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Understanding People — from cognitive level to societal level c@
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People Analytics & All Aspects of a Person &2,
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Example — our enterprise social analytics system N
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Chats

Meetings

Web Page Clicks
DB Server Logs

rer

15,000 volunteers; 76 countries; 119,000 users

25,000,000 emails & instant messages (incl. content)
1,500,000 Learning click data; 44,000 entities

6,681,000 Knowledge & Sales access data; 240,000 entities
1,687,000 Media Library access data; 105,000 entities

700,000 posts (blogs 3,000, file sharing 210,000, bookmark
450,000, Wiki 11,000) data

200,000 people’s consulting financial databases
400,000 organization/demographic data
100,000 intranet searches per day
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Priv — ive f res for gl | privacy laws Univessiry

* Privacy features and worked with GBS to go through 2-year global privacy review with privacy officers
and labor union approval to make SmallBlue a deployable production system

* A unique large-scale social network capturing and process system that is lawful & user-aware system

about people worldwide European Union

®  European Data Protection Directive (1995)

- - P Russia
®  Federal law on Pers Data
(January 2007)

Canada >
* PIPEDA /A f

(2001 - 2004) &
dpep

APEC
® Guidelines (2004)

APEC
® Guidelines (2004)

> i
X Australia

®  Privacy Amendment Act (2001)

U.S. — Sectoral

» Children’ s Privacy; COPPA (1999)
Financial Sector GLB (2001)
Health Sector; HIPAA (2002)

New
. piéeplandos)
‘Pr

Dubai

®  Data Protection Law

(January 2007) Tai
California Privacy; (2005) aiwan
® Computer - Processed PD Protection Law (1995)

- Existing Private Sector Chile South Korea

Pri L

rivacy ~aws ®  Protection of Private Life Law (1999) ® Info & Comm Network Util. & Info Protection Law (2000)

- Emerging Private Sector Argentina Japan

Privacy Laws *  Protection of PD Law (2000) *  Personal Data Protection Act (2005)
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Social Mining Enterprise Architecture
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novel distributed data collection,

novel expertise inference algorithm,

novel social network inference,

novel visualization and analysis

&
&

Any authorized user

Data Repository

Search E nglm

Web Server

Upload Server

Index Engine
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Profiles, Blogs, Dogear
Communities, Activities

News Forum
Discussion
boards
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SmallBlue Enterprise 1.1 Cotumaia
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System Overview

SmaliSiue
Component

a Contributing User S5, Data Flow

= | @ SmallBlue Data

= Data sent once a week / month based on . User application
Contributors SB8C settings

All Contributing Users

> Data not
acceszible by any
user or Interface

IBM Internal
Public Data

BluePages
Server

Dogear,
Blogs,
" Forums,
s CommunityMap

IBM Internal
Public Data
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Various users WW

IBM Watson Lab Research
Center

IBMWatson Lab Research
Center

IBM xxx Data Center

Round-robin to each HTTP
server (based on availabiity )

Bacxup Upload

And forward the upload |
request to the backup upload | ™ -~ _
server for complance with T Apache
1.0 clent v | |HTTP Server Upload
— (Load Proxy
Store all HTML, Balancer)
branding, and |- Node 1
Images (maps, icons) | s,
WAS Plugin in HTTP T
server manages | T,
which node to direct | 7T T e m L L HTTP HTTP
requests to Server Server
WabSphere
Neswork "mm -
Ceployment /
Node 4 Node 5|
Web Server Web Server Web Server ‘Web Server] Web Server Web S
(WAS) (WAS) (WAS) (WAS) (WAS) (WAS)
SmallBlue SmallBlue SmallBluc SmallBlue SmallBlue SmaliBluc

App & App & App & App & App & App &
Upload Upload Upload Upload Upload Upload

BlueGroup
Services

Email
Gateway

T e

T,

Server for 1.0

Node 13

Index Engine  f+

=

Shared File Store

(LTS,

IBM Forums
Services

Note that this diagram indicates the exact number of machines considered necessary in each

location type. The community map service will be added in future.
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Tnis Is standalone cron
Job handling the
notificaton emails.

Intranet Services

This Is standalone cron
job that runs the index
engine.

Apolication Services

This WAS clusters (7 nodes,
4 nodes combined into cne
cluster and 3 nodes to
another) to handle Search +
Rendering Senices

Corpocate Services



Personal Social Network Capital
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s

Diagram & Map ~ J

Ego

| Sort by Business Unit  ~ J

|| Hide Background

Legend

Christopher Desforges
1B oup, WPLC
Othar Adn istrative Services
'3 Program Director, ISSL Emerging Ser...
United States
4

Last Communication: 2005-06-23 14:44:43.0

The number of unique people that are being contributed to
your extended social network by this person is: 1175

Show by Country

Show by Business Unit

I rited States [650] N 5WG [624]

B Canada [88] P a0 [293]
Il United Kingdom [67] W Ges [57]
W Germany [53] BcHQ [21]
W ndia [51] BGTs [20]
WFrance [37]) IRES [9]
W Australia [30] I1sTaG [8]
B Kingdom [29] |1TD [6]
Boenmark [22] |1sC [5]
Bnethedands [20] W WA [32]
Bitaly [17]
[ Svitzerand [17])
BSpain [15]

JSweden [14]
fIreland [11]
|Finland [7]
|Japan [6]
|Brazil [4]
|1srael [4]

Source: [Notes + Sametime i % | From: [Mar 2008 [ ] to: [Sep 2009 (v | m or \

Client upload settings @

Last Update: 2009-08-31

Your Ego statistics:
53 IBMers 1 degree away from you

999 IBMers 2 degrees away from you
12173 IBMers 3 degrees away from you

Manage your add list:

Add a person to your personal social network
Add person

Manage your block list: @

Prevent a person from being included in your
personal social network
Block person

Terms of use

What types of unique
colleagues my friend Chris can
help me connect to?

