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Dynamic Ensemble Stacking Broad Learning System for High-dimensional Data

YUN Fan.YU Zhiwen and YANG Kaixiang

College of Computer Science and Engineering, South China University of Technology,Guangzhou 510006, China

Abstract In high-dimensional small sample classification tasks,BLS (Broad Learning System) has garnered much attention due
to its efficiency. However. the feature extraction capability of the single-layer BLS is limited . making it difficult to handle complex
high-dimensional data. The random node generation mechanism induces node redundancy when directly stacking BLS hidden la-
yers, thereby hindering improvements in model performance. To address these issues,an ensemble stack BLS(E-SBLS) algorithm
is proposed. E-SBLS utilizes the output of the previous BLS layer as enhanced features,concatenates them with the original fea-
ture weighted by classification confidence,and sends them into the subsequent BLS to continuously enhance the feature represen-
tation capability in deeper layers. By integrating the outputs of multiple BLS layers through a meta-learner pool,the high-dimen-
sional feature extraction ability of the original single-layer BLS is augmented, thereby improving the generalization perfor-mance
of the proposed model. Furthermore, considering the complex and variable characteristics of high-dimensional data,a dynamic en-
semble framework is designed to adjust the complexity of the model dynamically based on data difficulties. The proposed method
further enhances ensemble efficiency while maintaining model performance. Ablation experiments validate the effectiveness of
each module in the proposed algorithm,and comparative experiments demonstrate the superior classification performance of the
proposed model on high-dimensional disease data.

Keywords Broad learning system,Ensemble learning,Dynamic structure, High-dimensional data, Stacking
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Fig. 4  Structure of dynamic ensemble-stack BLS
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Table 1 Datasets

AR AR % B AE 3 % 5 %
ALLAML 72 7129 2
CLLSUB 111 11340 3
GLI-85 85 22283 2
GLIOMA 50 4434 4
lung 203 3312 5
lung_small 73 325 7
orlraws10P 80 10334 10
PCMAC 1943 3289 2
pixrawl0OP 80 10000 10
ProstateGE 102 5966 2
TOX-171 171 5748 4
warpPIE10P 210 2420 10

A 528 7 CPU A 12th Gen Intel™ Core™ i5-

12400F,2496 MHz, NF£-~ 16. 0GB i+ EHL Fis 47, 1T R
A K Python 3.7, SISl A FE AR A MEBETEAN F5 45

s A
m:%ZI(Y:Y) (22)
S i=1

Hoh,s AR IC-H) BHER M, FAB RS 10 KE
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ZE [k, =[20,800 ], 2 K 3 0 1. B2 R T — WAk Rl 0 19 45
ESRMG . PR R A [ AR Oy * &y * ko).
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Table 2 Parameters setting

T Ny :

N TR T
ALLAML 2 5 39
CLLSUB 4 7 125
GLI-85 3 14 168
GLIOMA 5 2 181
lung 8 1 311
lung_small 11 2 502
orlraws10P 4 11 578
PCMAC 14 11 726
pixrawlOP 5 2 153
ProstateGE 2 6 106
TOX-171 10 14 557
warpPIE10P 9 3 118
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Table 3 Stack layer parameter experiment(test acc)
%
HAEE 1 2 3 4 5 6 7 8 9 10

CLLSUB 57.9710 60. 8693 59.4203 60. 8696 60. 8696 55.0723 73.5553 83.0435 78.2608 69.5652
lung 67.3174 75.1221 74.6343 74.1465 78.0489 73.1710 96. 3415 94.6343 90. 2439 92.6829
lungsmall 40. 0002 48.0000 41.3332 46. 6666 46.6666 55.7333 46. 6664 43.3332 93.3333 86.6667
PCMAC 86.1826 87.2428 88. 0462 87.8535 87.8536 86.3110 91.3239 89.4602 88.6889 88.9460
TOX-171 75.5102 75.9180 73.8775 80. 0000 75.5101 83.6734 76.3264 77.1428 97.1428 97.1428
warpPIE 85.7140 64.2860 64.2860 85.7140 73.8100 78.5710 71.4290 97.61905  100.0000 100. 0000
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Table 4 Ablation experiment(test acc)
%
B & BLS SBLS E-SBLS DE-SBLS
CLLSUB 60.9783 67.7019 73.2919 83.0434
lung 78.4555 80. 0002 93.0313 96.3414
lungsmall 44,5333 56.1904 80.9523 92,2222
PCMAC 85.7875 87.4357 89.1663 91.3239
TOX 65.3946 77.2449 81.6326 97.1429
warpPIE 73.8096 84.0473 97.9591 100. 0000
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Curves of running time changing with the number of stack layers
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Table 5 Experiment runtime

