T B RAABAE T 110 2 IR PSR T
GG, TS, B, RS, imE, skaer

G AL

XIESR, T, wHEM, S BT B AREAEEE 5 I 2 AR R LT]. B RER SR F R, 2026,
21(3) : 651-665.

LIU Zhigiang, TAN Haoyu, HAN Aokun, et al. Multi-label imbalanced data oversampling based on natural
neighborhood and data gravity[J]. CAAI Transactions on Intelligent Systems, 2026, 21(3): 651-665.

TELR AL View online: hitps:/dx.doi.org/10.11992/tis.202505019

LT BRI HA S
TEE i) A S A P Rl 5 1 SRS A T e SR

Spectral clustering—fused adaptive synthetic oversampling approach for imbalanced data processing

BHERG2A4R. 2020, 15(4): 732-739  hitps://dx.doi.org/10.11992/1is.201909062
SMOTE 3 K E K Hp it Bk iF 78 2k

Summary of research on SMOTE oversampling and its improved algorithms

BRER G M. 2019, 14(6): 1073-1083  https://dx.doi.org/10.11992/tis.201906052
IS A8 22 53 28 I A 45 1 e K

Application of the loss balance function to the imbalanced multi-classification problems

BIBE R Gi244]. 2019, 14(5): 953-958  https://dx.doi.org/10.11992/tis.201808004
R 2815 MEFIE AN PR S A 2

Imbalanced data classification of network topology characteristics

BHERG K. 2019, 14(5): 889-896  hitps://dx.doi.org/10.11992/tis.201812014
B R R S W X = R T

Imbalanced heterogeneous data ensemble classification based on HVDM-KNN

BIRERGI M. 2019, 14(4): 733-742 https://dx.doi.org/10.11992/tis.201807023
LRI AR 5 AL I B R Ik

A semi-supervised spectral clustering algorithm combined with sparse representation and constraint propagation

BIBE R G244 2018, 13(5): 855-863  https://dx.doi.org/10.11992/tis.201703013


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202505019
https://dx.doi.org/10.11992/tis.201909062
https://dx.doi.org/10.11992/tis.201906052
https://dx.doi.org/10.11992/tis.201808004
https://dx.doi.org/10.11992/tis.201812014
https://dx.doi.org/10.11992/tis.201807023
https://dx.doi.org/10.11992/tis.201703013

%521 B4 3 W) O R & ¥
2026 4 5 11

DOI: 10.11992/ti5.202505019
[ £& H AR 3B 3E : https://link.cnki.net/urlid/23.1538.TP.20260204.0948.002

Vol.21 No.3

CAAI Transactions on Intelligent Systems May 2026

BT EHAMBBINEIES NS IREAR T
IR LRETTE

) &R, LT, A, TIEF, PR F KA
(Z#RF HENAFERRFR, % 408 230601 )

# OE PR ONA BE Sy 2 A, S SR AR TR ER AR 2 — o SR, Al B A AR SR A SR g
VIS EEREA R o A 5 2., [kt e A G B 5 | A SR B AR 1 S 3 1) X 40 BE R, Ui 24 2 ol SR Ao T I 199 S e
PR o FFXTIZPRAR, 480 T —Fh T [ AR AR MBI 5| 01 1 AR AT B S R A . TR E T
FRAIE 2 (R4 AR ABIR A5 #, DL 1A 38 I 2% T REAS 1 Jmy 3 o0 A 5 B o HLUOR AR 28 AR BL I 5 5 | 55l Bh RE AR 2 1%,
SRR X 2 4 Al B AR AR T B R AR, BRAR S R U o e B B 5| ) B R 3 Bl AR A A B AL, F
I8 N AR AR AR B, R B FR S Sr EL RN P BB S R S B wh S (a1, #E 14 SR ECR4E B St 3R,
SR AN T SOTA JikTE 3 A~ R 2484 L ¥ BUS T R A HERE R B,

KB SRS AT 2T 5 SR AE HARERIR; BT 15 Ao B KEE; 2k

FESES. TP3I XBFREL: A  XEHS:1673-4785(2026)03-0651-15

s A XESR, EEF, $EE, & ETAASEMBES NN SHREFEFEHERBEITRET E J). BEEREFR,
2026, 21(3): 651-665.

