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Abstract: Association categorization approach based on frequent patterns has been recently presented, which
builds the classification rules according to frequent patterns in various categories and classifies the new text
employing these rules. But there are two shortages when the method is applied to classify text data: one is that the
method ignores the information about word’s frequency in a text; another is that the rule pruning to improve the
classification efficiency will lead to obvious descending of accuracy when mass rules are generated. Therefore, a
text categorization algorithm based on frequent patterns with term frequency is presented. This study illuminates
that the word fregquency is helpful for improving the accuracy of the association categorization and the classification
rule tree can improve the efficiency of the association classification. The result of experiments shows the
performance of association classification is better than three typical text classification methods Bayes, kNN (k
nearest neighbor) and SVM (support vector machines), so it is a promising text classification method.
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Bayes!¥ kNN(k nearest neighbor)? L L SF(linear
SVM(support vector machines)!¥.Yang'?®!

.KNN

on associations)!®.CBA

on multiple association rules)!”
[9,10]

(1) , ,
(2 ; , , CBA,
CMAR ARC , :
[7.8]
, , (classification rules tree, CR-tree)
, CR-tree , )
1
1 ). , (term).
. ( )l tI(WI)
2( ). A=t (Wa) ta(W2), . ta(Wh)), t
t(1<k<n) , [T P n y o W, Wo,... Wy , (W1,Wo,..., W)
n v (W, Wo,. . W) d
N-gram e o, m C1.Ca.....Cn
m , ,
, t M(t), t ,

© PEEREBEAD

http:/ www. jos. org. cn



1019

ty ; ) te
1 Ci 5
I, I, I3 l4 Is
dy 3 2 0 0 1
dy 0 1 4 0 2
ds 4 5 0 3 0
dy 2 0 1 0 1
ds 3 4 2 0 0
2
3 4
3. .
D ti(w)  ti(w) , JEUROE
2 v WEW;, ti(w)  ti(w) , 1 (wi)=ti(w;);
(3 WiSW;, (W) ti(w;), ti (W) Duti(w);
4 wWi<wg, - t(wp) ti(w), ti(wi)cuti(w).
2:{ computer(5)} o,{ computer(2)} ;{ computer(5)} ={ computer(5)} .
A ).t t d X . Rtd)  REX).
5( ). d X P X d ,
IX]
- || R(x |x € X,d)
w(x’d)_mlnH—R(xi,X) Jij )
R \ x € X,d) X Xi d , Xi d ;R(%;,X) Xi
X
D|
support_count(X)= z o(X,d) 2
L
3: 1 ’ {11(2),12(2)} :
P(1(2D1,(2),dy) + 9(1,(2)1,(2),d,) + P(11(2)1,(2),d3) + (1, (2)1 ,(2),d,) + 9(1,(21,(2),d5) =1+0+2+0+1=4.
6( )- D, di=(ta(wa),ta(Ws), ... ta(Wh)), X D
X D D :
D|
>6(X.d)
X,D)=124t — 3
o( ) D] (3)
7( ). & X o p(X,D)>8), X D
1.
L tia(Wia), ...t (W)
tia(Wia), ...t (W) 3 : tia(Wia),.... i (W) )
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t(2) (1) 1(At(2)  t(D)t2(1),t(2),12(2) ta(Dta(1), ta(1)tx(1)  ta(2t(1)
1
1.
Input: C; Di; &
Output: G F.
Method:

(1) For each term teD; do begin
@ MI=Ma(Red)P); Mt

@ =L

(4)  While(j=1) or (j<M[t] and t(j-1)eFy)

®) t(j).support«g(t(j),Dy);

©) Fo={tG)ItG) support=s};  //F, 1
(7) j=j+1;

(8 End

(9) End

(10) For (i=2; Fi_1#O; i++) do begin
(11) Ti=(Fia XFy); 11 Fii Fia i-
(12 Ti=Ti—{X|(i-1)term-set of XgF;_1};

(13) For each X in T; do begin

(14) X.support=¢(X,D;)

