
Semantic Mining of  
Social Networks

Jie Tang
Juanzi Li

TANG • LI 
SEM

ANTIC M
INING OF SO

CIAL NETW
ORKS 

M
O

R
G

A
N

&
C

L
A

Y
P

O
O

L

Semantic Mining of Social Networks
Jie Tang and Juanzi Li, Tsinghua University
Online social networks have already become a bridge connecting our physical daily life with the (web-based) infor-
mation space. This connection produces a huge volume of data, not only about the information itself, but also about 
user behavior. The ubiquity of the social Web and the wealth of social data offer us unprecedented opportunities for 
studying the interaction patterns among users so as to understand the dynamic mechanisms underlying different 
networks, something that was previously difficult to explore due to the lack of available data.

In this book, we present the architecture of the research for social network mining, from a microscopic point of 
view. We focus on investigating several key issues in social networks. Specifically, we begin with analytics of social 
interactions between users. The first kinds of questions we try to answer are: What are the fundamental factors 
that form the different categories of social ties? How have reciprocal relationships been developed from parasocial 
relationships? How do connected users further form groups?

Another theme addressed in this book is the study of social influence. Social influence occurs when one’s opin-
ions, emotions, or behaviors are affected by others, intentionally or unintentionally. Considerable research has been 
conducted to verify the existence of social influence in various networks. However, few literature studies address 
how to quantify the strength of influence between users from different aspects. In Chapter 4 and in [138], we have 
studied how to model and predict user behaviors. One fundamental problem is distinguishing the effects of differ-
ent social factors such as social influence, homophily, and individual’s characteristics. We introduce a probabilistic 
model to address this problem.

Finally, we use an academic social network, ArnetMiner, as an example to demonstrate how we apply the intro-
duced technologies for mining real social networks. In this system, we try to mine knowledge from both the infor-
mative (publication) network and the social (collaboration) network, and to understand the interaction mechanisms 
between the two networks. The system has been in operation since 2006 and has already attracted millions of users 
from more than 220 countries/regions.
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Name #Vertices #Edges Weights k Description
DBLP 12,563 49,779 {1} 126 Citation graph
Hep-th 27,766 352,807 {1} 54 Citation graph

Advogato 7,385 57,627 { 0.6, 0.8, 1.0} 192 Trust network
Slashdot 71,523 488,440 { 1, +1 } 24 Friend/foe network
Epinions 131,828 841,372 { 1, +1 } 14 Trust/distrust network
WWW 325,729 1,497,135 {1} 49 Hyperlink graph
WT10G 1,601,787 8,063,026 {1} 49 Hyperlink graph
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Phase From To Data Description

Initialization Master Slave -th subgraph
Iteration Beginning Master Slave Current parametersθ
Iteration Ending Slave Master Gradient in -th subgraph

Data set Users Unlabeled Relationships Labeled Relationships

Publication 1,036,990 1,984,164 6,096
Email 151 3,424 148
Mobile 107 5,122 314

http://www.genealogy.math.ndsu.nodak.edu
http://aigp.eecs.umich.edu
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Pi Pj

vi vj .vi ; vj /

.vi ; vj /

Data set Factor Description

Publication

Paper count |Pi|, |Pj |
Paper ratio |Pi|/|Pj |

Coauthorratio |Pi ∩Pj |/|Pi|, |Pi ∩Pj |/|Pj |
Conference coverage The proportion of the conferences

which both vi and vj attended among
conferences vj attended.

First-paper-year-diff The difference in year of the earliest
publication of vi and vj .

Email Traffics

Sender Recipients Include
vi vj
vj vi
vi vk and not vj
vj vk and not vi
vk vi and not vj
vk vj and not vi
vk vi and vj

Mobile

#voice calls The total number of voice call logs be-
tween two users.

#messages Number of messages between two
users.

Night-call ratio The proportionof calls at night (8pm to
8am).

Call duration The total durationtime of calls between
two users.

#proximity The total number of proximity logs be-
tween two users.

