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Fig.2 The comparative figure of classification result of the classifier based on similarity method

B2 ETHMUET EA S RED KGR LBAE
I L SR B A4 SO 55 26 BT SO 46 0 2 B AT SR 492 LR IE A — UM T R
3OS 5y 208 B A 0 5 288 SORH 0 49 K R 2 KK T 0 B SO 4 38 10 B A i
DF SRS KA NIRRT R 2 1 B2 0 T AR — A, AT TE R
BB B IO B O o KRR S22 0 R T AL TR, LT R JEof m A D o 31
SESCEARES

P(C;lclassify,)=n A/ /)(Di\*(:;.
AT ME 2 PIRATAT LA B A B, £ 5 T Bayes T EMMLIET LM R B ARG R
FEBE R £R G 40 25 88 10 41 28 IE 1 R AR B B B 37 T SU A 4 25 B8 FIHR ST AR 45 4 40 25 8% B 0h 43 2 I A 3%
ROHBERBE.

2 BAXGELE

IO S 2S5 o A I R R A R AR AR ZE IR B R, AT BN S b
Web T A 585, i BUR B1E R M, B 250 stemming , BRI E B & A 3 i B2, M 22 3 & 74
Tr A ORI ARAE. 7RI B A e I R P A Web T AR ANLEIRE, 2R AET
Bayes 75 1 FSUR M UM JF 35 09 SCAR 4 26 88 B SCAR S5 #0488 A4 A 0 548 AT 03, AT 78 1
Fo RN SRR,

(1) ik

H A SCAR I 25 v i B it B A DR O R v AR A e LR AR S AR 43 2 P Y — N B ) L 5
s A S I 2 SO e B A5 4 28 AR AL AN stop list BB M E G, LRTP RMEE 16
789 . L AFEMAR S K I EE M KR, — A I sk h R B E
BF ¥ 40 28 0% 1 5 — R PRI R S A A S MR B T AR SR R L PR B A 26 A B R
PR T 7025 iR 7 55 — g 5 3.

BATFERIFMERR S S LA E I BT A BT A RS VTR E . 4
SE AT AR R R B 7E 2 000 NMFM LA, SHEFMAERBINRATH XA S LRLBREFSH
Y HL 35 2 3 P AT Expected cross entropy 75 300, I B 235 {0 F B2 % #1544 & 49 information
gain FIE L AHBREFFEE.

crossEntropyTxt (Fy=P(F) 20,P(C,| F)log = l(fgc“z 2

Heh FRARE.PFORSF REMME,PICHORTE  BREWHMBHE.PFICORF BREHE

© PEERERELASU  hip/ www. jos. org. cn



% ¥ A Naive HBayes F ik th 9 4 % Web B R 1388

HRMFI R,

(2) Yl gr ik

BITATIGRMN A BB E—-Baka FilBE-BERAFEENILAEEEZTE N ENITHE
YLAEK Web ME. N8Rk RMNBECKENEBRF L MR E R FHM I FTHBESEY R
3 W % R K% (Cornell University ), {8 7 BRH K3 BT 438 (Texas University, Austin) (42 %
A% (University of Washington ), g5 B 3 K F (University of Wisconsin) & JL i A2 R0 H L
FEB Web M. MBS MTHNEEREA SN 7 7258, student, course , staff, faculty, other,
project. IR ATILH 1 2 700 ARIT, Kb 1 353 MR A FUIZ. 550 1 347 R HHF a2k
.

HTHRMEZEARERE, RITHEFERBHE 2000 1. R 2. B 3RFEIFHLHNTETF
Bayes B R ERER . R 4~F 6 ME 4 BB E TEF UMMM L RRER.

Table 1 The classification result of the Web pages® text classifier based on Bayes method (F=2000)

£ OET Bayes JTEER Web FIE CA S HERH A LIH £ (F=2000)

