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Abstract

This thesis discusses how to use document
classification techniques to perform automatic
book classification. The kernel classification
algorithm in this thesis is Support Vector
Machines (SVM). The SVM classification result
can be integrated with books’ meta-information
to improve the classification correctness. The
classification processes are as followings. In the
beginning, data of books are divided into
description (book title and prospectus) and
meta-information  (author and publisher).
Description of each book is preprocessed, and

features of a book are selected according to term
frequencies and log likelihood ratio. In the next
step, experts refine these selected features
according to their domain knowledge, and give a
proper weight for those features. After feature
selection, descriptions of books are transformed
into vector forms and use the SVM classifier to
learn and classify. The final step is to linearly
combine the SVM classification results and
meta-information for obtaining the final
classification. The experiments use the book
data from “www.books.com.tw”, and K-fold
cross-validation is used to verify the feasibility.
The experimental results show that combining
SVM and meta-information can make the
classification accuracy to 95%.

Keywords : Book Classification, SVM, Support
Vector Machine, Meta-information.
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# 8 & pdp TPHGPR LA B L H SVM £ 4 & s
i§ 5 /9 5 R E 8
Accuracy F-measure Accuracy F-measure Accuracy F-measure
Without Expert 91.1% 85.6% 88.1% 80.8% 89.8% 83.9%
W_Exp=1 91.0% 85.5% 87.7% 79.7% 90.9% 85.7%
W_Exp=2 92.3% 84.5% 89.0% 82.1% 92.5% 87.9%
W_Exp=3 93.5% 89.5% 90.2% 83.9% 92.9% 88.4%
W_Exp=4 93.9% 90.1% 90.3% 84.0% 93.2% 88.8%
W_Exp=5 93.9% 90.1% 90.9% 85.0% 93.3% 89.0%
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A9 R WFE 2

fo/d o
Accuracy
88.1%
88.3%
81.0%
90.9%

F-measure
80.8%
82.3%
72.0%
85.0%

% 10: " SVM 2 2RB FTH L%

7}& [ % o

Accuracy
90.9%
89.5%
55.9%

F-measure
85.0%
83.6%
59.5%

% 1:SVM R & 2B FHLA B S5

,fi 5[4 &)

Accuracy
95.6%
91.2%
80.3%
95.7%

v

3,
F-measure
93.4%
85.6%
76.6%
93.6%

SHe &
Accuracy
89.8%
91.3%
80.5%
93.3%

F-measure
83.9%
87.5%
71.7%
89.0%

S

Accuracy F-measure
93.3% 89.0%
77.9% 55.3%
56.7% 59.5%
e £

Accuracy F-measure
94.6% 91.2%
93.4% 89.1%
89.1% 85.3%
94.6% 91.2%

212 SVM 2 2B TR L thh A 8% (a=0.625%0.05;$=0.375%0.05;y=0.95)
& H B

7}& [ % o

Accuracy
94.7%

5
F-measure
91.6%

£ 13: L FRRERBT RSN

Classification 835/ 2
Algorithm Accuracy F-measure
SVM 91.1% 85.6%
Naive Bayesian 91.7% 87.0%
ID3 81.7% 74.0%
SVM 93.9% 90.1%
(W_Exp=5)
WS WA WP SRR
Accuracy F-measure
1 0 0 93.9% 90.1%
0 1 0 90.3% 84.8%
0 0 1 70.3% 68.6%
WS WA WP R
Accuracy F-measure
1 1 0 96.9% 95.3%
1 0 1 94.5% 91.1%
0 1 1 84.4% 80.6%
1 1 1 97.0% 95.4%
WS wa  wp _ AFE/RFELR
Accuracy F-measure
A B Y 97.1% 95.6%
Range B/ R
Accuracy F-measure
SVM 91.1% 85.6%
+0.25 96.2% 94.0%
+0.5 96.4% 94.4%
+0.75 96.6% 94.7%
+1 96.8% 95.0%
+1.5 97.2% 95.7%
+2 97.2% 95.8%
+3 97.2% 95.8%
+4 97.4% 96.1%
Total* 97.4% 96.1%

Y 47 SVM A S % > A2 8096 17l 1) B E 3045 F WP+ Fut 4

X %5,

A

Fhao/d o W
Accuracy
88.1%
92.3%
93.7%
94.3%
94.8%
95.3%
95.5%
95.8%
95.9%
96.2%

F-measure
80.8%
88.0%
90.3%
91.4%
92.2%
93.1%
93.3%
93.9%
94.1%
94.5%

s

Accuracy
95.1%

s 2E
Accuracy
89.8%
94.1%
94.1%
94.3%
94.4%
94.7%
95.0%
95.4%
96.0%
96.5%

F-measure
92.8%

F-measure
83.9%
90.4%
90.5%
90.8%
91.0%
91.5%
92.0%
92.8%
93.8%
94.6%

SVM #j 31 i % 3045 ¥ 5455 [ 305
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Z\T}\‘Jﬂilz’—‘—,— 5}’3‘/{%{;? T W) %’7“'{—\»}* 4
A SVM ~ g2 WA H £ &M o 4pF
B FHE R R BT E R
SVM 4 #gehis % 4 & o ehip 2 o

