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Introduction:

Detecting and addressing bugs in the early stages of development not only
enhances the overall quality of products but also minimizes the operational, social,
and financial challenges associated with software defects [1-3]. Typically fixing bugs
found during maintenance costs a huge amount of money, around fourteen thousand
and hundred two ($14,102) on average [4]. As a result, Software Defect Prediction
(SDP) has emerged as a proactive strategy to prevent potential defects from impacting
end users. Numerous methods, for defect prediction, have been developed to detect
issues and reduce costs associated with software defects [5—9]. SDP involves the use
of different ML techniques to predict the potential defects in software. It's an
important step to identify potential issues early in the development process, allowing
developers to focus on high-risk areas and mitigate defects before they affect the final
product [44].

These methods utilize software data to create models, which are then used to
predict the potential of new occurrences of defects.

Software Defect Prediction utilizes machine learning (ML) and Artificial Intelligence
(Al) techniques to predict and detect software flaws, in the development process [6],
[10]—[12]. By examining information and patterns, SDP models can identify risk areas
enabling developers to address issues proactively before they escalate. This proactive
approach enhances the quality of software. Reduces the likelihood of errors, during
deployment and maintenance phases. Deep learning, a subset of ML has attracted
attention for its ability to recognize patterns in data independently. Essentially, deep
learning relies on neural networks (NN) with layers that allow the model to construct
data representations. These NN mimic the brain’s operations with each layer
processing information before passing it on for refinement [13].

Deep learning presents an adaptable method for tackling challenges across various

domains [14—17]. Its aptitude for assimilating datasets autonomously extracting
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features and achieving cutting-edge performance in tasks positions. It is a
revolutionary technology with profound implications for the future of Al and data-
driven decision-making. Attention mechanisms have gained attraction in the ML
community recently due to their ability to enhance model performance across various
tasks [18]. These mechanisms provide insights into complex NN models, making
them valuable for understanding how models make decisions [19]. The introduction
of the Transformer model represented a significant advancement in attention
research by showcasing how attention can achieve cutting-edge results [18-20].
Originally intended for tasks like machine translation, this model highlighted how
attention can capture intricate relationships within sequential data [2]. Our study
focuses on incorporating attention mechanisms into SDP. While most existing
research delves into sequence modelling and feature extraction using convolutional
neural networks (CNN) [21—23] and recurrent neural networks (RNN) [23-24], there
is a lack of exploration in integrating attention mechanisms with handcrafted
features.

In this paper, we introduce a new method for SDP by utilizing attention
mechanisms alongside handcrafted features. As far as we know, this study marks the
initial effort to combine attention mechanisms with manually selected features in the
realm of SDP.

Building on prior research, our goal is to showcase how attention mechanisms can
effectively capture deep patterns for predicting software defect datasets. This task is
essential for predicting software issues as it seeks to illustrate how attention
mechanisms can impact every aspect of the dataset ultimately improving the
precision of defect prediction.

Through the fusion of attention mechanisms with deep learning structures, we

strive to create a robust model that can predict software defects accurately while
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ensuring interpretability and performance. We introduce our groundbreaking model
(AttDeep) that combines attention mechanisms with feedforward deep learning
structures that bring advantages to ML field. This paper is structured as follows: In the
next section, we will discuss the related work and existing research. Section 3 will
introduce the attention mechanism used while Section 4 will elaborate on the model
put forth including the dataset and experimental configuration. The results and
discussion will be presented in Section 5. Section 6 will highlight the study’s
contributions. Lastly, Section 7 will offer the conclusion.

Related Work:

Software Defect Prediction Using Deep Learning.

There has been extensive research on how deep learning methods can be used to
predict software defects, supporting high-quality assurance in software. Yet, when
we zoom in on predicting the defect density of bugs, we find it clear that this
particular area hasn’t been thoroughly investigated. This finding suggests a path for
studies where the power of deep learning could be utilized to forecast not only the
existence of defects but also their density providing a deeper insight into software
quality. Measuring defect density is a crucial metric in fields like software
development, materials science, and semiconductor manufacturing as it provides
information on quality and dependability. The concept of Defect Density, in the field
of software metrics in the context of improving software quality and efficiency has
been extensively discussed in numerous important texts and academic discussions
since the 1970s [25-28]. Limited research exists on the prediction of software defect
density, with only a single study, to my knowledge, exploring the topic through deep
learning [29-42]. In their research paper [29] pointed out a challenge in predicting
defect density due to sparsity issues which could affect the accuracy of prediction. To
address this issue, researchers have explored the use of deep learning techniques

