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What we do: a big picture 
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Related Publications!

Published more than 100 papers on major conferences 
and journals!

Knowledge 
Graph!

Data 
Mining!

Social 
Network!

IEEE/ACM Trans (12), 
SIGIR (2) 
IJCAI (3) 
ACL (2) 
ICDM (10) 
JCDL’11 Best Paper Nominated 
ICDM’12 Challenge Champion 

SIGKDD (10) 
WWW 
ACM Multimedia 
PLOS ONE (2) 
PKDD’11 Best Stu Paper Runnerup 
SIGKDD Best Poster Award 
Multimedia’12 Challenge 2nd 
 

SIGMOD 
WWW 
IJCAI (2) 
IEEE TKDE 
Journal of Web Semantics 
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What we do: a big picture 
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20+ Datasets 
Network #Nodes #Edges Behavior 

Twitter-net 111,000 450,000 Follow 

Weibo-Retweet 1,700,000 400,000,000 Retweet 

Slashdot 93,133 964,562 Friend/Foe 

Mobile (THU) 229 29,136 Happy/Unhappy 

Gowalla 196,591 950,327 Check-in 

ArnetMiner 1,300,000 23,003,231 Publish on a topic 

Flickr 1,991,509 208,118,719 Join a group 

PatentMiner 4,000,000 32,000,000 Patent on a topic 

Citation 1,572,277 2,084,019 Cite a paper 

Twitter-content 7,521 304,275 Tweet “Haiti Earthquake” 

Most of the data sets are publicly available for research. 
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Micro-level Social Network Analysis 
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“Love Obama” 

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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Social Influence Analysis �
•  Influence analysis 

–  Topic-based influence measure [Tang-Sun-Wang-Yang 2009]  
–  Learning influence distribution [Liu-Tang-Han-Yang 2010&2012] 
–  Conformity influence [Tang-Wu-Sun 2013] 

•  Social influence and behavior prediction 
–  Social action tracking [Tan-Tang-Sun-Lin-Wang 2010] 
–  User-level sentiment in social networks [Tan-et-al 2011] 
–  Emotion prediction in mobile network [Tang-et-al 2012, spotlight paper] 
–  Inferring affects from images [Jia-et-al 2012, Grand Challenge 2nd Prize] 
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Topic-based Social Influence Analysis �

•  Social network -> Topical influence network�
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[1] J. Tang, J. Sun, C. Wang, and Z. Yang. Social Influence Analysis in Large-scale Networks. In KDD’09, pages 
807-816.  
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Topic-based Social Influence Analysis  

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 

Global constraint 

[1] J. Tang, J. Sun, C. Wang, and Z. Yang. Social Influence Analysis in Large-scale Networks. In KDD’09, pages 
807-816.  
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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. Feature Functions 
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Probabilistic Generative Model 
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distribution �

s=1�s=0�
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[1] L. Liu, J. Tang, J. Han, and S. Yang. Learning Influence from Heterogeneous Social Networks. In DMKD, 2012, 
Volume 25, Issue 3, pages 511-544. 
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Confluence: Conformity Influence  

1’ �

1’ �

1’ �

1’ �

Alice’s friend� Other users�Alice �Legend �

If Alice’s friends check in 
this location at time t�

Will Alice also 
check in nearby?�

[1] J. Tang, S. Wu, and J. Sun. Confluence: Conformity Influence in Large Social Networks. In KDD’13, pages 347-355.  
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John�

Time t�

John�

Time t+1 �

Action Prediction： 
Will John post a tweet on “Haiti Earthquake”?�

Personal attributes: 
1.  Always watch news 
2.  Enjoy sports 
3.   ….�

     Influence 1

    Action bias 4

  Dependence 2

Social Influence & Action Modeling[1] �

    Correlation 3

[1] C. Tan, J. Tang, J. Sun, Q. Lin, and F. Wang. Social action tracking via noise tolerant time-varying factor graphs. In 
KDD’10, pages 807–816.�
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A Discriminative Model: NTT-FGM�

Continuous latent action state�

Personal attributes�

Correlation�

Dependence�

Influence�

Action �
Personal attributes �
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User-level Sentiment Analysis 
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 

[1] C. Tan, L. Lee, J. Tang, L. Jiang, M. Zhou, and P. Li. User-level sentiment analysis incorporating social networks. In 
KDD’11,  pages 1397–1405. 
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Happy System—case study�

