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Abstract: Text classification is a key technology in information retrieval. Collecting more reliable negative examples, and building
effective and efficient classifiers are two important problems for automatic text classification. However, the existing methods mostly
collect a small number of reliable negative examples, keeping the classifiers from reaching high accuracy. In this paper, a clustering-based
method for automatic PU (positive and unlabeled) text classification enhanced by SVM active learning is proposed. In contrast to
traditional methods, this approach is based on the clustering technique which employs the characteristic that positive and negative
examples should share as few words as possible. It finds more reliable negative examples by removing as many probable positive

examples from unlabeled set as possible. In the process of building classifier, a term weighting scheme TFIPNDF (term frequency inverse
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positive-negative document frequency, improved TFIDF) is adopted. An additional improved Rocchio, in conjunction with SVMs active
learning, significantly improves the performance of classifying. Experimental results on three different datasets (RCV1, Reuters-21578,
20 Newsgroups) show that the proposed clustering- based method extracts more reliable negative examples than the baseline algorithms
with very low error rates and implementing SVM active learning also improves the accuracy of classification significantly.

Key words: positive and unlabeled (PU) text classification; clustering; TFIPNDF (term frequency inverse positive-negative document

frequency); active learning; reliable negative example; improved Rocchio
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O AR ROR FE AN AR SCRR[24] 7 R FH KNN S5 R br U 4 v 1 SCRY 2 R 0 5 & A 530 1 491 SRS (1 6 12
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H AN ZrA% 5 252500 Schohn 25 ARt —Fh i3 & 207 2ok i R Xt 8 4% 1 25 a7,

2 ETREUERERA

FEIX— 5 o R AR BN U SE AP I 5 S B 3 T — 0B 77 vk TR I B2 5 4 s 32 RS AH G 1), gt 2
VI 6 SR B % 5 1A SCRY S AT 8 2D BRI . 2R 20 — AN SRR AH O SCRY A% 48 T3 1k AR SR A SR 2 T T LA
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M E)RBAE N T3RAG PRI U R IR TATE AKX (DRI AR & S0 Ops AR rp T

S
0, =+ v
= rxqo(m)y r=argmaxd(x,,0p) ”
¢(m)+1 x; eP

Ho  BAVBCGE EGI N X={x1x5,....x,,} x;€Pom S PTA HI T 2RIEHI SRS B o(m)=1g(m)+1, 1] T B A2 10K
/N AH L RERS A4S BIUS TT AE 22 H A0 IE A S ] B8 AN SE AL 5 Wb IV RSN A 5 AE BRI R v 0 A TR S
F0 SO, FRAT T 56 TS 2 0 O 5 AN SO BE Y S e ) PR 2 AR I A B A SR W] BLBE 23 B CAF TR
A BE PN — PRI R AR R T, ST R bR IR B S R SO S PR RS BRI
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Bk 1 TR TS IS

LAY S EAETTE W UE N TN AC A€

Bt RN A5 S 4R

1. procedure Clustering-Based Method for Collecting Reliable Negative Examples

2. Assume the positive example set be X={x,x,....x,,}, x;€P
2 ()
y X
3. 0, « = ,r<—argmaxd(xk,0,,),rp<—u
m xgeP o(m)+1
4. Ci<{x1}, O1<—x,, numCluster<—1, z<—{xp,x3,...,X,}
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5. repeat
numCluster
6. select one x;€z and find out the closest O; to x;, O; < arl_g r}(lgl d(x;,0,)
7. if d(x;,0;)<rp then
8. add x; to class ¢; and adjust the center of class j, O; < i .nof: ac and n<—n;+1
J
9. else
10. add a new class C,,cusier<—{x:}, numCluster<—numCluster+1, O,mciusier<Xi
11. end if
12.  until z is empty
13.  RN«U
14.  for i<1 to numCluster
15. for each x;e RN
16. if d(x;,0;) then
17. RN<«RN—{x}
18. end if
19. end for
20.  end for

