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Abstract 
Collective behavior of an individual in social network given a good 
path to the researcher and study of this gather the information about 
an individual behavior in an effective way. Many social networks 
generate a huge amount of data which gives an opportunity to study 
the collective behavior. In this work, our aim is to predict collective 
behavior in social media. In spite of the heterogeneity of network 
and geographical area we can infer the behavior of an unobserved 
individual perfectly. To address the scalability issue, we propose an 
edge-centric clustering scheme to extract sparse social dimensions. 
Which approach can efficiently handle networks of different zone 
and give a comparatively good result.
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I. Introduction
Due to the vast development social networking sites, it became 
a challenge to the people to get trace the unobserved people in 
the network. Social networking sites (a recent phenomenon) 
empower people of different ages and backgrounds with new forms 
of collaboration, communication, and collective intelligence. 
Prodigious numbers of online volunteers collaboratively write 
encyclopedia articles of unprecedented scope and scale; online 
marketplaces recommend products by investigating user shopping 
behavior and interactions; and political movements also exploit 
new forms of engagement and collective action. In the same 
process, social media provides ample opportunities to study human 
interactions and collective behavior on an unprecedented scale. In 
this work, we study how networks in social media can help predict 
some human behaviors and individual preferences. In particular, 
given the behavior of some individuals in a network, how can we 
infer the behavior of other individuals in the same social network 
[1]? This study can help better understand behavioral patterns of 
users in social media for applications like social advertising and 
recommendation.
Typically, the connections in social media networks are not 
homogeneous. Different connections are associated with distinctive 
relations. For example, one user might maintain connections 
simultaneously to his friends, family, college classmates, and 
colleagues. This relationship information, however, is not always 
fully available in reality. Mostly, w e have access to the connectivity 
information between users, but we have no idea why they are 
connected to each other. This heterogeneity of connections limits 
the effectiveness of a commonly used technique — collective 
inference for network classification. A recent framework based on 
social dimensions [2] is shown to be effective in addressing this 
heterogeneity. The framework suggests a novel way of network 
Classification: first, capture the latent affiliations of actors by 
extracting social dimensions based on network connectivity, 
and next, apply extant data mining techniques to classification 
based on the extracted dimensions. In the initial study, modularity 
maximization [3] was employed to extract social dimensions. 
The superiority of this framework over other representative 
relational learning methods has been verified with social media 

data in [2]. The original framework, however, i s not scalable to 
handle networks of colossal sizes because the extracted social 
dimensions are rather dense. In social media, a network of millions 
of actors is very common. With a huge number of actors, extracted 
dense social dimensions cannot even be held in memory, causing 
a serious computational problem. Sparsifying social dimensions 
can be effective in eliminating the scalability bottleneck. In this 
work, we propose an effective edge-centric approach to extract 
sparse social dimensions [4]. We prove that with our proposed 
approach, sparsity of social dimensions is guaranteed. Extensive 
experiments are then conducted with social media data. The 
framework based on sparse social dimensions, without sacrificing 
the prediction performance, is capable of efficiently handling 
real-world networks of millions of actors.

II. Collective Behavior
Collective behavior refers to the behaviors of individuals in a 
social networking environment, but it is not simply the aggregation 
of individual behaviors. In a connected environment, individuals’ 
behaviors tend to be interdependent, influenced by the behavior 
of friends. This naturally leads to behavior correlation between 
connected users [5]. Take marketing as an example: if our friends 
buy something, there i s a better-than-average chance that we 
will buy it, too.
This behavior correlation can also be explained by homophily [6]. 
Homophily is a term coined in the 1950s to explain our tendency 
to link with one another in ways that confirm, rather than test, our 
core beliefs. Essentially, w e a re more likely to connect to others 
who share certain similarities with us. This phenomenon has been 
observed not only in the many processes of a physical world, 
but also in online systems [7-8]. Homophily results in behavior 
correlations between connected friends. In other words, friends 
in a social network tend to behave similarly.
The recent boom of social media enables us to study collective 
behavior on a large scale. Here, behaviors include a b road range 
of actions: joining a group, connecting to a person, clicking 
on an ad, becoming interested in certain topics, dating people 
of a certain type, etc. In this work, we attempt to leverage the 
behavior correlation presented in a social network in order to 
predict collective behavior in social media. 