(s)

4,3 IFibXIe
BT HERIE S 10 Fhor JE 58k 0 AR SRR AT X B L A
BLS, % # [ 9. ¥ #F [ & Hl ( Support Vector Machine,

BA % fRERBLS  # A% MIES BLS SVMOEY K 4R BEHLEE A . GCForest™* Fl xgboost™, LI &
CLLSUB 3.9189 2.7875 B0 TR AE RO 1Y T R A 3 A R I 4 T ek 2 B 3 43 i (
fung 1.8568 1.3375 Linear Discriminant Analysis, LDA) . JG W & F& 4k J7 1% = 5
1 small 0.4190 0.3077 .. . . Y
e 43 M7 (Principal Components Analysis, PCA) Fl 4 i 77 % Ada-
PCMAC 14.2097 10. 88406 I ¥
SPEL- o XA RN 6 B 51, Br 48 53 1 76 10/12 A B
TOX-171 10.6389 9.9373 - e ok , . — e A -
PIE e | 0638 £ ERE T RMEER - FIOHEA R RN, LRI T g
warpPIE . .
A4 R BLS 5 kAR 4R RO A T 55 A ok
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Table 6 Comparative experiment(test acc)
(ZD)
HAEE ours BLS LR SVM KNN RF GCForest xgboost LDA PCA AdaSPEL
ALLAML 100. 0000 71.3333 97.7778 98.6667 83.3333 93.3333 78.2617 85.3333 93.3333 96. 6667 97.7778
CLLSUB 83.0435 60. 0000 70.4348 71.1957 54.3478 72.2826 73.9130 67.6288 69.5652 82.6087 78.2608
GLI-85 94.1176 88.5294 91.1765 83.0882 87.2549 87.3949 77.3920 82.3529 88.2352 85.2941 91.1764
GLIOMA 78.0000 38.0000 42.0000 76.2500 70.0000 72.5000 77.0000 63.7500 70.0000 75.0000 80. 0000
lung 96.3415 78.4555 94.6341 96.0976 95.6098 91.7073 94.6320 88.0488 95.1219 95.9349 95.6600
lung_small 93.3333 44,5333 91.1111 90. 0000 88.8889 82.2222 79.9996 68.0000 78.6667 93.3333 89.9999
orlraws10P 98. 7500 34.5000 97.7778 99.0000 95.5000 98.0000 96.5000 50. 0000 96. 8750 96. 2500 97.5000
PCMAC 91.3239 87.4357 90. 8740 90. 4627 70.8483 91.1311 84.3480 89.6915 73.7789 87.4036 87.9177
pixrawlOP 100. 0000 68.0000 99. 5000 97.7778 99.0000 99.5000 98.0000 66.0000 98.3333 100. 0000  100.0000
ProstateGE 94,2857 93.8094 93.3333 90. 0000 80. 0000 90.4761 77.8260 83.3333 90.4761 92.8571 93.6507
TOX-171 97. 1429 65.3946 85.7142 96. 6667 79.5238 76.6667 83.1525 64.0000 68.5714 94.2857 91.4285
warpPIE10P 100. 0000 84.0473 99.7619 99.5238 97.1428 98.0952 73.1883 69.8412 100. 0000 96.1538 98.0769
AVG 93.8615 67.8365 87.8413 90. 7274 83.4541 87.7758 82.8511 73.1650 85.2464 91.3156 91.7874
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