#5| A1&3(: LIU Zhigiang, TAN Haoyu, HAN Aokun, et al. Multi-label imbalanced data oversampling based on natural neigh-
borhood and data gravity[J]. CAAI transactions on intelligent systems, 2026, 21(3): 651-665.

Multi-label imbalanced data oversampling based on
natural neighborhood and data gravity

LIU Zhigiang, TAN Haoyu, HAN Aokun, WANG Weiqing, YAN Yuanting, ZHANG Yanping
(College of Computer Science and Technology, Anhui University, Hefei 230601, China)

Abstract: In multi-label imbalanced data classification, oversampling has emerged as a mainstream technique.
However, how to design effective sampling strategies that capture the local distribution information of samples while
avoiding the introduction of overlapping samples during the synthesis process, and reducing the inter-class separability,
remains a key challenge for oversampling methods. To this end, we propose a novel multi-label oversampling method
based on natural neighborhood and data gravitation. Firstly, the method constructs adaptive natural neighborhood struc-
tures in feature space to capture local distribution information. Then, it employs label similarity to guide auxiliary
sample selection, assigning higher weights to relatively safe auxiliary samples to mitigate class overlapping risk. Finally,
it constructs a dynamic label assignment mechanism with the data gravitation model to generate label information, and
avoiding the possible inter-class conflicts inherent in fixed label allocation rules. Experimental resultson 14 imbalanced
datasets demonstrate that the proposed algorithm outperforms state-of-the-art methods in three performance metrics.

Keywords: multi-label; imbalanced learning; oversampling; natural neighborhood; data gravitation; label assignment;

class overlap; classification
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(https://cometa.ujaen.es/), FHAFEAN{E BN 2 frg),
Hr, n FoRFEARE R, d RONFIELEEL, g b
A, Card J2 BN FEA NV B F5 %40, Dens iy
IR G AR 2K ) FU A, MeanIR R f Kb 2 B0
5 &R E LAR BY - (E, MeanImR 24 B4R
2T IE SRR A BORE R AYF 3 {H, Scumble U
S T A FEAS th Z B B bR Yy JE R
FEo MR 2 AT LUE , Ird 8040 S 78 4% Wil 48 b |
WIFEAE 0 35 25 5, HL 3R 300 A ) 78 B i A - Ay
Fefk o AN, A ORIESE I AT I, A XS R
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3.1

x2 SHREMHUEEMB
Table 2 Description of multi-label partial datasets
e/ AR ek n d q Card Dens MeanlR  MeanImR  Scumble
GnegativeGo D1 biology 1392 1725 8 1.0460 0.1307 18.4476 45.1000 0.0096
GnegativePseAAC D2 biology 1392 448 8 1.0460 0.1307 18.4476 45.1000 0.0096
GpositivePseAAC D3 biology 519 444 4 1.0077  0.2519 3.8605 8.0030 0.0010
cal500 D4 music 502 242 174 26.0438 0.1497 20.5778 22.3400 0.3372
emotions D5 music 593 78 6 1.8685 03114 1.4781 2.3200 0.0110
foodtruck D6 recommend 407 33 12 2.2899  0.1908 7.0945 8.9750 0.1035
water-quality D7 chemistry 1060 16 12 5.0730 0.3620 1.7670 2.1050 0.4730
enron D8 text 1702 1054 53 33784 0.0637 739528  136.9000 0.3028
medical D9 text 978 1494 45 1.2454  0.0277 89.5014  328.1000 0.0471
flags D10 images 194 26 7 33918 0.4845 2.2547 2.7530 0.0606
yeast D11 biology 2417 117 14 42371 03026 7.1968 8.9540 0.1044
stackex coffee D12 text 225 1886 123 1.9867 0.0162 27.2415  144.9000 0.1691
VirusGo D13 biology 207 749 6 1.2174  0.2029 4.0412 8.6150 0.0079
VirusPseAAC D14 biology 207 446 6 1.2174  0.2029 4.0412 8.6150 0.0079
32 EMIERR RVERE, TRbREH R 2R W P R PERE RN