In-role proximity ratio The proportion of proximity logs in
“working place” and in working hours
(8am to 8pm).



i

Data set Method Accuracy Precision Recall F1-score

Publication
SVM 76.6 72.5 54.9 62.1
TPFG 81.2 82.8 89.4 86.0

PLP-FGM-S 84.1 77.1 78.4 77.7
PLP-FGM 92.7 91.4 87.7 89.5

Email
SVM 82.6 79.1 88.6 83.6

PLP-FGM-S 85.6 85.8 85.6 85.7
PLP-FGM 88.0 88.6 87.2 87.9

Mobile
SVM 80.0 92.7 64.9 76.4

PLP-FGM-S 80.9 88.1 71.3 78.8
PLP-FGM 83.1 89.4 75.2 81.6



$

Data set Factors used Accuracy Precision Recall F1-score

Publication

Attributes 77.1 71.1 59.8 64.9
+ Co-advisor 83.5 80.9 69.8 75.0 (+10.1%)
+ Co-advisee 83.1 79.7 70.2 74.7 (+9.8%)

All 92.7 91.4 87.7 89.5(+24.6%)

Email

Attributes 80.1 79.5 81.2 80.3
+ Co-recipient 80.8 81.5 79.7 80.6 (+0.3%)
+ Co-manager 83.1 82.8 83.5 83.2 (+2.9%)

+ Co-subordinate 85.0 84.4 85.7 85.0 (+4.7%)
All 88.0 88.6 87.2 87.9 (+7.6%)

Mobile

Attributes 81.8 88.6 73.3 80.2
+ Co-location 82.2 89.2 73.3 80.4 (+0.2%)
+ Related-call 81.8 88.6 73.3 80.2 (+0.0%)

All 83.1 89.4 75.2 81.6 (+1.4%)
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Data set Random MU ID BMS IMS

Publication 60.6 63.7 64.8 66.4 66.8

Email 85.6 86.2 87.3 87.6 86.3

Mobile 79.2 80.0 74.3 80.4 79.9

b QBMSC.A/ QBMS!.A/



Publication Email Mobile
0

10

20

30

40

50

60

70

80

90

A
ve

ra
g

e
 F

1
−

sc
o

re
 o

f 
le

a
rn

in
g

 c
u

rv
e

s

 

 

BMS
BMS+
BMS−

G D .V;EL; EU ; / EL

EU EL [EU D E
jEj " d E

xij j th ei



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

Family

Colleague

Colleague

Colleague Friend

Friend

review

review

Product 2
review

review

ei yi 2 Y Y

GS

GT jEL
S j( jEL

T j jEL
T j D 0

VS \
VT D ¿

GS

GT f W
.GT jGS /! YT



yi ei

p.yi jei /

.ei ; yi ; p.yi jei // ei



Relationship Dataset #Nodes #Edges

Trust Epinions 131,828 841,372

Friendship Slashdot 77,357 516,575

Friendship Mobile 107 5,436

Advisor-advisee Coauthor 815,946 2,792,833

Manager-

subordinate
Enron 151 3,572
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1

Data Set Method Prec. Rec. F1-score

Epinions (S) to

Slashdot (T)

(40%)

SVM 0.7157 0.9733 0.8249

CRF 0.8919 0.6710 0.7658

PFG 0.9300 0.6436 0.7607

TranFG 0.9414 0.9446 0.9430

Slashdot (S) to

Epinions (T)

(40%)

SVM 0.9132 0.9925 0.9512

CRF 0.8923 0.9911 0.9393

PFG 0.9954 0.9787 0.9870

TranFG 0.9954 0.9787 0.9870

Epinions (S) to

Mobile (T)

(40%)

SVM 0.8983 0.5955 0.7162

CRF 0.9455 0.5417 0.6887

PFG 1.0000 0.5924 0.7440

TranFG 0.8239 0.8344 0.8291

Slashdot (S) to

Mobile (T)

(40%)

SVM 0.8983 0.5955 0.7162

CRF 0.9455 0.5417 0.6887

PFG 1.0000 0.5924 0.7440

TranFG 0.7258 0.8599 0.7872

p ) 0:01



Data Set Method Prec. Rec. F1-score

Coauthor (S) to

Enron (T)

