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Abstract— In large software development organizations, programming defect prioritization is crucial as project complexity
increases rapidly. Properly prioritizing defects in complex projects helps allocate resources efficiently and plan for subsequent
defect-fixing activities. This study evaluates the effectiveness of Al techniques in software defect prediction using Support
Vector Machine, Naive Bayes, Multilayer Perceptron, Random Forest, and K-Nearest Neighbor algorithms. Performance is
assessed based on precision, accuracy, and recall metrics. The Support Vector Machine model achieved the highest overall
accuracy rate of 93%. The proposed model is evaluated using PROMISE Software Engineering Repository datasets and
demonstrates superior performance in predicting high severity defects compared to other severity levels.

l. INTRODUCTION

Predicting software flaws is a critical advancement in software development; early detection of bugs enhances software
adaptability and optimizes resource utilization. Software defect prediction identifies areas in the source code where defects are
likely to occur. Anticipating flawed modules in the initial stages poses a significant challenge in software engineering. Early
detection of errors leads to efficient resource allocation and reduces time and cost in software development. Several Al
techniques have been proposed for software defect prediction, leveraging defect data, statistical analysis, and various
programming methodologies. [1][3].

These Al techniques are widely employed in software defect prediction to forecast defect-prone modules based on reliable
defect data, key metrics, and diverse programming approaches. Predicting software flaws at an early stage enhances product
quality, reliability, and efficiency, while also reducing costs. Software defect prediction models are developed using two main
approaches: utilizing measurable properties of the software structure known as programming metrics, and utilizing defect data
from similar software projects. Once established, these models can be applied to future software projects, enabling developers
to identify potential defect-prone areas in the software structure. [7][8].

Software defect prediction is crucial for ensuring the reliability of modern software development. Anticipating flawed units
enables developers and managers to organize their activities in the software development cycle and address issues effectively.
However, identifying defects in software code becomes increasingly challenging due to the growing size and complexity of
software projects. The significance and challenges of software defect prediction have made it a focal area of research in
software engineering. As software projects become more complex, traditional development methods may struggle to meet
evolving requirements[9][10][11][12].

1. MACHINE LEARNING TECHNIQUES

Machine Learning (ML) is a part of man-made consciousness that secures information from preparing information dependent
on well-established realities. ML is characterized as an examination that permits PCs to learn information without being
modified. There are a few ML strategies embraced to anticipate the assaults in the Test datasets which was utilized to prepare
the framework. These calculations were utilized to group the assaults in other to learn an effective procedure in anticipating
and ordering assaults. ML methods are grouped into three general classes like administered learning and solo learning. Directed
calculations learns for anticipating the item class from pre-marked (grouped) objects. Be that as it may, the unaided calculation
tracks down the normal gathering of articles given as unlabeled information. In this work, the premium is with the
accompanying administered learning calculations like Multilayer Perceptron, Support Vector Machine, Random Forest, K-
Nearest Neighbor and Naive Bayes strategies are assessed.

1. METHODOLOGY

At the present time clarified about directed learning procedures like Multilayer Perceptron, Support Vector Machine, Random
Forest, K-Nearest Neighbor and Naive Bayes system models for our Software Defect grouping issue.
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3.1 Multilayer Perceptron (MLP)

Multi-facet Perceptron (MLP) is a champion among the most broadly perceived Neural Network plan that has been used for
various applications. The MLP organize is commonly made out of different center points or dealing with units, and it is figured
out into a movement of somewhere around two layers. The essential layer (or the most diminished layer) is named as an
information layer where it gets the external information while the last layer (or the most surprising layer) is a yield layer where
the response for the issue is gotten. The disguised layer is the widely appealing layer in the information layer and the yield
layer, and may frame with something like one layer. The arrangement of MLP could be communicated as a nonlinear
improvement issue. The objective of MLP learning is to find the best loads that limit the differentiation between the information
and the yield [5]. The most pervasive getting ready computation used in NN is Back inducing (BP), and it has been used in
dealing with various issues in model affirmation and portrayal. This estimation depends on a couple of boundaries, for instance,
different covered centers at the hid layers learning rate, energy rate, actuation work and the quantity of preparing to happen.
Moreover, these boundaries could change the presentation on the gaining from awful to great precision [10].

3.2 Naive Bayes

The Naive Bayes is a smart technique for creation of quantifiable perceptive models [6]. NB relies upon the Bayesian
speculation. This portrayal system examinations the association between every trademark and the class for every guide to
surmise an unexpected probability for the associations between the quality characteristics and the class [5]. During setting up,
the probability of each class is figured by counting how oftentimes it occurs in the planning dataset. This is known as the "prior
probability" P(C=c). Despite the previous probability, the estimation also enlists the probability for the event x given ¢ with
the doubt that the characteristics are free. This probability transforms into the consequence of the probabilities of each single
characteristic. The probabilities would then have the option to be assessed from the frequencies of the events in the readiness
set.

