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Abstract— Software systems being developed in today’s era are
inherently large and complex. Maintaining these software is a big
challenge before the software industry. Since software
maintenance demands a high cost, this activity becomes even more
challenging. In order to reduce the maintenance cost, it becomes
crucial to know the maintainability of software modules/ classes in
the initial stages of software development. Many efforts have been
made to identify the maintainability of modules in the initial
development stages in which prediction models have a lot of roles.
Prediction models are trained from past historical data and should
consist of an adequate number of instances of low maintainability
and high maintainability class/modules. But this is not usually the
case, and because of this, we are not able to train the prediction
models properly. This situation shows data imbalance. In this
direction, in this paper, we will handle the imbalanced data
problem so that prediction models can be properly trained. We
apply four oversampling techniques in this paper and train the
prediction models for maintainability by hybridized techniques.
The results of the paper advocate the effectiveness of examined
oversampling techniques along with the hybridized classification
techniques to develop competent maintainability prediction
models.

Keywords—Software Maintenance, Imbalanced data, Hybridized
techniques.

L INTRODUCTION

Maintenance is an essential dimension of software quality.
Maintainability means how easily a software module or class
can be modified [1]. Since the size and complexity of software
systems are increasing due to technological progress, it
becomes very important to develop maintainable software. It is
also necessary to develop software in a maintainable way
because maintenance charges a good cost and effort of software
development [2]. But in reality, the maintainability of a
software component can be determined in the actual
maintenance phase. At that stage, it would be very problematic
to control the cost of maintenance. The cost of maintenance can
be controlled if we come to know in the initial development
stages, how maintainable a particular module be? In the
literature, researchers have made many efforts to forecast
software maintainability in the initial phases of software
development, and through their efforts, many maintainability
prediction models have been developed [3-7]. Software metrics
that are the measurable factors have been used as the
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independent variables to develop models to predict software
maintainability with the application of different statistical and
ML techniques [8-10]. The software maintainability prediction
models are trained from past historical data comprising of data
points. Each data point consists of software metrics capturing
different characteristics of class/module and maintainability.
Maintainability of a software class/module will be low if more
revisions in the lines of source code are needed to modify that
module in the maintenance phase and vice versa [11]. Itis very
important that we have adequate of instances of low
maintainability and high maintainability class in order to train
any predictive model efficiently. In the real scenario, the low
maintainability classes are far less in number as compare to
high maintainable classes. This means we have less number of
data points representing one class (low maintainability) and
more number of data points representing another (high
maintainability) class. If this is the situation, we will call it a
data imbalance problem. In the data imbalance situation, the
class with a small number of instances is called a minority class,
and the class whose instances are more is called the majority
class. In context to imbalanced data problem in this paper, low
maintainability class is referred to as minority class, and high
maintainability class is the majority class. in this paper, accurate
prediction of low maintainability class is our prime concern as
they increase the cost of maintenance.

Many competent machine learning (ML) and statistical
techniques fail to predict the data points of each class accurately
when the data is imbalanced [12]. Realizing how important it is
to handle the data imbalance problem, in this paper, we apply
four oversampling techniques. The examined oversampling
techniques help to balance data by increasing the minority class
data points. Also, we use hybridized classification techniques
to construct prediction models for software maintainability. As
we know that these days search-based techniques are becoming
quite popular. These techniques search for a vast solution space
and find an optimal solution [13-14]. For developing prediction
models for maintainability, we use hybrid classification
techniques in this study. These techniques associate search-
based and ML techniques as one single technique to be used for
a prediction task [15]. Studies in the past have examined the
remarkable capability of hybrid classification techniques in
software quality predictive modeling tasks [7][16-17].



However, very few studies in the past have applied these
techniques for software maintainability prediction.

Therefore, the prime contributions of this study are:

(1) Effective pre-processing the imbalanced data by
oversampling before the development of models

(i1) To construct prediction models for predicting the low
maintainability classes with the aid of hybrid classification
techniques after data oversampling. We address the following
research questions.

RQ#1) When the data is imbalanced, what is the predictive
performance of software maintainability prediction models? Do
oversampling techniques improve the performance of software
maintainability prediction models?

