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Adaptive adjustment weighted text classification

LAI Yingxu, XU Xin, YANG Zhen

(College of Computer Science and Technology, Beijing University of Technology, Beijing 100124, China)

Abstract: To improve the performance of the naive Bayes classifier, a method is proposed which regulates
text categories by adding adjustment values to the output of the naive Bayes classifier. The classification
pattern was learned in an incremental and adaptive way, and the interval during which the output of the
naive Bayes classifier should be adjusted was built according to the classification performance evaluated by
historical outputs. Then the adjustment value was adaptively added to the output of the naive Bayes
classifier distributed in the interval to regulate its category. The experiment results on Trec05, Trec06,
Trec07,CEASO8 datasets show that the proposed method outperforms the naive Bayes classifier and the
bagging naive Bayes classifier in terms of accuracy, Macro F,, in addition to its simplicity and practicality.
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Fig. 1 Naive Bayes classifier based on adjustment weighted
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Fig. 2 Error domain for the naive Bayes classifier
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Algorithm RegionAdjust (score(E), c¢(E), tag(E))

begin

key= | score(E) / stepl

numVecg.s | key ]J<-numVecg.. [ key ]+ 1
If score(E)<<=0

class<¢

the lower bound a will be changed
Else

class<—c,

the upper bound b will be changed
If tag(E)=c(E)
the text is right classified

return
Else

the text is wrong classified

wNumVecge [ key ]<-wNumVece.s [ key ] +1

wNum=<0
for i<=0 to size of wNumVecg...do
wNum<-wNum-+wNumVecd...[ 1]

record the index i and the number wrong classifed wNum
push the record back into intervalVec
p<wNum / totalWronga.
If p>a
tempKey<i
break
for j<=0 to tempKey
bound<-0
numAll<-numAll+wNumVecg.[ ]
for each element in interval Vec
If element. key > j
Break
p<element. num / numAll
Ifp>B
bound<—(element. key+1) * step

end

k2.2 RBUAZEIL

SR c(E) AN DL S X R A 1) 43 2R 25 5L
tag (E) FEA 1) 21 5228 5

CCE) BI04y 28

Algorithm WeightAdjust (¢(E), tag(E), ¢'(E))

begin
isStable=1IsStable )
If ¢(E)=tag(E) and ¢'(E)#tag(E)
If isStable={lase
If len (A) << len(domain)
A<—fun; (&) * A
Else
A<fun; (6) * len(domain)
Else
If len (A) << len(domain)
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A<-FuncStable(&) 2 e s o S 1| W o
Else TE SCAS Ay 25 52 86 3l H RS (precision) . 3

A<—tag(E) * len(domain)

Else If ¢(E)##tag(E) and ¢'(E) =tag(E)

If isStable=1{lase
A<fun; (&) * A

Else
A<FuncStable(&)
If A has change flag

A<=0
Else

If isStable={lase
A<fun, (&) * A

Else
A<—A+FuncStable(&)
If len(A) — len(domain)

A=(=>0) ? len(domain) : (—1) * len(domain)

end
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Tab. 1

EREAK

Description of corpus used in the experiment
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L

X precision + recall

TERF 532 g b, A 3 precision, recall Bf— >
TRAR S, L Bl R B 1. 004F Fr. 7 20N
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TR 4 HIERHE Ry Se g a5 R ank 3 Fow.

R TE R AR 4 R R b FH 5T =
BRI AN R DL r 43 28 88 647 73 K 50 00, 15 3 1Y &5
mE 4 Jim.
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Macro F, = (13)

Trec05 Trec06 Trec07 CEAS 08 Xd‘ tti% 2 \% 3 \%% 4 \'T:T/(ZT—\‘ Egigﬁéﬁ% . %?%Iﬁ
B 92 149 64 620 75419 137 705 JNEL By Fh R DL oF 3 4 28 2% M BB 38 A% accuracy,
RS 52776 42854 50199 110 576 Macro Fy BB 5z i » H U AT U0 5 B8 3T A A 7 ik il
IEH R 2 E 39 373 21 766 25 220 27 129 DL TR AN 22 00 30 45 25 2 0 1 g
F2 MENHFTHEF[HRLER
Tab.2 Experiment results of the naive Bayes classifier
corpus category precision recall accuracy 1 Macro F;
spam 0.991 47 0.925 023 0.957 095
Trec05 0.952 501 0.951 951
ham 0.989 333 0.907 784 0.946 806
spam 0.991 897 0.951 206 0.971 125
Trec06 0.962 488 0.958 801 5
ham 0.911 112 0.984 701 0.946 478
spam 0.997 197 0.963 864 0.980 247
Trec07 0.974 144 0.971 417
ham 0.932 563 0.994 608 0.962 587
spam 0.999 955 0.799 685 0.888 677
CEASO08 0.839 12 0.799 359
ham 0. 550 482 0.999 853 0.710 041
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Tab.3 Experiment results of the bagging naive Bayes classifier

corpus category precision recall accuracy F Macro Fy
spam 0.991 413 0.923 147 0. 955 032

Trec05 0.951 405 0.950 337
ham 0.905 69 0.989 282 0.945 642
spam 0.991 152 0. 948 896 0.967 681

Trec06 0.960 491 0.955 697
ham 0.907 172 0.983 322 0.943 713
spam 0.997 173 0.962 528 0.978 747

Trec07 0.973 242 0.970 038
ham 0. 930 24 0.994 568 0.961 329
spam 0.999 955 0.798 112 0. 887 055

CEAS08 0. 837 855 0.797 737
ham 0. 548 536 0.999 853 0.708 42

K4 MAEDHENHIENMHTSERS>EER
Tab.4 Experiment result of the naive Bayes classifier based on adjustment weighted

corpus category precision recall accuracy I Macro Fy
spam 0.977 298 0.943 762 0.960 237

Trec05 0. 955 236 0.954513
ham 0.927933 0.970 614 0.948 793
spam 0. 991 468 0. 951 79 0.971 223

Trec06 0.962 597 0.958902
ham 0.912 014 0.983 873 0.946 582
spam 0.984 562 0.992 191 0.988 362

Trec07 0.984 447 0.982463
ham 0.984 213 0.969 033 0.976 564
spam 0.998 316 0.943 378 0.970 07

CEASO08 0.953 255 0.931698
ham 0. 811 495 0.993 512 0. 893 326

HHX 3 325481 accuracy 84K, TE trec05,
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_ Anl-lnlrighl
Aaccuracy = ————

numyj

(QEY)

S Anum, 275 26 B TIAR 45 22 45 5 906 0 )
S P55 o, 263 5 R4 R oG 4 80 H . M 1 o

AT LVE B — 15 B E BT & R B = AR £,
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Tab.5 The number of emails revised

by adaptive adjustment weighted method
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B IE RIS E 252 7 777 15 716

J7 952 X A R IERIN X ] Ca, b) 1Y score CED) BN
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Ca,b). € X

Casb) 4 2 B 0 5 A %
Casb) % 4 3 IF # B9 o 1 41

A SR AT B AR T 19 B 2R 7R A &R DL B 43
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B (k,0) W ratio KT EIME B, WK o WUE N & 7 IX
[ B A AE (L, k) 22 [0) 8087 09 8501, B34k
BN B AT R SR BUA ke T R B
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Fig.3 Performance of the algorithm on different corpus
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