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Tutorial Overview

e |Introduction to CLANS

— System overview

— Data acquisition

— Data preprocessing

— Modeling social network
— Data management

— Social network analysis
— Visualization

* Proposed projects



Introduction to CLANS

* Objective of the Corporate Leaders Analytics
and Network System (CLANYS)

— Identify and analyze social networks among
corporations and business elites in China
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Introduction to CLANS

* Why we identify business social network in
China?
— Social networks are essential for business in

China, especially, relationship plays a crucial role in
Chinese business model

— Related researches indicate that social networks
among US firms benefit the debt financing , firm
performance and corporate governance.



Introduction to CLANS

* Who can benefit from the analysis of Chinese
social network!?

— Investors

* They can make investment decision according to the social
connecting issues among Chinese firms.

— Common businessman

* They can do better or potential commercial activities by
learning more about specific information for Chinese
companies and senior executives and their social networks.

— Researchers
* They can do deeper research in this area.



CLANS System Overview
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Modeling Social Network
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Data Acquisition

« CSMAR DB

— A list of senior executives and directors of all
Chinese listed companies between 1999 and 201 |

— Detailed information of Chinese listed companies
* Baidu Baike Data

e Hexun Renwu Data



Data Preprocessing

Data Cleaning
Information Extraction
Name Disambiguation

Data Integration



Data Cleaning

* Data quality problems

— There are set of problems about how to purify,
organize and condense the raw data so that be
able to implement further high-level operations on
them

— After solving these problems, data should be
cleaner, less error and more consistent



Data Cleaning

* Data quality problems types

— Single sources
e Text files, webs, databases

* Misspelling, typos, redundant duplications and
Inconsistencies

— Multiple sources

* In data warehouses or global web-based information
systems

* Different representations among them



Data Cleaning

* Duplicate Cleaning

— Reason: these data were collected every year, may
include the same person every year
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Data Cleaning

* Duplicate Cleaning

— Reason: these data were collected every year, may
include the same person every year
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Data Cleaning

* Duplicate Cleaning
— Method

* Rule-based approach to detect duplicate records based
on the characteristic of our data

* stock id, <collection date, age>, gender
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Data Cleaning

* Duplicate Cleaning

— Result
* Find 84000 entries

* 9 pairs of entries which have same name and same
stock id, relatively very few for all 84000 entries

* 60886 names which are owned by only one entry

» 8773 names which are owned by more than one
entries



Data Cleaning

e Data Correction
— Missing data
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Data Cleaning

e Data Correction

— Result
Type Error Solution
have been marked or replaced with
missing data 859 entries with age=0 correct age from deleted duplicate
entries
missing data 16221 entries dan not have need data acquisition

introduction

contradictory
data

2354 couples of entries with
different age

the smaller group have been
removed

spelling error

593 couple of entries with
different name

checked manually and correct the
errors if string-distandce less than a
threshold




Information Extraction

* Rule-learning method

— According to the characteristic of the data, we
find several pattern of expression

o XXXXyear-XXXX year, XXperson in XXXXcompany,
XXXX department, as XXXXposition

o XXXXyear-XXXX year, XXperson in XXXXcompany,
as XXXXposition and XXXXposition

o XXXXyear-XXXX year, XXperson in XXXXcompany,
XXX Xcompany, as XXXXposition



Information Extraction

* Rule-learning method
— Result

* Precision rate is low
* Because of expression’s diversity and complexity

* Manually check and revise the result



Information Extraction

e HMM model

— A general statistical modeling technique for ‘linear’
problems like sequences or time series

— Widely used in NLP and speech recognition
applications
— Application:
* In our project, given a segmented text files

e Extract work information, education information,
general information(age, gender, and etc.)



Information Extraction

e HMM model
— Statistics:

* Extract 50000 text files as learning samples

* Extract 6000 text files as testing samples
— Predefined tags

« 888:F [E-F 2z, IRIIKREERIT..
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777 A4 (8], 57, ErEdal...
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Information Extraction

o 2006F7AH001F1 AR AP ETFZRIER RELANTE HMM model
— Words
SAERTE, B An R0 segmentation

with word tags on
learning samples

200678 /1323117020071 B/ 13284 /0 )/ 102F% /10812088 20

I/ 104 %/ 2017805 — Use company,
position,

department’s
dictionary to
replace the word
tags with
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Replace the word tags with predefined tags




