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ABSTRACT

Training a model to avoid overfitting and underfitting is a top priority in machine learning. Hence,
several efforts have been made in the last years to improve generalization performance in single
learning settings. However, ensemble methods such as Decorate, Rotation Forest, Bagging, and
Boosting have outperformed single learning methods. Besides, Bagging and Boosting methods
proved stronger for overfitting and underfitting problem. In this paper, we propose a novel
method by combining Bagging and Boosting ensemble methods to jointly overcome limitations
of model overfitting and underfitting more effectively.

Keywords: Underfitting, overfitting, ensemble learning, bagging, boosting.

1. INTRODUCTION

Over the years, machine learning has grown as a subfield of artificial intelligence with several
learning paradigms such as supervised, unsupervised, and reinforcement learning. Regardless
of the learning method employed to solve machine learning problems, the level of accuracy of a
learned model depends largely on how well it fits the datasets [1]. Besides, the dataset's quality
can influence the accuracy of a model. Hence, there are continuous efforts to develop robust
models that avoid overfitting and underfitting the datasets. However, the challenge of
implementing relatively good models in a single learning setting is limited since a thoroughly
developed model may still not be immune to overfitting and underfitting. The model may fit the
dataset employed to train and validate but fails to generalize to an unseen dataset. Perhaps
during training, it is important to learn in real-time when a model is performing poorly [2].

In that way, the time complexity of training and retraining machine learning models can be
reduced. To this end, the study in [3] suggested a real-time method that utilized a diagnostic
tool to provide insight into what is working or not with a learned model. But then again, a good
knowledge of model overfitting or underfitting does not automatically eradicate the issue it
presents. Although the diagnostic tool suggested above may provide insight and a practical
guide on improving the model's performance, eradicating overfitting and underfitting problems
requires robust techniques. This has been the focus of several pieces of research in machine
learning. Recent studies in [4],[5],[6] gave reasonable proved that ensemble learning methods
such as decorate [7], bagging [8], boosting [6], and random subspace [9] can surpass the
performance of single learning models to improve generalization performance.
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Therefore, Ensemble learning aims to improve the generalization performance of single-task
learning models such that multiple models are trained on a given dataset to obtain a unified
model parameter. For example, in Heterogeneous ensemble learning, each model is created
using a different algorithm on the same dataset. Illustratively, for a classification problem, one
classifier can be trained using an Artificial neural network (ANN) and another using a Bayes
network while equally using the Support vector machine (SVM) to train another base classifier.
Then, the final model becomes an aggregate of several base classifiers, which may be done
through stacking, cascading, simple majority voting averaging, and weighted averaging.
Similarly, in Homogeneous ensemble learning, such as Bagging and Boosting methods, each
base model is trained using the same algorithm on a different subset of the data.

More precisely, Bagging applies a combination of bootstrap and aggregation to train each base
classifier in parallel. Whereas, for Boosting methods such as AdaBoost and Gradient Boosting,
each base model is trained sequentially and the subsequent models are focused on the error
made by the previous one. Even so, Bagging and Boosting methods are robust in solving
overfitting and underfitting problems. For this reason, in this paper, a method for jointly
overcoming overfitting and underfitting problems is proposed by combining Bagging and
Boosting ensemble methods. First, we provide a brief review of related works in section 2. Then,
we formulate the proposed model in section 3. Next, we discuss the benefit of combining
Bagging and Boosting methods in section 4. Finally, section 5 presents the conclusion of this
paper.

2. RELATED WORKS

Although several efforts are being made to improve information discovery using traditional
machine learning methods, certain performance problems may arise in complex machine
learning systems due to large dimensional or noisy datasets utilized to train them. These large
dimensional datasets contain several sets of features that may be noisy and may cause the
model to perform woefully in extreme extrapolation. The above could be attributed to the lapses
in the traditional machine learning method occasioned by its inability to capture complementary
knowledge in the original data structure. As a result, it is necessary to provide a method that
enhances knowledge discovery through complementary efforts. One research area that has
continued to receive immense interest is ensemble learning. It provides an opportunity to
explore complementary efforts required to improve the performance accuracy of machine
learning models.

The authors in [10] asserted that ensemble learning had become a trending research interest
in artificial intelligence. Hence, several works on ensemble learning, especially those related to
Bagging and Boosting methods, exist. In [11], Boosting, Bagging, and traditional dissolved gas
analysis (DGA) were combined to interpret DGA. The performance of the proposed system was
evaluated on models implemented either in their base form or through ensemble methods of
bagging and boosting using four different machine learning algorithms: multilayer perceptron,
Bayes network, J48 decision tree, and k-nearest neighbor. The experiment result showed that
the combination methods of boosting and bagging performed better than the model in its based
form. Also, an extensive algorithm evaluation demonstrated that the J48 algorithm had the best
performance in most cases while the Bayes network algorithm and multilayer neural network
algorithm trailed closely. Nevertheless, the robustness of their system may well not be tested
considering that they had only trained their model using a dataset of only 347 samples, which
may cause overfitting.

