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Abstract—Social media is emerging as a new mainstream means
of interacting around online media. Social influence mining in social networks is therefore of critical importance in real-world applications such as friend suggestion and photo recommendation.
Social media is inherently multimodal, including rich types of user
contributed content and social link information. Most of the existing research suffers from two limitations: 1) only utilizing the
textual information, and/or 2) only analyzing the generic influence
but ignoring the more important topic-level influence. To address
these limitations, in this paper we develop a novel Topic-Sensitive Influencer Mining (TSIM) framework in interest-based social
media networks. Specifically, we take Flickr as the study platform.
People in Flickr interact with each other through images. TSIM
aims to find topical influential users and images. The influence estimation is determined with a hypergraph learning approach. In
the hypergraph, the vertices represent users and images, and the
hyperedges are utilized to capture multi-type relations including
visual-textual content relations among images, and social links between users and images. Algorithmwise, TSIM first learns the topic
distribution by leveraging user-contributed images, and then infers the influence strength under different topics for each node
in the hypergraph. Extensive experiments on a real-world dataset
of more than 50 K images and 70 K comment/favorite links from
Flickr have demonstrated the effectiveness of our proposed framework. In addition, we also report promising results of friend suggestion and photo recommendation via TSIM on the same dataset.
Index Terms—Hypergraph learning, influencer mining, topic
modeling.

I. INTRODUCTION

T

HE emergence and rapid proliferation of social media networks provides users an interactive sharing platform to
create and share content of interest. For example, every minute
of the day in 2012, there are 100,000 tweets sent on Twitter,
48 hours of videos uploaded to YouTube, and 3,600 photos
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shared on Instagram.1 In Flickr, users uploaded 1.54 million
photos per day on average in 2012.2 In such interest-based social networks, users interact with each other through the content
of interest. Such interactions forming the social links are well
recognized forces that govern the behaviors of involved users
in the networks. For example, in Flickr when a shutterbug accesses a popular photo from a photographer, he may contact the
photographer later. Photographers with popular photos in the
network usually garner rich social links such as contacts, photo
comments and favorites. Accordingly the photographer as well
as his popular photos largely exhibits high influence in terms
of the topic “photography”. Mining such topic-sensitive influencers can enable a variety of applications, such as recommendation, social search, influence maximization for product marketing and adoption, etc.
Recently, social influence analysis has received extensive research interest. Considerable work has been conducted to validate the existence of influence [2], [12], or model influence in
homogeneous networks [38], [46]. While work focusing on analyzing the direct social influence is important, mining influence
strength at the topic-level in heterogeneous networks has been
largely ignored. To this end, Liu et al. [26] mined the topic-level
influence by utilizing textual information and link information.
There is also work that exploits the rich social media information to quantitatively measure social relationship strength of
users [55]. However, little work has been devoted to addressing
the problem of influence strength measurement with awareness
of topics of interest and combination of heterogeneous data from
multiple modalities simultaneously in social media networks.
In interest-based online social media networks, users can
easily create and share personal content of interest, such as
tweets, photos, music tracks, and videos. The large-scale
user-contributed content contains rich social media information
such as tags, views, favorites, and comments, which are very
useful for mining social influence. Fig. 1(a) illustrates the 10
most popular videos in YouTube of 2012.3 It is obvious that
the popular videos have garnered high number of views and
favorites. For example, PSY-GANGNAM STYLE has received
more than 15 billion views and 7 million favorites. Fig. 1(b)
presents the three most influential tweets in 2012.4 President
Barack Obama’s tweet about election has received more than
0.8 million retweets and 0.3 million favorites in over 200
countries. Evidently Obama is influential in terms of the topic
1http://thesocialskinny.com/216-social-media-and-internet-statisticsseptember-2012/
2http://www.flickr.com/photos/franckmichel/6855169886/
3http://www.youtube.com/charts/videos_views/
4http://news.menshealth.com/influential-tweets/2012/12/18/
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Fig. 1. (a) YouTube’s most popular videos of 2012. (b) Three most influential tweets of 2012. (c) An example photo from Flickr.

Fig. 2. The proposed framework for TSIM.

“politics” as well as the election tweet. The social links such
as views, favorites, and retweets, indicate certain influence
in the community. Since the content of interest is essentially
topic-specific, the underlying social influence is topic-sensitive.
Fig. 1(c) further shows an example photo from Flickr. The
photo shared by Jeremy contains both content and social link
information. The content of the photo including visual content
and associated tag information reflects the topic of interest (e.g.,
landscape). Social links such as comments and favorites, indicate the underlying influence of Jeremy and the photo in the
social circles. Users who comment on or favorite the photo
are influenced by Jeremy. Jeremy exerts indirect influence on
the users who favorite or post comments on the photo. The
basic premise behind our work is that in interest-based social
networks, on the one hand, the content of interest created and
shared by users contributes to the distribution of common topics
in the community; on the other hand, social links between users
and images indicate the underlying influence in the networks.
In this paper, we investigate the problem of Topic-Sensitive Influencer Mining (TSIM) in interest-based social media
networks. TSIM aims to mine topic-specific influential nodes
in the networks. In particular, we take Flickr, one of the most
popular photo sharing websites, as the social media platform
in our study. There exist two challenges with TSIM. First,
since the Flickr network is multi-modal and heterogeneous,
it is not trivial to effectively exploit the rich social media
information to learn the topic distribution for users and images
accurately. Second, how to leverage both node-specific topic
distribution and network structure to quantify social influence

