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ABSTRACT

Software Defect Prediction is crucial to ensure software quality. However, high-
dimensional data presents significant challenges in predictive modelling, especially
identifying the most relevant features to improve model performance. Therefore,
efforts are needed to address these issues, and one is to apply feature selection
methods. This study introduces a new approach by applying the Copeland ranking
method, which aggregates feature weights from multi-wrapper methods, including
Recursive Feature Elimination (RFE), Boruta, and Custom Grid Search, using 12
NASA MDP datasets. The study also applies Random Forest classification and
evaluates the model using AUC and t-Test. In addition, this study also compares the
accuracy and precision values produced by each method. The results consistently
show that the Copeland ranking method produces superior results compared to other
ranking methods. The average AUC value obtained from the Copeland ranking
method is 0.7496, higher than the Majority ranking method with an average AUC of
0.7416 and the Optimal Rank ranking method with an average AUC of 0.7343. These
findings confirm that applying the Copeland ranking method in wrapper-based feature
selection can enhance classification performance in software defect prediction using
Random Forest compared to other ranking methods. The strength of the Copeland
method lies in its ability to integrate rankings from various feature selection
approaches and identify relevant features. The findings of this research demonstrate
the potential of the Copeland ranking method as a reliable tool for ranking features
obtained from various wrapper-based feature selection techniques. The
implementation of this approach contributes to improved software defect prediction
and provides new insights for the development of ranking methods in the future.
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1. INTRODUCTION

Currently, numerous industry sectors leverage
technology, and software development is highly
dependent on software quality. Software testing is
essential to ensure that the software being developed is
of the highest calibre and can function at its peak.
Software testing’s primary objective is to assess internal
and external software quality using predetermined
standards. Before software is used extensively, its quality
is maintained by effective testing, which can identify
potential flaws or problems [1]. Software is essential, and
its reliability guarantees effectiveness and proper
operation. Software quality highly depends on the
processes applied during development and the success
of its testing [2]. Software defects pose potential causes
of system failures and damage, making defect detection
and prevention essential in software engineering [3].
Conventional solutions to address software defects
involve testing and revisions, which require significant
time. Software defect prediction aims to identify potential
flaws and has become a viable strategy for improving

predictions in this field [4]. Early predictions can help
optimize resource allocation [5]. The defect prediction
process involves analyzing software metrics and then
building a model to predict defects. Defect detection in
software modules is performed through classification,
where software modules are categorized as defective or
non-defective, as conducted in several previous studies
[6].

The Area Under the Curve (AUC) for Software Defect
Prediction (SDP), the subject of this study, is 0.749. The
Decision Tree and Naive Bayes classification methods
combined with feature selection methods were applied in
the 2020 study by Balogun [7]. For instance, when using
the Naive Bayes classification, an AUC of 0.746 was
achieved. The study by Xiaolong [8] in 2021 implemented
ReliefF-based Clustering (RFC), a feature selection
algorithm based on clustering, which resulted in an AUC
of 0.676. Another study by Nugroho [9] in 2020 applied
feature selection techniques and several classification
algorithms, with the Decision Tree yielding the highest
average AUC of 0.566. These previous studies are the
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foundation for this research, which implements feature
selection techniques and ranking methods to achieve a
higher AUC value.

Theoretically, this study demonstrates that wrapper-
based feature selection methods can reduce
dimensionality and eliminate irrelevant attributes, thereby
improving predictive model outcomes. Random Forest, an
ensemble learning algorithm designed to enhance
prediction performance and robustness, is one of the
techniques used for software defect prediction [10]. The
Random Forest model excels in prediction compared to
models like logistic regression because it can handle the
complexity arising from many features in the dataset. In
contrast, models like logistic regression often face
challenges in managing a high number of features [11].
The Random Forest model performs well, according to
studies [12], and additional research also highlights its
effectiveness in data extraction, analysis, and prediction
[13]. Its reliability in handling data with numerous features
makes it a popular choice in various fields, including
bioinformatics, anomaly detection, medical diagnostics,
and financial analysis. However, Random Forest remains
less efficient in detecting all classes and encounters
difficulties in processing high-dimensional data, which
increases the risk of overfitting and slows down training
time. This research employs the Random Forest algorithm
and several other methods to enhance prediction.
Wrapper-based feature selection techniques such as
RFE, Boruta, and Custom Grid Search are used in this
study. These techniques can improve the predictive
model's performance by progressively identifying the
most relevant elements and removing unimportant ones.
RFE effectively eliminates less relevant features but is
prone to overfitting, which Boruta's conservative approach
can address to retain important features. Boruta can
identify truly significant features but tends to retain too
many, which can be further filtered by RFE and optimized
through Custom Grid Search. Custom Grid Search
enhances selection efficiency by searching for the best
combination of features and hyperparameters, although it
does not perform feature selection directly. To improve
feature selection performance, this study also utilizes a
ranking method in the hope that this approach can help
achieve better feature selection. This study applies the
Copeland, Majority, and Optimal Rank methods to rank
features by aggregating feature weights from multi-
wrapper methods and ensuring more optimal feature
selection. Therefore, this research aims to address large-
scale problems using wrapper-based feature selection
methods (RFE, Boruta, and Custom Grid Search) while
incorporating  several ranking techniques. The
combination of techniques used in this study is expected