It can also show the evolution of
my social network..

How many
people in my
personal
networks?

*Adding a person in personal network (i.e., frequent

My personal social network

automatically found by SmallBlue with

DTl April 10, 2009)
social distance

communications), increases $948 yearly revenue for IBM.
(selected by BusinessWeek Magazine as the Top Story of the Week,

*1% increase in social network diversity is associated with
$239.5 in monthly revenue

*1% increase in social network diversity is associated with an
increase of 11.8% in job retention.
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Visualizing Social Network Analysis

How are company’s employees communicating ‘healthcare’ linking with each other? Who are the key
bridges? Who have the most connections? How do these people cluster? It can be extended to analyze

o
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relationship of customers

Show network for (subject keywords) Country: Division: Advanced search

healthcare [all E [al[ E Wm
| Diagram Only v [2] shorteuts Select Legend...
L e | 3] EemE & Bas IS
Independent B 2 )
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healthcare e
¥i )
e
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Display Settings

Show node information:

() Names (") Ranking
() statistics (@) Nene

Show node icon:
() Business Unit () Country

C- None I’Ejv Picture

Show people by rank:

5} " Top-N experts on
Min 100 Max

DHide Isolates healthcare

Find Person
Highlight: | 2

Highlight Network

Use a slider below to highlight matching nodes
the current network diagram. Only one highlig
can be selected at one time.,

® Highlight off Highlight experts
O Highlight people by degrees based on my
] =

social proximity,

you 1 2 3 .
O Highlight bridges by betweeness the number Of
& i experts she
Low 20% High
O Highlight hubs by connections ConneCtS’ or the
) ] ‘social bridges’
Least 21 link Most Importance
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Social Network Analysis (cont'd) Corumpia
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Connections between different divisions

|
- L _

>

IBM Healthcare-related employees in the U.S. Key social bridges
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Finding expertise

E.g.: Search for the most knowledgeable colleagues within my 3-degree network for who knows ‘healthcare’. (or

within a country, a division, a job role, or any group/community)

Search for (subject keywords) Country:

Division: Advanced search

[al

healthcare

2| Em ] e e |2

Show degrees: Mo limits 1 degree 2 degrees 3 degrees
(1: people you know 2: plus people they know 3: plus people "2" know)

Global Business Services
Associate Partner, Healthcare Integration
Other Consultant

8° fck: MARTHA E. (Martha) GIBSON = Army
D. (AMY) Berk

GBS Partner, Healthcare and Public Health --
Practice Administrator is Shirley Carkner

Other Consultant

g&o ask:

Chung Sheng Li = Robert (R.) Torok

IBM Sales & Distribution, Public Sector
Client Technical Advisor

SBD Ask: Ari Fishkind = Julie A, Reid

Global Business Services

US GBS Learning & Knowledge Learning
Deployment Lead - Public Sector

%o Ask: James (JAMES) Stupak =

Andrea R

12

%) SmallBlue Net
° §CIiek 1o see results as a Social Network

IBM Research

Life Sciences Business Development

Category Sales
Ask: Ravi B Johnsor

Konuru = Vanessa L

Global Business Services

Healthcare Knowledge Manager
Market Insights

92’ Ask: MARTHA E. (Martha) GIBSON

Global Business Services

Pacific Development Center, Business
Development Manager

Other Consultant

@ Ask: Michael W, Ticknor = Kinson (K.W.)

Global Business Services
Healthcare Transformation Services

8 ack: MARTHA E. (Martha) GIBSON > #
J. (ALANY Lauder

E6895 Advanced Big Data Analytics — Lecture 10

As on 972972009, SmallBlue is
indexing/inferring the social network
and expertise of 409542 IBMers.

The systern has 10103 contributing
IBM users from 68 countries.

Please invite your colleagues to join

SmallBlue. The more people who join,
the better SmallBlue will be,

Settings

Remove me from this search

Manage personal stop terms
Submit non-searchable term

Terms of use

My shortest path to Susan

As a user, you can only see their
public information. Private info is used

internally to rank expertise but private data

v\can never be exposed.
alan

Click a name to see their profile (SmallBlue Reach)

© CY Lin, Columbia University



Social Paths

Furmal Path

= Is Tom a right person to me? Shortest Social Paths to any person within 6-degrees..

Email or Name

HIS OﬁICIaI JOb'Irlglﬁa ltllgm) Cocozza's formal
contact inffo

Telephone:
1-703-633-4731

7:42 PM

Job Responsibility:
Healthcare Transformation Services

Job Role: 1.