RQ#2) Which is the best oversampling to develop competent
software maintainability prediction models? Is the best
oversampling techniques, statistically better than other
examined oversampling techniques?

We use three application packages of Apache open-source
software, namely Apache Betwixt, Apache IO, and Apache Ivy,
in this study for our experiment. We validate the training and
testing of models by ten-fold cross-validation and assess the
performance of constructed models with the help of GMean and
Balance metrics.

The layout of the various section of the study is depicted as
follows: Section 1II is designated for related work. Section III
explains the research methodology. Section IV is dedicated to
the experimental setup. We present results and their analysis in
section V. In section VI, we document threats to validity and
finally conclude the paper in section VII.

II.  RELATED WORK

There are a lot of studies in the literature wherein the software
maintainability prediction is made by validating the software
metrics quantify different characteristics of the software. The
data imbalance problem is not addressed in any study as these
studies predict the maintainability in the form of a continuous
variable (number of changes made to code in the maintenance
period)[3-7]. The aim of the present study is to predict low
maintainability classes efficiently by addressing the data
imbalance problem. The data imbalance problem has been dealt
with in software quality prediction for software defect
prediction and change prediction by various researchers.

The study by Pelayo and Dick [18] used synthetic minority
oversampling technique (SMOTE) to develop competent
software defect prediction from imbalanced defect datasets.
Siers and Islam [19] employed a cost-sensitive classification for
defect-prediction in the imbalanced scenario. The study by
Zheng [20] proposed a cost-sensitive boosting technique to
boost the performance of neural networks trained from
imbalanced defect data. Tan et al. [21] pre-processed
imbalanced datasets by using different data resampling
techniques and constructed competent change-prediction
models. A study by Malhotra and Kamal [22] applied various
data oversampling methods to improve the performance of
defect prediction models. Bashir et al. [23] pre-processed the
imbalanced defect prediction datasets by taking care of
borderline and noisy datapoints. It is to be noted that all of the

above studies addressed the issue of imbalanced data while
predicting defective module/classes.

For constructing software quality prediction modes, many
studies have applied hybridized classification techniques. In the
literature, there are some studies [7][16-17] that ascertain the
applicability of hybridized -classification techniques for
developing software quality prediction modes. According to a
literature review conducted by Malhotra and Khanna [22] on 61
studies in the field of software quality domain, hybrid
techniques have the remarkable predictive capability. Still, very
few studies have used these techniques for software
maintainability prediction. It inspires us to use these
techniques to construct maintainability prediction models. So in
this study, we first balance the imbalanced datasets by using
oversampling techniques namely: Synthetic Minority
Oversampling Technique: SMOTE [25], Borderline Synthetic
Minority Oversampling Technique: BSMOTE [26], Safe-Level
Synthetic Minority Oversampling Technique: SSMOTE [27],
and Adaptive Synthetic Oversampling technique: Adasyn [28].
We then develop maintainability prediction models by four
hybridized techniques namely Fuzzy Learning based on
Genetic Programming Grammar Operators and Simulated
Annealing (GFS-SP) [29], Fuzzy Learning based on Genetic
Programming Grammar Operators (GFS-GPG) [29], Fuzzy
Learning based on Genetic Programming (GFS-GP) [29], and
Fuzzy rule approach based on genetic cooperative-competitive
learning (GFS-GCCL)[30].

III. RESEARCH METHODOLOGY

In this section, the procedure of data collection, software
metrics used as predictor variables to construct software
maintainability models, and performance metrics to evaluate
the performance of models is briefly explained.

