusion Process 

•  The probability that user v is never activated by 
the last timestamp T 

Assumption here:  
T >> the last observed timestamp 
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Modeling Social Attributes 

•  We assume each attribute of a user u is 
sampled according to a Gaussian distribution 
w.r.t. the social role of u 

Gaussian parameters over role 
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Modeling Learning with Gibbs Sampling 
•  Initialize the proposed model to default parameter settings 
•  Sample latent variable r for each social attribute of a user u 

according to  

•  Sample r, \delta t, and z for each diffusion tree node according 
to 
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Gibbs Sampling (cont.) 
•  Update parameters 

•  Approximate Gaussian parameters by their expectations 

[1] Y. Yang, J. Tang, C. W.-K. Leung, Y. Sun, Q. Chen, J. Li, and Q. Yang. RAIN: Social Role-Aware Information Diffusion. In 
AAAI'15.  
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Dataset 
•  We employ a dataset from Tencent Weibo, which 

consists of 4,588,559 original posts, and 184,491 
relevant users 
–  We remove original posts reposted < 5 times which remains 

242,831 original posts 
–  We use data on Nov. 1 to train the model and Nov. 2 to test 

•  We categorize the posts based on their topics extracted by LDA 
and labeled manually: campus, constellation, movie, history, 
society, health, political and travel. 
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Micro-level Prediction 
•  Predict whether a user will repost a given message. 
•  Count 

–  ranks users by the number of active followees 
–  performs worst due to the lack of supervised 

information 
•  SVM 

–  employs three features to train a classifier 
•  #active followers 
•  #active followees 
•  #whether the user have reposted any similar messages 

before 
–  neglects the diffusion mechanism  

•  IC Model 
–  traditional IC model with fitted parameters 
–  suffers from data sparseness and model complexity 

•  RAIN 
–  improves the performance +32.6% in terms of MAP 
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Social Role Analysis 

Opinion leaders can be better predicted on more 
regional and specialized topics 

Structural hole spanners can be 
better predicted on more general 
topics, which tend to propagate from 
one community to another 

RAIN can better predict opinion 
leaders and structural hole 
spanners, as ordinary users tend 
to behave more randomly 
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Macro-level Prediction 
•  We predict the scale of a diffusion process 

–  X-axis: the number of reposts 
–  Y-axis: the proportion of original posts with particular number of reposts 
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Macro-level Prediction 
•  We predict the duration of a diffusion process 

–  X-axis: the time interval between the first and last posts 
–  Y-axis: the proportion of original posts with particular time interval 
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Summary 

•  Big social data provides unprecedented 
opportunities to study interactions between users 

•  Social Influence 
– Learning social influence 
–  Influence maximization 

•  Information Diffusion 
– Linear threshold (LT) 
–  Independent cascaded (IC) 
– Role-aware diffusion (RAIN) 
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The theory of “Three Degree of Influence” 

Three degree of Influence[2] 

[1] S. Milgram. The Small World Problem. Psychology Today, 1967, Vol. 2, 60–67 
[2] J.H. Fowler and N.A. Christakis. The Dynamic Spread of Happiness in a Large Social Network: Longitudinal Analysis 
Over 20 Years in the Framingham Heart Study. British Medical Journal 2008; 337: a2338 
[3] R. Dunbar. Neocortex size as a constraint on group size in primates. Human Evolution, 1992, 20: 469–493. 

Six degree of separation[1] 

You are able to influence up to >1,000,000 persons in 
the world, according to the Dunbar’s number[3].   


