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Abstract—Discretization is the process of transforming contin-
uous variables into discrete ones. Although such a transformation
introduces the risk of information loss, it is frequently proved
beneficial in many machine learning tasks, due to its noise
reduction and outlier absorption capabilities. Previous works
in the relevant literature have demonstrated that discretization
may have beneficial effects in classification performance. To
our knowledge, this paper is the first to examine the mag-
nitude of these effects in software defect detection tasks. In
particular, we conduct a large scale experimental survey that
involves 7 supervised and unsupervised discretization techniques,
26 datasets and 6 classifiers. The results indicate that the
supervised methods are capable of capturing the distribution of
the continuous variables, thus consistently improving detection
performance. Interestingly, ChiMerge also improves balanced
accuracy, exhibiting an inherent capability in alleviating the
problem of class imbalance. On the other hand, the simpler
unsupervised approaches lead to intolerable information losses
that negatively affect the classification accuracy.

Index Terms—discretization, software defect detection, classi-
fication, Bayesian Gaussian mixture

I. INTRODUCTION

Software defect detection constitutes a fundamental process
in the life cycle of software development. Its goal is to identify
errors and problems in the source code of a program that may
affect its functionality or performance. Detecting defects early
during the development stage is essential to ensure reliability,
robustness, and overall quality. For this reason, the problem
of software defect detection has attracted the attention of
numerous researchers.

Traditionally, defects are identified by human experts who
manually test the underlying software for problems, malfunc-
tions, bugs, logical errors, unexpected behavior under certain
scenarios, etc. Nevertheless, the size and complexity of modern
software systems rendered this approach not scalable. Today,
modern solutions employ machine learning and artificial intel-
ligence techniques that automatically examine specific features
of the source code and indicate the existence of defects.

These techniques typically address the problem by consid-
ering it as a typical binary classification task. In this context,
various predictors have been adopted in the relevant literature,
including Decision Trees and Random Forests [1], [2], Neural
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Networks [3]-[5], Support Vector Machines [6], Long-Short
Term Memory (LSTM) units [7], [8], and others.

Class imbalance and outliers constitute two of the most
significant factors that negatively affect the performance of the
aforementioned models. The former derives from the uneven
distribution of the training examples in the two possible classes
(i.e., healthy/problematic code units). Existing solutions to
class imbalance include the popular oversampling techniques
that synthesize artificial samples for the underrepresented class
[9]-[11] and the undersampling approaches that limit the
population of the majority samples either by direct sample
removal or by instance replacement [12]-[14].

On the other hand, outlier detection is the process of
identifying data points that deviate significantly from the
rest of the data set. Outliers (also called anomalies) usually
indicate errors in data collection or rare events that require
further investigation. In most cases, they distort the ability of
a model to effectively learn the underlying data distribution,
downgrading its prediction performance. The relevant litera-
ture includes a wide variety of outlier detection techniques,
including Local Outlier Factor (LOF) [15], Angle-based outlier
detection [16], Isolation Forest [17], [18], and clustering-based
outlier detection.

A broadly acceptable technique for mitigating the effects of
outliers is the transformation of continuous data into discrete
categorical variables. This technique, known as discretization,
distributes the continuous values into a set of discrete bins (or
buckets) according to some criteria. For example, in equal-
width binning, a set of bins of equal widths is created, whereas
in equal-frequency binning, each bin contains the same number
of samples. Other approaches employ clustering algorithms
(i.e., each cluster represents a bin) or statistical tests between
the class label and adjacent intervals.

In general, discretization has several beneficial effects in
classification tasks because of its ability to reduce noise and
simplify complex data. However, it simultaneously introduces
a risk of information loss and it may require careful tuning to
avoid over-simplification. In this context, many discretization
methods require the explicit setting of the number of bins
and do not support mechanisms for automatically determining
their population. This makes the risk of information loss
even greater, because different features are usually subject to



different distributions that require a different number of bins
to be modeled effectively.

To our knowledge, it is the first study examining the effects
of discretization in software defect detection applications.
Specifically, we present an extensive experimental evaluation
of 7 supervised and unsupervised discretization techniques on
26 software defect detection datasets. We employ 6 classifi-
cation models and we measure their performance in terms of
Accuracy, Balanced Accuracy and F1 score. We also introduce
a simple heuristic method that automatically determines the
most suitable number of bins per feature column. The pro-
posed heuristic utilizes the Bayesian Gaussian mixture (BGM)
model, aiming at capturing different modes in the value
distribution of each feature column. The experiments prove
that in several scenarios, this approach can indeed improve
the ability of a discretizer to enhance detection performance.