A. Data Collection Procedure

We have used three application packages of Apache, namely
Apache Betwixt, Apache lo, and Apache Ivy, in this study. We
have collected datasets corresponding to these application
packages with the Defect Collection and Reporting (DCRS)
tool [31]. Two consecutive versions of the software fed to the
DCRS tool as input. In the output, we get as many data points
as there are the common classes in the analyzed versions. Each
such datapoint consist of eighteen software metrics, number of
lines of code added (LSoC _added) from the previous version to
next version, number of lines of code deleted (LSoC deleted),
number of lines of code modified (LSoC modified), and the
total number of lines of code changes (LSoC total). We then
transform LSoC total variable into the Maintainability variable
after discretizing. The variable Maintainability would be a
binary variable with two values: Low-maintainability (LOWM)
and High-maintainability (HIGHM). Here, LOWM means that
a particular class will demand more revisions in its lines of code
as compared to HIGHM class. In Table I, we enlist all the three
software used in this paper including the name of the software,
its version, number of common classes in the versions analyzed
(NCC), number of low maintainability classes (NLM), Number
of high maintainability classes (NHM), and imbalance ratio
(IBR) where IMR is (NHM/NLM).



B. Software Metrics used as Predictors

Eighteen software metrics qualifying different characteristics
are used as predictors in this study.

I, we pre-process the datasets with the help of four
oversampling techniques. The description of the oversampling
techniques given ahead in this section. After data oversampling,
for developing the software maintainability prediction models,

Table I. Software project details we use hybridized classification techniques described in the last

part of this section. During the course of training the models,

i‘r’g;;r;etwixt erj'g'; 2Nf5C 1;7L M lzvl};M (1)13%7 we use a ten-fold cross-validation approach that divides the
Apache 10 201-22 248 10 238 230  training dataset into ten partitions, out of which nine partitions
Apache Ivy 14.1-220 371 28 343 13.25 are used for training the model while on the remaining one

These metrics are reported in Table II. Due to space constraint,
we have not given the detailed definition of each metric. The
detailed definition of metrics described in Table II can be
referred from [32]. The response or dependent variable is binary
variable: Maintainability that consists of two values, LOWM
and HIGHM.

C. Assessment in Software Maintainability Prediction

For a binary classification problem like in this paper, the
performance of models is judged with the confusion matrix
given in Table III. The confusion matrix contains four
quantities: True Positive ( t-pos), False Positive (f-pos), True
Negative (t-neg), and False Negative (f-neg). The values of
various performance measures like True Positive Rate
(TPRate), False Positive Rate (FPRate), True Negative Rate
(TNRate), GMean, and Balance, etc. can be computed from the
values given in confusion matrix. We use GMean and Balance
performance measures in this study to record the performance
of software maintainability prediction models as the use of
these metrics is advocated for the imbalanced data problem
[12]. Further, in this study, Positive class is corresponding to
LOWM class, and the Negative class corresponds to HIGHM
class.

GMean is the geometric mean of TPRate and TNRate. Balance
measures the Euclidian distance between the pair of TPRate and
FPRate and the optimal value of TPRate and FPRate.

t—pos

TPRate = ——— (1)
t—pos+f-neg
NRate = ——19 (ii)
t—neg+f—-pos
GMean = VTPRate = TNRate (iii)
— 2 — 2
Balance = 1 — J(O FPRate) -2|—(1 TPRate) (iV)
where FPRate = —1P% (v)

f—pos+ t—neg

IV. EXPERIMENTAL SETUP

This segment of the study provides information regarding the
experimental setup. As discussed in section III, we have used
three datasets extracted from Apache application packages
details of which are provided in Table I. As the datasets are
highly imbalanced as depicted from the values of IBR in Table

partition model is tested. We assess the performance of
developed models with the performance measures discussed in
section III and perform statistical analysis with the Friedman
test [33] and the Wilcoxon Signed-Rank test [33].

A. Techniques used for data oversampling

To deal with imbalanced data, we have used four oversampling
techniques whose concise description is as follows:

(i) Synthetic Minority Oversampling Technique (SMOTE):
This technique generates artificial or synthetic data points of
minority class along the direction line joining minority class
datapoint and its k-nearer neighbours.