III. Social Dimensions
Connections in social media are not homogeneous. People can 
connect to their family, colleagues, college classmates, or buddies 
met online. Some relations are helpful in determining a targeted 
behavior (category) while others are not.
A key observation is that actors of the same affiliation tend to 
connect with each other. For instance, it is reasonable to expect 
people of the same department to interact with each other more 
f requently. Hence, to infer actors’ latent affiliations, we need to 
find out a group of people who interact with each other more f 
requently than at random. This boils down to a classic community 
detection problem. Since each actor can get involved in more than 
one affiliation, a soft clustering scheme is preferred.
In the initial instantiation of the framework SocioDim, a spectral 



IJCST Vol. 4, ISSue 3, July - SepT 2013  ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m 502   InternatIonal Journal of Computer SCIenCe and teChnology

variant of modularity maximization [3] is adopted to extract 
social dimensions. The social dimensions correspond to the top 
eigenvectors of a modularity matrix. It has been empirically shown 
that this framework outperforms other representative relational 
learning methods on social media data. However, there are several 
concerns about the scalability of SocioDim with modularity 
maximization:

Social dimensions extracted according to soft clustering, such • 
as modularity maximization and probabilistic methods, are 
dense. Suppose there are 1 million actors in a network and 
1,000 dimensions are extracted. If standard double precision 
numbers are used, holding the full matrix alone requires 
1M×1K×8=8Gmemory. This large-size dense matrix poses 
thorny challenges for the extraction of social dimensions as 
well as subsequent discriminative learning.
Modularity maximization requires us to compute the top • 
eigenvectors of a modularity matrix, which is the same size as 
a given network. In order to extract k communities, typically 
k-1 eigenvectors are computed. For a sparse or structured 
matrix, the eigenvector computation costs O(h(mk + nk)) 
time [13], where h, m, and n are the number of iterations, the 
number of edges in the network, and the number of nodes, 
respectively. Though computing the top single eigenvector 
(i.e., k=1), such as PageRank scores, can be done very 
efficiently, computing thousands of eigenvectors or even more 
for a mega-scale network becomes a daunting task.
Networks in social media tend to evolve, with new members • 
joining and new connections occurring between existing 
members each day. This dynamic nature o f networks entails 
an efficient update of the model for collective behavior 
prediction. Efficient online updates of eigenvectors with 
expanding matrices remain a challenge.

Consequently, it is imperative to develop scal-able methods that 
can handle large-scale networks efficiently without extensive 
memory requirements. Next, we elucidate on an edge-centric 
clustering scheme to extract sparse social dimensions. With such 
a scheme, we can also update the social dimensions efficiently 
when new nodes or new edges arrive.

III.  Sparse Social Dimensions
In this section, we first show one toy example to illustrate the 
intuition of communities in an “edge” view and then present 
potential solutions to extract sparse social dimensions.

A. Communities in an Edge- Centric View 
Though SocioDim with soft clustering for social di-mension 
extraction demonstrated promising results, its scalability is 
limited. A network may be sparse

Table 1: Social Dimension Measures

(i.e., the density of connectivity is very low), whereas the extracted 
social dimensions are not sparse. The corresponding memory 
requirement hinders both the extraction of social dimensions and 
the subsequent discriminative learning. Hence, it is imperative 
to develop some other approach so that the extracted social 
dimensions are sparse.
It seems reasonable to state that the number of affiliations one user 
can participate in is upper bounded by his connections. Consider 
one extreme case that an actor has only one connection. It is 
expected that he is probably active in only one affiliation. It is not 
necessary to assign a non-zero score for each of the many other 
affiliations. Assuming each connection represents one involved 
affiliation, we can expect the number of affiliations an actor has 
is no more than that of his connections. Rather than defining a 
community as a set of nodes, we redefine it as a set of edges . 
Thus, communities can be identified by partitioning edges of a 
network into disjoint sets.
We have the following theorem about the density of extracted 
social dimensions.
Theorem 1: Suppose k social dimensions are extracted from a 
network with m edges and n nodes. The density (proportion of 
nonzero entries) of the social dimensions based on edge partition 
is bounded by the following:

Moreover, for many real-world networks whose node
degree follows a power law distribution, the upper bound in Eq. 
(1) can be approximated as follows:

where a>2 is the exponent of the power law distribution.