Can we predict users’ 
emotion?�

[1] J. Tang, Y. Zhang, J. Sun, J. Rao, W. Yu, Y. Chen, and ACM Fong. Quantitative Study of Individual Emotional States in 
Social Networks. IEEE TAC, 2012, Volume 3, Issue 2, Pages 132-144. (Spotlight Paper) 
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Micro-level Social Network Analysis 
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?�
Family �

Friend �

KDD 2010, PKDD 2011 (Best Paper Runnerup), WSDM 2012, ACM TKDD �

Lady Gaga �You� Lady Gaga �You�

?�

Lady Gaga �

You�

Lady Gaga �

You�

?�
Shiteng Shiteng 

Inferring social ties 

Reciprocity 

Triadic Closure 
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Social Tie Analysis �
•  Social relationship 

–  Mining advisor-advisee relationships [Wang-Han-et-al 2010]  
–  Learning to infer social tie [Tang-Zhuang-Tang 2011, Best Runnerup] 
–  Reciprocity prediction [Hopcroft-Lou-Tang 2011] 
–  Inferring social tie across networks [Tang-Lou-Kleinberg 2012] 

•  Triadic closure 
–  Inferring triadic closure [Lou-Tang-Hopcroft-Fang-Ding 2013] 

•  Community 
–  Kernel community [Wang-Lou-Tang-Hopcroft 2011] 
–  Community co-evolution [Sun-Tang-Han-Chen-Gupta 2013] 
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Basic Idea �

Other 

? 
? 

V1�

r24�

V3�

V2�

r45�

r56�

Friend 

? 
? 

UseràNode 

RelationshipàNode 

[1] C. Wang, J. Han, Y. Jia, J. Tang, D. Zhang, Y. Yu, and J. Guo. Mining Advisor-Advisee Relationships from Research 
Publication Networks. In KDD'10. pp. 203-212.�
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Partially Labeled Pairwise 
Factor Graph Model (PLP-FGM)�

Map relationship to nodes in model �

Attribute factors f�

Correlation factor g�

Constraint factor h� Partially Labeled 
Model�

Input � Model�

Latent Variable �

Example: 
   Call frequency between two users? 
Example: 
   A makes call to B immediately after the call to C. 

y12=Friend	



y21=Friend	



y16=Other	



Problem: 
    For each relationship, identify which type  
has the highest probability? 

[1] W. Tang, H. Zhuang, and J. Tang. Learning to Infer Social Ties in Large Networks. In ECML/PKDD'2011. pp. 381-397. 
(Best Student Paper Runner-up) �



25 [1] J. Tang, T. Lou, and J. Kleinberg. Inferring Social Ties across Heterogeneous Networks. In WSDM'2012. pp. 743-752.�

Inferring Social Ties Across Networks �
Adam

Bob

Chris

Danny

Product 1

Adam

Bob

Chris

Danny

distrust trust

trust

distrust

From Home
08:40

From Office
11:35

Both in office
08:00 – 18:00

From Office
15:20

From Outside
21:30

From Office
17:55

Reviewer network

Communication network

Knowledge 
Transfer for 

Inferring 
Social Ties

Input: Heterogeneous Networks Output: Inferred social ties in 
different networks

Family

Colleague

Colleague

Colleague Friend

Friend

review

review

Product 2
review

review

What is the knowledge to 
transfer? �

Epinions�

Mobile �
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Triad Closure�

•  P(1XX) > P(0XX). Elites users play a more important role to form the triadic closure. The average 
probability of 1XX  is three times higher than that of 0XX. 

•  P(X0X) > P(X1X). Low-status users act as a bridge to connect users so as to form a closure triad. 
The likelihood of X0X is 2.8 times higher than X1X. 

•  P(XX1) > P(XX0). The rich gets richer. This phenomenon validates the mechanism of preferential 
attachment [Newman 2001].�

Elite User(1)�

Ordinary User(0)� Elite User(1)�

(101)�

[1] T. Lou, J. Tang, J. Hopcroft, Z. Fang, X. Ding. Learning to Predict Reciprocity and Triadic Closure in Social Networks. 
ACM TKDD. �
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Following Influence in Triad Formation�

A �

B � C �

t�
A �

B � C �

t�

t’=t+1 �t’=t+1 �
Follower diffusion� Followee diffusion�

–>: pre-existed relationships 
–>: a new relationship added at t 
-->: a possible relationship added at t+1 �

Two Categories of Following Influences�

Whether influence 
exists? �
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24 Triads in Following Influence  �
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Micro-level Social Network Analysis 
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Structural Hole and Information Diffusion�
•  Structural Hole 

–  Mining Top-k structural hole spanners [Lou-Tang 2013]  

•  Influence diffusion 
–  Influence locality in information diffusion [Zhang-et-al 2013] 
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Mining Structural Hole Spanners�
•  The theory of  Structural Hole [Burt92]: 

–  “Holes” exists between communities that are otherwise disconnected. 