Business Development Executive
Business Transformation Consultant
Business Design Consultant

Job Category:
Other Consultant

His self-described

N BP Profile
expemse Fringe Profile

¥, 4 ——

© @Formal organization group

BluePages self description 3

Expertise:

Federal government financial

management Healthcare financial

ranagernent

Business:

-Business Strategy-Accounting
Processes-Accounting Standards &
Certification-Auditing-Business
Intelligence-Executive Communications-

Your social paths to reach [Thomas (Tom) Cocozza]
Recommended Path

O ¢+ BORL

Ching-Yunq
Lin

Alternative Paths

WY SmaIIBIue Net
+ | Click to see social network of these people

)

Ching-Yung
Lin

)

Ching-Vunrg
Lin

Ching-Yung
Lin

Zohn kelly 117
1M SVP % Diracser of
Rezearch

E Charlas Lizkal

VP, Sofzezr, 18M Rezeares

<
Analgtics and Jsar
Techneloglez

S ] paceck Gopinath
Sunior Managur,
Collaboradue Technologles
and Infrasoucture
BauiB. Konury
RSM,Mgn Sochal Analydes 2
Collsborancn Technologies
<hina-yuna Lin
Complen and Socizl etvork
Analpsiv, MU't mudia
Analysls and Secudsy

Communities

- CommunityMap

- ndustry Marketing Clier
. Federal Governmer
'PUb[IC Sector Technical ¢
;Biometric and Identity &
;Public Sector Global

';Busmess Value Thought Leadership

BlueGroups
“BICOC CDT ICRS FSP PM REPORTING
ICOC PROD HRAMGR
4BICOC PROD ICRS FSP PM REPORTING
“.BICOC PROD ITSAS Dynamic Managers
“,BICOC PROD ODMR AMER US MANAGER
roadcastBiometrics
hannelBiometrics
JISC IBM Manager
;ISSI MSO 2003 US GBS Federal
JImmigrationExp
KVWiew Portal Author-BCS-Ww
STC - Announcements Broadcast
STC - Ask Us
STC - Public Broadcast

1SCAN Managers
Show all

Social bookmark tags
Mo information

Public postings

BlogCentral
No information

ar, Proidunt and
of Ens cudus OFlcer

Frack Kurn
San or ice Drssident, Slokal
Buzinezs Servizes

Managing Parmer, Horth
America

Manag ng Parmer, Puslic

Suczer

hra (DERRA) Cameer

Pub Ic Sector Conzuking
Servizes Leacer

 Glun [BLEN) Gram

Partnes Publiz Seczar
Firanc al fMansgem=nt PAL

Fualthc are Transloral
Sarvizas

His public communities

The public interest groups
he is in

His blogs, forum,
postings..

My various paths to Tom. SmallBlue can show the paths to any colleagues up to 6-degree away

© 2012 IBM Corporation



Economic Issues — Network Topology and Worker Productivity 87
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= Topological point of views

— What type of network structure is beneficial?

14

’ -

e «Brokering position

N

”
Cohesive Network ﬁ
e Trust

e Absorptive capacity
ePrecision, Reliability

,OL Structurally Diverse ?

Network

What type of network structure is most beneficial
in a electronic network for consultants?

eAccess to many pools
. . i ?
of diverse, novel Importance of Direct Contacts-

information eImportance of Indirect Contacts?

eConstrained vs. unconstrained?
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Network Topol o P ,’
etwork Topology
¢ So

Measures ™ ‘ “’
& ‘/»‘. “
Direct Size 617% + No.information Network size - strong
Contacts Size(12)=3 distortion work performance (?)

- High maintenance cost

Indirect Btw( ? 33 + Access diverse Btw-central rfy > Stron
Contacts Btw(12)=6 information, ) work performance
- Information distortion 3_step Reach estron
3steps(7) =11 work performance( )
3steps(12)=8
Structural Div(27;=.53 +Transfer complex Diversity—> Strong work
Diversity Div12)= knowledge performance (?)
- Access diverse
knowledge
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Enterprise becomes more successful utilizing Social Network Analysis  cowmu

UNIVERSITY

» MIT studied 2,038 IBM Global Business Consultants for 2 years, it was found that:
» After a consultant started using SmallBlue, his social network/capital
obviously grew and his monthly billable revenue for Company increased
by $584.15 (i.e., $7,010 per year)

SZARCHSITE

= Joint analysis of social capital and economic capital: BusmessWeek —
Addi . | network (i o [enove Tromouor Jumos oo Jawassa Jssanas Jousss |
'Ng @ person in personal nework {.e., Insider Newsletter
Someone Wlth frequent Communlcatlons)7 Aweekly summary of the best :n BusinessWeek and BusinessWeek.com
increases $948 yearly revenue for Company. - ms msws s | L
. . Putting a Price on | Fuovmsil s il o Toct 10 03 5 15
(selected by BusinessWeek Magazine as the Social Connections | fuiis <t i
< Rasearchars at BManc M | citon

Nhave found tal certain

2 mail pattems

STwork zorrelgie with | n
Figher ravienue ardectian. | o

Top Story of the Week, April 8, 2009)

* 1% increase in social network diversity is
associated with $239.5 in monthly revenue
(i.e., $2,874 revenue increase per year).

. . . . . . | FUTURE OF TECH THE IT 190

* 1% increase in social network diversity is | Businessweek
associated with an increase of 11.8% in job | esaaame
retention (i.e., surviving layoff). | WH TS

k- ;&Flﬂ END-

1l ILI"| L el ﬂLI‘L|'I"

——

1] shares In distessed sectors and forring

= |IBM Research Achievement — “SmallBlue made

Millions of Contribution to GBS in 2009” SmallBlue / Atlas was featured in 120+ news
articles, including 4 times by BusinessWeek

(Jan and May 2008, April and June 2009)
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Observations from Personal Social Networks vs. Revenu

Structural Diverse networks with abundance of structural holes are
associated with higher performance.

Having diverse friends helps.
Betweenness is negatively correlated.

Being a bridge between a lot of people is not helpful.
Network reach are highly corrected.

The number of people reachable in 3 steps is positively
correlated with higher performance.

Having too many strong links — the same set of people one
communicates frequently is negatively correlated with performance.

