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P(h|D) = ~PD) (1)
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At =), o) #EL doHE AW E o A3 sl L /oA UE N oS
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P(D|h)P(h
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EE P(D)E hst 2387 g 2o 45 22 2158t U3 go] EAH.
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€ 7317 918 UA JHE Fe) S BE Mg &L FE /HAGa 3. F, 7
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Vh(e H)P(h) =p=1/|H| (4)

o] 7}3& ol &3tw P(D|h)P(h)N A P(h)&l gt& A7t sl P(D|h)E U=
A= FEE hyroleh € o 29 Aoz wAHY.

hui = argmax, ez P(D|h) (5)
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LEARN-NAIVE-BAYES-TEXT(Egs, V)
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CLASSIFY-NAIVE-BAYES-TEXT(Doc)

e position — VocollH 739 EEE9 Docl9] BE TojE 914

o T& Aof o8] A4R unp

vyp =amgmax, v P(v;) [ Plailvs)
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214 3: Naive Bayes Classifierd] ¥ /& ¢33 &

alt.atheism

comp.graphics
comp.os.ms-windows.misc
comp.sys.ibm.pc.hardware
comp.sys.mac.hardware
comp.windows.x
misc.forsale

rec.autos

rec.motorcycles

rec.sport.baseball

rec.sport.hockey
sci.crypt
sci.electronics
sci.med

sci.space
soc.religion.christian
talk.politics.guns
talk.politics.mideast
talk.politics.misc
talk.religion.misc
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Path: cantaloupe.srv.cs.cmu.edu'!das-news.harvard.edu!ogicse!uwm.edu!
From: jbarrett€@aludra.usc.edu (Jonathan Barrett)

Newsgroups: rec.sport.hockey

Subject: Re: This year’s biggest and worst (opinion)...
Keywords: NHL, awards

Message-ID: <1pqgq3INN2vn€aludra.usc.adu>

Date: 5 Apr 93 09:63:39 GMT

Article-I.D.: aludra.ipqgq3INN2vn

References: <C4zCII.Ftnévatservl.uwaterloo.ca>

Sender: nntp€aludra.usc.edu

Organization: University of Southern Califormia, Los Angeles, CA
Lines: 16

NNTP-Posting-Host: aludra.usc.edu

I can only comment on the Kings, but the most obvious candidate for pleasant
surprise is Alex Zhitnik. He came highly touted as 2 defensive defenseman, but
he’s clearly much more than that. Great skater and hard shot (though wish he
vere more accurate). In fact, he pretty much allowed the Kings to trade away
that huge defensive liability Paul Coffey. Kelly Hrudey is only the biggest
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59 g2 HES Ho|BE EUAT BHEL POoHA HES Hol#E 2718 FAsE,
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Dataset:.\20_nesgroups\
Test ratior: 30%

-~ Row is actual, Column is predicted

class o 1] 3 3 4 9 g o 10 11] 12 13 14 18] 16 17 18 19accuracy
097 o o o o d o o 1 o o d 1| § 2 714 706567%
1| o34 4 18 ddaddis 2 1 3 d 178.00%
2| o 278219 450 2 d d d d 7 5 i o 2 o60.67%
3 | of 21 14207 1 ?30000177 1 3 4 de0.00%
4| o1 1121 3 d0q q a1 Y 8 318 1]71.00%
51 02 | 2243 o o d 1 o 7 1 0 81.00%
6| o6 12711 2nsd o 4 1 3 1 410 15 060.67%
71 0 1 d o 4243 3 d d 4 1 7 0 80.67%
8| o 1 Jupsy o o 2 5 087.00%
9|1 20 2 os91d 1 d 1 1 d17 186.33%
10 0 o 0 0 0 2287 2 a 1 d95.67%
1| o 2 0 0 0 0 0285 1§ 24 1 q95.00%
12| 114 1 127 d d os7se 191 7 0 52.00%
13| 5 8 1 o0 0 2 g o 2 1 1bs H 5 79.33%
141 0 0 0 aadaa 6 1 0 88.67%
15| 1 o0 odoggaqa g o7 ¢ 0 99.00%
16| 0 o0 d o d o o 8 55 4 28 5 85.00%
17| 1 0 dqad 1 g 2 o279 10 093.00%
18| 2 o0 d d o o o 4 37 12226 16 75.33%
19 | 36 q o q 1 38 15 § 43157 52.33%

Correct : 4666 out of 6000
Accuracy average : 77.77}
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0 | alt.atheism 10 | rec.sport.hockey

1 | comp.graphics 11 | sci.crypt

2 | comp.os.ms-windows.misc | 12 | sci.electronics

3 | comp.sys.ibm.pc.hardware | 13 | sci.med

4 | comp.sys.mac.hardware 14 | sci.space

5 | comp.windows.x 15 | soc.religion.christian

6 | misc.forsale 16 | talk.politics.guns

7 | rec.autos 17 | talk.politics.mideast

8 | rec.motorcycles 18 | talk.politics.misc

9 | rec.sport.baseball 19 | talk.religion.misc
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An Automatic Document Classification with Bayesian

Learning
Jinsang Kim! - Yangkyu Shin®

Abstract

As the number of online documents increases enormously with the expansion of
information technology, the importance of automatic document classification is greatly
enlarged. In this paper, an automatic document classification method is investigated
and applied to UseNet 20 newsgroup articles to test its efficacy. The classification
system uses Naive Bayes classification algorithm and the experimental result shows
that a randomly selected newsgroup arcicle can be classified into its own category over
77% accuracy.

Key Words and Phrases: Document Classification, Bayesian Learning, Machine Learn-
ing
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