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Abstract

In actual applications, due to various reasons, it is usually impossible to obtain the marked nega-
tive data, which causes the traditional classification algorithm to fail. Based on positive data and
unlabeled data learning, it is called the PU classification problem. The key of the PU problem lies
in the extraction of negative data and the construction of effective classifiers. The algorithm pro-
posed in this paper firstly evaluates the data distribution in the sample, adopts the integration
mechanism to extract positive and negative example data from the unlabeled sample with rea-
sonable proportion, and then uses similarity to extract the representative positive micro-clusters
and negative micro-clusters. After sufficient samples of positive and negative samples were ob-
tained, the PU problem was converted to a binary classification problem. Numerical experiments
showed the effectiveness of the method.
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(T A B3 v R R B, SRS AT EM BVESRIAT I GRBE Y . Li 58 N [SPRHRSei PU [a) 82 FH 21138 X
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FRAEAN AR (I SRAAR S . US Hbrid N IEBI i [ EAE1iE A LP, US A s il ()RR 1iE A LN, H
THEE 2 FRH Rocchio B3 T4 AT DAKIAD 143 25 HA TE A5 B0 A0 47 4510 5080 o AFLJ2: TEA9 B0 15 47491 50
PR A — 8 LR, Rocchio MEA— AN 73 K38 2 ML AR, IIAT 5 BUREFE B A AR iR
Frid, HEMREIA AR PU r SRR BE o DRI AT BR TSR A TR TBE A 457 ) 4 R PR A 481 0 AR DL RSE SR Aff o
HFRIARZR P IR A SCHE F K-means X [BJEFE 152, B US B4 NS, NSy, ..., NS,
ot n=1x|US|/(JUS|+|NS|) » HRAECHR[S] [6], n BEN 30, HRJG M T 5 TR BAHL SRR 4] 42
SR AFVBLE 3% P b 7 2SR VA TRD TR B 2R, AR R 22
3.4.1. ¥HIHTAE{LE

TEAG] (1% J5 38R AL A Py 256 A FELARL R A IR B b PRI RE A R AR = R AR R], BBk 2 o 1 A8 =) 3 A A
PE, XFT US MEEAMMAE, 1 ex o o B MR 5 550 1 r g AR 0 TR AR MR R 52 AR BLRE T
B W AR YR (1 AR AE AR BRI I 2R bR A, fe i a8 I # SEAL] h  E A 1)
FRNREE o TR 128 TR A R e v B A9 11 B 28 2R A 25

BE 2 BRI S AR AT H S5 (Auto-KLBSL) .

BiN: US,,i=1,2,---,m;

fitth: LPAILN,.

DOI: 10.12677/csa.2018.85088 791 R HLURLE 5 R


https://doi.org/10.12677/csa.2018.85088

[

1) LP, =9,LN, =&, pos_vote =0,neg_vote =0 ;

2) FOR A4 FEH e e US, DO

3) IF max ", sim (e, p,) > max.’, sim(e,n, )

4) THEN pos_vote++;

5) ELSE neg_vote++;

6) END IF

7) END FOR

8) IF pos_vote > neg_vote

9) THE LP,=LP UUS;;

10) ELSE LN, =LN,UUS;;

11) END IF

B2,

sim(x, ) =x-y/] -] M

BRI 2 JE R RE TR I SR AR B R € L A BRI RS AR AE %5 R SR T R R [
TE AR RE BRI ABLRE , TSR H LW 0 R A S AR 2 o (H A0 vh IE S B RE AR LE p i i
FTRE] 5 ERE AP e R O AR A AIARAE, SR RN, T2 BN SRtk 17326
BRRPERE R ZE . [ 1 Fs, [AIRAEAIE L K-means S AIHE > RREE R .
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Figure 1. Local similarity of the sample
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AN US,i=1,2,-,m;

fth: LPAILN,.

