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Methods of Text Theme Identification Based on Graph Mining

GUO Hongmei & ZHANG Zhixiong

ABSTRACT

With the development of the internet, electronic text is booming. These text resources, especially scientific
journal papers, contain rich semantic and linked information. How to demonstrate the core topics quickly
and accurately to assist researchers and improve research efficiency has been an urgent issue in text mining.
Nodes and edges of graph can represent terms and their relations of texts, so many researchers tried to
combine graph mining with natural language processing to identify text theme. This paper investigated and
analyzed the studies and summarized their advantages and disadvantages in order to provide a reference for
further research.

At present, the studies focus on textual representation of relation graph, theme identification based on
centrality and subgraph detection or clustering. The method of theme identification based on cohesive
subgraph detection mainly is to recognize clique or quasi-clique subgraph to represent the core content of
the texts. Theme identification based on graph mining uses two methods: one is according to the graph
topological structure, and the other considers graph topological structure and node attributes
simultaneously. We mainly analyzed the clustering model, algorithm and evaluation criterion of clustering

result. The methods of frequency statistics and external dictionary are relatively mature and often used as
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benchmark. Centrality methods have been greatly improved, but the algorithm efficiency still needs to be
improved. The methods based on graph mining have already shown advantages and are worth deeper
exploration.

Language network of text has its unique characteristics. Various relations exist between terms, for
example, co—occurrence relation, syntactic relation and semantic relation. How to construct complex text
network which can reveal the relations of terms at the same time is one of the research directions in the
future. Further studies need to address how to identify cohesive subgraph in complex text network according
to relations between terms and topological structure of graph. In addition, the measure according to which

these subgraphs are clustered to reveal core sub—themes and the relations of themes in texts also needs to be

discussed. 1 tab. 50 refs.
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