(40%)

SVM 0.9524 0.5556 0.7018

CRF 0.9565 0.5366 0.6875

PFG 0.9730 0.6545 0.7826

TranFG 0.9556 0.7818 0.8600

Enron (S) to

Coauthor (T)

(40%)

SVM 0.6910 0.3727 0.4842

CRF 1.0000 0.3043 0.4666

PFG 0.9916 0.4591 0.6277

TPFG 0.5936 0.7611 0.6669

TranFG 0.9793 0.5525 0.7065
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SYMBOL DESCRIPTION

N number of nodes in the social network

M number of edges in the social network

T number of topics

V the set of nodes in the social network

E the set of edges

vi a single node
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Methods Citation Coauthor Film

Sum-Product N/A > 10hr 1.8 hr

Basic TAP Learning > 10hr 369s 57s

Distributed TAP Learning 39.33m 104s 148s
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(a) weight←WC (b) weight← PFG

No. Unique WC PFG

1 Philip S. Yu Philip S. Yu Jiawei Han
2 Jiawei Han Jiawei Han Qiang Yang
3 Christos Faloutsos Wei Wang Christos Faloutsos
4 Qiang Yang Christos Faloutsos Heikki Mannila
5 Heikki Mannila Heikki Mannila Vipin Kumar
6 Wei Wang C. Lee Giles C. Lee Giles
7 Jian Pei Shusaku Tsumoto Saso Dzeroski
8 Vipin Kumar Jian Pei Graham J. Williams
9 Bing Liu Bing Liu Myra Spiliopoulou
10 C. Lee Giles Joost N. Kok Eamonn J. Keogh

Overlap 0.4222 0.2444 0.1778
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dj
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Notation Description

x, x′ the influenced/influencing user

w,w′ words in the associated document

z, z′ topic assignment to each word

d, d′ document associated with influenced/influencing user

Ax the user list who may influence x

y the influencing user from Ax

s the label denoting either influencing or not

W the number of words in the data set

T the number of topics to be extracted

θ the topic mixture of influencing users

ψ innovative topic mixture of users

φ word distribution for each topic

γ the influence mixture of users

λ the parameter to draw the label s

α the Dirichlet prior for hidden variables
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method
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influence propagation

steps
β = 0.3 β = 0.5 β = 0.8

CIP NCIP CIP NCIP CIP NCIP

average
0.101 0.160

t = 1 0.168 0.168 0.168 0.168 0.172 0.168
t = 5 0.168 0.168 0.170 0.170 0.180 0.175
t = 10 0.168 0.168 0.170 0.170 0.180 0.178

variance
0.011 0.048

t = 1 0.044 0.045 0.041 0.044 0.039 0.042
t = 5 0.044 0.045 0.042 0.043 0.041 0.041
t = 10 0.044 0.045 0.043 0.042 0.041 0.041

t ˇ

ˇ D 0:8; t D 5
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indirect influence
similarity
baseline
direct influence

Digg Social Network

p

method
baseline similarity DI NCIF

average 0.112 0.121 0.366 0.405

variance 0.006 0.008 0.075 0.048

Twitter Social Network

p

method
baseline similarity DI NCIF

average 0.215 0.222 0.319 0.310

variance 0.078 0.089 0.129 0.136
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A McCallum A McCallum A McCallum D Blei

D Blei TM Cover M Jordan J Lafferty

M Jordan M Jordan TM Cover A McCallum

P Kantor P Kantor P Kantor Z Ghahramani

t



Topic OODB IR DM DBP

Maximal value 2.525 2.333 3.877 3.607

Minimal value 0.0005 0.001 0.0006 0.0009

Average value 0.078 0.091 0.095 0.087

D DeWitt 1.487 0.181 1.087 3.607

M Stonebraker 2.525 0.632 0.481 2.851

C Faloutsos 0.357 0.242 1.571 1.187

W Bruce 0.538 2.333 0.172 0.483

R Agrawal 0.518 0.189 3.877 0.600

J Han 0.666 0.138 2.029 0.240
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Data set Method Recall Precision F1-Measure

