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Introduction

A Search
I Transactions> spatial objects> people?

A Existing graph analysis and mining are not fully social

applicationraware

I Group: communities, clusters, connected components, cliques
I Structure: frequent patterns, triangles, spiders, motifs

A Application-aware
I How to make life easier and create more revenue?

A Our contributions

I Finding applicatiorawaregroupsandstructures
In online social networks

I More difficult because more dimensions/constraints are
Incorporated
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Social Temporal Group Search

A Automatic activity planning service is desirable
I Tedious manually coordination via email, phone, messenger

I The time is ripe
B 4] Google

A New query: sociatemporal group query (STGQ)
I Givenactivity sizelength, social radiusndacquaintancdimit
I ldentify a set of activitattendeesand suitablgime slots
I Minimize the total social distance (Nfard)

A ILP formulation and algorithm design

I Radius graph extraction, access ordering
I Pivot time slot, distance pruning, acquaintance pruning

A O 8ocialTemporal Group Query with Acquaintance Constraidt. DB, 2011.
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Social Group Searah

From Temporal to Spatial
A Extension to impromptu activity organization

i Locations of nearby friends - 00

FlndMe.org L Og J .

A New query: sociakpatial group query (SSGQ)
I Givenrally point activity sizesocial acquaintancemit
I Minimize the total spatial distance to the rally point dN&rd)

A Social RTree

I Hierarchically cache the social and spatial info
I Organize the social info with different social limits

A ILP formulation and algorithm design

i O 8ocioSpatial Group Query for LocatieBased SocidN e t w 0 AGMKD® 2012.
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Implementation and User Study

A User study of 206 people (manually coordination)
I SSGQ is much faster (mgaconds v.s. seconds or minutes)

I SSGQ solutions are better (2584 distance reduction)
I SSGQ solutions are more accurate (100% v-806t)
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Social Group Searah

From Temporal to Spatial
A One rally point to multiple rally points

I SSGQ: find a group to minimize spatial distance to a rally point

I MRGQ: find airof a group and a location which incurs the
minimum spatial distance among all possible pairs

A New query: Multiple rallypoint social spatial group
query (MRGQ)

I Givena set of rally pointsactivity sizesocial acquaintanckemit

I Find a<group, rally pointpair that has the minimum spatial distan
A Hardness

I NPHard but polynomiatime solvable in Threshold Graph

A Indexing and pruning

I Indexing users with-Rree, indexing rally points witBallTree

I Sociespatial ordering, Alpair distance ordering, Inndriangle distance
pruning, outertriangle distance pruning, activity location distance.prunin

I A S o-SpatalGroup Queries for Impromptu Activity PlannindEEE TKDE, 2015.
) Sade? -




Willingness Optimization for

Group Search

A Willingness optimization
I Interest + social

i max W (F) = max i+ > Ty u

UiEF "UjEFIGi’jGE

I NRHard (with reduction fronDk3 @Udiz |
A Parameter settings for varied scenarios

I Friend and foe
I Exhibition and concert

A Connected or disconnected, which one more difficult?

I Previous two works return unconnected social groups
I disconnected> connected

A Wi | | iOpgnizatisndor Social Group Activity YLDB, 2014.
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Willingness Optimization for
Group Search

A Randomized algorithm with a performance bound
I Selection of seed nodes
I Computation budget allocations of seed nodes with sampling
I Neighbor differentiation with crosentropy distance
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A Comprehensive Study ®&dillingness Maximization
for Social Activity Planningith QualityGuarantee

A Willingness and activity cost optimization
I Interest +social + activity cost
UF)=Y (m+ Y  mj)—BC(F]).

v, €F vjEF:e; ;EE
i Still NRPhard (vith reduction fromWASO)
i The number of enumeration will be (compared witho ).
i The user studghows that is0.5140n average.
A Randomizedalgorithm with a performance bound
I Computationabudgets #dlocation to different sizes and start nodes

AAomprehensive Study on Wi llingness Maximization f
TKDE, 2015.
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SpatiatProximity Optimization for Rapid
Task Group Search

A Crucial factors for task groups
I Team transport and rapid response (spatial domain)
I Team member skills (skill domain)
I Team social rapport (social domain)

A New Query:SpatioSocial Team Query (SSTQ)

I Givenrequired skill setquery point hop constraintspatial constraint

I Find a group while covering the required skills, satisfying hop and spati
constraints, and minimizing the total spatial distance to the querying po

