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Abstract—Sampling methods are known to impact defect
prediction performance. These sampling methods have config-
urable parameters that can significantly affect the prediction
performance. It is however, impractical to assess the effect
of all the possible different settings in the parameter space
for all the several existing sampling methods. A constant and
easy to tweak parameter present in all sampling methods is
the distribution of the defective and non-defective modules in
the dataset known as Pfp (% of fault-prone modules). In this
paper, we investigate and assess the performance of defect
prediction models where the Pfp parameter of sampling methods
are tweaked. An empirical experiment and assessment of seven
sampling methods on five prediction models over 20 releases
of 10 static metric projects indicate that (1) Area Under the
Receiver Operating Characteristics Curve (AUC) performance
is not improved after tweaking the Pfp parameter, (2) pf (false
alarms) performance degrades as the Pfp is increased. (3) a stable
predictor is difficult to achieve across different Pfp rates. Hence,
we conclude that the Pfp parameter setting can have a large
impact on the performance (except AUC) of defect prediction
models. We thus recommend researchers experiment with the
Pfp parameter of the sampling method since the distribution of
training datasets vary.

Keywords - Search based SE, Defect prediction, Sampling
methods, Imbalanced Data, Preprocessing, Empirical software
engineering.

I. INTRODUCTION

Prioritization of testing resources is a key challenge of

any software engineering project. Allocating the same testing

efforts to all modules of a software is not ideal since defects

are not uniformly distributed within the software. Software

quality teams have adopted defect prediction models to pre-

dicts buggy modules in software and this helps in prioritization

of scarce testing resources [24], [26]. The effectiveness of

these prediction models are however dependent on the data

used in training them [2], [11], [24].

Defect datasets are typically imbalanced with the non-

defective samples dominating the defective samples [13], [31],

[12]. In SE research, the prevalent and easy approach for

solving the class imbalance issue is the application of data

sampling methods [3], [10], [5]. These sampling methods

have configurable parameters that control the characteristics

of the datasets produced for training classifiers. For example,

the number of neighbors (K) considered for data generation

in SMOTE can be configured prior to being applied on

the training data. Different sampling methods have different

configurable parameters and it is impractical to configure

all these parameters of the various sampling methods during

model construction. Nevertheless, a constant parameter for all

sampling method is the amount of resampling or percentage of

fault-prone modules (Pfp) which controls the amount of data

added to or removed from the minority class samples or the

majority class samples respectively.

Our literature analysis reveal that prior defect prediction

studies that apply sampling methods as preprocessing tech-

niques do not consider the impact of these parameters and its

effect on prediction performance. Agrawal and Menzies [1]

note that when the parameters of SMOTE are tuned based

on the data distribution, significant improvements could be

observed. Most sampling methods apply a fixed balanced

resampling rate since an optimal Pfp rate for these existing

sampling methods is a challenge. Our previous study [4]

shows that the application of a fixed Pfp for sampling models

may degrade performance of prediction models due to the

difference in imbalance ratio and size (number of samples)

of training datasets.

In this paper, we investigate and asses the significant effect

of tuning the Pfp rate of sampling methods on performances

of defect prediction models. Different Pfp rates are selected

and configured for each sampling method before being applied

to the training datasets prior to classifier training. We conduct

an extensive experiment on seven sampling methods and five

prediction models evaluated with five performance measures

across 20 releases of 10 open-source software projects. We

further perform a mini ranking experiment to obtain the best

performing predictors. Our analysis indicate that sampling

methods have a strong correlation with Pfp. The stable ranking

experiments show that a stable predictor is difficult to achieve

across different evaluation measures. No predictor was stable

across the Pfp rates. In conclusion, we observe that perfor-

mance of all sampling methods studied can be improved when

the parameters are tuned and encourage the tuning of this

parameter.

The organization of this paper is as follows. Section II

reviews some previous studies on the application of sampling

methods for defect prediction. Section III describes the ex-

perimental methodology, sampling methods and performance
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evaluation measures. The empirical results and analysis is

presented in Section IV. The threats to validity are presented

in Section V and conclusion and discussion of future works

are presented in section VI.