Twitter

SVM 10.41 16.71 13.85

wvRN 0.45 7.89 0.86

NTT-FGM 26.40 21.14 23.47

Flickr

SVM 34.48 45.05 39.06

wvRN 60.02 48.81 53.84

NTT-FGM 56.18 45.80 50.47

ArnetMiner

SVM 10.19 21.62 13.85

wvRN 14.83 16.39 15.57

NTT-FGM 31.14 44.28 36.57
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Date/User Tweet

6:03 PM Jan 16th
by extratv

Tennis pro Roger Federer is joining forces with Rafael Nadal &
@serenajwilliams to raise money for Haiti. http://su.pr/1E3MDU

5:23 AM Jan 17th
by serenajwilliams

Hey. Please, check out my foundation website: www.theswf.org
to help those in Haiti!

6:48 AM Jan 17th
by madameali

RT @SIXTWELVEMAG: RT @serenajwilliams: Hey. Please,
check out my foundation website: www.theswf.org to help those
in Haiti!

7:34 AM Jan 17th
by actsofFaithblog

RT @serenajwilliams: Hey. Please, check out my foundation
website: www.theswf.org to help those in Haiti!

2:50 PM Jan 17th
by carelpedre

@serenajwilliams Through Her 92k Mission has set a goal to con-
tribute donations to the victims in #haiti. Visit www.theswf.org
and donate

Frequent

Jiawei Han Christos Faloutsos Philip S. Yu
Pedro Domingos Lise Getoor Jon M. Kleinberg

Hang Li ChengXiang Zhai Wei-Ying Ma
Lise Getoor Jure Leskovec Qiaozhu Mei

Bing Liu Jian Pei Ravi Kumar

New

Huijia Zhu Dimitrios Kotsakos Zi Yang
Noman Mohammed Caimei Lu Quanquan Gu

Zhili Guo
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3. Storage and Access

Web

RNKB

Metadata

Access Interface

Indexing

Storage

5. Search Services

Expert searchHot-topic finding

1. Extraction

Document Collection

Profile extraction
Publication collection

Papers

DBLP

2. Integration

Name disambiguation

4. Modeling

Modeling Academic Social Network

Paper search

Conference search

Author interest finding

Survey paper finding

Academic suggestion Association search
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Email

Phduniv

Phddate

Phdmajor

Msuniv
Bsmajor

Bsdate

Bsuniv

Affiliation

Postion

Msmajor

Msdate

Fax

Person Photo

Publication

Research_Interest

Name
author

authored_by

Title

Publication_venue

Start_page

End_page

Date

Publisher

Download_URL
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Profile
Unified Unified NT SVM Amilcare

Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1

Photo 90.32 88.09 89.11 89.22 88.19 88.64 87.99 89.98 88.86 97.44 52.05 67.86

Position 77.53 63.01 69.44 73.99 57.67 64.70 78.62 55.12 64.68 37.50 61.71 46.65

Affiliation 84.21 82.97 83.52 74.09 70.42 72.16 78.24 70.04 73.86 42.68 81.38 55.99