The remainder of this paper is organized as follows. In
Section IT we briefly describe the most representative studies in
the field of continuous data discretization. Section III presents
the methodology of this study and several design details, while
Section IV discusses the results of our experimental evaluation.
Finally, the conclusions of this study are summarized in
Section V, along with several interesting directions for future
research.

II. RELATED WORK

The beneficial effects of discretization in machine learning
led to the introduction of numerous state-of-the-art techniques.
In general, discretization methods can be classified into unsu-
pervised and supervised approaches [19], [20].

The former do not rely on class labels, but instead focus
on the structure and distribution of the data itself. They are
proven to be useful when class labels are not available or are
difficult to define. The simplest algorithms employ binning, a
technique that distributes the continuous values into a set of
buckets [19]. In this context, equal-width binning divides the
range of attribute values into intervals of equal widths. On the
other hand, equal frequency binning ensures that each interval
contains the same number of data points [21]. Both methods
are computationally efficient but may suffer from problems
related to the sensitivity to the distribution of data. They also
require a manual setting of the bins to be constructed, and this
parameter usually requires careful tuning.

Clustering-based techniques also belong to the family of
unsupervised methods. A common binning technique is to
determine the bin contents by applying a clustering algorithm
like k-Means. The values to be discretized are then grouped
into similar clusters and can be uniformly represented by the
cluster label. Similarly to the two aforementioned binning
methods, this one also requires setting the number of bins
in advance, or a stopping criterion that terminates the cluster
merging or splitting process.

Although the unsupervised methods offer inherent simplic-
ity, they frequently perform poorly, especially in cases where
the data values are not distributed equally. Moreover, these
methods are prone to information loss, significantly distorting

the value distribution. To confront these issues, the supervised
techniques use the class labels to guide the discretization
process, with the aim of optimizing the performance of sub-
sequent machine learning models.

The techniques that employ statistical tests between adjacent
intervals and the provided class labels are among the most
popular supervised discretization methods. For example, the
ChiMerge algorithm was based on the idea that the relative
class frequencies within a bin must be consistent; in the
opposite case, the bin must be split [22]. The method also
suggests that two adjacent intervals should not have similar
relative class frequencies. The similarity of two intervals is
measured by applying the y? statistical test.

Chi2 improves ChiMerge by modifying the statistical sig-
nificance level in each round, trying to merge more adjacent
intervals, provided that the inconsistency criterion remains
valid [23], [24]. Tay et al. introduced a modification to the
Chi2 algorithm that takes into account the inaccuracy of the
ChiMerge’s merging criterion [25]. However, all the afore-
mentioned methods examine each feature individually, failing
to incorporate the possible dependencies between different
features. In contrast, ConMerge performs the x? test for two
adjacent intervals, taking into account all continuous values
[26].

Another family of algorithms computes the interval sepa-
ration points by utilizing information-based or entropy-based
measures [19], [27]. The method of [21] was based on the
idea of minimizing the entropy of the bins and employed the
Minimum Description Length (MDL) criterion to estimate the
number of bins. On the other hand, Wong et al. proposed
an entropy-based approach to transform continuous data into
discrete tuples [28].

Other notable contributions to the area include the class-
attribute interdependence maximization (CAIM) algorithm, a
method that tries to discretize the continuous values into
the smallest number of intervals, while simultaneously maxi-
mizing class interdependency [29]. In addition, Gupta et al.
introduced a clustering approach, intending to capture the
dependence among the different variables of an observation
[30]. Two systematic reviews of the relevant literature on data
discretization are the studies of Garcia et al. [31] and Ramirez-
Gallego et al. [20].

III. DISRETIZATION IN SOFTWARE DEFECT DETECTION

We organize the presentation of our study in five sub-
sections. The first four describe i) the benchmark datasets
(Subsection III-A), ii) the 7 examined discretization methods
(Subsection III-B), iii) the classification models that we trained
with the aim of detecting software defects (Subsection III-C),
and iv) the evaluation measures that we employed to evaluate
the detection performance (Subsection III-D).

Furthermore, Subsection III-E presents the methodology
that was adopted during this study. More specifically, we
provide the necessary details regarding the involved data
transformations and the design of the model training and
testing procedures.



