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Emergence of New Social Networks
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New networks try to invite users of older ones
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New networks try to invite users of older ones
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Networks connect to each other

He used Pinterest to dive deep

= Welcome to Pinterest, the world's catalog of ideas
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Creating an account means you're okay with
Pinterest's Terms of Service, Privacy Policy
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Networks connect to each other

.U Pinterest, the world's .

Ii Continue with Facebook




Some information is shared between networks

@ Pinterest

INFO YOU PROVIDE TO THIS APP:

Public profile (required)

Sina Sajadmanesh, profile picture, 21+ years old, male and other
public info

Friend list

Navid , Mohammad and 186 others

Email address

sina.sajadmanesh@gmail.com




Networks can use information from each other

@ Pinterest

INFO YOU PROVIDE TO THIS APP:

Public profile (required)

Sina Sajadmanesh, profile picture, 21+ years old, male and other
public info

Friend list

Navid , Mohammad and 186 others

Email address

sina.sajadmanesh@gmail.com




Problem: Anchor Link Prediction
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Problem: Anchor Link Prediction
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Why do users join a new network?

[ Attractiveness of the ] < Fersona\ \:ac“'of‘.s

target network

Dissatisfaction from the
source network

Number of friends in the
target network

Intimacy between friends
] —— in the target network
ocra\ \:ad'or‘s
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Why do users join a new network?

Number of friends in the
target network

Intimacy between friends
] —— in the target network
oC\S\ Fac*of‘s
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Meta-Path-Based Approach

SieE0o

User Location Post Word Time

Hej'er‘oqeneous informa‘hon
13 Network Schema: Samp\e Nejwor‘k Sc\nema
Meta structure of a heterogeneous network
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13 Meta-Path:
* A path defined over network schema
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Number of friends in the target network

#ins'l'ances o\c‘ﬂ\is me'l'a—pa‘ﬂm 5 #\cr‘ienc‘s n 'Hhe 'far‘qe'l' ne‘(’wor‘k
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Connector Meta-Paths
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How to model similarity?

Simi'ar‘?f\’ me‘fa—pa'ﬂ\s
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Intimacy between friends in the target network
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Recursive Meta-Paths
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Classification
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13 Twitter as source network:

C Con‘faininq a,oou‘l' gk users wfﬂn a‘l’o‘l’a| o]t 8m fweels

13 Foursquare as target network:

O Con’faininq a,pou‘l' Sgk users wfﬂn a ‘fo'l'al of 4t8|< ‘hps

13 Common users: E FOURSQUARE
O WY)OM"' Sk sLarecl users

) Ground truth:
C Fosn'hve Samp|es: Common users wLo _')oinec] ‘fwiﬂ'er Lefor‘e four‘scluar‘e

C Neqa‘hve Samples: Non"ancl\or‘ users 20/26



Experiment Settings

13 Comparison methods:

® CICE consistert incidence co-factorization

® CMP. conmector mefa—paths only

® RMP. recursive meta—paths only

® CRMP beth conmector and recursive meta-paths

13 Experiment setup:

o ]jS() posfhve samp|e.s
o ]j%]. neqa‘hve samp|es

® g-\tou cr‘oss-valiga'hon wan Iinear‘ SVM
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Experiment Results

Eﬁec’l’ of Le’l’er‘oqeneov«s infor‘ma'hon
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Experiment Results

Eﬁee’f of r‘emaininq anc]nor‘ Iinks
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Experiment Results

Eﬂ:ec‘l' Of newness of'i'ar‘qe'l' ne‘l’wm‘k
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Experiment Results

Eﬂ:ec'l' of simi|arﬂ'\{ e)d'ension
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Conclusion

B Problem:
o an)nor‘ |iv\|< pr‘erjic‘hon

o Dﬂer‘evﬂ' from conven‘hona| Iink Pf‘etjic-hon
B Method:

o Q me‘fa-'pa‘ﬂn—LaseJ appf‘oacl’l
> Covmec'for‘ an(J Recw‘sive me‘fa—pa‘ﬂ]s ﬂmJe' Jiﬁeren‘f

aspec‘l's of socia| fac'for‘s
B Future Works:

o To moJe' per‘sona| fac'{'or‘s as we”

® To predictthe fime of link creation
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Thank You!
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sajadmanesh@ce.sharif.edu
rabiee@sharif.edu
khodadadi@ce.sharif.edu