known for their ability to handle datasets effectively.
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The study compared learning with other ML methods using 28 public datasets and
found that deep learning excelled in scenarios with high levels of data sparsity and
also performed well in situations with moderate or low sparsity rates. This study
highlights the potential of deep learning as a tool for predicting defect density, which
can greatly improve software quality and reliability. Only a few research papers have
tried to predict defect density through a range of ML methods other than deep
learning. In a study for [12] a new technique was proposed that uses predictor
variables based on defect acceleration measures such as density defect velocity and
defect introduction time. The study thoroughly examines how these variables are
connected to the number of defects. The study makes use of an integrated ML
approach utilizing regression models created from the predictor variables mentioned
earlier. This choice of methodology is crucial as it aligns with the increasing trend of
using ML techniques to improve accuracy in SDP. An extensive experiment was
carried out using ten datasets from the PROMISE repository totaling 22,838 instances,
which forms a basis for the study’s conclusions. Significantly, the regression model
that operates based on defect velocity achieved an adjusted R value of 98.6% with a
highly significant p-value below 0.001. This signifies a positive relationship between
average defect velocity and the number of defects with a correlation coefficient of
0.98. The high level of predictability indicates the potential for this ML-driven
approach to be a guide, for software testing practices. Another study [30] introduced a
"fuzzy logic-based approach for phase-wise software defects prediction”. This
approach is validated using data from 20 software projects includes a detailed
sensitivity analysis of the software metrics. The findings from this analysis are
valuable for assessing the seriousness of defects across stages of the software
development life cycle (SDLC). Relying solely on detecting software defects at the end

of testing is often seen as advantageous as making necessary changes in SDLC stages
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could lead to significant costs and efforts to achieve desired software quality.
Therefore, having a model that predicts defect density indicators at each phase is
crucial.

This mentioned study aims to present a logic-based model for predicting software
defects in phases by utilizing key reliability-related metrics specific to each stage. Their
proposed model predicts defect density indicators during SDLC by considering nine
software metrics from these phases. The indicated defect density, projected after each
stage is also viewed as a factor influencing the following phase. Analyzing software
metrics in context and utilizing an inference system play crucial roles in shaping this
model.

The findings confirm the reliability of the suggested model by analyzing data from
twenty software projects with the validation results proving satisfactory. Metrics, like
the error and the balanced average relative error notably decrease as the scale of the
software project expands. Furthermore, a comprehensive survey on the application
of deep learning for software defect prediction has been provided, highlighting
various methodologies and their effectiveness [43].

Table (1) Related work :

Category Subcategory Details References

Deep learning methods are being
[25-28], [29-

General Research ||explored to predict software defects .
4

for high-quality assurance.

Limited studies on predicting defect
Defect Density
Deep Learning in SDP density using deep learning; issues||[29-42]
Prediction
with data sparsity.

Deep learning excels in scenarios
Comparison  with
with high data sparsity; effective||[12], [30]
ML Methods
compared to other ML methods.

#2025 Jo¥ (3993001447 oy (LI saall e ($aloell At Olaglatl Logigimsy fuyyl g aliaZ@N pgla _]Lqmi[ pAES)




{ Ol Olay Llas alasrwly Sl il igee 23USG 5031 2‘-}).@"}

Category Subcategory Details References
Use of regression models with
Integrated ML||predictor  variables like defect (2]
12
Approach velocity; high  correlation  and
Machine Learning in . .
predictability.
SDP
Phase-wise defect prediction using
Fuzzy Logic-Based
fuzzy logic; validated with data from||[30]
Approach
20 projects.
Attention mechanisms  enhance
Importance  and
performance, interpretability, used in{|[18], [31-35]
Applications
Attention various ML applications.
Mechanisms in ML Origin of attention mechanisms;
Transformer [18], [19],
widely used beyond NLP, including
Model [34-36]
SDP.
Combines bidirectional LSTM and
BSLDP System self-attention for defect prediction;||[36]
improved F1 scores significantly.
Uses syntax trees and self-attention
Transformer
for defect prediction; outperforms||[37]
Models
CNN models.
Attention Combines CNN  with  various
Mechanisms in SDP attention mechanisms for defect
CNN-GSA Model [38]
prediction; superior F1 measure
performance.
Lightweight model with
MobileNetV2 with{|MobileNetV2 and attention for (3]
39
Attention object classification; outperforms
other deep learning.
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Category Subcategory Details References

Focuses on attention mechanism in
DeepAtt Model machine  translation;  enhances||[40]

translation accu racy.