TEZ b5 %8 o7 JEVEREPEAT #6545 TP, Macro-aver-
age i T T A bR MR e s An 0 T ME, T
BEASBR A R AR, A 25 S8 A A R A R
ZE5t o X —RPEE AR DI H T 2R AP
GBI PEREVEAL o RSP RS, F1(F1
score). AUC(area under the curve), AUCPR(area un-
der the precision-recall curve) /25 & LA TEB FEFRIS,
A, ABF5E LB T Macro-F1, Macro-AUC Fl
Macro-AUCPR iX 3 /™ RE$8 b5 K PFAk J7 125 19 73

1)YF 1 2 K B 2R F 4 (8] 20 98 Fn S 38948,
Macro-F1 M| f1 #4525 19 F1 {5 B35 31 .

1 &
MacroFl = 7ZF11
975

2)AUC & ROC HI£E T iy FL, ROC & LA
FLPH M o 9, i P M e Sy B A 2 T AR .
Macro-AUC M| H #4525 1) AUC {E HCF- 3475 3]
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MacroAUC = ;ZAlUC
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AN FEATAEAT RAE 9 J5 ¥ DEFAULT, BRIt 2 4b,
AR IR T 6 T[] 7324, 43 /& BR(bin-
ary relevance)™!, CC(classifier chains)?**, MLKNN
(multi-label K-nearest neighbors)™! | CLR(calibrated
label ranking)"*®’, HOMER (hierarchy of multilabel
classifiers)l*” Fll ECC(ensembles of classifier chains)**,
X B ¥ R0 43 28 4 1) 2 800 o 4R i SRR 1A
B AR
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Table3 Comparison of Macro-F1 between MLNNDG and competing methods on ECC

i DEFAULT MLROS MLRUS MLSMOTE MLTL RHwWRSMT MLSOL MLONC MLNNDG
D1 0.8337 0.8358  0.8286 0.8551 0.8292 0.8167 0.8411  0.8400 0.8511
D2 0.3338 03215 03196 0.3374 03116 0.2910 03675 03467 0.4045
D3 0.4676 0.4684  0.4903 04973 0.5169 0.4768 04878  0.4756 0.4953
D4 0.1099 0.1220  0.1104 0.1160 0.1279 0.0099 01368  0.1346 0.1381
D5 0.6700 0.6460  0.6478 0.6686 0.6709 0.4743 0.6738  0.6736 0.6708
D6 0.1668 0.1707  0.1534 0.1942 0.1265 0.0528 0.2267  0.2184 0.2115
D7 0.4986 0.5331  0.4899 0.5745 0.4996 0.1733 0.5623  0.5516 0.5596
D8 0.1253 0.1613  0.1277 0.1486 0.1131 0.0451 0.1731  0.1908 0.2182
D9 0.5175 0.5566  0.5319 0.5452 0.4697 0.4730 0.5618  0.5392 0.6024
D10 0.6507 0.6807  0.6692 0.6670 0.6652 0.4195 0.6906  0.6877 0.7120
D11 0.4012 0.4050  0.3909 0.4083 0.3968 0.2600 0.4327 04041 0.4281
D12 0.2416 02773 0.2628 0.3263 0.0401 0.0833 03096 03514 0.3650
D13 0.8683 0.8769  0.8949 0.8816 0.8888 0.6637 0.9092  0.8924 0.9071
D14 0.3508 03768 03526 03979 0.3317 0.2845 03817  0.3788 0.3994

