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Abstract—To prioritize software quality assurance efforts, fault
prediction models have been proposed to distinguish faulty mod-
ules from clean modules. The performances of such models are
often biased due to the skewness or class imbalance of the datasets
considered. To improve the prediction performance of these
models, sampling techniques have been employed to rebalance
the distribution of fault-prone and non-fault-prone modules.
The effect of these techniques have been evaluated in terms
of accuracy/geometric mean/F1-measure in previous studies;
however, these measures do not consider the effort needed to fix
faults. To empirically investigate the effect of sampling techniques
on the performance of software fault prediction models in a more
realistic setting, this study employs Norm(F,,:), an effort-aware
measure that considers the testing effort. We performed two sets
of experiments aimed at (1) assessing the effects of sampling
techniques on effort-aware models and finding the appropriate
class distribution for training datasets (2) investigating the role
of balanced training and testing datasets on performance of
predictive models. Of the four sampling techniques applied,
the over-sampling techniques outperformed the under-sampling
techniques with Random Over-sampling performing best with
respect to the Norm(F,,;) evaluation measure. Also, performance
of all the prediction models improved when sampling techniques
were applied between the rates of (20-30)% on the training
datasets implying that a strictly balanced dataset (50% faulty
modules and 50% clean modules) does not result in the best
performance for effort-aware models. Our results also indicate
that performances of effort-aware models are significantly de-
pendent on the proportions of the two types of the classes in the
testing dataset. Models trained on moderately balanced datasets
are more likely to withstand fluctuations in performance as the
class distribution in the testing data varies.

Keywords - class imbalance, sampling techniques, software
quality, software fault prediction, empirical study

1. INTRODUCTION

With the increasing pressures of expediting software
projects that is always increasing in size and complexity
to meet rapidly changing business needs, quality assurance
activities such as fault prediction models have thus become
extremely important. The main purpose of a fault prediction
model is the effective allocation or prioritization of quality as-
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surance effort (test effort and code inspection effort) [29], [32].
Construction of these prediction models are mostly dependent
on historical or previous software project data referred to as a
dataset.

However, a prevalent problem in data mining is the skew-
ness of a dataset [14], [38]. Fault prediction datasets are
not excluded from this phenomenon. Most datasets have the
majority of the instances being either clean or not faulty [38],
[42] and conventional learning methods are primarily designed
for balanced datasets [7]. Common classifiers such as Neural
Networks (NN), Support Vector Machines (SVM) and decision
trees work best towards optimizing their objective functions
that leads to the maximum overall accuracy - ratio of correctly
identified faults to the number of total predicted faults. The use
of imbalanced datasets for training a classifier will most likely
generate a classifier that tend to over-predict the presence
of the majority class but a lower probability of predicting
the minority or faulty modules. Should the model predict the
minority class, it usually comes with a high rate of error than
predicting the majority class [21], [38]. This therefore affects
the prediction performance of the classifiers and in machine
learning, is referred to as learning from imbalanced datasets.

Several methods have been proposed in machine learning
for dealing with the class imbalanced issue such as random
over and under sampling [13], [7] creating synthetic data [18],
[19], application of cleaning techniques for data sampling [44]
and cluster-based sampling [21]. With a significant amount of
literature in machine learning for imbalanced datasets, very
few studies have tackled it in the area of fault prediction. The
first of such studies by Kamei et al. [23] showed that sampling
techniques improved the prediction performance of linear and
logistics models whilst other two models (neural network and
classification tree) did not have a better performance upon
application of the sampling techniques.

Interestingly, sampling techniques applied to datasets during
fault prediction are mostly evaluated in terms of Accuracy,
AUC, Fl-measure, Geometric Mean Accuracy [23], [10],
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[38], [41], [39], [46] just to name a few; however, these
measures ignore the effort needed to fix faults, i.e., they do
not distinguish between a predicted fault in a small module
and a predicted fault in a large module. Nickerson et al [36]
concludes that to evaluate the performance of classifiers on
imbalanced datasets, accuracy or its inverse error rate should
never be used. Chawla et al. [6] also alludes to the conclusion
that simple predictive accuracy might not be appropriate for
an imbalanced dataset.

The goal of this research is to improve the prediction per-
formance of fault-prone module prediction models, applying
over and under sampling approaches to rebalance number
of fault-prone modules and non-fault-prone modules in the
training dataset and to find the appropriate distribution or
proportion of faulty and non-faulty modules that results in
the best performance. The experiment focuses on the use of
Norm(F,,;), which is an effort-aware measure proposed by
Kamei et al. [22] to evaluate the effect of over/under sampling
on prediction models to find out if the over/under sampling is
still effective in a more realistic setting.