at the topic-level has no off-the-shelf solutions. Based on the
aforementioned premise, we address the problem of TSIM by
exploring the content of images and social links. The influence
measurement of users and images is determined with a hypergraph learning approach. Different from previous hypergraph
learning methods [25], [20], [37], [56], [23] incorporating
different relations into one regularizer for learning task [53],
our proposed method utilizes different relations for different
learning purposes. Specifically, we utilize visual-textual content relations to construct homogeneous hyperedges for the
topic distribution learning and social link relations to construct
heterogeneous hyperedges for influence ranking in the network.
Fig. 2 shows the framework of our proposed approach for
TSIM, which primarily consists of three learning stages: hypergraph construction, topic distribution learning, and topicsensitive influence ranking. First, a unified hypergraph is constructed to model users, images, and multi-type relations in the
Flickr network. Visual-textual content relations among images
are used to construct homogeneous hyperedges. Social link relations between users and images are used to generate heterogeneous hyperedges. Second, due to the sparse contextual links
of images, informative images with rich tags are selected to
learn the topics by employing the hypergraph regularized topic
model with homogeneous hyperedges. We obtain the topic distribution for all images and users via the collaborative representation based similarity propagation. Finally, a hypergraph
ranking algorithm based on affinity propagation is performed
on the hypergraph with heterogeneous hyperedges to obtain the
topic-specific social influence for users and images. We have
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conducted experiments on a real-world dataset from Flickr to
validate the effectiveness of our proposed approach. In particular, we apply our model to the social tasks of friend suggestion
and photo recommendation, in which it has shown superior performance.
The contributions of our work can be summarized as follows:
1. We study the problem of topic-sensitive influencer mining
(TSIM) in interest-based social media networks by exploring and combining content and social link information
in multimedia domain.
2. A hypergraph learning scheme is presented to learn the
node topic distribution and determine the node topic-specific influence in the networks.
3. We collected a real-world dataset from Flickr including
more than 2.3 k users, 556 k images, and 70 k social links.
Comprehensive experiments are conducted to validate the
effectiveness of our method.
The structure of the paper is as follows. Section II reviews
the related work. Section III introduces the hypergraph learning.
Section IV formulates the problem and elaborates the proposed
approach. Experimental results are reported in Section V. Finally, we conclude the paper in Section VI.
II. RELATED WORK
In this section, we briefly introduce the related work on social
influence analysis, hypergraph learning, image content analysis,
and topic modeling.
A. Social Influence Analysis and Social Media Mining
Analyzing social influence in social networks has received
considerable attention [12], [35], [2], [38], [26]. Early work
[35], [2] proposed methods to qualitatively validate the existence of influence. [12] studied the correlation between social
similarity and influence. Further work [38], [26] analyzed social influence at the topic-level in heterogeneous networks by
using graphical probabilistic models and combining textual information and link information. Recent work [46], [55] has attempted to quantitatively model the strength of social connections between users. All the above work either considers influence irrespective of the underlying topics or only utilizes limited information, without considering more sophisticated social
media information. Our work closely relates to [45], which proposed the TwitterRank algorithm to identify influential users
in Twitter. Our motivation is similar to TwitterRank, however,
we study the problem in the social media networks containing
multi-modal entities and heterogeneous relations. Consequently
we develop a different methodology using hypergraph learning
to exploit rich social media information to mine the influential
nodes in the networks, instead of only utilizing textual feature
as described in [45].
Social media networks contain rich content and context-specific information, which are valuable sources for mining different kinds of knowledge based on the analysis of implicit
social graph structures. Papadopoulos et al. [32] presented a
comprehensive survey of community detection in the context
of social media. Bu et al. [9] addressed the music recommendation problem in music communities by using multiple social
media information and music acoustic-based content. Zhuang

et al. [55] studied how to infer the continuous social strength in
the social media communities by leveraging the multiple data
sources via kernel-based learning. Xie et al. [47] proposed visual memes for tracking and monitoring real-world events on
YouTube. Cheng et al. [11] studied personalized travel recommendation by leveraging the freely available community-contributed photos to mine people attributes and demographics for
different locations and travel paths.
B. Hypergraph Learning
Recently, there has been great interest in learning with hypergraph [1], [53], [24], [9], [51], [25], [20], [37], [56], [23].
Hypergraphs have been employed in many data mining and information retrieval tasks, such as image retrieval [24], [56], [20]
and classification [24], [51], for its effectiveness in high-order
sample relationships modeling. Zhou et al. [53] proposed a general hypergraph framework and applied it to clustering, classification, and embedding tasks. Bu et al. [9] proposed a unified
hypergraph learning approach for music recommendation. Liu
et al. [24] proposed a transductive learning framework for image
retrieval. This approach constructs a hypergraph by generating
a hyperedge from each sample and its neighbors, and hypergraph-based ranking is then performed. This work demonstrates
the effectiveness of hypergraph model in capturing higher-order
relationship. In our proposed method, hypergraph is employed
to effectively model users, images, and various types of relations in the Flickr network. Our hypergraph learning method
combines the content of images and social links to determine
the topic-specific influence for users and images in the network.
C. Image Content Analysis
Using different types of features with transductive learning
has been well studied in some semi-supervised learning tasks,
such as classification [50], [51], matching [48], retrieval [49],
and annotation [4], [5]. Effectively combining multiple features
to learn a proper representation is crucial in the applications.
The works in [50], [51], [48], [49] combined multiview visual
features to learn a comprehensive representation and achieved
superior performance in different tasks. In our work, we combine textual and visual features to learn the latent topic representation in a principled way, and then explore the social interactions to identify influential nodes in the networks. The features
in our work are multi-modal and heterogeneous. We employ hypergraph learning to effectively exploit such features towards
our goal. Our work also relates to image retrieval [36], [15],
[41], [39]. The works in [41], [39] explored the labeled feedback samples for reranking in image and video retrieval. Our
methodology contains a similar learning scheme that we first
select informative samples for learning the latent topic distribution and then propagate the topic distribution to the remaining
samples.
D. Topic Modeling
Related work also includes topic modeling. Topic models,
such as PLSI [22], LapPLSI [10], LDA [8], SLDA [7],
Corr-LDA [6], Topic-Link LDA [27] have shown impressive
success in many fields. Corr-LDA and the methods in [44],
[28] jointly model textual and visual features for latent topic
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is assigned a weight
. The hypergraph can be denoted
by a
incidence matrix with entries as:
(1)
Based on

, the vertex degree of each vertex

is
(2)

and the edge degree of hyperedge

is
(3)

Let
and
denote the diagonal matrices of the vertex degrees and the hyperedge degrees, respectively. Let
denote
the diagonal matrix of the hyperedge weights, i.e.,
(4)

representation. Topic-Link LDA is developed to jointly model
document topics and author community. LapPLSI extends the
traditional PLSI by adding an intrinsic smoothness penalty
term, which is represented by the ordinary graph Laplacian.
We use the Laplacian on the hypergraph to capture textual and
visual similarity constraints as a regularization term with PLSI
to well learn the topic distribution.
Related work also includes graph ranking. Graph ranking
plays an important role in many applications such as web
search and social computing. There are many existing algorithms for ranking on graph [19], [31], which have shown great
performance in various applications such as relevance ranking
in search.

