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Algorithm 1: Stacking Multi-layer Ensemble Models
Input: Selected Models M, Training set X, Y
Output: best layers

1 for/=1to L do
2 Randomly split data into (Xiains Yerain)s (Xvats Year)s
3 for num =1 to len(M) do
4 one_layer < M[: num);
5 Make a stacking ensemble classifier with one_layer;
6 Train the stacking ensemble classifier on Xtrqin, Yirains
7 if fl.score > best_f1 then
8 best_f1 + fl_score;
9 best_layer + one_layer:
10 end
11 else
12 | flag+=1:
13 end
14 if flag > threshold then
15 | break;
16 end
17 end
18 X « r:um:mermfe(_»‘(.)."):
19 if best_layer == best_layers then
20 | brealk:
21 end
22 best_layers + conecatenate(best_layers, best_ layer);
23 end

24 return best_layer:

(7% 2) Stacking Multi-layer Ensemble Models
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<3t 1> Summary of Train and Test sets

Class Train set Test set Total
A 6004 2573 8577
T 1017 436 1453
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(1% 3) stacking ensemble model using proposed method
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<3t 2> Performance comparison with other methods

Methods Accuracy Fl-score | ROC AUC
TPOT 0.752 0.416 0.698
(ExtraTree)
Pycaret 0.863 0.3439 0.609
(CatB, XGB, LightGBM)
Autogluon 0.867 0.3789 0.625
(WeightedEnsemble L2)
Proposed Model 0.851 0.4728 0.700
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