II. RELATED WORK

Several studies have assessed the impact of sampling meth-

ods on defect prediction performance. There are however con-

tradictory findings about the performance of these sampling

methods especially concerning SMOTE.
These studies report the positive impact sampling methods

have on prediction models. Kamei et al. [19] experimentally

evaluated the effects of four sampling methods on four pre-

diction models using two sets of industrial legacy software

evaluated using the F1-value. They observed that sampling

methods improved the performance of two out of four models.

Similarly, Menzies et al. [27], Riquelme et al. [29], Pelayo and

Dick [28] and Wang and Yao [31] concluded that sampling

methods improve prediction performance. These studies ap-

plied the sampling methods using the default parameter values.

In our recent study [4], we investigated the effects of four

sampling approaches on ten effort-aware prediction models

where we tuned the resampling parameters. Results showed

that ROS outperformed the SMOTE approach and no sampling

outperformed RUS when the dataset is highly imbalanced.

The recent study by Agrawal and Menzies [1] where they

tuned several parameters of SMOTE showed that performance

can be further improved when these parameters are tuned

according to the distribution of the training data. This study

differentiates itself from previous studies in that, we assess

the performance of more than five sampling methods when

the Pfp parameter is tweaked. Additionally, we conduct cross-

release predictions with five performance measures. We further

statistically evaluate the performance of the models trained on

these resampled datasets to examine if the improvements were

significant or not using robust statistical test recommended by

Kitchenham et al. [20].

III. EXPERIMENTAL SETTING

To assess the effect of tweaking the distribution parameter

of sampling methods on prediction performance, we briefly

discuss the sampling methods, datasets, performance measures

and comparison criteria used for the study. In emulation of

real-life setting, two sets of project datasets are used for

the experiments in order to examine the impact of applying

sampling methods on the performance of the cross-release

project prediction models. Detailed but simple experiments

were conducted at different resampling rates (Pfp) to aid in the

examination and analyses of the effects of sampling methods

on the chosen prediction models.

A. Sampling Methods
Data sampling approaches were proposed with the aim of

increasing the sample size of the minority class or decreasing

the sample size of the majority class referred to as over-

sampling and undersampling respectively. Seven sampling

methods were considered for this experiments.

RUS: Random Undersampling is the simplest form of

undersampling. Majority instances of the dataset are randomly

selected and deleted whereas the minority instances are left

intact. Information crucial to the classifier during training

could be lost since instances are deleted. It is however very

fast to execute for large datasets.

ROS: As a very simple and effective oversampling method,

Random Oversampling increases the minority sample by

randomly selecting and duplicating minority instances. This

method provides no "new" information to the classifier.

SMOTE: Proposed by Chawla et al. [10], this technique

over-samples the minority class in a dataset by generating

new “synthetic” samples. This technique adopts the k-nearest

neighbor approach to over-sample the minority class instances.

SMOTE is one of the most popularly used sampling method

in SE studies.

ADASYN: An adaptive oversampling method proposed by

He et al. [15], ADASYN focuses on the minority classes that

are difficult to classify. Weights are assigned to the minority

classes and dynamically adjusted so as to reduce the bias in

the imbalanced data.

Borderline-SMOTE: A modification of SMOTE proposed

by Han et al. [14], this method mainly focuses on the harder-

to-classify minority instances found on the border-line of a

classifier. SMOTE is then applied to the instances labelled as

"bordeline".

Safe-Level SMOTE: Originally proposed by

Bunkhumpornpat et al. [9], this method aims to avoid

the generation of synthetic minority samples in the region of

the majority instances. Samples are labelled as "Safe-Level"

before the conventional SMOTE method is applied. Safe-level

is defined as the number of majority instances among the k
nearest neighbor of a minority instance.

MAHAKIL: This is a recent oversampling approach based

on the chromosomal theory of inheritance developed by Ben-

nin et al. [5]. MAHAKIL aims to generate diverse minority

instances by obtaining different traits from two dissimilar

instances. MAHAKIL considers two unique and dissimilar

instances (i.e., based on Mahalanobis distance values) for the

generation of new instances. MAHAKIL alleviates overgener-

alization of prediction models since synthetic data instances

created are not clustered into a specific region of the minority

class of the dataset.