1) LP.=Y,LN, =0

2) FOR A4 e € US, DO

3) IF proba_positive(e) > proba_negative(e)
4) THE LP =LP U{e}:

S)ELSE LN, =US, U{e}:

6) END IF

7) END FOR

k3,
Probajositive(e) = Z:_flsim (e, )2 )/Z:El sim (e, )2 ) +sim (e, n, ); 2)
Proba_negative (e) = 2,1-21 sim (e, n, )/Zil sim (e, )2 ) + sim (e, n, ); 3)

Bk 3 I TSR RAE G5 AR YEREG A BLEE, BRI G SAAR A, RS R B
FEUR IR AAR RS, ERURE TP IR R B U BB RSO0 T, T A 208 SR AR R R ARV
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FEE = DRI M ERE AR R I IE G B S A LP, RBIEHEES LN, A&l gt . BInliilg
AN SVM 22K 3% AR B IR RIME G110 SVM BER A — MZ R B AR DU AR &8 B E R,
B SO e 4R AE 23 (8] /0 A0 AP IR DL . A SUEF 2 4% SYM BREAT I SR 28 7 25 38, it —2D4k
FHor F AR RE .

2% 2] [14] [15] [16]F] FH 24 8% ok Bk 4 N 23 [ AR o m gERe e 18], Ak i ARk I . STk
R[14] [15] [16] DEUEY] T 24% % ) 6e 345 LL BB A AP i Ve e . FEAS SCRR HH IV PU REZR R, 3l
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fantt: 702KE FsimplmkL

1) P=PULP;

2) N=RNULN;

3) f#H SimpleMKL 7£ PN, IZ5R4 52588 Fsimplemkr o

4. BURS AT TETHRUER PU XK EF
4.1. TWE5H

4.1.1. EBGE

B SCARSEIE S, Auto-KLBS 2 2R P 8 LL A 47 ) Spy-SVM [1], Roc-EM [8], LELC [5], AutoKL
[1213% 4 RO VEM LA, A EFsLIRIS 4T/ 2.50 GHz HIALBESS A1 4 GB I A7 & 0L L.

N T BESE AP LERUAN R 73 2R T 25, ARFESCHR[6], A FHVEAL 2r KRB BE R F-score 1E 70 2K 4%

PIPEFEPR, o XU F: F-score=2x px T, o p A r 53R IE R R (precision) F1 7 [F] 2R (recall) .

p+r
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F-score [FJINf 58 | AAERA A 2R WAL 5 A [ 258K, F-score {1 il K . F-score %3 1 1,
UEIZ S 7 BRI GT

TESZIO A, S AN B S SCAR U 4 20-NewsGroup F1 Reuters corpus (4 1)

X T 20Newsgroups 04, 26, HRAESCER[1 1 ANAIESE T 4 SRV LA K 2 SRR
@, Lbal: {comp.graphics, comp.ibm.hardware, comp.mac.hardware, comp.windows.x} x {camsci.crypt,
sci.space}, 3t C,xCy =8 ¥Ha. Mrfidkthh—4IBHRME N IEGIECE, FRATI0TR A 008 0 B A s 400
SN B TCAREEF o 7E Reuters corpus ZifE - EAT [FIAE RO ALEE , S HL T 32 840 & N {acq-crude, acq-earn,
crude-interest, crude-eam, earn-interest, interest-acq}. LA graphics x sci.crpypt A, M A BEHLIZE 3= 8 [H]
(R SCANE A R IEBIREAS, AR ER oA AR Hs v IR 38 - SR 5 MR 18 A 38 b B ALl
1R R A EAR G RARERGE U b, MR A ax|U], o WHGISH, ERRE a=0.1, RETEa B
MI%HFT, a={0.1,0.2,0.4.0.6,0.8} IR SLH, IR FVENIA Rtk

4.1.2. $E{ERE

TEMIESE PU SCAREE S, BRATTRE SCAHOE fd a7 vy e 2 (A A . RRAE e 382 SCAR 7 AT S il
B — AN, B G B TURFHE A O RCRFE, AT BIRRAE PR 4E R, AT AT LASE T AN 432
B ) o3 R . AR SCHAfE ] TF-IDF [13 0 #d A2 i s iy il 2 28 (B AR A . AR5 AT Rl G, IS
AR TF-IDF B & s 1 150 N FafE i 2 R AE AR o X 2 A E8E FHA—AS BB I, 5 32 8
FRAIE 2 ) EAT HF S .
4.13. XRERESH

XFTAE O SR IHAE A ORGSR A BEA LI L 60% (1 S B A N 2R 8, R B AR
MEREAE, 47 10 8 XIRUE. N T RFeRE IR ZE, X EREFEES 10 K, ARG THEFIE F-score,
SERGH o S ABR R B S B BT o5 BRI . B0 o = 0.1 ROR R ARERE B EA 10%0 RG], % 2 BoR
T 6 HTEHE T SLEG Y F-scores