•  Structural hole spanners 
–  Individuals would benefit from filling the “holes”. 

 a1
a4

a2
a3

a8

a5

a6a0

a7

a9a11

a10

Information diffusion 

Community 1 

Community 2 

Community 3 

On Twitter, Top 1% 
twitter users control 25% 
retweeting flow between 
communities.�

[1] T. Lou and J. Tang. Mining Structural Hole Spanners Through Information Diffusion in Social Networks. In WWW'13, 
pages 837-848.�
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Influence Locality in Information Diffusion  
•  Randomization test 

–  Debiased testing 
–  Locality influence indeed exist 

(t-test, p<<0.01) 
•  Locality influence function 
 
 
•  Help retweet prediction 

The	
  retweet	
  probability	
  is	
  nega5vely	
  
correlated	
  with	
  the	
  number	
  of	
  circles.	


[1] J. Zhang, B. Liu, J. Tang, T. Chen, and J. Li. Social Influence Locality for Modeling Retweeting Behaviors. In IJCAI’13.�
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Micro-level Social Network Analysis 
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Social Influence!

Social Tie!

Structural Hole!
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§  Topic-based influence 
§  Learning influence 
§  Conformity influence 
§  Influence + Action 

§  Inferring social ties 
§  Reciprocity 
§  Triadic closure 

§  Structural hole spanner 
§  Influence and retweeting 
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Other Data mining Work—  
Recommendation, Emotion Analysis, Expert Finding, 

Integrations, Content Analysis  
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Social Applications & Web Mining 
•  Social recommendation 

–  Cross-domain collaboration recommendation [Tang-et-al 2012, best poster]  
–  Typicality-based recommendation [Cai-et-al 2013] 
–  Patent partner recommendation [Wu-Sun-Tang 2013] 

•  Expert finding 
–  Topic level expertise search [Tang-Zhang-Jin-Yang-Cai-Zhang-Su 2011] 
–  Expertise matching with constraints [Tang-Tang-Lei-Tan-Gao-Li 2012] 
–  Combining topic model and random walk [Tang-Jin-Zhang 2008] 
–  Expert finding in social networks [Zhang-Tang-Li 2007] 
–  User profiling [Tang-Zhang-Yao 2007, Tang-Yao-Zhang-Zhang 2010] 
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Algorithms and Applications (cont.) 
•  Information integration/alignment 

–  Using Bayesian decision for alignment [Tang-et-al 2013] 
–  Cross-lingual knowledge linking [Wang-Li-Wang-Tang 2012]  
–  Cross-lingual knowledge linking via concept annotation [Wang-et-al 2013]  
–  Name disambiguation [Tang-Fang-Wang-Zhang 2012]  
–  A dynamic alignment framework [Li-Tang-Li-Luo 2009] 
–  Unbalanced alignment [Zhong-Li-Xie-Tang-Zhou 2009] 

•  Content analysis/text minining 
–  Social content alignment [Hou-Li-Li-Qu-Guo-Hui-Tang 2013] 
–  Social context summarization [Yang-et-al 2011] 
–  Ontology learning from folksonomies [Tang-et-al 2012, spotlight paper] 
–  Tree-structural CRF [Tang-et-al 2006] 
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User Profiling�
Basic Info. 

Citation statistics 

Research Interests Publications 

Social Network 

[1] J. Tang, L. Yao, D. Zhang, and J. Zhang. A Combination Approach to Web User Profiling. ACM TKDD, (vol. 5 no. 1), 
2010, 44 pages.�
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Name Disambiguation[1,2] �

Name Affiliation 

Jing 
Zhang 
(26) 

Shanghai Jiao Tong Univ. 
Yunnan Univ. 

Tsinghua Univ. 
Alabama Univ. 