B. Edge Partition Via Line Graph Partition 
In order to partition edges into disjoint sets, one way is to look 
at the “dual” view of a network, i.e., the line graph [15]. We will 
show that this is not a practical solution. In a line graph L(G), 
each node corresponds to an edge in the original network G, and 
edges in the line graph represent the adjacency between two edges 
in the original graph. The line graph of the toy example is shown 
in fig. 4 . For instance, e(1,3)and e(2,3) are connected in the line 
graph as they share one terminal node 3.
Given a network, graph partition algorithms can be applied to 
its corresponding line graph. The set of communities in the line 
graph corresponds to a disjoint edge partition in the original graph. 
Recently, such a scheme has been used to detect overlapping 
communities [16-17]. It is, however, p rohibitive to construct a line 
graph for a mega-scale network. We notice that edges connecting 
to the same node in the original network form a clique in the 
corresponding line graph. For example, edges e(1,3), e(2,3), and 
e(3,4)are all neighboring edges of node 3in Figure 1 . Hence, they 
are adjacent to each other in the line graph in Figure 4 , forming 
a clique. This property leads to many more edges in a line graph 
than in the original network.
Theorem 2: Let n and m denote the numbers of nodes and 
connections in a network, respectively, and N and M the numbers 
of nodes and connections in its line graph. It follows that
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Equality is achieved if and only if the original graph is regular, 
i.e., all nodes have the same degree. 

Fig. 2: Line Graph

The divergence of the expectation tells us that as we go to larger 
and larger data sets, our estimate of number of connections with 
respect to the original network size will increase without bound. As 
we have mentioned, the majority of large-scale networks follow a 
power law with a lying between 2 and 3. Consequently, the number 
of connections in a line graph can be extremely huge. Take the 
aforementioned YouTube network as an example again. It contains 
approximately 1 million nodes and 3 million links. Its resultant 
line graph will contain 4,436,252,282connections, too large to 
be loaded into memory. Recall that the original motivation to use 
sparse social dimensions is to address the scalability concern. Now 
we end up dealing with a much larger sized line graph. Hence, the 
line graph is not suitable for practical use. Next, we will present 
an alternative approach to edge partition, which is much more e 
ffi cient and scalable.

C. Edge Partition Via Clustering Edge Instances
In order to partition edges into disjoint sets, we treat edges as data 
instances with their terminal nodes as features.

Table 2: Different Edge Features

For instance, we can treat each edge in the toy network in fig. 
1 as one instance, and the nodes that define edges as features. 
This results in a typical feature-based data format as in Table 2. 
Then, a typical clustering algorithm like k-means clustering can 
be applied to find disjoint partitions.
One concern with this scheme is that the total number of edges 
might be too huge. Owing to the power law distribution of node 

degrees presented in social networks, the total number of edges is 
normally linear, rather than square, with respect to the number of 
nodes in the network. That is, m=O(n)as stated in the following 
theorem.
Theorem 4: The total number of edges is usually linear, rather 
than quadratic, with respect to the number of nodes in the network 
with a power law distribution. In particular, the expected number 
of edges is given as

where a is the exponent of the power law distribution. Please see 
the appendix for the proof. Still, millions of edges are the norm in 
a large-scale network. Direct application of some existing k-means 
implementation cannot handle the problem. E.g., the k-means 
code provided in the Matlab package re quires the computation 
of the similarity matrix between all pairs of data instances, which 
would exhaust the memory of normal PCs in seconds. Therefore, 
an implementation with online computation is preferred.
By taking into account the two concerns above, we devise a 
k-means variant as shown in fig. 2. Similar to k-means, this 
algorithm also maximizes

Fig. 2: Algorithm Data Instance

where k i s the number of clusters, S={S} is the set of clusters, 
and µ is the centroid of cluster S. In Figure 5 , we keep only a 
vector of MaxSimto represent the maximum similarity between 
one data instance and a centroid. In each iteration, we first identify 
the instances relevant to a centroid, and then compute similarities 
of these instances with the centroid. i
As a simple k-means is adopted to extract social dimensions, it is 
easy to update social dimensions if a given network changes. If 
a new member joins the network and a new connection emerges, 
we can simply assign the new edge to the corresponding clusters. 
The update of centroids with the new arrival of connections is also 
straightforward. This k-means scheme is especially applicable for 
dynamic largescale networks.

