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Accuracy of Document Classification with Dirichlet Mixtures

TOMONARI MASADA,t ATSUHIRO TAKASUtt 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.

June 2007

1. 0odoano

00000000000 000000000000
0000000 DO0O0O00O0naive Bayes classifier00 O
000000000000000000000000
00'YOoooooO0o0oO00000000000000
000000000000000070000000
000000000000000000000000
000000000000000000000000

+0000
Nagasaki University
++ 00000000
National Institute of Informatics

14

000000000 Dirichlet mixturest'2 00 O
000000000000000000000000
0000000000000 00000000000
0000000000000000000000000
0000000000D00000000000000
000000000000000000000000
odbO0O0O000oooobooODOn 20 newsgroups
0000000000000 WebODOOODOOOOO
000000D000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000D00000000000



Vol. 48 No. SIG 11(TOD 34)

2. 0000

DOoOooooooooooooo'®ooooo®Y0
00000000 ooo0000000000000
000000000000000000000000
000D000000000000000000d per-
plexity00 000000000 OOOOO00000
000000000000 Dpr0000000DO
00 D0 Dy 00000000000 |[Dyg| O
000 Oexp{— "¢ ZrelPr)}y oo 02?0000

Tb
000000000000000000000000
00000000000 0000000000000
000000000000 000000000000
000000000000000000000000
00000000000 precisiond 000 00O recalld
0000000000000 0D000Y000000
0000000000000 00000000000
0000000000000 00000000000
000000D0000000000000000000
00000000000D0000000000000
000000D00D00D00000000D000000
00000000000 0000000000000
000000D000000000000000000
000000000000000000000000
000000000000 00000000

00000000000000000000000
000000000000 O0000 multinomial mix-
tures0 00 0000000000000 ODOOO0
000O0'»0000000000000000000
0000000 1000% 00000000000
00000000000 0000000000000
000000000000000000000000
0000000000000 00000000000
000000000000000000000000
0000000000000 00000000000
000000000000 10000000 WebO
0000000000000 D00000000 Web
000000000000 00000000000

3. OOo0OO0OOoOO0oOOoOooOobooog

3.1 00000000000
00000000000000000000000
000000000000070000000000
00000000000 oOO®® ooooono
000000000000000D0000000O0
000000000000000D00000000

oooooooooobooooooooooobooo 15

000000000000000000000000
C={ci,...,cx}0000000 D={d,...,dn}0
000000 T={t,...,ty} 000000000
¢ 0000000 P(e)0000 ¢, 0000000
000 ¢, 000000 P(4|e) 00000D OO
000000000ONOODOOO0ODO0O0000

HZP ck) HPt leg)™ (1)

i=1 k=1

00000n; 000 ;0000 ;000000000
¢00000000000000000 Pek)0k =
LK O Pltjl)dj=1,...,MOk=1,....K
00 K+MKOOOOOODOOODOOOOODO
000000000000000 P(D;6) 00000
DOO0000D0OD0D0D0ONDOONOOOOON
0000000000000000000 000
0 0000001000000 00000000
06, 00000000 (1)0

D@ HZ(SMP Ck 1]\_/1

i=1 k=1

P(tjler)™" (2)

0000000000000000000000000
000000 P(D;)00000000000000
000000000000 00 maximum likelihoodO
oo®oooooooooooog”

P(er) =

Zf\le 6iknji
Zj’\jlzl 25\21 Oikmyi

00000000P(e) 0000000000000
000000000000000P(t|e) 00000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
0000000000000000 do 000000
000 ¢ 0000000 P(ekldo;) 00 ¢ DOO
00D00D000D000D000000 do00000
000000000000000

P(tjler) =

M
P(ckldo; 0) o< P(cx) [ ] Ptsler)™50 (3)
j=1
000000 ¢, 00dp D000 DODOO0OOOODOO
njo 000 do 0000 ¢; O0O0OO0O0O00OOO



16 gooooooooooooooo

3.2 JO00OO00O0O0O0O0O0O0000000000

0 (3)00000 do O P(tj|ex) =0000000
t; 0000 P(ek|do;0) =00000000000 ¢
oooboo0o0O00odoob o ooooogooo
coooOoooOoooooOo0o0oOoooooooog
OO0 ¢ 000 ¢t; 00000000000O0OOO0OO0
ocoobOooooooooboOoOoOoOoooooooo
pooooooooooooooooooooood
pooooooooooooooooooooood
pooooooooooooooooooooood
cooooooooooooooooooooood
ooooooooooooooooooonooool
1—([%( HJ 1Pt |Ck)a7 o
00o00o0o0o0o0ooooooooooooo (200
oooooooooooo

ooooooooo

(1)
0oobOo00o0oDooOooooooOooboooono
P(tjlex)
Oéj—l—i-Z?;l 5lknﬂ
= M N (5)
Zj/:1(o‘j/_1+zz':16iknj/i)

oboboobobooobooobuooonon e O
goooo ¢ 00o0o0oooooooobooon
gooboooouoobD ;010000000000
000 do OO0 ¢; OO0OD0OO P(ckldo;0) =0
oo0o0oooooooo ()0 MOOOOOOO
o;05=1,...,MO0000000000000000
gbobOoooooobooboonboiod o5 =20
0o0o00bOO0DoOOobOOobOoOOobOoOoboobooo
000000000000 DO0OoDo?”o0ooooo
ajzl—i-azinjiDDDDDDDDDDDD (5)0

