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Abstract: Software defect prediction refers to the automatic identification of defective parts of
software through machine learning techniques. Ensemble learning has exhibited excellent prediction
outcomes in comparison with individual classifiers. However, most of the previous work utilized
ensemble models in the context of software defect prediction with the default hyperparameter values,
which are considered suboptimal. In this paper, we investigate the applicability of a stacking ensemble
built with fine-tuned tree-based ensembles for defect prediction. We used grid search to optimize
the hyperparameters of seven tree-based ensembles: random forest, extra trees, AdaBoost, gradient
boosting, histogram-based gradient boosting, XGBoost and CatBoost. Then, a stacking ensemble was
built utilizing the fine-tuned tree-based ensembles. The ensembles were evaluated using 21 publicly
available defect datasets. Empirical results showed large impacts of hyperparameter optimization on
extra trees and random forest ensembles. Moreover, our results demonstrated the superiority of the
stacking ensemble over all fine-tuned tree-based ensembles.

Keywords: machine learning; ensemble learning; software defect; hyperparameter optimization;
stacking generalization

1. Introduction

It is important to produce high-quality software, yet it is difficult to achieve such
quality because of time and budget constraints. Identifying and correcting software defects
using the most efficient quality assurance techniques is a challenging and expensive pro-
cess [1]. Software defect prediction may be utilized to classify faulty fragments of software
systems. Therefore, quality assurance methods can be implemented on the selected parts
instead of a complete system inspection. The process of finding and classifying software
components that are vulnerable to defects through machine learning techniques is known
as software defect prediction. There are several benefits to software defect prediction—
for instance, decreasing the expensiveness of testing and producing software products in a
timely manner, thereby enhancing the overall quality of software products.

Various machine learning classifiers, such as decision trees and ensemble learning,
have recently been employed to improve the detection of software defects [2]. A variety of
software metrics derived from the source code are typically used to construct the predictive
models. McCabe metrics, Halstead metrics, and static code metrics are the most often
used for defect prediction [2]. Ensemble learning, such as stacking and boosting, was
shown to be successful in predicting software defects, and it exhibited excellent prediction
outcomes in comparison with individual classifiers [3]. However, most of the previous
work has utilized ensembles models in the context of software defect prediction with the
default hyperparameter values, which are considered suboptimal [4]. Hyperparameter
optimization has a large impact on the performances of classifiers, and the few studies that
have utilized an optimization technique reported improved prediction performance [5,6].
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In this study, we investigated the effects of stacked ensembles and hyperparameter
optimization on tree-based ensembles. We predicted software defects using tuned and
untuned tree-based ensembles based on a set of software metrics. The included ensembles
were: extra trees, XGBoost, CatBoost, gradient boosting and histogram gradient boosting.
The selection of those ensembles was based on the fact that very few studies have explored
these ensembles. Furthermore, we explored the prediction performance of a stacking ensem-
ble built using fine-tuned tree-based ensembles. We conducted a comprehensive empirical
study to examine the efficacy of various ensemble models at predicting software defects.

The rest of the paper is structured in the following manner. The background on tree-
based and stacking ensembles used to predict software defects is addressed in Section 2.
Section 3 examines previous work in ensemble learning and hyperparameter optimization
for software defect prediction. Section 4 explains the process of the empirical study that
was performed. The findings and discussion are presented in Section 5. Finally, Section 6
summarizes the conclusions and possible future work.

2. Background

In this study, we utilized various tree-based boosting and bagging homogeneous
ensembles and the stacking generalization heterogeneous ensemble for predicting software
defect. An overview of the ensemble models used is discussed in this section.

2.1. Tree-Based Ensembles

Ensemble learning [7] is a machine learning technique that creates a final prediction
model by combining many machine learning classifiers. Ensembles can learn complex
data patterns for decision making and class prediction. In software defect prediction,
there are two primary types of problem: regression in which the classifier predicts the
number of defects, and classification in which the classifier predicts the label of an instance
(i.e., defective or non-defective). Ensemble learning has two phases [7]: (1) training the
base classifiers which consist of multiple individual classifiers and (2) construct a final
prediction model using averaging or voting that are computed from the results of the base
classifiers [8]. Ensembles are known to be homogeneous if only one type of algorithm is
used in the base classifiers and are considered heterogeneous if various types of algorithm
are used as the base classifiers.

The main focus of this study is tree-based ensembles, which are boosting and bagging
homogeneous ensembles where the base classifier is a decision tree [9]. Boosting [10] is
a sequential ensemble method that combines multiple classification methods to create a
low-bias model and thus promote better prediction performance. The key idea behind
boosting is to construct classifiers iteratively and sequentially, with each model relying
on the previous model, taking into account misclassified instances that were predicted by
the previous classifiers. There are many boosting ensembles, the key variations being in
how the base classifies are trained and combined. Bagging [11] or bootstrap aggregation is
a parallel ensemble method that combines several models to produce a model with low
variance and hence improved prediction performance. The essence behind bagging is to
train multiple base classifiers independently and then combine the outputs by averaging or
voting. Bagging’s main advantage is the ability to parallelize the process of training the
base classifiers, since they are fitted independently. The following are brief descriptions of
the tree-based ensembles that were chosen:

• AdaBoost (Ada) [10], or adaptive boosting, is a well-known boosting algorithm in-
troduced by Freund and Schapire. AdaBoost fits a series of base classifiers and then
changes the weights of the instances by giving the misclassified ones a higher weight
and then fitting the updated weights with a new base learner. The final prediction is
calculated by integrating the results from all base classifiers using a weighted major-
ity vote approach, in which each base classifier contributes based on its results (i.e.,
assigned a greater weight).
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• Random forest (RF) [12] is a bagging algorithm that employs a large number of small
decision trees, each of which is developed from random dataset subsets. To increase
the tree’s diversity, a random subset of features is chosen at each node to produce the
best split. Overfitting is less likely due to the randomness of the dataset and features.
The majority vote is used in a classification problem to determine the final class label.

