










its input data while SC and MGP use # of documents.
Thus, the input size of MDC is significantly larger than
that of SC and MGP.

6 Related Work

In literature, various researches have been proposed
to investigate the name disambiguation problem such
as [2, 12, 8] (i.e., how to cluster mixed citations
into groups of distinct authors despite confusing author
names). Han et al. [7] proposed two supervised learning-
based approaches. Their algorithm solves the so called
the citation labeling problem – given a citation, cross
out an author name, and using the remaining citation
information, recover the author name via two supervised
learning methods: (1) the Naive Bayes model; (2)
the Support Vector Machines. Furthermore, Han et
al. [8] presented an unsupervised learning approach
using K -way spectral clustering that groups different
citations into different clusters, using three types of
citation attributes – co-author names, paper titles, and
publication venue titles. In addition, Malin [13] utilizes
hierarchical clustering, relying upon the exact name
similarity. However, all the approaches are not scalable
to handle large-scale entities. As a scalable solution, Lee
et al. [12] proposed a scalable citation labeling algorithm
recently. In their algorithm, authors use the sampling-
based technique to quickly determine a small number of
candidates from the entire authors in a digital library.

In general, the person name disambiguation has
been studied in the domain of citations. Recently
Bekkerman et al. [2] proposed techniques to disam-
biguating collections of Web appearances using Agglom-
erative and Conglomerative Double Clustering.

7 Conclusion

In this paper, we have studied the name disambiguation
problem and their solution. In particular, we pointed
out the limitations of two state-of-the-art methods to
the name disambiguation problem, and instead pro-
posed to use multi-level graph partition techniques. Our
proposal is empirically validated at the end.
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