Table II. Software metrics used

Software Metric Description
Characteristic
WMC Weighted methods per class
NPM Number of public methods
Size LOC Lines of source code
DAM Data access metric
AMC Average method complexity
CBO Coupling between objects
RFC Response for class
. Ca Afferent coupling
Coupling Ce Efferent coupling
Ic Inheritance coupling
CBM Coupling between the class methods
Cohesion LCOM, Lack of cohesion among methods
LCOM3
CAM Cohesion among methods of class
. NOC Number of children
Inheritance DIT Depth of inheritance
MFC Measure of functional abstraction
Composition MOA Measure of aggregation

Table III. The Confusion Matrix

Predicted Positive Predicted Negative
Actual Positive t-pos f-neg
Actual Negative f-pos t-neg

(i) Borderline-Synthetic Minority Oversampling technique
(BSMOTE): As an extension of SMOTE, in this technique, only
borderline minority class datapoints are increased. If k-nearer
neighbors class datapoints of a minority belong to majority
class, that minority class datapoint is said to be borderline.

(iii) Safe-Level Synthetic Minority Oversampling technique
(SSMOTE): This technique is another enhancement of basic
SMOTE. Before performing oversampling of minority class



datapoint, its safe-level is determined. For a minority class
datapoint, D, safe-level of D would be equal to the number of
minority class instances in the k-nearer neighbors of D.

(iv) Adaptive Synthetic Oversampling technique (Adasyn):
Unlike SMOTE and its variants, in this technique oversampling
of minority class is done in accordance with its degree of
difficulty in learning. A difficult to learn datapoint is
oversampled by creating more number of data points
corresponding to it and vice versa.

B. Hybridized Classification Techniques.

The techniques used in this study for learning training software
maintainability prediction models are fuzzy rule-based
classifications techniques, whose brief description is as follows:
GFS-GP and GFS-GCCL techniques use genetic programming
(GP) for classification with fuzzy rules. GP starts with a
population of randomly generated solutions and iteratively
converts a population of solutions into a new generation of the
population by applying genetic operations. GFS-GPG uses
grammar-based GP for discovering effective fuzzy rules. GFS-
SP uses a simulated annealing based search in order to search
for an effective solution in fuzzy rule bases.

V. RESULTS AND ANALYSIS

A. RQ#I) When the data is imbalanced, what is the predictive

and Table V, respectively, for GMean and Balance. In Tables
IV and V, No-resampling refers to the case when Software
maintainability prediction models are developed using
imbalanced datasets. As shown in Table IV and Table V, in the
No-resampling situation, the performance of the models is very
poor. The average GMean for Apache Betwixt, 10, Ivy was
14.34, 40.88, and 26.70, respectively. Similarly, average
Balance values were reported to be merely 31.25, 45.20, and
34.34 for Apache Betwixt, 10, and Ivy, respectively. For
Apache Betwixt dataset, GMean values ranged from 56.53 to
71.68 after oversampling. For Apache 10 and Ivy datasets,
GMean values ranged from 53.84 to 79.28 and 61.33 to 85.59,
respectively, as shown in Table IV. Similarly, as reported in
Table V, For Apache Betwixt dataset, Balance values ranged
from 55.41 to 71.31 after oversampling. For Apache 10 and Ivy
datasets, Balance values ranged from 50.45 to 79.27 and 60.54
to 82.25, respectively. After oversampling, for Apache Betwixt
dataset, mean GMean values ranged from 60.29 to 68.92, and
the Adasyn technique has reported the highest GMean of 68.92.
For Apache 10, the range of average GMean values was 66.25
to 77.76 after applying oversampling techniques, and SSMOTE
has the highest average of GMean of 77.76, and in case of
Apache Ivy, the range of average GMean values was 64.42 to
72.06 with Adasyn of highest average GMean of 72.06 as
shown in Table IV. Similarly, on analyzing Table V, we
observe very much improvement in the performance of

performance of sofiware maintainability prediction oL e .

models? Do oversampling techniques improve the software maintainability prediction models with respect
performance of sofiware maintainability prediction Balance performance metric.

models?

