545 4 T NN S O S ) 2024 47 8
Vol.54  No.4 JOURNAL OF SHANDONG UNIVERSITY ( ENGINEERING SCIENCE) Aug. 2024

X EHES:1672-3961 (2024 ) 04-0059-08

H A FEHBEENRABDEERFEIREE

Gk’ ', 2 FAK ke
(1.PLMRE KA LR, BV P22 710121 2. BEPi 4 ML B8 a0 58 GEAL PRI S 5000 %=, BRVE PH4&¢ 710121)

DOI:10.6040/j.issn.1672-3961.0.2023.116

TEE A AR R AR AR AR TR0 9P AT B 3 it — AP A TR AB RN EERF I F A, K
T #THHF RAAE B L 5 R BRAF AR TN R, A RB R EGNETE, ARBERIN %S RE, ETEASEEL
BB e LB R B AR ARRIBTAER AL SRR E, B LR ZN S XS AR RS ERHE
A2 Rk 1, BTeG R AL A T TR A T AT 0 B B 3 A B ROR AR AR 0 AR R AT AR A RAE M 2 o R AR 0 Fel, BT
18 28/ R R HE 5 F 2 28 R AV RCHE G 0 2 e iR B RO 0% S vk BT AL SR P i R o R LR PR
KB R RAR ERTA R TER T BT T AT IES £
HES 25 TP391 MERAREAD A
SRS Ak AR, TN 45, AT AR B B T e S R [T ] AR RS2 4 (T2 ,2024,54(4) £59-66.
BAI Lin, JU Tong, WAND Hao, et al. Boosted equalization ensemble learning algorithm for imbalanced data[ J]. Journal of Shandong
University ( Engineering Science) , 2024, 54(4) :59-66.

Boosted equalization ensemble learning algorithm for imbalanced data
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Abstract: In order to effectively solve the pseudo-balancing problem of the under-sampling technique in dealing with imbalanced
data, a boosted equalization ensemble learning algorithm based on under-sampling was proposed. A new equalization sampling
mechanism was used to train the classifier iteratively by coordinating the prediction probabilities of the data through the binning
operation, so a high-quality training subset could be generated. Based on the false-positive and false-negative rates of the base
classifiers on the original data, weights were assigned adaptively to them during the iterative process, so as to avoid poorly
performing classifiers from influencing the overall decision and to improve the generalization ability of the ensemble model. The new
algorithm was able to increase the recognition of majority class samples while eliminating pseudo-balancing, thus reducing the
impact of boundary ambiguity on the classification model. Comparative experiments with 18 sets of small datasets and 2 sets of large
datasets showed that the algorithm had the advantage of dealing with imbalanced data classification problems.
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Fig.1 Decision boundary diagram
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Table 1 Details of datasets
UG/ S AP AR TSRS IERREARR FHER B/ % NRE/ % REER/ %

pima 1.87 768 500 268 8 23.13 69.40 7.46
german 2.33 1 000 700 300 20 7.33 77.00 15.67
glass0123vs456 3.20 214 163 51 9 64.71 25.49 9.80
new-thyroid2 5.14 215 180 35 5 91.43 8.57 0

yeast3 8.10 1484 1321 163 8 51.53 38.65 9.82
yeast-2_vs_4 9.08 514 463 51 8 58.82 27.45 13.73
glass4 15.46 214 201 13 9 46.15 38.46 15.38
ecoli4 15.80 336 316 20 7 75.00 20.00 5.00
shuttle-c2-vs-c4 20.50 129 123 6 9 16.67 66.67 16.67
glass5 22.78 214 205 9 44.44 33.33 22.22
winequality-white-9_vs_4 32.60 168 163 11 0 60.00 40.00
yeast5 32.73 1484 1 440 44 8 36.36 61.36 2.27
ecoli-0-1-3-7_vs_2-6 39.14 281 274 7 7 71.43 0 28.57
page-blocks1v5 42.72 5028 4913 115 10 24.35 55.65 20.00
winequality-white-3_vs_7 44.00 900 880 20 11 5.00 15.00 80.00
yeast8 73.20 1484 1 464 20 8 0 35.00 65.00
poker-8-9_vs_5 82.00 2 075 2 050 25 10 0 36.00 64.00
poker-8_vs_6 85.88 1477 1 460 17 10 0 29.41 70.59
creditcard 577.87 284 806 284 314 492 29 64.84 16.67 18.50
dos_vs_r21 3448.82 3 884 495 3 883 369 1126 41 94.67 3.82 1.51
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Table 2 Comparison of F, values for small datasets

