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Abstract—Highly imbalanced data typically make accurate predictions difficult. Unfortunately, software defect datasets tend to have
fewer defective modules than non-defective modules. Synthetic oversampling approaches address this concern by creating new
minority defective modules to balance the class distribution before a model is trained. Notwithstanding the successes achieved by
these approaches, they mostly result in over-generalization (high rates of false alarms) and generate near-duplicated data instances
(less diverse data). In this study, we introduce MAHAKIL, a novel and efficient synthetic oversampling approach for software defect
datasets that is based on the chromosomal theory of inheritance. Exploiting this theory, MAHAKIL interprets two distinct sub-classes as
parents and generates a new instance that inherits different traits from each parent and contributes to the diversity within the data
distribution. We extensively compare MAHAKIL with SMOTE, Borderline-SMOTE, ADASYN, Random Oversampling and the No
sampling approach using 20 releases of defect datasets from the PROMISE repository and five prediction models. Our experiments
indicate that MAHAKIL improves the prediction performance for all the models and achieves better and more significant pfvalues than
the other oversampling approaches, based on Brunner's statistical significance test and Cliff’s effect sizes. Therefore, MAHAKIL is
strongly recommended as an efficient alternative for defect prediction models built on highly imbalanced datasets.

Index Terms—Software defect prediction, class imbalance learning, synthetic sample generation, data sampling methods, classification

problems

1 INTRODUCTION

SOFTWARE defect prediction models can conveniently
identify software modules or classes that are more likely
to be defective [1], [2]. Accurate prediction helps prevent
defects by suggesting that developers focus more on these
modules or classes to efficiently prioritize and allocate the
limited testing resources to them. The accuracy of the pre-
diction models are often hindered by the imbalanced nature
of the datasets [3], [4], in which there are naturally fewer
defective classes than the non-defective classes [1], [5], [6].
The main problem is that common prediction algorithms
assume that the classes in any dataset are equally balanced
[7], [8]. Thus, models trained on imbalanced software defect
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datasets are generally biased towards the non-defective
class samples and ignore the defective class samples [9].
Consequently, the class imbalance issue is well-recognized
as one of the major causes of the poor performance of soft-
ware defect prediction models [10], [11]. Accordingly, a con-
siderable body of research [5], [12], [13] has sought to
alleviate this problem in the past decade.

The prevalent approach to solving the problem of class
imbalance is to use data sampling techniques. To date, most
of the data sampling approaches are synthetic based [14],
[15], [16], [17]. The most popular among them being the
Synthetic Minority Over-sampling Technique (SMOTE)
[14], whereby new synthetic or artificial data samples are
intelligently introduced into the minority class samples.
These synthetic methods tend to introduce some bias
towards the minority class, thus improving the performance
of prediction models on the minority class.

Notwithstanding the positive effect that these synthetic
methods have on classifiers, Barua et al. [17] argued that
synthetic methods such as SMOTE and the Adaptive Syn-
thetic Sampling Approach (ADASYN) [15] erroneously
enlarge the minority class region. This leads to many major-
ity class samples being misclassified by a classifier because
synthetic samples are accidentally introduced into the
region of the majority class. These approaches also generate
data samples that are non-diverse and sometimes very simi-
lar to existing samples because they consider only nearest
neighbor samples.
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Similarly, Wong et al. [18] noted that SMOTE causes
over-generalization and leads to a similar problem intro-
duced by cross-company defect prediction which is mainly
the increase in the false alarm rate (pf) [19] whereby non-
defective modules are wrongly classified as defective. Our
recent study [20] also confirmed the findings by Wong et al.
[18]. A high pf implies that more effort is unnecessarily allo-
cated to inspect those wrongly classified modules. In agree-
ment with Barua et al. [17] and Wong et al. [18], Hang et al.
[21] concluded with respect to anomaly detection that
SMOTE increases pf despite the significant increase in classi-
fication accuracy. The problem of a high pf in highly imbal-
anced defect datasets was discussed in detail by Menzies
et al. in [22]. Menzies et al. suggested high recall (pd) and
low pf as the more stable performance measures for predic-
tion models trained on highly imbalanced defect datasets.
As such, data re-sampling approaches that result in high pf
are undesirable.

In this study, we propose a novel resampling technique
that achieves both a high pd and a low pf simultaneously. We
believe that this can be achieved by generating as much
diverse synthetic data as possible restricted within the region
of the minority class. When the oversampling approach gen-
erates synthetic samples that are widely distributed but
appropriately reside within the decision boundary or region
of the minority class, the pf can be conveniently reduced
without sacrificing the overall performance.

Our proposed oversampling technique takes inspiration
from the field of biology by considering how diverse popula-
tions of humans or living organisms differ although they are
of the same species. This phenomenon is explained by the
Chromosomal Theory of Inheritance [23], which justifies how
offspring inherit traits from their parents by obtaining chro-
mosomes from each parent in equal quantity. The proposed
technique named MAHAKIL (oversampling based on the the-
ory of inheritance and the Mahalanobis distance), increases
the diversity within the minority class by uniquely creating
new synthetic minority instances based on a “typical” case
(having a small diversity measure distance value) and an
“atypical” case (having a large diversity measure distance
value) so that the resultant instance becomes not too typical
and not too atypical. The proposed technique offers several
benefits over the other complex and conventional techniques.
The over-generalization problem is alleviated by this tech-
nique because the newly generated samples are evenly dis-
tributed within the data and automatically induced to reside
within the boundary and region of the minority class samples.
Generating data instances from two dissimilar instances
ensures that over fitting is avoided because this technique
does not generate duplicated samples, thus in effect increas-
ing the diversity within the resampled dataset.

We conducted empirical experiments to systematically
show the performance of MAHAKIL in comparison to four
common over-sampling approaches: Random Over-Sam-
pling (ROS), SMOTE, Borderline-SMOTE and ADASYN
using 20 imbalanced defect datasets from the PROMISE
repository’ and considering five classification algorithms
evaluated on the resampled datasets. Based on robust Brun-
ner statistical test and win-tie-loss statistics, our results show

1. http:/ /openscience.us/repo/

that MAHAKIL significantly improves the recall(pd) perfor-
mance and reduces the pf for all five models over SMOTE,
Borderline-SMOTE, ADASYN and ROS. The organization of
this paper is as follows. Section 2 discusses some concerns
over the typical sampling techniques and the motivations
behind the MAHAKIL approach. Section 3 summarizes the
chromosomal theory and its application to synthetic data
generation. In Section 4, a detailed description of the MAHA-
KIL approach and its main components are presented. In
Section 5, we describe the experimental methodology and
performance evaluation measures used to validate our
approach. The experimental results are presented in Sec-
tions 6 and 7 discusses the impacts of our findings, the limita-
tions of our study and future research relating to MAHAKIL.
Section 9 reviews the closely related research on imbalanced
dataset and sampling techniques. Finally, a summary of the
study is presented in Section 10.