Table 1. Data sets
< 1. LHRBEE

HIRE ¥ =Rk S Eii URL
20-Newsgroup 20 >100 20,000 A URLI1
Reuters corpus 10 >100 9981 A URL2

7E: URLI: http://www.daviddlewis.com/resources/testcollections/s URL2: http://people.csail.mit.edu/jrennie/20Newsgroups/

Table 2. 6 sets of sub-datasets on each algorithm F-score

< 2. 6 AT HIRE L R E L F-score

Data Subset Spy-SVM ROC-EM Auto-KL Auto-KLBSL Auto-KLBSG
graphics-crypt 0.235 0.241 0.274 0.268 0.342
graphics-space 0.305 0.276 0.287 0.312 0.310
ibm.hard-crypt 0.257 0.262 0.284 0.278 0.280

acq-crude 0.248 0.256 0.258 0.262 0.267
acq-carn 0.234 0.249 0.245 0.258 0.265
crude-interest 0.326 0.301 0.357 0.368 0.409
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BT AR E, a1 2 s, T A3 1 Auto-KLBSL (F:451 R AH L) A Auto-KLBSG
(P 4 JR AR ) TE 6 ST HHESE B 5 AT ER AR BRI HARRT LA X 2 U FRATT Auto-KLBS
JIEE SR Auto-KL BVEPEAS 7 ARAR SR 0 IE S EE 4 A Lo g, $RECEE I nI S I e ], BRI
T o330S S S H B S HUURE,  RIN R AR AURE 7 VE X 8 A4 B R B AR R R BEAT AR 2 P4
BB TIIGEIREE, XS TR SVM, T2 I 7 m TR 2888 . KT PU-BSDS
PR A [) SR b A [ (PR B AR B T 55K, Auto-KILBSG (FEA51 4 Ja AR AL )il i 78 1~ B 46 B 7 2%
RORELE Auto-KLBSL (B J) A AR i 23 2B RACRGT, 302 RUOA A 25 TREGI T 7E TR IRk &, H
YR I RGIFEAS Lo i iy, B T R AL 2 AR AR AR TE, S5 3 TR 5 AR AR AT
BIRIARARE , BB S RIARRE, M (A ] P 2 1~ R SR bR 4%, 72138 1E el e g et
BB T, R RGEE S bR 2 B B R AR

1, 2 il fErs T REE a 388K, 7EP4H 20-NewsGroup £ Reuters corpus 4 b 85 52 11 5256 45

1

0.9
0.8
0.7 —#—Spy-SVM

g 0.6 —B—ROC-EM

E 05 —=—LELC
04 —B—Auto-KL
03 —A—Auto-KLBSL
02 —o—Auto-KLBSG
0.1

0

0.1 0.2 0.4 0.6 0.8
a of negtive examples
Figure 2. Classification performance comparison on 20-Newsgroup

[& 2. 20-Newsgroup k45> 2 M BELLER

1

0.9
0.8
0.7 —— Spy-SVM
o 06 —&—ROC-EM
805
@ ----LELC
L 04
0.3 —8— Auto-KL
0.2 —A— Auto-KLBSL
0.1 —<— Auto-KLBSG
0

0.1 0.2 0.4 0.6 0.8

a of negtive examples

Figure 3. Classification performance comparison on Reuters corpus

[# 3. Reuters corpus 43 M ELLER
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AN, I S B R AR b e o W B 10 S 49 h th B 2 0, e A i I 2R A L AE R
WEMEE, FrAMIIZREE S > RO RE thllsm,  ATIAR B2 A 73 SRR o [R] I AT BLB B 2 24
[Fl— BT, AR PR R0 T Hofth LA B 5%

5. BRS MM TETHEMER PU XESETTE

ARSCHRH T —FhEAE AT T R EE T AU R PU 2220071, o Je R R B0 0 A VPl S48 T Kb
TE B T IR S A B 0 o0 A BB, R B I L) AR it AT SE SRR, X T RIS AE [
ALREAE A P P AR ACLRE S, SRECE ik, AR5 T INZREE, a2 %5 ST 2R 28
oo HUESEIRUEW] 7 ARSI E A Rk o ARG R A S5 4 Jee B s B A B v

EHEWH
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