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Rapid development in data acquisition technology has resulted in generating large amount
of raw data, providing significant potential for the development of automatic data analysis,
classification, and retrieval techniques. Data in many applications such as social networks,
blogs, geosciences, and biomedicine, demonstrates an evolving nature. That is, the similar-
ity between the data instances and/or the number of instances might change at different
timesteps. Moreover, apart from being large-scale, these datasets can be multi-type (e.g.
genes, proteins, samples, in bioinformatics). So, knowledge discovery in such evolving multi-
type relational data is not a trival problem.

The recent active topic of evolutionary clustering opens up many new research avenues
into the mining of temporally evolving data. Clustering of evolving data (a.k.a. Evolutionary
clustering) has been a relatively new topic and was first formulated by Chakrabarti et al. [1].
They proposed heuristic solutions to evolutionary hierarchical clustering problems and evo-
lutionary k-means clustering problems. Chi et al. [2] extended this work by proposing two
evolutionary spectral clustering algorithms by incorporating a measure of temporal smooth-
ness in the overall clustering quality. Recently, Wang et al. [5] propose the evolutionary
clustering using kernel function framework (ECKF) that clusters large evolutionary datasets
by the amalgamation of low-rank matrix approximation methods and matrix factorization
based clustering.

Heterogeneous data co-clustering has attracted more and more attention in recent years
due to its high impact on various important applications, such as web mining, e-commerce
and bioinformatics. Long et al. [3] proposed the spectral relational clustering, to cluster
multi-type interrelated data objects or relational data with various structures simultaneously.
The algorithm iteratively embeds each type of data objects into low dimensional spaces and
benefits from the interactions among the hidden structures of different types of data objects.

Low-rank matrix approximation methods have found profound application in diverse
areas due to their ability to extract correlations and remove noise from matrix-structured
data [4].

However, in spite of these efforts, the problem of clustering multi-type evolving data
has not been addressed. Since, the current methodology is unable to cluster more than

1



one data type simultaneously, the ability to use other data mining algorithms on multi-type
evolving data is desirable. To address some of these challenges, I will propose an algorithm
to perform co-clustering on high-order heterogeneous evolving data, by utilizing low-rank
matrix approximation and matrix factorization based clustering techniques.

To validate the proposed approach, extensive experiments on synthetic data as well as
publicly available datasets, Pubmed 1 and Enron Email Corpus dataset 2 will be performed,
and will be tested against results published in ECKF Framework [5].
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