2 MOTIVATION

Synthetic oversampling methods such as SMOTE [14], Bor-
derline-SMOTE [16] and ADASYN [15] share similar proce-
dures for generating synthetic data. These methods use the k
nearest neighbor (k-NN) technique to aid in selecting similar
neighbors for oversampling. These techniques select the data
instances that are the nearest neighbors or very close to the
data instance under consideration with respect to their
euclidean distance values. However, selecting only data
instances that are very close (neighbors) poses the potential
challenge of generating less diverse data points. For example,
when k =1, two very similar parents are selected, thereby
generating data instances that are mere duplicates of the
parents. This is almost the same as the ROS approach, which
simply duplicates existing data instances and thus provides
no new information to the classifier during training. The
minority class boundary can also be accidentally widened by
the conventional A-NN methods when data instances on the
boundary are considered for oversampling. From Fig. 1b,
most of the new data instances generated tend to fall outside
the previous minority decision boundary and fall in the
region of the majority class when data point C'is considered.
Lastly, if the minority class samples comprise several
sub-clusters of unequal size (intra-class imbalanced), gener-
ating synthetic data using the conventional £&-NN methods
such as SMOTE will only increase the size of the sub-
clusters because each generated data instance will fall into a
specified cluster. Therefore, these samples worsen the intra-
class imbalanced problem. Fig. 1a displays an example of
small and fairly dense subsets of samples within the minor-
ity class samples. If data points A and B are considered for
the oversampling, all new generated data points will fall
within their respective clusters if the synthetic methods that
use k-NN methods are applied. The estimated decision
boundary (dashed line) can be largely induced towards the
dominating sub-clusters (i.e., cluster of A) and will not
approximate as expected with the ideal or true decision
boundary (solid line), as observed from Fig. 1a. Moreover,
an “empty space” between the major clusters will not be
filled with data because all new data samples generated fall
within a cluster. The ideal resampled data are presented in
Fig. 1c, where the newly generated synthetic data are
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— Majority class

# Minority class

3¢ New synthetic data

(a) before resampling

(b) after resampling

(c) ideal resampled data

Fig. 1. Effect of sub-clusters of unequal or small sizes on the class imbalance problem; (a) the estimated decision boundary (dashed line) does not
approximate the ideal or true decision boundary (solid line); (b) generating synthetic minority data without considering the position and distance of
the nearest neighbors from the minority example (e.g., data point A) creates near duplicated or erroneous data and widens the estimated decision
boundary; and (c) the ideal diverse data after resampling ensuring that the estimated and true decision boundaries are almost equal.

diversely spread and induce the estimated decision bound-
ary to almost equal the true decision boundary.

These examples demonstrate that sampling methods
based on the k&-NN method are still deficient and are some-
times inappropriate for certain disparate scenarios of defect
prediction. They can generate identical or duplicate data
points and worsen the intra-class imbalanced issue. As
noted by Barua et al. [17], these problems occur because
these approaches select all k£ nearest neighbors with no
regard to the position and distance of these neighbors from
the data point under consideration. They thus generate erro-
neous samples and widen the region of the minority class.
The determination of k£ in advance also poses a challenge for
these methods.

3 CHROMOSOMAL THEORY OF INHERITANCE AND
DIVERSITY

According to elementary biology and genetics, genes, the
basic unit of heredity are located on the chromosomes and
are passed on to children in equal amount with half from
both parents during fertilization of the gametic (egg and
sperm) chromosomes. This theory known as the Chromo-
somal Theory of Inheritance was proposed in 1902 by Walter
Sutton and Theodor Boveri [23]. The theory implies that new
offspring receive 50 percent of chromosomes from each par-
ent, thereby making the new offspring similar to both
parents and at the same time, unique from both parents. To
maintain diversity within species, the sex(gender) of the spe-
cies is of great importance because it helps in selecting two
opposite members that can reproduce. The natural process
of reproduction involving chromosomes can be defined as
follows. Two different sets of chromosomes population M =

(ml,mg,m;;, .......... mq) and F = (fl,fQ,fg, .......... f(])
are created with the same size ¢. Each chromosome
c=(Cj1,Cj2,Cj3yevvnn... ¢jp) represents a p-dimensional

vector comprised of genes, where cj; is the kth gene value
(k=1,2,...,p) of the jth chromosome (j=1,2,....,¢) in
each of the populations. A new offspring is produced when
two chromosomes, one from each set are combined with
each parent randomly contributing half of the genes inher-
ited by the offspring.

By elucidating the heredity law in animals and plants,
researchers in the fields of biology and agriculture have
extensively applied this theory and produced significant

benefits. For example, improved methods for introducing
new breeds of various plants and animals have been devel-
oped by agricultural specialists [24]. This theory has also
provided valuable information about the DNA within a cell,
hence facilitating the development of specific kinds of
breeds in the domain of agriculture on a more rational basis
whereby breeders, for example discard fish that are less pro-
ductive and focus more on the productive animals [25], [26].
Farmers segregate animals and plants into groups based
on their environmental and genetic features to develop
(generate) specific traits in the plants and animals. Thus, the
chromosomal theory of inheritance forms the basis of our
understanding of the patterns of inheritance of many differ-
ent traits in humans and other organisms.

The underlying principles behind selective animal and
plant breeding are applied to an imbalanced defect dataset
in order to generate (introduce) new data instances of faulty
modules. During selective breeding, methods such as out-
crossing, inbreeding and line-breeding [27] have been used
to segregate the populations of animals and plants. Simi-
larly, we can rationally oversample the faulty classes by
considering a similarity measure to aid in segregating our
data samples. Based on the chromosomal theory of inheri-
tance and by adopting the segregation approach, we aim to
develop an oversampling technique that can generate new
samples by examining the minority defective samples and
merging distinct samples to produce synthetic data instan-
ces that are maximally different from the parents and con-
tribute to the diversity (variation) within the minority class
distribution. The proposed oversampling algorithm based
on inheritance theory is different from genetic algorithms
because the software modules are considered to be individ-
uals and not solutions to a specific problem. Furthermore,
similar to other oversampling techniques, we do not want
to lose the few minority data instances in the datasets after
generating new data instances, which is in contrast to
genetic algorithms whereby parents or older generations of
parents die after generating new children data instances.

4 MAHAKIL - NEw OVERSAMPLING TECHNIQUE
FOR SOFTWARE DEFECT PREDICTION

4.1 Overview

We exploit the challenge of the above mentioned synthetic
methods in formulating our novel MAHAKIL oversampling
y.
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Level 1 Level 2 Level n

Level O

S2

Fig. 2. lllustration of MAHAKIL. The red and green dots represent the
minority samples with the latter representing the synthetic data gener-
ated by MAHAKIL.

method. We take inspiration from Walter Sutton’s [23] chro-
mosomal theory of inheritance by considering the features
(metrics) of the defective modules as the chromosomes. The
theory fits our objective of endeavoring to generate diverse
data instances. We seek to generate new minority instances
that take features from two different data instances but are
also uniquely different and not a direct duplicate of the data
instances involved. The basic intuition is that two different
instances, which are not necessarily close in distance, can
produce a new instance that is similar to both instances.
MAHAKIL aims to generate a synthetic instance that has
both peculiar and common attributes, and it involves three
simple and fundamental phases.

In the first phase, the segregation measure values for the
minority samples are computed after separating the minority
samples from the majority samples. This involves computing
of the Mahalanobis distance (D?) for the minority samples
and arranging the samples in a descending order according
to their D values. In the second phase, the ordered samples
are partitioned into two bins by using the midpoint of the
distance matrix (D?) or central instance to split the samples
and sequentially assign a unique label to each member in
both bins. In the last phase, the synthetic sample is generated
by finding the average of two selected data samples (samples
with same unique labels) from each partition. Algorithm 1
presents the complete process, in which phase 1 is described
in steps 1 to 6, the second phase is from steps 7 to 9 and con-
cludes with steps 10 to 14 for the final stage. Each component
or phase is described in the following sections.

Fig. 2 shows MAHAKIL in greater detail. The figure
shows the complete generation of minority samples based

on the number of samples required, which are represented
as levels, and focuses on the minority class samples extracted
from the whole data. In the first step, based on the Mahalano-
bis distance, the first and main parents (ancestors) are found
and partitioned into two groups (node S1 and node S2)
which are used to generate the set of new synthetic samples
C01. To avoid new synthetic samples penetrating into the
region of the majority class, the first parent nodes are used as
the boundary such that all subsequent children generated
automatically reside within the range of the parents. Each
new child node with the help of its immediate parent, grand
parent or ancestor is used to generate two or more extra
nodes if more data instances are required. In step 2 (Level 0),
the new synthetic node or children are included in the next
process of data generation by pairing the children with the
first node of parents (S1) and later with the second node (52)
to generate two new nodes of children. Consequently, in the
next levels, the location of the children nodes is considered.
New samples are generated by considering the immediate
parent node of each children node. If the samples generated
by pairing the children and immediate parent nodes are less
than the required number of samples, the predecessor nodes
of the parent nodes are paired with the current/children
node. If the generated samples are still less than the required
number of samples, the process of pairing the child nodes
with older generations is repeated until the samples are suffi-
cient (greater than or equal to the required number of sam-
ples). From level 1 onwards, the pairing is done using the
sequential labels inherited from the immediate parents of the
nodes and thus, the Mahalanobis distances are not computed
for any two samples selected for data generation. Only steps
10-14 of Algorithm 1 are invoked for all levels starting from
level 0.

