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Topic Distinctiveness Factor Analysis and its Application to
Text Categorization

TAKAHIKO KAWATANTI'

To improve performance in text categorization, it is important to extract distinctive fea-
tures for each class. This paper proposes a method to extract topic distinctiveness factors
that a given document set possesses compared to another document set. Suppose all sentence
vectors that compose each document are projected onto projection axes. The method obtains
the projection axes that maximize the ratio between the document sets as to the sum of
squared projections by solving a generalized eigenvalue problem. By applying the method to
the document set that belongs to a given class and a set of documents that are misclassified
as belonging to that class by an existent classifier, we can obtain features that take large
values in the given class but small ones in other classes, as well as features that take large
values in other classes but small ones in the given class. A classifier was constructed applying
the above features to complement the kNN classifier. As the results, the micro-averaged F}
measure for Reuters-21578 improved from 83.69 to 87.27%.
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Fig.2 Sentence distributions of document set D and T'

before and after projection.
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Table 1 Sentence vectors in document set D and 7.

XE| X | XU | XE| | s L

1 11001 1 11000
D1 Tl

2 00110 2 00110

1 01100 1 10100
Dz T2

2 10010 2 01010

02 0000 DO P-TDF
Table 2 P-TDF’s of document set D.

n An An1 | A2 | %n3 | Xna | Ans
1 12000 ] -050f 0.50] 0.50] -0.50] 0.00
2 {1074 | 004 0.04] -0.01| -0.01] 1.00
3 0.97 | -0.01] -0.01] -0.71] -0.71] 0.02
4 022 | -039] -0.39| 0.13] 0.13] 0.81
5 0.00 0.50| -0.50] 0.50| -0.50] 0.00
038 0O0OO0OO DO N-TDF
Table 3 N-TDF'’s of document set D.
n Hn Bur | Bz | Bus | Bna | Bas
1 20.00| 0.50] -0.50] 0.50| -0.50| 0.00
2 2.78 ] -043] 043 0.14] 0.14] 0.77
3 0.97] 0.01] 0.01] -0.71| -0.71 | -0.02
4 0.00| -031] 0.31| 031} -0.31] 0.79
5 0.00| 028 0.28| -0.28| 0.28| 0.83
04 DOODOODOODO
Table 4 Projections of each document.

X X a s I3 B
D, 1 0.00 1.07 0.00 | -0.08
2 0.00| -0.02 0.00 0.27
D, 1 1.00 0.02 0.00] -0.29
2 -1.00 0.02 0.00] -0.29
T, 1 0.00 0.07 0.00 | -0.85
2 0.00 | -0.02 0.00 0.27
T, 1 0.00 0.02 1.00| -0.29
2 0.00 0.02]| -1.00| -0.29

goboooooobooooooo
030000 g, 00000D, 001000
oooooo T, 0010000000000
OT,001000000000000CO0O0O
oono

020030000000000 ax, (n>2)0
000 g8, (r>2)0000000000000
TDFOOOO0OO0OO0000

goooooooooooooooboooboog

1291

oooooooood
e TDFOODO 200000000000000OO
oooooooooooooooooboooboooo
ooooooo
e J100O0OOODODOOOOOOOCOODODODOO
oooooooooooooooooooooooon
goooboooooooboooooooooobooobo
goooobooooooooobooooooooon
0DoooD D0 (1111 )T 0Do0o0o0ooDog
opooooo (111107 00000050000
gobooooobooobooooboooDb 1040000
goooooooooooobooboboooooooo
gooooboooooooobooooooobooooon
oooooz200000000000000020A0
ooooobooooooboooboooooooooon
oobooooooooboobooooboooooooon

3. Doooooao

3.1 0O0O00
100000o000o0ooo0oo Tbrobooooo
goooboooooooobooobooooooooo
ooooOoO0O0O0OO0O0000000000 ThbFOO
oooooooooOoooooooooooooooo
(1) DOO0D!00ODO0OUOO0OUOOOO pOO
00!/ooooooooooooooo To
o0 TbrO00ooo0ooooOoboOoTDF OO
gooooooooooooboboooooooo
OTooooo/l/obooobobooooooo
goooooooooooooooooooo
oooroooooooooooooooo
oooooooo!oobooooooooobo
ooooooooooooboooooo (oo
oooooooocooooooooboooooo
0!l/00000C ThbFOOOOOODODODODO
ooooooooooooooooooo o
goooooooooooooboobooobooo
o000 rooooobobo Tbroooo
gobooooood
(2) TDFOUOOOOOOOOOOODOOOOOOO
gooooooocooooooobooboooooo
goboooobooobooooooooo
gobooooooooooooocoooooooo
ooooobooooooboooboooooooooon
ooooboooooooooooobooboooooon
goboooooooooooooboooooooo
gooobooooooooooooboooooooo