B. Datasets

Twenty (20) versions of ten (10) JAVA open source software

project datasets donated by Jurezcko and Madeyski [17], and

Jurezcko and Spinellis [18] were extracted from the PROMISE

data repository. A summary description of the projects are

presented in Table I. Previous or old release datasets (version

A) were used as the train datasets whilst the latest or newer

releases (version B) were used as the testing datasets. The

datasets selected consist of very low and high imbalanced ratio

or percentage of fault-prone modules (Pfp) with the training

datasets having a Pfp ranging between 3.8-17.2%.
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Table I
SUMMARY OF SELECTED 20 IMBALANCED DATASETS EXTRACTED FROM PROMISE DATA REPOSITORY

Project Name Short Name Version A Version B
Release Module # Defects Pfp(%) Release Module # Defects Pfp(%)

Ant1 ANT1 1.3 125 20 16 1.4 178 40 22

Ant2 ANT2 1.5 293 32 10.9 1.6 351 92 26.2

Camel1 CAM1 1.0 339 13 3.8 1.2 608 216 35.5

Camel2 CAM2 1.4 872 145 17 1.6 965 188 19.5

Forrest FORR 0.7 29 5 17.2 0.8 32 2 6.2

Ivy IVY 1.4 241 16 7 2.0 352 40 11.4

Jedit JEDIT 4.2 367 48 13.1 4.3 492 11 2.2

Synapse SYNA 1.0 157 16 10.2 1.1 222 60 27

Xalan XALA 2.4 723 110 15.2 2.5 803 387 48.2

Xerces XERC 1.2 440 71 16.1 1.3 453 69 15.2

Recall(pd) =
TP

TP + FN
(1)

pf =
FP

FP + TN
(2)

g −mean =

√
TP

TP + FN
∗ TN

TN + FP
(3)

balance(bal) = 1−
√

(0− pf)2 + (1− pd)2√
2

(4)

C. Evaluation Criteria

Five commonly used performance metrics are adopted for

the study. The AUC, g-mean, balance, pd and pf. The first

three metrics measure the performance of the overall classifier

while the last two are used for assesing the performance of the

minority(defective) class. Higher AUC, g-mean, balance and

pd denotes better performance. Probability of false alarm (pf )
measures the rate of predicted modules that were non-defective

or wrongly predicted as defective. A low or zero value for pf
implies a better prediction model. Detailed explanations of

these measures can be found in [16]. The mathematical defi-

nitions of pd, pf, balance and g-mean measures are presented

in equations 1-4.

D. Experimental Setup

The experiments reports the performance of the defect

prediction models when 7 different sampling methods are

applied to each project data at different Pfp rates (default, 20,

30, 40, 50). This results in five independent training dataset

(resampled data) per each sampling method and 350 (5 Pfp *

10 datasets * 7 sampling methods) cross-release predictions

in total. We represent the default distribution value as No

Sampling (NONE) in our experiments. In agreements with the

assumptions of classifiers that the dataset should be balanced,

we stop resampling at 50%. Also, resampling above 50% could

totally deplete the dataset for RUS. Five commonly used pre-

diction models in defect prediction [24], [25], [6] are selected

for the experiment. They are presented in Table II together

with the parameter configurations used. The experiments were

Table II
PREDICTIVE MODELS AND THEIR HYPERPARAMETER CONFIGURATIONS

Model Overview Hyperparameters

C4.5
J48 Decision
Tree

c ={0.05,0.1,0.2,0.3,0.4,
0.5,0.6,0.7}

NNET
3-layer Neural
Network

size = {4,..,28}, decay = {0.1,0.2}

SVM
Support Vector
Machine

c ={2−6,. . . .,210}

RF Random Forest
mtry= { 10, 50,100, 200, 250,500,
1000}

KNN
K-Nearest
Neighbor

c ={2*(0,.....,7) + 1}

executed with the open source statistical processing tool (R)

[30]. The Caret [23] and WRS [32] library packages were used

for the prediction model construction and statistical analyses

respectively. According the recommendations of Menzies et al.

[26], all the features (metrics) of the datasets are used during

the model training. We strictly apply the parameters used by

the original authors of all synthetic oversampling methods

except the distribution values.

During the model construction, the 10-fold cross-validation

method is applied to each resampled data. This method ensures

that for a particular model training, the dataset is split into

10 folds where 90% of the dataset is used for training and

the remaining 10% is used for testing. It is iterated until all

folds in the dataset have been used once as a test dataset. The

constructed model is tested on the separate test dataset (version

B) and evaluated using the performance measures discussed in

Section III-C.