Perhaps frequent communication to the same person may
imply redundant information exchange.

Future textual analysis can be done to confirm this.

17 E6895 Advanced Big Data Analytics — Lecture 10 © CY Lin, Columbia University



Project Team Composition—Managers

The number of managers in a project exhibit an inverted-U shaped curve.
1.Having managers in a project is correlated with team performance initially.

2.Too many managers in a project is negatively associated with team performance.

revenue = o. + B, -mgr + B, - mgr’ +y, - otherfactor, + ... +y , - otherfactor, + ¢

# Managers in
project

(# Managers in
project) "2

18

2733.9% %
(537.5)

B,

B, -682.02%**
(215.3)

E6895 Advanced Big Data Analytics — Lecture 10

Revenue-fitted

prd

.02

15=.027

-.02
1

-.04
1

-.06
I

Managers( normalized)
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Culture Factor in CMC-based Communications Univensity

preferences of CMC patterns of growing sentiments in
tools social network conversations

E6895 Advanced Big Data Analytics — Lecture 10 © CY Lin, Columbia University



o

COLUMBIA
UNIVERSITY

20

| ——
only IM

Preferences of CMC Tools

IM vs. Email Calendar Meet vs. IM

I | —
both IM&EM only EM only CA

E6895 Advanced Big Data Analytics — Lecture 10

| —
both CA&IM

only IM
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Growing one’s Social Networks

— US "0‘
o -o o DE "0
o 27| — oN o
© -=-: |N ‘,' S
C .
.G_J JP " /I/_
e .’
-O 8_ o"/
Q - )7
= [
> 4
’
o _| 2,7
O 25
,/
4
I [ I
5 10 15

time (by month)
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degree of positive

0.03 0.05

0.01

Sentiments in Conversation

USso
caB UK
. INO
CNO
PO
i . DEO

I I I I I I I I
0.000 0.010 0.020 0.030
degree of negative
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Role Analysis 2,
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’// \‘\ Aug 3, 09:30:12 "data request"

Aug 5. 09:53:00 "Fw: data request"

l Aug 6, 14:21:53 "Fw: T'w: data request”

B T
A [ EElmgr ||
£ A E=n-mgr
= A£B
= \ |
B c
[ [B
Mle i
A
3| & -
g A C
2
AN i
| A C 1 |
5 10 15 20
Median time (hours)

Role difference of normal
behavior
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Information Reuse Behavior (CHI ’11) Univansi

100 -
Percen- 80 -
[}
tageof = 2 60 -
slides § =
with o 8 404
reused & @ 20
content 0.
Research
@ Partial Text Reuse @ Exact Text Reuse 60 -
50 -
Number of g 40 1
slide pairs & 30 -
with exact % 20
vs. partial
text reuse 10 1
0 -

24

(c) Sales

@same author @different author

Percentage of
reused slides
that were
reused by the
same author
s. by a

Research HR Sales Product different author

% reused of downloaded material from...

@ outside group

@inside group Percentage of
downloaded
material being
reused

(d) Product Y Lin, Columbia University



Behavior Detection

o

COLUMBIA
UNIVERSITY

=Overall Flowchart: Network Science + Machine Learning + Role Mining +

Visualization

Input Layer
Raw data

Email

—

File Share

Auxiliary

data

25

Feature Layer

T11 Structural
gk Feature
T1.2vT1.3

T2.1 Semantic
Feature

i) Event Extraction

T2.4 Role Mining

Detection Layer_r

Behavior
Modeling

Event
Hierarchy

uonebalbby Bunjuey

Temporal
T3.3 Dependence

3.4

A

T
e

T3

Output Layer

End Analyst

Feedback Layer

E6895 Advanced Big Data Analytics — Lecture 10
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Anomaly Detection — algorithms and infrastructure
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=Thrust 1: Anomaly Detection Algorithms

-- New algorithms to detect abnormal
humans (nodes) as well as abnormal
contacts (edges) from social networks.

-- Explore the structure feature and

incorporate content (semantic) features.

*Thrust 2: Anomaly Usability

-- Address the ‘lack-of-the ground-truth’

issue by

(1) Interpretation friendly properties
(e.g., non-negativity, sparseness, etc)
into the current anomaly detection
matrix factorization; and

(2) providing some concise
summarization to perform anomaly
attribution.

*Thrust 3: Infrastructure Support

-- General and scalable graph/network
management system to process large
network data, especially social and
behavior of people / unique IPs.

26

(a) Near-star

.-

(b) Near-clique (c¢) Heavy vicinity (d) Dominant edge

Typical abnormal nodes and their local ego-net structures

o o e - e e e e e e e e e e e e e e e e = e e -

________ (2P£i<1"2'>__________________t______u

Browsing
Ranking

Finding community ﬁ
Anomaly detection

. Visualization

Graph applications

E6895 Advanced Big Data Analytics — Lecture 10

|

., [ 5

ar |

| U |

Graph clustering Block compression

Global queries
Targeted queries

s =Tl

Umfled query
Execution engine

Graph core operations

~

Query Stage

The overall flowchart of the graph management system
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Use Case: Utilizing Social Network Analysis for Spam Detection s

Normal. . LI e ¥ Spamming:
(1) Clique-like | 8 g TR T piiubis
(2) Two-way links CEes Near-Star
T,’/ Spa-mmcr
. . . . ) Existing anti \
= A pilot project was done by CRL in a - [ wmes . T
telecomm area of 6 million users in o \

SpamWatcher

20009.