21. end procedure
FE 1 IR T RIS {5 . o(m)=1g(m)+1.numCluster 7 B H i Ny 182 51 28 B0E m 2 40 1 B 3 2
M SO BELCL G, C R ENZR.O R IR L 2 G T E AL
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TE A6 53 2R A8 T, AN SR — PR R AE AU v 5 777 TFIPNDF(term frequency inverse positive-
negative document frequency)P'. TFIPNDF AU i1 774 &%} TFIDF(term frequency inverse document
frequency) i) — B SCE 77 1% 00 T B4 M B WA v SRR 8 R SRS o BERIR N di= (XX b X}
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fi % Sﬁ x log[N], 4k € RN
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FAMAILE SVMs 1445 J B4 50— A F TR sl — MR L GOk F 3 bR UK RS SOR. X ANAE B I
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Scholkopf %5 N MGER T~ 17 £ J 52 T S RF ) LB HL SR ) L Ok €0 3t 3 6 1R 22 0T 5 A B39,
SR ) e AL Jek R e K U R A SRR ST AT 43 288 o A U e B AN R AR V- T 1 BE
5 ) BT AN AR S ) ) X

FEIX 5 v BT 3R 7 2 827 o T et vl G Ao 3 40 U 2 0l . A SR T S LI R B o ] DU HH 7 i) S
] S op T2 2 0 1 11 55 SRR ) 3 sv A OG5 M AEAR x RGBT 1T Ay (R0 BE B o, hy) SR BERE A ) S0 391 2 6
Bl —ANREAS xo, A 15T FUHET 10T B9 B 25 /8, BT oo, y=min {d(x,h;) b ox € S A5 2 i3, 3 AN BE A I 12 ) T A 2 6
ST — 28 2 ) 2 5 SR RE ISR 28 78 SR [40] 45 B15F B, A S H 2% 18 S 1) s LI — o o FEAt . £ 3))
S RESHER WL 2 B JCI RIS 2% 0 O(n), 25 R 24 B O(n).

Bk 2 L)L

BN GREE T(P: A BR 5, RN T {5 S B4, U R AR PR B 42 ) s BRORE R FE A R

B2y A 3% f.

1. procedure Active Learning
2 Initialize training sample set [y, lo<—Sub,USub, //Sub,(Sub,) is the subset of P(RN)
3 Toc—T-1, i1
4 repeat
5. b«
6 find the optimal classification hyperplane #; of training sample set /;_; based on SVMs
7 sv<—support vector of hyperplane 4;
8 dp<the distance between the support vector of positive samples and sv
9 dn<—the distance between the support vector of negative samples and sv
10. choose ns samples from 7, ; which are closest to 4; and d(x,h;)<dp and d(x,h;))<dn /* xeT,_y, d(x,h;)
is the distance between x and &; */
11. b;<the ns samples
12. label the ns samples correctly
13. for each xeT,_,—b;
14. g(x)zzy/a/k(xz,x)—b /* a; is a coefficient, y; is a classification label (1,-1), x; is a support
1
vector, k(x;,x) is the kernel function of SVMs. b is a classification threshold */

5. () = {+1, when (| g(x)[Zdp & & g(x)>0)or (g(x)>0 & & H o (X) =+1)

' —1, when (| g(x) = dn & & g(x)<0) or (g(x) <0 & & Hyypopio(x) ==1)
16. if x can not be identified by improved Rocchio or its category does not match the result of SVMs,

then

17. label x manually
18. bi<bux
19. end if
20. end for
21. 11,1 Ob;, T<T;_—b;
22. i«i+l
23.  until 7;is empty or b; is empty
24, f<h;
25.  returnf

26. end procedure
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precision = €T x100% ©)
IC|
recall = % x100% (10)