Combines learning and attention for
Attention and ML{|defect prediction at method level;
Techniques significant improvements in F1 and

AUC

Self-Attention and Cross-Attention:

Attention mechanisms have become increasingly important in the field of ML for
several reasons. Firstly, models that utilize attention have been able to Obtain
exceptional performance. Furthermore, attention mechanisms can be trained together
with base models like NN or CNN using standard backpropagation techniques [31].
In addition, attention brings an element of interpretability to NN models which are
generally complex and hard to interpret [32]. The rise in popularity of attention
mechanisms can be attributed to the success of the transformer model [18], which
highlighted the power of attention in achieving results. Originally, the attention
mechanism was conceived as an enhancement to RNN used in the transformer model
[33]. The mechanism represents an advancement in attention research by
demonstrating that attention alone can create cutting-edge models. Like the attention
mechanism, the transformer model was initially developed for machine translation
but quickly found utility in various applications including image processing [19],
video processing [34] recommender systems [35] and software defect prediction [36].
Our research paper focuses on how attention mechanisms are used in software defect
prediction. Most of the research papers tackle issues related to meaning and sequence

along, with extracting features using techniques like CNN and RNN. Interestingly,
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attention mechanisms have not been combined with hand-crafted features, in this
scenario before.

Attention mechanisms have been commonly used alongside several ML in different
contexts. Their utilization in software defect prediction has not been extensively
explored.

Although some papers have delved into combining attention mechanisms with
deep learning approaches, only a few have focused on their effectiveness in the field
of SDP. For example, in a study [36], researchers highlighted the importance of
considering data distribution variations for software defects in cross-projects,
particularly focusing on semantic depth. The researchers created a system called
BSLDP to improve the precision SDP in projects. This system uses a model that
merges bidirectional LSTM networks with self- attention mechanisms. This special
combination is intended to examine source code files effectively exploring for
meanings and pattern that could signal possible defects. One key component they
introduced is ALC, an extractor that captures semantics from source code and feeds it
into the BSL classification algorithm for building the predictive model. Additionally,
they proposed a meshing mechanism where ALC breaks down numerical token
vectors to generate details on smaller segments thereby boosting the model’s
performance.

The model’s effectiveness was evaluated using the available PROMISE dataset and
compared against four cutting-edge methods. The results showed that BSLDP
improved the project defect prediction performance in terms of F1 by an average of
14.2%, 34.6%, 32.2% and 23.6% respectively. Another study [37] presents a
technique for anticipating software issues through the use of Transformer models,
which depend on self-attention mechanisms to grasp grammar and meaning in

software systems. The suggested method involves transforming software components

#2025 Jo¥ (393\En/01447 oy LI saall lie ($oloell ant ' Olaglatl Loglgiesy fuayl S¥1g sl pgla _]Lqmi[ pAES)



{ Oy olay Llas alaseruwly Slemapd! igue A8LS 5l &.3);}

into syntax trees extracting word sequences and using self-attention layers to embed
features. Lastly, a Softmax is utilized for defect forecasting.

Experimental findings indicate that the Transformer approach surpasses CNN
models by an average of 3.2% across three open-source software projects
demonstrating its effectiveness in predicting software defects. Moreover, extensive
research has combined attention mechanisms with learning in a range of areas. For
example, researchers have investigated how attention mechanisms can be used in
tasks, like machine translation and sentiment analysis within natural language
processing (NLP). Furthermore, attention mechanisms have also been utilized in
computer vision tasks such as recognizing objects within images and identifying items
in photos and creating captions for images to focus on areas of input data. These
studies highlight the adaptability and efficiency of attention mechanisms in improving
the effectiveness of learning models across fields and applications. One research
paper [38] introduces an approach for predicting defects called CNN-GSA, which
overcomes the drawbacks of existing visualization methods by integrating self-
attention mechanisms. The approach transforms code into images Utilizing CNN with
“channel attention, spatial attention and self- attention mechanisms to extract
structural and semantic aspects” from these code images. The study’s results show
that the CNN-GSA model outperforms techniques in prediction tasks based on F1
measure results underscoring its ability to capture comprehensive information crucial
for defect prediction in software quality assurance. Some authors applied the
attention mechanism with CNN deep learning such as Shahiet al [39]. The authors of
the study put forward a learning model that’s lightweight and incorporates the pre-
trained  MobileNetV2 model along with the attention mechanism.
They describe their approach as involving two steps; first extracting features to

capture important information about objects and second using an attention module
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to focus on the relevant semantic details. By combining these components with
adding deep learning layers and a softmax layer they.