= In experiment wom
— Social Network Analysis is with o
recall of 89.97% and precision of 0%
88.17% while comparison system -
is with 66.77% recall and 14.85% \ Nosmemons
precision. AN C J

0 Precision
0% 2% 0% 40% S0%  60% 0%  80%  90%  100%

—SNA's precision/recall area is 8
27 times | arger E6895 Advanced Big Data Analytics — Lecture 10 © CY Lin, Columbia University



a0

Anomaly Detection — information flow-based approach R,
‘// \\\ Aug 5, 09:30:12 "data request” 4 a7 T T
3r 0 n 0 a ,
Aug 5, 09:53:00 "Fv- data request” il 54l cefasc 9
y N 8 2 o,
& 5 ° £
ik g, 0 . g @ o
l Aug 6. 14:21:53 "Fw: T'w: data request” o .. ) )
5 -4 -2 0 2 4 &6 5 10 15

An illustrative example of an informa
spreading tree. This tree is of size 8, width 4,

B T
A3 i [ mgr
c A [ n-mar(]
=
= A7 ]
N c
[ [B
Ml ’
A
3
2
73 |
| A ¢ )
5 10 15 20
Median time (hours)

28

UUUU WV UTTIVLU Y Ul

Level differece btwn A and B

oeganizational distance btwn A and B

Probability ratio of email forwarding as
a function of (a) hierarchical level difference and
(b) organizational distance between initiators and
~—=eaders. The information spreading exhibits some

i-homophily effect.

o

wyidcs — Lecture 10
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Me-scale Graph AnaIySiS UNIVERSITY

=T 1.1: Structure Feature Extraction
T 1.2: Initial Filtering
T 1.3: Scalability

Volatile Graph

Volatile Graph Volatile Graph Period of Interest
Period of Communities of
Interest Interest

Behaviors
Events

Attribution

‘; “>

Global Community
Metrics Metrics

Volatile Automated Pariaznelgter- Local AT\??;S?;/ ;
System Analysis Analysis Metrics N visualization )

Analyst
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Time-to-Time (T3) Proximity Matrix Analysis Unnvanai

1 -
Time Steps Events Entities 0sh
t € by, b; 08 repre:enlt)ativedegtiﬁes:
br S an
e b2/ b3 - e 78 8
5
S~ 04F ¢ ¢
tz €3 bz, b3 S 4
T o2t
€4 bs, bs ? v "
g ok representative entities:
t3 €s bs, bs L - i bs and b,
-02 =
ty es bs, bs g
b & 04} t representative entities:
e 6, D7 ey b b, b, and b,
ts es b, by : -oer
ts es b;, bg -0.8f
_1 L L 1
-1 -05 0 05
First eigen-vector v,
(a) Input of T3 (b) Graph Representation (c) Output of T3 (at finest level)
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Thrust 2: Semantic Level Analysis
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COLUMBIA
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=T 2.1: Semantic Feature Extraction

T 2.2: Feature Augmentation and Selection

Input: free text

I’'m going to vacation in /ran
with my sister in January

- ——

Attribute Name: vacation, Value: Iran, January «-----

Attribute Name: vacation, Value: (Iran, Jan)

Attribute Name: vacation, Value: (Iran, Jun)

0 Attribute Name: vacation, Value: (Iran, XX)
Confirmed events G
Ny
\ﬂ; L

31
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= T 2.3: Abnormal Event Extraction
» T 2.4: Role Mining and Analysis

Event Knowledge Base

[ 3

1. Event, Time & Location Identification
(Semi-supervised learning)

|

2. Event - (Time, Location) Pair Assignment
(Statistical and grammatical association)

g

3. Event Clustering
(Hierarchical clustering)

g

4. Active learning feedback loop
(Active Learning)

!

Output: Extracted Event-Attribute Pairs

A

© CY Lin, Columbia University
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Thrust 3: Ranking and Aggregation Univansiry
*T 3.1: User Behavior Modeling = T 3.3: Temporal Dependency Analysis
=T 3.2: Hierarchical Event Analysis = T 3.4: Anomaly Aggregation

High-level
activities

Low-level
activities

Complex Activity
Layer

Simple Activity
Layer

Inter-Object :
Relations | *

(a) Combined Composite Activity Model (b) Unrolled Composite Activity Model
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Network Science > Network and Graph Analysis ..

UNIVERSITY

Example 1: Internet Map
Nodes: ISPs; Edges: Connection
(33K Nodes, 290K edges)

Example 2: Social Network % Ly
Nodes: People; Edges: Friendship 0 .- RN
(FaceBook has 500M+ Users) > oo O

Example 3: Web Graph
Nodes: Web Pages; Edges: Hyperlinks
(Yahoo Web: 1.4B nodes, 6.6B edges)

Multiple Scales, Multiple Disciplines
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Network Analysis Example Centrality Ranking in Large Networks

“Who are the most
important actors?”

Degree: # of neighbor
Closeness: avg. shortest path
length
Betweenness: # of times a node
sits between shortest path

(Acciaiuoli] [ Salviat | Measuring the financial
company value
Network attack monitoring

[ Pazzi |
[15th Century Florentine Family]
|Vl = Billions |E| = Billions
V=15 |E| = 19
O(|E|) Degree : Easy

Degree : Easy
Closeness : Easy

ov3) Closeness : Hard

O(IVi2log|V])

Betweenness : Easy

For 2 Billon Edges,
- standard closeness: 30,000 years © CY Lin, Columbia University
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Network Analysis -- Effectiveness & Efficiency (GBase)

COLUMBIA
UNIVERSITY

Run time in seconds

Example -- we proposed two new centralities (" effective closeness’ and
‘LineRank’), and efficient large scale algorithms for billion-scale graphs.