to help overcome challenges in software defect

prediction.
2. MATERIALS AND METHOD

FIGURE 1 provides an overview of the proposed study.
This study uses the Random Forest algorithm for
classification and applies ranking methods to wrapper-
based feature selection. The collection of the NASA MDP
dataset is the first stage. After data collection,
preprocessing is performed, and then the dataset is split
70:30, with 70% for training and 30% for testing.
Recursive Feature Elimination (RFE), Boruta, and
Custom Grid Search are wrapper-based feature selection
methods used in the first stage to identify feature weights.
RFE recursively removes the least important features
based on the model’s performance until an optimal subset
of features is obtained. It ranks features by fitting the
model multiple times and eliminating the least impactful
features. Boruta, on the other hand, is an extension of the
Random Forest algorithm that evaluates feature
importance by comparing original features with shuffled
shadow features, keeping only the most relevant ones.
Custom Grid Search is an exhaustive search technique
that aims to find the best combination of hyperparameters
for feature selection by systematically evaluating different
parameter sets to enhance model performance. After
feature selection, this study applies three ranking
methods. The Copeland method combines feature
importance from multiple wrapper methods by scoring
features based on their rankings. The Majority method
selects features that appear most frequently among top-
ranked ones. The Optimal Rank method assigns weights
based on the highest observed ranking. After ranking, this
study applies the Random Forest classification model.

The model is trained using the selected features, and
its performance is evaluated based on the Area Under the
Curve (AUC), accuracy, and precision. A statistical
significance analysis uses the t-test to assess differences
between ranking methods. This evaluation determines the
optimal feature ranking method for improving defect
prediction performance. This study analyzes and
compares various feature ranking approaches to identify
the best strategy for enhancing model performance. The
model is trained using the selected features, and its
performance is evaluated based on the Area Under the
Curve (AUC), accuracy, and precision. A statistical
significance analysis uses the t-test to assess differences
between ranking methods. This evaluation determines the
optimal feature ranking method for improving defect
prediction performance. This study analyzes and
compares various feature ranking approaches to identify
the best strategy for enhancing model performance. By
conducting a comparative analysis, this research provides
insights into the strengths and weaknesses of each
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process, helping to select the most suitable strategy for

feature selection in software defect prediction.
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FIGURE 1. Research Method

A. Dataset

This study utilizes 12 datasets from the NASA Metrics
Data Program (NASA MDP), including CM1, JM1, KC1,
KC3, MC1, MC2, MW1, PC1, PC2, PC3, PC4, and PC5.
The NASA MDP repository can be accessed via the
following link:
https://github.com/klainfo/NASADefectDataset. This
dataset covers various software projects with different
characteristics, making it useful for analyzing defect
patterns in diverse development environments. This
dataset contains static code metrics for each constituent
module, where the term module can refer to a method,
function, or procedure within the software [14]. It has been
widely used in previous studies focusing on software
defect prediction because it includes various amounts of
repeated data, such as observations of module metrics
and their corresponding defect data [14], making it one of
the primary benchmarks for developing defect detection
methods. The NASA MDP dataset contains hundreds to

thousands of software modules with various features
reflecting their characteristics. This dataset is relevant to
software defect prediction research as it provides real-
world data from large-scale systems and supports the
development of machine learning models to identify
potentially defective modules.