TABLE I: Software Defect Detection Datasets

# | Dataset m n | Y]
1 ARI1 121 29 2
2 AR4 107 29 2
3 CM1 498 21 2
4 KCl1 2109 | 21 2
5 KC3 458 39 2
6 MC2 161 39 2
7 PC1 1109 | 21 2
8 PC3 1563 | 37 2
9 ANT-1.3 125 20 2
10 | ANT-1.5 293 20 2
11 ANT-1.7 745 20 2
12 | CAMEL-1.2 608 20 2
13 | CAMEL-14 872 20 2
14 | CAMEL-1.6 965 20 2
15 | IVY-1.1 111 20 2
16 | IVY-14 241 20 2
17 | IVY-2.0 352 20 2
18 | JEDIT-3.2 272 20 2
19 | JEDIT-4.1 312 20 2
20 | JEDIT-4.2 367 20 2
21 | JEDIT-4.3 492 20 2
22 | LOG4J-1.0 135 20 2
23 | LOG4J-1.2 205 20 2
24 | SYNAPSE-1.0 157 20 2
25 | SYNAPSE-1.1 222 20 2
26 | SYNAPSE-1.2 256 20 2

A. Datasets

The NASA MDP [32] and PROMISE' [33] collections
are among the two most popular data sources for software
defect detection tasks. They contain healthy and defective code
examples for a wide variety of software projects and have been
utilized in numerous relevant studies. Their columns contain
numerical attributes that quantify software quality measures
and attributes including the Halstead complexity measures,
program line counts, bug lines and others.

Table I contains the details of the 26 benchmark datasets
that were used for performance evaluation. The second and
third columns show the number of data instances and features
(columns), respectively. All datasets involve two classes (de-
noted in the last column), revealing the binary nature of the
problem.

B. Discretization Methods

We examined the effects of discretization on software defect
detection applications by implementing and testing a set of 7
unsupervised and supervised discretization techniques. The set
includes:

e Equal-width binning: The simplest unsupervised dis-
cretization technique. First, it partitions the range of
values into a fixed set of k£ bins of equal widths, and
then it distributes the values into these bins.

o Equal-frequency binning: An equally simple unsuper-
vised method that partitions the range of values into a set
of k bins, so that each bin contains (roughly) the same
number of values.

Thttps://promisedata.org/

e k-Means binning: This approach groups similar continu-
ous values into k clusters (bins) by executing the k-Means
clustering algorithm.

e GMM binning: Another clustering-based discretizer that
is similar to the previous one. Here the k clusters/intervals
are determined by fitting a Gaussian Mixture Model.

o CAIM: The supervised method of Kurgan et al. [29] per-
forms discretization by applying a class interdependency
maximization criterion . Simultaneously, CAIM tries to
identify the smallest number of intervals.

o ChiMerge: A popular discretization technique that merges
adjacent intervals by estimating how similar their relevant
class frequencies are [22]. This is achieved by computing
their x? similarity with the class labels; if they are found
to have similar class frequencies, they are merged.

« BGM-ChiMerge: Here we propose an improvement to
ChiMerge with the aim of limiting the maximum number
of intervals to be created. More specifically, before exe-
cuting ChiMerge, we first fit a Bayesian Gaussian Mixture
(BGM) model on the column values in order to capture
different modes in their distribution. Subsequently, the
maximum number of bins is determined by the non-zero
weights of the output BGM modes. We experimentally
show that such an approach has beneficial effects in
several scenarios.

Apart from these methods, we also consider the case where
the original data is directly fed into a predictor without
applying any discretization method. We call this case None
to denote the absence of a discretizer, and we use it as a
baseline for evaluating the ability of a discretizer to enhance
(or degrade) the classification performance.

C. Classifiers

The task of detecting software defects requires a (binary)
classification model. In this study, we employed a set of 6
such models in order to conduct a broad analysis with reliable
results. This set includes:

o XGBoost: an ensemble classifier based on boosting with
100 estimators of maximum depth set equal to 6. The L2
regularization term was set equal to 1.

o Multilayer Perceptron (MLP): a typical feed-forward neu-
ral network with two hidden layers of 128 neurons each,
utilizing the Rectified Linear Unit (ReLU) for activation.
The model was trained with the Adam optimizer, with an
L2 regularization parameter equal to 104

e C4.5: a decision tree classifier, with no limit on its
maximum depth.

