7 1(2018) > T AR A E @R AR,
:?Iﬂ’é*a*f $-L7I %X, % -8 F 54-75-

BARAREMGEEVAEE

e~

EERN

RDEESEIEE: SN EL VRS

‘,—\\}

A
LIRS SN N LR

# &

EFRFER LT EZY AL AAHELFE TR LN
2 BE s R B SR AR cd VR LN AE G R
BRREFAGEIER T AL g A » AFj A 2 PR D AT 0 Y -
BT RAARAR BN A RE I ARAREFFTRHLT N B2
D RA BTN FT R U E m%awvﬁj4px¢$\ﬁ 1
ot T AL RS AT 2R G AU AT RN Ny @SR
& 35 % (Latent D|r|chletAIIocat|on Naive Bayes; LDANB) - & B A ik < fe &
WA L s pefddlde » iR B2 IS BFESEAF R TR BRTRIE
?%@’j%@UOﬁQO%ﬁﬁ%@ﬁ_@P Bl o Py SRR L
FApe s A2 f§ 5 L SN R WRFET B » A AR R F R
ARALFRERPALF AR AR NS RLFLEAFRARE > L EREL
PR LA EL ARARESEY BRET A EL R AR E B L
Rl s o A el o Lo £y e E 2 AT o JH LIRS o

F‘_k
=
-
P
i
Cl 4
s

*oArairE o TR 44 0 cherry@mail.hwai.edu.tw
2016/11/23 4% ; 2017/07/13 237 ; 2017/11/17 #: =
54



Wong, T.T. and Yang,N.Y.(2018),” Latent dirichlet allocation nave bayes’,
Journal of Information Management, Vol. 25, No. 1,pp. 54-75.

Latent Dirichlet Allocation Naive Bayes

Tzu Tsung Wong
Institute of Information Management, National Cheng Kung University

Nai Yu Yang*
Institute of Information Management, National Cheng Kung University

Abstract

Purpose—Naive Bayesian classifier is widely employed for classification
tasks, because of its computational efficiency and competitive accuracy. The prior
distributions of attributes in the nawe Bayesian classifier are implicitly or explicitly
assumed to follow either Dirichlet or generalized Dirichlet distributions. However,
none of previous studies apply the prior distributions on classes in the na'ive Bayesian
classifier. The aim of this study is to develop a model based on LDA, called LDANB,
that introduces prior distributions for both attributes and classes in the nave Bayesian
classifier so that the performance of this classification method can be improved.

Design/methodology/approach —The prior distributions of both attributes
and classes in the nate Bayesian classifier can be Laplace’s estimate, Dirichlet
distribution, or generalized Dirichlet distribution. Nine combinations of priors for
attributes and classes are explored to investigate their impact on the performance of
the na've Bayesian classifier.

Findings—The experimental results on 20 data sets demonstrate that the
LDANB generally has the best classification accuracy when the priors for both
attributes and classes are generalized Dirichlet distributions. When computational
efficiency is taken into account, Dirichlet prior can be a proper choice for classes.

Research limitations/implications — The multivariate distributions
defined on the unit simplex other that Dirichlet and generalized Dirichlet distributions
are not considered.

* Corresponding author. Email: cherry@mail.hwai.edu.tw o
2016/11/23 received; 2017/07/13 revised; 2017/11/17 accepted
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Practical implications — The procedure for introducing Dirichlet and
generalized Dirichlet priors for attributes and classes is proposed to improve the
performance of the nalve Bayesian classifier. The experimental results show that
assuming priors for both attributes and classes are beneficial.

Originality/value—The LDANB model for introducing priors for the nave
Bayesian classifier is novel, and this model can enhance the competitiveness of the
naive Bayesian classifier in classification tasks.

Keywords: Nawve Bayesian classifiers, Dirichlet distribution, generalized Dirichlet
distribution, latent Dirichlet allocation
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THER WE TR B EF R A Er Tl o SR E RS B
> ¢ 3 { ¥k % (Dougherty et al. 1995; Kohavi & Sahami 1996 ) o #7171 &7
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annealing 898 18 6 12 5
car 1728 6 0 6 4
cardiotocographic 2126 21 21 0 10
dermatology 366 34 33 6
ecoli 336 7 5 8
flags 194 28 10 18 8
glass 214 9 9 0 6
image segmentation 2310 18 18 0 7
iris 150 4 4 0 3
leaf 340 14 14 0 30
mammographic 959 5 1 4 6
mfeat 2000 6 3 10
newthyroid 215 5 5 0 3
page 5473 10 10 0 5
seeds 210 7 7 0 3
user 403 5 5 0 4
vertebral 310 6 6 0 3
vowel 990 12 10 2 11
waveform 5000 21 21 0 3
yeast 1484 8 8 0 10
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annealing 94.20% 94.20% 95.09%
car 88.06% 88.06% 89.74%
cardiotocographic 72.84% 75.86% 76.54%
dermatology 97.81% 98.29% 98.29%
ecoli 82.26% 83.49% 84.46%
flags 62.20% 68.31% 67.53%
glass 59.20% 64.58% 66.76%
image segmentation 88.47% 90.29% 90.65%
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mammaographic 76.57% 78.20% 78.49%
mfeat 69.77% 70.06% 71.14%
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page 92.16% 92.18% 92.62%
seeds 89.55% 92.04% 92.31%
user 85.81% 87.91% 88.77%
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annealing 94.61% 94.78% 95.55%
car 87.27% 87.87% 88.87%
cardiotocographic 73.18% 76.59% 77.31%
dermatology 97.81% 98.29% 98.29%
ecoli 82.83% 83.45% 84.72%
flags 62.38% 67.78% 69.07%
glass 60.32% 64.58% 67.64%
image segmentation 88.47% 90.33% 90.81%
iris 93.81% 95.93% 97.32%
leaf 52.91% 60.64% 62.22%
mammographic 76.89% 78.46% 78.60%
mfeat 69.82% 70.17% 71.09%
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