Univ. of California, Davis 
Carnegie Mellon University 

Henan Institute of 
Education 

- How to perform the assignment automatically? 
- How to estimate the person number? 

[1] J. Tang, A.C.M. Fong, B. Wang, and J. Zhang. A Unified Probabilistic Framework for Name Disambiguation in Digital 
Library. IEEE Transaction on Knowledge and Data Engineering (TKDE) , Volume 24, Issue 6, 2012, Pages 975-987.  
[2] X. Wang, J. Tang, H. Cheng, and P. S. Yu. ADANA: Active Name Disambiguation. ICDM’11, pages 794-803.�
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Expertise 
Search �

Finding experts, 
expertise conferences,  
and expertise papers  

for “data mining” 

[1] J. Tang, J. Zhang, R. Jin, Z. Yang, K. Cai, L. Zhang, and Z. Su. Topic Level Expertise Search over Heterogeneous 
Networks. Machine Learning Journal, Volume 82, Issue 2 (2011), pages 211-237.�



40 

Cross-domain Collaboration Recommendation�

? 

? 

Data Mining Theory Sparse Connection: 
<1% �

1

Complementary 
expertise �

2

Topic skewness: 
9% �

3

Large 
graph �

heterogeneous 
network�

Sociall 
network�

Graph theory�

Complexity 
theory�

Automata 
theory�

[1] J. Tang, S. Wu, J. Sun, and H. Su. Cross-domain Collaboration Recommendation. In KDD’12, pages 1285-1293. 
(Best Poster Award)�
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Schema Alignment�

[1] Q. Zhong, H. Li, J. Li, G. Xie, J. Tang, and L. Zhou. A Gauss Function based Approach for Unbalanced Ontology 
Matching. SIGMOD’09, pages 669-680, 2009. 
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Knowledge Linking�

Cross lingual links�

Titles�

Links�

Categories�

Authors�

[1] Z. Wang, J. Li, Z. Wang, and J. Tang. Cross-lingual Knowledge Linking Across Wiki Knowledge Bases. In WWW'12, 
pages 459-468. 
[2] Zhichun Wang, Juanzi Li, and Jie Tang. Boosting Cross-lingual Knowledge Linking via Concept Annotation. In IJCAI’13. 
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Results�
•  Discover crosslingual links between Wikipedia and Baidu �

Articles � Categories � Authors �
Wikipedia� 3,786,000� 531,771� 3,592,495�
Baidu � 3,941,659� 599,463� 1,454,204�

English 
Wikipedia

Wzh

Chinese 
Wikipedia

Wzh

Baidu Baike

Bzh
217,689� 96,970�

202,141�
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System 
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[1] J. Tang, J. Zhang, L. Yao, J. Li, L. Zhang, and Z. Su. ArnetMiner: Extraction and Mining of Academic Social Networks. 
In KDD’08. pp.990-998. �

•  Academic Social Network Analysis and 
Mining system—Aminer (http://aminer.org) 

–  Online since 2006 
–  >1 million researcher profiles 
–  >131 million requests 
–  >2.35 Terabyte data 
–  100K IP access from 170 countries / month 
–  10% increase of visits per month 

•  Key Features 
–  Mining semantics from academic data 
–  Deep social network analysis 
–  Knowledge based search 

AMiner (ArnetMiner)[1]!
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2006 �

•  Research 
profiling 

•  Integration 
•  Interest analysis 

2009 �

•  Topic analysis 
•  Course search 
•  Expert search 

•  520K users from 
187 countries!

2010 �

•  Association 
•  Disambiguation 
•  Suggestion 

•  1.02M users from 
202 countries!

2012 �

•  Geo search 
•  Collaboration 

recommendation 

•  432M users from 
220 countries!

AMiner History!
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4.32 million IP from 220 countries/regions 
User Distribution!
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Top 10 countries 
1.  USA               6. Canada 
2.  China             7. Japan 
3.  Germany        8. Spain 
4.  India               9. France 
5.  UK                 10. Italy 

4.32 million IP from 220 countries/regions 
User Distribution!
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Widely used.. 
l  The largest 

publisher: 
     Elsevier 
l  Conferences 
     KDD 2010 
     KDD 2011 
     KDD 2012 
     KDD 2013 
     WSDM 2011 
     ICDM 2011-13 
     SocInfo 2011 
     ICMLA 2011 
     WAIM 2011 
     etc. 
 

