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Domain Label Acquisition Method Based on SL-LDA Model
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Abstract The development of science and technology poses new challenges for the management of literature and scholars. In or-
der to solve the problem of automatic management of massive scientific literature and scholars, this paper proposes a domain label
acquisition method based on SL-LDA. On the basis of massive scientific literature, the distribution characteristics of scientific
literature data are analyzed,and the SL-LDA theme model is constructed by introducing the word frequency feature of scientific
literature. The theme model is used to extract the “theme-phrase” from the scientific literature of the same scholar and get the ini-
tial domain keywords. Then the domain system is introduced, the extraction results of the theme model are vector-represented
with the system label. After the position feature weighting, the similarity is used for system mapping. Finally.the domain label of
the scholar is obtained. Experiment results show that,compared withthe traditional LDA model, the statistical-based TFIDF algo-
rithm and the TextRank algorithm based on network graph, the final label words obtained by SL-LDA model have better effect
and higher accuracy with the same amount of literature data,and the F1 value is also raised to 0. 572,indicating that the domain
label acquisition method based on SL-LDA has good applicability in the academic field.

Keywords Domain tags,SL-LDA model, Label mapping,theme phrase extraction, Scientific literature
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