Phone 89.78 92.58 91.10 74.86 83.08 78.72 77.91 81.67 79.71 55.79 72.63 63.11

Fax 92.51 89.35 90.83 73.03 57.49 64.28 77.18 54.99 64.17 84.62 79.28 81.86

Email 81.21 82.22 80.35 81.66 70.32 75.47 93.14 69.18 79.37 51.82 72.32 60.38

Address 87.94 84.86 86.34 77.66 72.88 75.15 86.29 69.62 77.04 55.68 76.96 64.62

Bsuniv 74.44 62.94 67.38 64.08 53.16 57.56 86.06 46.26 59.54 21.43 20.00 20.69

Bsmajor 73.20 58.83 64.20 67.78 53.68 59.18 85.57 47.99 60.75 53.85 18.42 27.45

Bsdate 62.26 47.31 53.49 50.77 34.58 40.59 68.64 18.23 28.49 17.95 16.67 17.28

Msuniv 66.51 51.78 57.55 59.81 40.06 47.49 89.38 34.77 49.78 15.00 8.82 11.11

Msmajor 69.29 59.03 63.35 69.91 56.56 61.92 86.47 49.21 62.10 45.45 20.00 27.78

Msdate 57.88 43.13 48.96 48.11 36.82 41.27 68.99 19.45 30.07 30.77 25.00 27.59

Phduniv 71.22 58.27 63.73 60.19 48.23 53.11 82.41 43.82 57.01 23.40 14.29 17.74

Phdmajor 77.55 62.47 67.92 71.13 51.52 59.30 91.97 44.29 59.67 68.57 42.11 52.17

Phddate 67.92 51.17 57.75 50.53 36.91 42.49 73.65 29.06 41.44 39.13 15.79 22.50

Overall 84.98 81.90 83.37 75.04 69.41 72.09 81.66 66.97 73.57 48.60 59.36 53.44
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Attribute Description

pi.title title of pi
pi.pubvenue published conference/journal of pi

pi.year published year of pi
pi.abstract abstract of pi

pi.authors authors name set of pi, {a
(0)
i

, a
(1)
i

, · · · , a(u)
i

}
pi.references references of pi

R W Relation Name Description

r1 w1 Co-Conference pi.pubvenue = pj .pubvenue

r2 w2 Co-Author ∃r, s > 0, a
(r)
i

= a
(s)
j

r3 w3 Citation pi cites pj or pj cites pi
r4 w4 Constraints Feedbacks supplied by users

r5 w5 τ−CoAuthor τ−extension co-authorship (τ > 1)

r1
r2

r3
r4

r5 pi

pj

pi pj

,$
M

M fp1; p2; # # # ; png
a fa1; a2; # # # ; apg pi :authorsna.0/

i i 2 Œ1; n# fa1; a2; # # # ; apg
a
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i Mp
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j aj 2 pi :authors Map

Mpa Ma fa1; a2; # # # ; apg
i j Ma ai aj

fp1; p2; # # # ; png ,$
M .%C1/ M .%C1/ DM .%/M , > 0



p1 p2 ...  pn a1 ...   ap

p1

p2

...

pn

a1

…

ap

1   0 ... 0   1 ... 0

0   1              0          1

...

0              1   1          0

1   0         1   1 0       1

...

0   1         0   1 0       1

p1 p2 ...  pn a1 ...   ap

p1

p2

...

pn

a1

…

ap

Mp Mpa

Map Ma

M r5

Abbr. Name # Publications #Actual person Abbr. Name # Publications #Actual Person

B.Liang 55 13 M.Hong 69 17

H. Xu 189 59 W. Yang 249 78

K. Zhang 320 40

Person Name # Publications #Actual Person Person Name # Publications #Actual Person

Cheng Chang 12 3 Gang Wu 40 16

Wen Gao 286 4 Jing Zhang 54 25

Yi Li 42 21 Kuo Zhang 6 2

Jie Tang 21 2 Hui Fang 15 3

Bin Yu 66 12 Lei Wang 109 40

Rakesh Kumar 61 5 Michael Wagner 44 12

Bing Liu 130 11 Jim Smith 33 5

r4 r2
w5 , w2 w5 D w%

2

w1 w1 & w5 0:2 0:7 0:3 1:0 0:7%
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k

C4:54 C10:75

Data Set Person Name
Baseline Our Approach

Prec. Rec. F1 Prec. Rec. F1

Abbr. Name

B. Liang 82.07 76.90 79.07 49.54 100.00 66.26
H. Xu 65.87 59.48 71.27 32.77 100.00 49.37

K. Zhang 75.67 60.27 67.84 71.03 100.00 83.06
M. Hong 79.24 65.36 71.36 91.32 86.06 88.61
W. Yang 71.30 62.83 66.99 52.48 99.86 68.81

Avg. 74.43 64.47 69.21 59.43 97.18 73.75

Real Name

Cheng Chang 100.00 100.00 100.00 100.0 100.0 100.0
Wen Gao 96.60 62.64 76.00 99.29 98.59 98.94

Yi Li 86.64 95.12 90.68 70.91 97.50 82.11
Jie Tang 100.0 100.0 100.0 100.0 100.0 100.0
Gang Wu 97.54 97.54 97.54 71.86 98.36 83.05