D. Regularization on Communities
The extracted social dimensions are t reated as features of nodes. 
Conventional supervised learning can be conducted. In order to 
handle large-scale data with high dimensionality and vast numbers 
of instances, we adopt a linear SVM, which can be finished in 
linear time [18]. 
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Fig. 3: Algorithm Data Regularization

Generally, the larger a community is, the weaker the connections 
within the community are. Hence, we would like to build an SVM 
relying more o n communities of smaller sizes by modifying the 
typical SVM objective function.

IV. Experiment Results
In this section, we first examine how prediction performances vary 
with social dimensions extracted following different approaches. 
Then we verify the sparsity of social dimensions and its implication 
for scalability. We also study how the performance varies with 
dimensionality. Finally, concrete examples of extracted social 
dimensions are given.

A. Prediction Performance 
The prediction performance on all data is shown in- Table 3. The 
entries in bold face denote the best performance in each column. 
Obviously, EdgeCluster is the winner most of the time. Edge-
centric clustering shows comparable performance to modularity 
maximization on BlogCatalog network, yet it outperforms 
ModMax on Flickr. ModMax on YouTube is not applicable due 
to the scalability constraint. Clearly, with sparse social dimensions, 
we are able to achieve comparable performance as that of dense 
social dimensions. But the benefit in terms of scalability will be 
tremendous as discussed in the next subsection.

B. Scalability Study
As we have introduced in Theorem 1, the social di- mensions 
constructed according to edge-centric clustering are guaranteed 
to be sparse because the density is upper bounded by a small 
value. Here, we examine how sparse the social dimensions are 
i n practice. We also study how the computation time (with a 
Core2Duo E8400 CPU and 4GB memory) varies with the number 
of edge clusters. 
Concerning the time complexity, it is interesting that computing 
the top eigenvectors of a modularity matrix is actually quite 
efficient as long as there is no memory concern. 

Fig. 4:

Fig. 5:

This, in effect, makes the computational cost independent of the 
number of edge clusters.
The steep reduction of memory footprint can be explained by the 
density of the extracted dimensions. For instance, in Table 10, 
when we have 50,000 dimensions, the density is only 5.2×10. 
Consequently, even if the network has more than 1 million nodes, 
the extracted social dimensions still occupy only a tiny memory 
space. The upper bound of the density is not tight when the number 
of clusters k is small. As k increases, the bound becomes tight. In 
general, the true density is roughly half of the estimated bound.

V. Conclusions and Future Work
It is well known that actors in a network demonstrate correlated 
behaviors. In this work, we aim to predict the outcome of collective 
behavior given a social network and the behavioral information 
of some actors. In particular, w e explore scalable learning of 
collective behavior when millions of actors are involved in the 
network. Our approach follows a social-dimension based learning 
framework. Social dimensions are extracted to represent the 
potential affiliations of actors before discriminative learning 
occurs. As existing approaches to extract social dimensions suffer 
from scalability. We propose an edge-centric clustering scheme to 
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extract social dimensions and a scalable k-means variant to handle 
edge clustering. An incomparable advantage of our model is that 
it easily scales to handle networks with millions of actors while 
the earlier models fail. This scalable approach offers a viable 
solution to effective learning of online collective behavior on a 
large scale.

References
[1] L. Tang, H. Liu,“Toward predicting collective behavior via 

social dimension extraction”, IEEE Intelligent Systems, Vol. 
25, pp. 19–25, 2010.

[2] “Relational learning via latent social dimensions”, In KDD 
’09: Proceedings of the 15th ACM SIGKDD international 
conference on Knowledge discovery and data mining. New 
York, NY, USA: ACM, 2009, pp. 817–826.

[3] M. Newman,“Finding community structure i n networks 
using the eigenvectors of matrices”, Physical Review E 
(Statistical, Nonlinear, and Soft Matter Physics), Vol. 74, No. 
3, 2006. [Online]. Available: http://www.dx.doi.org/10.1103/
PhysRevE.74.036104

[4] L. Tang, H. Liu,“Scalable learning of collective behavior 
based on sparse social dimensions”, In CIKM ’09: Proceeding 
of the 18th ACM conference on Information and knowledge 
management . New York, NY, USA: ACM, 2009, pp. 1107–
1116.

[5] P. Singla, M. Richardson,“Yes, there i s a correlation: - f 
ro m social networks to personal behavior on the web”, In 
WWW ’08: Proceeding of the 17th international conference 
on World Wide Web. New York, NY, USA: ACM, 2008, pp. 
655–664.