1292 goooooooo

0000000000000000
3.2 000000

000 !0000 TDFOOOO0ODO0O000000
000000000000000000000000
000000000000000000000 1100
0000000000000000 000000
000000000000000 00000000
00D 000000000 pPOODO0OO0OOOO
000000 7000000000 7000010
000000D000000000000000000
00000000000 (0 P-TDFOO (7)000
000000000 {a,}ON-TDF OO (8) 000
0000000 {8,} 0000000000
00000000000 {z,.,zx} 000000
0000 X 0000000100000 gX)00
00000 p(X) 0000000000

Lg K
9(X)=> " (@)’ (13)
p(X) = (x" 8;)? (14)

000000000 Lp0000 Le O p(X)D0 g(X)
goobbooooboboooobbooooobooo
goboooooooboooboooboooboog
goobOo0o0o0obOoDbOob00o0 XxXoooo 1o
0000000 ssm(X)DOOODOOOOOOODO
sime(X) O
sime(X) = sim(X) + ag(X) —bp(X) (15)

00000000000 00«0bOO0O00O0DOOOO
gobooooooooooboooooooooobooo
sime(X) 0000 sim(X) 000 yOO000DDO
gooobooyODOOOO0ODOODOODOO X
0000 !00000U0o0ooU0sime(X) OO
Oéf0000D0C0OO00O0O0ODODOOOOUOOIOOO
obooooooo

0000 (13)0(14) 00000000000 g(X)O
p(X)DOOOODOUOODODOOUDOUOOOooouooo
00000000000000 3)0(4) 0 dunkOtnk
000000 TDFOOOOOO0O00O00D (13)0(14)
00000 dnik0t,,, 0000000000 DOOOO
goooboooooboobobooooboobboo
gbobobobobobooboog

May 2005

4. 0 OO0

41 0000

00 1)0000000000000000000
000000000000 D00000000000
0000000 1)000000000000000
00000000000000000000000
Reuters-21578 000000000000 O0000O0O
00000 ApteMod 000000000 OOOO0
00009 000000000 7,770000000
000 3,019000000 0Reuters-21578 0000
000000000000000000000000
00000000000 1000000000000
000000000000D000000000000

00000000000000000000000
0000000000 lemmatizationl 000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000 000000000000
000100 10000000000000000
00O000O00O00000x?00o0ooooooglt®
00000000 1)0000 250000000000
00000000000 w, 00¢f-df 00000
0000000000

w; = (14 log fi)log(Np/ni) (16)

oooo0f000+«00000000000n,00
0:00000000Np 0000000000
4.2 0000
goooooooooobooobooooooooo
g00oooooDOD0000 kNNOOOOOOKNN
goooooooobooooooooooooobooo
goooooooooooooooooooog kO
gooooooOoooooooooooolioooo
0 sm(X)OOOOOOO kO0DO0DO0OOOODOO
gl/oooooooooooobooboooooboooon
OOo0oooooY0k00000 1Hoooo4s50
O00000O0sm(X)0OOO0OOOO0OOO0OO0OOOOO
gOooOooooooooooooobo (oooooo
gobooobooooooooobooocOoooooboooo
o0 FpOOO0O0OO0OOODOOODOOOOOOOOO
gooo!o0o000o0ooooo0ooooo(o0o0o
gobooooooooobooo roooooDbobo
0!/00o000oo0oooooooogoooog



Vol. 46 No. 5

0 5 Reuters-21578 00000000000
Table 5 Performance comparison for Reuters-21578.
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Table 6 Performance before similarity correction.
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0.0 b Table 7 Performance without cross validation.
0 20 40 60
— - — INTA—=HD
78X shir—s | oo 2 | e | P
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Fig.3 Probability density function of g(z) for correctly T —2 | 94.15 | 95.06 | 94.60

classified and misclassified documents by kNN as

belonging to class “earn”.
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Fig.4 Probability density function of p(z) for correctly
classified and misclassified documents by kNN as

belonging to class “earn”.
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Table 8 Performance after similarity correction with
cross validation.
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