……�
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AMiner Platform…�

AMiner Platform 

 
 
 
Mining knowledge from 
articles: 
•  Researcher profiling 
•  Expert search 
•  Topic analysis 
•  Reviewer suggestion 

ArnetMiner �  
 
 
Mining knowledge from 
patents: 
•  Competitor analysis 
•  Company search 
•  Patent summarization 

PatentMiner �  
 
 
Mining drug discovery 
data 
•  Predicting targets 
•  Repurposing drugs 
•  Heterogeneous 
graph search 
 
 

SLAP�  
 
 
Mining more data… 
 

...�
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PatentMiner: Topic-driven Patent 
Analysis and Mining�

[1] J. Tang, B. Wang, Y. Yang, P. Hu, Y. Zhao, X. Yan, B. Gao, M. Huang, P. Xu, W. Li, and A. K. Usadi. PatentMiner: Topic-driven Patent Analysis 
and Mining. KDD'12. pp. 1366-1374. 
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•  A court decision in 08/2012: Samsung’s 
Galaxy smart phone infringed upon a series of 
patents of Apple’s iphone, besides 4 
appearance design patents, 3 software 
patents so-called 381, 915, and 163 are 
included, respectively cover "bounce back" , 
“pinch-to-zoom”, and “tap-to-zoom”. 

•  The above 3 software patents all belong to the 
following three patent categories: active solid-
state devices (touch screen), computer 
graphics processing (graph scaling), and 
selective visual display systems (tap to select).  
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Knowledge and Network Integration 

Patents 

Hidden Topics 

Microsoft

Nintendo Sony

Mozilla

1.Search Engine
2. Web Browser

(96%)

Oracle

Kinsoft

IBM

Yandex

Baidu

Facebook

Twitter

LinkedIn

Nokia

Apple

Google

Search
Engine
(76%)

Mobile
OS(57%)

SNS(67%)

SNS(61%)

SNS(52%) Mobile
OS(68%)

Game
Console(51%) Game

Console(91%)

Office
Suite(51%)

Office
Suite
(53%)

Office
Suite(67%)

Web
Browser(59%)

Search
Engine(73%)

Web
Browser(82%)

Game
Console
(89%)

Computer
Hardware
(91%)

Search
Engine(84%)

Search
Engine
(76%)

Mobile OS(77%)

Competitive Network 

A Uniform Patent Search and 
Analytic System 
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Patent Search 

Topics of search 
results 

Top Inventors 

Top Patents 

Top Companies 
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Topic-based Analysis 
for “Microsoft” 
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What is PMiner?[1] 

•  Current patent analysis systems 
focus on search 
–  Google Patent, WikiPatent, 

FreePatentsOnline 

•  PMiner is designed for an in-depth 
analysis of patent activity at the 
topic-level 
–  Topic-driven modeling of patents 
–  Heterogeneous network co-ranking 
–  Intelligent competitive analysis 
–  Patent summarization 

* Patent data: 
   > 3.8M patents 
   > 2.4M inventors 
   > 400K companies  
   > 10M citation relationships  
 
* Journal data: 
   > 2k journal papers 
   > 3.7k authors 
  
 
The crawled data is increasing 
to >300 Gigabytes. 
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Opportunity: exploiting social network and data mining in 
the real-world 

Social search  
& mining 
 
Social extraction 
Social mining 
 
 
 
IBM, Huawei 
 

Scientific  
Literature 
 
Users cover >180  
countries 
>600K researcher 
>3M papers 
 
Arnetminer.org  
(NSFC, 863) 
 
 

Advertisement 
 
 
Advertisement  
Recommendation 
 
 
 
Sohu, Tencent 
 
 
 

Mobile Context 
 
 
Mobile search  
& recommendation 
 
 
 
Nokia, GM 
 
 
 

Large-scale 
Mining 
 
Scalable algorithms  
for message tagging  
and community  
Discovery 
 
Google, Baidu 
 
 

Energy trend  
analysis 
 
Energy product  
Evolution 
Techniques  
Trend 
 
Oil Company 
 

Search, browsing, complex query, integration, collaboration, trustable 
analysis, decision support, intelligent services,  

Web, relational data, 
ontological data, 
social data 

Data Mining and Social Network techniques 
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Future Directions 

•  Modeling user lifecycle and structure changes 

•  Building role-aware information diffusion 
models 

•  Mining the fundamental difference between 
different networks 
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