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Abstract: One of the most important issues in Text Categorization (TC) is Feature Selection (FS). Many FS
methods have been put forward and widely used in TC field, such as Information Gain (1G), Document Frequency
(DF) thresholding, Mutual Information (MI) and so on. Empirical studies show that IG is one of the most effective
methods, DF performs similarly, in contrast, and MI had relatively poor performance. One basic research question is
why these FS methods cause different performance. Many existing work answers this question based on empirical
studies. This paper presents a formal study of FS based on category resolve power. First, two desirable constraints
that any reasonable FS function should satisfy are defined, then a universal method for developing FS functions is
presented, and a new FS function KG using this method is developed. Analysis shows that IG and KG (knowledge
gain) satisfy this universal method. Experiments on Reuters-21578 collection, NewsGroup collection and
OHSUMED collection show that KG and IG get the best performance, even KG performs better than the IG method
in two collections. These experiments imply that the universal method is very effective and gives a formal
evaluation criterion for FS method.
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OB FELABAIASETARE TR AL F (document frequency, 4k DF). 1% &:3% 3 (information
gain, @ & 1G)#= Z1Z & (mutual information, & 48 MI)F4F e FEF EE LA E T 2R A . CH O ZhERE
91,1G A A 2 A AL RS A L — DF A £, M MI BORABRT 82 IR K F LA 6945 B8 B 40 ik 0 7R A5
¥R IR ik AP AR A T 256 7 ik AFERFRRIFN S RA KoL AT, A e T
B AN AR IR B B 0T T R R R AR T — A My 3 b A AR A B 6038 B 5 R AR T SR T —ANFT
) HFAEEF S AL KG(knowledge gain). o #r £ I,1G #= KG 74 R iZME 7 ik /£ Reuters-21578,0HSUMED #=
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NewsGroup iX 3 ANiE#HE L 6g 5230 R 9 IG Fv KG ML RAT, A AN B E EKGEZRET IGKIET R o9
B P R AR R B T K AR AU ) BT L 3238 4k T — AP0 B M A AR 4 ok e AT

PSS AN Y 2ik b W O S ER R

FEESES: TP181 HRERIRAD: A

SCA A B 5 AR B R 5 BoHm 42 30 A58 0 BF 5 0 2815 A0 B AR T, SR 4 24 S AR SO P s SR U
AN —ANBEZ ANTISE 8 SR 5 B o mT PR T SORS IR S ORI R 2 A5 2 I R I T, SCAR 7 B R B & Bk Ak B2
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DF,1G 1) H €0 IR UG B, S 3] YA S0 SCAR 43 287 28, 100 ML 2 56 2 19 JE DR1 i JHL AR i 3 8 401 1) 2 WL 34
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B AR SCAS 4 8 2 43 SIS ) SO I1A) — T T A A 2 2 AR 40 52 M D) AL J8 s e A1 i 40 e A X 43 2R ) /e ) ) e
A, R B R — AN 4t A5 SCRY R IS A R SORY 4 B L R IS4 R 4kt 0 SOAR S R R X ]
DU B MARFAE 25 ) i 2, 3 IR, P 4 0T 3 495 B 50 110 R B00(EL I 1% A2 3 /0N 1D A B, i SR — /S SORS I 2 8 58 4
BT — AN 4 t LS A5, 054 TR ARR A1 345 496 R 5010 R 250 1 1% 2 i K I

R IX AN He AR AR SO tH T RR AR 0 438 R0V T L0 A I B R 4R A IR 2 AR S A (R il B 45 T ol
4 3 5 PE B AR AIE 6 95 ek BT B g v I AR BROX R 3G 5 VR SE BRI T — MR IE B R 4 KG(knowledge
gain). 7 BT W, 1G Al KG 52423 B 1% M 3& 775,71 Reuters-215781 OHSUMED F1 NewsGroup iX 3 M kHE [
SRR WG A KG P B i, 7E Wi A 1 kL 42 OHSUMED A1 NewsGroup |, KG HE it T 1G.

