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Background

Community detection in network 
community: 

densely connected in links
common topic in contents

Network data: 
links between nodes: e.g. citation between papers
content describing nodes: e.g. bag-of-words for papers



Background

Most work on community detection
Link analysis, but links are sparse and noisy
Content analysis, but content can be misleading

Combing link and content
Most are based on generative models

link-model + topic-model, connected by the 
community memberships



Our contribution

Problems with existing link models
Links determined only by community memberships
Our contribution: introduce popularity of nodes

Problems with existing content analysis
Generative model, vulnerable to irrelevant attributes
Our contribution: discriminative content model



Notations

nodes

directed links
link-out space of node i
link-in space of node i

nodes cited by node i

nodes cites node i

community of node i

community membership of node i
content vector of node ixi ∈ Rd

zi ∈ {1, · · · ,K}

V = {1, · · · , n}
E = {(i→ j)|sij 6= 0}
LO(i) ∈ V

γi = (γi1, · · · , γiK)

LI(i) ∈ V

O(i) ∈ V
I(i) ∈ V



Popularity-based Conditional Link 
(PCL) model

Model conditional link probability:
Probability of creating a link from node i to node j 
Popularity of node i:  

Large popularity high probability receiving a link

Pr(j|i)

bi

Pr(j|i) =
KX
k=1

Pr(zi = k|i) Pr(j|zi = k)

=

KX
k=1

γik
γjkbjP

j∈LO(i) γjkbj
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Analysis of PCL model
PHITS model

PCL model

Pr(j|i) =
KX
k=1

γik
γjkbjP
j γjkbj

Pr(j|i) =
KX
k=1

Pr(z = k|i)Pr(j|z = k) =
X
k

γikβjk
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Discriminative Content (DC) model

A discriminative model that determines community 
memberships by node contents

where wk ∈ Rd weights different content features

Pr(zi = k|i) = yik =
exp(wTk xi)PK
l=1 exp(w

T
l xi)



Discriminative Content (DC) model

A discriminative model that determines community 
memberships by node contents

PCL +                  DC

where wk ∈ Rd weights different content features

Pr(zi = k|i) = yik =
exp(wTk xi)PK
l=1 exp(w

T
l xi)

γik =
exp(wTk xi)PK
l=1 exp(w

T
l xi)

Pr(j|i) =
KX
k=1

γik
γjkbjP
j γjkbj



Optimization Algorithm

EM algorithm
E step: bound log-likelihood from below
M step: maximize lower bound over w, b

Find optimal parameters by maximizing the log-
likelihood of data

{w, b}∗ = argmax
w,b

logL =
nX
i=1

X
j∈LO(i)

bsij log Pr(j|i;w, b)
where bsij is the normalized link from node i to j



Experiments

Data set #nodes #links content labels K description
Political

Blog
1490 19090 no yes 2 Blog 

network

Wikipedia 105 799 no no 20 Webpages
hyerperlinks

Cora 2708 5429 yes yes 7 Paper
citation

Citeseer 3312 4732 yes yes 6 Paper 
citation 

Data sets



Experiments: link prediction

Baselines: PHITS, PCL-b=1(constant popularity) 
Recall  measure

PCL performs better than PHITS

Modeling popularity better than without modeling popularity 



Experiments

Community detection on two paper citation data sets



Link model: PCL is better than PHITS
On combining link with Content:

PCL+ content-modela performs better than 
link-models + content-modela
Link-models + DC performs better than 
link-model + topic-model
PCL + DC performs better than the other 
combination models

Experiments



Conclusion

A unified model to combine link and 
content
A conational link model capture popularity 
of nodes
A discriminative model for content analysis
Encouraging empirical results



Questions?

Thanks