4.2 Phase 1: Diversity Measurement

To define a diversity measure for a set of minority defective
samples, we initially consider the diversity between the
smallest sample set possible, which will be a set of two
defective instances. To declare two p-dimensional feature
vectors in the defective class as being the most diverse, the
diversity value between them should be very large. We
measure the diversity of two data instances using the Maha-
lanobis distance measure proposed by P. C. Mahalanobis
[28]. This measure is adopted because it eliminates several
limitations of the euclidean metric. Defect datasets are
known to contain noise or duplicates [3] due to the collec-
tion process of the metrics. In this case, the use of the euclid-
ean distance measure would fail to recognize the highly
correlated or duplicated data samples that provide no new
information during the classifier training. As a unit-less
measure, the Mahalanobis distance measure provides a rel-
ative measure of an instance distance or residual from a
common selected point and helps identify and detect the
similarity between an unknown sample set and a known
one, which also helps in detecting outliers. This measure is
preferred because of its multivariate effect size, which con-
siders the correlation of the dataset and is therefore, not
scale dependent. The covariance among the data samples is
also considered when calculating the distances thus, over-
coming the inherent scale and correlation problems associ-
ated with the euclidean distance measure.
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Considering two data instances or vectors of the defec-
tive class x = (21, 22,23, evv.... :n,L)T and y = (y1,v2, Y3,
.......... yn)T, the Mahalanobis distance between them is
defined as:

d(z,y) = \/(x —)'S-1(z —y), where S~! is the covari-
ance matrix

We use this measure to help rank and sort the data
instances according to their distance in a decreasing order.
By sorting the data, we are able to distinguish data samples
that are far or close from the central data instance.

Algorithm 1. Overview of MAHAKIL(N, P)

Input: Dataset of minority and majority class samples N; Pfp
value P
Output: Balanced dataset at a set Pfp value
Procedure Begin
1) Split dataset N into arrays of minority class N,,; and
majority class INV,,q;
2) Compute the number of additional minority classes to be
generated (T) to attain Pfp P and k = arraylength(N,)
3) Xnew: array for generated sample, initialized to 0
4) X cweni: keeps count of number of synthetic samples
generated,
5) Compute Mahalanobis distance (D?) for Npin, D* = (z —
w) 3 (z — ) where p=mean and 3 = covariance matrix
6) Save D? matrix and it's respective data samples in a
decreasing order in Nindist
7) Find the midpoint or middle instance, i.e., N,iq = k/2
8) Create two partitions from N4« making N,,;q the last
record for partition 1 and N,,441 the starting record for

partition 2, i.e., Nyjwi ={y1,92............ Ymia} and Npjpo =
{ymid+17 Ymid42 «+ovveveennn yk}/ where yiENmin(list
9) For each y;eNyi,1 and y;eNyin2, sequentially assign unique
labels (I;) fromi=1............ mid
10) fori=1....... mid
11) e select instances y,, y, from Ny;,; and Ny;o where label

(;) of ya, yy are same, i.e., yo(l;) == yy(I;)
e Generate a minority class synthetic sample = by
average(ya, )
e Add z to X,,., and increment X,,c.ck:
12) end for
13) If Xyewen < T, pair instances in X, with instances in
each parent bin Vy;, and repeat steps 10 to 12 to create
two different sets of X (= 1,2). If still Xpeyer < T,
pair each set of current X, with it's immediate parent
set and later with predecessor set (i.e., set that contributed
to generating that current set) of immediate parent and
repeat steps 10 to 12 for subsequent rounds.
14) If X, cpenr; > =T, assign all samples in X,,.,, with the label
of the minority class (defective) and add to dataset N.
End

4.3 Phase 2: Data Partitioning and Pairing

To avoid the problems associated with the k-NN based tech-
niques, MAHAKIL uses a partitional cluster approach.
Based on the concept of the equal chromosomes from two
parents established in the chromosomal theory of inheri-
tance, we partition or segregate the data samples into two
bins based on having a small Mahalanobis distance (typical
case) and having a large Mahalanobis distance (atypical

case). Usin% two bins to partition the sample also results in
Authorized lic

the best and generalized output of synthetic data after sev-
eral runs of simulation experiments. We believe that it is
practical to use two parents because this approach still works
even when there are very few defective instances. The two
partitions are obtained through sorting using the middle
instance found during the ranking to partition them. All data
samples with Mahalanobis distance values higher than or
equal to the middle data sample are grouped into one parti-
tion while the second partition comprises the other data sam-
ples. Individual samples within the two partitions are
sequentially labeled and then paired. Two instances from
each bin are assigned the same label to uniquely identify two
independent instances from both bins that have been system-
atically and orderly paired as a “couple” (Steps 7- 9 of
Algorithm 1). The pairing is done in a systematic order such
that the first instances of both partitions are paired followed
by the second to last instances in sequential order. These
pairs are identified by their assigned labels. This is done to
ensure that there are no overlapping samples and that the
consequent samples to be generated reside within the minor-
ity decision boundary and fill the space between the two
clusters formed by the partitioning process.

4.4 Phase 3: Synthetic Sample Generation

In the final phase, the synthetic samples are generated by
aggregating and computing the mean or average between
two paired instances from each partition, which, is then
added to the original data N,,,;,, (steps 10 to 12 of Algorithm
1). Unlike the SMOTE algorithm and k-NN based techni-
ques, which use the k-nearest neighbor to determine and
generate a new synthetic instance, this approach considers
two instances that may not be close, as in being neighbors,
and orderly merges two unfamiliar instances by considering
them as “male” and “female” instances. In other words,
based on the two partitions created in the previous phase,
the resultant instances that are generated will be distinctly
unique but related to the parents from both partitions.
Maintaining an exact order between the pair of bins ensures
that the generated samples also follow the trend of their
parent instances. Thus, all of the synthetic data instances
are positioned within both bins so that no data instance falls
out of the decision boundary of the minority class. This
approach is beneficial because the synthetic samples gener-
ated do not overlap in the majority region. Another advan-
tage of MAHAKIL over the k-NN based techniques is that,
whereas the synthetic samples generated by the k-NN based
techniques tend to cluster or organize themselves in a par-
ticular group within the minority class samples, thus pro-
viding limited information to the trained classifier, the
synthetic samples generated by MAHAKIL are evenly dis-
tributed to exhaust all possible minority samples within the
two clusters thus, providing more information to the classi-
fier. Analytically, MAHAKIL generates synthetic data sam-
ples of the minority class within the convex hull of the
minority samples. By strictly working within the boundary
of minority class, MAHAKIL ensures no data samples are
created outside the decision boundary of the minority class.
Additionally, the synthetic samples are convex combina-
tions of well segregated parents that are dissimilar regard-
ing the Mahalanobis distance measure ensuring duplicate
instances are not generated.

ensed use limited to: CITY UNIV OF HONG KONG. Downloaded on September 16,2026 at 13:42:11 UTC from IEEE Xplore. Restrictions apply.