P(tjlex)
N N
. azizlnji-FZi:l OikMji
- M N N (6)
Zj/=1(azi=1nj'i+zi:1 5iknj'i)

Jdo0o00d000ooOoooooOoDobhOoooooDooOoon
dooo0oodobooDooooooooooooon
0000 ()0 e 00DOOOUOOOUOOOODO
Joo00o0oO0D0oDOoDOooDOooOooooooooon

June 2007

3.3 000000000
000000000000000000000000
0 (40000000 ¢; 00000 P(tle) OO
DDDDDDDDDDDlDDDDDDDDDDDD

F(Z
T, v HJ 1 Pltyle)™

DDDDDDDDDDDDDDDDDDDDDDDD
rQ;; @
H [(ay k)
DDDDDDDDDDDDDDDDDDDDDMED
0000000000000l 0000000000
0000000000000 00000000000
00000000000 00000000000000
000000000000000000000000
joo000000o00O0OoOoOoOoooo
00000000000 D0000oooooon
000000000000000000000 px =
(P(ti|ck),...,P(tumley)) D0DO0ODOODODOODOO
O00p,000000000000O0O0OO

P(D;a)

= HZ(sikP(Ck)/{H P(t;len)™" )

Oé]k

-lgooooooooo

Hijtkw%lek_]_ VK

M
HPt]\ck )?7k " bdpr
j:l

B NoK p( oz]k H T(ajre+nji)
—[@ wPlen) H T(an) T(3, (age+ng0)
(7)

00 P(D;e) 000000 MK OOODOOO
aj0j=1,...,MO0k=1,..., KOOOOOOOO
0000000000000000000000

0000000000000 0000000000
000000000000000000 pp O “07
000000000000 p, 0000000000
00000000000 eappdj=1,...,M 000
000O00p, O “000000” 00000000
0o00oO000O0DOoO0Y® oDoo00oo00o0o0n
000000000 00000000000O0OoD
000000000000 0000000D0O0O0D
0000 Y, P(tjle) =100000000000
000000000000000000000 100
000000 KOOOO

U (7)000 o, 000DDODDOOOODO LOO
Oleave-one-owt0 00000000 Y000O00OO




Vol. 48 No. SIG 11(TOD 34)

Y = ajk 2 Ok
J :
D DN
Z an+Z ajp—1

00000000000000e;, 000000 (8)
0000 MinkaDOO® 000000000000
00000000000 Al0ooOoooooood
ooo00000 o5, DO0O0OOCOOODOO0O do OO
U0 . 0bobobd

P(Ck|d0§)

(8)

Z HFajk+nj0)
H Fo‘ak (Z (@i + njo))
0000000000000 00000 ¢ O do O
0J0000D000o00ooooooK Ooooooo
P(ey,) 000DOO0OOODODOOUDDOOOOOO
ooo

o P(ck)

4. DO00OO0OOO0OODOO

4.1 00000

oooooooooooboooooboooboooooo
000 20 newsgroups 0 00000000000
OoOo00O0o00o0o00 WebOOODOOOOOOOO
0000000020 newsgroups JOOOOOODO0O
gbooooobooboooooooobooz200000
goooobooooooooooo ,eoooonoooOn
oooooOooooooooooooooooood
ooooooo0oooo0oOooooooooooooo
oooO00o00 stopword0O0OOOOOOOOOO
000000 Porter 00 OODOOR20000000
giooooboooooobooooooobooboooon
OO0O0O0O0O0O0O 4,7809170 000000 17,2650
OoOoo0o0oooOo WebOOOOOOOOOOOO
00000 WebOOO®30OOOOOO2005000
ooo00O0000000400000000000DO00
oobooogoe1720000 3,0470000O 3,608
googe215000000000000000DO
OO00000000oooooono webooood
000 KLT version 2.1.00000°40000000
ooOi1ooooooooooooobobbobooooo
O 4,406,100 000000 32461000000

ooooooooOOobOoOoooooooooooo
oooO0O00000o00O0o0oo0ooooooobooooo

91 http://www.cs.umass.edu/ mccallum/code-data.html
92 http://www.tartarus.org/martin/PorterStemmer/

93 http://www.seoul.co.kr/

94 http://nlp.kookmin.ac.kr/HAM /kor/index.html

oooooooooobooooooooooobooo 17

01 0000000000 000000000000
Table 1 Vocabulary restriction methods and their corre-

sponding numbers of remaining vocabularies.

goooooa goooo
(a) TPIOOOOOO 32,461
(b) TP2000000 19,657
(c) TPSOOOOOO 10,294
(d) TP1IO0DDDODOO 5,927
(
(