create a comprehensive model. To validate their method the authors evaluate it
using three datasets related to fruits. Their results show that their proposed approach,
which utilizes transfer learning outperforms four deep learning methods.
Importantly, their model achieves performance while requiring trainable parameters
and maintaining high accuracy in classification tasks. In their study, Zhang, Xiong and
Su [40] delve into the importance of the attention mechanism, specifically in the
context of machine translation tasks.

While previous research focused mainly on enhancing the encoder and decoder
architectures for machine translation, little attention was given to the attention
mechanism itself.

They highlight that the attention mechanism plays a role in establishing translation
correspondence between languages, especially when shallow neural networks may
struggle to capture intricate relationships effectively. To bridge this gap, the authors
propose an attention model called DeepAtt. This model utilizes attention information
to determine which information should be highlighted or deleted within encoder
layers. Doing this process ensures the creation of distributed representations that are
conducive to high-level attention and accurate translation. Through their
experiments, they.

demonstrate that their DeepAtt model, with five attention layers, achieves great
performance compared to other results.

Furthermore, they observe empirically that increasing the number of attention
layers enhances the accuracy of attention weights thus improving translation fidelity.
Moreover, the authors demonstrate how DeepAtt greatly improves the accuracy and

reliability of system-generated translations. This emphasizes the significance of
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attention mechanisms in machine translation models and brings attention to the
potential for future progress in their field. Another research paper

[41] presents an approach that combines learning techniques and attention
mechanisms. The main goal of the paper is to provide developers with prediction
information by identifying potentially problematic lines of code when predicting
defects at the method level. The proposed model utilizes

syntax trees as a representation of code snippets. To handle the nature of defect
data, the model incorporates a Self-organizing Map clustering approach to deal with
noisy data.

Experimental evaluations show improvements achieved by the proposed model.
On average, it improves the F1 measure by 17.7% and the AUC by 37.8% when
compared to four ML algorithms. This demonstrates the effectiveness and potential of
using learning and attention-based approaches to address complexities in SDP
providing developers with insights into potential defects at a more detailed level. As
far as we know ,our research paper is the first to tackle using an attention mechanism
with hand-crafted features in the software defect prediction field. Most scholars have
mainly focused on using the attention mechanism to capture sequence patterns and
semantic subtleties. However, our paper diverges from this trend. Our emphasis lies
in utilizing the mechanism to mirror the significance and information contained in
each element across all data samples and features. This detailed approach enables an
examination of the meanings and revelations within the dataset providing a
distinctive viewpoint, in the domain of attention-based approaches.

Attention Mechanism:

The method we're employing to transform data for handcrafted features is similar
to the attention mechanism presented in the transformer model albeit with some
modifications and alterations to fit the particular requirements of handcrafted data.

Even though the core concepts of attention like calculating dot products and
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normalising softmax,stay aligned to the initial transformer model, how attention
weights are applied and understood is customized to suit the features and needs of
the manually crafted data utilized in our study setting. The attention system consists
of two parts; self-attention and cross-attention [18]. Self-attention in our proposed
model is used to grasp the knowledge, in the training data and distribute it among all
training instances. It allows each element in the sequence to interact with others
aiding in modeling connections and understanding relationships intrinsic to the data.
This feature proves beneficial when comprehending the organization and
interconnections within the training data holds significance. On the other hand, cross
attention takes this idea further by enabling elements in the training dataset to reflect
on elements in the testing dataset. This helps in transferring insights from both
datasets allowing the model to better understand connections and relationships
among data sources. Cross-attention is crucial for harmonizing information across
datasets or domains ensuring that the model can adapt effectively to unseen testing
data while utilizing the expertise gained during training.

3.1Self-Attention Applied to The Training Dataset.

In the Transformer model, self-attention is utilized to understand the relationships
between input tokens in a sequence.

Each token looks at all tokens in the sequence to create a summary of the entire
sequence [18]. Likewise in this custom-built data context, self-attention is calculated
among the vectors that represent samples in the training dataset. Each sample pays
attention to all samples to determine a weight that reflects its importance within the
dataset.