• Extra trees (ET) [13], or extremely randomized trees, is similar to the RF algorithm
but with additional randomness. ET differs from RF in two ways: (1) each decision
tree is constructed using the entire dataset, and (2) it randomly selects the splits at
each node (i.e., does not select the best splits).

• Gradient boosting (GB) [14] is a generalization of the AdaBoost ensemble that can
be constructed utilizing a variety of loss functions. GB, unlike AdaBoost, fits a new
base classifier using gradients rather than the weight of misclassified instances. Using
GB will boost the efficiency of fitting the base classifiers, but memory usage and
processing time are inefficient.

• Histogram-based gradient boosting (HGB) [15], or histogram-based gradient boost-
ing, is a boosting ensemble that selects the best splits easily and reliably using feature
histograms. It is more efficient than GB in terms of processing speed and memory
utilization.

• XGBoost (XGB) [16], or extreme gradient boosting, is similar to the GB algorithm,
but instead of gradients, it fits a new base classifier using second-order derivatives of
the loss function. XGB is thought to be more precise and effective than GB.

• CatBoost (CAT) [17], or categorical boosting, is a boosting ensemble with two key
characteristics: (1) it handles categorical features with one-hot encoding, and (2)
it produces oblivious decision trees as base classifiers with the same features used
as a splitting criterion for all nodes within the same tree level. Oblivious trees are
symmetrical; thus, overfitting is minimized and training time is reduced.

2.2. Stacking Ensemble

Stacking [18] is a heterogeneous ensemble model that produces the final prediction
model by combining several base classifiers through a meta-classifier. Different learning
algorithms are used by the base classifiers and are trained using the whole training dataset.
To create the final prediction model, the results of the base classifiers are fed into the
meta-classifier as a training set. To resolve any overfitting, the training dataset needs
to be split into two parts, one to train the base classifiers and one for the meta-classifier.
The pseudo-code in Algorithm 1 summarizes the algorithm for the stacking ensemble [19].
The algorithm takes as input a training data set D, which consists of m instances, and each
instance i has (x, y), where x represents a feature vector and y is the class label. It returns a
stacking ensemble model H after three main steps:

• Step 1—first-level classifiers: Assume that we have T base classifier. For each base
classifier t ∈ T learn and fit the classifier using D.

• Step 2—construct new datasets: The outputs of the T base classifiers are used as input
to the meta-classifier. To create new datasets, for each instance (x, y), construct a new
instance (x′, y) such that (1) x′ is a vector of length T and x′ = {h1(x), h2(x), . . . , hT(x)},
where ht(x) is the prediction output of a base classifier t and (2) y represents the origi-
nal class labels.

• Step 3—a second-level classifier: Using the dataset created in step 2, fit and teach a
meta-classifier which produces a final prediction by combining the outputs of all base
classifiers.
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Algorithm 1: Stacking ensemble.
Require: Training data D = {xi, yi}i=1...m(xi ∈ Rn, yi ∈ Y)
Ensure: An ensemble classifier H

1: Step 1: Learn first-level classifiers
2: for t← 1 to T do
3: Learn a Tree-based ensemble ht based on D
4: end for
5: Step 2: Construct new data sets from D
6: for i← 1 to m do
7: Construct a new data set that contains

{
x′i, yi

}
, where

x′i = {h1(xi), h2(xi), . . . , hT(xi)}
8: end for
9: Step 3: Learn a second-level classifier

10: Learn a new classifier h′ based on the newly constructed data set
11: return H(x) = h′(h1(x), h2(x), . . . , hT(x))

3. Literature Review

Machine learning-based software defect prediction is a hot topic in academia [2],
and various machine learning models have been investigated. Ensemble learning has
recently gotten a lot of interest in the domain of software defect prediction. Although ma-
chine learning techniques have been used in software defect prediction, most studies have
utilized the default hyperparameters for these techniques which are suboptimal. In this
section, we discuss research that has used ensemble learning to detect software defects.
Then, we review studies that have utilized hyperparameter optimization to enhance the
detection of software defects.

3.1. Ensemble Learning

Ensemble learning is the process by which several machine learning classifiers are
combined to improve detection performance [7,8]. Ensemble learning has proven to be an
effective technique [20]. A wide variety of ensemble learning models have been investigated
in the literature for software defect prediction, which are summarized in Table 1.

Ensemble learning can be classified into two categories: homogeneous [20,21] and
heterogeneous [22,23] ensembles. Aljamaan and Elish [20] explored the detection perfor-
mance of bagging and boosting homogeneous ensembles using the KC1 NASA dataset.
They examined the two ensembles’ prediction performances compared to six individual
classifiers and concluded that bagging and boosting ensembles performed better than
individual classifiers. A similar study by Yohannese et al. [21] investigated the prediction
performances of bagging and boosting ensembles on eight NASA software defect datasets.
They utilized feature selection (i.e., information gain IG) to reduce the dimensionality,
along with SMOTE, which is an oversampling technique to balance the defective and
non-defective instances. Experimental results indicated that using ensembles along with
IG and SMOTE techniques can increase the detection performance.

Furthermore, heterogeneous ensembles have been explored to detect software defects.
In one study led by Pandey et al. [23], the effect of the heterogeneous voting ensemble
on the prediction performance of software defects was studied. They combined different
classifiers to build the voting ensemble. Then, 12 NASA datasets were used to assess the
classifier. The voting ensemble outperformed individual classifiers. In Petrić et al. [22],
a different type of heterogeneous ensemble, the stacking ensemble, was explored. They
combined multiple base classifiers and then assessed the proposed ensemble on eight
datasets. They concluded that compared to bagging, the stacking ensemble with diversity
selection performed better.