Information Extraction

+ 20065 7AF007F1 AREPEFZAERFRRLFNTE HMM model

SAERE, BESFR-NAR T Words segmentation
with word tags on

200657 A /13231170/200751 7 /1323 (L /0% El/102F % 1108/ 208 %/ 20 testing samples,
fR18/100 5/ 208478 195 then remove the

tags
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Information Extraction

e HMM model

— Calculate two matrixes:1.Mat(p(x|x))— state
transition probabilities; 2.Mat(p(y|x))— output
probabilities

— Based on the two matrixes, use Viterbi algorithm
to determine the word tags of testing samples

— Verify the tagging result, and store specific words
of certain type of tag into database



Information Extraction

e HMM model

from Web

Introduction crawled ‘ M—B%%, RUEE. 19aE Y

Stream Word Segmentation ‘ M—EyxE, BIU/FEF. 19645 /1% ..
of Text
HMM Model M—e/1255% /23, 37999/FEF/999...
pid name position
Mysaql Database
’ J 142341 i —E BESE




Modeling Social Network

* Individual social network
— Alumni social network

— Colleague social network

* Corporation social network



Alumni Social Network

 We define alumni relationship as the closeness of
the relationship between two alumni

— Four criteria: major, degree, time of enroliment,
intersection school time

— Deduce 13 types of relationships

* The closest relationship means that two people are
classmates (same major, same degree and same time of
enrollment), weight is 0.9

* The weight of farthest relationship is 0.1 (with different
major, different degree and no intersection school time)



Colleague Social Network

e Let position rank (PS) denoted as a
representation of job level by integer ranging
fromOto 9.

—T

ne higher position rank has a larger value

ne PS of t
ne PS of t

ne PS of t

ne board chairman is 9
ne CEO is 8

he independent director is 1.



Colleague Social Network

* Let value relation between two colleagues
denoted as the average position rank of the
two people.

* Let close relation between two colleagues
denoted as the intersection years that they
work together.



Colleague Social Network

* Let colleague relationship denoted as a
combination of value relation and close
relation.

* The colleague weight between person p; and p,
is defined as

ww

PSt: i +PSt: J

teL(pi,p;)

where L(p;,p;) denotes a collection of the intersection years that person p; and
p; used to work with each other, and PS; ,, denotes the position rank of person

p; in the year t. At the end, all the weights are normalized, which is also applied
in the following weight calculation.



Individual Social Network

* We define the individual social network as an
undirected graph G(V,E).

* In G(V,E), every edge (relationship) has
weighted value, which is defined as
Wi; = awd + fwss
w,f‘g is a weight for alumni relationship, wi% for colleague relationship; o and f3
denotes the corresponding percentage

* Will add family, friends, corporation social

network to the whole individual social network



Corporation Social Network

Definition 3 We define the corporation social network as an directed graph
G(V,E). InG(V,E), every vertez (corporation) has feature set P, = {p}, p?, -+,

1)
p'} and every direct edge (relationship) has weighted value Wi ; = (wi’s, wl'%). n

18 the size of the set (total number of staffs); wfg 1$ a weight for group member-
ship, w'sz’? for network relationship.



Company C

Company A or CO“ege C Company B
S —
erSon a and Person b once worked at Company-€
erson a and Person b have a colleague relation
Person b
Person a
Person a and Person b contributes to link

CompanyA and CompanyB

Persop ¢ works in Company A and B at the same ftime
So ¢ contributes to link A and B

Person Person
c c




Corporation Social Network

gp nk .
w;;, w;'; are defined as follows:
gp __ E :
OJ ,.7 — PS k *w k (2)
p; EPZH‘PJ
w,i’j . PS k *wpz ,p (3)

(pf.p;)EL2(P;,P;)

PS denotes the position rank of person pz in corporation i, wgp is a weight for

P i

p¥ connecting P; with P;; Lo(P;, P;) denotes a collection of connectz’ons between
(P, —P,NP;) and (P; — P,NPF;) ; wpk o denotes a weight between pf and pj

]

calculated in the previous equation.



Corporation Social Network

Thus, the corporation weight from corporation i to j is defined as W; ; = awf? +

?

ﬁwg’:_’;’, where a and 3 denotes the corresponding percentage that the two relations
contribute to the corporation social network respectively.



