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- Mining heterogeneous data sources _

- Fusion knowledge across multiple social
networks
- Using social networks to
understand customer purchase behavior

predict or promote real world activities
Inferring the impact of social media on crowdfunding



Fusing information across multiple
sources Is the Holy Grail of big data
research

Many commercial companies have
multiple sources of collecting customer
information

Google has Google search, G-mail, Google Maps,
Google+, YouTube, etc.

Other examples
Detection of terrorist plots
Whereabouts on Malaysia MH370



Drug Discovery
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SLAP: HIN for Drugs




Path-based Collective Classification
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Mining Heterogeneous Information Networks

.
o Intuition

o Two objects can be connected via different connectivity
meta paths

« E.g., two chemical compounds can be connected by

hasSideEffect hasSideEf fect
P, : Compound —  Side Ef fect > Compound

inhibitsTarget hasPathway hasPathway ™! qubltsTargett'1
P, : Compound > Gene — Pathway > Gene > Compound

mhlbttsTarget PPI inhibitsTarget ~*
P; : Compound > Gene — Gene > Compound

o Each connectivity meta path represents a different
semantic meaning and implies different similarity
semantics or relationships

» Challenges
o How to assess the importance of a meta path?

o How to identify, select and combine different meta
paths together?




Multi-label Drug Target Prediction
O

Table 2: Classification performances “average score + std anx)” on Drug-Target Binding prediction task. “]”
indicates the smaller the value the better the performance; “” indicates the larger the value the better the
performance.

methods
— |
criteria #labell BsvM Ecc PIsL PIML PIPL

10 0.5324-0.046 (s) | 0.5764+0.053 4y  0.608+0.046 (3y 0.61140.040 (2) | 0.62540.042 (1)

20 0.55340.019 (5) | 0.588+0.018 (4) 0.69610.016 (3y 0.7141+0.011 (2) | 0.7241+0.011 (1)

Micro-F1 1+ 30 0.536+0.052 (s) | 0.585+0.054 (4) 0.674+0.032 3y 0.695+0.025 (2) | 0.706+0.026 (1)

40 0.523+0.018 (5) | 0.568+0.022 (4) 0.59940.022 3y 0.6184+0.022 (2) | 0.642+0.022 (1)

50 0.52140.028 (s) | 0.5714+0.036 4y 0.60340.031 (3y 0.63540.028 (2) | 0.65340.026 (1)

10 0.0244-0.003 (s) | 0.0214+0.003 4y  0.02040.003 2y  0.02040.002 (3) | 0.01840.002 (1)

20 0.01940.001 (5) § 0.01740.000 4y  0.01240.001 (3y  0.01240.001 (2y | 0.011+0.001 (1)

Hamming Loss | 30 0.0184+0.002 (5) § 0.016+0.002 4y 0.01240.001 (3y  0.01110.000 (2y | 0.010+0.000 (1)

40 0.01740.001 (5) § 0.015£0.001 ¢4y 0.01440.001 (3y  0.013+0.001 (2) | 0.012+0.001 (1)

50 0.016+0.001 (5) | 0.01440.001 (4) 0.01340.001 (3y  0.0124+0.001 2y | 0.011+0.001 (1)

10 0.14740.012 (5) | 0.1284+0.017 4y  0.1234+0.011 2y  0.12440.010 (3) } 0.11340.010 (1)

20 0.2224-0.009 (s) | 0.1934+0.006 4y 0.1654+0.011 (3y  0.16340.010 (2) | 0.14840.004 (1)

Subset 0/1 Loss | 30 0.26540.019 (s) | 0.2234+0.029 (4y  0.21440.007 (3y  0.20740.004 (2) | 0.18240.003 (1)

40 0.305+0.008 (5) § 0.250+£0.004 2y 0.26840.010 ¢4y  0.25740.010 (3) | 0.22340.010 (1)

50 0.35140.009 (5) § 0.288+0.018 (2) 0.30640.013 ¢4y  0.2881+0.020 (3) | 0.261+0.017 (1)
—_— R