Actual classification” Course®  Depr.™  Faculty™  Other® Proj® Staff®  Stadent®
Result classification® — ™"~ 200 181 200 200 200 156 200
Course 185 1 3 23 3 G 3
Dept. 7 187 5 3 32 2 30
Faculty 5 1 132 9 28 € 34
(Other 2 1 z 101 [ 1 O
Proj 1 0 6 3 97 0 B
Stal{ 4] O iz 1 23 127 45
Student 0 1 10 60 11 14 85
Correctness™ (%) 92.5 97.9 468 50,5 48. 5 31.4 42.5
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Table 2 The classification result of the Web pages’ hypertext structure

classifler based on Baves method (& =2004)
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Actual classification™ Course™ Dept, Faculty™® Other® Proyi¥ Staff® Student®
Resnh class:fication™ e — 200 101 200 200 200 156 200
Course 183 7 18 3h 26 7 18
Dept. 10 181 8 10 38 12 10
Faculty 0 0 119 9 11 10 35
(Jrher 2 ¥ 0 112 6 1 12
Proj 3, 1 [ 8 110 z 8
Sraff O o] 19 1 1 113 11
Student 2 4 30 22 8 11 103
Correctaess™ (43 91.0 44.8 59.5 56 55 724 51.5
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Fig.3 The comparative figure of classification result based on Bayes method when features number = 2000
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Table 3 The classification result of the Web pages’ composite classifier based on Bayes method (F=2000)

F 3 HET Bayes BN Web ISR A 53 2688 1 43 2 S R E5 B (1= 2000)

T Actual classification’ Course® Dept. * Faculty®  Other* Proj” Staf{® Student™
Result classification ™ —————___ 200 191 200 200 200 156 200
Course 189 2 7 33 10 1 8
Dept. 7 187 9 8 29 7 10
Faculty 0 0 133 6 18 8 35
Other 1 0 0 118 7 0
Proj 2 1 5 3 1% 1 2
Staff ] 0 16 3 3 130 23
Student 1 1 30 29 8 9 119
Correctness™ (%) 94.5 97. 9 66. 5 59 62.5 83.3 59.5
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Table 4 The classification result of the Web pages’ text classifier based on similarity method (F=2000)

T4 AT MM KM Web T S0 A 43 248 38 19 4 8 S0 50 £5 3R (F=2000)

Actual classification™ Course®  Dept.™  Faculty®  Other® Proj® Stafl®  Studemt™

Result classification® 200 191 200 200 200 156 200
' Course T 3 1 10 2 3 1
Dept. 16 175 27 5 18 13 34

Faculty 6 0 103 12 29 14 29
Other 3 0 0 83 8 4 1

Proj 6 1 16 17 106 11 2

Stalf 4 4 37 3 22 89 54

Student 8 8 13 70 15 22 76

Correctness™ (%) 78.5 91.62 51.5 41.5 53 57.05 38
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Table 5 The classification result of the Web pages’ hypertext structure
classifier based on similarity method (¥F=2000)

£S5 ETHONED R Web T 8 304540 26 8510 20 K LR EE R (F=2000)

Actual classification" Course®  Dept.®  Faculty®  Other® Proj® Staff®  Student®

Result classification® 200 191 200 200 200 156 200
Course 144 12 28 35 10 1 8
Dept. 24 161 19 12 36 16 8

Faculty 0 0 61 18 21 21 16
Other 3 1 3 97 13 13 21
Proj 6 2 3 12 85 7 5

Staff 2 2 35 2 10 66 37

Student 21 13 51 24 25 32 105

Correctness ™ ( %) 72 84. 29 30.5 48.5 42. 5 42,31 52.5
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Table 6 The classification result of the Web pages’ composite classifier based on similarity method (F=2000)

T T MM MK Web BT 54 40 25 8% 10 53 2 L1 45 5 (F =2000)

Actual classification® Course® Dept. ¥ Faculty®  Other® Proj® Staf[® Student®

Result classification® 200 191 200 200 200 156 200
Course 159 4 7 26 4 4 ]
Dept. 20 175 17 10 32 14 8

Faculty 0 1 103 12 16 20 19
Other 0 0 0 106 8 6 8

Proj 9 1 3 11 106 9 10

Staff 2 1 50 7 17 89 43

Student 10 9 20 28 17 16 106

Correctness®® (%) 79.5 91. 62 51.5 53 53 57.05 53
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Fig. 4 The comparative figure of classification result based on similarity

method when features number= 2000
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Using Naive Bayes to Coordinate the Classification of Weh Pages*
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Abstract . There 1s a vas: source of information in WWW. How w find the uselul informarion from Interner is

an exacl issue to be solved. The correct classification of Web pages is the core. Based om 1he sirnetu-c characteris-

tics of hyperiexts the method of Naive Bayes is adopied in this paper to coordinate the two classifiers that use the

text document and hypertext stucture. Compared with the two separate classifiers, the combining classifier pro-

motes the correctness of Web pages® classification evidently and stcadily.

Key words: hypertext; Web; clagsification; machine learning; Internet; dara mining; informaticn retrieval ;
WWW
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