FHE 0.4454 04594  0.4479 0.4727 0.4277 0.3231 04825 04775 0.4974

PR 6.87 527 6.27 3.80 6.53 8.67 27 3.53 1.80
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Table4 Comparison of Macro-AUC between MLNNDG and competing methods on ECC

itk DEFAULT MLROS MLRUS MLSMOTE MLTL RHwWRSMT MLSOL MLONC MLNNDG
DI 0.8329 0.8415  0.8282 0.8637 0.8346 0.8369 0.8577  0.8520 0.8798
D2 0.3796 0.4143  0.3887 0.3887 0.3636 0.4256 0.4041 04336 0.4429
D3 0.5459 0.5331  0.5311 0.5804 0.5734 0.5315 0.5437  0.5398 0.5662
D4 0.1928 0.1991  0.1933 0.1952 0.1965 0.176 1 0.1993 02012 0.2042
D5 0.6925 0.6793  0.6812 0.6861 0.6931 0.6304 0.6888  0.6968 0.6868
D6 0.2644 02775 02472 0.2857 0.2340 0.2167 02876  0.2889 0.2982
D7 0.5433 0.5515  0.5407 0.5335 0.5434 0.4844 0.5479  0.5496 0.5500
D8 0.1563 0.2028  0.1537 0.1837 0.1354 0.1173 0.1880  0.2163 0.2293
D9 0.5584 0.5832  0.5582 0.5916 0.5189 0.5491 0.5802  0.6005 0.5984
D10 0.7117 0.7005  0.7008 0.690 1 0.696 0 0.6696 0.7095  0.7160 0.7154
D11 0.4469 04514  0.4452 0.4468 0.4474 0.406 1 0.4519  0.4462 0.4494
D12 0.4506 04787  0.4265 0.4869 0.0774 0.2763 0.4706  0.5063 0.4741
DI13 0.8942 0.8940  0.8870 0.902 1 0.8754 0.9118 0.9280  0.9140 0.9210
D14 0.4506 04711  0.4496 04765 0.4257 0.3377 0.4779  0.4746 0.469 1

FRIE 0.5086 0.5199  0.5022 0.5222 0.4725 0.4693 05239  0.5311 0.5346

FHHES 5.80 453 7.20 4.53 6.67 7.87 3.40 2.67 2.27

T MU IR EE R, BRE AR ES R

& 5 MLNNDG 5B EXt b 77 %% ECC E£# Macro-AUCPR
Table 5 Comparison of Macro-AUCPR between MLNNDG and competing methods on ECC

i DEFAULT MLROS MLRUS MLSMOTE MLTL RHwWRSMT MLSOL MLONC MLNNDG
DIl 0.8329 0.8415  0.8282 0.8637 0.8346 0.8369 0.8577  0.8520 0.8798
D2 0.3796 04143 03887 0.3887 0.3636 0.4256 0.4041 04336 0.4429
D3 0.5459 0.5331  0.5311 0.5804 0.5734 0.5315 0.5437  0.5398 0.5662
D4 0.1928 0.1991  0.1933 0.1952 0.1965 0.176 1 0.1993 02012 0.2042
D5 0.6925 0.6793  0.6812 0.686 1 0.6931 0.6304 0.6888  0.6968 0.6868
D6 0.2644 02775 02472 0.2857 0.2340 0.2167 02876  0.2889 0.2982
D7 0.5433 0.5515  0.5407 0.5335 0.5434 0.4844 0.5479  0.5496 0.5500
D8 0.1563 0.2028  0.1537 0.1837 0.1354 0.1173 0.1880  0.2163 0.2293
D9 0.5584 0.5832  0.5582 0.5916 0.5189 0.5491 0.5802  0.6005 0.5984
D10 0.7117 0.7005  0.7008 0.690 1 0.6960 0.6696 0.7095  0.7160 0.7154
D11 0.4469 04514  0.4452 0.4468 0.4474 0.406 1 0.4519  0.4462 0.4494
D12 0.4506 04787  0.4265 0.4869 0.0774 0.2763 0.4706  0.5063 0.4741
D13 0.8942 0.8940  0.8870 0.902 1 0.8754 0.9118 0.9280  0.9140 0.9210
D14 0.4506 04711  0.4496 04765 0.4257 0.3377 0.4779  0.4746 0.469 1