A Problem Analysis

I NPHard
I Inapproximablewithin any factor unless P=NP

fiSpatialPr oxi mi ty Optimization for Rapi20l6.Task Group Dep
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SpatiatProximity Optimization for Rapid
Task Group Search

A Proposed algorithms

I AIn|T| approximation algorithm with guaranteed error bouredS Tprox
A T is the set of required skills

I Two database query algorithms that finds the optimal soluti@isliFirst
SpatialFirst
A With effective ordering and pruning strategies

A Performance Evaluation
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g B SSTprox - _ ° 100%
= 600 B LE+07 2 2 80%
& 400 2 1E+05 Zz 60%
= i = 40%
ﬁ' 200 - £ 1.E+03 \W B 209
- 7 % 7 . = o T
5 o [ . S1E+01 —x = 0%
b - - - - -
= 20 30 40 50 60 s 30k 60k 90}{ 120k 150k 30k 90}; 150k
V| (Myp=3 S =350k VI V]

Institute of Information Science, Academia Sinica




Maximizing FrieneMaking Likelihood for
Socialization Group Search

A For organizing socialization activities
I Faceto-face friendmaking (dating) activitie -
i Via online social network services = s
A Gap between existing activity organization and friend

recommendation in OSNSs
I Activity organizationextracting socially cohesive groups from OSNs

I Friend recommendatiarfinding potential new friends
A Model the social network as heterogeneous graph
Individuals (vertex), existing friend (friend edge), potential friend (poten

edge)
Weights on potential edges: frieamaking likelihood (obtained from link

prediction algorithms)

nHriendMuking Likelihood for Social Activity OrganizatigpnBAKDD, 2015. Best Paper Runndip Award

A Max i
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Maximizing FrieneMaking Likelihood for

Socialization Group Search

A New problem: hopbounded maximum group friending

I Given heterogeneous social graph, hop and group size constrain

I Find a group that maximizes the total weight on incident potentia
edge while ensuring the social tightness (hop constraint), and the
group is sufficiently large

I NRHard andnapproximablewithin any factor

A Algorithm design

I 3-approximation algorithm with guaranteed error bound

A User study

+User(h=2) BUser(h=3) W User FeaRatio B User_ObjRatio W User Satisfaction
oMaxGF(h=2) AMaxGF(h=3) O MaxGF_FeaRatio OMaxGEF_ObjRatio 10024
200 100% )
80%%
2600 2 80% = 60%
2 400 z : 0
E 200 60% = 40%
0 a & a 40% 20%
10 14 18 2 10 14 18 2 0%
Vie=2) [V] (b=2, p=2) User  DkS  MaxGF
(a) Required Time. (b) FeaRatio and ObjRatio. (c) User Satisfaction.
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Viral Marketingg Seed Search

A Viral marketing in social networks

I Word-of-mouth social influence via social network applications
I Previous: spread maximization for a single product
A Seed selection problem for broadcasting (only social dimension)

A Our observations | » | ¥ 4 B.4%
i Product purchase decisic 'wngSOC'a dianping.com

A Social dimension preference dimension O
I Productbundling

A New problem: product bundling “') renren

i Choosing given number of product itenfisr
spread maximization

i NRHard (from frequent patterns mining) Eﬂ |

ARIAIE

weibo.com

fi O Bundle Configuration for Viral Marketing in Social Network&CM CIKM, 2012.
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Active Friending; Intermediate Search

A No active friending service exists in social networking
websites

I Existing websites suggest possible friends passively
I A user may want to make friend with a desired one actively

A New problem: acceptance probability maximization
(APM)
I Giveninitiator, friending target andinvitation budget
I ldentify a set of users to send invitations iteratively
I Maximize the acceptance probability of the target
I NPhard (not in APX) in general graphs

A Algorithm design

I A polynomiaitime algorithm to find the optimal solution in MIA

A Ma x i mNcceptamag Probability for Active Friending in @me Social Networks ACM KDD, 2013. featured by
MIT Technology Review and ACNlechNew3

A R o u &and &cheduling of Social Influence Diffusion in Online Social Networks | EEE | CDCS, 20



Pattern-Preserving Social Graph Generato

A Most social real datasets contain only millions of
nodes
I Difficulty in crawling real datasets in social websites