E. Statistical Performance Comparison

The win-tie-loss evaluation procedure mostly used in several

Software effort estimation studies [21], [22] is adopted for the

performance comparison. This procedure employs a statistical

test for a pairwise comparison between predictors . Brunner’s

statistical test [8] is applied for significant differences since

this test was recently recommended by Kitchenham et al. [20]

as a more robust non-parametric test. Three counters wins, ties
and losses are initially set for each predictor. For any two pairs

of selected predictors, the statistical test is performed across

all datasets for each performance measure and the win, tie or

loss value is reported based on the significance value (p <
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0.05). If the performance distributions of 2 predictors are not

significantly different, the ties counters of both predictors are

increased by 1; otherwise the wins counter of the significant

predictor is increased by 1 and the losses counter of the other

predictor also increased by 1. Figure 1 presents the win-tie-loss
procedure used.

Figure 1. Pseudocode for win-tie-loss computation between predictors k and
l with performance measure values Perfk and Perfl. Note that pf values
are negated before comparison since the lower the pf value, the better.

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS

The experiment evaluates the effects of changing the Pfp on

the prediction performance of seven sampling methods. The

performance of each prediction model when sampling methods

are applied are compared to the prediction model with no

sampling (default Pfp) across the Pfp values. Figure 2 presents

a plot of median performance values for each sampling method

and prediction model across all ten static-metric datasets. By

using the NONE as the benchmark, we observe change in

performances as Pfp increases. AUC performance values are

not significantly improved as Pfp increases. The AUC values

for all sampling methods were almost the same as NONE. All

other performance values improved with the exception of pf
as Pfp increases for all the sampling methods.

For statistical significant results, we present the prediction

results of sampling methods applied to the dataset at different

Pfp rates by extracting the total count of wins and losses

from the win-tie-loss statistic procedure explained in Figure

1. For each Pfp rate, comparisons are made among the five

performance values of each sampling method and prediction

model for every single dataset. We present the win-tie-loss

results where each predictor is compared with 39 (5 models *

8 sampling methods - 1) other predictors for each Pfp rate in

Table III. We focus on the wins and losses of each predictor

and thus exclude the tie values from the results. From the table,

the best ranked predictors differed at each Pfp rate. A summary

of the results from the tables are presented as follows:

1) Across all Pfp rates, combination of no sampling method

(NONE) with all the five prediction models were consis-

tently ranked in the bottom half of the table, suggesting

that prediction models perform worse when no sampling

(NONE) methods are applied to imbalanced datasets.

2) A stable predictor could not be observed across all four

Pfp rates. The best predictor varied across the Pfp rates.

3) Sampling methods significantly improved the KNN pre-

diction model whilst the C4.5 prediction model is the

least impacted by sampling methods.

The win-tie-loss results indicate sampling methods are more

effective in improving performance of prediction models.

However, the best sampling method to use differs with respect

to the Pfp rate applied and evaluation metric. It is thus difficult

to find a stable Pfp rate to use for defect prediction research

and we recommend using different predictors based on the

evaluation metric used. For each dataset and sampling method,

several experiments should be conducted with different Pfp
values where (default>Pfp<=50). The Pfp value resulting in

the highest performance should be used. Our results is in

agreement with the observations made by Bowes et al. [7] that

there are uncertainties in the predictions made by classifiers.

The instability in the prediction performances among the clas-

sifiers caused by the Pfp rates provides practical implications

for practitioners. In safety critical scenarios where false alarms

are costly, Pfp rates similar to the default distribution rate

of the dataset is recommended for most sampling methods.

From our results, we recommend KNN prediction model in

combination with MAHAKIL or Safe-level SMOTE since it

performed very well statistically irrespective of the Pfp rate

across all performance measures. The results suggest that the

number of minority samples introduced into the training data

has significant effect on prediction performance.

V. THREATS TO VALIDITY

As an empirical study, there are several potential limitations.

We considered only 10 open-source projects with static met-

rics for the experiments. The results may not generalize for

commercial projects and a replication study using commercial

projects is left for a future study. The default imbalance

ratio and project sizes span from low to high values. These

imbalance values were considered so as to reduce any bias

of specific datasets dominating and influencing the results.

The effect of sampling methods on very large project sizes

will be explored in a future work. We carefully selected a

large number of performance measures and applied the robust

statistical test recommended by Kitchenham et al. [20] for

the experiment. The threat to statistical conclusion is thus

limited in our study. We considered a limited number of

prediction models. These models are however widely used in

defect prediction studies. We acknowledge different prediction

models could have different implications. The configuration

parameters chosen for the prediction models could also have

an impact on the prediction results.