TABLE 1. NASA MDP Datasets Specifications

Datasets  Attributes Instances Non-  Defects Defective
Defects (%)
CcM1 38 327 285 42 12.8
JM1 22 7720 6110 1672 21.5
KC1 22 1162 869 314 26.5
KC3 40 194 158 36 18.6
MC1 39 1952 1942 46 2.3
MC2 40 124 81 44 35.2
MW1 38 250 226 27 10.7
PC1 38 679 644 61 8.7
PC2 37 722 729 16 2.1
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PC3 38 1053 943 134 12.4
PC4 38 1270 1110 177 13.8
PC5 39 1694 1240 471 27.5

B. Preprocessing Data

In order to prepare the data for usage in different Machine
Learning models, data preprocessing is an essential
stage in the data mining process [15]. This process
ensures that the dataset is ready to be processed by

algorithms by verifying and correcting missing values and
managing factors that could affect the performance of
machine learning models more effectively [16]. Label
encoding is a step in data preprocessing that attempts to
convert string data into a numeric form so that the
prediction process can run more effectively [17]. In this
study, as seen in the CM1 dataset, the label "Y" was
changed to "1" and the label "N" to "0," which can be
observed in TABLE 2 and TABLE 3.

TABLE 2. Before Preprocessing

id LOCK_BLANK BRANCH_OUT NUMBER_OF_LINES LOC TOTAL Defective
1 3 9 9 N

2 3 19 13 N

3 38 35 218 109 N

4 1 7 68 41 Y
325 18 12 N
326 61 32 N
327 12 10 N

TABLE 3. After Preprocessing

id LOCK_BLANK BRANCH_OUT NUMBER_OF_LINES LOC TOTAL Defective
1 3 9 9 0

2 3 19 13 0

3 38 35 218 109 0

4 1 7 68 41 1
325 18 12

326 61 32

327 12 10

C. Split Data selection method, RFE ranks existing features and

The dataset is typically divided into two main parts,
namely training data and testing data, to develop and
evaluate machine learning models effectively [18]. After
the dataset undergoes preprocessing to clean the data
and ensure its quality, the next step is the data splitting
process. The division uses the Stratified K-Fold Cross-
Validation method with k=10 [19]. This method allows the
data to be divided into 10 distinct folds, where each fold
maintains the same class proportions to ensure balanced
class distribution across all parts of the data. This data-
splitting process is crucial to producing balanced class
representation in the training and testing datasets,
enabling the model to learn effectively and provide
accurate and reliable evaluation results.

D. Recursive feature Elimination (RFE)

RFE works by progressively removing less important
features, one at a time. As a wrapper-based feature

generates a candidate subset with corresponding
accuracy measures [20], helping to reduce redundant
information and enhance classification performance [21].
RFE is an iterative technique that uses a specific
algorithm to select features recursively. The process filters
features in the dataset to assess classification
performance [22] and is carried out step by step, removing
irrelevant features until only the most significant ones
remain [23]. RFE is widely used in research and has
shown exceptional results [24]. The RFE process starts
with training a model using all available features. The
model then assigns weights or importance to each
feature, and the feature with the lowest weight,
considered least significant, is removed. The model is
retrained without that feature, and this process continues
until only relevant features remain. The classifier is used
as the estimator due to its ability to handle datasets with
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many features and naturally estimate feature importance.
The parameter n_features _to_select=1 ranks all features,
allowing the selection of a certain number of top features
based on the final ranking.

E. Boruta

The Random Forest classifier served as the foundation for
the Boruta technique. This feature selection algorithm
was developed to identify the best features [25] and can
enhance the performance of classification models
[26][27]. The parameters used in Boruta include
n_estimators='auto', which allows the optimal number of
trees to be determined automatically, and
random_state=42 to ensure consistent results. Boruta is
chosen because it can distinguish truly significant
features from those that do not influence the target.
Boruta works by adding shadow features, which are
created by shuffling the original values, to evaluate the
importance of each feature in the dataset. The selection
process is performed iteratively by removing less
essential features than shadow ones, ensuring that only
genuinely relevant features are retained. This technique
is widely used in various domains, including
bioinformatics, finance, and big data analysis, due to its
reliability in handling datasets with numerous features and
its ability to enhance model interpretability.

F. Custom Grid Search

Custom Grid Search is designed to optimize the search
for the best parameters by automating the often time-
consuming trial-and-error process. It allows the selection
of the best parameters from a predefined list of
alternatives [28]. In the study [29], Custom Grid Search
was applied to determine the most optimal parameters.
Custom Grid Search with Grid Search CV (Cross-
Validation) using cv=5 (5-fold cross-validation) is
employed to optimally tune the Random Forest
parameters by testing various combinations, such as
n_estimators, max_depth, min_samples_split, and
min_samples_leaf. The 5-fold cross-validation technique
ensures that each parameter combination is thoroughly
tested by splitting the data into five parts for alternating
training and testing, thereby preventing overfitting and
ensuring the model performs well on new data.