The comparison between homogeneous and heterogeneous ensembles has been also
explored in software defect prediction. In Hussain et al. [24], homogeneous boosting
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ensembles were compared to heterogeneous voting and stacking ensembles in terms of
prediction performance. They evaluated the performances of the ensembles using 12 defects
datasets. Their experimental results show that stacking ensembles have better detection
performances compared to boosting and voting ensembles. In a study led by Li et al. [25],
the voting heterogeneous ensemble was compared with four homogeneous ensembles: RF,
Ada, random subspace method (RSM) and bagging. They used five NASA software defect
datasets to evaluate the ensembles and utilized SMOTE to resolve the data imbalance issue.
Their results showed that RF and voting outperformed other ensembles in detecting defects.

Other empirical studies used average probability ensemble learning techniques for
combining the base classifiers. Tran et al. [26] and Tong et al. [27] constructed ensembles
with two-stages utilizing three homogeneous ensembles: RF, Ada and bagging. These
ensembles were combined using the weighted average probabilities; then, they assessed
the proposed ensembles on 12 NASA MDP defects datasets. The results of [27] revealed
that the proposed ensemble has a superior performance over other ensembles. In [26],
they used a feature selection method (i.e., greedy forward selection) and they reported a
superior detection performance. The average probability ensemble and GFS have also been
used by Laradji et al. [28]. In their study, seven base classifiers were utilized to construct
the ensemble model. They evaluated the proposed ensemble against W-SVMs and RF on
six publicly available defects datasets. Their empirical study revealed the superiority of the
proposed ensemble over the other two classifiers.

Table 1. Comparison between prior studies of ensembles in software defect prediction.

Ref Dataset Base Classifiers Ensembles Statistical Analysis

[20] KC1 (class) MLP, RBF, BBN, NB,
SVM, DT Bagging, AdaBoost no

[21] ar1, ar4, JM1′, KC2, MC1′′, MW1′,
PC3′, PC4′′ J48 Bagging, AdaBoost.M2 no

[23] CM1, KC1, KC2, KC3, MC1, MC2,
PC1, JM1, MW1, PC2, PC3, PC4

IBK, MLP, SVM, RF, NB,
Logistic Boost, PART,
JRip, J48, Decision Stump

Voting Wilcoxon

[22]
ant-1.5, ant-1.6, ant-1.7, jedit-4.1,
jedit-4.2, tomcat. xalan-2.5,
xalan-2.6

NB, DT, KNN, SMO Stacking Wilcoxon

[24]

Ant-1.7, Camel-1.6, e-learning,
Forrest-0.8, Jedit-4.3, Tomcat,
Xalan-2.7, Xerces-1.4, Zuzel, Berek,
Pbean2, Velocity-1.6

NB, LR, J48, VP, SMO AdaBoostM1, Voting,
Stacking no

[25] CM1, JM1, KC1, KC2, PC1 J48 AdaBoost, Bagging, RSM,
RF, Voting no

[27] CM1, KC1, KC2, KC3, MC1, MC2,
MW1, PC1, PC2, PC3, PC4, JM1 Bagging, RF, AdaBoost Weighted average

probabilities Wilcoxon

[26] KC1, KC2, KC3, PC1, PC2, PC3,
PC4, MC1, MC2, CM1, JM1, MW1 Bagging, RF, AdaBoost Weighted average

probabilities no

[28] Ant-1.7, Camel-1.6, KC3, MC1,
PC2, PC4

RF, GB, SGD, W-SVMs,
LR, M-NB, B-NB Average probability no

This work 21 Defect Datasets Ada, RF, ET, GB, HGB,
XGB, CAT Stacking Wilcoxon

3.2. Hyperparameter Optimization

Machine learning techniques have been used in software defect prediction; however,
most studies have utilized the default hyperparameters for these techniques, which are
suboptimal. Nevertheless, the effects of hyperparameter tuning have been investigated
in a few studies, and it has been shown to enhance the prediction performances of the
classifiers [5,29,30]. Table 2 summaries relevant papers that have used hyperparameter
optimization for software defect prediction. Khan et al. [29] utilized an optimized artificial
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immune network (opt-aiNet) to optimize the hyperparameters of KNN, SVM, NB, DT,
LDA, RF and AdaBoost classifiers. Five Eclipse defect datasets were used, including JDT
Core, PDE UI, Equinox, Mylyn and Lucene. Their results showed that the classifiers with
optimized hyperparameters performed better than the default ones.

Tantithamthavorn et al. [5] explored the effect of hyperparameter optimization using
grid search on the prediction performances of 26 classifiers for software defect prediction.
The classifiers belonged to 11 classification families, including NB, KNN, LR, NN, partial
least squares (PLS), discrimination analysis (DA), rule-based, DT, SVM, bagging and
boosting. A total of 18 datasets from NASA, Proprietary, Apache and Eclipse were used in
their experiment. Their results revealed that the hyperparameter optimization had a great
impact on the classifiers’ performances. They extended their work [30] by investigating
three more optimization techniques: random search, the genetic algorithm and differential
evolution. They compared the four optimization methods on only four classifiers. They
concluded that the four optimization methods yielded similar results in terms of increasing
the prediction performances of the classifiers.

Osman et al. [6] used grid search to optimize the hyperparameters of KNN and SVM
for software defect prediction. They utilized five Eclipse software defect datasets: JDT
Core, PDE UI, Equinox, Mylyn and Lucene. Their results showed increases in the accuracy
of KNN and SVM defect prediction models by 20% and 10%, respectively. A differential
evolution algorithm has been used by Fu et al. [31] to optimize three classifiers: Where-
based Learner, DT and RF. They utilized 17 software defect datasets. They concluded
that hyperparameter optimization is simple and yields very good results compared with
the default values. Öztürk et al. [32] investigated the use of grid search and gradient
boosting machine for hyperparameter optimization of RF and SVM classifiers. They used
20 software defect datasets to explore the impacts of tuning in cross-project defect prediction
(CPDP) and within-project defect prediction (WPDP). Their overall results showed that the
prediction performance improved when hyperparameter optimization was used.