RRfIEN 0.5086 0.5199  0.5022 0.5222 0.4725 0.4693 0.5239  0.5311 0.5346

PR 5.80 4.53 7.20 4.53 6.67 7.87 3.40 2.67 2.27

TE: IR RS R, Bk ias
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Table 6 Mean performance metrics of MLNNDG and competing methods on six classifiers
srdds PEfEFSPR DEFAULT MLROS MLRUS MLSMOTE MLTL RHWRSMT MLSOL MLONC MLNNDG
Macro-F1 0.4355 0.4536 0.4337 04610  0.4092 03061 0.4663  0.4695 0.4808
BR Macro-AUC 0.6674 0.6703  0.6669 0.6723 0.6463  0.6370 0.6833  0.6804 0.6863
Macro-AUCPR  0.4237 0.4292 0.4196 0.4338 0.3949  0.3852 0.4381 0.4402 0.4432
Macro-F1 0.4425 0.4567 0.4362 0.4639 04167  0.3254 0.4634 0.4662 0.4787
cC Macro-AUC 0.6650 0.6712  0.6664 0.6716  0.6487  0.6260 0.6833  0.6748 0.6873
Macro-AUCPR ~ 0.4225 0.4303  0.4207 0.4338 03951  0.3807 0.4370 0.4354 0.4411
Macro-F1 0.3475 0.3919 0.3421 0.4079 0.3499  0.2467 0.4299  0.4202 0.4394
MLKNN  Macro-AUC 0.7278 0.7306 0.7276 0.7325 07117  0.7138 0.7363  0.7360 0.7407
Macro-AUCPR  0.4715 0.4798  0.4697 0.4855 0.4520  0.4556 0.4852 0.4851 0.4941
Macro-F1 0.443 1 0.4556  0.4352 0.4619 0.4068  0.3138 0.4696 0.4702 0.4821
CLR Macro-AUC 0.7558 0.7580 0.7544 0.7603 0.7168  0.7420 0.7646 0.7644 0.7705
Macro-AUCPR  0.5097 0.5138 0.5038 0.5150 04577  0.5085 0.5160 0.5203 0.5233
Macro-F1 0.4419 0.4502 0.4403 0.4515 04146  0.3944 0.4624 0.4632 0.4665
HOMER  Macro-AUC 0.6485 0.6572  0.6591 0.6547 0.6418  0.6416 0.6647 0.6674 0.6734
Macro-AUCPR  0.4111 0.4168 0.4133 04165 03916 0.4112 0.4246 0.4260 0.4288
Macro-F1 0.4454 0.4594  0.4479 0.4727 0.4277  0.3231 0.4825 0.4775 0.4974
ECC Macro-AUC 0.7393 0.7443  0.7387 0.7486  0.7124  0.6965 0.7554  0.7591 0.7622
Macro-AUCPR  0.5086 0.5199 0.5022 0.5222 04725  0.4693 0.5239 0.5311 0.5346
TE: IR A
N T IR ANF DA R R IR A SS EAEAE REY

Wy £, ST MLCIO(a novel ensemble oversam-
pling approach based Chebyshev inequality for imbal-
anced multi-label data)®® Hr {4 S 56 7 15, B e d 45
RIYAEBE ] 1, IRPLE R AE R E N 0.7,
DLIG UE 2% 92 9 7 L mY PR RE, ) 4n & 7 ML-
NNDG 7t Macro-F1 FitF5 458 58.5=41x1+
25x0.7, £ 7 45 T AT AR BUGE DL R R/
UAEABO LHG, W LA s R 057 V5 7R T A VEA 4R
b B XIRBURAE, Toil 2 e A 45 SR i

