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1 Abstract

The idea of ensemble learning is to try to reduce the bias and/or variance of the base models in
order to reduce the generalization error of the global model. One of these methods is stacking which
consists of using a meta-model to combine the predictions of several basic models. In this study
we propose a prediction models based on ensemble learning by stacking with multi-layers which we
compare to the best-known ML methods on several datasets.

2 Introduction

In Machine learning, ensemble methods combine multiple models to obtain better predictive perfor-
mance [1]. Combining multiple models has been theoretically and experimentally shown to provide
significantly better performance than their single base learners in a predictive system [2]. There are
several techniques to construct an ensemble. They differ mainly in how the individual learners are
trained and how their predictions are combined. The most common ensemble learning methods are:
bagging, boosting and stacking. In the stacking, multiple base learners (often heterogeneous) are
combined using a meta-model to create a more accurate and robust model [3]. The meta-learner,
which is trained to predict the target variables, uses the predictions made by the base models, which
were trained on the training data as input features. In this paper a set of stacking ensemble models
with two and three layers are constructed . These stacking models are compared to the usual ma-
chine learning methods, namely: linear regression (LR), regularized regression ( Lasso, Ridge and
Elastic net), k-nearest neighbor algorithms (KNN), decision trees (DT), support vector machines
(SVM), multi-layer perceptron (MLP), and includes representatives of bagging and boosting, ran-
dom forests (RF) and the extreme gradient boosting algorithm (XGB), and in particular compare
them with each other An analysis of the performance of the different stacking models is done.

3 Methodology

Let D = {(xi, yi), i = 1, . . . , N} denote the dataset with N observations with input xi and output
yi value.

The stacking process is as follows:

• Step 1

–Given a data set D

–Given n base learners Lt , t = 1 to n

–Given a meta learner L

• step 2

– Split the data set into train and test set: D = Dtrain ∪Dtest

– perform a k-fold cross validation on Dtrain, Dtrain = D1 ∪D2 ∪ . . . ∪Dk (the same k-folds
must be used for each base learner)

• Step 3

– Train each base learner Lt on D−j = Dtrain −Dj to produce the n models ht

– For each xi ∈ Dj get the prediction: ŷit = ht(xi)

– the new data set is generated from the n learners as:

D′ = {(h1(xi), h2(xi), . . . , hn(xi), yi), i = 1, ..., N}

• Step 4

– Train the meta learner L on D′ to produce the model h

• Step 5

–Get the final prediction of the stacking ensemble model H on Dtest

H(xi) = h(h1(xi), h2(xi), . . . , hn(xi)) , xi ∈ Dtest

– Evaluate the stacked model H on Dtest by calculating the different errors and the determina-
tion coefficient

These different steps are illustrated in the following figure
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To evaluate the two proposed three-layer stacking ensemble models and compare them with each
other and with the other ML models, we used three metrics: mean absolute error (MAE), root-
mean-square error (RMSE), and R2 score.

Let DN = {(xi, yi), i = 1, . . . , N} denote the dataset with N observations with input xi and

output yi value. Let ŷi = f̂ (xi) be the estimation obtained from xi using the ML model f̂ (·):

f̂ = argminf∈FRDN
(f )

• The R2 score, also called coefficient of determination is defined as

R2 = 1−
∑N

i=1 (yi − ŷi)
2∑N

i=1 (yi − ȳ)2

The R2 corresponds to the average error of the model divided by the average error of a base
model that always predicts the average of the variable to be predicted.

• The RMSE is defined by:

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)
2.

• The MAE is the average of the absolute values of the errors, defined by the formula:

MAE =
1

N

N∑
i=1

|yi − ŷi| .

These metrics are calculated on unseen data during training.

4 Main result

The following table shows the performance measures in terms of MAE, RMSE and R2 score and
the complexity ( training time) , of the proposed stacking models and the other ML models.

Models MAE MAESD RMSE RMSESD R2 R2SD time

LR 4111 107 5933 204 0.7698 0.035 2.60
Lasso 4104 158 5935 262 0.7600 0.020 3.07
Ridge 4246 175 6022 316 0.7601 0.038 1.55
E.net 4104 184 5935 424 0.7600 0.040 1.40
KNN 3190 191 5427 427 0.7988 0.041 5.54
SVM 2500 129 4774 238 0.8448 0.018 3436
MLP 2774 251 5208 661 0.8149 0.047 53.49
DT 2716 131 4937 205 0.8365 0.021 1.53
RF 2607 111 4716 151 0.8488 0.018 23.92
XGB 2363 134 4391 198 0.8679 0.015 461.56
Stack1 2612 192 4503 333 0.8618 0.028 26.25
Stack2 2720 155 4570 304 0.8573 0.026 21.50
Stack3 2554 155 4509 352 0.8617 0.027 11.33
MLS1 2249 147 4531 631 0.8605 0.035 64.06
MLS2 2318 132 4453 131 0.8650 0.033 69.53

5 Conclusion

In this paper we propose a set of multi-layer stacking models, the proposed models are compared
to the most known ML models, the results showed that the proposed models outperform the con-
sidered ML models even other ensemble models like bagging and boosting.
We also compared the proposed models with each other and the results show an enhancement in
performance by going from 2 to 3 layers
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