A The problem of generating synthetic graphs is to
maintain the distinguishing characteristics of real
world networks

I Node degreedegree distributiondiameter, andclustering
coefficient

A However, no one has aimed to preserve tfirequent
patternsin data mining for synthetic graphs

fi O Rattern Preserving Graph GeneratideEE ICDM, 2013.
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Pattern-Preserving Social Graph Generatao

A We proposea PatternPreservingsraphGenerato(PPGG)

I Largesingle unlabeledgraph with the target node number, degree
distribution, and clusteringcoefficient andthe frequent patternswith

the requiredsupports OERM OKronecker APPGG »Real

A PBGGontainstwo phases 2.E-01
. ~2.E-01
i Phasel: PatternOverlappingPhase % | pol
I Phase2: GraphAugmentationPhase 5.E-02 2 X,
T : : 0.E+00 % ~ R
A Generatea billion-node graphin mins 0 5 10 ¥
BERM #&Kr ker ¥PPGG
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Detecting Social Network Mental Disorders
and Forming Therapy Groups

A Social Network Mental Disorders (SNMDs)

I CyberRelationship Addiction, Information Overload, Net Compulsion
I Usually observed passively (e.g., by teachers or parents) Y 1

A To detect such mental disorders Barly Stage
I Online usage timenly moderately correlated
I Propose SNMD Detection (SNMDD) framework _

e
OCI c-
ecn e

Image source: http //WWW mediabistro.col
alltwitter/tag/sociaimediaaddiction

A And to Form therapy groups for the identified patients

I Three important criteriai] unfamiliarity of patients (ii) similarity of
symptoms (i) therapy group size
I FormulatePatient Selection for Group Therapy (PS@Dplem

A F o r M@nlinegsupport Groups for Internet and Behavior Relatedd i ct i ons, 06 ACM CIlI KM 2
fiMining Online Social Data for Detecting Social Network Mental Disordeys WWW 2 0 1 6 .
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Detecting Social Network Mental Disorders
and Forming Therapy Groups

A Features extracted for detecting SNMDs

I Social Interaction Feature®arasociatelationshig On/Off-line ratio,
Social Capitabocial Searching and Browsing

I Personal FeaturesselfDisclosure Based Featurg¢Selfies, Emoticons,
Stickers, Ratio between Like and Commen®nporal Behavior Features
Disinhibition Based Featurd3rofile Features

I Employ SVM classifier for prediction

A Patient Selection for Group Therapy (PSGT)

I Given social network and the similarities among each pair of patients

I Find a subgraphl such that:1) each pair of patients il are neither
friends, nor friend of friend2) H hasno fewerthan p nodes;3) maximize
the similarityof the selected patients iHl

I PSGT inNRHardto solve,andinapproximablewithin any factor
I Propose arerror-bounded 3approximationalgorithm
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Evaluation

dzZa SNB Q CI

A{ba5 5SUSOGA2YY pnn
Instagram Facebook
Measure Duration Social Personal SNMDD Duration Social Personal SNMDD
Acec. 0.414+0.03 0.724+0.01 0.824+0.02 | 0.84=+0.01 || 0.42+0.02 0.75x0.08 0.84+0.03 10.90+0.02
Micro-F1 0.484+0.02 0.824+0.01 0.924+0.04 | 0.94=0.01 )| 0.51+0.04 0.85x=0.02 0.944+0.01 ]10.97+0.01
Macro-F1 | 0.39+0.02 0.74+0.01 0.88+0.02 | 0.95+0.01 || 0.38+0.02 0.79+=0.02 0.90+0.03 ]0.98+0.01

A PSGT validation and evaluation: 11 psychiatrists were invited

mObjRatio Psych FeaRatio B Comparison of TPSel's Groups to
&Psych Time ®IPSel Time | Psychiatrists' Groups
1000 g43  o15e 100%
o 750 75%
b =
g 500 ;c:-s' 50%
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250 5% .
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(IVI,[E]) Worse  Acceptable Helpful

(a) Time and Obj. Value.
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(b) Surveyed Opinions.
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Conclusion

A Application-aware group search

I Societemporakspatial group query for auto activity planning
I Willingness optimization for a group
I Rapidtask group formation

A Application-aware seed and intermediate search

I Bundle configuration for viral marketing
I Active friending

A Other important issues
I Massive graph generation preserving frequent patterns
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