Ryt — 25 % F R PR RE, AR SCORE 8 AP L
B4y W5 MLNNDG 76 A [A] 20 25 4% b kAT
Wilcoxon 755 B A& 5, & 2 1 /K S 2E B R 0.05,
R/ M EFITIEN T YHEA, DL S H A Ty
X E, 7E 3 AN PEAFE AR B B 3 B/ B, S
45 R B, MLNNDG 7E Jr A PF 48 A5 Hh £ 5L
i A HEA, IF BT e HAh B vk, A Bk
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Table 7 Comparison of ranking weights and best/second-best counts across sampling methods

b DEFAULT MLROS MLRUS MLSMOTE MLTL RHwWRSMT MLSOL  MLONC MLNNDG
Macro-F1 0.7(0/1) 5.2(1/6) 0.0(0/0) 153(9/9) 1.0(1/0) 2.0(2/0) 29.6(17/18) 30.5(13/25) 58.5(41/25)
Macro-AUC 4.1 (2/3)  4.1(2/3) 3.1(1/3) 14.0(7/10) 2.4(12) 7.5(4/5) 30.6(18/18) 25.7(11/21) 53.4 (38/22)

Macro-AUCPR 2.7 (2/1) 5.1 (1/6) 3.4(2/2) 17.0 (10/10) 4.5(1/5) 13.0(13/0) 25.1(16/13) 32.1(16/23) 41.8 (25/24)

T MU R 2
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Table 8 Rankings of sampling methods and number of significant wins/losses in pairwise Wilcoxon Signed-Rank tests

Eita8 53%# DEFAULT MLROS MLRUS MLSMOTE MLTL RHwRSMT MLSOL MLONC MLNNDG
BR  647(1/5) 4.60(4/3) 7.07(1/5) 4.00(4/1) 7.47(1/6) 8.20(0/8) 2.93(5/1) 2.73(5/1) 1.40(8/0)
CC  5.93(2/5) 420(4/1) 6.73(1/5) 3.60(4/1) 7.33(1/6) 8.93(0/8) 3.47(4/1) 3.07(4/1) 1.60(8/0)
Macro-F1 ~ MLKNN  6.67(1/5) 4.67(4/3) 7.33(1/5) 3.93(42) 6.80(1/5) 8.27(0/8) 2.33(6/0) 2.93(5/0) 2.07(6/0)
CLR  6.40(2/5) 4.73(4/3) 6.87(1/5) 4.20(4/1) 7.40(1/6) 7.87(0/8) 2.87(5/0) 2.80(5/1) 1.80(7/0)
HOMER 6.20(1/3) 5.13(3/3) 6.27(1/4) 4.402/1) 7.13(0/5) 7.80(0/7) 3.07(5/0) 2.80(5/0) 2.13(6/0)
ECCRU  6.87(1/5) 527(3/4) 627(1/5) 3.80(5/2) 6.53(1/4) 8.67(0/8) 2.27(6/0) 3.53(5/1) 1.80(7/0)

SEEICEVRD 6.42(8/28) 4.77(22/17) 6.76(6/29) 3.99(23/8) 7.11(5/32) 8.29(0/47) 2.82(31/2) 2.98(29/4) 1.80(42/0)

BR  6.002/3) 5.33(2/3) 5.80(2/3)

CC  6.002/5) 4.73(3/2) 5.87(1/2)

Macro-AUC ~ MLKNN  5.07(1/1)  5.20(2/1) 5.93(1/2)

CLR  5.40(1/3) 4.732/2) 5.80(1/3)

HOMER  6.53(0/5) 5.13(3/2) 4.93(2/3)

ECCRU  6.002/3) 5.53(2/3) 6.27(2/3)