Jing Zhang 85.00 69.86 76.69 83.91 100.0 91.25
Kuo Zhang 100.0 100.0 100.0 100.0 100.0 100.0
Hui Fang 100.0 100.0 100.0 100.0 100.0 100.0
Bin Yu 67.22 50.25 57.51 86.53 53.00 65.74

Lei Wang 68.45 41.12 51.38 88.64 89.06 88.85
Rakesh Kumar 63.36 92.41 75.18 99.14 96.91 98.01

Michael Wagner 18.35 60.26 28.13 85.19 76.16 80.42
Bing Liu 84.88 43.16 57.22 88.25 86.49 87.36

Jim Smith 92.43 86.80 89.53 95.81 93.56 94.67

Avg. 82.89 78.51 80.64 90.68 92.12 91.39
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Method Object P@5 P@10 P@20 R-pre MAP

LM Paper 37.5 33.8 32.5 8.7 42.1
Author 55.0 37.5 21.3 49.0 62.8

Conference 47.5 30 19.4 40.8 51.0
Average 46.7 33.8 24.4 32.8 52.0

pLSI Paper 32.5 33.8 30 9.7 40.4
Author 65.0 40.0 22.5 60.4 75.5

Conference 47.5 36.3 21.3 45.1 54.1
Average 48.3 36.7 24.6 38.4 56.7

ACT1 Paper 37.5 40.0 36.9 13.7 43.8
Author 80.0 43.8 23.1 70.0 78.4

Conference 55.0 36.3 20.6 53.1 63.3
Average 57.5 40.0 26.9 45.6 61.8

ACT2 Paper 37.5 28.8 28.1 9.1 41.6
Author 65.0 38.8 23.8 56.6 66.8

Conference 55.0 33.8 20.6 51.6 62.9
Average 52.5 33.8 24.2 39.1 57.1

ACT3 Paper 35.0 37.5 36.3 10.6 43.1
Author 67.5 41.3 24.4 60.7 69.5

Conference 52.5 36.3 20.6 53.1 61.2
Average 52.7 38.3 27.1 41.5 57.9
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Dataset Topic Representative Nodes
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Data Mining Heikki Mannila, Philip S. Yu, Dimitrios Gunopulos, Jiawei Han, Christos Faloutsos, Bing Liu,
Vipin Kumar, Tom M. Mitchell, Wei Wang, Qiang Yang, Xindong Wu, Jeffrey Xu Yu, Osmar
R. Zaiane

Machine Learning Pat Langley, Alex Waibel, Trevor Darrell, C. Lee Giles, Terrence J. Sejnowski, Samy Bengio,
Daphne Koller, Luc De Raedt, Vasant Honavar, Floriana Esposito, Bernhard Scholkopf

Database System Gerhard Weikum, John Mylopoulos, Michael Stonebraker, Barbara Pernici, Philip S. Yu, Sharad
Mehrotra, Wei Sun, V. S. Subrahmanian, Alejandro P. Buchmann, Kian-Lee Tan, Jiawei Han

Information Retrieval Gerard Salton, W. Bruce Croft, Ricardo A. Baeza-Yates, James Allan, Yi Zhang, Mounia Lal-
mas, Zheng Chen, Ophir Frieder, Alan F. Smeaton, Rong Jin

Web Services Yan Wang, Liang-jie Zhang, Schahram Dustdar, Jian Yang, Fabio Casati, Wei Xu, Zakaria
Maamar, Ying Li, Xin Zhang, Boualem Benatallah, Boualem Benatallah

Semantic Web Wolfgang Nejdl, Daniel Schwabe, Steffen Staab, Mark A. Musen, Andrew Tomkins, Juliana
Freire, Carole A. Goble, James A. Hendler, Rudi Studer, Enrico Motta

Bayesian Network Daphne Koller, Paul R. Cohen, Floriana Esposito, Henri Prade, Michael I. Jordan, Didier
Dubois, David Heckerman, Philippe Smets