2000 5 Closenéss —»— ]
20000 —
15000 |- -
10000 -
5000 |- -
0 1 1
10K 50K 100K 200K 325K
Number of edges

(a) Closeness:

running time vs. edges

Effective CloseneSs —»—

0
40M282M 1146M
Number of edges

(c) Effective Closeness:

1977M

running time vs. edges

Scalability Results

(Near-linear scalability)

For 2 Billon Edges,
- standard closeness: 30,000 years

- effective closeness: ~ 1 day !
1,000,000 times faster!
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LineRank

0.007

0.008

0005

0.004 -

0.003 -

0.002

0.001

o i
0  0.0005

DRIPPAPA F ] Jeffrey=p ()
Micha D.Ullman +
Sharir

e+ ()
¥ 1
Noga

Alon

L 1 1 L
0.001 00015 0.002 0.0025
Degree

Kenneth
Ross

0003 0.003

(b) DBLP Authors: LineRank vs. Degree

Analysis of Real-World Graph
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co
Privacy — cryptography and key management approach (CIKM ’1 %)

*A novel methodology & system for data
mining and content/people recommendations

*New cryptographic method:

— Polynomial Ring Homomorphism,
derived from Lattice-Based Cryptography @"

*Encrypted domain:

Item]

ftem?2 @
ftem3 ’

Ttem 4

Addition Item5
Multiplication (4) (B)
Division Soft clustering for recommendations

*Key management protocol for:
— Encrypted Multi-Layer Ranking

Un-trusted host (server)

/ [tem 1 Ttem 2 Item 3 \

Peoplel e(ml“ ), E(m“), 5'(”’1)
People2 E(M ’ ), £ (m a); e(m ; )

rates g(m Y elm: ) elm:)
Accuracy :
0.98 ﬂ
1 P
09 -
0.76 & £
08 SWH-3, (m))e(m))
07 L> m.c(m))
g 06
g 05
04
03 3. Using homomorphicencryption to compuite
0.2 similarity in enciypted domain, a stibgroup of people
01 with similar preferencewvas selected and recommend.
0
Homomor.phlc Randomlzgd User profile distribution Encrypted domaln Computatlon
encryption perturbation
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*What is the problem?
—Past studies showed significant success on utilizing social relationships for sales & marketing.
*McKinsey (2009) surveyed 190+ firms in all industry sectors utilizing ‘social selling’:
-- the transaction increase consideration by avg. 19%;
-- the average yield increase conversion by avg. 17%.
*Krackhardt (Carnegie Mellon U, 2005) showed that companies with strong informal networks perform
5 or 6 times better than those with weak networks.
*Brydon (VisblePath, 2006) showed that the performance gains of companies utilizing relationships
are 16x in sales; 4x in marketing; and 10x in hiring
—How to utilize Social Network Analysis for Marketing and Sales?

*What is the solution?
—Conduct social graph analysis, human capital analysis, and economic analysis to quantify micro- and
macro- social capital of each company (B2B) or each individual (B2C).
—Large-scale Data Mining for social capital calculation through distributed social sensors, sales records,
communications, web & social media activities, etc. .
—Inject historical leads and sales records to train machines to associate casualty of social capital and
economic gains..
—Optimize collective social & human capitals for marketing strategies and team forming.

*What are the related assets in Smarter Commerce solutions stack?
—Unica Leads, Netlnsight, Detect, Customerlnsight, and Predictivelnsight
—CoreMetrics Continuous Optimization Platform
*What remains to be done?
—Expand existing IBM Production System and Commercial Service Asset: SmallBlue / IBM Atlas for large-

scale social network analysis, economic analysis, privacy-preserving data collection, marketing and sales
expertise search and recommendation, etc, for Unica and Coremetrics platform.

—After successful completion, sharing these Analytics with other platforms based on business needs.

37 E6895 Advanced Big Data Analytics — Lecture 10 © CY Lin, Columbia University
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= Who among Employees are the closest to McKinsey? What is the shortest path for me
to reach McKinsey through my colleagues? Who should join the team for McKinsey to
send this kind of marketing message?

= How strong is Company, in terms of relationship strength, to other companies?

2 m

| [/ Tl inte N TOSHIBA
‘ .u. nteD | AOL ’
C e
2
B ]
£
c
£
£

38 E6895 Advanced Big Data Analytics — Lecture 10 © CY Lin, Columbia University



o

COLUMBIA

Flow of B2B Marketing using Social Network Analysis and Optimizationosvesm

Social Network Analysis

Optimization

>

1) Social Network Mining

* Among customer companies

- From web, news articles, stocks, etc.
* Between employee and customers

- From intranet and sales force data
* Among employee

- Already available in SmallBlue

2) Quantifying Social Capital

* Calculate the economic value of each person’s
social network.
* Analyze each person’s influence on customers
or colleagues.

Customer

Customer
Customer

Customer —

3) Define Constraints for Matchmaking

* B2B (customer & customer), employee &
customer

+ Condition lists for desired team should be
determined based on survey for the sales force.

4) Optimize Matches based on Constraints

 Obtain optimal or near optimal matches using
Constraint Programming.
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Main Steps

Extract a set of solution candidates (team forming) by social network analysis (SmallBlue).
Specify solutions that satisfy constraints by optimization from a set of solutions.

Example: Waterproof camera manufacturer

:_Dr: tr]{eBpast, Company succeeded to consult company A's to sell their waterproof camera to
est Buy.