BENNIN ET AL.: MAHAKIL: DIVERSITY BASED OVERSAMPLING APPROACH TO ALLEVIATE THE CLASS IMBALANCE ISSUE IN SOFTWARE... 539

TABLE 1
Description of the Static Code Metrics [32]
Abbreviation Description
WMC Weighted methods per class
DIT Depth of Inheritance Tree
NOC Number of Children
CBO Coupling between object classes
REFC Response for a Class
LCOM Lack of cohesion in methods
LCOM3 Lack of cohesion in methods, different
from LCOM
NPM Number of Public Methods
DAM Data Access Metric
MOA Measure of Aggregation
MFA Measure of Functional Abstraction
CAM Cohesion Among Methods of Class

1C Inheritance Coupling

CBM Coupling Between Methods

AMC Average Method Complexity

Ca Afferent couplings

Ce Efferent couplings

CC McCabe’s cyclomatic complexity

Max(CC) Maximum value of CC methods of
the investigated class

Avg(CC) Arithmetic mean of the CC value
in the investigated class

LOC Lines of Code

Bug Number of detected bugs in the class

Based on the Pfp value, the algorithm computes the
amount of synthetic data instances to be generated and
prunes other data that are generated but not required. All
data instances in the nodes or levels above the last level are
included in the final dataset. The pruning starts from the
last level of data generated by dividing the amount of data
samples left to make our required final set complete by the
number of nodes on that level. The value computed is then
taken from each node on that level, which means that each
node on the last level will contribute equal amount to the
final set.

5 EXPERIMENTAL METHODOLOGY

The research question we ask in this study is “Can MAHA-
KIL perform better than other oversampling approaches?”
The primary goal of this study is to improve performance of
defect prediction models trained on imbalanced datasets
using our proposed oversampling approach. Comparative
experiments are conducted in order to answer the research
question. The performance of MAHAKIL is compared with
that of SMOTE [14], Borderline-SMOTE [16], Random Over-
Sampling (ROS), ADASYN [15] and the no sampling
approach (NONE).

Below, we describe the datasets, selected oversampling
approaches, predictive models, evaluation metrics and sta-
tistical tests used for the study. For a comprehensive study,
the datasets chosen vary in terms of the imbalance ratio and
sample size. Predictive models spanning different domains
of machine learning and statistics are also applied and a fur-
ther comparison is made using statistical tests to observe the
statistical significance and dominance of our sampling
approach on predictive models over the other four data
sampling approaches considered.

TABLE 2
Summary Statistics of Selected 20 Imbalanced Datasets
Extracted from the PROMISE Data Repository

# Release # modules # defects defects (%)
1 ant-1.3 125 20 16.0
2 ant-1.4 178 40 22.5
3 ant-1.5 293 32 10.9
4 ant-1.6 351 92 26.2
5 arc 234 27 11.5
6 camel-1.4 875 145 16.6
7 camel-1.6 965 188 19.5
8 ivy-1.4 241 16 6.6
9 ivy-2.0 352 40 114
10 jedit-4.0 306 75 24.5
11 jedit-4.1 312 79 25.3
12 jedit-4.2 367 48 13.1
13 log4j-1.0 135 34 252
14 pbeans2 51 10 19.6
15 redaktor 176 27 15.3
16 synapse-1.0 157 16 10.2
17 systemdata 65 9 13.8
18 tomcat 858 77 9.0
19 xerces-1.2 440 71 16.1
20 xerces-1.3 453 69 15.2

5.1 Benchmark Datasets

We conduct an experiment on 20 different benchmarked
datasets extracted from PROMISE Repository” which is
freely available online. Jurezcko and Madeyski [29], and
Jurezcko and Spinellis [30] kindly donated the projects,
which are stored in the PROMISE Repository. The PROMISE
Repository stores a collection of datasets that are commonly
used by the software engineering research community to
construct predictive software models [31]. Twenty static
code metrics (Table 1) are measured from classes or modules
of these projects which are written in JAVA. Non-defective
modules are labeled as zero and defective modules are
labeled with the total number of defects present in the mod-
ule. A summary of the data sets, including the total sample
size, number of features and percentage of fault-prone mod-
ules (Pfp) or defects for each dataset, is presented in Table 2.
With varying degrees of sample size, features and imbalance
ratios, these datasets provide an extensive domain for the
evaluation of the sampling techniques.

5.2 Baselines
MAHAKIL is compared to four other common oversampling
techniques and the no sampling approach (NONE). A brief
explanation of how these techniques work is provided below.
SMOTE. Proposed by Chawla et al. [14], this technique
over-samples the minority class in a dataset by creating
“synthetic” samples. It over-samples the minority class in a
bid to make the dataset as balanced as possible based on the
configuration parameter values. To generate these synthetic
samples, each minority class sample is considered and the
new samples are introduced along the line segments that
join any of the k minority class nearest neighbors.
Borderline-SMOTE. This is a modification of the SMOTE
technique but with the main focus on harder-to-classify
minority class data instances, which are referred to as

2. http:/ /openscience.us/repo/
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TABLE 3
Classification Models and their Hyperparameter Configurations
Model  Overview Hyperparameters
C4.5 J48 Decision ¢ = {0.05,0.10,0.20, 0.30, 0.40, 0.50, 0.60,0.70}
Tree
NNET 3-layer size = {4, .. 28}, decay = {0.10, 0.20}
Neural
Network
KNN K- Nearest c={2%(0,....,7)+ 1}
Neighbor
RF Random mtry = { 10, 50, 100, 200, 250, 500, 1000}
Forest
SVM Support c={276,....,210}
Vector
Machine

borderline data instances [16]. The algorithm first finds
minority class instances that have more majority class instan-
ces as nearest neighbors than minority class instances and
applies the SMOTE technique to such instances. This
approach has the advantage of strengthening the borderline
between the majority and minority class data instances.

ADASYN. ADASYN was proposed by He et al. [15] and it
assigns weights to the minority classes and dynamically
adjusts the weights in a bid to reduce the bias in the imbal-
anced dataset by considering the characteristics of the data
distribution. The ADASYN algorithm incorporates a density
distribution in automatically deciding the number of syn-
thetic samples needed for each minority class sample. The
learning algorithm is induced to focus on the hard to learn
(classify) examples within the minority class samples. There-
fore, the samples generated are not equal for all samples.

ROS. ROS increases the number of minority instances by
randomly replicating the already existing minority class
instances. A simple and easy approach to implement, ROS
has performed favorably in previous empirical studies
(4], [12].

5.3 Experimental Design

For the experiments, we use five classification algorithms
(Table 3) which have been used in similar class imbalance
studies [17], [33], [34] to evaluate the effect of each sampling
approach on the datasets. Conventional methods such as
Neural Networks [35], SVM [36] and the C4.5 decision tree
[37] are used. We also consider Random Forests (RF) which
is are known to improve classification accuracy because
they grow an ensemble of classification trees and allow
them vote on the classification decision [34]. Lessman et al.
[38] showed that RF was significantly better than 21 other
prediction models. KNN [39] is also used because it is easy
to implement and it classifies an unknown instance by con-
sidering its nearest neighbors. Hyper-parameter configura-
tions for the classification models estimated using a 10-fold
cross-validation method are presented in Table 3.

The training data are randomly selected using 2/3 of the
sample size and the remaining 1/3 as the testing data for
each dataset. The division is done using stratification such
that the proportion of minority class distribution or Pfp is
kept intact within both the training and testing datasets.
Fig. 3 shows the steps followed for the empirical evaluation

Imbalanced
defect data

i

Split data
randomly

2/3 of data 1/3 of data
Apply resampling techniques
(MAHAKIL, ADASYN, ROS, SMOTE, Borderline-SMOTE)
)
1
S—

data at Predicti ! l
different Pip @ Testing data

Optimal parameter
Prediction! m

l— 9folds ———F—— 1fold —l
Output

Training data

Training data

Validation data

Prediction model

Fig. 3. Framework of experiments.

Compute
performance
measures

Average of each
performance
measure

— 5 repetitions

of the data re-sampling methods for each dataset. To reduce
the impact of bias caused by the random splitting method,
the whole experiment is conducted 5 times. The results are
averaged across the independent runs and presented. The
sampling techniques are applied only to the training data-
sets. Because a significant number of the projects have fewer
minority samples than the number of features, we use a
multicollinearity technique to eliminate features with very
high correlations (>90 percent) and zero-variance predic-
tors. This helps to successfully invert the singular matrices
during the computation of the Mahalanobis distance for the
MAHAKIL approach.