ARICH 1WA B 3 Pl RN RRE GBS 0. 50 2 715 o HR AR AE S 8 A 10 95 00 A 1) B AR ) TR 2 0 2H 0 %o
1) 4% RIS RR FEHEAT T TR AT 28 3 154 H— ity i vai 2k 1 e I 30 26 o 50 10 D g v, 51 ) e (R R A 3
PERRBLEE 4 W4 3 AN TERLAE BEAT S50, 50 TF A SCHE HE 1) 7 VR AT 2k B 5 AT B A

1 ERFEEEAE
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N4 I DR IGMI I 5E Sk A SCHk[2].
11 CHsmE

1] 4% [ SR A% (document frequency) A& $8 £ 18R R H I 0] 45 10 SCRY I H U M ] S AE B &2 11 3L
B A I A B OR B R SR .DF B T 5 B 1 1] 4% S AR AT R] K 1 A 140 9] 4% A D AR AR A 22 i) B B AN {HL R
% AR AIE 2% A1) 119 4 55, 10 FLIE A PT Re 3 i 70 S IMORG 12

DF 2 — ol f {7 B 17 1) 29 f R A, Hl T EL AT AR T8 LRSS 11 e i 52 2% 15 T A, & 8 5 e T T R B 1) v
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12 ER8%

5 B 254z B FHAE MRS 27 2 A B Il i — /M) 4 7E — R 303 b tH B 75 SR vh 06 28 50l (A IS 3 2
WAL A HARZE [ S RIS A T4, 1 4% t X 2 A5 B3 a5k

IG(t)=-Y""" p(c)log p(c)+ pt)Y." p(c; 1) log p(c; 1) +p(1)Y";", p(c; | T)log p(c, |T).

1.3 BEER
HAZRT Z N TS E S AL T2 ¢ fa s e 2 B HAR R e
p(t Ac)
MI (t,c) =log, ———.
(40 =100: 4w p©

SRR B AN FLAG R TAE N T 22 A SO0 AT PR A0 7R 8 {e i o F AR A Tl R 2R R B 4,
BRI SNUR Y- il b
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Ml e () = maxl (6,6}

2 XA%EHIERE
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U RR— MK SR AR T={t, T };

Ci RR—AF;

C={c 3, TAFMIPILES;

o34 p(C)=(p(ca).p(Ca)s - --,P(Cm)).p TR,

H f(C)F 7R t X 43251 C R T, 10 f SRR RrfiE i B ek 44
2.1 BERAREMH
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() R C METE ARG T T, HACE t (I 7250 58 ) 5 K B F(Ct) B B K (7 R0 A A (K 7 2
P H 55 ST EA A 24).
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2.2 EHIXDEENTHBHANRIFIER
T IR AR ST R R 1 T B L AR e R] PR A ST M AR R SCRO], 25 BB L AR B C AN T AH ELBSE, > HAN Y
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TE X 3. ORI 70 A e A4 SCR AR RO 7341 4 p(C)=(p(€1),p(C2), ---.p(Cm)).9(C) A p(Ca).P(C2), ....P(Cr)
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3 ESMREHFIEIERE R AT SR
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55 3 20 A3 BURHIE PR 2R 2L

o KB T RS2 % 9(C) - (pM)(C |t + pD)g(C|T)).

o 5 BB FEARL R SAE TCCIMFRIL A t # X 40 20 i fE 77, BIVRFAE 6 £ 58 B0 £(CL1):
f(C,H)=9(C)- pt)g(C|t)+ p(t)a(C|T).

