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Abstract Recently, documents, such as those seen on Wikipedia and Folksonomy, have tended to be categorized
into multiple topics. In this paper, we proposed a novel probabilistic generative model to deal with multiple—
topic documents: Parametric Dirichlet Mixture Model(PDMM). PDMM is an expansion of an existing probabilistic
generative model: Parametric Mixture Model(PMM) by hierarchical Bayes model. PMM models multiple-topic doc-
uments by mixing model parameters of each single topic with an equal mixture ratio. PDMM models multiple-topic
documents by mixing model parameters of each single topic with mixture ratio following Dirichlet distribution. We
evaluate PDMM and PMM by comparing F-measures using MEDLINE corpus. The evaluation showed that PDMM

is more effective than PMM.
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0 2 Word List of Document whose Topics are [Female], [Male]
and [Biological Markers]

Ranking | 00O 10 O Ranking | 00O 10 O
1(37) biomarkers 67(69) indicate
2(19) Fusarium 68(57) | problem
3(20) non-Gaussian | 69(45) | use

4(21) Stachybotrys | 70(75) | %

5(7) chrysogenum | 71(59) | correlate
6(22) Cladosporium | 72(17) | population
7(3) mould 73(15) healthy
8(35) Aspergillus 7433) response
9(23) dampness 75(56) | man
10(24) 1SD 76(64) woman
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0 3 Word List of Document whose Topics are [Rats], [Child] and

[Incidence]
Ranking | 00O 10 O Ranking | 00O 10 O
1(69) indicate 67(56) | man
2(63) relate 68(47) blot
3(53) antigen 69(6) exposure
4(45) use 70(54) | distribution
5(3) mould 71(68) evaluate
6(4) versicolor 72(67) examine
7(35) Aspergillus | 73(59) correlate
8(7) chrysogenum | 74(58) positive
9(8) chartarum 75(1) IgG
10(9) herbarum 76(60) adult
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