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Abstract: Oversampling is a commonly used method to solve the problem of imbalanced class distribution in a dataset by synthesizing new
samples of the same class. A PSON algorithm based on neighborhood concept is proposed to address the issue of imbalanced sample distribu-
tion in the dataset. This algorithm defines the influence of each minority class sample and oversamples the minority class samples based on dif-
ferent influences to obtain a balanced dataset. Classification tests were conducted on datasets obtained from 8 oversampling algorithms on 50
datasets. The Wilcoxon symbol rank test was used to compare 7 classification performance indicators, and the results showed that the use of
PSON algorithm significantly improved classification accuracy.
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Fig. 1 Unbalanced dataset distribution
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Table 1 Number of k—nearest neighbors, inverse neighbors, k—IN
neighborhoods, and IC values for each minority class sample
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Table 2 Unbalanced dataset
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Table 3 Confusion matrix for binary classification problems

RI ZHEREBWREBERE

Name Examples Features IR
cylinder—bands 271 40 1.8
tic—tac—toe 958 10 1.89
cme_0_1 962 10 1.89
breast—cancer 277 10 2.42
haberman 306 4 2.78
ecolil 336 8 3.36
hepatitis 80 20 5.15
ecoli2 336 8 5.46
ecoli 336 8 8.6
ecoli3 336 8 8.6
yeast=2_vs_4 514 9 9.08
ecoli-0-6-7_vs_3-5 222 8 9.09
ecoli-0-2-3-4_vs_5 202 8 9.1
yeast=0-3-5-9_vs_7-8 506 9 9.12
yeast—0-2-5-6_vs_3-7-8-9 1004 9 9.14
yeast—0-2-5-7-9_vs_3-6-8 1004 9 9.14
ecoli-0-1_vs_2-3-5 244 8 9.17
ecoli-0-2-6-7_vs_3-5 224 8 9.18
ecoli-0-3-4-6_vs_5 205 8 9.25
yeast-0-5-6-7-9_vs_4 528 9 9.35
ecoli-0-6-7_vs_5 220 7 10
ecoli-0-1-4-7_vs_2-3-5-6 336 8 10.59
spectrometer 531 94 10.8
glass—0—1-4-6_vs_2 205 10 11.06
glass2 214 10 11.59
us_crime 1994 101 12.29
yeast_ml8 2417 104 12.58
scene 2 407 295 12.6
cleveland—0_vs_4 177 14 12.62
libras_move 360 91 14
ecoli4 336 8 15.8
abalone9-18 731 9 16.4
solar_flare_m0O 1389 33 19.43
oil 937 50 21.85
yeast=2_vs_8 482 9 23.1
wine_quality 4898 12 25.77
yeast4 1484 9 28.1
yeast_me2 1484 9 28.1
yeast—1-2-8-9_vs_7 947 9 30.57
yeast5 1484 9 32.73
abalone-21_vs_8 581 9 40.5
yeast6 1484 9 414
mammography 11 183 7 42.01
abalone—-19_vs_10-11-12-13 1622 9 49.69
kr—vs—k-zero_vs_eight 1 460 7 53.07
poker-8-9_vs_6 1485 11 58.4
shuttle=2_vs_5 3316 10 66.67
kddcup—land_vs_satan 1610 42 75.67
kddcup-land_vs_satan 1610 42 75.67
kddcup-rootkitimap_vs_back 2225 42 100.14
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Table 4 Comparison between various algorithms and oversampling Table 5 Comparison between various algorithms and the k£ — INOS al-
algorithms without using &k — INOS gorithm
R4 BERS5REA-INOS T REEXLLR £S5 BEES5-INOSHEHLLE
Name ADA BDL-1 BDL-2 MW ROS RWO SL  SMOTE Name ADA BDL-1 BDL-2 MW ROS RWO SL SMOTE
Accuracy Accuracy
Adaboost A A A - A A A A Adaboost A A A A A A A A
S_NN A A A A A A A A 5-NN A A A A A A 4 A
RF A A A A A A A A RF A A A A A A a4 A
SVM V. oA A - A A A A SVM A A A A A A a A
DT A A A A A A a A DT A A A A A A a A
AUC AUC
Adaboost A A A A A A A A Adaboost O A A A A A A A
5NN A A A A A A A A 5-NN A A A A A A A A
RF A A A A A A A A RF A A A A A A A A
SVM A A A - A A A A SVM A A A A A A A A
DT A A A A A A A A DT A A A A A A A A
F-measure F-measure
Adaboost Adaboost
S_NN A A A A A v A A S_NN A A A A A A A A
RF A A A A A A A A RF A A A A A A A A
- : : : ; A ; : : SVM A A A A A A A A
- A A A A A A A A
Rzill A A A A A A A A RzZH A A A A A A A A
Adaboost Adaboost
SOAN v A A v A A A A SN A A A A A A A A
A A A A A A A A A A A A A A A A
RE A A A A A A A A e A A A A A A A A
SYM v A A v A A A A SYM A A A A A A A A
bt A A A A A A A A T A A A A A A A A
Precision Precision
Adaboost A A A A A A A A Adaboost =y 4 A A A A A A
SN 4 A A A A A A A SN A A A A A A A 4
RF A A A A A A A A RE A A A A A A A A
SVM Y A A A A Y A A SVM A A A A A A & A
DT A A A A A A a A T A A A A A A a A
G-mean G-mean
Adaboost — _ A AV A A A A Adaboost g4 A A A A A A
55NN A A A A A A A A SN A A A A A A A A
RF A A A A A A A A RF A A A A A A A A
SVM A A A A A A A A SVM A A A A A A A A
bT A A A A A A A A DT A A A A A A A A
Specificity Specificity
Adaboost A A A A A v A A Adaboost A A A A A A A A
5-NN A A A A A A A A 5-NN A A A A A A A A
RF A A A A A A A A RF A A A A A A A A
SVM A A A A A A A A SVM A A A A A A A A
DT A A A A A A A A DT A A A A A A A A
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Table 6 Situation of oversampling algorithm in 7
performance indicators
Fo6 WREEEETHEEERTIER