« Random Forest: a bagging classifier consisting of 50 de-
cision trees, with no limit on their maximum depths. Each
component tree used a random subset of /n features to
find the best split.

e Support Vector Machines (SVM): a standard Linear SVM
classifier, using L2 regularization with C' = 1. The model
was trained by optimizing the squared hinge loss function.

o Logistic Regression: executed for a maximum of 300
iterations, with an L2 regularization term equal to 1.



D. Evaluation Measures

The detection performance of the aforementioned methods
was evaluated by using three metrics: Accuracy, Balanced
Accuracy and F1 score. The first one is defined as the ratio of
the correct predictions over the total number of predictions:
_ Correct Predictions

Acc =

(D

In general, the software defect detection datasets exhibit a
high class imbalance ratio, caused by the fact that the defective
samples are far fewer than healthy ones [11]. In such cases, it
is widely accepted that Accuracy cannot effectively represent
the defect detection performance, dictating the usage of other,
more informative measures like Balanced Accuracy and the
F1 score.

Balanced Accuracy is defined as the arithmetic mean of
Sensitivity and Specificity:

Total Predictions

Sensitivity + Specificity 2
5 :

In the context of software defect detection, Sensitivity and
Specificity measure the ability of a model to classify a module
as defective, or not. They are defined as follows:

Sensitivity = Recall = TP/(TP + FN), 3)
Specificity = TN /(TN + FP). 4)

Bacc =

Alternatively, the F1 score is defined as the harmonic mean of
Precision P and Recall R:

2PR
Fl= 5
P+ R’ ©)
where:
Precision = P =TP/(TP + FP), (6)
Recall= R=TP/(TP + FN). 7

E. Methodology

In order to assess the effects of discretization in software
defect detection in a robust and reliable manner, we adopted
a 3-stage strategy composed of the following steps:

1) Discretization: During this stage, the continuous
columns of a dataset were transformed into ordinal inte-
gers by using the discretizers of Subsection III-B. These
integers represented the intervals where the continuous
values should be placed into.

2) One-Hot Encoding: The output of the previous stage
was subsequently one-hot encoded, in order to become
suitable to be fed into a classifier.

3) The one-hot representations of the discretized intervals
were eventually fed to the classifiers of Subsection III-C
for training.

To strengthen the reliability of the procedure, we have
serialized these three stages by using a pipeline structure that
automatically fed the output of a stage into the next one.
In this way, we avoided the leakage of information from
the training to the test set and we simplified the evaluation.

The results were validated by using 5-fold cross-validation
with stratification, which dictated an 80/20 split ratio of the
original dataset into a training and a test set with similar class
distributions.

The second stage ensured that all features were passed to
the classifiers into an one-hot encoded representation. Conse-
quently, no kind of normalization was performed. To alleviate
the effects of randomness, all experiments were repeated three
times with different initial seed values; namely, 0, 1 and 42.
The results presented in the next section are the average values
of the aforementioned measures computed over these three
executions.

IV. RESULTS AND DISCUSSION

In this section, we present the results of our experimental
study. All experiments were carried out on a workstation with
an Intel Corel7 12700K, 32GB RAM and NVIDIA RTX3060
GPU, running Linux Mint 21.03. The implementation code is
publicly available on Github to facilitate the reproduction of
these experiments?.

Figures 1 and 2 illustrate the performance of the 6 classifiers
in the 26 benchmark datasets. Both figures display 9 diagrams
placed on a 3 x 3 grid. Each column in the grid represents a
different evaluation measure (i.e., Accuracy, Balanced Accu-
racy and F1 score), and each row depicts a different classifier.
Moreover, each diagram displays 8 Whisker plots (also known
as boxplots) that correspond to the 7 discretization methods
plus the None case.

The boxplots are considered suitable for collectively illus-
trating measurements from multiple datasets and they are not
parametric. Each box is created by considering 26 values (one
per dataset) of one evaluation measure. The lower and upper
edges of each box represent the 25th and 75th percentiles,
respectively. That is, the median values of the lower and upper
halves of the set of the 26 measurements. The continuous and
dashed lines inside each box denote the median and mean
values of the evaluation measure, respectively.

The results illustrated by these diagrams are rather clear:
on average, the only two methods that consistently improve
classification performance are ChiMerge and our proposed
BGM-ChiM. Regarding the other discretizers, their perfor-
mance against the None scenario (i.e., when no discretization
was applied) was rather blurry. On several datasets, classifiers
and evaluation measures they were found beneficial, whereas
in some others, they significantly degraded the quality of de-
tection. The general outcome of this study is that, on average,
ChiMerge and BGM-Chi can better capture the underlying
distribution of the continuous features.