20 newsgroups
17,265
10,663

5,856
3,777
1,000
2,000
5,000
1,000
2,000
5,000

e) TP OO 1,000 0 1,000
f) TP OO 2,000 0 2,000
(g) TP OO 5,000 0 5,000
(h) TP 10101,100 O 1,000
(i) TP 10102,100 O 2,000
(j) TP 10105,100 O 5,000

gooOooooo0o0ooo0oooooooooooono
gbooooooobooo cbooooboooooo
gooOoooOoooobbooooooooooobon
0000000000 term frequency 0000000
00000 term popularity DOOOTPOOOODOO
0000TPO (a)10000(M)20000(c) 50000
(dyloo00000OOUOOOOOOOOTPOOO
(e) 1,000 0 000(f) 2,0000000O(g) 5,000000
oo0ooUooooooooooooTrpOOO (h) 101
000 1,10000(3) 101000 2,10000(j) 101 O
g0s1000000000000000o0o0o000 10
goooooooooOo0o0oooooobooooo
000000000000 (d)00 (oUooo
0000000(e)00 (gODOOOUODODO
0000 (GJooooooooooooooooo
00ooooood(e)0O ()ooooooooooo
000o0oO0oooUO(a00 (doOoooOoooo
gooooooooooooooooooooooDo
0000000 1000000
oooooOooooooooooOoboOooooooo
goooooooO0o0o0ooooooooooooo
goooo2000000000000000O0O0O
gooooOo0od200000000000000DO
goooooooboboiwoboooooooboooooo
goo0o0ooooobooooobooboDboO0o0o0oOoOo 100
goooooooooobooooooooooooo
1000000000000000 100000000
gooooooooOo0oooooooooooooo
o0oooooooo
O00oooooouoooouooooo (6)oooo
goooooooobooobt «00000D0o.0100.020
0.0500.1000.1200.1500.2000.3000.5000.7001.00
2.003.004.005.006.007.008.009.0010.00 200
00000oooooooono WebOOOOoooo



18 gooooooooooooooo June 2007
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Fig.1 Accuracy convergence of Dirichlet mixtures: 20
newsgroups dataset without low 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
terms
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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.
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Fig.5 Accuracy convergence of Dirichlet mixtures: Seoul
newspaper articles with high frequency terms
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Fig.6 Accuracy convergence of Dirichlet mixtures: Seoul

newspaper articles with moderate frequency terms.
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Smoothing effect in NB trained without low 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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Fig.8 Smoothing effect in the naive Bayes classifier: 20
newsgroups dataset with high frequency terms.
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Smoothing effect in NB trained with moderate frequency terms
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Fig.10 Smoothing effect in the naive Bayes classifier:
Seoul newspaper articles without low frequency
terms. (Each gray line shows the classification ac-
curacy after convergence obtained with Dirichlet

mixtures).
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Smoothing effect in NB trained with moderate frequency terms
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Fig.12 Smoothing effect in the naive Bayes classifier:

Seoul newspaper articles with moderate frequency
terms.
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Fig.13 Examples of Dirichlet prior distributions defined
over multinomial distributions when the probabil-
ities of two terms are equal.
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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)

(g) is adopted. is adopted.
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alt.atheism 30.922 18.492 17.816 alt.atheism 1.397  1.351 1.226
comp.graphics 23.196 14.870 14.688 comp.graphics 2.129 2.016 1.845
comp.os.ms-windows.misc 15.086 9.892 9.463 comp.os.ms-windows.misc 3.959 1.277 1.243
comp.sys.ibm.pc.hardware | 22.728 13.133 12.714 comp.sys.ibm.pc.hardware 1.681 1.646 1.340
comp.sys.mac.hardware 26.291 14.224  12.203 comp.sys.mac.hardware 1.910 1.456 1.318
comp.windows.x 24.819 15.346 12.160 comp.windows.x 2.416 1.676 1.591
misc.forsale 9.158 7.611 6.650 misc.forsale 2.124 1.720 1.619
rec.autos 36.612 18.521 15.058 rec.autos 6.642 1.307 1.301
rec.motorcycles 35.794 19.764  18.305 rec.motorcycles 3.968 2.830 2.115
rec.sport.baseball 26.160 12.129 12.094 rec.sport.baseball 2.806 2.049 1.529
rec.sport.hockey 17.609 7.162 6.790 rec.sport.hockey 2.679 1.982 1.627
sci.crypt 41.317  21.372  17.120 sci.crypt 4.325 2.742  2.288
sci.electronics 25.197  15.764 13.638 sci.electronics 1.130 1.089 0.937
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sci.space 36.952  17.467  17.458 sci.space 3.219 1.278  1.275
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talk.politics.mideast 49.197  26.203  21.822 talk.politics.mideast 1.515 1.509  1.500
talk.politics.misc 42.196 22.571 20.235 talk.politics.misc 1.392 1.379 1.348
talk.religion.misc 33.060  18.185 17.824 talk.religion.misc 1.112 1.097 1.080
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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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