The hypergraph can be applied to different machine learning
tasks [53] e.g., clustering, classification, ranking, and embedding. We take probabilistic topic modeling, which can be formulated as a regularization framework:
(5)
measures
where is the latent topic distribution function,
how likely the data is generated from the topic model, and
is a regularizer on the hypergraph to measure the smoothness of
topic distributions, and is the regularization parameter. The
regularizer
on the hypergraph is defined as:

III. A BRIEF INTRODUCTION OF HYPERGRAPH LEARNING
This section briefly introduces the hypergraph learning theory
[1], [53]. In a simple graph, vertices are used to represent the
samples, and an edge connects two related vertices to encode
the pairwise relationships. The graph can be undirected or directed, depending on whether the pairwise relationships among
samples are symmetric or not. A hypergraph is a generalization of the simple graph in which the edges, called hyperedges,
are arbitrary non-empty subsets of the vertex set [1]. Therefore,
the hypergraph can be employed to model both various types
of entities and complex relations, which is extremely suitable
in social media modeling. Previous work [9], [20], [37], [56]
has demonstrated the effectiveness of hypergraph learning in
complex social media objects and relations modeling. In our
work, we employ a hypergraph model towards topic-sensitive
influencer mining. In our scenario, users and images constitute the vertex set. The hyperedges are used to capture different
high-order relations between users and images such as content
similarity relations and social links. In this manner, topic sensitive influence analysis can be conducted in a unified hypergraph
model. For convenience, Table I lists important notations and
definitions throughout the paper.
A hypergraph
consists of the vertex set , the
hyperedge set , and the hyperedge weight vector . Each edge

, and
Let
ized cost function can be written as

(6)
; the normal(7)

is a positive semidefinite
where the hypergraph Laplacian
matrix. It is easy to see that if
, the regularized topic
model boils down to the standard topic model such as PLSI.
If
, the biased regularization model takes into account the
constraint information from hypergraph to improve the performance of topic modeling. The hypergraph regularization framework for topic modeling will be applied in identifying the topics
of interest.
IV. TOPIC SENSITIVE INFLUENCER
MINING VIA HYPERGRAPH LEARNING
A. Problem Definition
This section introduces the topic-sensitive influencer mining
problem. Key notations are listed in Table I. First, we formally
define the problem of topic-sensitive influencer mining (TSIM)
as follows.
Definition 1: Topic Sensitive Influencer Mining. Given a
collection of Flickr users , each user
corresponds
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to a two-dimensional tuple
. An image
is defined as a two-tuple
, where
and
are the content
and social link information of image respectively. The goal
of topic sensitive influencer mining is to learn (1) Node topic
distribution
for each user and
image; (2) Topic-sensitive node influence strength
, where indicates the influence
importance level of users and images on different topics.
Our formulation of topic-sensitive influencer mining is
quite different from existing work on social influence analysis.
Instead of only combining textual information and link information in the networks [26], [38], we propose a hypergraph
learning approach to incorporate multi-modal social media objects and rich heterogeneous link information to measure social
influence at the topic-level. We first introduce the hypergraph
construction process, and then learn the topic distribution for
users and images. Finally, we detail the topic-specific influence
ranking method.
B. Hypergraph Construction
For hypergraph construction, we use two types of vertices
corresponding to the users and images , which constitute the
vertex set denoted as
. The edge set which contains homogeneous and heterogeneous hyperedges is introduced
to capture the multi-type relations among users and images. The
construction of the hyperedges is illustrated as follows:
• Homogeneous hyperedges: The homogeneous hyperedges are used to represent the visual-textual content
relations among image vertices. We construct two types of
homogeneous hyperedges including visual content relation
hyperedge
and textual content relation hyperedge
. For constructing
, we adopt a similar
method in [24] that hyperedges are generated based on
image and their nearest neighbors. In this method, a hyperedge is constructed from a centroid vertex and its nearest
neighbors (so the hyperedge connects
samples). In
our experiment, from each image a 809-dimensional feature vector is extracted as the content representation [54],
including 81-dimensional color moment, 37-dimensional
edge histogram, 120-dimensional wavelet texture features,
59-dimensional LBP feature [30], 512-dimensional GIST
feature [42]. The visual content similarity hyperedge’s
weight is set based on the visual similarity matrix
among images. is calculated according to
(8)
where
denotes the index set for nearest neighbors,
and are feature vectors associated with images
respectively, is a scaling parameter and adaptively assigned
using a self-tuning technique and
, where is
defined as the average of distance values. We set to be 5
to calculate the similarities. Then, the weight for each hyperedge is
. To construct
, we build
a tag vocabulary. Each tag is used to build a hyperedge,
i.e., the images containing the same tag are connected by
a hyperedge. The textual similarity hyperedge’s weight is

set to 1. The homogeneous hyperedges are used to learn
the topic distribution discussed in section IV.C.
• Heterogeneous hyperedges: The heterogeneous hyperedges are utilized to connect image vertices with user
vertices to capture social link relations. Specifically, we
consider two types of heterogenous hyperedges: (1) interaction hyperedge: We build a hyperedge to connect two
users and the images connecting the two users. Specifically, if a user favorites or comments on a set of images
owned by another user, then these two users and the
images are connected by a hyperedge. (2) interest hyperedge: We build a hyperedge for comment and favorite
relations between an image and users. The owner of the
image and the users who post comments on or favorite
the image are connected by the interest hyperedge. All
the heterogeneous hyperedges’ weights are set to 1. The
heterogeneous hyperedges are used to learn topic-specific
influence strength of nodes in the hypergraph, which will
be discussed in section IV.D.
C. Topic Distribution Learning
In this section, we utilize the image vertices and homogeneous hyperedges in the hypergraph to learn the topic distribution. We propose to develop a hypergraph regularized topic
model to fully leverage both content and context information
of images to help learn the potential topics of interest. However, in real-world scenarios, user-contributed social media data
is inevitably noisy and the textual information associated with
images is usually sparse, which makes it difficult to use the hypergraph regularized topic model to learn topics of interest accurately. Therefore, we first select the informative images with
rich tags to identify the latent topics. Then we obtain the topic
distribution for all images via collaborative representation based
similarity propagation. The proposed algorithm for learning the
topic distribution is summarized in Algorithm 1.
Algorithm 1 Topic Distribution Learning
Input: A dataset of images
with content features

. The parameter

.