4.4.3 % A KEH B i

% 9 & SVM ~ ID3 £ Naive Bayesian
AR B R gk o 2 150 B p
#5 P4 iE 45 ePF > Naive Bayesian 4 #f ¢ %
B4 o SVM ¢ % — 8L @ ID3 QP gk d 3F
5 0o8%m 0 Y BB *;q;l-ggﬁmférgﬁ%éc*gﬁq
%= SVM(W_Exp=5)R| & ﬁxiﬁ A B o

4447 & SVM 2 2@ TR 748
A S SVM B iR FALE 7 A AT
FPREEADERHY TEEAREF RS
S X4 1054 127 WS &4 Eq(9)¥ ah
B> WA 4 Ben » WP B & 4 y ehig o
§ & 107 500l flo/d % | 5FISVM A
R S iﬁ; o B M K R
FafpafeT T g £ ool s
BA o AP EE N P PEFITE D it RO
fE-F 3 —T‘rlfﬁ" CIRIRCE 0 <P I S
kP JEAL B T A AT e S P B B A
s R BT RN D R R RE G bR
TR E PR BT RAL o
11 AR - A b e F A
B oo B IY“\SVM AR R =R f'FFI fu‘;J'ﬁ"‘% ’
2R A N TRY BEAa A i EA
oS d FREIR SVM fie & 15 B3T3
SRR E R A RS o TR A
Fi# Greedy 7 5 AR SVM & i st
FILS 0% 4 B e » BRI T
FhifsengdciE - d & 12 ¥ pE R &
ﬁ @ SVM A AT AR 9 5 90% T 0 4e
PR T P FLig > VAR 3cHk B T 95% o
Lgie- o ﬁ*éwpﬁ%ﬁ 5% SVM
SRR AL PP AP PR TR
”Lrift—l AR A RGBT AT e ‘*’%Flféjr SVM
AR EEN R A FR DL /KT FE
3 2 Margin p PRREFAL) > 4 2 2R T AR
- AR BAINA E EE 411 SVM f5
(R~
% 137 > SVM 7| % £ W4 * SVM & 3§
SERCHASLILNML T HRREZFTRE
75 e Bbl ko Range—iO 25 & W
SVM #j 1 54025 2 4 44> £ £ Eq. (9)
PR EE ﬁfﬁ‘*’*%%z e RETORE

11 SVM 2 %“JL. T 5 2 3p% % - Total 7] 5 #

2IE A& SVM B2 e 74
P ATHFRY G O~£] TR 4 2T
AT (A et o

5o o

*FigﬁﬁvPﬁﬁﬁw*“k%“
»@4»*’ TEET RS R
5’@. {&,;;—,:4,40\&'*_" uLé—%‘%Bﬁ—ﬁﬁ-éﬁf—j—,&J
1E§F'“ S e A kA R UER
KW A5 o

R REL T L A
FALA A o !&;ﬁv -
EHR A RE TR Sy
e R T

RS
R

4FIJ—"

#

R SV
ol

7

e I%F = T

ER S

SRE A A e e (1) A A

(7 AJE 0 i 8 43 P E (Feature Selection)#t
PEREE- MR g gl N A o e I pF > 4R
EORE L 2 g u i B ] hd
o B s B3 Support Vector Machine (SVM)
SRR RA A SRR o (2) M E LT
ﬁp+’@f¢M»@4»wmﬁmome
A+ ® & > ;% (Linear Combination)# & SVM
A S R TR R TR 2 oy
mb’%]‘=L R
P THERpRE L OBE T
W E7e » ¥ 11 9-fold Cross Validation 77 ;% g
PR -FHREEHT SHERF A2
SHE R F O LA Fularic g T R SVM
PR R 5% FL R SVM LRk KL
REBFTHEIEZOLETA T EEF Y
5% > & B EME S E 95% -

51 A%FF %
TR R AKREY S w2 2 o
(1) » 4w 82
*EE EFEM SVM L 82 T e A
A EE o Ka f%kEAARY F R Naive
Bayesian 4 #fi2 b * 2 A SEATE FALT G A
éfhrrm\« Tk v B RN Nalve Bayesian # H
SR B TR AP S SRR
/?‘I;ﬂ‘r E 0 RE £t 5N (Voting) i+ z_sx
BT EE AR R R R TR
7 [%]"L Av\tx\F' °
) RBFH A
AEE A R TS
%?’%“m£ﬁ?$éf%ﬁi%ﬁﬁ

2008 International Conference on Advanced Information Technologies (AIT)



2008 FFin 1 #7t BIEFTEE 6 i B

B o RARETFHEFFIHE L DT B
4r 3 AZ & P (Subject Heading) 7 4 #F %5
(Classification Number) » & & ¥ 4-§ti 2t F 31
- AR H & L dg R T o
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