151



Proceedings of the LASUSTECH 30 iSTEAMS Multidisciplinary Innovations Conference, 2022
ISBN- 978-978-57388-7-2

Along the same linge, [12] presented a system that enhances the prediction accuracy of a single
model using bagging and boosting ensemble methods. However, their approach used an
extended version of the online feature selection (OFS) technique to provide input to multiple
classifiers. Unlike [11], they were able to evaluate the robustness of their proposed method
using a combination of datasets collected from [13] and [14]. Their result disclosed that, in
general, OFS based on boosting and OFS based bagging outperformed the single classifier.
Similarly, [15] proposed a Chinese Dialogue intension system using a variant of boosting
ensemble method nhamed AdaBoost.

Additionally, studies by [4],[5],[6] observed that a single model with a relatively good overall
accuracy for classification lesser than 80% might have an overall accuracy above 90% if Bagging
and Boosting ensemble methods are used. Hence, they observed that an ensemble of classifiers
could improve classification accuracy but may be computationally expensive. On the other hand,
to reduce the computation complexity involved in training ensemble classifiers, Lipitakis and
Kotsiantis [7] employed the feature selection method to remove redundant or noisy features
before their ensemble was built. The proposed method combined several ensemble techniques
in their base form, namely decorate, bagging, boosting, and random subspace, to prove the
effectiveness of ensemble classifiers. Other efforts exist such as [16-19] based on low-rank
representation. Nonetheless, to solve the issue posed by overfitting and underfitting, it is
important to explore Bagging and Boosting methods in their combined form since they are
considered stronger in solving overfitting and underfitting, respectively. Therefore, the CBB
method proposed in this paper is built on the idea proposed in [7]. The following section
describes the proposed method like [20].
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Figure 1: Combining Bagging and Boosting ensemble methods

3. PROPOSED METHOD

This paper proposes a combined Bagging and Boosting (CBB) ensemble method (See figure 1
for illustration) as a joint solution to model the overfitting and underfitting problem. Boosting
and Bagging methods are known to reduce underfitting and overfitting, respectively, and several
researchers have explored their capabilities to improve the performance of learned models. For
this reason, the proposed methodology combines both methods. First, to reduce the
computational complexity of training base classifiers, the dataset is analyzed using
dimensionality reduction techniques to remove redundant or noisy features.
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Then, bootstrap is applied to generate N training sets for the N training classifier. Besides, the
parallel training method associated with bagging is maintained. However, to add the
specialization effect of the boosting method, a single loop is introduced to allow the CBB
procedure to be iterated to ensure that each classifier is focused on those training examples
previously misclassified in subsequent iterations. The above is achieved by assigning each
example in each N subset an equal initial weight that may change in the next iteration if an
example is misclassified. For instance, if an example is misclassified in CBB round 1, the weight
is increased to make it more likely to be classified correctly in the next iteration. Therefore, in
the proposed method described in figure 2, the based classifiers are combined into a
generalized model after CBB round 2 by averaging the probability of error of the individual
classifier.
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Figure 2: Proposed Method
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4, RESULTS

To demonstrate the effectiveness of the proposed method, it is important to illustrate the benefit
of ensuring that the probability of error of each based classifier is lesser than 0.5 before their
combination. First, we will assume that three binary classifiers were trained on three subsets of
a dataset, and each has an error of 0.5. Secondly, we will assume that each error is independent,
i.e., The probability that one event occurs does not affect the probability of the other event
occurring. Thirdly, we will assume that averaging or simple voting combined these classifiers.
Hence, the probability of error for an ensemble of the three classifiers is equal to the probability
that two of the classifiers make an error plus the probability that all three classifiers make an
error. We explain this below.

pe(ensemble) = classifier(3,2) pe”2(1 — pe) + classifier(3,3) pe”3s
= 3x* (0.5)"2(0.5) + (0.5)"3
=3/8+1/8 =1/2 =05

Notice that each base classifier has an error that is not lesser than 0.5, so, an ensemble of the
3 classifiers did not provide better result than that of a single classifier.

On the other hand, what if each base classifier error is higher than 0.5? Let say each classifier
has an error of 0.66.

pe(ensemble) = classfier(3,2) pe*2(1 — pe) + classifier(3,3) pe”3
= 3x* (0.66)"2(0.34) + (0.66)"3
= 0.444 + 0.287 = 0.731

The above illustrates the effectiveness of the proposed method and equally buttress the point
made earlier that an ensemble of classifiers with each base classifier error lesser than 0.5 can
improve performance of a model.

5. CONCLUSION

Ensemble models have been proved in several studies to outperform the single model. This
paper proposes a method for solving overfitting and underfitting problems. Several factors were
considered to make sure the proposed method is robust. However, to get better generalization
performance, it is expected that the error of each base model should not be intensely related.
Also, the error of the individual base model should be lesser than 0.5 (better than random
guessing). In future research, we will further explore ways to ensure the error of the individual
base model is much lesser than 0.5.
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