Heli e i
AdaOBU  BoostOBU SBag HUE SPE EASE BoostEASE
ecoli-0-1-3-7_vs_2-6 32.24(4)  45.20(2)  61.33(1)  16.91(7)  32.09(5)  22.04(6) 42.88(3)
ecoli4 41.81(7)  58.25(6)  80.21(1)  63.30(5)  77.19(4)  77.96(3) 78.69(2)
german 47.97(6)  46.18(7)  51.83(5)  61.72(1)  58.67(2)  57.28(4) 58.55(3)
glass0123vs456 77.07(7)  80.29(6)  87.55(2)  87.65(1)  84.03(5)  86.60(4) 86.94(3)
glass4 53.06(7)  59.86(6)  64.28(4)  60.91(5)  77.35(2)  72.13(3) 77.85(1)
glass5 4472(6)  78.93(2)  69.01(4)  42.11(7)  77.82(3)  79.35(1) 66.81(5)
new-thyroid2 71.10(7)  83.04(6)  92.38(4)  88.02(5)  93.68(1)  92.75(2) 92.74(3)
page-blocks1v5 35.56(7)  38.89(5)  66.53(4)  38.70(6)  65.94(2)  66.89(3) 69.39(1)
pima 55.06(7)  55.44(6)  63.18(5)  68.20(1)  64.99(2)  64.75(3) 63.95(4)
poker-8-9_vs_5 5.36(5) 6.88(3) 0.67(7) 4.48(6) 7.47(2) 6.64(4) 14.20(1)
poker-8_vs_6 3.29(7)  10.43(3)  14.60(2) 3.50(6) 7.47(4) 5.45(5) 24.01(1)
shuttle-c2-vs-c4 85.70(7)  89.29(5)  86.00(6)  99.33(1)  92.00(3)  90.00(4) 98.00(2)
winequality-white-3_vs_7 7.55(6)  16.29(4) 0(7) 14.07(5)  20.45(2)  20.25(3) 45.03(1)
winequality-white-9_vs_4 11.00(7)  29.81(4)  37.00(3) 16.46(6)  41.38(1)  17.59(5) 40.24(2)
yeast-2_vs_4 56.24(7)  67.98(6)  74.31(3)  72.16(5)  74.46(2)  72.68(4) 76.59(1)
yeast3 55.15(7)  55.72(6)  77.33(1)  76.28(2)  76.06(3)  74.04(5) 74.56(4)
yeast5 53.46(6)  66.03(5)  70.17(4)  51.87(7)  74.44(3)  74.92(2) 76.52(1)
yeast8 9.90(5)  10.35(4)  58.47(1) 7.10(7) 11.21(3) 9.00(6) 23.24(2)
BT 6.39 4.78 3.56 4.61 2.72 3.72 2.22
T4 41.46 49.94 58.60 48.49 57.59 55.02 61.68
RS R BUE RN Z AR B T AR BT,
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Table 3 Comparison of the average results of G, for small datasets
Gmcan
SN
AdaOBU  BoostOBU SBag HUE SPE EASE BoostEASE
R 6.28 5.56 5.44 1.61 2.67 3.11 3.11
53 % 69.16 70.98 65.73 83.58 82.31 81.76 80.59
Fa4 PEEIRLE AT E
Table 4 Comparison of A . for small datasets
Bl Aue
AdaOBU  BoostOBU SBag HUE SPE EASE BoostEASE
ecoli-0-1-3-7_vs_2-6 79.52(7)  83.05(6)  88.96(5)  96.46(1)  92.82(4)  94.86(3) 95.29(2)
ecoli4 78.64(7)  84.27(6)  96.59(5)  99.00(1)  98.00(4)  98.57(2) 98.30(3)
german 58.38(6)  55.70(7)  76.72(4)  771.59(1)  77.45(3)  76.60(5) 77.47(2)
glass0123vs456 87.98(7)  89.07(6)  97.38(2)  95.95(5)  96.80(3)  96.54(4) 97.67(1)
glass4 80.62(6)  80.20(7)  94.24(5)  97.73(4)  98.23(3)  98.27(2) 98.63(1)
glass5 74.10(7)  90.87(6)  99.17(4)  99.67(1)  99.18(3)  99.51(2) 98.83(5)
new-thyroid2 88.50(7)  93.78(6)  99.36(4)  99.38(3)  99.72(1)  99.71(2) 99.21(5)
page-blocks1v5 73.31(7)  75.26(6)  97.62(5)  98.87(1)  98.87(1)  98.78(3) 98.31(4)
pima 60.80(7)  61.16(6)  81.08(1)  79.23(5)  80.65(2)  79.70(3) 79.34(4)
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R4A(2E)
S AUC
iR AdaOBU  BoostOBU SBag HUE SPE EASE BoostEASE
poker-8-9_vs_5 61.05(6)  59.57(7)  76.54(4)  70.63(5)  80.08(2)  79.45(3) 84.31(1)
poker-8_vs_6 58.73(7)  62.72(6)  97.76(1)  7T2.74(5)  81.72(4)  82.95(3) 86.50(2)
shuttle-c2-vs-c4 94.64(7)  95.92(6) 100.00(1) 100.00(1) 100.00(1) 100.00(1)  100.00(1)
winequality-white-3_vs_7 62.63(6)  61.89(7)  84.84(5)  86.06(4)  86.84(2)  87.00(1) 86.34(3)
winequality-white-9_vs_4 61.12(7)  72.21(6)  89.73(4)  92.64(2)  95.03(1)  90.30(3) 89.30(5)
yeast-2_vs_4 84.79(7)  87.67(6)  98.08(2)  97.76(3)  97.71(4)  97.67(5) 98.18(1)
yeast3 83.26(7)  83.54(6)  96.47(4)  96.67(1)  96.50(2)  95.97(5)  96.48(3)
yeasts 88.04(7)  89.84(6)  97.13(5)  98.89(2)  98.58(4)  98.68(3)  99.15(1)
yeast8 71.92(6)  68.22(7)  79.22(4)  84.17(1)  81.00(2)  80.17(3) 78.60(5)
FBIRT 6.72 6.28 3.61 2.56 2.56 2.94 2.78
P ER 74.89 77.50 91.72 91.30 92.18 91.93 92.33
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Table 5 Comparison

K1 G, T8 b5 5 EASE J7 15 +5°F, HUE 4 figad
&, JRIR#E T HUE MR T K2 HIME B ;dos_vs_121
Bl £ BA w4 S0 H AR Y FE
BoostEASE R A S BZE R
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of large datasets

. HUE SPE

F] {E mean AUC Fl {E mean AUC
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