EH T 3K AN bR U FEAS A 5, FH P AN B AE VT Ak AN [] 17 43 24 8 2 PRIl 1 DT 1, SR P A A0 230 R0 3 [ 236 ) 1 1= 3%
18 F-Measure! 3R AE hy 43 35 88 (1 P Ah b if.
R BATIRS VLA 2 0 4 [P 26 81 Pk AN [R] 75 3K, 8 X F-Measure {E 21 F:

(B +1) precision x recall

)

F-Measure = -— —
B~ x precision + recall

Iorp, B — AN I W fff 26 R0 4 [B] 28 AH % BEFE B (WRUMEL. B4R 5 B> 1, U0 43 [ e 1) B B4 K T M 265 ] 2 IR 4R.
A fRE N H L.

AT E LT B R A ERR, M AR B 16 7T 45 5 3 308 R4S 12 5 10 £ 8 B kAT 55 CPUE™Y, itk iy
1-DNFU R 1-DNFPEIT BB 52 RN(P,) A T A BB v B IE B £ P, 2 A SR Bl 41 o IE 481 Fr) 41 & i iR o
ERR W1 F V15
| RN(F) |

| B

ERR = (12)

42 HIEE

ASCKAE 3 AN B S B R B 1 77 75 Reuters Corpus Volume 1(RCV1),Reuters-21578 il 20 Newsgroups.
T A A IX 3 AR R

RCV1 H#a 482 H ar il Faw 2 R 45 T SOR 4 M bR UE SR £ 8 8 R B T I 32 4 1) 397 1o 8 ek P AL 2
T 804 414 SO H TR A RN RS 2N AR AL T )2 IR o0 A T UL 3 AN KK topic,industry Al
region. FA TIEIIL 1 —A> topic FAEHEAT S 7E topic X — )2 7 4 A4 3 :CCAT(corporate/industrial), ECAT
(economics),GCAT(government/social) Al MCAT(market). £EIX 789 670 fs A4 A S HUAEAE S K 3 000 ks 3
14, P 70%4 AR U202, 8 A% 11 30% 4 F AE I 4R

Reuters-21578 H4% 45 40, 15 M I 3% #1715 ZHMCAE 1) 21 578 i SCRY . AEIX 135 AN /8 21 578 G SR b Fedi ik
IUH A 10 AN2E500 9 980 e SRS AR Ay A% 3C 10 MR AR FOE N 56 AT R 5128 T0%AE R IR, 30% 4 2 M A, FLAA T
Hg WAk 1.

20 Newgroups #& H Ken Lang %5 NS (1) 085 4,17 20 000 J5 57 151 SRS, 70 AR 7E 20 AN 230 H A SC g I
A 10 ANEIE 9 840 78 SCRYEEAT S50 55 4b, F-AT1E F 20news-bydate.tar.gz WA B EHE £R 4 g FeATT 52 58 )l
RTINS I AR 1 £ O 4 3R (L3 Fe i i e B AR B 28 M o R Bl IR 2.
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Table 1 Number of documents of each topic in Reuters-21578
F 1 Reuters-21578 25 SCA K

20 Bk
Acq 2369
Corn 237
Crude 578
Earn 3964
Grain 582
Interest 478
Money 717
Ship 286
Trade 486
Wheat 283

Table 2 Number of documents of each topic in 20 Newsgroups
% 2 20 Newsgroups H AN 328 S AR Hi

el I
comp.graphics 973
comp.os.ms-windows.misc 985
comp.sys.ibm.pc.hardware 982
comp.sys.mac.hardware 963
comp.windows.x 988
sci.crypt 991
sci.electronics 984
sci.med 990