Ten datasets are extracted from sampled open-source soft-
wares (OSS) datasets with various degrees of sizes and distri-
bution of fault-prone modules and 10 effort-aware prediction
models are constructed considering different Py, (percentage
of fault-prone modules) values for 4 sampling techniques.
Ideally, a balanced dataset should have Py,= 50% but this
might not be the best choice for each model and as such eight
(8) Py, values of (default,20,30,40,50,60,70 and 80)% are
applied. In total, we conducted 800 or 10x 10X 8 experiments
for each of the four sampling techniques and compared the
performance of these models to identify the most influential
sampling approaches and required Py, value for effort-aware
fault prediction model. Our results shows that over-sampling
with a Py, of 20% to 30% improved the performances for all
effort-aware models but the Relevance Vector Machine (RVM)
model. We thus recommend over-sampling with Py, between
(20-30)% but caution should be exercised when applying it for
use on RVM models since over-sampling by replication does
not present new information to aid in re-estimating the RVM’s
parameters.

The organization of this paper is as follows. Section II
reviews the most closely related work in connection with
imbalanced dataset and sampling techniques and discusses
the background of effort-aware and evaluation of models
on imbalanced datasets. Section III presents a discussion
on our research objectives. In Section IV, we describe the
experimental methodology and performance evaluation. The
results are presented in Section V and a discussion on threats
to validity and future work of our study is in Section VI.
Finally, a summary of the overall work is presented in section
VIL

II. BACKGROUND AND RELATED WORK

This section introduces the class imbalance learning prob-
lem and current research in this area of software engineering.
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We further discuss effort-aware models and evaluation mea-
sures for class imbalance and effort-aware models.

A. Class Imbalance learning

The class imbalance issue has been tackled by the research
communities in two ways. Reducing the classification cost by
assigning distinct costs to fit dataset [37], [11] and resampling
the original dataset by over-sampling the minority class [7] or
under-sampling the majority class [21], [26]. Over-sampling
refers to the process of increasing the number of minority
cases in a dataset. Several methods such as Random Over
Sampling (ROS), Synthetic Minority Over Sampling Tech-
niques (SMOTE), ADASYN [19] and MWMOTE [3] have
been proposed. Oversampling is known to cause overfitting
[42] hence care is taken when applying such techniques.
Under sampling on the hand is the converse of over sampling
whereby we reduce the majority cases in a dataset by deletion.
Random Under Sampling (RUS) and One-Sided Selection
(OSS) are some techniques available for under sampling.
Chawla et al. [6] argues that removal of repeated data points
could substantially destabilize the different class distributions.
This may therefore boost or reduce classifier performance due
to the class imabalance problem.

In the area of software fault prediction, learning from
imbalanced fault datasets has received little attention. Kamei
et al. [23], the first to apply sampling techniques to fault-
proneness models experimentally evaluated the effects of four
sampling techniques (ROS, SMOTE, RUS, OSS) applied to
four fault-proneness models (Linear Discriminant Analysis-
LDA, Logistic Regression-LR, Neural Networks-NN and Clas-
sification Tree-CT). Using two module sets of an industry
legacy software and F1-Values as accuracy measure, all four
sampling techniques improved the LR and LDA whilst the
contrary was true for the NN and CT. They concluded that,
the most appropriate sampling technique varied among the
models.

Pelayo and Dick [38] applied SMOTE algorithm to de-
termine if classification performance could be improved for
defect-prone modules using the C4.5 decision tree model and
the cost of misclassification. Using the average geometric
mean classification accuracy as the performance indicator, they
observed an improvement of at least 23% on four datasets.
Riquelme et al. [41] analyses two balancing techniques with
two predictive models on five datasets from the PROMISE
repository aimed at improving the performance measure. They
conclude that the balancing techniques may not necessarily
improve the percentage of correctly classified intances, they
however improve the AUC measure of classifying better buggy
instances which are of more interest to the researcher.

Wang and Yao [46] investigated how the class imbalance
learning methods improves software fault prediction. They
applied three class imbalance learning methods of three main
types (undersampling, threshold-moving and boosting-based
ensembles) and compared with two popular base classifiers
(Naive Bayes and Random Forest) on ten datasets from the
PROMISE repository. Measuring classification performance
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using balance, G-mean and AUC, Adaboost.NC- an ensemble
predictive model, produced the best overall performance.

