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A study on optimizing sampling ratios for improved classification
results in imbalanced datasets

XU Siwei, ZHOU Ming, ZOU Rui,LIU Jihua, WU Junping, QIN Yulu

(School of Business, Hubei University, Wuhan 430062, China)

Abstract: The development in various fields is accompanied by the generation of a large amount of diverse data, often exhibiting
imbalances in sample class distribution. Previous research has primarily focused on sampling methods and classification algorithms to
address the challenges of imbalanced datasets. In the context of classifying imbalanced datasets, this study involved extracting a
validation dataset in proportion to the original distribution. The remaining data is used to construct training datasets with different
sampling ratios, applying various classification algorithms to investigate the impact of these ratios on classification outcomes.
Experimental results indicated that when the sampling ratio approaches the original distribution, classifiers demonstrate better
precision for the minority class. Conversely, when the sampling ratio approaches a balanced distribution, superior recall for the
minority class is observed. The optimal F-score value emerged between the original and balanced ratios. This study provided a
insight for diverse application requirements: original data is recommended when demanding high precision for the minority class,
while sampling to balance class distribution is suggested when prioritizing high recall for the minority class.
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F2 B REOBHE 300 : 1 B, 203K 0.941 4,
Table 2 Precision of random undersampling *4 MHEHNITEREHBEER
H 431 LR KNN DTC RFC XGBC Table 4 Recall of random undersampling
1:1 0.0706  0.1178 0.0273  0.0910  0.0667 B (7] LR KNN DTC RFC XGBC
5:1 0.2471 0.3959 0.0850 0.4655 0.3364 1:1 0.9213 0.8813 0.9067 0.9053  0.9207
10:1 0.4045 0.5852 0.1375 0.7012 0.5135 5:1 0.8787 0.8540 0.8613 0.833 0.8707
20:1  0.5793  0.7405 0.2280 0.7629  0.746 1 10:1 0.8607 0.8507 0.8480 0.8467 0.8560
30:1  0.6652 0.7624 0.2930 0.8206 0.782 1 20:1 0.8447 0.8460 0.8420 0.8447 0.8420
60:1 0.7653 0.8445 0.4204 0.8547 0.8419 30:1  0.8260 0.8360 0.8253 0.8400 0.8387
90:1 0.8246 0.8690 0.5107 0.8611 0.8617 60:1 0.8073 0.8133 0.8133 0.8340 0.8253
120:1  0.8309 0.9014 0.5650 0.8850 0.8820 9:1 0.7907 0.8087 0.8033 0.8273 0.8187
150:1 0.8444 0.9170 0.6300 0.8957 0.8951 120: 1 0.7833  0.8000 0.7940 0.8220 0.8133
200:1 0.851 0.9249 0.6674 0.9136 0.9118 150:1 0.7707 0.7947 0.7900 0.8240 0.809 3
250:1 0.8726 0.9363 0.714 1 0.9254  0.9194 200:1 0.7487 0.7920 0.766 7 0.8140  0.8060
300:1 0.8784 0.9400 0.7473 0.9345 0.9316 250:1 0.7180 0.7913 0.7727 0.8073  0.803 3
oyl 0.8873 0.9433 0.7594 0.9342 0.9375 300:1 0.7007 0.7880 0.7607  0.8033  0.8000
POyl 0.676 7 0.7867 0.7447 0.7980  0.803 3

R 2 PR AEREHLOCRAE R B AL RO 45 2R
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Table 3 Precision of SMOTE undersampling

PREIRALAE S5 LA BT R B R R B 2%

Lt f5i) LR KNN DTC RFC XGBC
1:1  0.1014 0.4583 0.3993 0.8899 0.7883
5:1 0.3174 0.5010 0.4156 0.9023 0.8390
10:1  0.4904 0.5467 0.4345  0.9006 0.873 1
20:1  0.6844 0.6016 0.4659 0.9065 0.8896
30:1  0.7497 0.6388  0.5015  0.9085  0.907 8
60:1 0.8271 0.7241 0.5849 0.9206 0.9183
90:1 0.8454 0.7877 0.6084 0.9233 0.9148
120: 1 0.8588 0.8252 0.6396 0.9247 0.9289
150:1 0.838 0.8569 0.6554 0.9279 0.9276
200:1 0.8676 0.8976 0.7071 0.9314 0.9303
250:1 0.8728 0.9254 0.7124 0.9358 0.9294
300:1 0.8779 0.9414 0.7394  0.9329  0.9340
IR 0.8873  0.9433  0.7594  0.9342  0.9375

4 R TERENLICRFE R & 43 S8R 09 R B, A
KAL) 300 5 1 2] 12 1, IR ERW T, W
e Uil if SMOTE R A% 78 2048 4 28 1) Lb 381 £y
BF, A R R IR T | 76230 I s B8 Lo g Bsf, A [l
FAXS 23 LA, 1) A 22 4 ] A SR AR R AE
300 : 1}, AR HEA 0.676 7;MAAERER N1 : 1
s, A PR E S 0.921 3,