B4 g(C) =3 p(c)log(p(c,)), W H(C.H=I1G (), B 1G(t)i & byt Iy vk,

T
1M DF 1 MI(t) ANl 2 4838 7 7.
3.2 WITHTAYFHE IR B R
ATV P AN BB — B AL 45— AN e AT A SCHR 30 1R Pk B M 7 T B 41
BT B EBE LA B C A T A A R ()1 AR (2), X A A R s — A e S R
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i=1 i=1
ZERACH R R T R C o7 B4 f(CH)=IND@) MRS /D(E A 0). EfF A f(CO)F 2 I AIEARL &
A — A
T BRATT A 2 L SR B v M R MR A B SR M e P IR B — AR A B R A
5 102N A0 R 2L g(C):
C={c,}l KA IEELT,C 15 734 p(C)=(p(cy).p(C2),---,P(Cm)),7E X g(CYI T
g(C)= > p(c)xp(c)).

1<i<j<m

82 WAk AR A IR A AE T R 9300 20 A
p® > pElDpE; 1) +p@) X pClT)p( ).

I<i<j<m 1<i<j<m
5 3 015 BIRFEIE FE 2R B (IE 1 KG(1)):
o IHENHG%EE TWIEEN A2 2
>, p)xp(c) —( pt) > ptpc; D)+ pE) > plelT)p(; It)]-

I<i<j<m I<i<j<m I<i<j<m

o b IALRGAT TCC,
KG(M)= > p(c)x P(C,-)—[p(t) 2. P lop+p@) X D(Cilt)p(c,-lt)]

I<i<j<m I<i<j<m 1<i<j<m

hy R T PR AR 26 6 PR 4
4 KRR

CH 2 Govh oy B FIALAS 2% S BRI T SCA 73 8 FRATT R FH 2 v 1 P R A0 k-2 40872 (KNIN) R ER 35 T
- (naiive Bayes) /7 2. 36 £ KNIN 2 R ' 2 P A5 U 1K 40 2 2 10 e A1 13% #% Naiive Bayes Jy 242 X b & 2 fe 1
RIS 052 SR 22— 43 22 Rt B i R 40 SR [ 12, 94T 340K 1 2% (miicroaveraging precision)#)" 32 J T
A8 SCHOAIE b A 3% B AT e ok LU AN IR R IR S B VR T R
41 BRE

Shy T S 2 R 3k P, 525 vh R ATT ] Reuters-21578%1 OHSUME D™ #1 NewsGroupt®ix 3/ [ bt 3 H (¥
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Fig.1 Average precision of kNN or Naive Bayes vs. number of selected features on NewsGroup
K1 7& NewsGroup i kHE F4TH kNN B¢ Naive Bayes [f)°F3 k5 %
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Fig.2 Average precision of kNN or Naive Bayes vs. number of selected features on OHSUMED
1 7 OHSUMED i RI4E F A% kNN 5% Naive Bayes (1122 f5 1 %
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6 R B0 3 U7 1% SR R T 4R H A R 3 v B AL 32 P R O VR A O R I A E B RS T AP
fiE

Wtk

ER

AL R ATE (bR .
AR 1G A KG 4 58 4 a2 AT 0 v 1k BE A5 AIE 228 9 S0 ) e v b SR AE FRATT Y S 36 FP B 3G IE T e T2

E I If (AR LB FE 7 10 FRATTR 3 (1 IND BR B0 A2 1 YR A5 TCC ROAAT R SR (il 2 — TR, ARSI,

WAL FIPERE L 1G 1 KG 222,

5

0.90
o

0.85 | 1A=
5 S
2 ‘2 0.804
3 8
s 2 075,
(&) (<3
S 2 0704 el
5] > P
> 0.651 r DE > 0.65- - — « DF
o Lo T IG o L4 S L L o 1G
5 0609 - g 0601 7/ —————KG
2 / ___'___KG = B / —-.—a.—-IND

0551 —-—=—-IND 0.551_; Y
0.50 ‘ ‘ ‘ Ml 0.50 . ‘ ‘ ‘ ‘ :
0 500 1000 1500 2000 2500 3000 3500 0 500 1000 1500 2000 2500 3000 3500
Number of selected features Number of selected features
(a) KNN (b) Naive Bayes
Fig.3 Average precision of KNN or Naive Bayes vs. number of selected features on Reuters-21578
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