In order to answer this research question, we develop software

Average GMean

maintainability prediction models using hybridized techniques 100
in two steps (i) by using original imbalanced datasets (ii) after 80
applying oversampling techniques to imbalanced datasets. In 60
both of the scenarios, we assess the performance of the 40
developed models with respect to GMean and Balance. 20
0
Table IV. GMean results of Software Maintainability Prediction Models Betwixt 10 Tvy
Aoache Betwixt m Adasyn BSMOTE
pache bEetwix
GFS-GCCL GFS-GP GFS-GPG GFS-SP  Mean m SSMOTE B SMOTE
Adasyn 71.18 66.50 69.60 68.41 68.92 No-Resampling
BSMOTE 66.40 56.53 60.73 57.51 60.29
2;%2?3 ;(1)2; 2?3; gg;g ggg; 2223 Fig.1 Average GMean of all datasets after oversampling.
No-resampling 0.00 19.25 19.20 18.93 14.34 Average Balance
Apache 10
Adasyn 74.81 79.28 72.56 78.39 76.26 100
BSMOTE 73.79 68.60 53.84 68.75 66.25
SSMOTE 78.00 79.28 77.27 76.50 77.76 50
SMOTE 77.35 78.00 79.07 66.10 75.13 .
No-resampling 0.00 54.66 54.54 54.31 40.88
Apache Ivy 0
Adasyn 69.58 85.59 68.49 64.56 72.06 Betwixt 10 Ivy
BSMOTE 69.19 65.85 63.10 66.27 66.10 .
SSMOTE 61.33 61.36 68.91 66.08  64.42 = Adasyn BSMOTE
SMOTE 65.85 67.49 68.86 65.31 66.88 B SSMOTE mSMOTE
No-resampling 26.73 26.73 26.71 26.65 26.70

No-Resampling

The performance of the models after employing oversampling
techniques along with No-resampling is recorded in Table IV

Fig.2 Average Balance of all datasets after oversampling.



For Apache Betwixt dataset, average Balance values ranged
from 59..15 to 68.68 and Adasyn technique has reported highest
average Balance of 68.68 For Apache IO, the of was average
Balance values ranged from 62.56 to 77.36 and SSMOTE has
highest average Balance of 77.76 and in case of Apache Ivy the
range of average Balance was 64.19 to 71.04 with Adasyn of
highest average Balance of 71.04, as shown in Table V. Fig.1
and Fig.2 show the average GMean and average Balance
performance of all three datasets after applying oversampling
along with No-resampling. Therefore, it is clearly evident from
Fig.1 and Fig.2 that investigated oversampling techniques
improve the predictive performance of the software
maintainability prediction models.

The analysis the results of the developed software
maintainability prediction models before and after
oversampling, it is evident that the oversampling of the
datasets improved the performance of the models.

Table V. Balance results of Software Maintainability Prediction Models

Apache Betwixt

0.05. First, we statistically analyze the performance of
prediction models with the aid of the Friedman test that assigns
a mean rank to each technique according to the performance of
each oversampling technique in terms of GMean and Balance.
The results of the Friedman test are documented in Table VI for
GMean and Balance. As shown in Table VI, the results of the
Friedman test for investigated oversampling are significant both
for GMean and Balance, p-value < 0.05. Adasyn technique has
obtained the highest rank with respect to GMean and Balance.
The second best rank is obtained by SSMOTE technique. The
results for the Friedman test indicate that No Resampling
situation has obtained the worst rank both for GMean and
Balance measures. To investigate the second part of this RQ,
we further carry our investigation with the help of the Wilcoxon
Signed-Rank test with Bonferroni correction ( =
0.05/4=0.0125). We make a pairwise comparison for the best
oversampling (Adasyn) technique with other oversampling
techniques used in the study. The results of the Wilcoxon
Signed-Rank test are recorded in Table VII.

