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( Adaboost based on Diversity)
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DS-Adaboost ( Ada-—
boost based on Dynamic Selection)
DDS-Adaboost ( Ad-

aboost based on Diversity and Dynamic Selection)
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1 DDS-Adaboost
Fig. 1 Framework of DDS-Adaboost

1

2 Table 1 Dataset information
1 Airfoil 1503 5
Adaboost 2 BostonHousing 506 13
SDDP 3 ENB 768 8
; 4 Valuation 414 6
5 Machine 209 7
: 6 No2 500 7
WTI 7 Slump 103 9
8 Toxicity 908 6
DDS-Adaboost 9 WTI 363 198
8 U-
niversity of California Irvine ( UCI) BP ( BPNN)
WTI 20
8:2 80%
1 20%
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DDS-Adaboost
2.1 DS-Adaboost ~ Adaboost
Adaboost 68. 08% ; DDS-Adaboost
SDDP D-Adaboost 62.75% .
Adaboost DDS-Ad-
aboost D-Adaboost DS-
dp Adaboost
2 SDDP
2 Adaboost
Table 2 Diversity of Adaboost base models
D- DS- DDS-
Adaboost Adaboost Adaboost Adaboost
) ) ) 2.2
Airfoil 0.64 0.88 0.36 0.43 3
Boston
o 10.23 10.90 3.67 3.79 ( RMSE) . ( MAE)
ousing
( MAPE)
ENB 2.76 36. 10 0.73 5.20
9 Adaboost
Valuation| 6.43 7.15 2.23 3.68
BPNN MAPE
Machine | 14.31 6.92 3.03 7.53
20.78% .
No2 1.70 3.45 0.50 1.47
Adaboost
Slump 4.24 1.84 2.06 2.13
Toxicity 2.82 3.98 0.71 1.80
Adaboost D-Adaboost
WTI 1.39 1.46 0.97 1.02
Average | 4.95 8.08 1.58 3.01
9 MAPE
Adaboost D-Adaboost+ DS-Ada— 18.41%. DS-Adaboost
boost  DDS-Adaboost ENB
SDDP 8 MAPE
D-Adaboost Adaboost 3.40%. DDS-Adaboost Ad-
63.23% ; DDS-Adaboost ~ DS-Adaboost aboost DDS-Adaboost
90.51%. Adaboost : RMSE 14. 76%
D-Adaboost Machine Slump MAE 18. 54% MAPE
25.44% . Adaboost
DS-Adaboost DDS-Ada— SDDP
boost

Adaboost

D-Adaboost 7
DS-Adaboost.
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3
Table 3 Prediction performance of each ensemble strategy
Airfoil BH ENB Valuation Machine No2 Slump Toxicity WTI
RMSE 5.64 4.25 2.55 8.06 51.36 0.55 3.84 0.94 9.85
BPNN MAE 4.48 3.29 2.07 5.89 29.24 0.42 2.90 0.72 8.20
MAPE 3.58 24.47 | 9.78 15.12 28.71 13.91 7.65 21.28 10.30
RMSE 4.80 3.51 2.21 7.10 37.51 0.52 2.43 0.82 8.84
Adaboost MAE 3.79 2.72 1.63 5.36 17.83 0.39 1.93 0.61 7.19
MAPE 2.97 18.51 6.85 14.65 14.99 12.81 5.25 17.94 9.29
RMSE 4.70 3.40 2.49 7.11 37.47 0.52 2.53 0.81 8.32
DS-Adaboost MAE 3.78 2.75 1.76 5.15 17.56 0.39 2.01 0.60 6.84
MAPE 2.96 15.26 | 7.37 13.67 14.25 12.78 5.22 17.77 8.63
RMSE 4.63 3.36 1.76 7.12 36.79 0.51 2.35 0.82 7.86
D-Adaboost MAE 3.63 2.70 0.92 5.17 14.57 0.39 1.70 0.59 6.07
MAPE 2.84 14.65 3.76 13.86 7.38 12.61 4.14 17.11 8.19
RMSE 4.38 3.39 1.40 6.60 29.69 0.52 1.74 0.82 7.99
Median MAE 3.39 2.48 1.00 4.90 15.29 0.40 1.39 0.59 6.44
MAPE 2.65 16.39 | 3.71 13.45 7.39 11.92 4.17 17.19 8.49
RMSE 4.37 3.43 1.46 6.97 29.61 0.51 1.68 0.82 8.35
Average MAE 3.35 2.60 0.98 4.97 14.88 0.40 1.30 0.59 6.74
MAPE 2.63 19.75 3.81 13.44 7.04 11.87 3.88 17.17 8.57
RMSE 4.37 3.35 1.61 6.99 28.49 0.51 1.47 0.78 7.05
DDS-Adaboost MAE 3.34 2.36 0.88 5.19 13.25 0.38 1.29 0.57 5.42
MAPE 2.61 13.03 3.64 13.37 6.76 11.71 3.33 16.52 7.09
DDS-Adaboost ( Me- -
dian) . ( Average) .
WTI
2.3 — WTI TABU
31
WTI N
WTI 30 363 N
198 N N N
Wang+ Zhao " ** N N
DDS-Adaboost
50 2
; DDS-Ada-

boost
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2.3.2

2.3.1

Diff
Diff
3 Diff
2 WTI
Fig. 2 Prediction results of WTI crude oil prices
2 WTI
50% : Diff  2.05
3
Fig. 3 Determination of selection threshold
Adaboost 50
; 4(b) Adaboost D-
Adaboost
Adaboost . D-Adaboost
4 .
4( a) Adaboost
50

X D-Adaboost D-Adaboost
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. WTI Ada- ;
boost 50
4
Fig. 4 Relationship between the number of base models and prediction accuracy and diversity
2.3.3 MCS MCS
MCS Adaboost
D-Adaboost 50 5
p 0.05 0.1
5 MCS

SRl ES PRI

Fig. 5 MCS test results

https://www.cnki.net
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5 p 0. 05
Adaboost 3
5
P 0.1 Adaboost
41
5
DS-Adaboost p
0.05 0.1
MCS
Adaboost
P 0.0 0.1 Adaboost
DDS-Adaboost
MCS ’
p 0.05 0.1 _ 9
MCS
Adaboost
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A dynamic selection ensemble forecasting method based on diversity—regular—
ized Adaboost
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1. Academy of Mathematics and Systems Science Chinese Academy of Sciences Beijing 100190 China;
2. School of Economics and Management University of Chinese Academy of Sciences Beijing 100190 China

Abstract: The interplay between model diversity and predictive accuracy in ensemble forecasting represents a
pivotal area of current research focus. Addressing the prevalent challenges of overfitting and suboptimal predic—
tive accuracy in ensemble forecasting this study proposes a two-stage dynamic selection ensemble strategy
predicated on diversity regularization. In the first stage a novel ensemble forecasting diversity regularization
strategy is devised by instituting a loss function that judiciously balances diversity against predictive accuracy.

The second stage introduces a dynamic selection ensemble methodology capable of proficiently identifying can—
didate predictive models that adeptly reconcile diversity with predictive accuracy. Experimental outcomes de—
rived from publicly available datasets attest to the proposed two-stage selection ensemble strategy’ s efficacy in
notably enhancing predictive accuracy while concurrently bolstering model diversity. This dual advancement
substantially elevates the ensemble forecasting model’ s generalization capacity and reduces predictive errors.

Key words: diversity regularization; dynamic selection; Adaboost; ensemble forecasting