sci.space 987
soc.religion.christian 997

4.3 SBHMFE

Y% PU 4 KA VLRI AT AR S B 32 BT v N T B 8l SCA A28, 0 7 VAN AR SCHE H 1) SCAR 43 R T VR T A
P FAT1 43 T30 S P A0 4 R VE IR I T AN ) 23 IR VR AE BT A S B B, e ATTE I T CPUE. k() 1-DNF
F1 1-DNF 5035, B BT A5 52 451 50 5 R4l 2 22 W AN A 3 0] A ST HE 1R 7 V2 R AT VAl A M 3 40 2 s B B 3R A1 14>
S B A% PSOC! PEBLYHI OCS(one-class SVM)POHX 3 Fh 4004 Ay 2 iR 4901k,
44 & B

g T VG IRATT T VE Rk B, 1 58 AT 3] 19 S A5 R R A 1% S I A R R AN S iR PR R 3~ 5
BT 3 ANECR AR TPy T 3 T BB 1 )77 . CPUE. 2t 1-DNF A1 1-DNF 455 451 () 550 5 R AH
PRI R 5% 2 AR 4 SCIR[14], 3o AT 16 3 11 1-DNF H IS BABEE Ky 0.2.45 536 B 3L T SR IUaT {5 e 49 1) 5
i T HAt 3 PP BAR 1-DNF Sk v] LS B B A A0 A iR 3R H R B3R T e/ I ol 45 [ 9, AN gk 2R 3 1)
RO BT R AR IO AE I B i A AR A R R LW BT CPUE. k) 1-DNF Fil 1-DNF. [l 45 S 36 81 A 3L
P H 3 T 2R SR W B ) v mT AR I 15 2 IR 2 TR U H T 2 1 S ).

Table 3 Number of reliable negative examples and the error rates of four kinds of methods

in Reuters Corpus Volume 1

< 3 Reteurs Corpus Volume 1 H1 4 P77 v W04 1) S 51 A BORURE I (9 4 13 2

Ky 1-DNF etk 1-DNF CPUE K

RN ERR (%) RN ERR (%) RN ERR (%) RN ERR (%)
CCAT 354 0.29 1596 1.19 1898 1.07 2245 0.72
ECAT 301 0 1956 0.89 2115 0.78 2 447 0.45
GCAT 374 0.47 2539 1.47 2819 1.34 3308 0.96
MCAT 311 0 2416 1 2 666 0.89 3193 0.65
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Table 4 Number of reliable negative examples and the error rates of four kinds of methods in Reuters-21578

T 4 Reteurs-21578 1 4 P 5 1L AR 1A S 91 AN BORTAR R 1) 38 2R

] 1-DNF ki) 1-DNF CPUE g
RN ERR (%) RN ERR (%) RN ERR (%) RN ERR (%)

Acq 176 0 773 1.09 881 1.04 1257 0.68
Corn 218 0 785 1.79 897 0.92 1376 0.67
Crude 121 0 456 0 535 0.85 880 0.59
Earn 214 0.16 835 0.30 926 0.27 1281 0.18
Grain 144 0 806 0 971 0.84 1360 0.44
Interest 276 0 1143 0 1296 1.03 1707 0.75
Money 258 0 1220 0 1332 2.05 1584 1.16
Ship 376 1.57 1430 1.77 1578 1.76 1 900 1.62
Trade 113 0 379 0 509 0 831 0
Wheat 222 0 917 0 1056 0 1396 0

Table 5 Number of reliable negative examples and the error rates of four kinds of methods in 20 Newsgroups

5 20 Newsgroups H 4 P75 1L IWCEE 1) S 1A FORUAH R 1 iR 2

1 1-DNF k) 1-DNF CPUE LES

RN ERR (%) RN ERR (%) RN ERR (%) RN ERR (%)
comp.graphics 117 0 439 1.79 678 1.72 906 1.11
comp.os.ms-windows.misc 111 0 412 1.22 703 1.09 1110 0.81
comp.sys.ibm.pc.hardware 120 0 593 1.78 783 1.59 1041 0.92
comp.sys.mac.hardware 125 0.64 590 1.82 698 1.35 1354 0.67
comp.windows.x 115 0 523 1.22 750 0.99 948 0.73
sci.crypt 101 0 412 1.24 637 1.12 801 0.81
sci.electronics 126 0.56 561 1.85 716 1.77 1077 1.58
sci.med 117 0 390 1.36 543 1.18 1171 0.76
sci.space 118 0 419 1.75 602 1.61 1169 0.88
soc.religion.christian 121 0 389 1.80 550 1.64 960 1.17