4.60(2/2)
4.53(3/2)
4.13(2/1)
5.13(1/1)
5.33(0/2)
4.87(2/3)

7.47(0/7)  7.40(0/7) 2.87(6/0) 3.73(5/1) 1.67(7/0)

7.53(0/6) 7.40(0/7) 2.47(6/0) 4.27(3/1) 1.87(7/0)

7.27(0/7)  7.000/4) 4.07(2/0) 3.47(3/0) 2.60(6/0)

8.00(0/7) 6.53(0/4) 3.60(4/0) 3.20(5/0) 2.40(6/0)

6.80(0/4) 7.20(0/5) 3.60(4/0) 3.13(6/0) 2.20(6/0)

7.27(0/7)  8.13(0/7) 2.80(6/0) 2.27(6/0) 1.87(6/0)

SEEJCEVRD 5.83(8/20) 5.11(14/13) 5.77(9/16) 4.77(10/11) 7.39(0/38) 7.28(0/34) 3.24(28/0) 3.35(28/2) 2.10(38/0)

BR  6.002/4) 5.07(4/3) 6.60(0/5)

CC  6.13(2/4) 4.47(4/1) 6.13(2/5)

Macro-AUCPR MLKNN  5.13(2/1)  5.07(2/1) 6.00(0/3)

CLR  6.07(1/3) 5.00(1/2) 6.40(0/3)

HOMER  6.07(0/3) 4.53(1/2) 5.60(0/3)

ECCRU  5.80(2/4) 4.53(3/2) 7.20(1/6)

4.33(3/0)
4.00(4/0)
4.67(3/1)
4.93(1/0)
5.00(1/1)
4.53(4/1)

7.27(0/6)  7.20(0/6) 3.13(5/0) 2.73(5/0) 2.53(5/0)

7.80(0/7) 6.87(0/7) 3.20(4/0) 3.93(3/0) 2.33(5/0)

6.93(0/6) 7.60(0/6) 3.80(2/0) 3.13(3/0) 2.40(6/0)

7.40(0/6) 5.33(0/0) 3.93(3/0) 3.07(4/0) 2.73(4/0)

7.53(0/5)  6.67(0/1) 4.00(3/0) 3.27(4/0) 2.20(6/0)

6.67(0/5)  7.87(0/7) 3.40(4/1) 2.67(5/0) 2.27(7/0)

FHICEFD) 5.87(9/19) 4.78(15/11) 6.32(3/25) 4.58(16/3) 7.27(0/35) 6.92(0/27) 3.58(21/0) 3.13(14/0) 2.40(33/0)
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AR, AT T IR, B KLU k.

A: FEMETT IR (AT R SRR AL ).

B: AN ] H SR ABIR, {8 H] KNN(k = 5) i #2 )7
E R

C: ANHEARRIE, BEALE R BV EAS A T 6 Ao

D: AN G IR, SR 4% SRS 7 BeAn 45

E: 523 J7 7% (MLNNDG),

FOHM T K IIRAE 6 DI RARF 144>
P54 I Macro-F1, Macro-AUC. Macro-AUC-
PR 3 HES o SEZs R, 28k EAET
AP e bn LIS L HEA , X R T
MLNNDG i i & 3 R G, ARURE T R4
B E . BRI F, kB 5 E L,

Xt EE R, [ AR 483U vE AR LE T 18 AT 48 {EL Y
KNN 75 3%, BB 1 385 17 18 2 4038, AT 5 9t
MR EE . R, EfETAfsbs BRI T
C M D BYEER, X — S5 A FUESE 1T AR ST 2
181 TR 25 A AL 1) B AR AS e AL 1l A T 5
TIAEERY [ A 2 3 T S W ) A 25 o

x9 HEMXEERTHHARTLL
Table 9 Average ranking comparison of ablation study
results
EEEL A B C D E
Macro-F1 4.75 2.93 2.08 3.18 2.05
Macro-AUC 429 293 2.45 3.09 214

