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Method for Community Mining Integrating Link and Attribute Information
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Abstract Most of existing methods for community mining in complex network only consider the
usage of link information or attribute information, and thus are not effective enough to discover high
quality community in which members link to each other densely and have nearly the same attributes.
Aiming at this problem, we propose a method named LANMF that can integrate together link and
attribute information to mine community in complex network. LANMEF is based on nonnegative
matrix factorization (NMF) model and can factorize uniformly nodes link matrix and attributes
association matrix using the form of joint matrix approximating factorization. By using the
optimization solution this method can directly obtain the community membership matrix and the
associated strength matrix of the attribute and community. Furthermore, relevancies of nodes link
structure and attributes in each community can be well guaranteed. LANMF uses multiplicative
iterative update rules as the joint matrix factorization optimization algorithm, whose correctness

and convergence are strictly proven. Furthermore, extensive experimental results show that the
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quality of community mining using LANMEF is better than that of state-of-the-art methods and it

can mine community directly and effectively. Moreover, practical application cases show that

LANMEF is suitable to mine topic community and overlapped community in the real world complex

network.
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Background

Community mining in complex network has attracted
lots of attentions and many methods have been proposed to
solve this problem. However, most of exiting methods only
consider the usage of node link or attribute information and
cannot mine community where members link densely and have
nearly the same attributes. In fact, this type of community is
very useful for many applications, such as topic community
discovery and social recommendation in online social network.
For achieving this goal, community mining should consider
the usage of node link and attribute information at the same
time.

There have some works focusing on mining community
by integrating link and attribute information. Some related
in famous academic

papers have been presented

conferences, such as SIGMOD, KDD and WWW. However,

some
these works have nearly the same problems: cannot integrate
together link and attribute information using the same model
and need to use other cluster algorithms to obtain final results.
Aiming at these problems, we propose a method named
LANMEF which is based on joint nonnegative matrix factori-
zation (NMF) model and can factorize uniformly nodes link
matrix and attributes association matrix. Community mem-
bership can be directly obtained based on the community
membership factorization matrix. And, the factorization

matrix of attributes associated strength can be directly used

to describe representative topics of every community. By
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using the powerful cluster utility of joint NMF model,
relevancies of nodes link structure and attributes in each com-
munity can be well guaranteed. Furthermore, by using the
optimization algorithm LANMEF has the linear time complexity
and can be used to mine community in the large-scale com-
plex network. We conduct extensive experiments in some real
world complex network datasets and the results show that
our method outperforms state-of-the-art methods and is also
very effective to mine topic community and overlapped
community existing in social network.
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