VI. CONCLUSION AND FUTURE WORK

Sampling methods applied to training datasets prior to

model construction are controlled by configurable parameters.

Exploring all the accessible parameter for the various sam-

pling methods is however impractical. Recent studies conclude

that performance of prediction models are influenced by the
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Figure 2. Performance plots (median values) for all performance measures of the sampling techniques on different Prediction Models at different Pfp values
across all ten cross-release datasets

Table III
PERFORMANCE IN TERMS OF WINS, LOSSES, AND WINS-LOSSES AGGREGATED FROM ALL FIVE PERFORMANCE MEASURES ON THE
10 DATASETS. HIGHER WINS AND WINS-LOSSES INDICATE HIGHER PERFORMANCE, WHERE AS LOWER LOSSES INDICATE HIGHER

PERFORMANCE. THE RANKS ARE ORDERED BY WINS-LOSSES

Pfp 20 Pfp 30 Pfp 40 Pfp 50

Model Sampling Wins Losses Wins-Losses Model Sampling Wins Losses Wins-Losses Model Sampling Wins Losses Wins-Losses Model Sampling Wins Losses Wins-Losses

RF MAHAKIL 51 8 43 KNN SAFE-LEVEL 64 6 58 KNN SAFE-LEVEL 96 14 82 KNN MAHAKIL 117 23 94

RF ADASYN 46 9 37 KNN SMOTE 64 6 58 KNN SMOTE 96 14 82 RF RUS 99 22 77

RF BORDERLINE 46 9 37 SVM MAHAKIL 66 15 51 KNN MAHAKIL 83 23 60 KNN SMOTE 92 17 75

SVM MAHAKIL 49 12 37 RF RUS 59 15 44 RF RUS 75 15 60 KNN SAFE-LEVEL 91 17 74

RF SAFE-LEVEL 46 10 36 KNN MAHAKIL 69 31 38 KNN BORDERLINE 73 26 47 SVM MAHAKIL 75 20 55

RF NONE 46 10 36 RF ADASYN 36 7 29 SVM MAHAKIL 68 23 45 KNN BORDERLINE 83 31 52

NNET MAHAKIL 38 6 32 KNN ADASYN 40 17 23 KNN ADASYN 65 21 44 SVM ROS 70 23 47

RF RUS 41 10 31 NNET RUS 30 7 23 SVM ROS 62 21 41 KNN ADASYN 62 23 39

KNN MAHAKIL 42 12 30 RF SAFE-LEVEL 37 14 23 RF MAHAKIL 49 12 37 NNET SMOTE 64 25 39

RF SMOTE 40 10 30 RF MAHAKIL 38 15 23 NNET RUS 35 6 29 NNET MAHAKIL 59 26 33

KNN SAFE-LEVEL 36 10 26 RF NONE 45 24 21 KNN ROS 65 40 25 NNET RUS 55 23 32

KNN SMOTE 36 10 26 SVM ROS 30 9 21 C45 RUS 45 24 21 KNN ROS 68 37 31

NNET RUS 34 8 26 KNN ROS 40 20 20 RF SMOTE 43 32 11 RF MAHAKIL 56 26 30

NNET ADASYN 26 12 14 RF BORDERLINE 32 15 17 SVM SAFE-LEVEL 27 16 11 C45 RUS 60 32 28

KNN BORDERLINE 19 9 10 SVM RUS 26 9 17 SVM SMOTE 28 17 11 NNET SAFE-LEVEL 56 29 27

KNN ROS 22 13 9 NNET MAHAKIL 41 26 15 RF ADASYN 40 30 10 KNN RUS 47 27 20

NNET ROS 20 11 9 RF SMOTE 27 13 14 RF SAFE-LEVEL 44 34 10 NNET ROS 50 38 12

NNET BORDERLINE 21 13 8 NNET SAFE-LEVEL 26 15 11 NNET SMOTE 38 30 8 C45 MAHAKIL 47 45 2

SVM ROS 14 12 2 SVM SAFE-LEVEL 22 11 11 RF NONE 49 46 3 RF BORDERLINE 41 41 0

NNET SAFE-LEVEL 16 15 1 NNET ADASYN 20 11 9 SVM RUS 16 14 2 RF SMOTE 46 52 -6

NNET SMOTE 16 16 0 C45 RUS 30 22 8 NNET ADASYN 22 22 0 SVM SAFE-LEVEL 20 28 -8

SVM RUS 41 43 -2 NNET SMOTE 22 14 8 NNET MAHAKIL 38 40 -2 RF NONE 48 57 -9

RF ROS 24 29 -5 NNET ROS 20 18 2 RF ROS 38 42 -4 SVM SMOTE 20 30 -10