G. Copeland

To order the features of a software flaw, the Copeland
technique uses the pairwise comparison principle to
assess each feature's degree of relevance. The outcomes
of the feature selection procedure are combined using the
Copeland approach ion performance [30]. The Copeland
approach ranks features by aggregating feature weights
from multi-wrapper methods, evaluating the difference
between one alternative's wins and losses relative to
others. The initial step in this method involves
constructing a matrix, which is then used to perform
pairwise comparisons for each method [31]. Features that
rank higher more frequently in each pair earn victory

points, while lower-ranked features receive loss points.
The final score is determined by subtracting total loss
points from total victory points, with the highest-scoring
feature considered the most significant (ALGORITHM 1).

H. Random Forest

Random Forest is widely used across various fields due
to its super [32]. Several studies have shown that applying
the Random Forest method can yield exceptionally high
performance. According to the study [33], the Random
Forest model consists of many independent decision
trees, which provide high resilience to external influences
[34]. In this classification, the parameters used are
n_estimators = [50, 100, 200], max_depth = [None, 10,
20, 30], min_samples_split = [2, 5, 10], and
min_samples_leaf = [1, 2, 4] to find the best combination.
This technique ensures that the model is evaluated on
various data subsets, prevents overfitting, and selects the
optimal parameters to improve accuracy and
generalization capability. Additionally, Random Forest can
handle high-dimensional data without experiencing
significant performance degradation. This algorithm also
automatically manages missing values and maintains
prediction stability even under varying data conditions.

Random Forest Classifier

X dataset

N, features N, features N, features N, features
] (C] Q. (]
Q @ Q <] <] Q Q -]
O o0 @ O O O O e O ® O O o o0 @ O

TREE #1 TREE #2 TREE #3 TREE #4
| | | |

FIGURE 2. Classification Flow of Random Forest Algorithm [34]

. Evaluation

The Area Under the Curve (AUC) statistic is used in this
study to evaluate the prediction model's performance. The
selection of an appropriate evaluation technique is crucial
for accurately assessing the performance of machine
learning models [35]. AUC is used as the primary
indicator, while other indicators, such as accuracy and
precision, are utilized to evaluate the model's
effectiveness further. Software is essential for evaluating
the strengths and limitations of the model [36][37]. The
AUC statistic is used in this study due to its ability to
handle class imbalance in software defect datasets. AUC
provides an overview of classification performance [38] by
considering the false positive rate and sensitivity, where a
higher value indicates a better-quality algorithm [39][40].
In contrast, the t-test evaluates the significance of
performance differences between models. This test helps
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determine whether the differences in results between
models are statistically significant. Additionally, it provides

ALGORITHM 1. Pseucode of the Proposed Method

further insights into the model's reliability and assists in
selecting the most effective method.

1 Begin
NasaData = Datasets.GetNasaMDP()

Ok WN

WeightsRFE = FeatureSelection.RFE(RandomForestClassifier(), NasaData)

WeightsBoruta = FeatureSelection.Boruta(RandomForestClassifier(), NasaData)

WeightsGridSearch = FeatureSelection.GridSearchCV(RandomForestClassifier(random_state=42), NasaData)
RankedFeatures = copeland_rank = rk.rank(rk.pairwise(pd.DataFrame({"RFE": WeightsRFE, "Boruta":

WeightsBoruta, "GridSearch": WeightsGridSearch}))).sort_values(ascending=True)

7 SelectedFeatures = RankedFeatures.index[:15]

8 FeatureWeights = {feature: weight for feature, weight in zip(X.columns, BestModel.feature_importances_)}

9 RankedFeatures = rk.rank(rk.pairwise(pd.DataFrame({'Feature': FeatureWeights.keys(),
'Weight':FeatureWeights.values()}).set_index('Feature'))).sort_values(ascending=True).index[:15]

10 FinalModel = RandomForestClassifier(n_estimators=100, random_state=42).fit(X_train, y_train)

11 y_pred = FinalModel.predict_proba(X_test)[:, 1]
12 Performance = Evaluation.AUC(FinalModel, Test)
13 End

3. RESULTS

There are two primary phases to this investigation. The
Random Forest algorithm with wrapper-based feature
selection, which includes the RFE, Boruta, and Custom
Grid Search methods, is used in the first stage. The
Copeland method is then used for ranking. The second
stage also uses the Random Forest algorithm with
wrapper-based feature selection using the same
techniques, but the features are ranked using the Majority
and Optimal Rank methods. This study aims to determine
the AUC value on the NASA MDP dataset using Random
Forest classification by applying the Copeland method,
which aggregates feature weights from various wrapper
methods.