All of these studies considered datasets and fault prediction
models of five or less. This study extensively applies four
sampling techniques to ten open source datasets using the
Normalised P, an effort-aware evaluation measure to assess
the performance and effects of sampling approaches on ten
fault prediction models. It also aims at finding the appropriate
class distribution for training datasets during application of
sampling techniques.

B. Effort-Aware Classifiers

Fault prediction, which is a method of predicting the number
of defects in a software is valuable in organizing a project’s
scarce test resources. Given limited resources for software
testing, fault predictors could focus test engineers on the
modules most likely to be faulty [45], [1]. For predictive
models to be practical in an industrial setting, effort aware
models have been proposed [1]. The intuition behind the effort-
aware models is that time spent on reviewing a potentially
buggy file is dependent on the file size and complexity,
therefore in discovering bugs, less effort is required for small
modules than for large modules [2]. The effort required to
inspect a file or module during fault prediction has thus
been considered in several recent studies. In a study by
Mende and Koschke [30], authors proposed an effort-aware
evaluation measure and considered lines of code as a proxy
for effort. Kamei et al. [22] revisited common bug prediction
findings using effort-aware performance measure, which was
an upgrade on Mende and Koschke’s performance measure and
discovered that process metrics outperformed product metrics
when testing effort was considered. Focusing on predicting
fault-prone parts of large legacy system, Arisholm and Briand
[1] assessed the cost-effectiveness of using an effort-aware
logistic model considering the verification effort to predict the
fault-proneness of the legacy system. Similarly, Menzies et al.
[33] considered effort during the fault prediction construction
and found that learners which considered effort out-performed
other simple learners.

C. Evaluation Performance Measures

Most classification algorithms used for fault prediction
studies attains acceptable or better classifaction accuracy when
the dataset is rightly balanced [28]. Performance of predic-
tion models have been typically evaluated using Accuracy
[10], [35]. Menzies et al. [32] and Chawla et al. [6] argues
that evaluating predictive models trained on class imbalanced
dataset with accuracy is unsuitable as a result of the differing
cost of error for the classes in the dataset or misclassification
cost. Misclassification cost is very crucial and critical during
software testing therefore using accuracy will be devastating
to the investigator or business. For example, a usual software
fault dataset could contain 95% bug free modules and 5%
buggy modules. A model trained on this dataset could produce
a 95% accuracy for the bug free modules. However, this
predictive accuracy would be relevant if it reflects a higher rate
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of the minority modules (faulty) and allows a small error rate
for majority bug free modules. Performance measures such as
Receiver Operating Characteristics (ROC) curve, Area Under
the ROC Curve (AUC), F-measure, Recall, Precision and G-
mean have thus been considered for evaluating models trained
on imbalanced datasets in several studies [23], [10], [38], [41],
[39], [46], because these measures in one way or another
manages the misclassification error rates . However, for a fault
prediction model to be beneficial in an industrial setting, a
software quality ranking system provides such benefits. Gray
et al. [16] reports that using a software quality ranking system,
an ordered list of the most likely error-prone modules could
be produced. In effect, special consideration could be given
to such modules in the form of detailed inspection (effort)
in a descending order of level of defectiveness. Arisholm
et al. [2] also suggests that evaluation and comparison of
fault-proneness prediction models should not only consider
their prediction accuracy but also take into consideration the
potential cost-effectiveness of applying such models. For this
study we use the Norm(F,,;) evaluation metric proposed by
Kamei et al [22]. This metric will be discussed in Section IV.

III. RESEARCH QUESTIONS

We presume effort-aware prediction models will be im-
proved if the suitable sampling technique together with the
appropriate class distribution is chosen for an imbalanced fault
dataset. We thus embark on an experimentation to compare
different effort-aware model performances when sampling
techniques are applied to the training dataset. The objectives
of this paper are to empirically demonstrate the effect (positive
and negative) of sampling techniques on the performance of
software effort-aware fault prediction models and the effective-
ness of having the same class proportions in both the training
and testing dataset. To achieve the objectives as mentioned
above, three research questions are stated:

RQ1. Is sampling approach effective on effort-aware predic-
tion models? Several sampling approaches have been proposed
with each model claiming to be more effective than another. In
the domain of fault prediction, we sought to find which sam-
pling approach has greater influence on effort-aware models.

RQ2. Could the right distribution of faulty and clean classes
be identified during sampling for fault prediction? The search
for the right distribution is a fascinating and prevalent problem
which emerges during class imbalance learning. Intutitively, it
may seem reasonable that making the dataset as balanced as
possible would produce the best performance but that may not
always be the case.

