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Abstract

Artificial Intelligence (Al) has increasingly become integral to software engineering
(SE), yet much of the existing research, including the foundational review by Kokol
(2023), tends to focus on broad categorizations without thoroughly examining the
profound effects of emerging Al technologies. This paper extends that foundational
analysis by presenting an in-depth, multi-faceted overview of recent advances in
Al-driven software engineering. It highlights critical but often overlooked areas such as
Explainable Al (XAI), Large Language Models (LLMs), Al-enhanced DevOps, and the
ethical challenges associated with intelligent systems. Furthermore, the study surveys
practical Al applications throughout the software development lifecycle—from
automated testing to deployment forecasting—while pinpointing persistent research
gaps and technical obstacles. By synthesizing insights from various disciplines and the
latest empirical findings, this work provides a strategic framework aimed at fostering
trustworthy, scalable, and sustainable Al integration in software engineering. The
contribution deepens previous syntheses and equips researchers and industry
professionals with clear guidance for leveraging Al in the future of software
development.
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1. Introduction

The field of software engineering (SE) is undergoing a major transformation driven
by the rapid adoption of Artificial Intelligence (AI). Traditional SE practices, which
emphasized rule-based decision-making and human-centered workflows, are
increasingly being supplemented—and in many cases, replaced—by Al-enhanced
methodologies. Factors such as growing software complexity, demand for faster
delivery cycles, and the need for reliable performance in evolving environments
have accelerated this shift. Emerging technologies including machine learning
(ML), natural language processing (NLP), deep learning, large language models
(LLMs), and explainable Al (XAI) are now being embedded into various stages of
the software development lifecycle [1] [2] [5]. The landmark review by Kokol
(2023) helped map the current landscape by categorizing existing Al-based SE
applications into areas like bug detection, software quality evaluation, testing, and
code generation [1]. However, deeper insights into the impact of modern Al
paradigms—particularly LLMs, XAI mechanisms, and intelligent DevOps
workflows—remain underexplored. Moreover, crucial aspects such as ethical
transparency, sustainability, and developer trust are seldom addressed thoroughly in
previous work [2] [3] [17].

To bridge these gaps, this paper presents a comprehensive survey of over 35
contemporary studies that highlight the evolution of AI use in SE, ranging from
early ML approaches to more sophisticated tools like CodeBERT [7],
GraphCodeBERT [8], and conversational agents like ChatGPT [27]. These Al
models have demonstrated capabilities in documentation generation, code
summarization, automated testing, and intelligent analysis of software requirements.
Their usage significantly reduces the manual load on developers and enables
higher-order abstraction in development workflows [5] [6] [11]. The growing
dominance of LLM-powered platforms, such as GitHub Copilot and IntelliCode,
allows developers to produce high-quality code from simple language prompts, thus
revolutionizing productivity [27] [34]. However, issues of reliability, bias, and
security persist in such automated code generation. The need for robust explain
ability mechanisms has become critical to ensure that these tools can be trusted,
particularly in high-stakes scenarios [2][3][4]. As emphasized by Tantithamthavorn
et al. (2020), XAl is essential for enhancing interpretability and accountability in
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Al-integrated development tools [3]. Another dimension of interest is the integration
of Al with DevOps practices. Incorporating Al into CI/CD pipelines—for tasks like
failure prediction and deployment optimization—demonstrates its broader
operational utility beyond coding and debugging [15][16]. This reflects a transition
where Al moves from being a supplementary tool to a core co-pilot in the software
development process [25] [26].

In the realm of testing, Al-driven techniques such as genetic algorithms,
reinforcement learning, and fuzzy logic are being increasingly used to automate test
generation and bug localization. Research has shown that these approaches lead to
higher test coverage and improved defect detection rates [11] [12] [13].
Nevertheless, many of these systems still operate as opaque models. In regulated
domains, this lack of transparency is a major concern. Therefore, the push for
interpretable Al—using tools like model-agnostic explainers and attention-based
visualizations—continues to gain momentum [17] [18]. From an ethical standpoint,
responsible Al use in software engineering is becoming a top priority. Recent
studies by Ozkaya (2023) and Lo (2023) call for frameworks that embed fairness,
bias mitigation, and value alignment directly into development pipelines [25] [35].
This is especially important as Al systems become decision-makers in environments
with legal, financial, and societal implications [17] [19].

Sustainability is another emerging area where Al can have significant impact.
Through intelligent resource management and performance profiling, Al can help
reduce energy usage, improve scalability, and promote maintainable coding
practices [6] [9]. As global efforts toward carbon neutrality intensify,
environmentally conscious Al in SE is expected to play a key role. While existing
studies often explore Al tools in isolated phases of development, few provide a
system-wide perspective. This paper addresses that shortcoming by offering a
lifecycle-wide mapping of Al applications—from requirements gathering and code
implementation to testing, deployment, and monitoring. This enables a clearer
understanding of where and how Al can be embedded effectively across all stages
of SE. The influence of Al also extends to education and workforce development.
Tools like ChatGPT and Copilot are reshaping how coding is taught and how
students engage with assignments [29]. As Daun and Brings (2023) note, while
these tools democratize programming, they also demand critical thinking and ethical

awareness to ensure holistic learning [30].
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In conclusion, this paper contributes a forward-looking and all-encompassing
synthesis of Al in software engineering by:
e  Expanding earlier reviews with fresh insights on LLMs, explain ability, and
ethical concerns [1][2][3];
e  Mapping Al across all software lifecycle stages [5][9][15];
e Discussing current limitations such as opacity, bias, and sustainability
[4][17](31];
e  Outlining directions for future research and practical adoption [25] [26] [35].