We also consider a 10-fold cross-validation in choosing
the parameters of the validation set during the model con-
struction on the preprocessed or re-sampled training data-
sets i.e., we randomly partition the whole dataset into 10
folds of data and use all but one for training and validating
on the remaining fold. This procedure ensures that the opti-
mal parameters are found and selected after validating them
on each fold of data. The experiments are conducted on each
dataset after re-sampling with each over-sampling approach
at different levels of Pfp. With all datasets having a Pfp of less
than 30 percent, we conduct three different experiments for
those datasets by applying each over-sampling approach
until the Pfp reaches 30, 40 and finally 50 percent. We stop
over-sampling at 50 percent based on the assumption of a
balanced dataset in most algorithms and also based on the
conclusion of Ahmad Abu, et al. [40] that over-sampling to at
most 50 percent achieves better results.

The experiments were all conducted using R [41], an
open source statistical tool. The library packages Caret [42]
and DMwR [43] were used for the model construction and
SMOTE sampling approach respectively. The ADASYN
technique was implemented following the instructions
given by the authors [15] using the MATLAB tool. For
SMOTE, Borderline-SMOTE and ADASYN which considers
a k-neighbor value, k was set to the default value of five.

5.4 Evaluation Performance Metrics

A typical defect dataset is categorized into two groups: defec-
tive and non-defective. Conventionally, minority or defective
classes are labeled as positive and majority classes labeled as
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TABLE 4
Confusion Matrix for the Two-Class Problem
Predicted Positive Predicted Negative
Actual Positive TP EN
Actual Negative FP TN

negative in a two-class problem. From the confusion matrix
(Table 4), True Positives (TP) are the number of positive sam-
ples correctly classified as positive, False Positives (FP) are the
number of negative samples wrongly classified as positive,
True Negatives (TN) are the number of negative samples cor-
rectly classified as negative and False Negatives (FN) are the
number of positive samples wrongly classified as negative.
Indicators such as Precision, Recall or probability of detection
(pd) and F-measure have also been used to assess the perfor-
mance of models on the minority class [44], [45]. Precision
and the F-measure indicator which computes the harmonic
mean between recall and precision are excluded from our
experiment because precision is known to be an unstable indi-
cator for models trained on highly imbalanced datasets [2].
We adopt the recall (pd) and pf measures for our experiment.
Recall (pd) is a measure of completeness that attains a high
value of 100 percent if the number of false negatives is zero.
The probability of false alarms (pf) which measures how
many of the data instances that activated or prompted the
detector did not actually have the defect concept [46] is also
computed. A lower pf implies that less time and effort will be
required in determining the true defects. A high pd and low pf
indicate a better prediction model [2]. The evaluation metrics
used for this study are defined in equations (1) to (2) com-
puted from Table 4.

TP
Recall(pd) = TP+ FN (1)
FP
PI=IN T Fp @

5.5 Performance Comparison

To statistically evaluate and compare MAHAKIL to the other
four techniques, we adopt the win-tie-loss statistics which has
been used in several empirical studies [47], [48]. Three coun-
ters-wins, ties and losses are used to assess the overall perfor-
mance of a predictor (model*sampling technique) in a
pairwise manner for all possible pairs of predictors. By using
Brunner’s statistical test (p < 0.05) [49], two predictors are
compared and if the performance distributions of the two
predictors are not significantly different, the ties counters of
both estimators are increased by 1. Otherwise, the wins
counter of the predictor with a higher performance is
increased and the losses counter of the other predictor with
low performance is also increased. All of the counters are
summed per the Pfp value to find the best performing predic-
tors. Furthermore, to ascertain the practical significance of
the results, we compute the effect size using Cliff's method
with Hochberg’s method proposed by Brunner et al. [49] and
recommended by Kitchenham et al. [50] as a more robust sta-
tistical test for non-normal data. The effect sizes () are inter-
preted using the magnitude labels (small (< = 0.112),
medium (0.112 > 8 < 0.428) and large (8§ >= 0.428)) pro-
posed by Kraemer and Kupfer [51].

6 EMPIRICAL RESULTS

6.1 Overall Results

In this section, we present the results of each sampling
approach on the prediction models and compare the perfor-
mance of MAHAKIL with ROS, SMOTE, Borderline-
SMOTE, ADASYN and No Sampling (NONE). We present
the results for each sampling technique on each dataset per
each percentage of fault-prone modules (Pfp) value. For
each dataset, we present the performance values for all of
the Pfp values and the prediction models in Figs. 4 and 5. In
the figures, the dot plot compares the performance of each
sampling method (represented with different shapes) across
the various Pfp values (represented with different colors)
per prediction model. It can be clearly seen that the applica-
tion of the sampling methods at different Pfp rates produces
a better performance than NONE regarding the pd perfor-
mance values across all prediction models. However,
NONE has the lowest and better pf values compared to the
application of the sampling methods across most of the pre-
diction models and datasets.

From Figs. 4 and 5, we observe the following.

(1) Across all prediction models, SMOTE and MAHA-
KIL consistently performed better regarding the pd
values than Borderline-SMOTE, ADASYN and ROS.
Their distributions were quite similar with SMOTE
slightly edging MAHAKIL.

(2)  SMOTE resulted in the worst pf values whiles NONE
and MAHAKIL resulted in the best pf values across
all prediction models.

(3)  Across all prediction models and datasets, the best pd
performance was achieved when Pfp was increased
to 50 percent for all sampling methods.

Across all models and datasets, MAHAKIL performed
relatively better with high pd and low pf values. This can be
explained by the uniqueness and closeness or the represen-
tativeness of the new synthetic data injected into the dataset.
The models trained on the SMOTE resampled datasets
resulted in the highest mean pd but with the highest mean
pf. This implies that the application of SMOTE results in the
models detecting more defective models, although this
approach is not cost effective. The results of the statistical
tests conducted to validate the results are presented in the
next section.

6.2 Statistical Comparison of Techniques

To investigate in detail the performance of MAHAKIL and
demonstrate the effectiveness of MAHAKIL in achieving
better (significant) performance measures, we present the
win-tie-loss results of MAHAKIL against those of SMOTE,
Borderline-SMOTE, ADASYN, ROS and NONE per each Pfp
for each performance measure across all 20 datasets in Fig. 6.
Additionally, the practical effect of the statistical results is
also computed and presented in 6. We compute the wins,
ties and losses for each predictor on all datasets per each
round of experiment (i.e., Pfp value). For each Pfp rate, the
win-tie-loss statistic is presented together with the magni-
tude of the effect size. We observe from the figure that the
models trained on MAHAKIL resampled data significantly
outperformed most of the sampling techniques, with the Pfp
increasing from 30 to 50 for both performance measures.
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Fig. 4. Performance plot of the sampling techniques per each prediction model for the pd performance metric on 20 imbalanced datasets across dif-

ferent percentage of fault-prone modules (Pfp) values.

MAHAKIL also proved to be statistically and significantly
better in terms of the pf value having atleast a win across all
of the prediction models. Most of the wins were practically
significant as confirmed by the magnitudes of the effect size.
However, NONE consistently outperformed MAHAKIL
achieving magnitudes of small or medium effect sizes indi-
cating that for the lowest pf, the no sampling method produ-
ces better results than using the sampling methods.

MAHAKIL consistently outperformed the NONE method
with significant and practical effect sizes regarding the pd
results. There were several ties between MAHAKIL and
each of the other four sampling techniques regarding the pd
results across all models. From the figure, we can conclude
that MAHAKIL achieves better or comparable prediction
results than the other four sampling techniques. The results
also show that for best results, MAHAKIL should be applied
at a Pfp of 50 percent because all of the models trained on
datasets resampled at this Pfp value produced significant
and practical results.