RQ3. Should the resampled training dataset have same
class distribution as the testing dataset and which effort-
aware models are more affected by imbalanced distributions?
Menzies et al. [31] reports that resampling could produce a
training set that contains classes of buggy/non-buggy = 1,
although the test set still retains the original distribution. It
may seem reasonable that training a predictive model on a
dataset whose class distribution has been tuned on the testing
dataset’s distribution or similar to that of the test dataset should
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perform better. We explore this domain to investigate the role
a “balanced” testing dataset has on a predictive model.

IV. EXPERIMENTAL SETTING

We begin this section by describing the datasets used in the
study. We conducted a large study with 10 datasets which are
publicly available. Sampling techniques, model construction
and evaluation were executed using the open source statistical
processing tool R [43]. The library packages Caret [27] and
Unbalanced [40] were also used.

A. Datasets

We experiment on 10 different OSS project datasets avail-
able online to ensure the reproducibility of our experiments.
Table I presents a summary of these projects. With varying
degree in size and class distributions, these datasets provide
an extensive domain for the investigation of the effects of
sampling techniques on the performance of the effort-aware
models to be constructed.

The class proportion of the faulty or minority modules
ranges from as low as 5.8% to maximum of 17.46%. In
emulation of a real-life setting, we extracted two versions of
each project whereas the old version is used for training and
the new version for testing [9]. Considering commit logs from
version control tools (CVS, SVN), we obtained the number of
bugs in source code files through thorough analysis of files
and commits. If files are modified for bug fixes within “X”
months after release, we identify the files that have post-defect.
If commits include certain keywords such as "bug" and "fix",
we conclude the commits are for bug fixes. We extracted seven
process metrics proposed by Moser at al. [34] from these
repositories and found the fault densities for each module.
Table II shows the summary of the metrics extracted.

B. Sampling Techniques

For this study, Sampling in this context refers to a prepro-
cessing procedure to correct the imbalanced target classes in a
dataset by either increasing or decreasing the data samples
before a model could be built for the dataset. We apply
four sampling techniques RUS, ROS, SMOTE, PSMOTE at
different percentage of fault prone modules (Py,) values. P ),
refers the total number of minority class divided by the total
number of data points in a dataset. The Sampling techniques
considered in this study are discussed below.

Table 1T
MEASUREMENT METRICS
Name Description
Codechurn Number of changed rows (number of additional lines
+ number of deleted rows)
LOCAdded Additional number of rows (Lines of codes)
LOCDeleted Deleted rows (Lines of codes)
Revisions Revision number
Age Last number of days since it was fixed
BugFixes Number of corrected faults
Refactorings Number of refactorings

RUS: Randomly remove clean or majority modules from the
data until we reach the desired Py, value whilst the minority
modules are kept intact.

ROS: Randomly increase the minority or faulty modules
until the desired Py, value is attained. The increase is done
by duplicating already existing minority modules.

SMOTE: This approach synthetically over-samples the mi-
nority class by considering each class instance and introduces
a synthetic example along the line of segments which joins
any of the k nearest neighbors [7]. The k nearest neighbor is
randomly selected depending on the Py, value required.

Purely SMOTE (PSMOTE): The original SMOTE algo-
rithm oversamples the minority and undersamples the majority
in a bid of shifting the initial bias of the learner from the
majority class (negative) towards the minority class (positive)
[7]. However, due to the effects of undersampling - removing
important data points, PSMOTE applies the algorithm only to
oversample the minority whilst keeping the majority classes
intact. This is due to the fact that we do not want to lose any
important module. When a Py, value is applied to oversample
the minority so as to become the majority class, the once
majority class is still kept intact whilst the previous minority
class is oversampled untill it becomes the majority class.

C. Evaluation Criteria

Evaluation of the predictive models is done using the
Normalised P, referred to as Norm(FP,,;). The Norm(F,;)
proposed by Kamei et al. [22], which is an upgrade of the
P, evaluation measure proposed by Mende and Koschke [30]
is an effort-aware ranking that takes into account the effort
needed to review a file using the LOC metric as a proxy for
effort. To calculate P,,; value, we first find A,,; (Figure 1)
which is defined as the difference between the LOC-based
cummulative lift chart of the optimal model and that of the
prediction model. From the lift chart in Figure 1, the number
of defects is represented on the y-axis and the cummulative
size of the modules or LOC is represented on the x-axis.