Output: the Topic Distribution
1: Topic Learning: Identify the latent topics of interest with
and the topic distribution
via the hypergraph regularized
topic model.
2: Topic Distribution Propagation: Compute the topic
distribution
via collaborative representation based
similarity propagation.
3: Compute the topic distribution
.
4: Return

for users with

,

1) Topic Learning by Hypergraph Regularized Probabilistic
Topic Model: Suppose there is a collection of
images
sharing the same set of
potential topics of interest
, and each image is represented as a
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vector of word occurrence
, which are
collected from the associated tags of images. By viewing images
as virtual “documents”, we can apply the Probabilistic Latent
Semantic Indexing (PLSI) [22] to model the generation of each
image and its word co-occurrences by the following scheme:
1. select an image with probability
,
2. pick a potential topic of interest
with probability
,
3. generate a word
with probability
.
The joint probability of an observed pair
can be computed by summing out the latent variable as follows:

(9)
Based on this joint probability, we can calculate the loglikelihood as

(10)
where
denotes the number of times that word
occurred in image . Following the maximum likelihood principle, one can determine the model parameters
by maximizing the relevant part of (10):
(11)
However, the above formulation only considers the textual context information of images and does not encode the content consistency information, which may not result in a reliable latent
space to represent images. Intuitively, images with similar content should share common topics. Therefore, we can use the
content consistency information as a constraint over images to
learn the latent topics of interest more accurately. Formally, we
intend to minimize the proximity of the probability distribution
of similar images by exploring the homogeneous relations among images in the hypergraph and utilizing hypergraph
regularizer, represented by
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(13)

where
is the normalized hypergraph Laplacian.
Based on the definitions of the terms regarding latent variables and content consistency, we now present the hypergraph
regularized topic model for identifying potential topics of interest. The model adopts the generative scheme of PLSI. It aims
to maximize the regularized log-likelihood as follows:

(14)
where is the regularization parameter which is used to control
the balance between data likelihood and the smoothness of the
topic distribution over the images.
2) Model Fitting with Generalized EM: The standard procedure for maximum likelihood estimation of latent variable
model is Expectation Maximization (EM) algorithm [16]. For
our problem, we use the Generalized EM algorithm [29] for parameter estimation in our regularized topic model. In our model,
there are
parameters
to be
estimated. For clarity, we define
and
.
E-step: The E-step of the regularized topic model is exactly
the same as that of PLSI. By applying the Bayes’ formula,
we compute the posterior probabilities for the latent variables
:
(15)

(12)
is the image vertex set and is the image hyperedge
where
set, i.e., the homogeneous hyperedges in the hypergraph. Eq.
(12) further turns into:

M-step: In M-step, we maximize the expected complete data
log-likelihood which is

(16)
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The M-step re-estimation equation for is exactly the same
as that of PLSI because the regularization term does not include
.

(17)

Algorithm 2 Generalized EM for Hypergraph Regularized
Topic Model
Input: hypergraph
. The number of topics of
K, Newton step size , regularization parameter , Termination
condition
Output:

However, there is no closed-form solution in the M-step for .
Based on the concepts of Generalized EM, we re-estimate
by increasing
rather than maximizing it. Formally, let
denote the parameter values of the previous iteration and
denote the parameter values of the current iteration. We first find
which maximizes
instead of the whole
using (17) and (18) for
and respectively.

(18)
and decrease
, by using
We then try to start from
the Newton-Raphson method [10], [33]. Given a function
and the initial value , the Newton-Raphson updating formula
is defined as
, where
to decrease
is the step parameter. With
and putting
into the Newton-Raphson formula, we can decrease
updating
in each step:

,

Initialize the probability distribution

and

randomly.

while (true) do
E-step: Compute

as in (15)

M-step:
Re-estimate

as in (17)

Re-estimate

as in (18)

Compute

from

as in (19)

while

Compute
by

.

do

from

as in (19)

end while
if

then

else
(19)
end if
where is the step parameter, and can be interpreted as a controlling factor of smoothing the topic distribution among the
similar images. We repeatedly update
using Eq. (19) until
. We then test whether
. If not, we reject the proposal
of
and return
as the result of the
M-step, and continue to the next E-step. Our hypergraph regularized topic model shares the same hidden variables with PLSI,
and has a standard E-step as that of PLSI. The M-step generalized EM finds parameters that only “improve” the regularized
log-likelihood of the model rather than maximizing it. This is
specially designed for the parameter estimation of our hypergraph regularized topic model. We summarize the model fitting
approach of the hypergraph regularized topic model by using
EM algorithm in Algorithm 2.
Through the model fitting approach by using the generalized
EM algorithm, we can obtain the probability
for each
, which indicates the distribution of topics of interest of the
image, and the probability
for each topic
which
indicates the distribution of words under each topic of interest.

if (

) then

break;
end if

end while
return
3) Topic Distribution Propagation via Collaborative Representation: As aforementioned, we obtain the topic distribution
for the remaining images via collaborative representation based
similarity propagation based on the learned topics with the informative images. We elaborate this procedure as follows.
Collaborative representation aims to represent input vectors
approximately as a weighted linear combination of the basis
vectors in the dictionary. It has been discussed that collaborative
representation plays a critical role in improving the face recognition accuracy [52]. More formally, collaborative representation codes a signal over a dictionary such that
. The
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dictionary is usually over-complete which leads to a sparse
representation of signal .
Given a set of images
,
are the corresponding content feature vectors, denoting the topic distribution
set as
, where
denotes the size of set of the topic distribution learned from
the hypergraph regularized topic model and is the size of
remaining set needed to assign topic distribution. We take the
set
as the dictionary
and the remaining set
as
input vectors
. We aim to learn the topic
distribution
for
from
with content vectors
and the
topic distribution set .
We apply a locality-constrained coding method to obtain
the topic distribution. For an input vector , we can find its
-nearest neighbors
from the dictionary
. should be relatively small.5 Therefore,
can be reconstructed by the local set
as follows:
(20)
where
are the reconstruction coefficients
of
and
is a noise vector.
We learn the reconstruction coefficients by solving the optimization problem of least square error and -norm regularization. We formulate this as:
(21)
where is the regularization parameter. The -norm regularization term makes the least square solution stable and the construction coefficients a bit sparse.
The solution of (21) can be easily and analytically computed
as
(22)
Let
bution of

be the projection matrix. Denote
as the corresponding topic distri. The topic distribution of can be derived as
(23)