For more details about the overall performance of
MAHAKIL and to determine which predictors (combina-
tion of prediction models and sampling methods) pro-
duce the best performance, the total win-tie-loss results
per Pfp value are reported in Table 5. For each perfor-
mance measure, we compute the total wins, ties and

losses for each predictor on all datasets per each round of
experiment (i.e., Pfp value). Each single predictor is com-
pared with 29 other predictors (5 models * 6 Sampling
techniques - 1). We rank the results by their total wins-
losses. Out of the 58 (29*2) overall win-tie-loss compari-
sons aggregated from two performance measures per Pfp
value, the application of MAHAKIL always resulted in a
positive win-loss value. The models trained on MAHA-
KIL resampled datasets consistently had positive wins-
losses values and were in the top half of the predictors.
The models trained on data resampled with ROS and
SMOTE performed worse with the highest numbers of
losses and negative wins-losses values. Overall, the
results shows that MAHAKIL clearly outperforms all
four sampling techniques and the no sampling method.
All five prediction models combined with MAHAKIL
performed better than any other combinations, with an
impressive number of wins and minimum losses when
Pfp was 50 percent. Overall, the combination of RF and
KNN with MAHAKIL produced the best performance
with the highest number of wins and few losses. Based
on the results, RF with MAHAKIL is recommended for
highly imbalanced defect datasets when a Pfp of 40 or
less is applied. For a balanced dataset (Pfp of 50), the
KNN prediction model combined with MAHAKIL is
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Fig. 5. Performance plot of the sampling techniques per each prediction model for the pf performance metric on 20 imbalanced datasets across differ-

ent percentage of fault-prone modules (Pfp) values.

recommended. In agreement with Fig. 6, we observe that
for the best results, MAHAKIL should be applied at a Pfp
of 50 percent because the models trained at this Pfp value
occupied the top five positions.

7 DISCUSSION

7.1 Stability of MAHAKIL

The datasets used for the experiments vary in terms of the
imbalance ratio. We consider datasets with an imbalance
ratio of less than 15 percent as severely/highly imbalanced
and the remaining ones as lowly imbalanced. Severely
imbalanced datasets imply that more artificial data instan-
ces will be generated compared to the low imbalanced data
when we apply the sampling methods at a specified Pfp
rate. From the pd plot in Fig. 4, we observe that as the Pfp
increases, the pd values increase across all of the prediction
models. For example, when we consider the systemdata
project, which is severely imbalanced, there are only nine
default defective instances, with the test data consequently
comprising only three instances. NONE achieves a mini-
mum value of 0 percent and a maximum value of 33 percent
across all prediction models. The sampling methods except
MAHAKIL obtained a pd value of 0 percent across all the
prediction models. MAHAKIL achieved the highest pd

value as the Pfp increased to 50 percent, which could be due
to the quantity of diverse and important data instances
introduced into the training data by MAHAKIL as the Pfp
increased. When we consider a dataset that is lowly imbal-
anced, such as pbeans2, we observe similar results regard-
ing the MAHAKIL method whiles the other methods except
SMOTE obtain a 0 percent pd value across the prediction
models. We argue that our approach is more stable and
even the smallest amount of synthetic data introduced into
the training data improves the pd performance of the predic-
tion models. Similarly, the pf plot in Fig. 5 shows a similar
pattern to the pd plot, with the values of pf increasing as Pfp
increases. However, MAHAKIL obtains the lowest values
across all sampling methods.

7.2 Choice of Prediction Models

The KNN and RF models achieved the best results when
trained on MAHAKIL resampled datasets. We attribute
this to how these models work and the positioning of the
synthetic generated samples within the minority class by
MAHAKIL. MAHAKIL generates minority samples that
are distributed within the sample space. Consequently,
the test set’s similar instances are found in the generated
minority space more easily by these prediction models,
especially the KNN model which selects samples closer to
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Fig. 6. Brunner’s statistical test win-tie-loss and effect-size comparison
of MAHAKIL versus ROS, ADASYN, Borderline-SMOTE, SMOTE and
NONE across all 20 datasets per each defect prediction model, perfor-
mance measure (pd, pf) and Pfp value (30, 40, 50 percent).

the test instance. As an ensemble method, RF is more
robust against overfitting and the parameter settings [52].
Based on the internal parameters, RF is able to compute
the importance of each predictor and choose the most
informative predictor. It is also able to measure the inter-
nal structure and pattern of the training data [53], which
makes it easy to identify the patterns of the MAHAKIL
resampled datasets because the minority region is easy to
identify. Lessman et al. [38] confirmed that the RF classi-
fier was a more effective classifier for software defect pre-
diction studies. Impressively, at a Pfp rate of 50 percent,
all of the prediction models trained on MAHAKIL
resampled datasets outperformed the other sampling
methods.

7.3 Why MAHAKIL Performs Best

The findings of this study provide substantial empirical
support demonstrating that unique data instances can be
generated with predetermined characteristics. For all mod-
els, MAHAKIL performed relatively better with high pd
and low pf values. This can be explained by the uniqueness
and closeness or the representativeness of the new synthetic
data injected into the dataset.

The performance of MAHAKIL can be attributed to the
succinct and almost uniformly spread of the newly gener-
ated samples within the boundary of the minority class.
Based on the strategy used to generate new data instances,

all “empty spaces” within the minority data are filled if
more data instances are generated which, produces diverse
data instances. To demonstrate the diversity, we compute
the diversity (variety of different data instances) for each
metric in the minority class of the resampled dataset. The
diversity for each metric was computed using the Shannon-
Wiener diversity index (H)[54], which is a widely accepted
metric for computing and quantifying diversity in ecologi-
cal and environmental studies. This method assigns the
same weight to common and rare species. H ranges between
0 and 5, with a higher H value implying higher diversity
and a lower likelihood of selecting two instances of the
same species, and hence less duplicates. The line plots in
Fig. 7 present the average diversity values of the metrics for
each dataset and sampling method.

We plot the diversity for the data when no sampling is
applied (NONE) at the Pfp-20 rate. For all sampling meth-
ods, Fig. 7 shows that the diversity within the minority
class increases as the Pfp increases or more data instances
are produced. However, the diversity value of the
SMOTE resampled datasets decreases as the Pfp reaches
40 percent. Across all datasets, MAHAKIL achieves the
highest diversity values for all the metrics per each Pfp
especially at a Pfp of 50 percent. Based on these results,
the success of MAHAKIL confirms that prediction models
not only require ample training data but also very rele-
vant and exhaustive data that contribute more informa-
tion to the model. Data quality is a very crucial issue in
the domain of defect prediction and using sampling
approaches that generate less informative data tends to
only worsen the situation.

7.4 Threats to Validity

Threats to Validity refers to the extent to which a research
study actually studies what the researcher purports to
investigate [55]. To address the observed potential limita-
tions in our findings, the following discusses the threats
to the construct, internal, statistical conclusion and exter-
nal validity of the study as recommended by Wohlin
et al. [56].

7.4.1  Construct Validity

Our proposed approach assumes that defective classes can
be appropriately separated into two clusters, which may
not always be the case for defect datasets. Some defect data-
sets consist of several multi-clusters and even majority
instances mix with minority instance clusters. Restricting
our technique to identifying mini clusters and working in
local patches will improve the method and reduce the pf.
We leave this for future studies. The metrics considered for
our study are a potential threat to our experimental results.
By using a single set or type of metrics, we cannot general-
ize our results to other types of defect metrics. Nonetheless,
static code metrics are known to perform very well and
have been used in several empirical studies on defect pre-
diction because they are easy to collect and can be collected
from any software once the source codes are available [57].
We also acknowledge that the sampling and splitting
approach could affect the classification results. We ran-
domly split the datasets into training (2/3) and testing (1/3)
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TABLE 5
Performance in Terms of Wins, Losses, and Wins-Losses Aggregated from the Two Performance
Measures on 20 Datasets per Each Pfp Value

