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Accuracy of Document Classification with Dirichlet Mixtures

TOMONARI MASADA,t ATSUHIRO TAKASUi* and JUN ADACHI

The naive Bayes classifier is a well-known method for document classification. However,
the naive Bayes classifier gives a satisfying classification accuracy only after an appropriate
tuning of the smoothing parameter. Moreover, we should find appropriate parameter values
separately for different document sets. In this paper, we focus on an effective probabilistic
framework for document classification, called Dirichlet mixtures, which requires no parameter
tuning and provides satisfying classification accuracies with respect to various document sets.
Many researches in the field of image processing and of natural language processing utilize
Dirichlet mixtures. Especially, in the field of natural language processing, many experiments
are conducted by using real document data sets. However, most researches use the perplexity
as an evaluation measure. While the perplexity is a purely theoretical measure, the accuracy
is popular for document classification in the field of information retrieval or of text mining.
The accuracy is computed by comparing correct labels with predictions made by the classifier.
In this paper, we conduct. an evaluation experiment by using 20 newsgroups data set and the
Korean Web newspaper articles under the intention that we will use Dirichlet mixtures for
multilingual applications. In the experiment, we compare the naive Bayes classifier with the
classifier based on Dirichlet mixtures and clarify their qualitative and quantitative differences.
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Accuracy convergence of DM trained without low frequency terms
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Fig.1 Accuracy convergence of Dirichlet mixtures: 20
newsgroups dataset without low frequency terms.
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Accuracy convergence of DM trained with high frequency terms
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Fig.2 Accuracy convergence of Dirichlet mixtures: 20
newsgroups dataset with high frequency terms.

Accuracy convergence of DM trained with moderate frequency
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Fig.3 Accuracy convergence of Dirichlet mixtures: 20
newsgroups dataset with moderate frequency terms.
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Accuracy convergence of DM trained without low frequency terms
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Fig.4 Accuracy convergence of Dirichlet mixtures: Seoul
newspaper articles without low frequency terms.

Accuracy convergence of DM trained with high frequency terms
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Accuracy convergence of DM trained with moderate frequency

terms
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Fig.6 Accuracy convergence of Dirichlet mixtures: Seoul
newspaper articles with moderate frequency terms.
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Fig.7 Smoothing effect in the naive Bayes classifier: 20

newsgroups dataset without low frequency terms.

(Each gray line shows the classification accuracy af-

ter convergence obtained with Dirichlet mixtures).
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newsgroups dataset with moderate frequency terms.
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curacy after convergence obtained with Dirichlet
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Seoul newspaper articles with moderate frequency
terms.
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Table 3 Three largest parameter values of the Dirichlet
distribution for each document class of 20 news-
groups dataset. Vocabulary restriction method (j)
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Table 4 Three largest parameter values of the Dirich-
let distribution for each document class of
Seoul newspaper dataset. Vocabulary restriction
method (g) is adopted.
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Table 5 Three largest parameter values of the Dirich-
let distribution for each document class of
Seoul newspaper dataset. Vocabulary restriction
method (j) is adopted.
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