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A Method of Mining Query Facets Based on Term Graph Analysis

DOU Zhi-Cheng” JIANG Zheng-Bao"” LI Jin-Xiu” ZHANG Yi-Chun” WEN Ji-Rong""?
D (School of Information, Renmin University of China, Beijing 100872)
» (Beijing Key Laboratory of Big Data Management and Analysis Methods, Renmin University of China . Beijing 100872)
® (China Art Science and Technology Institute . Beijing 100012)

Abstract A query facet is a list of homogeneous words or phrases that can describe an underlying
aspect of the query. Existing algorithms use predefined patterns to extract frequent lists contained in
the top search results of the query, then group these lists into clusters by using unsupervised or
supervised learning methods to generate final query facets. The coverage of query facets and their
items mined by these methods might be limited, because only a small number of search results are
used. In order to solve this problem, we propose mining query facets by using a term graph
constructed from a large number of web pages. The nodes in this graph represent different terms
and the edges represent the similarity between terms. We first mine initial query facets from the
top search results of the query, then find similar terms from the term graph as candidates. Different
features of each candidate are extracted. Finally we use support vector machine to classify all
candidates into two sets, namely positive set and negative set. All the positive terms are used to

expand initial query facets. These steps are repeated until no more facet items are found. Experimental
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results show that the proposed method can significantly improve the quality of mined query facets,

and it can especially improve the coverage of facet items.

Keywords query facets; user intent; frequent lists; term graph; knowledge base; social media;

social computing
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been a powerful tool for people to seek information from the

Web. With the help of search engines, users can quickly find
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web pages related to what they want. By issuing a simple
keyword query to a search engine, a user receives a list of
search results. For some queries, the user can quickly get
what they want by just clicking the first or a few results. But
for some other queries, especially the queries the user used
for surveying or analyzing a topic, she has to spend much
time on clicking, viewing and summarizing these web pages
by herself. This situation gets worse especially when the
network speed is slow or the query contains many different
aspects.

An effective method for solving this problem is mining
query facets, where each facet is a significant list of informa-
tion nuggets that explain an underlying aspect of the query.
Several algorithms for mining query facets have been developed,
including QDMiner, QF-1, and QF-J. A common problem of
the existing algorithms is that they mainly rely on the top
search results from search engines. More specifically, facets

are generated by extracting lists contained in the search

results. The coverage of facets mined using this kind of
methods might be limited, because some useful facet items
might not appear in a list within the search results used.

In order to solve this problem, we propose mining query
facets by using a term graph mined from a large number of
web pages in this paper. By leverage this term graph, we are
able to discovery more facet terms that are not covered by the
content of the query’s search results or a list within the
results, hence improve the quality of mined facets.

The authors of the paper first proposed the concept of
query facet (or query dimension), and introduce QDMiner,
the first query facet mining system in CIKM 2011 (Please
refer to Ref. [2]).
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