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Finding method of users’ real-time demands for literature seatchy Systems

XU Hao, CHEN Xue", HU Xiagfeng
(School of Computer Engineering and Science, Shanghai Yrudersity, \Shanghai 200444, China)

Abstract: Because of the literature search system failing to comprehend users real-time’demands, a method to find users’
real-time demands for literature search systems was proposed. &irstlysy this methyd analyzed the users’ personalized search
behaviors such as browsing and downloading. Secondly, it gstablished usersreal-time Requirement Documents (RD) based on
the relations between users’ search behaviors and users’ rejuirenients. And then it extracted keyword network from requirement
documents. Finally, it gained users’ demand grafhs which\were ¢ofmeéd by core nodes extracted from keyword network by
means of random walk. The experimental results shogy that the method'b¥y extracting demand graphs increases the F-measure by
2.5%, in the comparison of the K-medoids“algbrithfn)on averageNunder the condition that users’ demands are emulated in the
experiment. And it also increases the F-méasuxe by 5,8% Nin the comparison with the DBSCAN ( Density-Based Spatial
Clustering of Applications with Noise), \algorithm on @¥erage, under the condition that users really searches for papers. So,
when the method is used in literature s€arch systemswwhere users’ requirements are stable, it will be able to gain users’
demands to enhance users’ search experiences.
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