[6] M. McPherson, L. Smith-Lovin, J. M. Cook,“Birds of a 
feather: Homophily in social networks”, Annual Review of 
Sociology, Vol. 27, pp. 415–444, 2001.

[7] A. T. Fiore, J. S. Donath,“Homophily in online dating: when 
do you like someone like yourself?”, In CHI ’05: CHI ’05 
extended abstracts on Human factors in computing systems. 
New York, NY, USA: ACM, 2005, pp. 1371–1374.

[8] H. W. Lauw, J . C . Shafer, R . A grawal, A. Ntoulas, 
“Homophily in the digital world: A LiveJournal case study”, 
IEEE Internet Computing, Vol. 14, pp. 15–23, 2010.

[9] S. A. Macskassy, F. Provost,“Classification in networked 
data: A toolkit and a univariate case study”, J. Mach. Learn. 
Res., Vol. 8, pp. 935–983, 2007.

[10] X.Zhu,“Semi-supervised learning literature survey”, 2006. 
[Online] Available: http://www.pages.cs.wisc.edu/jerryzhu/ 
pub/ssl survey 12 9 2006.pdf

[11] L. Getoor, B. Taskar, Eds.,"Introduction to Statistical 
Relational Learning", The MIT Press, 2007.

[12] X. Zhu, Z. Ghahramani, J. Lafferty,“Semi-supervised 
learning using gaussian fields and harmonic functions”, In 
ICML, 2003.

[13] S. White, P. Smyth,“A spectral clustering approach to finding 
communities in graphs”, In SDM , 2005.

[14] M. Newman,“Power laws, Pareto distributions and Zipf ’s 
law”, Contemporary physics, Vol. 46, No. 5, pp. 323–352, 
2005.

[15] F. Harary, R. Norman,“Some properties of line digraphs”, 
Rendiconti del Circolo Matematico di Palermo, Vol. 9, No. 
2, pp. 161–168, 1960.

[16] T. Evans, R. Lambiotte,“Line graphs, link partitions, and 
overlapping communities”, Physical Review E, Vol. 80, No. 
1, p. 16105, 2009.

[17] Y.-Y. Ahn, J. P. Bagrow, S. Lehmann,“Link communities 
reveal multi-scale complexity in networks”, 2009. [Online]. 
Available: http://www.citebase.org/abstract?id=oai: arXiv.
org:0903.3178

[18] R.-E. Fan, K.-W. Chang, C.-J. Hsieh, X.-R. Wang, C.-J. 
Lin,“LIBLINEAR: A library for large linear classification”, 
Journal of Machine Learning Research, Vol. 9, pp. 1871–
1874, 2008.

[19] J. Hopcroft, R. Tarjan,“Algorithm 447: efficient algorithms 
for graph manipulation”, Commun. ACM , Vol. 16, No. 6, 
pp. 372–378, 1973.

[20] J. Neville, D. Jensen,“Leveraging relational autocorrelation 
with latent group models”, In MRDM ’05: Proceedings of 
the 4th international workshop on Multi-relational mining. 
New York, NY, USA: ACM, 2005, pp. 49–55.

[21] R.-E. Fan, C.-J. Lin,“A study on threshold selection for multi-
label classication”, 2007.

[22] L. Tang, S. Rajan, V. K. Narayanan,“Large scale multilabel 
classification via metalabeler”, In WWW ’09: Proceedings 
of the 18th international conference on World wide web. 
New York, NY, USA: ACM, 2009, pp. 211–220.

R.Ramya is a student of Chaitanya 
Engineering College, Visakhapatnam. 
Presently she is pursuing her M.Tech 
[CSE] from this college and she 
received her M.sc (Computer Science) 
from G.V.P.College affiliated to Andhra 
University, Viaskhapatnam in the year 
2008. Her area of interest includes 
Computer Networks and Data Structures, 
all current trends and techniques in 
Computer Science.

 
Sri.Panuganti.Ravi well known author 
and excellent teacher  received  M.Tech 
(CSE) from Acharya Nagarjuna 
University is working as Sr.Asst.
Professor, Department of CSE, Chaitanya 
Engineering College. He is an active 
member of Computer Society of India 
.He has 6 years of teaching experience 
in various engineering colleges. To 
his credit couple of publications both 
national and international conferences 
/journals. His area of Interest includes 

C, Java, Data Structures, Web Technologies and other advances   
in computer applications.


