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Text Classification Based on Labeled-LDA Model
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Abstract LDA (Latent Dirichlet Allocation) is a recently proposed model which extracts latent
topics from text data. In this paper, Labeled-LDA is proposed to enhance the traditional LDA to
integrate the class information. Based on Labeled-LDA, a new algorithm is introduced to figure
out the latent topics’ quantities of each class synergistically. In such a way, Labeled-LDA model
avoids compulsive allocation behaviors of the traditional LDA when it is used as a component in
classification frame. Experiments on fudan corpus and the comp subset of 20newsgrop corpus
show the new method can improve text classification effectiveness: On micro_F, measure, it ap-
proaches an improvement of 5. 7% on fudan corpus and 3% on the comp subset of 20newsgrop

corpus.
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tation methods mainly include vector space model, n-grams,

HMM, and etc. These text presentation methods have been
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widely used in natural language processing. Recently, a new
type of statistical language models, named as topic model,
becomes an active research direction of text presentation.
The fundamental target of topic models is to explore the la-
tent structure of document by content analysis. The differ-
ences among the topic models are mainly at the assumptions
of their topic structure, such as linear array of LDA model,
DAG of PAM model, complete graph of CTM model and etc.
By means of more reasonable topic structure, more expres-
sive topic model can be obtained.

In their research, the authors propose a new topic mod-
el, the Labeled-LDA model, which can encode the class in-
formation of document into the traditional LDA model. In
this way, they obtain a more capable text presentation meth-
od which avoids compulsive allocation behaviors of the tradi-
tional LDA when it is used in text classification. Based on the
Labeled-LDA model, they introduce a new text classification
algorithm to figure out the latent topics’ quantities of each
class synergistically.
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implement of statistical language models and their applica-
tions in areas of natural language processing and information
retrieval, etc. Statistical language models play a fundamental
role in the natural language processing. At the same time.
information retrieval also takes the language model as one of
the most important paradigms.

This research group has worked on many aspects of sta-
tistical language models. Related papers have been published
on international conferences (COLING-International Confer-
ence on Computational Linguistics, IJCNLP- International
Joint Conference on Natural Language Processing, AIRS-A-
sia Information Retrieval Symposium, etc.) and journals
(JCIP-Journal of Chinese Information Processing, etc. ). In
this paper, they study the topic language models and propose
the Labeled-LDA model, which integrates the class informa-
tion into traditional LDA model. Furthermore, they apply
the Labeled-LDA model to text classification. Experiments
show that this method can enhance performance of text clas-

sification.