Table 2. Comparison between prior studies that used hyperparameter optimization.

Ref Datasets Optimization Methods Classifiers Ensembles

[29] Eclipse JDT Core, Eclipse PDE UI, Equinox,
Mylyn, Lucene opt-aiNet KNN, SVM, NB, DT,

LDA, RF, AdaBoost Yes

[5]

JM11, PC51, Prop-12, Prop-22, Prop-32,
Prop-42, Prop-52, Camel 1.22, Xalan 2.52,
Xalan 2.62, Platform 2.03, Platform 2.13,
Platform 3.03, Debug 3.44, SWT 3.44, JDT5,
Mylyn5, PDE5

Grid search
NB, KNN, LR, NN, PLS,
DA, Rule-based, DT,
SVM, Bagging, Boosting

Yes

[30]

JM11, PC51, Prop-12, Prop-22, Prop-32,
Prop-42, Prop-52, Camel 1.22, Xalan 2.52,
Xalan 2.62, Platform 2.03, Platform 2.13,
Platform 3.03, Debug 3.44, SWT 3.44, JDT5,
Mylyn5, PDE5

Grid search, Random search,
Genetic algorithm, Differen-
tial evolution

NB, KNN, LR, NN, PLS,
DA, Rule-based, DT,
SVM, Bagging, Boosting

Yes

[6] Eclipse JDT Core, Eclipse PDE UI, Equinox,
Mylyn, Lucene Grid Search KNN, SVM No

[31]

antV0, antV1, antV2, camelV0, camelV1,
ivy, jeditV0, jeditV1, jeditV2, log4j, lucene,
poiV0, poiV1, synapse, velocity, xercesV0,
xercesV1

Differential evolution Where-based Learner, DT,
RF Yes

[32]

ar1, ar3, ar4, ar5, ar6, cm1, jm1, kc1, kc2,
kc3, pc1, pc2, pc3, pc4, pc5, Eclipse JDT
Core, Eclipse PDE UI, Equinox framework,
Lucene, Mylyn

Grid Search RF, SVM No

This work 21 Defect Datasets Grid Search Ada, RF, ET, GB, HGB,
XGB, CAT Yes
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3.3. Summary

Machine learning techniques have proved to be effective for predicting software
defects. Ensemble models showed promising prediction results over individual classifiers.
The most commonly investigated ensembles are bagging, boosting and voting. Despite the
fact that the stacking ensemble has showed superior performance over other homogenous
and heterogenous ensembles [24], only two studies have investigated the use of the stacking
ensemble in software defect prediction. Moreover, most of machine learning classifiers that
have been investigated in the context of software defect prediction have utilized classifiers
with default hyperparameter values, which are considered suboptimal [4]. Hyperparameter
optimization has a large impact on the performances of the classifiers, and the few studies
that have utilized an optimization technique reported increases in prediction performance.
In this study, we investigated the effects of hyperparameter optimization on tree-based
ensembles. Additionally, we explored the prediction performance of a stacking ensemble
that was built using fine-tuned tree-based ensembles.

4. Empirical Study

This section discusses the details of our empirical study. In this study, we explore
the capabilities of tuned tree-based ensembles and stacking ensembles for software defect
prediction. We used Python to implement the empirical study, i.e., for tuning, training and
testing all ensembles.

4.1. Goal

Software defect prediction using machine learning approaches has been investigated
in previous studies with a focus on using the default hyperparameter configuration. How-
ever, recent studies have reported the impact of hyperparameter optimization on the
performances of the classifiers. Tantithamthavorn et al. [5] have pointed out the need for
exploring hyperparameter optimization in ensemble learning. The main objective of our
experiment was to investigate to what extent hyperparameter optimization would impact
the prediction performances of ensemble models.

Using the Goal–Question–Metric (GQM) template [33], we defined the goal of this
experiment as: evaluating fine-tuned tree-based ensembles and stacking ensemble models
of fine-tuned tree-based ensembles made for the purpose of software defect prediction,
with respect to their detection performance measures (F-measure, AUC and Brier), and
comparing them with tree-based ensembles with default hyperparameters from the per-
spectives of researchers and practitioners within the context of 21 software defect datasets
obtained from different domains. The following research questions were formulated to
attain our objectives:

• RQ 1. To what extent does hyperparameter optimization increase the prediction
performance of an ensemble?

• RQ 2. To what extent does stacking generalization of fine-tuned tree-based ensembles
increase defect prediction?

An overview of the steps to conduct the experiment is shown in Figure 1. First,
we selected defect datasets. Then, we used an optimization method to optimize the
hyperparameters of the tree-based ensembles. Next, we constructed the ensemble models
(tree-based and stacking ensembles). After that, we validated each model and measured
the prediction performance. Finally, we estimated the effect size and ranked the ensembles
based on their performances. The following subsections describe each step.
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Figure 1. An overview of the conducted empirical study.

4.2. Datasets

In this empirical investigation, 102 software defect datasets were utilized. These
datasets were publicly available and provided by Shepperd et al. [34], D’Ambros et al. [35],
Jureczko et al. [36], Wu et al. [37], Zimmermann et al. [38], Kim et al. [39] and Turhan et al. [40].
For each dataset, we calculated the number of events per variable (EPV) [41] and the
defective rate. EPV is the ratio of the number of defective instances to the number of
independent variables. Previous study has shown the effect of EPV on defect prediction
models: higher EPV values produce more stable prediction models [42]. Peduzzi et al. [41]
reported that roughly 10 EPV were essential for accurate estimation of machine learning
models. Therefore, among the 102 datasets, we selected 25 datasets that had EPVs greater
than 10. Moreover, we calculated the defective rate for each dataset, and we excluded the
datasets with defective rates greater than 50%.