The dot product operation, between vectors of two samples, mirrors the product
used in the attention mechanism capturing how similar or correlated these samples

are. To ensure accuracy, the softmax function is employed on these weights to
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generate normalized attention scores. This guarantees that all weights add up to one
and form a probability distribution. Finally, the characteristics of each sample are
enhanced by multiplying them with their softmax weights. This enables the model to
prioritize features while reducing the impact of significant ones. Self-attention is
performed as follows: Let Trn be the training dataset with x dimension. Samples in the
TrnX (Target excluded) are represented by vectors Trny, Trn,, . . ., Trn,, where Trn; is
the i-th vector. The expression for weight; is given by:

x
weight; = Z _ lT1‘11E-T1'11}-
i§=:

Softmax for each weight; is then calculated using the following equation:

" 5 . X - .
Softmax(weight, ) = eWeighti Z ey & eighty

Finally, the weight for each sample is multiplied by each feature of this sample
transforming the data as follows:

Trn; = Trn;.Softmax(weight;)

32 Cross-Attention Applied Between Training and Testing Dataset

In the Transformer model, the idea of cross-attention involves looking at the entire
source sequence (training dataset) when generating each token in the target sequence
(testing dataset).

In our model, cross attention compares the vectors that represent samples in the
testing dataset with those in the training dataset. By calculating the dot product
between these vectors, we can determine how relevant each testing sample is to each
training sample, capturing the relationships between the datasets. To ensure that
attention scores add up to one and reflect valid probabilities, softmax normalization is

applied to the computed weights. Lastly, by scaling the features of each testing sample
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with their respective softmax weights, the model can highlight the most important
features during prediction.

Cross-attention is performed as follows: Let Testing features (Target excluded) be
the testing dataset with y dimesion and TrnX be the training dataset. Samples in the
TestX(Target excluded) are represented by vectors Test1, Test,, . .., Test,, where Test;
is the i-th vector.

Weight for each Testy sample expression for Test; is given by:

¥
wTest; = Test;Trn; fori=12,...x
=1

Softmax for each weight wTest; is then calculated using the following equation:
Softmax(wTest;) = e™ ==/ Zi:lewT“t?f

Finally, the weight for each sample is multiplied by each feature of this sample
transforming the data as follows:

Test; = Test;. Softmax(wTest;)

The Proposed Model:

This section describes an innovative methodology approached in this paper to
experiment with the impact of using data attention points on handcrafted features
enhancing SD prediction. Figure 1 introduces the proposed framework. As shown in
the figure, the methodology initiates with the consolidation of different Software
defect datasets that share the same features into a unified dataset, then
comprehensive data prepossessing was conducted. Subsequently, the dataset is split
into training and testing to facilitate the implementation of cross-validation
techniques. Two distinct experiments were applied to this unified dataset. The first
one performed our deep learning model on the split dataset without performing any

additional preprocessing steps or data transformations.
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Figure 1: Proposed Model

In contrast, the second experiment applied our suggested deep learning model after
transforming data using data attention points seeking to enhance the performance of
the model. Our new approach, named AttDeep combines a deep learning framework
(including an input layer, four layers, with a dropout and an output layer) with an
attention mechanism. By blending these elements, the model becomes better at
recognizing patterns and relationships in the data while preventing overfitting by
using dropout regularization.

Additionally, incorporating the attention mechanism boosts the model’s capability
to concentrate on features leading to enhanced accuracy and interpretability.
The proposed model is explained in the following sections.
Dataser.

There are plenty of well-known open-source Software defect datasets available,

which enable testing and evaluating our model. We chose only the dataset that
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shared the same metrics for consistency and comparability, so we ended up with
twelve datasets from the AEEEM and PROMISE repositories [29]. Each consists of 48
metrics considered as the features. Dataset list with their size shown in table 2.

Table 2. Summary of datasets

Dataset Samples
JDT~R2~0 2397
JDT~R3~0 3420
JDT~R3~1 3883
JDT~R3~2 2233
jedit~3. 272
jedit~4 367
log4j~1 109
PDE~R2~0 576
PDE~R2~1 761
PDE~R3~0 881
PDE~R3~1 1108
PDE~R3~2 1351

Data in datasets were carefully reviewed to ensure consistency before merging
them into one dataset resulting in a total of 16,610 samples. It's worth noting that the
dataset has a sparsity ratio of 43.43\%. This ratio is calculated using the formula;

SR—1— minorily

majority
The dataset was carefully validated to maintain data accuracy. Upon examination, it
was confirmed that the dataset consists of data without any textual elements.
Additionally, no instances of missing data were detected in the dataset. It's worth
mentioning that zeros in this data set hold significance suggesting the absence of bug

errors in the target column, and denoting zero values for the features.
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Data Pre-Processing.