index A A - v v
Accuracy  31(77.50%)  6(15.00%) 2(5.00%) 0(0.00%) 1(2.50%)
AUC 31(77.50%)  8(20.00%) 1(2.50%) 0(0.00%) 0(0.00%)
F-measure  32(80.00%)  4(10.00%) 1(2.50%) 1(2.50%) 2(5.00%)
Recall 26(65.00%) 10(25.00%) 0(0.00%) 4(10.00%) 0(0.00%)
Precision  25(62.50%) 13(32.50%) 0(0.00%) 2(5.00%) 0(0.00%)
G-Mean  31(77.50%)  6(15.00%) 1(2.50%) 0(0.00%) 2(5.00%)
Specificity 35(87.50%)  4(10.00%)  0(0.00%) 0(0.00%) 1(2.50%)
Total 211(75.36%) 51(18.21%) 5(1.79%) 7(2.500%) 6(2.14%)

Table 7 The number of performance indicators improved after com-
bining various classifiers and oversampling algorithms
F7T BHEFMAREEZHGFERIERREANH

index ADA BDL-1 BDL-2 MW ROS RWO SL SMOTE

Adaboost 3 4 4 3 7 1 6 6
5-NN 5 7 7 7 7 5 6 7
RF 5 6 7 6 6 6 7 7
SVM 0 4 2 2 5 2 5 4
DT 7 7 7 7 7 6 7 6

INOS B8 3 76 £2 T+ 3 2R o A )[R i s 20 1 70 2645 R4
R, IR T AT AR S e U ) L

HARS 38 5 3 82 k (AR R B R U A 2 8
ke, T #E— 2L 32 T+ PSON S Oz AL RE 1 o 1l i 21 Bt
I R, PSON B3k (10 Ho Al He B 9 b SRR 2k
ARG T BUA 5T, R FRAE T ALY 8 L FI AN - iy
s AR5 73 I AR T i i I

S

[1] GUZMAN-PONCE A, SANCHEZ J S, VALDOVINOS R M, et al. DBIG-
US: a two—stage under—sampling algorithm to face the class imbalance
problem[J]. Expert Systems with Applications, 2021, 168: 114301.

[2] LIUJ. A minority oversampling approach for fault detection with heteroge-
neous imbalanced data[ ] ]. Expert Systems with Applications, 2021, 184:
115492.

[3] KHAN AT, CAO X, LIS, et al. Fraud detection in publicly traded US
firms using beetle antennae search: a machine learning approach[J]. Ex-
pert Systems with Applications, 2022, 191: 116148.

[4] PARK M S, SON H, HYUN C, et al. Explainability of machine learning
models for bankruptcy prediction [J]. IEEE Access, 2021, 9: 124887-
124899.

[5] JANSU, LEEY D, KOOIS. A distributed sensor—fault detection and di-
agnosis framework using machine learning [J]. Information Sciences,
2021, 547: 777-796.

[6] LYUXC,WANG W H, LIU H F. Cluster—wise weighted NMF for hyper-
spectral images unmixing with imbalanced data [J]. Remote Sensing ,
2021,13(2):1-19.

[7] BRUNI R, BIANCHI G. Website categorization: a formal approach and
robustness analysis in the case of E—commerce detection[J]. Expert Sys-
tems with Applications, 2020, 142: 113001.