The final set of datasets used in this paper is listed in Table 3. A total of 21 publicly
available software defect datasets were used. To ensure variety and reduce bias, the selected
datasets were collected by different research groups and from various domains. Each
dataset was of a different size (i.e., number of instances) and granularity (i.e., instances
represent a method, class or file). Each instance consisted of: (1) a single binary value
indicating whether the instance was defective or non-defective (i.e., dependent variable)
and (2) a set of software metrics (i.e., independent variables).

4.3. Hyperparameter Optimization

Hyperparameter optimization or tuning refers to the process of searching for and
finding the optimal hyperparameters values of machine learning models. There are different
hyperparameter optimization techniques, such as grid search, random search, genetic
algorithm and differential evolution. Previous research [30] has shown that the four
techniques (i.e., grid search, random search, genetic algorithm and differential evolution)
yield similar prediction performances. However, this recommendation was limited to the
techniques selected in that paper, and might not be applicable for our selected tree-based
ensembles. Optimizing tree-based ensembles had not been done previously.

Grid search [43] is a hyperparameter optimization technique where all possible com-
binations of hyperparameters values in the search space are explored. The search space
consists of a set of hyperparameters being explored and a set of possible values for each
hyperparameter. For each combination, the grid search algorithm builds and evaluates
a model and the hyperparameters values of the best performing model are returned as
optimal values. In this experiment, we used the grid search algorithm since we had a
reasonable search space, and we wanted to conduct a controlled experiment where the
hyperparameter values being explored were consistent across all datasets.
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Table 3. Software defect datasets used in the experiment.

Authors Dataset Name Ind.
Variables Defective Non-

Defective Instances EPV Defective % Granularity

Shepperd et al. [34]
JM1 21 1672 6110 7782 79.6 21% Method
KC1 21 314 869 1183 15.0 27% Method
PC5 38 471 1240 1711 12.4 28% Method

D’Ambros et al. [35]
Eclipse JDT Core 15 206 791 997 13.7 21% Class
Eclipse PDE UI 15 209 1288 1497 13.9 14% Class

Mylyn 15 245 1617 1862 16.3 13% Class

Jureczko et al. [36]

camel 1.2 20 216 549 765 10.8 28% Class
lucene 2.4 20 203 333 536 10.2 38% Class

prop-1 20 2436 20,622 23,058 121.8 11% Class
prop-2 20 1514 11,645 13,159 75.7 12% Class
prop-3 20 840 8027 8867 42.0 9% Class
prop-4 20 1299 7274 8573 65.0 15% Class
prop-43 20 341 11,338 11,679 17.1 3% Class
prop-5 20 2720 17,686 20,406 136.0 13% Class

xalan 2.5.0 20 387 558 945 19.4 41% Class
xalan 2.6.0 20 411 759 1170 20.6 35% Class

Zimmermann
et al. [38]

Eclipse 2.0 31 2610 4119 6729 84.2 39% File
Eclipse 2.1 31 2139 5749 7888 69.0 27% File
Eclipse 3.0 31 2913 7680 10,593 94.0 27% File

Kim et al. [39] SWT 17 653 832 1485 38.4 44% File
Debug 17 263 802 1065 15.5 25% File

In this study, we used the grid search to find the optimal hyperparameters of ensemble
models. First, we identified the search space (i.e., hyperparameters and the possible values)
for each ensemble model shown in Table 4. Then, we utilized the tuning dataset (the
original dataset was divided into two, 10% for tuning and 90% for training and testing) to
find the optimal values of the hyperparameters of each ensemble model using grid search
and the search space. For each ensemble model, all possible hyperparameter combinations
were explored by building and evaluating multiple models using stratified 2-fold cross-
validation with five repeats [44]. After that, the optimal hyperparameters values of the best
performing model were identified based on the AUC scores. Finally, the optimal values
were used to build the ensemble models on the training/testing dataset.

4.4. Ensemble Models Construction and Validation

In this experiment, the dataset was partitioned into two groups: 10% of the dataset
used in hyperparameter tuning (tuning dataset) and 90% used for training and testing
ensemble models (training/testing dataset). Seven tree-based ensemble models, including
random forest (RF), extra trees (ET), AdaBoost (Ada), gradient boosting (GB), histogram-
based gradient boosting (HGB), XGBoost (XGB) and CatBoost (CAT), and one stacking
ensemble model, were constructed. For each tree-based ensemble, two models were trained
and tested, one using the optimal hyperparameter values obtained by the optimization al-
gorithm and one using the default hyperparameters. We constructed the stacking ensemble
utilizing the tuned tree-based ensemble models as base models and the logistic regression
as a meta model. In this study, we used Python to implement our machine learning pipeline
using the scikit-learn framework [45].
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Table 4. Hyperparameters space investigated in this empirical study.

Ensemble Hyperparameter Name Description Optimized Value Range

Random Forest (RF)
Extra Trees (ET)

n_estimators Number of trees in the forest. [100, 50, 40, 30]
max_depth Maximum depth of the tree. [1, 4 ,8]

min_samples_leaf Minimum number of samples at a leaf node. RF = [1, 10, 5]
ET = [1, 2, 4]

criterion Measure the quality of a split. [gini, entropy]

AdaBoost (Ada) n_estimators Number of estimators at which boosting is terminated. [50, 100, 1000]
learning_rate The step size of the loss function. [1, 0.1, 0.001, 0.01]

Gradient Boosting
(GB)

n_estimators Number of estimators at which boosting is terminated. [100, 50, 500, 1000]
learning_rate The step size of the loss function. [0.1, 0.001, 0.01]

min_samples_leaf Minimum number of samples at a leaf node. [1, 10, 5]
max_depth Maximum depth of individual tree. [3, 7, 9]

loss The loss function to be optimized in the boosting process. [deviance, exponential]