(15) End

(16) Fi={ XeT;|X.support>¢}; //F; i-
(17) End

(18 F=J{X Fli>3 /F
i- [ , ab(3) cd(1) 2-

(1)~(9) 1- . , et 1-
t(1),4(2.1(3) , 12 v H(k)(k>2) ( 1).
(10)‘“‘(18) & F. ’ Fi—l Fi—l i-
Apriori el
4. 1 Ci : 4, Ci F:{|1(1)1|2(1)1|3(1)1|5(1)!
11(2),12(2),1:(D)12(2),11(D12(2),12(1)11(2),12(2)12(2)} -
m C1.Cs....Cn D,D; G . D=J"D.
8( ). Gii=1,2,...,m) X=Ci . X D X
Ci
o ). X=Ci
X C)= »(X,D)|D; | 4
o i) T o(X.D)[D| (4
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X:Ci , X Ci y X Ci
100%, X Ci , X
4 Ci
L(D=C  1(1)=C 1()=C 15(1)=C  11(2=C  1x(2)=C
LDAI(D=C L(DAIL=C L(DALR)=C 11(2A1(2=C
3
31
d )
? d .CBAY
, ¥l
' d
10( ). d C C
|
0(d,C) =Y confidence(T, C) (5)
j=1
I C d T=C d C .
11( ) n d , kl C: ,k2 C ..,km
e . d.C;
Max(€2(d,C;))- £(d,C))
5(d,C;)=— i,j=212,..,m 6
(d,C)) Max(2(d.C) (i,j=1 ) (6)
, )
d ; , 0 d
1 d ( d
).
) ) , Q.
0 d )
) 0%.
1 : , )
3.2 CR-tree
2. (1) Ri:T,=C d, d.
2 T d, d.
2 , a(3)Ab(1)=C, d,
a(3)Ab(1)Ae(2)=C, d,
: FP-tree!
1) R
2 R P, , P;
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(3 P RP=C , P ,
C ;
(4) P P’ ,  PcyP.
5: R 1
, L:{b(1):5,a(2):4,c(1):2,d(1):1}.
R 2.
Tablel A simpleclassification rule set R Table2 An ordered classification rule set R’
1 R 2 R
Rule ID Rule o (%) RuleID Rule o (%)
1 a(2=C, 80 1 a(2=Cy 80
2 a(2)b(1)=C; 70 2 b(1)a(2)=C, 70
3 a(2)b(1)=C, 60 3 b(l)a(2)=C, 60
4 a(2)b(1)c(1)=Cs 60 4 b(1)a(2)c(1)=Cs 60
5 b(1)d(1)=C, 70 5 b(1)d(1)=C, 70
6 b(1)c(1)=Cs 60 6 b(1)c(1)=Cs 60
R 1
Fig.1 CR-Treefortheruleset R
1 R
CR-tree 3 CR-tree , ,
2, CR-tree ( ) , ,
( ) ! ,  CR-tree ,
CR-tree 2
Pl 900,256M C++
10 , , 2000 200 ; 2315
, Foo.
(associative rule-based classifier with CR-tree and recurrent term, TRARC)

) ,ARCKNN,Bayes SVM
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, N-gram X , 60;
5, 20%;Bayes ;. kNN ,K=5;SVM ,
TRARC, 3
L4 1]
. , TRARC ARC ,
CR-tree
e TRARC ARC, ARC ,
TRARC
Table3 Comparison of different text categorization methods
3
TRARC (Our approach) ARC kNN Bayes SVM
Training time (s) 196 51 0.04 0.06 18
Classification time (s) 19 46 60 92 14
The number of rules 5834 1641 — — —
Micro-average-F; (%) 88.9 84.86 80.57 75.4 80.3
Bayes, kNN  SVM. , , 60,
1000 kNN Micro-average-F,
89.4%, 94s, , TRARC ARC.
4
. CR-tree CR-tree
0.024s, CR-tree 0.008s.

(8]

Table4 The effect on F; value and classification time by CR-tree and super rules pruning

4 CR-Tree Fi
Without CR-tree With CR-tree
With pruning Without pruning With pruning Without pruning
super rules super rules super rules super rules
The number of rules 434 5834 434 5834
Classification time (s) 40 52 55 19
Micro-average-F (%) 80.4 88.9 80.4 88.9
2~ 4 Fq , 2
F1 : ;3
) ; 4 ) ,  TRARC
! CR-tree  RARC(associative rule-based classifier with recurrent term)
5~ 7 = 5~ 7 ,
, TRARC RARC
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0 12 34 5 6 78 910 _
Maximum term frequency Maximum term frequency
Fig.2 The effect of maximum term Fig.3 The effect of maximum term frequency
frequency on F; value on training time (Minsup=20%)
2 Fi 3 (minsup=20%)
& —e—TRARC —=— RARC (without CR-tree)
g 100
= 90 t
% A H—‘\._\
o 4
2 70
4 00000009 60 . . . .
G —tt 10 20 30 40 50 60

0 1 2 34 5 6 7 8 9 10 Minimum support (%)
Maximum term frequency

Fig.4 The effect of maximum term frequency Fig.5 The effect of support threshold on F;
on classify time value (the maximum term fregquency is 5)
4 5 F1 ( 5)
D —— TRARC —m—RARC
@ 400 ag) 80
2 300 § 60 |
=200 | 5 40
g) - (s}
= 100: = 20
£ ol ol . e
10 20 30 40 50 60 © 10 20 30 40 50 60
Minimum support (%) Minimum support (%)
Fig.6 The effect of support threshold Fig.7 The effect of support threshold
on training time on classification time
6 7
3

Bayes kNN  SVM,
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