We finally normalize with one-unit as the final topic distribution of . Through this collaborative representation based propagation procedure, we can obtain the topic distribution for all
images. The topic distribution of users can be derived by using
the sum of topic distribution of their images as follows:
(24)
5Referred to the study that naturally occurring data such as images may reside
on a lower dimensional submanifold which is embedded in the high-dimensional
ambient space [34], [40].
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where
is a set of images that are associated with user , and
is its cardinality. We normalize
with one-unit as
the final topic distribution for users.
D. Topic Sensitive Influence Ranking via Affinity Propagation
Based on the learned topic distribution and the constructed
hypergraph, we perform a topical affinity propagation on the
hypergraph with the heterogeneous hyperedges for measuring
influence regarding topics for each user and image. The affinity
propagation [18] algorithm is originally employed for clustering
data to identify a subset of exemplars, which are used to best
account for all other data points by passing similarity messages
between data points. Affinity propagation can be applied whenever there is a way to measure or pre-compute a numerical value
for each pair of data points, which indicates how similar they
are. In our scenario, users exert influence on each other through
images, which is reflected in the indirect user behaviors of favorite or comment links. Users share topical similarity which
can be computed through the connected images and social links.
Hence, we can use affinity propagation to exchange influence
messages between users and images along heterogeneous hyperedges in the hypergraph. The final derived influence messages
between users can be viewed as mutual social influence between users. The algorithm for topic-sensitive influence ranking
is summarized in Algorithm 3. In the algorithm, the influence of
users and images is recursively updated until it achieves the optimal condition. The detailed procedure is illustrated as follows.
Algorithm 3 Topic-sensitive Influence Ranking
Input: Hypergraph

,

,

. The parameter ,

Output: topic-specific influence scores of users and images
.
1: Initialization: Initialize each

.

2: Update social influence for images: Compute
to (33);
3: Update social influence for users: Compute
(26), (27), (28), (29), (30);

according
with (25),

4: Check the optimality conditions step: Return to step 2
until convergence or maximum iteration number achieves.
Learning Influence for Users: Given the constructed hypergraph
, the affinity propagation is performed
between users nodes. We use
to denote the influence score
of user node
on topic . We introduce two sets of variables
and
for each interaction hyperedge
.
Briefly, the AP propagates two kinds of influence messages
between user nodes (see Fig. 3): (1)
sent from user
node
to , which reflects how likely node
thinks he/she
influences on node with respect to topic from the perspective of node , and (2)
sent from user node
to ,
which reflects how likely node agrees that node influence
on him/her with respect to topic from the perspective of node
. We also define the variable
to measure the topical
similarity between user node and
with respect to topic .
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The graph ranking process for users on specific topic
formulated as

is thus

(30)

Fig. 3. Affinity Propagation for learning influence. The dark and blue balls represent users and images respectively. Two kinds of heterogeneous hyperedges
including interaction and interest hyperedges are used to exchange influence
messages.

The influence messages are passed between user nodes and the
updates rules for the variables are as follows:

(25)

is the initial probabilistic influence score of user ,
where
is the iteration number of the random walk process. We initialize
by taking the sum of the topic distribution of images
of user , i.e.,
and is normalized with
1-unit. is a parameter belonging to
and controlling the
probability of teleportation.
We rewrite (30) as
(31)
Eq. (31) has a unique solution derived as
(32)
is the final social influence score vector for users on
topic .
Learning Influence for Images After obtaining the influence
for users, we can calculate the social influence for images using
interest hyperedges. In the hypergraph, an image belongs to
user
and has social links with other users
, thus we
take the sum of the social influence of these users to compute
the influence of
on topic as

where
denotes the interest user nodes set whose images interest user .
is computed by aggregating the influence
score of images in which user is interested.
(26)
where
connecting user

is the aggregated influence score of images
and . We compute
as
(27)

is the influence score of image with respect to
where
topic .
Finally, we can define the social influence score between
and
based on the two influence messages and using the
sigmoid function:
(28)
We further compute the global influence score for each user in
the network by using PageRank with topic based influence. The
transition probability from user
to user
on topic is defined as
(29)

(33)
is the probability of on topic , is a paramwhere
eter controlling the contribution of users, and is the number
of influenced users.
The above process is iteratively updated between user influence learning and image influence learning until convergence or
achieving maximum iteration.
Finally, we obtain the topic-sensitive influence scores for
users and images
in the hypergraph.
V. EXPERIMENTS
In this section, we present various experiments to evaluate the
effectiveness of the proposed topic-sensitive influencer mining
approach on a real-world dataset from Flickr. In this section,
we first evaluate the performance of the hypergraph regularized
topic model on learning topic distribution. We then qualitatively
and quantitatively verify the effectiveness of TSIM and indirectly demonstrate its utility in friend suggestion and photo recommendation.
A. Experimental Setup
Dataset We collected data from Flickr to evaluate our approach. We started from a random user as seed and expanded
the crawling according to his/her contact list in a breadth-first

