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Abstract: Existing ensemble-based positive and unlabeled learning (PUL) methods often fail to adequately account
for the impact of noise in both positive and unlabeled samples during classifier construction. To address this issue,

this paper proposes a naive Bayesian ensemble-based PUL algorithm (NBEB-PUL), which consists of two stages:
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label assignment and noise filtering. In the label assignment stage, NBEB-PUL employs naive Bayesian classifiers as
base learners and integrates them using the AdaBoosting ensemble strategy to construct a strong classifier, named
Ada-NBC. This strong classifier is then utilized to compute the mean posterior probabilities of a validation set for
unlabeled samples, enabling explicit modeling of labeling uncertainty. Based on low-uncertainty predictions a set of
reliable positive samples is iteratively identified, along with a residual unlabeled sample set. In the noise filtering
stage, NBEB-PUL leverages the ensemble classifier generated in the first stage to reclassify the reliable positive set
and the residual unlabeled set, resulting in Ada-NBC-predicted positive and negative sample sets. These sets are
then intersected with the first-stage positive and unlabeled sets to extract overlapping high-confidence samples,
forming the final positive and negative sample sets. The samples pruned from the dataset during this process are
identified as noise. The feasibility, rationality, and effectiveness of NBEB-PUL were validated on 23 benchmark
datasets from UCI and KEEL. Experimental results demonstrate that the algorithm exhibits stable convergence
during the training process as the number of iterations increases. Moreover, NBEB-PUL outperforms six state-of-the-
art PUL algorithms (S-EM, Biased-SVM, Modified-PUL, PU-LP, LP-PUL, and AdaPU) in terms of classification
accuracy under varying positive sample proportions of 0. 45, 0.40, 0.35, and 0. 30. These results confirm that
NBEB-PUL provides an effective and robust solution for positive and unlabeled learning in the presence of noise.

Key words: knowledge engineering; positive and unlabeled learning; labeling uncertainty; posterior probability;

Bayesian classifier; ensemble learning
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Fig. 1 Schematic diagram of the data processing in framework

of NBEB-PUL algorithm.
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M Z T, LP-PUL B 0 e 2 0E B FE A 4R
fin_ PALE 114 DMEAS, HAPIERHEATIA, K
FEAR 414 AWM ARENEE T 155 M
A, HPIEFEARSTAS, TRFEAR 1124, Hikd
TERFEAR 73 K IEM RN 24. 56%, TEFEAR
IPRIERFR R T2, 26%, B IK5 N 85. 83%.

PU-LP 53 (1 fe 28 IE AR AEE fin_ P T 105
AREAS, HPERREAR 1044, AEREA 1A 1R
KFEARENET T 105 FEAR, 230 R 2REEA
M 75 4 Noise 10 7 T 59 MFEAC, b IEJSkEAC 12
A, TURFEARAT A MR REA B 7R IE f ke
AR TR SAEAR N, Tiisess L B 2ehl, AR
22 B JSREAR IX Sl P 3 ) £ SR8 53 2 S M P AR
PU-LP 8L A6 IEZREEA Y4328 IE %N 78. 95%,
TBREAR B IETI RN 68. 63%, BrIEHGE N
90. 55%.

Sk BHAG X3 24 S o T R 75 0 36 1) 2 57 BT R
NI 28 ) s 3 0 e P O S %) 9 Rl S 4G . B b
band ., forest, spambase Fll seeds et fERSE 4
FF, LL45% MIESSREAR F B 52 5 YR 57 SE 56 9
HECE AN B Aah . R T Mms  BE B B Xt
KBIBRERBREAL, BFIHT S I 2R84 1
[iigria iy | il S a1 s BRI 110 o |
A3 S R O 0 RS 8 285 SR 4 18 S
KU M i A B #h 7o 4 kLR S6. H &1 S6 1T
U, TESAEARAE T, M G I B AR By
B ORS B A 0 S BT, R AE bd BdEAE
FHIGHEUT 12%. T RlsEg 2h ik — A LT Ada-
NBC 14 M 7 74 RE AT BRI bR IE B Be 73 A AE Y

B2, T IUE BT R, AT AL T A S REAR
EREFEALE, PR an iz i rERe .