Corporation Social Network
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Data Management

* Define individual and corporation scheme

( h Person_ID
Data Schema of CLANS
| ) [ Gender |
[ Birthday |
(" ~
. Birthplace
- Entit
e
[ ] Element Addresses
1. Home
Element with 2. Work
Sub-Element
or desc Attribute emplo
+—— -  has element
<¢—¥ has relationship
\ ) work in

Nationality

[ Stock_Code [ IPO_Date | Established_Date
Cross_Code Listing_Infomation
Company_Names é t@sging_lgxct:
1. Chinese - SHILEXCTICNGO
2. English S
3. Abbreviation Registration_Information
——
TS — 1. Registration_Place
Industry_Codes 2. Registration_Address
1. General 3. Reg_Address_Longitude
2. Sepcific 4. Reg_Address_Latitude

Offices_Infomation

1. Headquarter
2. Branches

Industry_Sectors

1. General
2. Sepcific

5. Reg_Listening_Capital
6. Reg_IPO_Capital

7. Reg_Staff_Number

8. Reg_Director_Number

Ancestral_Home Introduction
Ethnicity
Media
Names
1. Chinese
2. English
3. Nickname
Pages
1. Weibo
2. Blogs
3. Homepage
Education
1. College
2. Major
3. Degree
4. Type
Timeline
1. Company
2. Department
3. Position

—

Current_Jobs

9. Reg_Supervisor_Number

1. Current_Company

2. Stock_Id

3.Current_Position

4. Industry (General and Specific)

5. Industry_code (General and Specific)




Data Management

* Use XML files to store individual and
corporation entities

* Form a latest updated data

* Easily access
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Data Management

* Why use XML?

— Extensibility
* Easy to add new features or modify selected fields
* Like <birthplace>

<gender src="CSMAR info” update="128900000"> Male </gender>
<birthday src="CSMAR info” update="128900000"> 1981 — 06 — 18 </
birthday>

— Traceability

* The src attribute indicates where the text value comes from
— Distinguishability

* Easily handle various properties with the same tag

<name desc="Chinese” src="CSMAR info” update="128900000"> Tongming Wang </name>
<name desc="English” src="Baidu info” update="134565800">Tom Wang</name>

— Version Control
* Error positioning, difference checking and data recovering



Data Mining

* Link Analysis
— Aim to find important individuals and corporations

— For individual social network
* A method takes into consideration of both personal and
network information
* The basic idea is that an important person knows someone
a, then a is also important.

* Steps: firstly, we assign every individual with initial score
according to position rank; secondly, we distribute the score
according to the weight of the out-link edge; third, the
algorithm will stop if the change is less than a threshold.

— For corporation social network
* Use PageRank algorithm



Data Mining

Relation Mining

— Aim to find out important people’s link between
two corporations’ link

IEFF AR (stock _id=1)[17A 7] 5 A (weightHFFF, 5 I20)

| [Stk«ll Name of company] IStkch Name of company2 [ weight  relation mlamlnullo[muedorm
SEEEMAGA)  RIRRATREERADjSSERTRAARLD  besrssd ok Dvided
ﬁi_{mu.[l qﬂl&i%&ﬁﬁlﬁ"‘lImﬁﬂﬁﬂ#mﬂm’\ﬁ 961491688 |4/ 0fs visted
SEREMANAL  RURRMTRANRAD s RRRFRAARAD  [rssuies b/ o ted
SEEEMAEA)  RURRRTREARAD s RRRTREARAD e b0k [Cuised
SEERMAGAL  RIRRATRANRAD 1 SETEREADRIARAD o1s53365 0[] vited
SEEEHAEA)  RUARRTREARAD s BEXARTREARAD el b/l |Cvied
EERRARA)  WARRATROARAD 0N OTRRRTRHARLT e b ok ited
RN mwawmamfﬁ[sougs[n:mlnmynmm/\a Jaonsessa /o [Dvited
EEEEMAEEN  RHRRAFRARRAD 0 SAERENRIARAD  husoiss b o] E™E
éﬁﬁﬁﬂhﬁ[l FURRRTRATRAD s FHANRHARAD  paswns B/l shied
SEEEHAEAD  RIRRATRHARAT oo =-ETRIARAT 3142184 B0 vted




Data Mining
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Data Mining

* Shortest path finding
— People-to-people
* Direct connection: schoolmate, family, friend or colleague

* Indirect connection between them through closest
connected intermediate nodes

— People-to-company
* Direct connection: employment relationship

* Indirect connection: find out the possible link to the people
who worked in the company

— company-to-company
* Direct connection: cooperative relationship
* Indirect connection
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Data Mining

* Temporal Relation Comparison

— Compare two people’s timeline
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* Website overview

Visualization
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Visualization

* First page
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Proposed Project

* |dentify and analyze business social network in
Sina Weibo

* |dentify Chinese politician social network and
analyze their influence on Chinese business

social network

Please talk to me if you are interested
in these two projects