Data preprocessing is an essential step preceding ML, ensuring quality data for
input to facilitate generating reliable results for the output. The data in hand has no
null or missing values. Nevertheless, cleaning data involved removing illogical
samples such as bugs with no line of codes, and we ended up with 16,605 samples.
Given that the dataset does not have the data density feature field which is the
required target column, we created a new column called DataDensity that
incorporates the required data density information. Data density is calculated as
follows:

DataDensity = (Number of Bugs/Line of Code) ¥*1000 (8)

The ready-to-use dataset contains the 48 metrics as features, number of bugs
column was dropped as it was substituted by DataDensity which serves as the target
column. Features were then normalized using MinMaxm normalizer, to keep
consistency between different scales and measurements. It's also essential for
improved performance. Finally, splitting the dataset into training and testing is one
important step for model evaluation and detecting its ability to generalize. Three-
quarters (0.75%) of the data were allocated for training while the remaining quarter
(0.25 %) was reserved for testing purposes.

The Experiment:

This section presents the details of the two experiments applied to the dataset. The
experiments were accomplished using Python with Anaconda Jupiter on a high-
performance workstation with sufficient storage (512 GB SSD) and (32GB) RAM. The
host machine operates on Windows 10 with a Core i7 12th Gen Intel(R) CPU (3.5
GHz) with a dedicated GPU.

Deep Learning Model:
The proposed model is a feedforward NN comprising of an input layer, a dropout

layer, four hidden layers and an output layer. The input layer is designed with 48

’I
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dimensions to accommodate the number of features. After conducting experiments
and adjusting the hyperparameters based on the task of predicting software defect
density and our selected dataset we settled on a specific structure. This structure
comprises four layers with varying numbers of neurons; 20, 100, 50 and 100
respectively. We opted for ReLU activation functions in these layers as they are well-
suited for learning models. They are efficient. Ensure that gradients do not vanish
during training and backpropagation. These hidden layers follow a pattern known as
layer pattern. It involves performing matrix multiplication between the input features
and weights adding a bias term and applying the ReLU activation function. As for the
output layer, it consists of a neuron with linear activation. This choice is made because
our model is designed to handle regression tasks where the output is expected to be a
value ranging from 0 to 1. Additionally, we have incorporated a dropout layer, with a
rate of 0.3 which serves as a regularization technique. During training this layer,
randomly removes a percentage of neurons to prevent overfitting. With the 0.3 rate
specified 30% of neurons will be dropped during each training iteration. For the
Compilation configuration, we have opted for the Adam optimizer due to its efficiency
and effectiveness in handling learning rates and adapting to gradients.

4.4 Evaluation Metrics.

We used loss and Mean Absolute Error (MAE) evaluations to validate the
performance of our model for both training and validation datasets. Through applying
these metrics we can understand how the models learn and enhance their
performance with time. The reason for utilizing these metrics is because they are good
at measuring the difference between predicted and real values. A reduction in both
loss and MAE values indicates that the model can reduce errors and enhance its
capability. Additionally, evaluating how well the model performs on training versus

validation datasets aids in identifying overfitting problems and guarantees that the
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model can make predictions beyond the training data. We selected these metrics
because they are commonly used in ML and due to their simplicity as they are easy to
understand making them ideal for evaluating how well predictive models work in
areas like predicting software defects.

Hyperparameters:

In our efforts to enhance the learning model for forecasting software defect density
we conducted a set of experiments to identify the most suitable hyperparameter
configurations.