3.3 Support Vector Machines (SVM)

SVMs are a ton of related directed learning procedures that take apart data and see plans, used for request and backslide
assessment. SVM is an estimation that undertakings to find a straight separator (hyper-plane) between the data reasons for two
classes in multidimensional space. SVM addresses a learning methodology which adheres to principles of quantifiable learning
speculation [5][6]. All around, the rule considered SVM begins from combined portrayal, to be explicit to find a hyperplane as
a division of the two classes to restrict the gathering bungle. The SVM finds the hyperplane using support vectors and edges.

3.4 K-Nearest Neighbor (KNN)

The K-Nearest-Neighbors (KNN) is a straightforward however compelling strategy for arrangement. The KNN calculation is
a strategy for grouping objects dependent on nearest preparing models in the component space. KNN is a sort of occasion based
learning, or apathetic realizing where the capacity is just approximated locally and all calculation is conceded until grouping

[6]

For an information record D to be ordered, its K closest neighbors are recovered, and these structures a neighborhood of D.
Larger part casting a ballot among the information records in the area is generally used to choose the order for D with or
without thought of distance-based weighting. In any case, to apply KNN we need to pick a suitable incentive for K, and the
achievement of grouping is a lot of wards on this worth. The significant disadvantages regarding KNN are (1) its low
productivity - being a languid learning strategy denies it in numerous applications, for example, dynamic web digging for a
huge vault, and (2) its reliance on the choice of a "great worth" for K.

35 Random Forest

Discretionary forest area is a gathering learning system dependent upon depiction and break faith trees. Each tree is prepared
on a bootstrap test, and ideal segments at each split are seen from a self-self-assured subset thing being what they are.
Notwithstanding suspicion, self-confident trees can be utilized to evaluate variable significance measures to rank components
by sensible significance. The sporadic forest area is utilized to get the fragment arranging qualities, and these attributes are
applied to pick which features are disposed of in every emphasis of the assessment [2]. The structure consolidates the
progression of a gigantic number of decision trees and inside unusual trees; haphazardness is utilized in the going with ways:
first thing, every decision tree is created utilizing another bootstrap test. Also, during the improvement of every choice tree,
each middle split consolidates the inconsistent affirmation of a subset of k segments, of which the best split is settled. It is
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particularly useful for monstrous datasets with a couple of data features since it reduces the commotion, diverse nature and
running period of the assessment

V. EXPERIMENTAL RESULTS

The objective of this space is to survey five Al computations with respect to execution systems. A total report has been
coordinated to evaluate estimate execution of five ML computations using Software Defects dataset gotten from PROMISE
Software Engineering Repository dataset which is obtained from NASA's Metrics Data Program data vault [4]. This is KC1
which is a C++ program that is included sound get-togethers of PC programming sections inside a gigantic ground system. The
dataset subtleties are displayed in table-1 and the Statistical outline of the dataset as displayed in the figure-1.

TABLE-1
PROMISE SOFTWARE ENGINEERING REPOSITORY DATASET
S. No Dataset No. of No. of Class Division
Features Instances
1 KC1/software defect prediction 22 2109 Defective_326
Non-defective_1783
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Figure-1: Statistical summary of the dataset

We have utilized Python programming to analysis of proposed structure. To support the gauge delayed consequences of the
assessment of the proposed procedure, the 10-cover cross endorsement is used. The k-cover cross endorsement is regularly
used to decrease the error came about due to unpredictable reviewing in the connection of the accuracy of different assumption
models. The current appraisal isolated the data into ten folds where 1 wrinkle was for trying and nine folds were getting ready
for the 10-overlay cross endorsement.

The dataset is separated in two sets. The planning set is 70% and the remaining 30% are used for testing. We have used the
Python Programming to investigate five ML course of action estimations. We survey our five models using assorted execution
estimations like Accuracy, Precision and Recall, the Experimental results are showed up in the table-2 and same showed up in
the Figure-2.
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TABLE-2
PERFORMANCE OF ML CLASSIFIERS

KNN 82 81 82
Naive Bayes 85 92 85
Random Forest 89 81 89
MLP 87 76 87
SVM 93 94 93

Different Classifier Results
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Figure-2: Results of different Classifiers

We find in the Figure-2, the introduction of the KNN estimation has accomplished 82% precision, Naive Bayes has achieved
85%, Random Forest model has achieved 89%, MLP has 87% and SVM model has accomplished 93%. As the result from
assessment among the five computations, we find that most vital precision of Classification model is SVM (93%). Precisely
when veered from exactness and survey are in addition higher in the SVM model when appeared differently in relation to other
four models.

The Experimental Results of SVM and KNN models screen shots are displayed in the figure-3 and figure-4.
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The test data has 150 rows and 21 columns
[[132 0]
[ 10 1]]
precision recall fl-score support
False 0.93 1.00 0.97 139
True 1.00 0.0%8 0.17 11
avg / total 0.94 0.93 0.91 150

Accuracy: 0.933%
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Figure-3: Experimental Results Screen Shot of SVM
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Figure-4: Experimental Results Screen Shot of KNN

V. CONCLUSION

This paper proposes a novel approach to enhance the accuracy of predicting defective software components, aiming to optimize
time and resources, enhance project stability, and improve the software control process. The proposed method involves building
a precise classifier to predict whether a Software Project will be defective or non-defective. The results indicate that SVM
achieves the highest prediction accuracy of 93%.
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