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Predicting Users’ Search Behavior Using Stochastic
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Abstract: Multidimensional relationships can be represented as a multi-mode network or graph, where each
node or vertex corresponds to an object, and each link or edge is attributed to one of the multiple types
of relationship between a pair of objects. Web search log includes users’ search behavior and can also be
represented as such a multi-mode network, where each node corresponds to a query and each attributed
link corresponds to a relationship between queries. The relational attributes can be derived from multiple
assumptions, for instance, two queries are considered to be related to each other when two different users
input those queries and click through from respective search result lists to the same Web pages. In order
to analyze such complex data, this paper proposes a new multi-mode block model based on latent variable
modeling. We evaluate the effectiveness of our multi-mode block model through experiments with real search

query log.

Keywords: search behavior analysis, query suggestions, Web search log, multi-mode networks, and latent
variable models
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Fig. 1 Grephical model representation of multinomial mixture

model.
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Fig. 2 Grephical model representation of BTM.
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Fig. 3 Grephical model representation of Sparse Block Model.
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Fig. 4 Multi-mode block model when the number of modes is
three.
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Table 1 Statistics of the dataset used.

Query Type Number of rerated queries
Co-Click Query 83,928
Co-Topic Query 88,075
Co-Session Query 48,768
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Table 2 Mean average precision (MAP) results for general

query term prediction.

MAP Sample Standard Deviation
Sparse block model-3 |0.0362 0.0064
Multi-mode block model | 0.0430 0.0049
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Table 3 Mean average precision (MAP) resultsfor co-click

query term prediction.

MAP Sample Standard Deviation

Sparse block model 0.0448 0.0669
Sparse block model-3 | 0.0263 0.0389
Multi-mode block model | 0.0542 0.0070
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