Intuitively, more time is required to review a larger file than
a small file, hence smaller files should always be prioritized if
the predicted defects are same for both files thus P,p;= 1-A gy,
which implies a small value for A,,; will produce a larger
P,,: denoting the best performing classifier. For a standard
comparison of the models, the P,,; values are normalised
since the fault densities are dependent on the LOC for each
module. The normalised F,,; is defined as equation (1)

Popi—min(Popt) (1)
max(Popt) —min(Popt)

Norm(Pop) =

From equation (1), max(FP,;) and min(F,,;) are computed
based on the lift chart when all modules are ordered by fault
densities. Evidently, max(F,,:) will always be 1 since Ap=
0 for the best curve. To find min(F,,;), modules are ordered
increasingly on the x-axis using their actual fault densities
similar to finding the worst case of prediction.
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Table I

THE NUMBER OF FILES AND MODULES OF TWO VERSIONS OF PROJECTS USED IN EXPERIMENTS

Project Version A (Old) Version B(New)
Name Release Date Module | Defects Psp Release Date Module | Defects | Pyp
Clam
Antivirus 1.0 2010/03/31 - 2010/09/27 1597 93 5.82 1.1 2011/02/07 - 2011/08/06 8723 56 0.64
(CLAM)
?I(E:CO?)S) 2.0 2003/05/20 - 2006/05/04 630 110 17.46 3.0 2009/03/30 - 2011/08/25 3480 67 1.93
fll_?]l;i;/l) 1.3.1 2003/08/28 - 2004/02/24 312 38 12.18 1.4.0 2004/04/01 - 2004/09/28 100 17 17
1(\11\?];]35?)]3 4.0 2007/12/19 - 2008/06/16 6781 548 8.08 5.0 2009/04/29 - 2009/10/26 10960 299 2.73
%’Eg%?) 4.5 2009/05/01 - 2009/07/30 1706 275 16.12 4.6 2009/10/18 - 2010/01/16 5964 158 2.65
OpenCms
(OCMS) 7.0.0 2007/07/05 - 2008/01/01 1727 193 11.18 8.0.0 2011/05/08 - 2011/10/13 2821 93 33
?8;11\]:[]2/;5 1.7.0 2009/01/15 - 2009/04/15 1203 123 10.22 1.8.0 2010/06/07 - 2010/09/05 1416 112 791
(SSCICI?E) 5.2.0 2009/12/15 - 2010/06/13 2636 239 9.07 5.3.0 2010/12/15 - 2011/06/13 1248 244 19.55
Spring
Security 2.0.0 2008/04/14 - 2008/10/11 926 126 13.61 3.0.0 2009/12/22 - 2010/06/20 639 132 20.66
(SPRI)
XORP
(XORP) 1.0 2004/07/08 - 2005/01/04 1696 158 9.32 1.1 2005/04/13 - 2005/10/10 1755 217 12.36
Table III
o _ PREDICTION METHODS AND HYPERPARAMETERS IN OUR EXPERIMENTS
)
Category Model Description Hyperg:.;zmeters
3 - Statistical LM Linear regression No
: ) Least Angle
@ approach LARS Regression [12] No
3 o | Relevance
;g) = RVM Vector Machine No
. . [4]
______ Optimal (bug density -
o | based module order) Neighborhood K-NN K neighborhood k=(1,...... , 15}
~ Law methpd [29]
—— Prediction Result k neighborhood
K* method using N
. o
& distance based
I 1 | T | | on entropy [8]
3-layer neural size = {4,..,28},
0 5 10 15 20 25 Neural Net NNET | et 124] decay = {0.1,0.2)
classification
LOC (k) The tree model M5 tree [15] No
RPART | CART [25] p= {0‘03’70'1’
Figure 1. An example of LOC-based cummulative lift chart, Kamei et al. . . e 07}
[22] classification n.tree= { 10,50
Collective GBM using boosting ’ v
; 100, 200 }
Learning tress [5]
mtry= { 10, 50,
D. Experimental Method RF F]a;;dom Forest 100, 200, 250,
500, 1000}
To answer the research questions raised aboved, two sets
of empirical experiments are conducted. We compare and
examine the effects of four different sampling techniques at allocation.

different Py, values on ten effort-aware prediction models
(Table III) using the procedure in Algorithm 1 for experiment
1. We furthermore investigate the influence a balanced testing
dataset has on the performance on an effort-aware model after
resampling the training datasets in experiment 2. The fault
density for each module is predicted and not the presence or
absence of defects. This produces an ordered list of modules
and as noted by D’Ambros et al. [9], it helps in resource