Hist Gradient
Boosting (HGB)

max_iter Number of iterations of the boosting process. [100, 50, 500, 1000]
learning_rate The step size of the loss function. [0.1, 0.001, 0.01]

min_samples_leaf Minimum number of samples at a leaf node. [20, 10, 5]
max_depth Maximum depth of individual tree. [None, 1, 3, 5]

loss The metric to use in the boosting process. [auto, binary crossentropy, categorical crossentropy]

XGBoost (XGB)
n_estimators Number of gradient boosted trees. [100, 50, 500, 1000]
learning_rate The step size of the loss function. [0.3, 0.1, 0.001, 0.01]
max_depth Maximum tree depth for base learners. [6, 3, 4, 5]

CatBoost (CAT)

n_estimators Number of estimators at which boosting is terminated. [1000, 100, 50, 500]
loss_function The metric to use in the boosting process. [Logloss, MultiClass]
learning_rate The step size of the loss function. [0.03, 0.001, 0.01, 0.1]

depth Depth of the tree. [1, 5, 10]
min_data_in_leaf Minimum number of samples at a leaf node. [1, 10]

Prior to building the ensemble model, two pre-processing steps were performed: data
transformation and missing value handling:

• Data transformation. Data transformation is recommended to boost the performances
of machine learning models [46]. Therefore, we used a logarithmic data transformation
where each value of the independent variables was transformed using x = log(1 + x),
where x is the numerical value of the variable. We selected the log transformation
because it has been used previously in software defect prediction [30,46].

• Handling missing values. Missing data can be handled in a variety of ways, including
mean imputation, deletion and median imputation [47]. For all datasets, we utilized
the mean imputation approach to deal with missing values. The mean of all values
belonging to the independent variable was used to fill in the missing values. It is
one of the most often used approaches and has been proved to yield good results in
supervised learning tasks [48].

Given the fact that non-defective cases make up the vast majority of software defect
datasets, we did not employ any sampling techniques (e.g., SMOTE) to balance the dataset.

We employed a stratified 10-fold cross-validation method [49], repeated 10 times,
to validate the performances of ensemble models. Each dataset was divided into k equal-
sized folds, with one-fold serving as a testing dataset for the model’s evaluation and the
remaining k-1 folds being used for training the model. This technique was performed
ten times (i.e., k = 10), with each fold serving as a testing dataset precisely once. To get a
final estimate, the detection performance from the k iterations was averaged. Each fold
in stratified cross-validation has a proportion of instances belonging to each class that is
roughly equal to the proportion in the original dataset. The key benefit of this method
is that it uses all instances for both model training and testing. The whole process was
repeated 10 times, resulting in 100 independent runs for each investigated model. Finally,
the reported model performance was the average of the 100 runs. Repeating the 10 fold
cross validation ten times provides a model performance estimate with little bias and low
variance [42,50].
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4.5. Evaluation Measures

To assess the ensemble models’ prediction performances, we chose a set of evaluation
metrics. One of the selected measures is a threshold-dependent measure (F-measure), and
the other two are threshold-independent measures (AUC and Brier). All of the selected
measure were employed by previous studies to assess the performance of defect prediction.
The used evaluation measures are:

• F-measurement (F-measure): is the harmonic mean of both precision and recall. F-
measurement is calculated as:

F-measure = 2× precision× recall
precision + recall

× 100 (1)

Precision =
TP

FP + TP
(2)

Recall =
TP

FN + TP
(3)

where true positives (TP) is the number of defective instances correctly classified as
defective, false positives (FP) is the number of defective instances incorrectly classified
as non-defective and false negatives (FN) is the number of non-defective instances
incorrectly classified as defective.

• Area under the curve (AUC): The percentage of the area that is underneath the receiver
operator characteristic (ROC) curve. True positive rates are plotted against the false
positive rates. The AUC metric calculates the area under the curve, and a large area
indicates high performance. AUC can have a value between 0 and 1: 1 indicates the
best performance and zero is considered the worst performance.

• Brier [51]: The mean squared difference between the predicted probability and the
actual outcome. It can be calculated using the following formula:

Brier =
n

∑
i=1

(pi − yi)
2 (4)

where pi is the predicted probability and yi is the actual outcome. Brier has a range
of values from 0 to 1, with 0 denoting the highest performance, 1 denoting the worst
and 0.5 denoting a random estimate.

4.6. Effect Size Estimation

In order to answer RQ1, we used the Wilcoxon effect size test to evaluate the magnitude
of hyperparameter optimization. Moreover, we used the Scott–Knott effect size difference
(ESD) test to rank the ensemble models. Both estimation techniques are described in the
following subsections.

4.6.1. Wilcoxon Effect Size

We used the non-parametric Wilcoxon effect size [52] test to examine the magnitude
of the prediction performance between the tuned and untuned tree-based ensembles. We
selected a non-parametric effect size test because the data were not normally distributed.
The normality distribution was checked using the Shapiro–Wilk test. The Wilcoxon effect
size test calculates the correlation coefficients using the Z-score employing; then, the fol-
lowing formula is used to estimate the effect size:

r =
Z√
n

(5)

where n is the total number of samples on which Z is based. We used the thresholds
proposed by Cohen to categorize the magnitude of r effect size [53]:
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Effect size =


negligible if r ≤ 0.1
small if 0.1 < r ≤ 0.3
medium if 0.3 < r ≤ 0.5
large if 0.5 < r

(6)

4.6.2. Scott–Knott Effect Size Difference (ESD)

To find the best performing ensemble models, we used the Scott–Knott ESD test
proposed by Tantithamthavorn et al. [30,54] to rank the ensemble models. The Scott–Knott
algorithm [55] uses hierarchical clustering to cluster the treatments (i.e., the stacked and
tree-based ensembles) into distinct groups, whereas the mean differences (i.e., the mean
of the AUC scores) between these groups are statistically significant. The algorithm starts
with one group containing all treatments. Then, iteratively, it divides the treatments
into two distinct groups or merges two groups into one group based on the treatment
means. The process is repeated until (1) the mean differences for all treatments within
a group are negligible; and (2) the mean differences of treatments between the groups
are non-negligible.