Pfp 30 Pfp 40 Pfp 50

Model Sampling Wins Losses Wins-Losses Model Sampling Wins Losses Wins-Losses Model Sampling Wins Losses Wins-Losses
RF MAHAKIL 20 5 15 RF MAHAKIL 27 11 16 KNN MAHAKIL 34 11 23
RF NONE 26 12 14 C45 MAHAKIL 24 11 13 RF MAHAKIL 32 11 21
NNET MAHAKIL 24 11 13 KNN MAHAKIL 26 14 12 NNET MAHAKIL 29 9 20
RF ADASYN 19 9 10 NNET MAHAKIL 23 11 12 C45 MAHAKIL 29 13 16
C45 MAHAKIL 16 7 9 RF ADASYN 24 14 10 SVM MAHAKIL 23 12 1
RF BORDERLINE 19 11 8 RF BORDERLINE 26 18 8 RF SMOTE 21 15 6
NNET ADASYN 19 12 7 SVM ROS 24 16 8 NNET ADASYN 19 14 5
RF ROS 19 12 7 SVM MAHAKIL 20 14 6 RF BORDERLINE 27 22 5
SVM MAHAKIL 11 4 7 NNET ROS 16 13 3 C45 NONE 28 27 1
SVM ADASYN 18 13 5 RF SMOTE 19 16 3 NNET BORDERLINE 18 17 1
KNN MAHAKIL 12 8 4 C45 BORDERLINE 19 17 2 RF ADASYN 24 23 1
SVM ROS 12 8 4 RF NONE 28 26 2 RF NONE 28 27 1
C45 NONE 27 25 2 RF ROS 26 24 2 KNN NONE 28 28 0
NNET ROS 13 12 1 C45 NONE 28 27 1 SVM NONE 27 27 0
C45 BORDERLINE 10 10 0 KNN NONE 28 28 0 NNET NONE 26 27 -1
KNN NONE 28 28 0 SVM NONE 27 27 0 RF ROS 24 26 2
RF SMOTE 12 12 0 C45 SMOTE 13 16 -3 NNET ROS 16 19 -3
SVM NONE 27 27 0 NNET NONE 25 28 -3 SVM SMOTE 17 20 -3
C45 ADASYN 9 11 -2 KNN SMOTE 14 18 -4 SVM ROS 16 20 -4
NNET SMOTE 17 19 -2 NNET ADASYN 9 13 -4 C45 SMOTE 14 19 -5
C45 ROS 8 12 -4 NNET BORDERLINE 12 16 -4 KNN ADASYN 18 23 -5
NNET NONE 19 24 -5 SVM ADASYN 12 17 -5 KNN BORDERLINE 17 24 -7
SVM BORDERLINE 7 13 -6 C45 ADASYN 15 21 -6 C45 ADASYN 18 26 -8
NNET BORDERLINE 6 14 -8 NNET SMOTE 11 19 -8 C45 BORDERLINE 18 26 -8
KNN ADASYN 6 15 -9 SVM BORDERLINE 10 18 -8 SVM ADASYN 11 20 -9
C45 SMOTE 8 18 -10 C45 ROS 16 25 9 SVM BORDERLINE 13 22 9
KNN BORDERLINE 5 15 -10 SVM SMOTE 16 25 9 KNN ROS 14 24 -10
SVM SMOTE 12 22 -10 KNN ADASYN 15 25 -10 KNN SMOTE 11 22 -11
KNN ROS 5 21 -16 KNN ROS 10 22 -12 NNET SMOTE 13 24 -11
KNN SMOTE 4 28 -24 KNN BORDERLINE 10 23 -13 C45 ROS 15 30 -15

Higher wins(%), wins-losses(%) and lower losses(%) indicate higher performance of the predictor. The predictors are ordered by wins-losses.

sets. Most empirical studies use this procedure for predic-
tive data modelling [38], [58], [59] making it an accepted
approach. It would be interesting to examine the effects of
our proposed oversampling method on cross-version data-
sets. However, we leave this for future studies. Because
there are no universally agreed upon performance measures
for assessing the prediction performance on imbalanced
data, we used two different measures: Recall (pd) and pf.
Recall (pd) and pf enabled us to know the performance of
the predictors on the minority class. The assessment results
for the performance of the prediction models using the
AUC and G-mean measures are provided in the supple-
mentary file, which can be found on the Computer Society

systemdata xerces-1.2

50-
40-
45+ 35-
40- 30-
; p 357 25
£ 4 s 2

0 Y & s 20 B & 2 £ Qo Y
Pip( % of fault-prone modules)

tomeat

MAHAKIL - ROS

ADASYN
Sampling Techniques
NONE -~ SMOTE

- BSMOTE

Fig. 7. Average diversity value at each Pfp for all 20 projects.

Digital Library at http://doi.ieeecomputersociety.org/
10.1109/TSE.2017.2731766. Other measures not used for our
study are left for future studies.

7.4.2 Internal Validity

Our approach is dependent on the use of the Mahalanobis
distance metric. The advantages of the Mahalanobis distance
notwithstanding its use comes with a high price. For very
large data records, the computation of the covariance matri-
ces can be difficult to determine accurately, especially if there
are a large number of features. More memory and time
resources are required because these resources grow
quadratically rather than linearly with the number of fea-
tures. These problems may be insignificant when only a few
features are needed. This challenge also affects methods
based on the euclidean distance measure and a more
advanced and time-efficient technique is required to handle
the computation of covariance matrices for large dimen-
sional features. Moreover, covariance matrices cannot be
inverted for datasets with fewer minority samples than the
number of features (singular matrix). We adopted multicolli-
nearity techniques to eliminate metrics with very high corre-
lations. A generalized inverse method can be incorporated to
compute an inverse-like matrix that will ignore the non-
informative metrics and the impact of such a method on our
algorithm is left for future studies. The hyper-parameters
configuration set could introduce some bias in our results.
However, we used 10-fold cross validation at each run and
repeated the overall experiments five times, which enabled
us to report the average results across all run times. An
important known validity in empirical experiments is the
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quality of the data, which is difficult to obtain and verify. We
do acknowledge that noise or outliers inherent in datasets
extracted from most open-source projects could have signifi-
cant effects on prediction performance as reported by Gray
et al. [3]. As such, applications of data cleansing techniques
such as noise detection and elimination measures [60], [61]
are left for future studies.

7.4.3 Statistical Conclusion Validity

In this study, we used Brunner’s statistical test for the
win-tie-loss analysis and Cliff's method with Hochberg’s
method for the effect size computations. These statistics are
recommended by Kitchenham et al. [62] as a more robust
and reliable test than other statistical tests for evaluating the
performance of prediction models. The impact of this threat
on our study is thus limited.

7.4.4  External Validity

Our study used a limited number of datasets. The projects
used were all from one source, the PROMISE repository
and have been extensively used in several defect prediction
studies. However, our results may not be generalizable to
all software projects, especially proprietary projects,
because we used only open source projects. Nevertheless,
we provided a detailed description of the experimental
setup, which will be useful for replicating our experiment
using commercial software systems. We also used only five
classification techniques spanning the machine learning,
data mining and statistical based families. The effects of our
proposed technique on other classification models that
were not examined in this study are not known and extra
evaluation of other models are required to generalize our
results. Lastly, we compared our proposed technique to
four other sampling techniques. We intend to compare our
technique with other simple and more complex techniques
in a future study.

8 FUTURE WORKS

As a novel approach to facilitating learning from class
imbalanced datasets, MAHAKIL aims to improve the per-
formance of the prediction models by generating new
and diverse synthetic data and strengthening the decision
boundary of the minority class. This approach outper-
formed the other oversampling approaches considered
with respect to the pd and pf performance measures. Our
approach shows great potential and can benefit class
imbalance learning in several domains. We present a
summary of the likely future research areas regarding our
approach.

In the domain of cross project or company prediction,
where historical datasets are not readily available for
training by new projects and thus acquires projects of
similar characteristics and domains for training classifiers,
MAHAKIL could prove to be of great value when appro-
priately applied with similar projects to generate syn-
thetic data, which is close to the new project under
consideration. This could be applied after using state of
the art techniques to filter and select the appropriate data-
sets for the new project. This technique could also be used

to generate both majority and minority classes of datasets
for cross project prediction. It would be interesting to
investigate this area further. To significantly reduce the
pf, our approach could be modified to identify multi-clus-
ters and work in local patches. The MAHAKIL algorithm
could thus be applied to work within each cluster of
minority instances found after applying clustering algo-
rithms. In this study, the performance of MAHAKIL was
assessed by comparing it with ROS, SMOTE, Borderline-
SMOTE and ADASYN and five single or base classifiers.
However, ensemble classifiers have been shown to per-
form better than single classifiers and it would be inter-
esting to assess the performance of ensemble classifiers
integrated with our algorithm. Moreover, several aspects
of the theory of inheritance were not considered in the
proposed method, such as fitness evaluation, mutation
and recombination. We intend to consider these proce-
dures in a future study to improve our method. Lastly,
the internal structure of how MAHAKIL works could be
explained using linear algebra from an analytical perspec-
tive. We intend to reposition and explain the MAHAKIL
approach using convex hull algorithms in a future study.