C45 ADASYN 18 34 -16 NNET BORDERLINE 21 20 1 SVM ADASYN 25 31 -6 RF ADASYN 43 54 -11

SVM SMOTE 26 42 -16 RF ROS 26 25 1 RF BORDERLINE 36 44 -8 RF SAFE-LEVEL 44 55 -11

SVM SAFE-LEVEL 26 44 -18 SVM SMOTE 21 20 1 NNET BORDERLINE 21 33 -12 NNET BORDERLINE 47 61 -14

C45 RUS 24 44 -20 KNN BORDERLINE 26 29 -3 NNET ROS 22 34 -12 NNET ADASYN 27 48 -21

SVM NONE 45 65 -20 C45 ADASYN 21 31 -10 NNET SAFE-LEVEL 22 36 -14 SVM ADASYN 33 56 -23

SVM BORDERLINE 16 37 -21 C45 MAHAKIL 31 48 -17 C45 MAHAKIL 37 58 -21 RF ROS 37 66 -29

C45 BORDERLINE 36 58 -22 SVM ADASYN 18 36 -18 C45 BORDERLINE 20 42 -22 C45 SAFE-LEVEL 24 57 -33

C45 ROS 35 59 -24 C45 SAFE-LEVEL 14 39 -25 SVM BORDERLINE 15 51 -36 C45 SMOTE 24 57 -33

C45 SAFE-LEVEL 21 46 -25 C45 SMOTE 14 39 -25 KNN RUS 32 69 -37 C45 ROS 22 72 -50

C45 SMOTE 21 46 -25 C45 BORDERLINE 17 49 -32 C45 ADASYN 21 63 -42 C45 BORDERLINE 23 74 -51

C45 MAHAKIL 38 66 -28 C45 ROS 12 59 -47 C45 NONE 27 75 -48 C45 ADASYN 31 83 -52

C45 NONE 8 36 -28 C45 NONE 19 68 -49 SVM NONE 48 101 -53 C45 NONE 27 80 -53

KNN ADASYN 19 48 -29 KNN RUS 37 91 -54 C45 ROS 13 77 -64 SVM NONE 46 99 -53

SVM ADASYN 21 55 -34 SVM NONE 45 103 -58 KNN NONE 50 115 -65 NNET NONE 36 92 -56

KNN RUS 42 77 -35 NNET NONE 27 96 -69 NNET NONE 33 98 -65 KNN NONE 47 113 -66

NNET NONE 18 62 -44 SVM BORDERLINE 14 83 -69 C45 SAFE-LEVEL 13 79 -66 SVM BORDERLINE 16 83 -67

KNN NONE 42 112 -70 KNN NONE 47 118 -71 C45 SMOTE 13 79 -66 SVM RUS 15 128 -113

imbalance ratio of the training datasets. This imbalance ratio

(Pfp) can be controlled when sampling methods are applied.

To assess the effect of Pfp on sampling and prediction per-

formance, we examine the statistical significant performance

of seven sampling methods on five prediction models across

20 releases of 10 open source projects. Sampling methods
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had a significant and positive influence on prediction models

across all Pfp values. AUC values were not significantly

improved by sampling methods whilst sampling methods

significantly increases the false alarms (pf ) as Pfp increased.

The experimental results indicate that Pfp has significant effect

on prediction performance. This suggest that not only is the

sampling method important but the Pfp selected is important

as well. It is however difficult to find a stable Pfp value to use

for defect prediction studies. This depends on several factors

with the default imbalance ratio of the dataset being the major

factor. We suggest researchers apply different Pfp values and

select the rate that produces the best performance. This work

could be improved in several areas. We intend to investigate

in detail how and why some sampling methods perform better

than others. An in-depth analysis on the best rate of sampling

(Pfp) to use for sampling methods is also left for future studies.
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