£ 5 SMOTE RE#MZEZER
Table 5 Recall of SMOTE undersampling

# 3 7R 1E SMOTE SREEH B3 R ARG
SRR, NRFELLBI 1 2 1 5 300 « 1, K 0 AT
BT AR R T S R ) L), O B R A
FBUMAE 3 SNE R )5 i B 5 | vl fE 2

LAl LR KNN DTC RFC XGBC
1:1  0.9167 0.8400 0.7533  0.8067  0.8293
5:1  0.8627 0.8400 0.7900 0.8247  0.8267
10:1 0.8553 0.8360 0.7907 0.8187 0.8253
20:1 0.8347 0.8313 0.7807 0.8200 0.8207
30:1  0.8280 0.8307 0.7833  0.8180 0.8187
60:1 0.8067 0.8287 0.7747 0.8180 0.8173
90:1 0.7893 0.8200 0.7707 0.8107  0.8000
120:1 0.7820 0.8133 0.7593 0.8113 0.8073
150:1 0.7693 0.8053 0.7720 0.8080 0.8113
200:1 0.7493  0.7987 0.7607  0.8073 0.7980
250:1 0.7280 0.7927 0.7620  0.8027  0.8000
300:1 0.6947 0.7887  0.7533  0.7993  0.7947
YT 0.6767 0.7867  0.7447  0.7980  0.803 3

%% 5 i, 1€ SMOTE RA£H, LR . KNN , XGBC
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IR A [l HX — S50 7E DS AN BB AR bR
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[ R I ff SR AR AL RN 10 = 1, M REHLAR K
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®6 BRI F, B

Table 6 F, of random undersampling

L #il LR KNN DTC RFC XGBC
1:1 0.2595 0.3873 0.1182 0.3303 0.2476
5:1 0.5788 0.7040  0.297 3 0.7204 0.6490
10:1 0.7108 0.7802 0.4163 0.802 1 0.757 3
20:1  0.7690 0.8192 0.5341 0.8308 0.8130
30:1 0.7909 0.8147 0.6083 0.8335 0.8272
60:1 0.7978 0.8182 0.6738 0.8351 0.8256
90:1 0.7911 0.8190 0.7184 0.8353 0.8292
120: 1 0.793 1 0.8189  0.7253 0.8351 0.827 6
150:1 0.7874  0.8181 0.7442 0.8344 0.8241
200:1 0.7610 0.8157 0.7507 0.8273  0.8261
250:1 0.7468 0.8155 0.7556 0.8299  0.818 8
300: 1 0.7263 0.8129 0.7462 0.8254  0.8205
POyl 0.7088  0.8131 0.748 5 0.8226  0.8267

%6 Jin AERHLCR AR F, (R IR
B, 255 NG R A [0 R, LR SRR
FELLAGI S 90 « 1 B 3k B d5 i, B S | K 3T 480
XGBoost 432t F, (H AL T 5 : 1 F1 120 < 1
ZIB), RSB F, {EAE 250 © 1 BhA SRR,
%7 SMOTE %¥H F, &
Table 7 F, of SMOTE undersampling

Lt f51) LR KNN DTC RFC XGBC
1:1 03513 0.7180 0.6357 0.8199 0.8223
5:1  0.6403 0.7363 0.6590 0.8368 0.8253
10:1  0.7444 0.7579 0.6734 0.8347 0.8322
20:1  0.7972  0.7735  0.6936  0.8344  0.8312
30:1  0.8092 0.7819 0.6902 0.8356 0.8314
60:1 0.8104 0.8033 0.7106 0.8343 0.8300
90:1 0.8008 0.8130 0.7214 0.8312 0.8245
120:1 0.7963 0.8203 0.7421 0.8319 0.8268
150:1 0.7860 0.8159 0.7434 0.8307 0.8282
200:1 0.7717 0.8162 0.7373 0.8286 0.8209
250:1 0.7456 0.8167 0.7547 0.8268  0.8251
300: 1 0.7264  0.8134  0.7515 0.8228  0.8172
I 0.7088  0.8131  0.7485 0.8226  0.8267

7 Wi, € SMOTE SRR F, (HZR I HAHL
R 285 S | U0 A SRR LU 81X 43 28 45 A Wk 25 R ), 7
BN B BTG O T, 75 B R 1) 2R A H A
PEATEEANTIE , LA 2 S A ISR AR EAA], DT 3145 e
e F2 A8,

4 HRIE

B X AN 80 1) 53 28 TR) R, AR SCMCRAE A
[] L B HEATAR R PR A P-4 A B 2 B B AN [
FRSRAE LL A, DX 2 R RCR R . WF9E B, A
() SR AL LU0 3 2R G5 AR I, i T REAL R
FEF SMOTE SRAE 4 73 28 8 TE RS T R B9 R B
RAT LU BT A A1), D R il 38 3 B
TEA IR AR I | SRAE LA B2 30 P A5 L 51, 7D
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