9 RELATED WORKS

9.1 Software Defect Prediction

Defect predictors have been used to improve the quality of
software and reduce the overhead cost of producing soft-
ware. Several machine learning, data mining and statistical
models have been proposed and evaluated for software
defect prediction. Using basic discriminant analysis,
Munson and Khoshgoftaar [63] observed that there is a
strong useful relationship between software faults and soft-
ware complexity metrics during development and sug-
gested that it was possible to use predictive models to help
determine program faults. Afterwards, several conventional
methods of constructing fault-prone module prediction
models have been proposed [35], [64], [65], [66], [67]. For
example, logistic regression analysis has been used in many
studies to determine the given value of a set of explanatory
variables (set of metrics values measured from the module)
as demonstrated by Basili et al. [64].

Modeling methods such as linear discriminant analysis
[66], classification tree [68], neural network [35], support
vector machine [36], Bayesian classifier [69], k-neighbor
classifier [70], have also been used. Recent studies [38], [71]
have recommended the Random Forest model because it is
fast to train, less complex and more robust in relation to the
parameter settings.

The main goal of existing research has been to increase
the prediction performance. Several methods have been
used to achieve this, such as considering the modeling
methods, using robust feature selection and preprocessing
techniques and proposing new defect metrics. Modification
of the class distribution using data re-sampling approaches
is another method of improving prediction performance.
This approach is widely gaining recognition because it is
independent of the prediction model and its effects are
clearly observable. In this study, we consider rectifying the
imbalanced nature of the defect datasets to improve the pre-
diction performance.
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9.2 Approaches for Tackling Class Imbalanced
Defect Datasets Learning

The problem of class imbalance makes it challenging to con-
duct experiments with datasets in the field of software
defect prediction because the models trained on such
skewed defect datasets tend to be more biased towards the
non fault-prone modules. These models inadvertently disre-
gard the fault-prone modules [7] and most often predict
fault-prone modules as non fault-prone. However, several
significant studies have sought to address this prevalent
issue. The approaches of the majority of these works can be
categorized as follows: (a) re-sampling the original datasets
by manipulating the class distribution of the training data
[14], [72] (b) assigning specific cost to the classes so as to
reduce the misclassification cost [73], [74], [75] and (c) adop-
tion of ensemble methods [18], [76]. Although no method
has proven to be universally better across all of the domains,
the application of sampling methods has been shown to be
more successful and dominant in recent studies. We
focused more on sampling techniques because they are easy
to apply and can be applied to any prediction model (i.e.,
independent of the prediction model being used). Hence,
we provided a brief overview of various studies on sam-
pling methods. Further information on the categories other
than sampling techniques can be found in [1], [77].

The data sampling techniques focus on balancing the
majority and minority class distribution samples by either
increasing the minority class, which is known as over-sam-
pling, or by reducing the majority class, which is known as
under-sampling, or by effectively combining both methods.
The simplest and most common form of under-sampling is
Random Under-Sampling (RUS) [78] in which the majority
data samples are randomly removed through deletion. Sim-
ilarly, Random Over-Sampling (ROS) randomly duplicates
the minority samples so as to increase the minority samples.
However, ROS adds no further or new information to the
classifier because the datasets consist of duplicates and
therefore lead to over-fitting [79]. An improved method pro-
posed by Chawla et al. [14] known as Synthetic Minority
Over-sampling TEchnique (SMOTE), increases the minority
class samples by generating new synthetic samples that con-
tribute vital information to the dataset. This method creates
new instances along a line segment that joins each instance
and some defined k minority class nearest neighbors instan-
ces. Several synthetic instances are thus created but depend-
ing on the degree of oversampling required, the number of
synthetic samples are randomly selected.

Several other modifications of the SMOTE algorithm
have been proposed [15], [16], [17], [80]. Han et al. [16]
observed that data instances on the borderline of the classifi-
cation boundary were the most likely to be misclassified
and proposed the Borderline-SMOTE method, which gener-
ates synthetic data along the line separating the minority
and majority class samples in a bid to strengthen the minor-
ity samples found on the decision border. Another form of
the SMOTE is the Adaptive synthetic sampling approach
(ADASYN) proposed by He et al. [15]. They consider the
classification boundary and apply a weighted distribution
method that assigns weights depending on the learning
attributes of the minority class samples thus differentiating
the harder-to-classify minority class samples from the

easier-to-learn minority class samples. Other sampling
methods use clustering algorithms to partition the dataset
before under or oversampling the dataset. The majority
weighted minority oversampling technique (Mwmote) pro-
posed by Barua et al. [17] partitions the datasets using
clustering before using the euclidean distance similarity
measure to find very close class samples and synthetically
generate samples based on the weights assigned to the
minority class samples. Several studies have preferred over-
sampling to under-sampling [40], [78], [79]. Because under-
sampling removes the class samples, information crucial for
building an effective predictive model is lost. Thus, under-
sampling is not considered in our study. Although our
approach is also synthetic based, it differs from the others
in terms of generating diverse data instances. In contrast to
the other approaches, which consider very similar parent
instances with regards to their similarity distance measure
values, our approach generates new data instances from
two dissimilar parents

10 CONCLUSION

With most real world defect datasets highly imbalanced,
resampling approaches have been adopted to alleviate the
class imbalance learning issues. The majority of resampling
approaches are synthetic based, where synthetic minority
data instances are generated to balance the distribution
between the minority and majority class samples. Although
these synthetic methods have been shown to increase the pre-
diction performance, they sometimes generate erroneous or
duplicated data instances, which leads to high false positives.
They also tend to generate less diverse data points within the
minority class. Exploiting these challenges, we proposed a
novel over-sampling approach that systematically generates
new minority samples based on their Mahalanobis distance.
Motivated by the chromosomal theory of inheritance,
MAHAKIL uses features from two parent instances to pro-
duce a new synthetic instance that has the characteristics of
both parent instances and, thus, ensures that the synthetic
data fall within the decision boundary of any classification
algorithm. Our approach generates new samples by finding
the average between two instances merged together based
on the Mahalanobis distance disparity.

We empirically evaluated our approach by comparing
it to four other over-sampling approaches (ROS, SMOTE,
Borderline-SMOTE and ADASYN) using five classifica-
tion models (C4.5, NNET, KNN, RF, SVM ) on 20 imbal-
anced datasets. In total, over 200 different combinations
of experiments were conducted and MAHAKIL consis-
tently performed better than the other four approaches
with regards to the performance measures. With respect
to the individual prediction models, MAHAKIL was sig-
nificantly better than all four approaches regarding the
pf measure, with the RF and KNN models outperforming
all of the models for all of the performance measures
considered.

The performance of MAHAKIL was superior to the other
methods because the data generated by the MAHAKIL
algorithm inherited features from the parent data instances,
which helped in correctly classifying most of the minority
classes used during testing. We demonstrated in a more

Authorized licensed use limited to: CITY UNIV OF HONG KONG. Downloaded on September 16,2026 at 13:42:11 UTC from IEEE Xplore. Restrictions apply.



548

IEEE TRANSACTIONS ON SOFTWARE ENGINEERING, VOL. 44, NO.6, JUNE 2018

practical scenario that MAHAKIL works irrespective of the
sample size of the data. In future studies, we intend to mod-
ify MAHAKIL to work in local patches for multi-cluster
datasets. We will also consider comparing the performance
of MAHAKIL to that of the ensemble models and other
complex sampling techniques.
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