FANG et al.: TOPIC-SENSITIVE INFLUENCER MINING IN INTEREST-BASED SOCIAL MEDIA NETWORKS VIA HYPERGRAPH LEARNING

TABLE II
THE STATISTICS OF OUR COLLECTED FLICKR DATA

search manner. We downloaded each user’s personal information and each user’s uploaded and shared photos. The social
links including contacts, views, favorites, and comments are
recorded. In this dataset, each user has at least five photos and
each photo has metadata information including textual title and
tags, comments, favorites and view number from others. We
also restricted that each photo has at least one type of social
links, i.e., comment or favorite. The final dataset has 2,314
users, 556,942 photos (Table II).
Implementation Details Based on the analysis of TSIM, we
elaborate on some implementation issues. We concentrate on a
vocabulary of 8479 tags by removing tags that contain numeric
characters, meaningless words, or that are used by only one user.
To learn the topic distribution, we select photos with more than
10 tags to identify the potential topics of interest. The number
of these photos is 102,884 and we obtain the topic distribution of the remaining photos by the collaborative representation
based method. The initial tag membership for each photo in the
training set for topic learning is represented as a 8479-dimensional 0-1 binary vector whose element indicates the presence
of corresponding tags. Considering the computational issue and
topics in reality, we use a number of hidden topics of interest
, which is meaningful
in the regularized topic model
and convenient for social influence analysis. We empirically set
the value of the regularization parameter in (14) to 100, the
value of step parameter in (19) to 0.1. We apply the LSH [14]
method to complete the nearest neighbor search. Considering
the size of dictionary (102,884) and a photo is usually relevant
to a relatively small subset of photos, the parameter in Eq. (20)
is empirically set to 5. The parameter of (21) is set to 0.01. To
compute and evaluate TSIM, the parameter and values in
(31), (33) are empirically set to 0.9 and 0.9 regarding the contributions to social influence respectively. And and in the
evaluation of TSIM for recommendation are optimally tuned on
an independent validation set.
B. Evaluation of Topic Distribution Learning
In our approach for TSIM, we employ the hypergraph regularized topic model to learn the topics of interest by exploiting
both associated textual tags and regularization from the content
consistency of images. To demonstrate how the topic distribution learning performance can be improved by utilizing the high
order relations with the textual and visual content consistency
constraints, we compare between the following methods:
1) Probabilistic Latent Semantic Indexing (PLSI) [22]. We
use the textual tags with PLSI to learn the latent topic representation.
2) PLSI-mixed [28]. We apply PLSI on a simple concatenated
representation of the textual and visual features of images.
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3) Correspondence LDA (Corr-LDA) [6]. We use Corr-LDA
to model the joint distribution of textual and visual features
and learn the latent representation.
4) Laplacian PLSI (LapPLSI) [10]. This extends the standard PLSI by adding an intrinsic smoothness penalty
term, which is represented by the graph Laplacian of
the training data. We consider two kinds of Laplacian
graphs constructing with textual and visual similarities
respectively, which are denoted as LapPLSI-textual and
LapPLSI-visual.
5) Hypergraph regularized topic model (HRTM). This is our
proposed method in this work for learning latent representation by combining both textual and visual high order relations. We implement three learning schemes with constructing hypergraph Laplacian using textual similarities
(denoted as HRTM-textual), visual similarities (denoted as
HRTM-visual), and both textual and visual similarities (denoted as HRTM).
6) Hypergraph learning for image classification [24] (HL).
This is a hypergraph based transductive learning framework directly towards image classification. The neighborhood size for hypergraph construction is set as 5.
7) Adaptive hypergraph learning for image classification [51]
(AHL). This is an adaptive hypergraph learning method
for transductive image classification. The neighbor size k
varies in 3, 5. AHL iteratively learns the hyperedge weights
and image class labels until convergence.
For latent topic representation learning methods, i.e., PLSI,
PLSI-mixed, Corr-LDA, LapPLSI, HRTM, the number of latent
topics is set to 50. The topic distribution propagation method is
used to learn the topic distribution of the remaining images. For
evaluation, we use the topic-based image representation, i.e.,
for image classification and the average precision is used
to evaluate the classification performance of topic models. The
test dataset is manually selected and built from the collected
Flickr dataset. The test dataset contains 8 classes and 4192 images. These 8 topic categories are people; beach, ocean; city, architecture; dark decayed scene; animals; plant, flowers, birds,
insects; sunset scene; design, patterns. The image number of
each category ranges from 150 to 700. Note that classifying
these images is a challenging task since these images are generated by users arbitrarily such that there exist high visual variances with intra-classes. We randomly select a specific number
(5, 10, 20, 30, 60, 80, 100) of images from each class for training
and the remaining is reserved for test. Lib-linear SVM [17] is
used for classification wherein the penalty coefficient is set to
10. For transductive classification methods HL and AHL, we
directly compute the accuracy according to the learned image
class labels.
The results of average classification precision for different
methods over different training numbers of images are depicted
in Fig. 4. We have the following observations. (1) Corr-LDA
shows poor performance. The probable reason is that in the experiment we only use the HOG [13] feature as visual words for
modeling the visual content distribution while other methods
utilize five types of features introduced in the experimental settings. (2) HRTM-visual, LapPLSI-visual, and PLSI-mixed show
better results than HRTM-textual, LapPLSI-textual, and PLSI.
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TABLE III
ANOVA RESULTS OF DIFFERENT CLASSIFICATION METHODS

Fig. 4. Classification performance comparison for different methods.

This suggests that visual and textual information are complementary. It is effective to combine visual and tag information
for image modeling. The result also demonstrates that regularization from visual similarity constraints is more effective
than that from textual similarity constraints. This is because visual content can help measure the image similarity more precisely than textual tags due to the sparsity and noise. (3) The
transductive methods AHL and HL achieve much better performance than most latent topic learning methods when the training
sample is larger than 30. This indicates that hypergraph learning
is effective for modeling various relations and benefits image
classification. (4) Our hypergraph regularized topic model consistently and significantly outperforms other methods, which
demonstrates the superiority of the proposed method. The results indicate that the high order relations of visual and textual
content consistency captured by the hypergraph can largely help
resolve the ambiguity and the noise of the textual tags of images. By leveraging the regularization from the high order relations of textual and visual content consistency, we can learn
the latent topic representation accurately. Table III presents the
ANOVA results of different classification methods. ANOVA is
a widely used technique for the statistical test [3].6 The ANOVA
test reveals that the results of different classification methods are
significant and confident. These results clearly demonstrate the
effectiveness of HRTM in identifying topics of interest.
C. Evaluation of TSIM
1) Qualitative Evaluation: We qualitatively demonstrate the
effectiveness of TSIM of representative nodes identification on
the collected Flickr dataset. Fig. 5 and Fig. 8 illustrate some
representative nodes (users and photos) found on four topics of
interest from dataset by our TSIM algorithm. The representative score depicted in red font is the social influence score of
each user inferred by TSIM on specific topics; the score depicted in blue font is the social influence score of each photo
on specific topics. The influence score indicates the strength of
6The value of
denotes the significance of the result, the larger is, more
. denotes the probsignificant the result is. is short for degree of freedom.
. is, more confident the
ability we should deny the hypothesis. The smaller
result is.