Which one was the best selling model?

What kind of strategy lead the project to be succeeded” E

Now we have a scuba diving school B who wants to buy )
waterproof camera for their classes as e-marketing custom ‘1‘

It is a chance to match company A and diving s
Here, this problem is defined as follows:
Find social relationships between company A and diving school B.

Situation of relationship between A and B would be cleared by social network mining
and analysis on news articles, stock markets, blogs and so on.

Find following experts from Company using SmallBlue’s social mining techniques.
1 person who knows company A, 1 person who knows diving school B and 1 person
who knows how to process campaign in gym, tennis school, etc.

Specify appropriate people as a sales team using Tonkawa'’s optimization techniques.

The team members are determined from a set of experts extracted by SmallBlue
based on constraints like each person’s schedule, skills, expected level of their
contribution, relationship among team, etc.

If we could know about available data, more scenarios would be produced.
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= Make innovate Sales & Marketing software prototype (especially for B2B)

= Technical Approach

— Foundation:
 Privacy-Preserving Large Scale Data Mining
« Large-Scale Network Analysis
» Large-Scale Graph Management, Storage, Index and Retrieval
» Large-Scale Optimization
» Quantifiable economic and financial analysis for sales & marketing optimization

strategy on graphs and networks

— Applications:

» Quantifying Social Capital of Customer Companies and their people:
Finding social networks inside and outside companies by extending SmallBlue
mining technology

« Converting Social Capital into Economic Gain for B2B Marketing & Sales:

Which employee has the shortest ‘social path’ to reach a customer company, or a
specific person in a customer company? Who is the right person to send match message to
customer?

Finding matches between customer companies or between customer and
employee team based on their social capitals and constraints using optimization technology

= Major Research Challenge:
— First prototype system to quantize Social Capital, and utilize it for B2B Marketing & Sales

— Significant amount of new system design, social & economic analytics and optimization
techniques.
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Relational Term-Suggestion

Q What keywords should | put in the search box to
[ )

get the information | really want?
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Multi-partite Network Analytics 2,

UNIVERSITY

Term Suggestion and Query Expansion

Document-baséd Ontology- Multi-partite

E:) Log-based :> based :> network analytics

Influenced by Query log, ; g Network.
test collection failure for rare WordNet Wikipedia community
isti ' -based
characteristics queries
Click log, Limited Simple Extracting
biased in favor semantic concept links human factor
of top ranks relatedness || only
e Incorporate
Not publicly Difficult to expertise
available update

© 2013 Columbia University



Document-based n

- Influenced by test collection characteristics

- No consideration of key terms that are highly
semantically related but do not frequently co-
occur.

apple store

apple juice
apple TV

apple tree

Kim, M. AND Choti, K. A. 1999. Comparison of collocation-based similarity
measures in query expansion. Information Processing and Management 35 (1999),

19-30.
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Multi-partite Network Analytics 2,
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Term Suggestion and Query Expansion

Document-based Ontology- Multi-partite

Log-based '
og-base :> based :> network analytics

Influenced by Query log, ; g Network.
test collection failure for rare WordNet Wikipedia community
isti ' -based
characteristics queries
Click log, Limited Simple Extracting
biased in favor semantic concept links human factor
of top ranks relatedness || only
e Incorporate
Not publicly Difficult to expertise
available update

© 2013 Columbia University
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Log-based