— AN PU SCA ST AR I 1 REAE IR KRR RHU T2 Re 75 LM AT R R R R T B 2 10 T {75 ) 441). 7E 1-DNF &
E R R R TE — AR AR IR LE 9] SRS B R 2R b TR SRS B v HR I IR 90 2 2 22 T W A % 18 HL A TE 491 S v
A B [ A% 4G G, AT AR B4 2R O T “game” 1 SCAY, T RFAIE “blue” 78 1F 451 SCR B2 o tH B I A% 2 0.3%, fH7E A bm
PUSCRYAE LA 2 0.1%. B4R, “blue” N At — AN IEBIRFE,IX 5 1-DNF 577245 6 45 S b 98 A8 IR i ol
R IEBREAE £ I I D0 AH R b, e 45 AR 45 KR, B A 0 0.8508E Y 1-DNF S5 1-DNF 8L 30AT 1 2k,
ZEVEAAN G L8 T R AETE 1E 481 SCRS B2 vh R A b TR SRS B8 v 10 0913 72 1T FL 2% 08 T ARRAE A8 1A SC R 4R A 51 11
AR AR R B, FUA 2 R I AR AN G I, — AN E I A RE A AR I 451 A

o OB ZAFIETE IE A SO B v B AR A 2R KT AR AR AR R SRS S vt B A

o VR IZIRIE A I A SRS R H IO A A3 K — A [ 19

CPUE 18 j 7] B 5% 1451 SCARS AR FH AR AR PR SCRY AR o (19 SO EAT R IR 0T A5 [ 491, 3 A 3 2 2 A % 6 2 1 )
RIS ) 3 25 e YR8 S 1) FL A 5 6 384 o 1) SR DR AR BT AT LE 9 SCRY b B T 5 R bR R SO SR AT R R 2 ok
B VR SCRS AR 15 b 24 1 3R T {5 S A9 R A5 A I 12 0905 2 K T A R A9 (R B0y A AR %2 AR SCHR 4R AT {5
S 7 0 AE SCRY RN TR 2 0] LT — A 243, 0 I AL Ik oA bR R SCRY URURT R 22 1K) R IE 1) ok i 4R T
15 B AP A TR SC R B 38 4% 1) SRS 9t 24 1 T4 B A9 MR 140 T A I 910 008 AR 408 3R 1) S0 SRR AR SC R HE 1)
T BRAT T BT (1 e

T 33 1F TFIPNDF S9% 0077 20k, BATTR FH AN IR I BUE VF 577 75K L8 TFIPNDF 53545 73 30 R w1 ok 1
S0 1 BT R85 AT YY) F-Measure {HAE 3 /NS RIS 48 RS2 500 1K1K ), 364118 30, TFIPNDF
FWEA T4 1) TFIDF Hik.
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Fig.1 Comparison of average F-Measures achieved by our clustering-based method
using TFIPNDF and TFIDF weightings for each dataset
1 ST RKM I 50K JH TFIPNDF FI TFIDF {E4EH 4

FRAF) -1y F-Measure {8 1 L5

HE AR SCHE IR 7 VR S B PR /2 SVM. 2302 3 % 43 SR R At sk (1 3% . Al 143 L 3 Ak (PSOC,
PEBL 1 OCS)RIFRATIHE H 1 T8l 2 2 5y H 71048 3 AAIRIEHRAE AT IR, LA 7 R A T 7 i 3R I
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Fig.2 Performance of four text classifying methods for each topic on three datasets
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