topic-level social influence of users and photos in the social circles. User and their photos are ranked by their corresponding
influence scores. We generate a word cloud for each topic using
Wordle.7 The topics are represented by their most relevant tags,
which are presented with the font size proportional to
.
We present eight topics. Topic 1 relates to flowers, topic 7 relates to girls, topic 13 relates to city, topic 21 relates to beach
and sunset scene, topic 16 relates to sky and field scene, topic
23 relates to decayed scene, topic 47 relates to portrait, topic
49 relates to photoshot. From the representative photos, we can
clearly see that the photos are relevant with the topics respectively.
2) Quantitative Evaluation: Now we conduct quantitative
evaluation of TSIM. Recall that the goal is to identify influential
users and photos on a specific topic in the networks. We utilize
the number of views of photos accessed through Flickr API to
generate ground-truth information for the evaluation. Note that
the number of photo views is not used in our TSIM framework.
Specifically, we first construct the ground-truth for photos. For
each photo , we calculate its topic proportion and assume the
photo belongs to the dominant topic, which is denoted as .
On each topic, we use the number of photo views to calculate
a score for each associated photo. The score is normalized by
scaling between 0 and 1. To ease the evaluation, we quantize
the score with four-grade levels (3,2,1, and 0), which represent
definitely influential, influential, marginally influential, and not
influential. To generate ground-truth for users, we aggregate the
photo scores to obtain the scores of users on each topic. The
score is also quantized with four-grade levels.
We define the baseline methods as the PageRank (PR) [31]
and Topic-sensitive PageRank (TSPR) [21]. We use NDCG as
the evaluation metric. Fig. 6 and Fig. 7 show the results of
performance comparison of topic-sensitive influential users and
photos identification respectively. We can see that the proposed
topic TSIM consistently outperforms the two baselines. The
mined influence of users and photos by TSIM correlates well
with the number of views attracted by photos. These results confirm the effectiveness of the proposed approach for topic-based
social influence analysis.
3) Computational Complexity Analysis: Now we analyze the
computational cost of TSIM. The cost of hypergraph construction process is
, where
is the set of
social links, is the dictionary consisting of informative images. The cost of the hypergraph regularized topic model is
7http://www.wordle.net
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Fig. 5. Top 3 representative users and their photos on four topics discovered by our TSIM algorithm on the collected Flickr dataset, ranked by topic-specific social
(depicted in blue font respectively). Topics are characterized by the most prominent tags (where the font size is proportional to the
influence scores of users
).
value of

Fig. 6. Topic-sensitive influential users identification performance comparison.

nearest neighbors. The cost of topic sensitive influence ranking
, where is the iteration number in Algois
rithm 3. When the size of the informative images set is fixed,
the time cost of TSIM is linear in the number of users, images,
and relations. Our TSIM and baseline methods are implemented
on the MATLAB platform on a PC running Windows 7 with four
Intel Core i5-3470 processors (3.2 GHz) and 4 GB memory. The
time of hypergraph construction is less than 2 hr on our dataset.
Hypergraph regularized topic model (102, 884 samples) can be
finished within 8 hr. The time cost of collaborative representation based similarity propagation is within 1 hr. Topic sensitive influence ranking can be finished within 1 hr in 9 iterations.
Fig. 9 shows the convergence process of the iterative procedure
for learning the node influence in Algorithm 3. The objective
value error is the influence updating error between current iteration and previous iteration. It can be seen that the objective
value error converges after 2 iterations, which demonstrates the
fast convergence speed. TSPR has similar time cost. PR is fast
due to no computation of topic-specific influence.
D. Evaluation of Recommendation Task

Fig. 7. Topic-sensitive influential photos identification performance comparison.

, where is the iteration number of EM and
is the iteration number of Newton-Raphson computation in
the M step. The cost of collaborative representation based similarity propagation is
, where is the number of

In this subsection, we resort to indirectly evaluate the effectiveness of our approach on recommendation tasks including
friend suggestion and photo recommendation.
1) Experiments setting: We compare the following approaches for recommendation in the experiment.
• Hypergraph Learning (HL), we adopt the hypergraph
ranking method in [9], [24] for recommendation. We perform ranking on our constructed hypergraph introduced in
IV.B.
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Fig. 8. Representative photos on four topics discovered by our TSIM algorithm on the collected Flickr dataset, ranked by topic-specific social influence scores of
(depicted in red font respectively). Topics are characterized by the most prominent tags (ranked by
).
photos

Fig. 10. The performance curve of friend suggestion with respect to the parameter .
Fig. 9. The convergence curve of Algorithm 3 for leaning user and image influence on collected Flickr dataset.

• Content-based (CB), which measures the influence at the
topic-level by summing out the content of photos that users
have.
• PageRank (PR) [31], which measures the influence with
only link structure of the network and an initialized teleportation vector.
• Topic-sensitive PageRank (TSPR) [21], which measures
topic-specific influence by calculating PageRank vector for
each topic. Nevertheless, unlike TSIM, same probability
transition matrix is used for different topics, but with a
topic-biased teleportation vector.
• Topic-sensitive influence ranking via affinity propagation (TSIRAP), our proposed topic-sensitive influence
learning method.

CB, TSPR, and TSIRAP require the topic distribution. We
combine these three methods with topic model methods HRTM,
PLSI-mixed [28] and Corr-LDA [6] respectively for recommendation.
We use Mean Average Precision (MAP) and Normalized Discount Cumulative Gain (NDCG) to measure the performance of
different algorithms in the experiments. MAP is the mean of average precision scores over all users. NDCG at position is defined as
, where is the
relevance rating of item at rank . For recommendation, is 1
if the user has a link to the recommended item and 0 otherwise.
IDCG is a normalization constant so that the perfect ranking has
a NDCG value of 1.
2) Friend Suggestion: Friend suggestion is useful and valuable in social media communities. Finding potential friends
sharing similar interest for users can improve user experience
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Fig. 11. Recommendation performance of different algorithms on friend suggestion.

