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1. Motivation

I Motivated by word-of-mouth and viral marketing

I Most in�uential users within a spatial region
I Best people to spread the word and raise largest possible attention

2. Problem De�nition

Location-Aware Social Network

I Set of users U , set of locations L, set of check-ins C , social graph
G (U ,E )

Propagation model MIAwoT

I Propagation probability
I pxy for edge (ux , uy) of social graph G , degree of in�uence
I p(πxy) for path πxy(ux , . . . uy) on social graph

I User ux in�uences uy only via maximum in�uence path (mip) π∗xy

p(π∗xy) = max∀πxy∈G{p(πxy)}

Regional users UR

I Set of users checked-in at a location inside spatial region R

Locality γR

I Probability of checking-in inside region R

γR(ux) =
|C (ux) inside R |
|C (ux)|

Regional in�uence IR

I Likelihood of in�uencing regional users

IR(ux) =
∑
∀ui∈UR

p(π∗xi) · γR(ui)

Problem k-RIL

Find subset of k regional users T ⊆ UR : ∀ui ∈ T and
∀uj ∈ UR r T , IR(ui) ≥ IR(uj)

Example

Locations L Check-ins C

Propagation

probabilities Social graph G (U ,E )

I Regional users, UR = {u1, u4, u5, u6}
I Propagation model

I mips for u1

π∗
11
(u1), π

∗
14
(u1,u2,u3,u4), π

∗
15
(u1,u2,u5), π

∗
16
(u1,u2,u5,u6)

I Distance matrix D

u1 u4 u5 u6
u1 0 1 0.4 1.1
u4 1 0 0.7 1.4
u5 0.4 0.7 0 0.7
u6 1.1 1.4 0.7 0

I Regional in�uence (for simplicity, γR(·) = 1)

IR(u1) = 1 + 3/8 + 2/3 + 1/3 = 2.375
IR(u4) = 3/8 + 1 + 1/2 + 1/4 = 2.125
IR(u5) = 2/3 + 1/2 + 1 + 1/2 = 2.666
IR(u6) = 1/3 + 1/4 + 1/2 + 1 = 2.083

3. Computing Regional In�uence

I Based on closeness centrality

I Set of edges weights W
I For edge (ux , uy) of social graph G , wxy = −lnpxy
I Social distance d(ux , uy), sum of weights on shortest path from ux to
uy on G

I Propagation probability of an mip

p(π∗xy) = e−d(ux ,uy )

I Regional in�uence

IR(ux) =
∑
∀ui∈UR

e−d(ux ,ui) · γR(ui)

4. The DRIC algorithm

Input: social graph G (U ,E ); set of weights W ; set of locations L; set of
check-ins C ; spatial region R ; value k

Output: top-k list T
Variables: set of regional users UR , social distance matrix D
UR ← GetRegionalUsers(U , L,C ,R);
foreach ui ∈ UR do

D ← Dijkstra(ui ,G ,W ,UR);
IR(ui)← ComputeRegionalInfluence(ui ,UR ,D);
push ui to T ;

return T ;

5. Experiments

Dataset |U | |E | |L| |C |
Gowalla 197K 950K 1.3M 6.4M
Brightkite 58K 214K 773K 4.5M
Foursquare1 18K 116K 43K 2M
Foursquare2 11K 47K 187K 1.4M

I Response time (sec) varying query selectivity, k = 5

Dataset
|UR |/||U | (%)

0.1 0.2 0.3 0.4 0.5

Gowalla 140.6 262.1 432.5 590.6 1148.6
Brightkite 9.6 17.9 26.8 42.1 71.5
Foursquare1 0.9 2.3 3.2 5.8 11.2
Foursquare2 0.2 0.4 0.6 0.9 1.9