We refer to a resampled training dataset as a dataset which
has been preprocessed using a sampling technique to an
appropriate Py, value. A 10-fold cross-validation method is
employed during the model construction on the resampled
training datasets. The resampled training dataset is split into
ten partitions with nine partitions being used for training and
the single one partition used for validation. This is done several
times to ensure that the optimal parameters are found and
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Algorithm 1 Outline of Experiment 1

Given a training set comprised of clean(c) and buggy(b) data,
Wirain(Version A) = (W, , Wy ), IWpl < Wl
and Z;.s:(Version B) be set of testing data set

Procedure Begin
1) For training dataset Wypqin {W1 , .., W, } and Z;. s {Z;

, .. Zy } repeat

2) Initialize Norm(Popt) = &; samp=[ROS, RUS, SMOTE,
PSMOTE];

3) Initialize p fp=[default,20,30,40,50,60,70,80]; C=[GBM,
K*, KNN, LARS, LM, M5, NNET, RF, RPART, RVM]

4) for k=1,............ ,length(samp) do

5) fori=1,........ ,length(pfp) do

6) Generate N balanced training sets from Wy qin
Worpl1] 5 - o Worpn]s where Worpl] = resample(W,
samplk], ptplil);

7)  Train classifier C; on modified data Wz,

8) Classify data points in Z;.s; using the classifier C;

9) Compute: Norm(F,,;) for each classifier C;

10) end for

11) end for

12) until Wy,..;, is empty (i.e., the training data is ex-
hausted)

End

selected after validating them on each fold of data when the
default set parameters was used initially for building models.
Since all the datasets have Py, values less than 20% by default,
we use Py, values of 20% and above during the resampling
process to generate seven independent training datasets (train-
20, train-30, train-40, train-50, train-60, train-70, train-80).
Default parameter configurations are used for the SMOTE
algorithm where k-nearest neighbor is five (k=5).

Experiment 2 follows the procedure of experiment 1 but
makes modification at step 8 in Algorithm 1 where the Z;.:
is modified to reflect the different Py, values in relation to
RQ3’s assertion of the effects a balanced testing dataset could
have on the performance of predictive models. We consider
five datasets and five effort-aware models based on their high
Norm(FP,,;) performance from experiment 1 and create seven
independent testing datasets (test-20, test-30, test-40, test-50,
test-60, test-70, test-80) using the same number of testing data
points but variating the class distribution (P, from 20%-80%)
to test the seven trained models constructed for each effort-
aware model after applying ROS to the training datasets (train-
20, train-30, train-40, train-50, train-60, train-70, train-80) in
Algorithm 1.

V. EMPIRICAL RESULTS AND DISCUSSION

RQ1 presents the comparison of performances of sampling
techniques and its effects on the models. RQ2 closely investi-
gates the best proportion of class distribution to be used during
sampling and RQ3 examines the effect of a balanced testing
dataset on an effort-aware fault prediction model.
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RQI1. Is sampling approach effective on effort-aware fault
prediction models?

We compare the performance of each sampling technique
on the effort-aware models to the performance of the effort-
aware models when no sampling technique is applied to the
dataset which is denoted as NOS. Figure 2 shows the average
Norm(F,,;) evaluation measure across all ten datasets for
each sampling technique on the effort-aware fault prediction
models. Effort-aware prediction results on individual datasets
are not displayed due to space restrictions. From the plots,
we observe the performance of the sampling techniques and
using no sampling (NOS) as a threshold, it is evident only
ROS performed relatively better. The other three sampling
techniques negatively affected the performances of the models.
All the models considered in this study were clearly induced
or affected by the sampling approaches. ROS performs better
in all the models except RVM compared to SMOTE and this
could be explained by the fact that ROS merely duplicates
the instances instead of introducing new information to the
classifier hence the RVM model, a probalistic model whose
functional form is equivalent to the Support Vector Machine
(SVM) [4] could only have a decrease in performance because
it requires new information to re-estimate its parameters.
Study by Wei et al. [47] also confirmed the negative effect
of ROS on the performance of SVM and RVM. The over-
sampling techniques also had a positve effects on the NNET
and RPART models since most of the Norm(F,,;) values
were above the threshold line. Interestingly, the performance
of most models when no sampling (NOS) was applied to
the technique was better in comparison to the other three
techniques (RUS, SMOTE, PSMOTE). Table IV presents the
summarised results of the average Norm(F,,;) for each model
and sampling technique across all the Py, values considered
for this study. The first column displays the no sampling
approach (NOS) on the models, the last row shows the overall
average of each sampling technique across all models and the
best Norm(F,,;) for each sampling technique is bolded and
underlined. Clearly, the over-sampling approaches outperforms
the under-sampling approaches with ROS performing best with
an average of 65.407 across all models. The SMOTE and
PSMOTE achieved very similar Norm(F,,;) values. Similarly,