This study utilizes the t-Test to determine the
significance level and evaluate the results after applying
various techniques to the dataset analysis. The first phase
of the research involves the application of RFE, Boruta,
and Custom Grid Search, aimed at improving model
performance by selecting the most relevant features. RFE
retrains the model using the remaining features until the
ideal number of features is obtained, after removing the
least significant features based on their relevance score,
as determined by the base model, such as Random
Forest (RF). Feature ranking is then performed using the
Copeland, Majority, and Optimal Rank techniques by
aggregating feature weights from multiple wrapper
methods after identifying key features using RFE, Boruta,
and Custom Grid Search.

This study compares three primary methods. The first
approach uses a Random Forest with wrapper-based
feature selection, including Boruta, Custom Grid Search,
and Recursive Feature Elimination (RFE), and ranks the
features using the Copeland method. The second
approach uses the same feature selection and
classification but ranks the features using the Majority
method. Meanwhile, the third approach also uses the

same feature selection and classification; however,
feature ranking is performed using the Optimal Rank
method. TABLE 4 compares the AUC values generated
by the three applied methods, with each AUC value
displayed in a separate column. The first column shows
the dataset used, and the AUC values obtained from the
combination of wrapper-based feature selection with
Random Forest classification using the Copeland ranking
method are presented in the second column. The AUC
values obtained from wrapper-based feature selection
with Random Forest classification using the Majority and
Optimal Rank ranking methods are shown in the third and
fourth columns, respectively. The last row presents the
average values obtained from each technique applied.
These results provide a clear overview of how each
method performs across the different datasets used in this
study. The conclusions drawn from this table will serve as
a starting point for further research on the best approach
for predicting software defects. The results presented in
the table show the AUC values across the different
datasets used. Some datasets, such as PC5, show higher
AUC values than others, indicating that the Copeland
ranking method is more effective for specific datasets. On
the other hand, datasets like KC1 have AUC values
comparable to other methods, where the AUC values are
not higher, which may be due to the complexity of the data
or a feature distribution that does not sufficiently support
the model's performance.

These performance differences can be attributed to
several factors, including class imbalance levels within
the dataset and the complexity of the relationship patterns
between features and target labels. Therefore, further
analysis is needed to understand the specific
characteristics of each dataset that influence the
performance of the applied methods. This table will serve
as a starting point for future research to identify the best
approach for software defect prediction. Additionally,
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evaluating model performance across various testing
scenarios can help determine more effective strategies.
TABLE 4 AUC Performance of Every Experiment

:
Dataset  EEREr S Meommer - opima
CM1 0.73193 0.72478 0.72731
JM1 0.66215 0.66215 0.66215
KC1 0.69309 0.69309 0.69309
KC3 0.66220 0.66220 0.64966
MCA1 0.85671 0.85671 0.77839
MC2 0.69583 0.69583 0.69583
MWA1 0.71543 0.69239 0.65552
PCA1 0.82690 0.80896 0.82690
PC2 0.71990 0.67679 0.71990
PC3 0.76694 0.76694 0.76694
PC4 0.90798 0.90798 0.88489
PC5 0.75679 0.75167 0.75194
1.0
gt
< 0:7
GEJ 0.6
8 0.5
5 04
D 0.3
02
< 0.1
0.0
CM1 JM1 KC1 KC3 MC1 MC2

Average 0.74965 0.74162 0.73438

FIGURE 3 compares AUC values obtained from wrapper-
based feature selection and classification using Random
Forest, applying three ranking methods: Copeland,
Majority, and Optimal Rank. In this chart, the vertical axis
represents the AUC values, while the horizontal axis
displays the various datasets used in this study. Each line
on the vertical axis represents the AUC value obtained
from each ranking method. Therefore, this graph provides
a clear overview of the performance of each method
across various datasets and facilitates the comparison of
the effectiveness of the three methods in producing
prediction model performance. The graph also illustrates
that some datasets produce more consistent AUC values
across all methods while others exhibit more significant
fluctuations. These variations may indicate that certain
datasets are more sensitive to specific ranking methods
or that the effects of feature selection techniques vary
depending on the dataset's characteristics. Therefore,
understanding this variability is crucial for developing
more adaptive feature selection and ranking strategies to
enhance the reliability of software defect prediction.