Zi 1, NBEB-PULBIEAE IR I BT
LP-PUL F1 PU-LP 5.3k . ¢ il 2 7 Ak AR 2 0080 4y
A AR FEART, NBEB-PUL AL I B AP
bR A O A B HE SR S T G I 2SN
TORREAR A S ik, DA R K e s PR AR B A R0
B, AR AR A SRR L T SR
2.4 NBEB-PUL E;EHI BRI UE

FEF PRSI W PEAL AR, E 23 A BREEdE
#£ b i 5 S-EM. Biased-SVM. Modified-PUL .
PU-LP, LP-PUL il AdaPU 3L AT X5 Eb, DLERUE
NBEB-PUL B BARNE. SN RIREAR 53 A %
SRAT SR, Ay B R AR L (R)
45% . 40% . 35% F130%, &55iE AR SOR AT
A A BT BIER ST 2RS4, AL
HOEFET S ML IZ T RIE, FHT I AR S
I 5L 2% (eritical difference, CD){EAE Jy i &b .

TEREAS LRVl A RE IR T
30 min, HEKEE AN TIOR8, LP-PULSRLAE
HTRU_2. phoneme. satimage Fl spambase £ #&5 I
BIpFERS R L BRI AR BCR . 7EAS R ik
T, NBEB-PULZVE R34 53 K UERf R4 B 0 T
SR, BN O EE T I R R A R B e T
1.64%. 1.52%. 2.70% H1 2.23%, 7t 4> ik ¥
NBEB-PUL %532 J& — i 24 S FHPE (9 Db 1227 -~ fi
VS

M ST & S4 R WL, NBEB-PUL % ik 16 AN A 1IF
RFEAR B T RBU B M PERE . MR
S} 45% 15, NBEB-PUL S 1728045 B2 2800t e AA Tk
B E AR T T4 1. 64 N 43 555 24 RN 40%
B, HOFEEERA TAH 1L 20 E5 5 RN
35% IF, V34K B AR IR BE IR B 2. 70 N E 4 mL
Z T SR O e o W T Y R A 30%
BF, SRR B BRSBTS T T 249 2. 23 1 H 43 AN
ZEGKF , NBEB-PULSVEAE 23 ML 95325
K BE MR T Hifth 6 P PUL BV, U HAEIEZSREAR
LU ARG F B 1 S s Ay R P LB, i — 20
WUE T2 AR B PUL AT 55 A 2%k .

K s B 22 {8 (eritical difference, CD) & X
NBEB-PUL 8.3 i 70 S MEREUE AT Ge 1 0 35 MR AL 565
i F LP-PUL %74 7£ HTRU_2, phoneme ., satimage
il spambase B T BIB 1T 45 RART G I AEK
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W, A FETANR DU s IE 8- JOARAE 2 > ik 345

PR M HERR 3% 4 B0 4 1) S e 4

BT SR ST B LR EE R, RN R
TEIEZRREA LB R 45% . 40% . 35% H130% I},
19 A Hci 46 B I 0KS B2 CD R ] 458 SR U T
i A A B AN TTAPRIEI ST, Hodr, U A AN
FaR, R A AR B R, X T4h e
0. 05 B EHACE, IRF2EE N

D = qo.s le;, D (5)
Horpr, kA R s NN BHREA . ARDE
Mk =7, N=19, WAHD. ~1.997, Hit, FX
K FH Bonferroni 5347 B I FHH ¢, s = 2. 849.

Ay BT ST AT AT, NBEB-PUL S B (1 F-34 A0 1
— NI 2= X T IR GE 5 LI 8 H 0 DX ] g 5
%, Y95 NBEB-PULAFAE B EREZ R . #E R4
}45% . 40%. 35% F130% i, NBEB-PUL %
B 7 7R 5 2 o B e (e i) X 8B, 30E T
HARRE, v A S — R REAS R AL P PUL (1]
PR F T % .

% &

Btk B B R OE 28 - TOAR & 2% ) B AR AR
g e AR ST A g [, MR RN ER DL 40
£ )38 8 PUL )7 ¥——NBEB-PUL. %7158 1
BE RS ) BESR TOAR SRR A B R — B, IEBIA
PRI IE PRI AR SRR A, NTEETH T 432530
REEEE. 2NN TFRIEE LSRR,
NBEB-PULBIETE I F 54 . A B F43 28 M RE Ty
PRI, R AR i T bR SR AR B BE
H PULAT S5 448 T —Fh e rTA TR o Jr % .

it — AT VERE , AR TAEK ISR
IR m gt @O a2 dem. Yur
NBEB-PUL LAfRZR DUt oh il oy 26, R 2Ln] 5]
VNI NS S N P T NS R B = ] 3 P 2 i )
oA, IR EIL R IRMERE ;. @ IHn]
K IE 5. 5% NBEB-PUL &34 J& 2 /0 1
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