Table IV
AVERAGE NORM(Fppt) OF EFFORT-AWARE MODELS AMONG DIFFERENT
SAMPLING TECHNIQUES ACROSS ALL P, VALUES

Models NOS RUS ROS SMOTE | PSMOTE
GBM 66.34 58.27 68.11 65.93 64.3
K* 65.31 63.72 70.09 63.21 63.06
KNN 58.84 58.32 61.75 57.81 58.56
LARS 68.19 61.54 72.14 63.74 62.06
LM 63.37 55.25 69.72 60.34 57.93
M5 67.44 64.77 69.22 61.02 63.15
NNET 54.97 53.19 68.84 57.97 57.81
RF 65.44 60.07 68.13 63.28 63.52
RPART 55.64 56.93 62.83 58.06 59.13
RVM 49.55 47.64 43.24 50.52 48.08
AVERAGE | 61.509 | 57.97 | 65.407 60.188 59.76
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Figure 2. Average Norm(F,y¢) performances across all ten datasets for the
sampling techniques on different Effort-Aware Models at different Pz, values

NOS also outperforms the under-sampling techniques which
implies that under-sampling approach should not be applied
alone if the Norm(F,,;) evaluation measure is employed but
could be considered when combined with an over-sampling
approach.

RQ2. Could the appropriate distribution of classes be
identified during sampling for fault prediction?

In light of the analysis presented in RQI, it will be of
great essence to examine the effort-aware predictive models
and find the appropriate class distribution required during
sampling. Examining the results from the plot in Figure 3,
it could be observed that performance of sampling techniques
on the effort-aware models varied across different Py, values
for different sampling techniques. For most of the models, the
best performance is achieved during the initial Py, values.
For all the models, except LM and K*, ROS performs best
when Py, is 20%. Similarly, RUS and PSMOTE attains better
performance for most of the models when Py, is either 20%
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or 30%. From Figure 3, it is evident that at Py, values of
20% and 30%, most models performed best in comparison
to the other Py, values. However, for SMOTE, the best
performance seems to alternate at different Py, values with
four of the models achieving best performances at 40%. This is
not unusual since this techniques generate synthetic instances
which are new as compared to the ROS which duplicates
already existing instances hence the synthetic technique will
have a better performance when more are being generated. A
stable P, value for SMOTE could not be attained but majority
of the models achieved best performance at Py, values less
than 50%. Generally, most models exhibit better performances
when the sampling approaches are applied at Py, level less
than 50% and thus conclude that most models performs best
when sampling is applied at a Py, level of 20-30%.

RQ3. Should the resampled training dataset have the same
class distribution as the testing dataset and which effort-aware
models are more affected by imbalanced distributions?

To find out whether the performance of the effort-aware
models trained on the resampled training datasets were in-
fluenced by the proportion of the class distribution in the
testing dataset, we explored further by conducting experiment
2. For each of the five datasets considered, Figure 4 shows
the Norm(F,,;) performance of the seven training set models
tested by seven different testing datasets for each model and
dataset. Norm(FP,,,) values are displayed on the y-axis and
the Py, values of the testing dataset are represented on the
x-axis. The plots in Figure 4 reveals an interesting trend in
the Norm(F,,;) performance achieved by all models.