PC2 PC3 PC4 PC5 AVG

Mwl PC1

NASA Metrics Data Program (MDP)

E Copeland = Majority

Optimal Rank

FIGURE 3. Comparison of AUC for Every Experiment

FIGURE 4 compares the average AUC values obtained
from three feature ranking methods: Copeland, Majority,
and Optimal Rank. The results shown in the graph
indicate that the Copeland method achieves the highest
average AUC 0.74965, followed by Majority 0.74162 and
Optimal Rank 0.73438. This difference suggests that the
Copeland approach is more effective in improving the
performance of software defect prediction models than
the other methods. The relatively small difference in AUC
indicates that each approach performs competitively.
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FIGURE 4. Average AUC Values
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However, Copeland remains the most superior in
improving the accuracy of software defect prediction.

FIGURE 5 presents a graph comparing the average
accuracy values across different ranking methods.
According to the results, the Copeland method achieves
the highest accuracy, with an average value of 0.79145,
followed by the Majority method, which attains an
accuracy of 0.78478. These findings indicate that the
Copeland approach provides better performance in
software defect prediction compared to other methods.
Additionally, the small accuracy difference suggests that

Accuracy
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0.778
0.776
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FIGURE 5. Average Accuracy Values

both methods perform competitively, although Copeland
maintains an advantage.

FIGURE 6 compares the average precision values for
various tested methods. The graph indicates that the
Copeland method achieves the highest average
precision, with a value of 0.43448, followed by the Majority
method at 0.42571 and the Optimal Rank method at
0.41603. These results suggest that the Copeland method
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FIGURE 6. Average Precision Values

is superior in improving precision compared to other
ranking methods.

TABLE 5 presents the t-Test results, which compare the
performance quality of the proposed approach—Random
Forest classification and wrapper-based feature selection
with Copeland ranking—with other ranking techniques
such as Majority and Optimal Rank. This test uses a
significance level (a) of 0.05 to evaluate performance
differences between the compared strategies. The t-Test

used in this study is an independent sample t-test, which
aims to determine whether a significant difference exists
between the two groups of models being compared. This
test has several fundamental assumptions, including the
normality of the sample distribution, equality of variances
(homogeneity of variances) between groups, and sample
independence. The Kolmogorov-Smirnov or Shapiro-Wilk
test can be used to ensure that the normality assumption
is met. If the assumption of equal variances is not
satisfied, heterogeneity can be addressed using an
adjusted t-test (Welch's t-test). In this study, the t-test is
used to validate whether the differences between the
compared ranking techniques are not merely the result of
random variations in the data. With a significance level of
0.05, this test provides statistical evidence that the
Copeland ranking method is significantly better than other
methods. The test results analysis indicates that the
performance differences between the compared methods
did not occur by chance but were influenced by the
advantages of the approach used.
TABLE 5. The T-Test Results for Every Experiment

Method Comparison t-Test Value Significance

(a=0.05)
Copeland - Majority 0.032194 Significant
Copeland - Optimal Rank  0.035042 Significant

TABLE 6 compares the results of this study with previous
research, highlighting the advantages of the proposed
approach in improving the accuracy of software defect
prediction. The method used in this study, namely
Random Forest with wrapper-based feature selection,
including RFE, Boruta, Custom Grid Search, and the
Copeland ranking method, achieves the highest AUC
value compared to other methods applied in previous
studies. The integration of wrapper-based feature
selection techniques with the Copeland ranking method
has significantly enhanced the model's ability to
distinguish between defective and non-defective software
modules. The strength of this approach lies in the
combination of feature selection and ranking strategies,
which optimally capture patterns within the data. With
more accurate results, this method can serve as a
foundation for developing more reliable software defect
prediction models.
TABLE 6. Comparison with Related Works