With a sizable dataset comprising around 16,605 samples, our aim was not just
accuracy in predictions but efficiency in computing. After rounds of testing, we
established a setup that struck a balance, between predictive precision and
computational efficiency. We decided to go with the Adam optimizer because its good
at handling sparse gradients and performs well on data with noise. We set the
learning rate to 0.1 after trying out values. We found that it consistently led to faster
convergence and kept the learning process stable. For building the model, we used
mean error as the loss function. Mean absolute error (MAE) for assessing
performance, which aligns with the regression aspect of our task. These measures
effectively gauge the accuracy of our predictions, which is crucial for predicting defect
density across continuous variables. The training process lasted for 30 epochs with a
batch size of 300 a duration and quantity that have been empirically shown to enable
the model to learn from the data without falling into overfitting. This batch size struck
a balance, between efficiency and the models ability to generalize— batches allowed
for faster computations but potentially weaker generalization abilities while smaller
batches facilitated more precise model updates but required additional time. During
the training process, we included validation data to continuously evaluate how well
the model performs on data. This helped us choose hyperparameters that led to a

model that not only worked well with the training data but also could adapt
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effectively to datasets. It was important for us to keep things the same throughout our
experiments by using hyperparameter settings. This helped us make comparisons
between the models’ performances in situations without any interference from
different hyperparameters. By sticking to this method, we feel confident in the insights
we gained from comparing these experiments, which further supports the strength
and trustworthiness of our findings when looking into how attention mechanisms
work in learning models for predicting software defect density.

Table 3. Models Results.

Models Evaluation Metrics
Training Loss Training MAE Testing Testing
Loss MAE
AttDeep .0612 .0306 .0230 .0283
WithoutAttrntion | .0668 .0718 .0265 .0655

Results and Discussions:
In this section, we will be discussing the outcomes of our experiments. We noticed
that the model incorporating the attention mechanism generally performs better than
the model without it in terms of both training and validation losses. Results are found
in Table 2. The model consistently achieves losses. Exhibits more stable metrics during
each epoch. Additionally, we found that the inclusion of an attention mechanism
contributes to the generalization of the model as indicated by its validation metrics.
On the other hand, the model without attention demonstrates variations in both
training and validation losses suggesting robust training.
While it is true that the model with attention requires calculations due to its inclusion
of this mechanism, it ultimately leads to convergence and overall performance.
Model Without Attention:

In the first model, we applied the proposed model to the dataset in hand without

any data transformation preceding the learning. The loss and MAE values for both the
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training and validation sets show a decrease suggesting that the model is learning and
improving its performance. The model results show a change in Loss values from
459268.9688 decreases to 0.0668 and MAE decrease from 71.4413 to 0.0718.
However, after around epoch 10, the loss and MAE values for the validation set
stabilize indicating that there may not be an improvement in the model’s performance
beyond this point. On the other hand, the training loss and MAE continue to decrease
across epochs indicating that the model is still learning from the training data. In terms
of generalization, it is noteworthy that the validation loss ( 0.0265) and MAE (0.0655)
values consistently remain lower than their training metrics. This indicates that the
model performs well with unseen data without going overfitting to the training data.
The fact that both validation and training metrics are close further strengthens our
confidence in the model’s ability to generalize effectively. The hyperparameters used
during training — such as learning rate, batch size and number of epochs — appear
reasonable since they lead to a decrease in both training and validation loss/MAE
throughout training.

Model with Attention:

The second model (AttDeep) which includes the attention mechanism is showing
promising outcomes as it appears to capture patterns in the data. This can be
observed through the decreasing loss and MAE. The loss and MAE values for both the
training and validation sets are relatively low, indicating the good performance of the
model. Additionally, the difference between the training and validation metrics is not
very significant, suggesting that the model is not overfitting the training data. Both the
loss and MAE values seem to stabilize as the number of epochs increases. Initially,
there is a significant decrease in both loss and MAE, but it becomes more gradual over
time.

The stability of these metrics suggests that the model has convergence to a certain

extent. Further training beyond 30 epochs may not significantly improve performance
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and might risk overfitting. The validation metrics including validation loss and MAE
are comparable to the training metrics, indicating good generalization of the model to
unseen data. The slight differences in validation metrics compared to training metrics
suggest a minor degree of overfitting, but overall, the model seems to generalize well
to new data. The chosen hyperparameters including the learning rate and dropout
rate seem to be reasonable for the task and dataset. The Adam optimizer with a
learning rate of 0.1 is commonly used and appears to work effectively in this context.
The dropout layer with a rate of 0.3 serves as a regularization technique to prevent
overfitting, which is a good practice.

The attention mechanism incorporated into the model aims to capture important
relationships in the data that the model can potentially capture and utilize
dependencies in the dataset more effectively compared to a model without attention.
It demonstrates convergence, reasonable generalization to unseen data, appropriate
hyperparameter choices, and the utilization of an attention mechanism to potentially
capture important relationships in the dataset. Further analysis and experimentation
could help fine-tune the model and potentially enhance its performance for the
specific task of predicting software defect density.