Cluster queries with similar clicked URLs

ldentifying the mapping between queries and clicked URLs

O query page

S— __ Pet food
e Yew Favortes o =3 >
e e 1
gE— () P
Web images Mags Neas Shieles S i v Senx -
Google .- =) s
—‘.. hews Shogoong Fesutts 1 99 of stout 13,200 008 for dag taed B.17 secends)
roducts
- h’u.{» Fezd
(@) \N -
g -
~~~~~~~ — Dog food

BAEZA-YATES, R., AND TIBERI, A. 2007. Extracting Semantic Relations from
Query Logs. In Proceedings of the 13th ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining (KDD 2007), 76-85.
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Multi-partite Network Analytics 2,
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Term Suggestion and Query Expansion

Document-based Ontology- Multi-partite

E:) Log-based :> based :> network analytics

Influenced by Query log, ; g Network.
test collection failure for rare WordNet Wikipedia community
isti ' -based
characteristics queries
Click log, Limited Simple Extracting
biased in favor semantic concept links human factor
of top ranks relatedness || only
e Incorporate
Not publicly Difficult to expertise
available update

© 2013 Columbia University
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WordNet as Ontology

Manuallyconstructed system based on individual words
benefit will be limited

System is not easily updated

WordNet Search - 3.1

) [ Search Waordnet

Display Options: | (Select option to change) ¥ | Change

Key: "S:" = Show Synset (semantic) relations, "W:" how YWord (lexical) relations

Word to search fq |solar power

Display options for sense: {gloss) "an example sentence"

Noun

S (n) solar energy, solar power {energy from the sun that is converted into therma
electrical energy) “the amount of energy falling on the earth is given by the solar
constant, but very littie use has been made of solar energy”

Pedersen, T, Patwardhan, S and Michelizzi, J. "WordNet::Similarity -
Measuring the Relatedness of Concepts" 2004 In Proceedings of the

Nineteenth National Conference on Artificial Intelligence (AAAI-2004) pp.
1024-1025.
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Wikipedia as Ontology

'w:mw«-wwxmm—»
€ C M O enmizpsdizon 3z _gower A
Al

& Log in / create account

Article  Talk Read View source View history | Search Q|
i Solar power B ©
WIKIPEDIA ~ S50 power ... s v
The Free Encyclopedia From Wikipedia, the free encyclopedia
i This article is about generation of electricity using solar energy. For other uses of solar energy. see Sclar energy.
ain page
Contents Solar power is the conversion of sunlight into electricity, either directly

using photovoltaics (PV), or indirectly using concentrated solar power
(CSP). Concentrated solar power systems use lenses or mirrors and
tracking systems to focus a large area of sunlight into a small beam.
Photovoltaics convert light into electric current using the photoelectric
sffect,[1]

Featured content
Current events
Random article
Donate to Wikipedia

w Interaction ) ) .
Commercial concentrated solar power plants were first developed in the

il 1980s. The 354 MW SEGS CSP installation is the largest solar power
Abau:Wikipedia plant in the world, located in the Mojave Desert of California. Other large AR -
MUty o CSP plants include the Solnova Solar Power Station (150 MW) and the Te1o Corcanitates suniohtrom 2 fiold of 8
Recent Chansies Andasol solar power station (150 MW), both in Spain. The 214 MW heliostats onto & certal towe?.
Gontact Wikipedia Charanka Solar Park in India. is the world's largest photovoltaic plant.
» Toolbox |

Contents [hide]

» Print/export 1 Applications

2 Concentrating solar power

Al ialisaasils

w Languages

i
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Wikipedia as Ontology

Wikipedia is a web-based free encyclopedia that anyone can edit.
The English Wikipedia edition

2.4 million articles

1 billion words.
Wikipedia relies on the power of collective intelligence

by peer-reviewed approaches rather than the authority of
individual.

high quality,

almost noise free.

© 2013 Columbia University



Previous Approaches

Merely as an online dictionary and utilize it
only as a structured knowledge database

Using associated hyperlinks

MILNE, D., WITTEN, I. H., AND NICHOLS, D. 2007. A Knowledge-
Based Search Engine Powered by Wikipedia. In Proceedings of the 16th

ACM Conference on Information and Knowledge Management (CIKM
2007), 445-454..
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Multi-partite Network Analytics

o

COLUMBIA
UNIVERSITY

Term Suggestion and Query Expansion

Document-based Ontology- Multi-partite
Lo DEsEe network analytics
based
Network
Influenced by Query log, o etwor |
test collection failure for rare WordNet Wikipedia community
characteristics queries -based
Click log, Limited Simple Extracting
biased in favor semantic concept links human factor
of top ranks relatedness || only

Not publicly
available

Difficult to
update

Incorporate
expertise
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Multi-partite Network Analytics
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Term Suggestion and Query Expansion

Multi-partite
Document-based Ontology- P ,
Log-based network analytics
based
Crawling is
Influenced b Query log, L
_ Y failure for rare WordNet Wikipedia feseiitees
test collection intensive
characteristics queries
T _ Human factor
Click log, Limited Simple modeling
biased in favor semantic concept links
of top ranks relatedness || only
Semantic
e relatedness
Not publicly Difficult to difficult to
available update evaluate
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Wikipedia as Ontology

'\yw\-m T3
¢ C A Onniieh

WiKipEDIA
The Free Encyclopedia

Main page
Contents

Featured content
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Random article
Donate to Wikipedia

¥ Interaction
Help
About Wikipedia
Community portal
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Contact Wikipedia

» Toolbox
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| 2 Concentrating solar power

Solar power

Read Viewsouce Viewhisory | 52400

From Wikipedia, the free encyclopedia

This arficle is about generation of electricity using solar energy. For other uses of solar enery, see Solar energy.

Solar power s the conversion of sunlight nto electricty, either directly
Using photovoltaics {PV), or indirectly using concentrated solar power
(CSP). Concentrated solar power systems use lenses or mirrors and
Hracking systems to focus a large area of sunlight into a small beam.
Photovoaics convertlight into electric current using the photoelectric
effect]

Commercial concentrated solar power plants were first developed in the
1960s. The 354 MW SEGS CSP installation is the largest solar power
plant in the world, located in the Mojave Desert of California. Other large
CSP plants include the Solnova Solar Power Station (150 MW) and the
Andasol solar power station (150 M), both in Spain. The 214 MW
Charanka Solar Park in India, is the world's largest photovoltaic plant,
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Word-completion Term Suggestion 80,
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+Shieh #BF BH ME Play YouTube FrBH Gmail &£ ~

GO; ';-8[6 | solar power ‘ “

solar power system

solar power industries
}533 solar power in hong kong

solar power bank

solar power 2012

257 solar power international 2012
= - solar power hong kong

- DU:OI }JUVVCI }JGII IU:
e solar power in ohir%

BH solar power generation
Solar energy - Wikipedia, the free encyclopedia

Solar Power Systems, Home Solar Eneray Systems, Solar Panel ...
www solarpanelrebate. com.au/ - SEFIE - SiEE S EHES

SolarGen is a leading installer of residential solar power systems and solar panels to
homes throughout Australia. Call 1300 676 527 to get your free ...

lsolar power) THREABESS SBHEgisETERIES T

Solar Eneray
vy elementid. com/
Mews & information resources about Solar energy, domestic & industrial

solar powerBI{ERAfEsS
solar power 2011 solar power 2009

solar power 2012 solar power 2010
ZERBESTETE neo solar power corp

neo solar power solar power charger
china solar power solar power inverter
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Jyh-Ren Shieh, Ching-Yung Lin, Shun-Xuan Wang, Ja-Ling Wu, “Relational
Term-Suggestion Graphs Incorporating Multi-Partite Concept and Expertise
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