More specifically, in the case of XGBoost, BGM-ChiM was
on average the most effective method, since it outperformed
all its adversaries in terms of Accuracy, Balanced Accuracy
and F1 score. The original ChiMerge algorithm was also
competitive and was ranked second in this test, whereas
the None scenario was ranked third in terms of Balanced

Zhttps://github.com/lakritidis/DeepCoreML
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Fig. 1: Software defect detection performance of various discretization methods combined with the XGBoost (top), Multilayer
Perceptron (middle), and Random Forest (bottom) classifiers in terms of Accuracy (left), Balanced Accuracy (Center) and F1

score (right).

Accuracy and F1 score. On the other hand, CAIM was found
beneficial in terms of Accuracy, but, on average, it achieved
low Balanced Accuracies and even lower F1 scores.
Interestingly, the performance of the Multilayer Percepton
classifier was significantly improved by all discretization meth-
ods, including the unsupervised ones. Similarly to the previous
case, BGM-ChiM was the strongest approach, achieving the
highest mean Balanced Accuracy and F1 scores. ChiMerge
and CAIM were ranked second and third, respectively. The
unsupervised clustering-based method that employs k-Means

for discretization was also quite effective. This top-3 ranking
(i.e., BGM-ChiM, ChiMerge, CAIM) was preserved in the
case where the Random Forest classifier was used for detecting
software defects. The baseline method None occupied the
fourth position in this experiment.

Regarding the other three classifiers of Figure 2, the sit-
vation in the top of the list was reversed, and ChiMerge
outperformed all the other approaches. In the case of Linear
SVM, the third place was occupied by None, demonstrating
the weakness of the other discretizers to improve classification
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Fig. 2: Software defect detection performance of various discretization methods combined with Linear SVM (top), Logistic
Regression (middle), and Decision Tree (bottom) classifiers in terms of Accuracy (left), Balanced Accuracy (Center) and F1

score (right).

performance. Regarding Logistic Regression, ChiMerge and
BGM-ChiM were again the two highest performing methods.
However, CAIM was also found beneficial compared to the
“No Discretization” scenario and it was ranked third.

The only experiment where CAIM achieved the highest
performance was the Accuracy of the Decision Tree classifier
(left diagram in the last row of Fig. 2). However, in terms of
Balanced Accuracy and F1 score, ChiMerge and BGM-ChiM
were again the two most effective techniques, followed by
CAIM.

The statistical significance of the aforementioned experi-

ments was confirmed by running a series of Friedman post-hoc
non-parametric tests. The results of these test are displayed in
Table II and demonstrate that all p-values were far smaller
than the threshold of 5 - 1073,

V. CONCLUSION AND FUTURE WORK

In this study, we examined the effects of discretization
in software defect detection tasks. We designed a thorough
experimental procedure and verified the performance of 7 such
techniques on 26 datasets with 6 classification models. In
addition, we introduced an improved version of ChiMerge,



TABLE II: Post-hoc Statistical Significance Analysis with the
Friedman Non-Parametric Test

Classifier Accuracy Bal. Accuracy F1

XGBoost 3.212-10~10 | 2.941-10~ | 7.163-10"15
MLP 1.248-10~1° | 1.306-10-18 | 1.052- 1021
Random Forest 5.739-10~12 | 1.288-10~ 13 | 2.241-10~1*
SVM 4.175-10-20 | 1.105-10~17 | 6.245-10"18
C4.5 4.862-10-18 | 2.869-10—12 | 8.424.10~ 13
Log. Regression | 8.789-10~'® | 2.802 1017 | 7.622-10" 18

called BGM-ChiM, with the aim of setting an upper limit to
the number of the created intervals. Initially, BGM-ChiM fits a
Bayesian Gaussian Mixture to the values to be discretized, and
determines the upper limit of the intervals from the number
of the non-zero mode weights.

The presented results indicated that the simple unsupervised
techniques, such as equal-width and equal-frequency binning,
are in general harmful for detection accuracy, as they miss
critical information about the class-dependent distributions of
the feature values. In contrast, several supervised discretization
techniques, and especially BGM-ChiM and ChiMerge, may
consistently improve the classification performance.

We intend to use the results of this study in devising
oversampling solutions for alleviating the problem of class
imbalance. More specifically, we investigate modifications to
several generative models (like GANs and VAEs) to render
them more effective in oversampling tasks with samples that
contain only categorical variables.
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