Mining heterogeneous data sources
Fusing knowledge across multiple social

networks -

Using social networks to
Understand customer purchase behavior

Predict or promote real world activities
Inferring the impact of social media on crowdfunding



Huge size
Facebook: more than a billion nodes
High volume of new content generated
Rapidly and dynamically changing focus
Rich information with many different
types of data
Noisy

High aggregate value, but challenging
to mine



- Many social networks with different objectives
Facebook
Twitter
Foursquare
LinkedIn
YouTube
Instagram
WhatsApp

Google+
- Individuals often participate in multiple social
networks



Each social network only capture a
partial or biased view of an individual

Newly formed social networks can be
benefitted from information collected
In more established networks

Publicly available social network data
can be rich and useful

Fusing multiple social networks has
the additional challenge on identity
matching



How to connect the multiple accounts of the same
users in different social networks?

How to transfer knowledge across different social
networks?



Foursquare
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Discover places that your friends love

f LT RAYAGRE L Sl o Sign up with email

Millennium Park

201 E Randolph St (btwn Columbus Dr & Michigan Ave)
Park - 3,10

| This spot is popular - "he—
"... are the Crown Fountain, a public art and video..." (8 tips) g
"... Jay Pritzker Pavilion and the BP Pedestrian..." (6 tips) .

... photogenic Cloud Gate sculpture (nicknamed “The..." (5 tips)

Save

Intelligentsia Coffee

53 E Randolph St (btwn Wabash Ave & Garland Ct)
Coffee Shop - L3 - $$$$ - View Menu

| Lots of people like this place

NTELLIGENT g

"Best coffee in Chicago! Plus an outdoor..." (4 tips)
"... is good. The espresso brownies are extra good!!!" (13 tips)
"The Pour Over prepared on the chemex is..." (4 tips)

Save

Cicero




Friend Recommendation

(Social Lin@Prediction)

People You May Know

Connect

Mark Schreiber 2nq

Associate Director of Knowledge Engineering at
Novartis

Greater Boston Area

2 shared connections

Connect

Byron Choi 2na
Assistant Professor at Hong Kong
University

Hong Kong

3 shared connections

Zhipeng Luo 3«
Ph.D. Student at University of Pittsburgh

Pittsburgh, Pennsylvania

John Elder 2w

President, Elder Research, Inc.
(www.datamininglab.com)

Charlottesville, Virginia Area

"4
Connect Connect § shared connections
3
(O]
Xiangnan Kong 2na Jd 5 tep Ghosh 2n
PhD Student at University of lllinois at Chicago Prq & pratUniv of Texas at Aust
. Chicago, lllinois Ad @ [Texas Area
Connect 4 shared connections Connect 43 shared connections




How to improve the accuracy of
friend recommendation (link
prediction)?

Can we use information from
other social networks, especially

Well established
Public available



Locations

Y

;

7
?

v

Temporal Activities
Social Links emporat fctivitie

.

I/ ..--°°..8AM12 PM 4 PM 8PM 11PM
“ Contents: Tweets
I \ D= » = B
~ e . =0
L= ~a =%
nv\‘fb— = B B B
- ~Q>:_ =

Social Network:

Who Where What When



Traditional Socual Lmk Prediction
in One Single Soba Network
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Use Multiple Social Networks Simultaneously
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Basic Idea

O

Social Network 1

Social
Link
Anchor Prediction
Link
Prediction

Social Network 2

Social

Link
Prediction




Anchor Links across Networks

Shawn K. Sullivan
@shawnksullivan

#Sportsbiz professional, adjunct professor at Chicago's Roosevelt
Unliversity, consultant, event announcer and fan.