Macro-AUCPR 434 268 269 299 2.26

T LR R S

3.6 SESH
A E ST MLNNDG 8 i R ke R
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%34

p AR 7 ) 5 O X6 4SS 7R 1 B A S I . S0
FHYEfE R LR AERY ECC 328 28 E— L TR AR IR 1)
SHURME . 7E 14 D5 % L, T Macro-AUC
T8 PR VEAL = BORURAE, E R p €(0.1,0.3,
0.5,0.7,0.9} DA 45 it /0 B R A (1) LB I RILASE 5 R 7S
TEU) (5 {1 O U] A4 B M 7 (%) A %o 48 B 3 A SRR IR B (1
FEAEAS (1 AH X 9% BE A TP B MH), B 6 = u—
ko (1 . o FeoR DB AR 5 BE 1Y) 1 (8 R0 A
%, ke{l1,2,3)).

F 10 P T AFERFE L (p) FIAS [] e 7 [

{H (6) T 19 Macro-AUC PEREZS S, BE& pry B K,
MLNNDG Y PEREZ#T b T, 22 B3 2 5 R AT fE
WA R A R, SR, Y p =090, K
ZH AR E DRI BR T IR T, X W] BE & i
T B AEA S B Al , T3 T 43
Fbene, A KEEEREREILEEZES.
— 5T, 0 =pu-3cht, BIETE 14 ML B
Macro-AUC A Bl E AL, Jauk T H W 7S A 1 A7
WME . SEAKRAE, M0=u-30, p=0.70F, N
A Macro-AUC % 5 .

£ 10 FREFHELL (p)/MEE H{E (0) X Macro-AUC 1 BE 4R A &2
Table 10 Impact of sampling ratio (p) / noise threshold () on Macro-AUC

Helise ? ’
0.1 0.3 0.5 0.9 u—73c u—20 u—ac
D1 0.9507 0.9501 0.9497 0.9453 0.9567 0.9567 0.9504 0.9420
D2 0.7923 0.7986 0.8173 0.8175 0.8273 0.8273 0.8219 0.8269
D3 0.7412 0.7640 0.7784 0.7652 0.7427 0.7784 0.7779 0.7869
D4 0.5376 0.5415 0.5430 0.5325 0.5393 0.5430 0.5433 0.5436
D5 0.8365 0.8288 0.8210 0.8310 0.8411 0.8411 0.8305 0.8356
D6 0.5524 0.5772 0.5833 0.596 0 0.5746 0.596 0 0.5948 0.5895
D7 0.7099 0.7103 0.7099 0.7078 0.7091 0.7103 0.7118 0.7165
D8 0.6084 0.6301 0.6403 0.6524 0.6454 0.6524 0.6422 0.6484
D9 0.8365 0.8613 0.8756 0.8795 0.8708 0.8795 0.8726 0.8625
D10 0.7274 0.7507 0.7499 0.7436 0.7400 0.7507 0.7429 0.7492
D11 0.6590 0.6579 0.6576 0.664 6 0.6605 0.664 6 0.6717 0.6625
D12 0.7707 0.7714 0.7818 0.7898 0.776 6 0.7898 0.7887 0.6533
D13 0.9669 0.9738 0.9718 0.9704 0.9694 0.9738 0.9742 0.9717
D14 0.6839 0.6704 0.6870 0.7068 0.7048 0.7068 0.7001 0.6992
- H1H 0.7410 0.7490 0.7548 0.7573 0.7542 0.7622 0.7588 0.749 1

TE: IRCR A LR

4 HRKiE

Bt 2 2 B0 4B T B AN P 1) 8, AR S
T — R T F AR AR AEE 5| 7 A i R T
7 (MLNNDG). i Bl SR 4Bk 4 3 10 Jey i A5
S, AT TE PO 0 R BRI A AR AR A 85 R 34 i 2>
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