Source Method AUC

[7] NB + Rank Aggregation-Based Multi-Filter 0.746

8] J48 Classifier + CFS 0.676

[9] DT + Metrics Based Feature Selection 0.566

Our RF + RFE, Boruta, Grid Search + 0.749
Copeland

4. DISCUSSION

The study's TABLE 4 and FIGURE 3 findings show the
AUC values for the Copeland, Majority, and Optimal Rank
ranking techniques. Specifically, applying the Copeland
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method demonstrates a higher average AUC than other
ranking methods, namely Majority and Optimal Rank. This
table compares the AUC values between Random Forest
combined with the feature selection methods RFE,
Boruta, and Custom Grid Search using the Copeland
ranking method and Random Forest with the Majority and
Optimal Rank ranking methods across various datasets.
For example, in the CM1 dataset, the Copeland method
achieved an AUC value of 0.73193, outperforming the
Majority method with an AUC of 0.72478 and the Optimal
Rank method with an AUC of 0.72731. Similarly, in the
MW1 dataset, the Copeland method produced an AUC
value of 0.71543, higher than the Majority method with an
AUC of 0.69239 and the Optimal Rank method with an
AUC of 0.65552. Additionally, in the PC5 dataset, the
Copeland method demonstrated superior performance
with an AUC value of 0.75679, compared to the Majority
method with an AUC of 0.75167 and the Optimal Rank
method with an AUC of 0.75194. However, in some
datasets, the Copeland method produced the same AUC
value as other methods, such as in the JM1 dataset with
an AUC of 0.66215 and the KC1 dataset with an AUC of
0.69309. In these cases, the Copeland method did not
achieve a higher AUC value, but this does not mean that
the AUC produced by the Copeland method was lower
than other methods. Overall, the Copeland method
remains superior in improving AUC performance
compared to traditional methods due to its ability to
comprehensively integrate results from various feature
selection techniques. This lower performance is likely due
to specific dataset characteristics, such as inconsistent
feature distribution or the presence of less relevant
features in distinguishing defective and non-defective
modules. Copeland contributes to the feature ranking
process compared to Majority and Optimal Rank, as it
uses pairwise comparison to combine the strengths of
each feature selection technique. This approach allows
the Copeland method to identify important features in
distinguishing defective and non-defective software
modules more effectively. With this approach, Copeland
reduces bias in single-ranking methods and enhances
model generalization across different datasets. Overall,
the Copeland method consistently delivers superior
performance in terms of AUC and the ability to handle
high-dimensional data compared to other ranking
methods.

Apart from AUC, based on the research findings
presented in FIGURE 5 and FIGURE 6, the Copeland
method has demonstrated superior performance
compared to other ranking methods, namely Majority and
Optimal Rank. This superiority is evident from the higher
average accuracy and precision values. As shown in the
table, the Copeland method achieved an accuracy of
0.79145, higher than the Majority method 0.78478 and the
Optimal Rank method 0.78214. Additionally, the precision
value obtained using the Copeland method outperformed
the others, with a value of 0.43448, compared to the
Maijority of 0.42571 and Optimal Rank of 0.41603. The
superiority of the Copeland method in this ranking

demonstrates that a ranking aggregation-based approach
can provide more consistent and accurate results than
other methods. The superior performance of the
Copeland method is due to its ability to efficiently combine
information from various ranking sources, resulting in
more stable and reliable decisions. Furthermore, the
differences in accuracy and precision values indicate that
this method can reduce ranking errors and improve the
accuracy of identifying the appropriate categories.

Based on the t-Test results presented in TABLE 5,
important information is found in the second and third
columns. The second column shows the significant quality
improvement of the methods combined with wrapper-
based feature selection and the ranking methods
proposed in this study. Meanwhile, the third column shows
the significance level of the results. If the obtained AUC
value is smaller than the alpha value of 0.050, the
performance improvement can be considered significant.
Conversely, performance improvement is insignificant if
the AUC if the AUC value is larger than alpha. In
comparing wrapper-based feature selection methods,
namely RFE, Boruta, and Custom Grid Search, ranked
using the Copeland method proposed in this study with
Random Forest, the obtained value was 0.032194. This
value is lower than the t-Test Value with a significance
level 0.05, indicating that the performance quality
improvement is significant. Furthermore, comparing the
Copeland and Optimal Rank methods resulted in a value
of 0.035042, indicating a significant performance
improvement. These results further strengthen the fact
that the Copeland method has significant potential as a
practical approach to improving the quality of software
defect prediction models. Overall, the performance results
show significance in all comparisons, proving that the
proposed Copeland ranking method outperforms other
methods with quality performance improvement reflected
by better AUC values.