Table VII. Wilcoxon Test Results for Oversampling Techniques

Resampling Technique Pair p-value : GMean p-value : Balance

GFS-GCCL ~ GFS-GP GFS-GPG ~ GFS-SP Mean Adasyn-SSMOTE 0477 (Not Sigt)  0.657(Not Sig+)
Adasyn 70.77 66.40 69.16 68.38 68.68 Adasyn-SMOTE 0.308 (Not Sig+ 0.347(Not Sig+)
BSMOTE 65.35 3541 59.78 56.04 59.15 Adasyn-BSMOTE 0.005 (Sigt) 0.005(Sigt)
SSMOTE 70.56 65.53 66.40 67.41 67.48
SMOTE 71.31 61.20 64.07 68.49 66.27
No-resampling 29.29 31.91 31.91 31.87 31.25 As shown in Table VII, the Adasyn technique is statistically
Apache 10 different (Sig+) from BSMOTE (p-value < 0.0125), both with
Adasyn 72.34 79.27 72.48 76.48 75.14 respect to GMean and Balance. However, from Table VII, it
ISBSSII\\/I/IgTT]]EE ;2.2471 7694~247 32‘3‘; 3‘5‘;2 gg-gﬁ can be seen that the Adasyn technique is not statistically
SMOTE 7795 . 78 84 63.51 7 " 3 different (Not Sig+) in terms of its performance from SSMOTE
No-resampling 29.29 50.5 50.5 50.49 45.20 and SMOTE.
Adasyn 5955 ApaCheSZ;S 67.90 6447 7104 On statistically analysing on the performance of the
BSMOTE 69.18 65.65 62.88 66.25 65.99 software maintainability prediction models we observed
Safe-SMOTE 60.54 61.27 68.90 66.06 64.19 that Adasyn, SSMOTE, and SMOTE are equally
SMOTE 65.65 67.40 68.66 65.16 66.72 competent oversampling techniques for developing
No-resampling 34.34 34.34 34.34 34.34 34.34 effective models to predict low maintainability classes
accurately.
Table VI. Friedman Test Results
Oversampling Rank with Rank with respect
Techniques respect to GMean to Balance VI. THREATS TO VALIDITY
ggﬁgﬁ ﬁ:ﬁt; 832; EZEIE; ?3‘(7)18 We have developed software maintainability prediction models
SMOTE Rank 3 (3.67) Rank 3 (3.67) in this study by pre-processing imbalanced datasets with the
BSMOTE Rank 4 (2.5) Rank 4 (2.50) help if oversampling techniques and evaluated the performance
No Resampling  Rank 5 (1.08) Rank 5 (1.08) of the developed modes with respect to robust and stable
p-value 0.00 0.00 evaluators, GMean and Balance. Therefore, there is no internal

validity threat. Also, we don't have the threat to construct
validity in this study as the software metrics that are used to
construct the prediction models have been widely validated in
the software engineering domain. We have reported the results
after rigorous statistical analysis performed with the non-
parametric statistical test. Therefore, the threat to conclusion
validity not exists in this study. The datasets used in this study
are extracted from the application packages of Apache written
in Java programming language. So, there may be the threat that
our result can vary for software developed in other
programming languages.

B. RO#2) Which is the best oversampling technique to develop
competent software maintainability prediction models? Is
the best oversampling techniques, statistically better than
other examined oversampling techniques?

In order to answer this research question, we analyze the
performance of each oversampling technique on the software
maintainability prediction models by two non-parametric
statistical tests, Friedman Test and Wilcoxon Signed Rank Test
on the GMean and Balance results at a significance level of o =



VII. CONCLUSIONS OF THE STUDY

Developing the competent prediction models to correctly
predict the low maintainability classes is the prime objective of
this study. Because the early prediction of such classes help to
enhance the software quality by rigorous testing such classes.
However, the imbalanced data poses difficulty to train a model
for this task. This motivates us to develop competent models by
pre-processing the imbalanced datasets.

With this objective, this paper examines the effect of
oversampling techniques for developing prediction models to
predict software maintainability. We conducted experiments
on three datasets extracted from different Apache application
packages, four oversampling techniques, and four hybridized
classification techniques. The predictive of software
maintainability prediction models that use No resampling
(imbalanced datasets) were compared with the models that use
oversampling methods with respect to GMean and Balance. The
results are statistically validated with the help of the Friedman
test and Wilcoxon Signed Rank test. The results of our
experiment support that oversampling increases the predictive
performance of the software maintainability prediction models.
The Adaysn, SSMOTE, and SMOTE techniques proved to be
the best oversampling techniques to balance the data
distribution and develop competent software maintainability
prediction models. In order to enhance the generalizability of
our results, in future we plan to broaden the present
investigation by collecting more diverse datasets. In this study,
we investigated the data level solution to imbalanced data
problem. We plan to undertake a few algorithmic level
solutions to the imbalanced data problem for software
maintainability prediction. We also plan the extend our work
for inter-project and inter-release validation.
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