5. Results and Discussion

In this section, we present the impacts of hyperparameter optimization on the predic-
tion performances of tree-based ensembles. Next, we compare the prediction performance
of the stacking ensemble against those of tree-based ensembles.

5.1. Effects of Hyperparameter Optimization on Tree-Based Ensembles

In order to find the magnitude of change in the prediction performance, we used the
Wilcoxon size effect estimate. Table 5 shows the categories of the impact of hyperparameter
optimization on the studied tree-based ensembles using the numbers of ensembles thus
affected. RF ensembles were highly influenced by hyperparameter optimization, as it
tended to have medium to large impact on 50% of the defect datasets. On the contrary,
HGB was slightly affected by hyperparameter optimization; it had negligible impact on
more than 50% of the ensembles. On average, the magnitude of change was considered
negligible to small in the other tree-based ensembles.

Table 5. Wilcoxon effect size for each of the studied tree-based ensembles.

Classifier Negligible Small Medium Large

Ada 7 7 5 2
CAT 2 11 6 2
ET 8 4 8 1
GB 7 6 7 1
HGB 13 3 2 3
RF 9 1 7 4
XGB 7 9 2 3

The effect size estimates the magnitude of the change; however, it does not determine
whether the change is positive or negative. Therefore, we further expanded previous
results to show whether hyperparameter optimization increased or decreased the prediction
performance. Figure 2 shows the effect size for each tree-based ensemble along with the
positive (i.e., in blue) or negative (i.e., in red) impact. Negligible = 0, small = 1, medium = 2
and large = 3. For each ensemble, the total number of positive and negative represent the
number of medium and large effect size. Overall, none of the tree-based ensembles showed
a positive impact on any datasets. We observed that ET and RF had a negative impact in
most of the datasets. Additionally, as shown in the figure, we note that hyperparameter
optimization had the lowest impact on HGB, as it had negligible impact across 13 datasets.
Clearly, the impact is related to the dataset’s characteristics; for example, the prediction
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performances on Debug, Eclipse 2.1, Eclipse PDE UI, Lucene 2.4 and Prop 1 datasets
deteriorated for all tree-based ensembles after applying hyperparameter optimization.
Similarly, on other datasets, including Eclipse 2.0, JM1, Prop 3 and Xalan 2.5, applying
hyperparameter optimization increased the prediction performances for all ensembles.
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Figure 2. Wilcoxon effect size for each of the studied tree-based ensembles on every dataset.

Computational cost is another important aspect to be considered when performing
hyperparameter optimization. For each tree-based ensemble, we computed the amount of
time required to optimize the model for each of the studied datasets. Each hyperparameter
combination in the grid space was evaluated by 10 independent runs (i.e., 5 × 2-fold cross-
validation) to select the tuned model with the best cross-validation score.The computational
cost of applying grid search hyperparameter optimization is presented in Table 6. Clearly,
CatBoost required a lot of computational effort compared to the other tree-based ensembles.
The bagging tree-based ensembles (i.e., RF and ET) took the least amount of time for
hyperparameter optimization. Focusing on boosting ensembles, we observe that long
computational time was related to the size of the datasets in most cases. However, for the
bagging ensembles, we notice that larger datasets, such as JM1, Prop1 and Prop 5, took the
least amount of time.

Table 6. The computational cost of applying grid search hyperparameter optimization in milliseconds.

Classifier ET RF Ada GB HGB XGB CAT

Camel 1.2 13 16 21 138 168 77 1842
Debug 9 12 4 71 78 31 673
Eclipse 2.0 5 7 13 234 366 62 3915
Eclipse 2.1 6 8 15 291 467 80 4358
Eclipse 3.0 5 8 15 342 446 72 5136
Eclipse JDT Core 5 6 10 48 67 30 797
Eclipse PDE UI 5 6 9 59 87 32 918
JM1 20 27 40 930 634 116 7318
KC1 14 23 32 177 260 84 2907
Lucene 2.4 10 14 17 77 82 37 743
Mylyn 11 12 16 135 181 46 1143
PC5 20 26 35 362 406 112 4976
Prop 1 6 8 13 414 321 883 4095
Prop 2 6 8 20 283 287 816 2126
Prop 3 5 7 13 204 251 750 2038
Prop 4 5 7 13 216 263 796 1910
Prop 43 5 7 12 196 231 574 2023
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Table 6. Cont.

Classifier ET RF Ada GB HGB XGB CAT

Prop 5 6 9 16 409 308 896 4199
SWT 10 13 17 116 161 45 1321
Xalan 2.5 10 14 16 106 131 45 1239
Xalan 2.6 10 12 16 110 140 42 1313

AVG time (ms) 8.86 11.90 17.29 234.19 254.05 267.90 2618.57

RQ1 Answer. RF ensembles were most impacted when performing hyperparameter
optimization. Hyperparameter optimization had the lowest impact on HGB ensembles.
The impact of hyperparameter optimization on RF ensemble was negative on most of the
datasets. On average, the magnitude of change was considered negligible to small for the
other tree-based ensembles. Hyperparameter optimization of CAT was most costly in terms
of computational time compared to the other tree-based ensembles.

5.2. Stacking Ensembles

The stacking ensemble prediction performance is compared with those of the tree-
based ensembles in terms of F1-score, AUC and Brier in Figure 3. Considering the three
evaluation measures, we found that the stacking ensemble’s prediction performance was
high and consistent across almost all of the datasets. Moreover, the XGB tree-based en-
semble showed a competitive prediction performance by having AUC scores equal to or
greater than the stacking ensemble in almost 50% of the datasets. On the other hand, Ada
was consistently one of worst performing ensembles on all datasets. Two other tree-based
ensembles, ET and HGB, were the second worst ensembles; both achieved low AUC and
F1 scores. The most significantly different performance was observed for the RF ensembles:
low F1 scores on almost all datasets while having high AUC and Brier scores for 50% and
66% of the datasets, correspondingly.
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Figure 3. The stacking ensemble versus fine-tuned tree-based ensembles.