Citation

Data Mining Fast Algorithms for Mining Association Rules in Large Databases, Using Segmented Right-
Deep Trees for the Execution of Pipelined Hash Joins, Web Usage Mining: Discovery and
Applications of Usage Patterns from Web Data, Discovery of Multiple-Level Association Rules
from Large Databases, Interleaving a Join Sequence with Semijoins in Distributed Query Pro-
cessing

Machine Learning Object Recognition with Gradient-Based Learning, Correctness of Local Probability Propaga-
tion in Graphical Models with Loops, A Learning Theorem for Networks at Detailed Stochastic
Equilibrium, The Power of Amnesia: Learning Probabilistic Automata with Variable Memory
Length, A Unifying Review of Linear Gaussian Models

Database System Mediators in the Architecture of Future Information Systems, Database Techniques for the
World-Wide Web: A Survey, The R*-Tree: An Efficient and Robust Access Method for Points
and Rectangles, Fast Algorithms for Mining Association Rules in Large Databases

Web Services The Web Service Modeling Framework WSMF, Interval Timed Coloured Petri Nets and their
Analysis, The design and implementation of real-time schedulers in RED-linux, The Self-Serv
Environment for Web Services Composition

Web Mining Web Usage Mining: Discovery and Applications of Usage Patterns from Web Data, Fast Algo-
rithms for Mining Association Rules in Large Databases, The OO-Binary Relationship Model:
A Truly Object Oriented Conceptual Model, Distributions of Surfers’ Paths Through the World
Wide Web: Empirical Characterizations, Improving Fault Tolerance and Supporting Partial
Writes in Structured Coterie Protocols for Replicated Objects

Semantic Web FaCT and iFaCT, The GRAIL concept modelling language for medical terminology, Semantic
Integration of Semistructured and Structured Data Sources, Description of the RACER System
and its Applications, DL-Lite: Practical Reasoning for Rich Dls





Topic Data Mining

Influencer Jiawei Han Heikki Mannila

Influencee
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Influential paper Fast Algorithms for Mining Association Rules in Large Databases

Influenced paper

Mining Large Itemsets for Association Rules
A New Framework For Itemset Generation
Efficient Mining of Partial Periodic Patterns in Time Series Database
A New Method for Similarity Indexing of Market Basket Data
A General Incremental Technique for Maintaining Discovered Associa-
tion Rules

Influential paper Web Usage Mining: Discovery and Applications of Usage Patterns from Web Data

Influenced paper

Mining Web Site’s Clusters from Link Topology and Site Hierarchy
Predictive Algorithms for Browser Support of Habitual User Activities on
the Web
A Fine Grained Heuristic to Capture Web Navigation Patterns
A Road Map to More Effective Web Personalization: Integrating Domain
Knowledge with Web Usage Mining
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2000
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(0.2192), Jianyong Wang (0.1667), Ke Wang (0.0687)

2004
Influence
on Dr. Pei

Jiawei Han (0.2364), Ke Wang (0.0328), Wei Wang (0.0294),
Jianyong Wang (0.0248), Philip S. Yu (0.0156)

Influenced
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Chun Tang (0.5929), Shiwei Tang (0.5426), Hasan M.Jamil
(0.3318), Jianyong Wang (0.1609), Xifeng Yan (0.1458)

2006
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on Dr. Pei

Jiawei Han (0.1201), Ke Wang (0.0351), Wei Wang (0.0226),
Jianyong Wang (0.018), Ada Wai-Chee Fu (0.0125)

Influenced
by Dr. Pei

Chun Tang (0.6095), Shiwei Tang (0.6067), Byung-Won On
(0.4599), Hasan M.Jamil (0.3433), Jaewoo Kang (0.3386)

2008
Influence
on Dr. Pei

Jiawei Han (0.2202), Ke Wang (0.0234), Ada Wai-Chee Fu
(0.0208), Wei Wang (0.011), Jianyong Wang (0.0095)

Influenced
by Dr. Pei

ZhaoHui Tang (0.654), Chun Tang (0.6494), Shiwei Tang
(0.5923), Zhengzheng Xing (0.5549), Hasan M.Jamil (0.3333)
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