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Weighted Bayesian Automatic Document Categorization Based on
Association Word Knowledge Base by Apriori Algorithm

Ko, Soo.Jung* and Lee, JungHvunﬂ

ABSTRACT

The previous Bayesian document categorization method has problems that it requires a lot of time
and effort in word clustering and it hardly reflects the semantic information between words. In this paper,
we propose a weighted Bayesian document categorizing method based on association word knowledge
base acquired by mining technique. The proposed method constructs weighted association word knowledge
base using documents in training set. Then, classifier using Bayesian probability categorizes documents
based on the constructed association word knowledge base. In order to evaluate performance of the
proposed method, we compare our experimental results with those of weighted Bayesian document
categorizing method using vocabulary dictionary by mutual information, weighted Bayesian document
categorizing method, and simple Bayesian document categorizing method. The experimental result shows
that weighted Bayesian categorizing method using association word knowledge base has improved
performance 0.87% and 2.77% and 5.09% over weighted Bayesian categorizing method using vocabulary
dictionary by mutual information and weighted Bayesian method and simple Bayesian method, respectively.
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o o] Ej& = E 1 P-> 59} 231 0.021186
ZYSE o] El& Z 2 2 H=> AL 231 0.025316
AU&E H &R A F=> F e 24 29 231 0.096154
A& o] §-& 7] &=> 74 25 28 231 0.100386
A& A Y& 7Y o H=> F 11 25 27 231 0.100775
A& A F& Y] ~E=>H Y 21 26 231 0.085603
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# 5. Naive Bayes 2FXAl0| olaf 27E A8 A

AT T class; | classz | classs | classs | classs | classs | class7| classs
A A& Fot& 01 7)& AFEAE F S=> o] gl E 11(0.100386)
EQG& Y EY TR A S=>F2E 1(0.00635)
& o] A& Q1A RN&L EZE=>Z HE] 1(0.0321)
A Y& o] && 7] g=> )4} 1(0.100386)
2Y& & F o1& =& 7 EH=> FH I} 1(0.086614)
P(classip) 0.6 0.2 0.2
1A 0.0522 0.0013 0.00642
FE=>F7F e AT do] 2 LAk Naive Bayes E 6. 2x2-E8E
EFA= A EAE dFE e 9B Foig] 7H5A 23 B
£ 27) 93 9 2ol A4 wol2g FxF o B ﬁﬂ%]ﬂfj fﬁ- 24
of] x] of 3
3 2 4 Q)3l o Al B2 - =

iiﬂ AR 2 (4)9] EHEL\J??J o024 —‘—_]‘@)\ :']a 4 wra KTsetd5: 85 BAZRE 22)
B do] A2 wojxe FYPA2 BEFE = Uk E - YES NO
#Ho2 ¥ 50ME A EAMTL classd) AY & T

M=o o 3 YES a b
22 EHFIS 20 (47}A Wy

o2 4AE
n=) NO c d

5. 45 7|

E =8 AgE df do] Ay wol=E
719 o 2 & 7}E A7 BB WolAt B4 B F
1 (WBayesian-AWKB) 9] 4% & H713517] 93,
7NE] @& Wl At FE-& AT W (Bayes-
ian), 5 X7} F o H wo| Xt £F HHH (WBaye-
sian), 4% FH Aatel] o5 FE& o AbAS 7
o2 -3 wWo|xet B4 EF WUH (WBayesian—
vD)# vl sl gt o] & Brhetr] Y FE EAME
KTset959] 91& 160070 ¢] EX 2 7452 ét@]
Ae YQBA 374 o8 PFE 2otke] URLER
B 34 80078 2] ¥&A19k KTset9590 Sl 80074
9] EXME Hgtsled A URLS Qe 2E
olF 59 7|&2) AN P dzlo] 73 Fhe e
g 7102 Mg E3 KTsetdso ZHE HE
gAY FAE iiﬂ*%ﬁ BE&E g B0 A=
FAE AT 2R/ A5E 277 feA #
22 ERE BAE Eﬂ*& Z2 X692 2
BE Fggrtsl.
BEFe A8 4 (59 F-measure &

&3k 4 (5o M P AgE, Re AP &S 97
].
2}

Q
A&

L

o2l

ol

}
o, o] 3% F-measured #o] 5% ¥ 77

g gttt q71AM, g Fo=ol] e

b b

o)
<
&

o ZdiHd 7EAE dehe FAZ, 10Y 3¢
Ag=sl AQEg9 7HEFA7 2t
(B*+DPR p 2 _1006R=—2-100
BP+R a+b a+c (5)

2 AFdMe 9 e 108 43 £/ 4
g EMstgony, £ 89 A& 05904 142 W
1A 7| A A F-measure?] 23 o] & 43 H okt
T 7S Ao A LS 4] (5) st E4%
A#HRE e

aYen 1y 7 X 79 AAE iR o R ¢ AF
&7 FYE o A ZHE Vel 19 74 =
WBayesian-AWKB % o] )3 & o] WBayesian-
VDY H T} 0.44%, WBayesian®3 R oy 2.59%,
Bayesian® i Bk 332% & vehdoh

2% 790 A& WBayesian-AWKB ¥ o] A& =
7} WBayesian-VDWH Bt} 2.84%, WBayesian®
W H O 4.46%, Bayesian®t ] RTH= 861% Ew&
vepd .