Observing the K* model, the Norm(F,;) curves for all the
datasets except HELM are not significantly slanted, they are
almost flat when the percentage of the fault prone modules
(Psp ) increases from 20% to 80%. On the HELM dataset
however, there seems to be a positive trend with four of the
models increasing as the Py, values increases in the testing
datasets. The model trained with dataset train-20 achieves the
best performance when Py, is 80 for the test dataset. LARS
and LM models display similar results across all datasets. For
both models, we observe that a combination of test-80 with
train-80 achieves the best performance on three of the datasets
showing a steady rise in performance as the Py, in the test
dataset is increasing. Similarly, they both display a sharp in-
crease in performance as P, increases from 20% to 30% and
maintains a stable and no significant change in performance
afterwards with the train-20 model being the only exception
which exhibits a flat or stable performance for the HELM
dataset. Also for the OCMS dataset, models trained with train-
50 and above exhibit some significant increase in performance
in the initial stages as Py, increases from 20% to 50% and
stalls afterward for the LARS model whilst it the converse for
the LM model which maintains the same performance until
Py, reaches 50% where performance displays a significant
increase afterwards. With train-20 and train-80 performing
well on the three models considered so far, the train-20 model
however performs poorly whilst the train-80 still performs
better for the NNET model. It is also interesting to note that
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train-20, train-30 and train-80 fails to react at test-40 when
all the models seem to fall or decrease dramatically for the
HELM dataset. Train-20 and train-30 exhibits resistance to
change but finally increases at test-80. On all datasets, models
trained on Py, values 50% and above performs better than
those below 50%. The M5 model overall seems to be the most
affected model by class distributions in the test dataset. There
could not be established a stable trend in performance as the
Norm(F,,;) curves oscillate when the Py, values in the test
data kept on increasing.

In summary, we could conclude the following: (1) initial
increase in the Py, of the testing dataset results in most
of the models having a significant increase/decrease in per-
formance. (2) equal Py, value in both training and testing
dataset does not achieve the maximum Norm(F,,;) in most
cases (3) models trained on a moderately rebalanced training
datasets such as train-20 and train-30 are the most resistant to
performance fluctuations notwithstanding the proportions of
two class distributions in the testing datasets.

VI. THREATS TO VALIDITY

As an empirical study, there are several potential limitations.
We discuss below the internal and external threats to validity
of the study.

This study obtains the number of faults in source code
files through the analysis of files and commits in software
repositories. This process is commonly used in fault prediction
research [34], [10], [22], but has the limitation that faults
not recorded in CVS log comments cannot be collected.
Further research is required to improve the accuracy of faults
collection from repositories. Considering only process metrics,
we cannot generalize our results to all areas of fault prediction.
However, process metrics has been shown in literature as a
better option for software fault prediction [34], [22], [30],
[10]. Consideration of other metrics such as the static code
metrics or product metrics is left for future studies. Our study
was also limited to ten purely OSS datasets and ten effort-
aware models which could also be a source of bias to the
results. However, the depth and size of our datasets were large
enough for a comprehensive experiment. We acknowledge the
availability of diverse effort-aware predictive models which
could have been considered but we argue that the models
selected covers different domains of techniques ranging from
statistical, data mining and machine learning techniques hence
these models are representative of all the several models that
exist in literature.

It has been proven that ensemble classifiers perform better
than single base classifiers for datasets with different character-
istics [20], we aim to replicate this study considering ensemble
effort-aware classifiers in future studies. There exist several
proposed sampling techniques in literature but our study
focused on four sampling techniques which are commonly
applied in the domain of class imbalanced learning due to
their ease of implementation. We however, intend to consider
more of these techniques in future studies.
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VII. CONCLUSIONS

We have assessed and examined the role of balanced and
imbalanced training and testing datasets on the performance
of software defect prediction models considering ten datasets
and ten effort-aware models evaluated using an effort-aware
measure, Norm(F,,;). Of interest to us were how the per-
centage of target variable distribution in a fault dataset affects
the performance of a predictive model with the background
knowledge that rate of faulty modules in real world fault
dataset is unstable and highly imbalanced. Assessing the
performance of four sampling techniques on ten effort-aware
predictive models, our results indicate that moderate appli-
cation of sampling technique was required to achieve better
results for most effort-aware models considered since the
best percentage or rate of fault-prone modules in a dataset
(P¢p) was found to be between the ranges of 20-30%. In
comparison of the best sampling technique, the over-sampling
approaches outperformed the under-sampling approach with
Random Over-Sampling edging out the others.

Our results indicate no sampling is better than applying
under-sampling technique to a faulty dataset when the minority
class of the original dataset is less than 20% of the total
dataset. Under-sampling could be considered when it is com-
bined with other over-sampling techniques. Most studies have
reported the positve effects of applying sampling techniques
to fault prediction models but our study contrasted that view
when we evaluated using the Norm(F,,). Random over-
sampling (ROS) proved to be the only positive approach.
Lastly, the study showed that performance of trained models
is highly dependent on the class distribution in a testing
dataset and thus extra caution should be considered when
evaluating and comparing effort-aware models across different
testing datasets with varied proportions of buggy and clean
instances. We have demonstrated in a practical setting, the
effects of sampling approach on fault prediction models and
intend to apply more advanced sampling techniques on very
large datasets for future studies.
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