Discussion:

After comparing the outcomes of both models, we observed that the deep learning
model without attention has slightly higher loss and MAE values compared to the our
AttDeep model. It seems like the model might not give the optimal performance on
data if it doesn't use the attention technique, unlike our AttDeep model. Also, looking
at the validation loss and MAE values it's clear that the model without attention
shows higher values compared to the AttDeep model. This suggests that without
attention, the model could have a time making predictions on new data possibly

showing signs of overfitting on the training data. Both models seem to stabilize in
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terms of loss and MAE values as training progresses although it's important to note
that the model without attention ultimately yields a higher final loss and MAE. It’s
worth mentioning that due to its lack of an attention mechanism, the non-attention
model might be less complex. However, it's important to consider that the
effectiveness of attention mechanisms can vary depending on factors such as data
characteristics and task requirements. Overall, while the non-attention model can
have reached convergence during training. It appears to exhibit slightly lesser
performance compared to the AttDeep model; This is evident from higher loss. Higher
MAE values were observed across both training and validation datasets. Hence,
incorporating attention mechanisms could prove beneficial, for enhancing model
performance in tasks similar to the one in hand.

Contribution:

The research presented in this study makes several important contributions to the
field of software defect density prediction and its application in learning. First of all,
this study introduces an innovative approach to predicting software defect density by
incorporating a data attention mechanism into a deep learning architecture. By
exploring NN techniques, this methodology enhances our understanding of how
predictive accuracy can be improved in quality assurance tasks. While previous
studies have mainly dealt with sequential problems, along with feature extraction
using techniques such as CNN and RNN, our work stands out by introducing
attention mechanisms alongside handcrafted features in this area. As far as we know,
our research is the first to merge attention mechanisms with hand-crafted features for
predicting software defect density thus, pushing the boundaries of knowledge in this
field. The paper also provides a good empirical evaluation.

Through experimentation and analysis, this research provides evidence that
supports the effectiveness of the proposed deep learning model with a data attention

point for predicting software defect density. The comparison between our proposed
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model (AttDeep) -the one with the attention mechanism and the one without
attention mechanisms- offers insights into the performance improvements achieved
through the incorporation of attention mechanisms. Through capturing and
redistributing knowledge within and between datasets AttDeep shows clarity and
predictive precision marking a notable progress in the realm of machine learning and
predictive analysis. Moreover, AttDeep model provides improved Model
Generalization as the findings of this study demonstrate that the deep learning model
with data attention mechanism exhibits generalization capabilities compared to its
counterpart without attention. The suggested model shows the potential to aid
quality assurance teams in defining defects and reducing their negative impact.
Finally, the findings of this study open up avenues, for research in the field of merging
the power of deep learning with attention mechanisms in several domains including
SDP.

Conclusion:

In conclusion, our research paper provides a novel approach for incorporating data
attention mechanisms with deep learning. During the data preprocessing phase,
illogical data points were deleted. A new feature column called DataDensity was
created to capture information for defect density prediction. Features were
normalized to maintain consistency across scales leading to improved model
performance. Two experiments were conducted using a deep learning architecture,
one with a data attention mechanism and one without. The results consistently
showed that the model incorporating the attention mechanism outperformed the
model in terms of loss and MAE values across both training and validation datasets.
Furthermore, the analysis indicated that integrating the attention mechanism helped
improve the model’s ability to generalize data by reflecting the content of the data to

each part of the dataset using the attention technique. Comparing both models, it was
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observed that while both achieved convergence during training the model, AttDeep
model exhibited slightly superior performance, with lower loss and MAE values.

This research highlights the benefits of incorporating attention mechanisms into
deep learning models across various fields. The findings suggest that integrating
attention mechanisms can enhance model performance by capturing and utilizing
patterns in the data over time.

Additionally, applying attention mechanisms can be very impactful for areas where
dataset is sensitive. Sensitive data are hard to oversample or under sampled. Thus, it’s
essential to find a way that captures the pattern and reflects it on the whole dataset.
To summarize, this study emphasizes the significance of utilizing techniques like data
attention points to enhance the abilities of deep learning models, and use it in
different fields. Our paper applied the model on SDP, data in other fields must
experimented as future work.
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