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Imbalanced Data Classification Based on Ensembles;Weighted Broad
Learning System with AdaBoost

WANG Mengduo, XU Xinying, YAN Gaowei, SHI Lijuan, GUO Lei
(School of Electrical and Power Engineering, Taiyuan University of Technology, Taiyuan 030024, China)

[ Abstract] Broad Learning System (BLS) is a novel shallow network stricturéshaving advantages such as rapid training
and incremental learning. When dealing with imbalanced data, BLS eéxtracts fewer minority class features, which can reduce
the performance of the these classes. To solve this problem, thissstudy proposes an imbalanced data classification method
based on the ensemble Weighted Broad Learning System (WBLS) with AdaBoost(AdaBoost-WBLS) to improve the
recognition ability of minority classes through dynamic updating of weights, to better match the characteristics of the data.
Based on the KKT condition, the weighting optimization process of WBLS is derived theoretically to verify the inhibition
effect of the diagonal weights on BLS errors. The initialization of AdaBoost-WBLS is based on category information, which
can increase the ensemble training efficiency ofithe model. In the process of weight updating, different regularized updating
modes are adopted according to the different data categories, not only to retain the features within the classes but also to
increase the degree of distinction between the classes. In this study, many experiments are carried out on the AdaBoost-WBLS
model with the parameters of differentdata optimized in a limited range. The experimental results show that, compared with
both AdaBoost- and BLS-related models, the AdaBoost-WBLS model improves the extraction feature ability of minority
classes. On the Satimage dataset, thesG-mean of the AdaBoost-WBLS model is 4.36 percentage points higher than that of
the Weighted Minority Oversampling Deep Auto-encoder( WMODA ) model, which shows that the recognition ability of
the AdaBoost-WBLS model for imbalanced data is significantly improved.

[Key words] Broad Learning System (BLS) ; AdaBoost model; imbalanced data; Weighted Broad Learning System
(WBLS) ;ensemble learning
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5 1754 A 43 A5, Accuracy #1 N T 3.25 N H 40 4,
iX i Bl AdaBoost-WBLS #& # T 3¢ i /> K 28, 1
Boosting-WBLS 15 1 T 5¢ {42 22 %50 288 1) S A o 1 %

ke #5 £ 3 . % 4 b AdaBoost-WBLS ., Boosting-WELM
5 AdaBoost-WELM #& # 25 B2 n] DUAS 75 40 W
Wi RSB RESHG,BLS B8 B4 &/ G-

mean 55 Accuracy .

%3 Boosting K 1H X E B E §E L6 A G-mean

Table 3 G-mean of Boosting-related model ablation experiments

Boosting-WELM AdaBoost-WELM

Boosting-WBLS AdaBoost-WBLS

A L G-mean/% A L G-mean/% A N, N, G-mean/% A N, N, G-mean/%
Yeast3 20 160 92.92 28 400 84.47 27 21 60 94.37 2% 21 490 95.27
Yeast6 277 430 89.29 2 260 75.50 2% 19 140 85.99 2740 9 450 90.16
Glassl 22 250 76.81 2% 510 75.72 277 10 76.85 272 7 30 78.08
Abalonel9 271 870 77.06 22890 50.11 27 5 140 81.21 27011 460 82.86
Abalone9vs18 26 230 90.64 210 420 75.22 2721 90 90.87 277 7 70 92:18

4 Boosting K1 X AR B JE B LI A Accuracy

Table 4 Accuracy of Boosting-related model ablation experiments

Boosting-WELM AdaBoost-WELM

Boosting-WBLS AdaBoost-WBLS

FYETTE S
P L Accuracy/% A L Accuracy/% A N, N, Accuracy/% A N, N, Accuracy/%
Yeast3 2" 230 92.99 2! 350 95.22 S 70 95.94 2% 21 490 95.85
Yeast6 2727 430 89.29 2% 260 75.50 2721 490 95.08 27 9 450 93.10
Glassl 20 250 76.81 2% 510 75.72 271 9 20 80.47 2= 7 30 79.74
Abalone19 271 870 77.06 2% 890 50.11 274 20 490 85.11 270 10 460 81.86
Abalone9vs18  2° 230 90.64 21 420 75.22 278 21 90 96.03 2728 7 320 94.99