¥ gl A A=1.0Y A%, WBayesian-AWKB
He WBayesian-VDHH R0} 1.63%, WBayesian
HbH B thHeE 3529, BayesianH 2ok 559% E5
& vhebd

F _measure=
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# 7. WBavyesian-AWKB, WBayesian-VD, WBavesian, Bayesiang 4& d|{n®
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WBayesian-AWKB WBayesian-VD WBayesian Bayesian

=

:ﬂ AEE | AEE | F-measure| A TS | 8% |F-measure | 4 & | A 85 | F-measure | A ¥ & | A F = | F-measure
Al (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)
i 87.50 | 89.09 83.29 87.16 | 87.16 87.16 85.59 | 84.82 85.20 8559 | 79.83 82.61
2| 89.90 | 89.00 89.45 89.58 | 86.00 87.76 87.76 | 82.69 85.15 86.87 | 78.18 82.30
31 86.61 | 83.71 87.65 86.40 | 85.71 86.06 83.72 | 84.38 84.05 83.08 | 80.60 81.82
4| 8760 | 83.33 87.97 87.07 | 84.87 85.96 8347 | 82.79 83.13 82.79 | 7891 80.80
| 5| 87.30 | 87.30 87.30 86.67 | 85.25 85.95 83.87 | 84.55 84.21 82.54 | 80.62 81.57
6| 8344 | 93.53 90.91 8794 | 89.86 83.89 86.71 | 8357 87.63 85.52 | 84.35 84.93
71 85.71 | 91.60 83.56 85.07 | 83.37 86.69 82.61 | 87.02 84.76 82.01 | 8261 82.31
81 90.27 | 93.82 92.01 890.89 | 91.43 90.65 88.89 | 90.91 89.89 88.40 | 87.43 87.91
b= ]

ici 8792 | 90.17 89.02 87.47 | 87.33 87.39 85.33 | 85.72 85.50 84.60 | 8157 83.03

-~ WBayesian-AWKB =~ ——— WBayesian-VD —— WBayesian-AWKB ~ ——— WBayesian-VD
WhBayesian —— Bayesian WBayesian ~ -----e- Bayesian
92% . 95% .

90% |
88% |
86% |
84% |
82% |
80% |
8% |
76%

HEE

2% 6. WBavesian-AWKB, WBayesian-VD, WBayes-
ian, Bayesian¥#{e| A 2& AL

e W Bayes ian

e WBayes ian-A WKB

——- Bayesian

——— WBayesian-VD

100%

90% |

80% |
14

T 70%
’RO

60% L

50%

2% 7. WBavesian-AWKB, WBayesian-VD, WBay-

esian, Bayesian&¥ e £A{

= e
T

Rt

ad 9v BUE 059M 142 ¥ Ao &

F-measure®] 4%

B0
’\L‘éﬂne

el WBayesian-

90% L

85% |

80% |

Fmeasure(w g}=1)

5% L " )

J% 8. Frmeasureodl 23t F2AY 2A 2R/ 45 ot

Whbayesian

= WBayesian-AWKB  ———— WBayesian-VD

Bayesian

100 _

90 L

80
70 L

F-measure

60 |

50 ) L .

| &}

T3 9. 82| giztol (4E F-measuredl] 2|3t Eejad 24

=2 L
=T g—o'

"ot

AWKBHY 8 ol]2} WBayesian- VD 3+ WBa-
yesian®t % B gko] ¥WE#XgtE F-measure® 3k
£ 4dAF 7S FAFER AHEH AF T Ho|
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A ¥l A5 S Jebdth 184 Bayesiand i &
BEEROE LM H L A5 S vehdth
HAH o g, WBayesian-AWKBYHH-S WBayesian-
VD R o} 0.87%, WBaye51a W B TE 277%,
BayesianyH B o= 509% £ A% 2}o)|& Ry,

AAH o2 715 & B if} A tho] 2] 4] H) o]
24U A5 AR Albe) 23 wo] ALRE ALgE B
W o] 7hE A Fod g W olu v w o] At

6.2 E

2 = Ae 71E9 ot FA BF uy o
93-S 457 A8, Apriori e Ee) 98t
ol XA Hlel2 g 7w o2 Stz FFE A7 By
" Ho] At EA B wye AdsA

B =FodA At dye F Jkxe AHe
=t AR = Naive Bayes E7A7F 383t 28
Vs '}EE— "d-‘r} @ 7‘]5! Hﬂ o2& &Y

= EA4

Holth B =R AU 7 e 4
B7ve7) Y, 212 T Wo] X9t B &/ wbe
TH7F Holg wolAgt £F WUy, 45
off 21§ o] AL & o] &8 7}1E X7} Bof
FEAM EF WA vnadct. 1 da,
A AT W] A3 R ALt 9%
< ol &3te 7HFEA I B g wo| x|t &

o &

otz B o 2 2 2 Mo r® RO a

= 277%, o< H o] gt H‘%iqt— 5.09%
4% ZolE B Yot

FE, BAY 54 BE FA) okl 2% WA}
2 $23he} An wo) A4 Wo|AE Ftow ol
Mol et BA BF Pl HeBchE B B

4ol Bt gobd Aol
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