[8] GARCIA V, SANCHEZ J S, MARQUES A I, et al. Understanding the ap-
parent superiority of over—sampling through an analysis of local informa-
tion for class—imbalanced data [J]. Expert Systems with Applications,
2020, 158: 113026.

[9] RENZJ, ZHUY S, KANG W, et al. Adaptive cost-sensitive learning:

improving the convergence of intelligent diagnosis models under imbal-

[10]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

anced datal J . Knowledge—Based Systems,2022,241: 108296.

YANG M P, WANG ZHE, LI'Y Q, et al. Gravitation balanced multiple
kernel learning for imbalanced classification [J]. Neural Computing and
Applications, 2022,34(16) : 13807-1382.
KIM J, KANG J, SOHN M, et al. Ensemble learning—based filter-cen-
tric hybrid feature selection framework for high—dimensional imbalanced
datal J]. Knowledge-Based Systems,2021,220: 106901.
YE X C, LIG M, IMAKUR A, et al. An oversampling framework for im-
balanced classification based on Laplacian eigenmaps [r]. Neurocomput-
ing ,2020,399:107-116.
CHAWLA NV, BOWYER K W, HALL LL O, et al. SMOTE: synthetic
minority over—sampling technique [J]. Journal of Artificial Intelligence
Research, 2002, 16: 321-357.
HAN H, WANG W Y, MAO B H. Borderline—SMOTE: a new over—sam-
pling method in imbalanced data sets learning[ C ]/ International Confer-
ence on Intelligent Computing, 2005: 878-887.
HE H, BAI'Y, GARCIA E A, et al. ADASYN: adaptive synthetic sam-
pling approach for imbalanced learning [C]// 2008 TEEE International
Joint Conference on Neural Networks, 2008: 1322-1328.
BUNKHUMPORNPAT C, SINAPIROMSARAN K, LURSINSAP C.
Safe-level-smote: safe-level-synthetic minority over—sampling tech-
nique for handling the class imbalanced problem [ C]// Pacific—Asia Con-
ference on Knowledge Discovery and Data Mining,2009:475-482.
TAO Y H, ZHAO S W. Improved SMOTE algorithm based on gaussian
mixture clustering for imbalanced data sets [J]. Software Guide,2022,21
(5):110-114.
AR, AR e AR A T B AR 49 SMOTE itk
k(D). BAE$), 2022,21(5):110-114.
FAN D X, YE C M. Credit unbalanced data classification based on clus-
tering oversampling algorithm [T7]. Software Guide,2021,20(11) : 70-74.
BAREE, fPAYW . BASREEIRHEIZOETRFHHES £
4§, 2021,20(11):70-74.
BATISTA G E, PRATI R C, MONARD M C. A study of the behavior of
several methods for balancing machine learning training data [J]. ACM
SIGKDD Explorations Newsletter, 2004, 6(1): 20-29.
WILSON D L. Asymptotic properties of nearest neighbor rules using edit-
ed data[ J]. IEEE Transactions on Systems, Man, and Cybernetics, 1972
(3):408-421.
TOMEK I. Two modifications of CNN [J]. TEEE Transactions on Sys-
tems, Man, and Cybernetics, 1976(11):769-772.
RIVERA W A. Noise reduction a priori synthetic over—sampling for class
imbalanced data sets[ J]. Information Sciences, 2017, 408: 146-161.
DE MORAIS R F A B, VASCONCELOS G C. Boosting the performance
of over—sampling algorithms through under—sampling the minority class
[1]. Neurocomputing, 2019, 343: 3-18.
VADAPALLI S, VALLURI S R, KARLAPALEM K. A simple yet effec-
tive data clustering algorithm [C]// 6th International Conference on Data
Mining, 2006: 1108-1112.
ZHU Q, FENG J, HUANG J. Natural neighbor: a self-adaptive neigh-
borhood method without parameter K [J]. Pattern Recognition Letters,
2016, 80: 30-36.
FERNANDEZ A, GARCIA S, DEL JESUS M J, et al. A study of the be-
haviour of linguistic fuzzy rule based classification systems in the frame-
work of imbalanced data—sets[J]. Fuzzy Sets and Systems, 2008, 159
(18): 2378-2398.
BARUA S, ISLAM M M, YAO X, et al. MWMOTE —— majority
weighted minority oversampling technique for imbalanced data set learn-
ing[J]. TEEE Transactions on Knowledge and Data Engineering, 2012,
26(2): 405-425.
ZHANG H, LI M. RWO-Sampling: a random walk over—sampling ap-
proach to imbalanced data classification [ J]. Information Fusion, 2014,
20: 99-116.
WOOLSON R F. Wilcoxon signed-rank test [M]. New Jersey: John
Wiley & Sons, 1td,2005.

(FTAE 2 41 ) 35 30)