Although this study provides valuable insights,
several limitations must be acknowledged. This study only
used the NASA MDP dataset, which may limit the
generalization of the results to other datasets with
different characteristics. This research has successfully
demonstrated the effectiveness of combining wrapper-
based feature selection methods such as Recursive
Feature Elimination (RFE), Boruta, and Custom Grid
Search, along with ranking methods like Copeland,
Majority, and Optimal Rank in improving software defect
prediction using the Random Forest algorithm. However,
further development is still needed to improve the results.
Additionally, feature selection techniques such as RFE,
Boruta, and Custom Grid Search can introduce bias in the
process, especially if the dataset has specific
characteristics that affect model performance. Other
factors, such as the selection of model parameters
influencing the complexity and performance of the
algorithm, can also affect the effectiveness of the
approach used in the software defect prediction process,
as suboptimal parameter choices may lead to underfitting
or overfitting.
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The combination of wrapper-based feature selection
methods, ranking method, and the Random Forest
classification algorithm was chosen based on its
advantages in optimizing the feature selection, ranking,
and prediction processes. Previous studies [41] also
support the effectiveness of wrapper-based feature
selection combined with Random Forest for software
defect prediction, leading to high classification accuracy.
RFE was used for its strength in iterative approaches that
remove less relevant features while retaining the most
significant ones. Boruta complements this process by
ensuring that important features remain identified through
comparisons with random data, increasing confidence in
the election results. Custom Grid Search provides high
flexibility in finding optimal parameters that are more
adaptive to the dataset's characteristics. The Copeland
ranking method was chosen because it allows the
integration of results from various feature selection
methods, resulting in more robust decisions while
minimizing bias. Meanwhile, Random Forest as a
classification algorithm excels in handling high-
dimensional datasets, offering resilience to overfitting and
demonstrating consistent performance in classification.
This study's results indicate that applying of the Copeland
method yields a higher average AUC compared to other
ranking methods. Additionally, the Copeland method also
achieves higher average accuracy and precision values
than the other methods evaluated, further reinforcing the
superiority of this approach. The key findings of this study
indicate that the Copeland ranking method consistently
achieves the highest AUC values compared to Majority
and Optimal Rank, making it the best choice in this
research. These findings highlight the importance of
selecting a ranking method that aligns with the data
structure and the potential for further development to
enhance software defect prediction.

5. CONCLUSION

This study demonstrates that, compared to other
ranking techniques, the performance of the Random
Forest algorithm can be improved using the Copeland
ranking approach combined with wrapperbased feature
selection. Random Forest classification faces challenges
such as highdimensional data and irrelevant features.
Therefore, this study applies wrapper-based feature
selection methods, including RFE, Boruta, and Custom
Grid Search, which are then ranked using the Copeland,
Majority, and Optimal Rank methods before being
implemented in the Random Forest -classification
algorithm. Applying this approach leads to the conclusion
that the Copeland method is superior to other ranking
methods. The comparison of the average AUC values
between the Copeland ranking method and other ranking
techniques shows that the Copeland method delivers the
best results, with an AUC value of 0.7496. The superiority
of the Copeland method is also evident from the higher
average accuracy and precision values, where the
Copeland method achieved an accuracy of 0.79145,

higher than the Majority method 0.78478 and the Optimal
Rank method 0.78214. Additionally, the precision value
obtained using the Copeland method outperformed the
other methods, with a value of 0.43448, compared to the
Majority method 0.42571 and the Optimal Rank method
0.41603. Meanwhile, the Majority method achieves an
average AUC of 0.7416, and the Optimal Rank method
has an average AUC of 0.7343. Regarding the t-test
results, the wrapper-based feature selection methods,
including RFE, Boruta, and Custom Grid Search, ranked
using the Copeland method as the proposed approach
compared to the Majority method, yield a value of
0.032194. This value is smaller than the t-Test
significance level of 0.05, indicating a significant
improvement in performance quality. Additionally,
comparing the Copeland and Optimal Rank methods
results in a t-Test value of 0.035042, demonstrating
significant performance improvement. These findings
further reinforce that the Copeland method has great
potential as a practical approach to enhancing the quality
of software defect prediction models compared to other
ranking techniques. Overall, the performance analysis
results indicate significance across all comparisons,
proving that the proposed approach using the Copeland
ranking method outperforms other methods. This
approach can enhance performance and quality
significantly while addressing existing challenges.
However, the methods used in this study have certain
limitations that must be acknowledged. Feature selection
techniques such as RFE, Boruta, and Custom Grid
Search may introduce bias in the feature selection
process, especially if the dataset has specific
characteristics that affect model performance.
Additionally, although Random Forest is known for its
resilience to overfitting, it still has the potential to overfit,
particularly in high-dimensional spaces, if the number of
trees is not optimally configured or the training data is not
sufficiently representative.

For future research, given that the Copeland ranking
method has demonstrated superior performance, further
studies could explore how this method can be adapted or
integrated with more advanced techniques, such as deep
learning-based feature selection, as well as develop more
diverse feature selection method combinations through a
hybrid approach. Additionally, further research on new
ranking methods or the development of innovative
approaches is necessary to capture more complex and
deeper relationships between features. Using algorithms
other than Random Forest, including modern or
ensemble-based methods, could provide new
perspectives by comparing classification performance
more comprehensively. In addition to method exploration,
further evaluation of various datasets with different
characteristics is also essential to understand the
effectiveness of this approach in different scenarios.
Thus, future research can contribute to developing more
accurate and adaptive software defect prediction
systems, enabling effective implementation across
various industrial environments.
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