The Scott–Knott clusters with the AUC values in each dataset are shown in Figure 4.
From the figure, we observe that the stacking ensemble was ranked as the best performing
for 80% of the datasets, and the second best for the remaining datasets. Moreover, RF and
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XGB were among the first clusters for 40% and 30% of the datasets, respectively. GB and
CAT ensembles were among the best performing ensemble models for 23% of the datasets.

Figure 4. AUC rankings of the studied ensembles models.

We further analyzed the rankings of ensemble models over the 21 datasets by perform-
ing a double Scott–Knott test. The procedure is shown in Figure 5. First, for each dataset, we
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ranked the ensemble models based on the AUC values using Scott–Knott algorithm. Then,
we constructed a new dataset where each ensemble model had 21 ranking values (one from
each dataset) obtained from the previous step. The newly constructed data were fed into the
Scott–Knott algorithm to rank the ensemble models for all datasets. Figure 6 presents the
ranking of the studied ensemble models over the 21 datasets. Stacking ensemble stayed the
first-ranked ensemble. Next came RF and XGB as the second-best-performing ensembles.

RQ2 Answer. The stacking generalization ensemble’s prediction performance was
significantly better, or at least competitive, compared to tree-based ensembles in defect
prediction. Among all tree-based ensembles, RF and XGB ensembles showed significantly
superior prediction performance.

Figure 5. Double Scott–Knott for ranking ensemble models across multiple datasets.

Figure 6. Ranking of the studied ensemble models across all datasets.

5.3. Threats to Validity

We identified and assessed a set of threats to validity to assure the quality of this
empirical investigation. Each threat is explained, along with the methods taken to minimize
the threats.

5.3.1. Internal Validity

An internal threat was identified in the metrics used as independent variables to
predict software defects. We used multiple datasets from several corpora, and each dataset
had a different set of metrics and granularity (i.e., method, class or file). Nevertheless,
to mitigate this threat, we used several datasets that had the same set of metrics (e.g., SWT
and Debug). Moreover, we believe that the diversity of the metrics help strengthen the
generalization of the conclusions of this empirical investigation.
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5.3.2. Construct Validity

Threats to construct validity concern the relation between the theory and the obser-
vations. One threat to construct validity in this experiment was the evaluation metrics
used to evaluate the prediction performance. The use of one evaluation measurement
raises the risk of bias and contributes to misleading outcomes. To mitigate this threat, we
employed three evaluation measures: one threshold-dependent measure (F-measure) and
two threshold-independent measures (AUC and Brier) so they could be checked against
each other. Moreover, we selected the commonly used measures found in the literature in
software defect prediction, so they could be compared with other studies. The selection
of the seven tree-based ensembles was the another threat to construct validity that might
have led to bias. We mitigate this risk by combining well-known classification techniques
(e.g., AdaBoost and random forests) with new techniques that have yet to be thoroughly
examined in this area (e.g., extra trees and CatBoost). The final set of classifiers selected in
our study included a wide variety of homogeneous ensembles from several categories (i.e.,
bagging and boosting).

5.3.3. External Validity

External threats relate to the generalization of our empirical study conclusions. Our
results are based on the datasets created by several research groups, and the variations
in the measurements used to collect the datasets could affect the validity of our results.
To mitigate this threat, we selected datasets that cover different application domains
and have different sizes and granularity. Additionally, we selected high quality datasets
that have high EPV values, which has been shown to produce more stable results [42].
Nevertheless, the empirical study’s findings cannot be generalized to other industrial fields.
The development of the ensemble models was another threat. In our empirical study we
used the scikit-learn library for data preprocessing and building the ensemble models, and
coding errors might have occurred. We employed pair programming, an agile software
development approach, to assure code quality, and the Google Colab environment for code
exchange and execution to mitigate this threat. Moreover, we assessed the code correctness
using benchmark datasets from the scikit-learn package (e.g., iris dataset).

5.3.4. Conclusion Validity

Conclusion validity threats are concerned with the relationship between the treatments
and the outcomes. We used a variety of statistical comparison tests for comparing ensemble
models in this empirical study to examine the effects (i.e., magnitude) of hyperparameter
optimization on tree-based ensembles. The underlying assumptions influence the statistical
test that should be applied. Any deviation from the statistical test assumptions might result
in incorrect results. We utilized the Shapiro–Wilk test for confirming the normality of our
data. The non-parametric Wilcoxon effect size test was used because the data were not
normally distributed.

6. Conclusions

In this empirical study, we explored the application of a stacking ensemble of fine-
tuned tree-based ensembles for software defect prediction. This empirical investigation has
two main contributions: (1) we applied hyperparameter optimization on seven tree-based
ensembles to explore the impacts of hyperparameter optimization on ensemble models;
(2) we built a stacking ensemble of fine-tuned tree-based ensembles and evaluated to what
extent it would offer an increase in the prediction performance over fine-tuned tree-based
ensembles. The results of this study show the large impact of hyperparameter optimization
on extra trees and random forest ensembles. Moreover, the stacking ensemble of fine-tuned
tree-based ensembles showed high prediction performance compared to all fine-tuned
tree-based ensemble models.

As future work, the use of different heterogeneous ensembles, such as voting, could be
investigated and compared with the use of the proposed ensemble models. Furthermore,
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the impact of hyperparameter optimization on the stacking ensemble can be explored and
different meta-classifiers could be used and compared. Finally, we used grid search to
optimize tree-based ensembles hyperparameters and reported our analysis on the com-
putational cost. Future research might be directed to further evaluating the other three
hyperparameter optimization techniques (i.e., random search, genetic algorithm and differ-
ential evolution) in terms of performance enhancement and computational cost when used
to optimize tree-based ensembles hyperparameters.
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