3.4.2 BLS B S5 55 iE

TE 64 A RER4E I b4 T AdaBoost-WBLS |
BLS .DDbCs-BLS %! ) G-mean 5 Accuracy, 45 2 41l
RS KA, HES K6 LIFH 5 BLSBAIA
., AdaBoost-WBLS #1411 G-mean £5 #4158 T3,
TF Yeast3 54l | AdaBoost-WBLS FE U427} 7 9.314>
B4 A 1F Vehiclel U4E4E FARF T 2381 H 0 s 5
DDbCs-BLS"' 45 74 #] It , AdaBoost-WBLS #5 %1 i)
G-mean f£ Yeastl $0 45 4E F & ) 3.67 D A 0w W E
Vehicle2 I 5 #2475 T 0.8 1 43 44 e 0T LA
SCHRE H B AN AU 5 287 T AE 45 Boosting #5 7Y J
PETF T A R AL Y SR R 17 AL RE

®S5 BLSHEMXEEHMSEIEH G-mean

Table 5 G-mean of Boosting-related model

ablation experiments %

B BLS DDbCs-BLS AdaBoost-WBLS
VehicleO 95.57 97.62 99.21
Vehiclel 84.03 85.31 86.41
Vehicle2 96.43 98.65 99.45
Vehicle3 82.61 83.52 86.97
Yeastl 75.75 77.00 80.67
Yeast3 85.96 93.03 95.27

6, BLS EH XA R Fh L0 K Accuracy
Table 6, Accuracy of Boosting-related model

ablation experiments %

LIS/ S BLS DDbCs-BLS AdaBoost-WBLS
VehicleO 97.90 98.82 98.17
Vehiclel 86.39 87.35 87.17
Vehicle2 98.29 98.65 97.42
Vehicle3 82.96 83.67 85.01
Yeastl 75.75 77.00 80.75
Yeast3 88.96 87.03 88.27

3.5 fbbLEg

1 VehicleO. Vehicle3 . Yeast3 26 3 > /r 2k 5
New-thyriod, Vehicle ,Satimage %5 3 1~ 2 /- 25 i 4E
%t It AdaBoost-WBLS 5 KMODM" | CWsRE"® |
WMODA™ | CS-DNN"" 45 7 {1 AS -1 B 4 70 2 PERE -
G-meanZ5 R UL 7 8. 277 LIE H, AdaBoost-
WBLS 1) G-mean W] i = T HoAth 4 B AL AL, 7E VehicleO
BOPE 4 -l KMODM A5 R i e 3.74 A4S H 43 450, 1
New-thyriod (4% 4 I [k CWsRF #7455 1} 3.09 4~
4y &5, 7E Satimage # 4% % I [k WMODA # AU & 1
4.36 1A 43 4., 1E Vehicle 045 4 I It CS-DNN 44 71
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Table 7 G-mean of contrast experiments %

EE] KMODM CWsRF WMODA CS-DNN AdaBoost-
WBLS
Vehicle0 95.47 96.76 95.89 97.86 99.21
Vehicle3 84.19 86.56 82.16 85.95 87.97
Yeast3 92.10 93.21 89.08 95.96 95.27
New-thyriod 98.07 96.63 94.18 98.35 100.00
Vehicle 84.61 86.15 82.54 85.73 86.97
Satimage 87.86 89.54 87.15 89.89 90.58

Accuracy 45 5414 8 i , Al LA HiAH b At 4 Ff
FEAY  AdaBoost-WBLS £ 7 [1) Accuracy 1 X 5 o £
New-thyriod £04f% % | [t WMODA #5155 1 4.65 11
4y 8,88 100%. T UL, AdaBoost-WBLS 45 #1 75 42 T
X BRI BE 7 i TR B, 5L A A v A R RS B

#=8 XfLEEIEA Accuracy

Table 8 Accuracy of contrast experiments %

CS- AdaBoost-

%ﬁ(%’}é’.‘% KMODM CWsRF WMODA DNN WBLS
VehicleO 95.47 97.38 94.96 99.05 99.17
Vehicle3 84.19 85.27 82.16 86.35 84.07
Yeast3 92.10 82.81 88.95 86.22 85.01
New-thyriod 98.07 96.91 95.35 97.45 100.00
Vehicle 84.61 87.13 83.22 87.21 89.86
Satimage 87.86 89.91 86.00 87.62 88.17
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