TABLE IV
COMPARISON OF DIFFERENT ALGORITHMS ON FRIEND SUGGESTION

and facilitate various applications such as user-target advertising. We conduct the experiments for friend suggestion on
the collected Flickr dataset. Our TSIM is compared with the
baselines introduced before. For HL, the ranking score for
each user node is learned for recommendation. For PR, the
global social influence scores are ranked for recommendation.
For CB, TSPR, TSIM, the input query is the topic distribution
of users. The cosine similarity score is computed for CB by
, where
is the topic distribution of
user . For TSPR, TSIM, we compute the query-sensitive
importance score of each recommendation candidates by
, where
is the social influence score
of user
on topic . The results are ranked according to this
composite score
.
The groundtruth of evaluation is the contacts function in
Flickr, which is generated by users. If a user exists in another
user’s contact list, we view the two users as friends. Considering the sparse contact links between users in the dataset
and computational issue, we first filter out users who have
less than 20 contacts in our dataset. After filtering, we obtain
979 users and take them as query users. The recommendation
score for each test user is calculated and sorted in a descending
order. The top users are extracted as suggested friends. The
regularization parameter in Eq. (5) of HL is fixed as 9 referred
to [24]. The parameters in (31) for PR, TSPR and TSIRAP are
turned on an independent validation set. The results in terms
of MAP@200 are shown in Fig. 10. The best performance
for PR, TSPR and TSIRAP is achieved when
, 0.9, 0.9
respectively. We accordingly set
, 0.9, 0.9 for PR, TSPR
and TSIRAP in the following experiments.
We use NDCG and MAP to measure the performance of
each recommendation algorithm.
in NDCG is 1 if the
recommended user is in the user contact and 0 otherwise.
Fig. 11 (NDCG) and Table IV (MAP) show the results of
different algorithms on friend suggestion. We have the following observations. First, it is evident that our proposed TSIM
(HRTM+TSIRAP) significantly outperforms other algorithms
in most cases. Note that, TSIM performs recommendation on
hypergraph by appropriately exploiting the various types of

social media information. It coincides with previous conclusion
that hypergraph is a better way for modeling complex relations
in social media networks. Second, for each latent topic representation learning approach, content-based (CB) method works
significantly better than PageRank which only utilizes social
link structure information. Therefore we can conclude that both
content and social links contribute to social influence modeling
and benefit friend recommendation, while content information
is more informative and important, which confirms that people
tend to make connections with someone sharing similar interest. By using the content information to compute the biased
PageRank vectors, TSPR can improve recommendation results.
By further combining content and social link information
in the modeling including computing probability transition
matrix and biased teleportation vectors, our proposed TSIRAP
achieves much better performance. Third, by analyzing the
results of three topic learning methods, HRTM achieves much
better performance. It shows that combining multi-modal features to well represent users and images in latent topic spaces
is important for recommendation. Fourth, HL shows inferior
results. The probable reason is that HL exploiting content and
social link feature as a regularization to transductively learn the
ranking score might not well explore the utility of social media
information for friend suggestion.
3) Photo Recommendation: We also conduct the experiment
on photo recommendation. We adopt the favorite list of each
user in the Flickr site as the groundtruth. Considering the sparse
favorites links between users and photos in the dataset and computational issue, we filter out users who have less than 400 favorites in the dataset and we obtain 230 users. These users’
favorites are taken as test data for evaluation purpose. In the
learning stage, we remove all the corresponding information of
these users’ favorites. In addition to the methods compared for
friend suggestion, we add two simple approaches: 1) Using social, visual, and textual signals of favorite photos for recommendation [43] (denoted as “SVT”); 2) A simple weighted sum of
content similarity and social interactions (denoted as “CSW”),
the weighted parameter is empirically set to 0.5. The photo social influence (PSI) is computed for PR, TSPR and TSIRAP by
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Fig. 12. Performance comparison of different algorithms on photo recommendation.

TABLE V
PHOTO RECOMMENDATION PERFORMANCE OF THE COMPARED ALGORITHMS

(33) and the query is the topic distribution of query users. The
regularization parameter in (5) of HL is fixed as 9 referred to
[24]. The parameter in (33) is empirically set to be 0.9 for PR,
TSPR and TSIRAP respectively. For each algorithm, query-specific importance scores are computed and ranked for recommendation. We compare the performance of related algorithms as
shown in Table V (MAP) and Fig. 12 (NDCG).
We can obtain similar observations as for friend suggestion.
The results show that our approach TSIM (HRTM+TSIRAP)
consistently outperforms other methods. Additionally, it is
interesting that different from the performance on friend suggestion, the social links incorporated methods (PR, TSPR,
TSIRAP) significantly improve the recommendation performance than that of only exploiting content (CB). We conjecture
that people are more interested in photos that have rich social
links indicating high influence compared with the interesting
content. As for topic modeling methods, it is observed that a
good latent topic representation for users and images benefits
the recommendation performance. In addition, HL, CSW, and
SVT exploit the textual and visual content, and social interactions in different ways for recommendation. The results indicate
that how to effectively combine various types of features is
crucial for building improved recommenders.
VI. CONCLUSIONS
In this paper, we study the problem of topic-sensitive influencer mining (TSIM) in Flickr. TSIM aims to find the influential nodes in the networks. We use a unified hypergraph to
model users, images, and various types of relations. The influence estimation is determined with the hypergraph learning approach. We have justified the motivation that (1) the content information of images contributes to the topic distribution, and
(2) social links between users and images indicate the underlying social influence of users and images in the social media
networks. We conduct extensive experiments on a real-world
dataset from Flickr. The qualitative and quantitative results have

verified the effectiveness of the proposed hypergraph learning
approach in topic-sensitive influencers mining. We also demonstrate that TSIM can improve the performance significantly in
the applications of friend suggestion and photo recommendation, which reveals the potential of interest graph in reshaping
the social behaviors of users in the networks. It is worth noting
that our approach can be seamlessly generalized to many other
interest-based network sharing platforms.
In the future, we will be working towards two directions:
1) applying the proposed TSIM in more applications such as
expert identification and social search to verify its extensive
effectiveness; and 2) investigating the topic-specific influence
mining over time in the networks.
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