Chicago / Indianapolis «+ about. me/shawnksullivan

i wRe? o Smm |

-~




Predicting social links in multiple

aligned ne’rwor@ simultaneously

m m anchor link s cxisting social links == ‘s = social links to be predicted }

Network 2 Network 1
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Reliable Negative Links Extraction
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PU Link Prediction Setting

network structure - What Kind of information
are there 1n the network?
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Heterogeneous Information

O

Locations Sswhat kind of features can
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Network Schema
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Intra-network social meta paths

» Two users U1 and U2 are considered to be similar
Connected through some homogeneous paths
U1 ->U3<-U2o0r U1 -> U3 <-U4g <-U2
Connect through some heterogeneous paths
U1 ->P1->Word <- P2 <-U2
U1 -> P1-> Location <- P2 <- U2

U1->P1->Time <- P2 <-U2

checkin at-1 checkin at



Inter-network social meta path instances




Inter-network social meta path instances

Not just social links

Also need to consider other hetrogeneous links:
U1-> P1-> Word <- P2 <-U2

U1 -> P1-> Location <- P2 <-U2

U1 ->P1->Time <- P2 <-U2
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using features based on intra-network meta

paths and inter-network meta paths
simultaneously can achieve better results

collective link prediction is better than
—independent link prediction

measure

A

LUTIIICA L1}, 1111 mation rates p},‘ of Foursquare.
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methods TTIIT 8 0.2 eicncnnnnnnnas 0.3 e iiiiennnnnnnnnand O (O S S
ML  :0.677+0.023 0.776+0.011 0.844-+0.008 0.887+40.005 0.906+0.003
LI O ETEEN 019 (o] o5- S 00 122 S 0 U8 {01 3 ={ 0 JA 0 b A 08533064 """ U866£0603 """
SCAN 0.5494+0.009 0.564+0.009 0.66240.03 0.74540.009 0.78640.014
SCANT 0.54+0.083 0.50340.007 0.613+0.012 0.73940.008 0.76440.013
SCANS 0.5244+0.013 0.52440.017 0.524+0.012 0.52440.005 0.5244-0.002
MLI 0.632+0.01 0.692-+0.007 0.755+0.005 0.769+40.004 0.779+0.002
LI 0.568+0.013 0.624+0.053 0.699+0.004 0.72240.006 0.76140.01
SCAN 0.558+0.007 0.6+0.006 0.683+0.071 0.71440.009 0.72140.007
SCANT 0.4914+0.019 0.568+0.004 0.65+0.008 0.68540.007 0.71440.007
SCANS 0.548+0.011 0.54840.055 0.548-+0.007 0.54840.008 0.5484-0.007
MLI 0.644+0.01 0.695+0.022 0.722-+0.013 0.74240.005 0.761+0.005
LI 0.631+0.017 0.635+0.015 0.66+0.007 0.6844-0.01 0.71540.016
SCAN 0.61+0.02 0.6094+0.006 0.614-+0.031 0.63240.018 0.64540.018
SCANT 0.534+0.196 0.559+0.004 0.565+0.016 0.58440.011 0.6454+0.011
SCANS 0.5610.016 0.56+0.041 0.56+0.015 0.56+0.015 0.561+0.013




Mining heterogeneous data sources

Fusing knowledge across multiple social
networks

Using social networks to
Understand customer purchase behavior -

Predict or promote real world activities
Inferring the impact of social media on crowdfunding



» Social networks can capture and contain rich
information

* Most companies cannot afford to offer its
own social networks to collect customer
information

* |nformation available in public social
networks may be crawled to
» (Gain better understanding of customer
« Offer more targeted service



* Some real world examples of
utilizing public available social

network information

* |nsurance fraud detection

 Job recruiting, Applicant screening
» College Admission



Understanding Your Customers

» Most e-commerce companies, like Amazon, only have
transaction data of their customers.

* These e-commerce companies do not own or operate
soclial networks.

» Although the transaction data can provide the buying
history, the e-commerce companies lack information
on

The customer feedback on the product purchased
The friend of their customers which may show similar interests



Marcus Wright @marcuswtech - Jul 3
Friend just bought one of these! pebble e-paper cherry red watch p-cr001
amzn.to/1qJMyPP #pebble #smartwatch

Tyler T. @TuckertCTD - Aug 6 m
Pebble I've had this white Kickstarter Edition since day one. :
thing I've ever bought. #FreshHotFly

4% Jeremy Yancey @jeremy_yancey - May 1
it Finally caved...curiosity got the better of me and | bought a #Pebble
smartwatch Love it! ift.tt/1fDrVkm

Joah Gerstenberg @therealjoahg - Aug 2°
Just bought a drill gun on #pebbleminer :) @pebble #pebblesteel

PPS 188 Depth 14k
Pixels 321,842

[




ldentifying Your Customers in Social Networks

O

Potential Applications:

1. Analyze your customers’ opinions







|dentifying Your Customers in Social Networks

Potential Applications:

1. Analyze your customers’ opinions

2. Personalized Product Recommendation

3. Discover the communities of your customers



Customer-Product Network
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Mining heterogeneous data sources

Fusing knowledge across multiple social
networks
Using social networks to

Understand customer purchase behavior
Predict or promote real world activities -

Inferring the impact of social media on crowdfunding
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p Watch the Video

National News & Events
Accidents & Emergencies
Animals & Pets

Babies, Kids & Family
Business & Entrepreneurs
Celebrations & Special Events
Community & Neighbors
Competitions & Pageants
Creative Arts, Music & Film
Dreams, Hopes & Wishes
Education, Schools & Learning
Funerals, Memorials & Tributes
Medical, lliness & Healing
Missions, Faith & Church
Non-Profits & Charities

Other & Miscellaneous

Help For Usaf Family...
W Accidents &
9 BLISS, NY

raised by 235 people

(‘7\\

It's All About Addie...

W Animals & Pets
¥ PHILADELPHIA, PA

$10,341

raised by 229 people

Eric Trevino's Fight...

W Medical & Healing
¥ BROOMFIELD, CO

Keep My Children Clo...

W Accidents &
9 INDIALANTIC, FL

$2,761

raised by 90 people

SR AT e
B

e

T2

\—“‘\
 S88 84

Home & Animals

@ Accidents &
@ BLOOMINGTON, IN

Help A Family Displa...

W Accidents &
¥ DALEVILLE, VA

SR RSRRRRSRRRRRENY
Mei Mei's Trip To Ha...
¥ Dreams, Hopes &
9 BELLEVUE, WA

Help Kelley, Ashley,...

W Accidents &
9@ PHILADELPHIA, PA

$5,900

raised by 169 people

Braelynn Rayne Coult...

W Funerals & Memorials
9 CREENSBORO, NC




FORM 1: An affordable, professional 3D printer

by Formlabs

Home Updates & Backers Comments [EIEZE) Q Cambridge, MA 4 Technology

2,068

backers

$2,945,885
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0

seconds to go

Project by

w Formlabs
Cambridge, MA

OGS Contact me

K First created . 5 backed

K1 Has not connected Facebook

Website: formlabs.com

n Share 2,793 W Tweet € 2 Embed w

See full bio




Impact of Social Media on Crowdfunding

100%
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Project Duration

100%

Unique properties: 1. fundraising goal 2. project duration




Impact of Social Media on Crowdfunding

100%

jeoy) Buisiespuny

Mo ————

» I
Project Duration 190%

Unique properties: 1. fundraising goal 2. project duration




Project features:

funding goals, median amount of pledge options, number of
backers, average amount of pledge per backer, elasped days
since launched

Social activity features

number of tweets, number of promoters, number of patrons,
number of uniquely mentioned users, fraction of promoters from
external sources

Social structure features:

average number of followers of promoters, number of edges,
diameter, number of connected components, number of triads,
global clustering coefficient



Experiments (Early Prediction)

O

(2) Predict whether a project will succeed or fail
(within 25% of project duration)

(HlA [ JA.BINABC| 065 (A [ JA.BIlA.B.C|
> 80} _ 0.9 _
S - ®)
: 2
< 75| | ‘I I : 0.85}
70 5 10 25 08 5 10 25
Elapsed time of total project duration (%) Elapsed time of total project duration (%)

A: Project features; B:Social activity features; C: Social structure feature




Mining heterogeneous data
sources

Fusing knowledge across
multiple social networks

Using social networks to

Understand customer
purchase behavior

Predict or promote real
world activities

Inferring the impact of social L Veracity -~
media on crowdfunding
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