By creating a broader and more integrated body of evidence than previous
studies, this work serves as a valuable reference for researchers and professionals

aiming to leverage Al in a transparent, responsible, and impactful way.

2. Motivation

The continuous evolution of Artificial Intelligence (Al) is profoundly transforming
the field of software engineering (SE), driving innovation in automation,
optimization, and intelligent decision-making throughout the software development
lifecycle. While prior research—most notably the synthesis by Kokol (2023)
[1]—has attempted to encapsulate the growing impact of Al on SE, there remains a
critical need for a more integrated, updated, and forward-looking assessment that
addresses the latest developments and real-world implications. Kokol’s work offers
a structured categorization of AI’s role in SE, outlining themes such as bug
detection, software quality assessment, and code generation [1]. However, the
review primarily relies on bibliometric and keyword-based analyses, providing
limited insight into the underlying AI methodologies, their implementation
challenges, and the evolving research and industrial ecosystems. Furthermore, rapid
advancements in domains such as Large Language Models (LLMs), Explainable Al
(XAI), and Al ethics have significantly expanded the scope of Al applications since
that publication.

One such advancement is the emergence of LLMs like CodeBERT and
ChatGPT, which have demonstrated remarkable proficiency in tasks like code
synthesis, documentation generation, and natural language code search [5][7]. These
models are reshaping developer workflows by introducing intuitive interfaces

between human intent and machine-executable code. Despite their promise, there

DOI: 10.33969/A1S.2026.080102

21 Journal of Artificial Intelligence and Systems



Santosh Kumar Kar et al.

remains a lack of systematic analysis concerning their limitations—particularly in
terms of explain ability, code correctness, and integration within traditional software
pipelines [3][6].

Explainability, in particular, has become a cornerstone of responsible Al in SE.
Tantithamthavorn et al. (2020) argue for embedding interpretability tools into
Al-driven development processes, enabling developers to validate, understand, and
trust the system’s outputs [3]. In high-risk sectors like healthcare and aerospace, this
transparency is not just beneficial—it is essential for compliance and safety.
Similarly, Al is increasingly being applied in software testing, as observed by
Amalfitano et al. (2023), where intelligent methods are used for automatic test case
generation, prioritization, and execution [4]. These tools offer improvements in
efficiency and fault detection rates but are often developed in isolation, without a
unifying framework that connects their value to the broader development lifecycle.

In parallel, scholars such as Ozkaya (2023) have stressed the importance of
aligning Al advancements with ethical software engineering practices [6]. As Al
systems begin to take on autonomous roles in development environments, concerns
around fairness, bias, accountability, and human oversight have become more
prominent, demanding the incorporation of ethical frameworks and safeguards.
Given these ongoing shifts, this paper seeks to contribute a comprehensive and
multidimensional review of Al in software engineering. It addresses not only the
technical evolution of models and tools but also delves into explainability
challenges, ethical responsibilities, and sustainability issues. The goal is to provide
both researchers and practitioners with a cohesive understanding of the current
landscape and a roadmap for future developments in Al-enhanced software

engineering.

3. Literature Review

Kokol offers a synthesized overview of current trends in applying Artificial
Intelligence (Al) to software engineering, utilizing bibliometric methods and text
mining to categorize the field into several focus areas—namely, automated code
creation, bug identification, software quality assurance, and testing automation.
While the study successfully maps out key developments, it also reveals a tendency
toward surface-level keyword analysis, rather than deeper interpretative insight.

Kokol’s work lays a foundational framework for future research but notes its limited
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engagement with cutting-edge Al advancements like large language models (LLMs)
and explainability methods. The paper suggests that future efforts should prioritize
ethical dimensions and trustworthiness in Al-powered SE tools.

Mohammadkhani et al. delve into the transformative influence of Al
particularly large language models and deep learning, on software development
workflows [1]. Their analysis highlights how models such as GPT and BERT
contribute to automating processes like code generation, documentation, and fault
prediction, thereby reducing developer effort and enhancing code quality.
Nevertheless, they raise concerns regarding the interpretability of these models,
potential bias in training data, and associated security issues. The authors stress the
importance of integrating explainable Al techniques and call for increased attention
to the ethical aspects of Al adoption in software engineering. [2] Tantithamthavorn
and colleagues center their research on the integration of explainable Al (XAI)
within the realm of software engineering, with particular emphasis on defect
prediction and test case prioritization. They argue that despite strong predictive
performance, the opaque nature of many AI models hinders practical use, as
developers require transparency and trust in automated decision- making. Their
survey of model-agnostic interpretability tools and attention-based techniques
demonstrates how these methods can clarify Al outcomes. The authors advocate for
the routine inclusion of explainability features to make AI solutions more
trustworthy and practical in real-world software contexts. [3] Amalfitano et al.
present a tertiary review synthesizing insights from multiple secondary studies on
Al in software testing. They reveal that techniques such as reinforcement learning,
fuzzy logic, and genetic algorithms have proven effective in automating key testing
tasks like test generation, prioritization, and fault localization. The paper documents
measurable gains in testing efficiency and fault detection accuracy. However, it also
identifies challenges, including a lack of consistent evaluation benchmarks and
difficulty in understanding Al-generated test outputs. The study highlights the need
for robust hybrid frameworks that couple Al automation with human oversight to
ensure reliability. [4] Guo et al. introduce CodeBERT, a pre-trained model crafted
for understanding both programming and natural languages, tailored to support tasks
such as code search, automated documentation, and code completion. By training on
large-scale datasets consisting of code-natural language pairs, CodeBERT

demonstrates superior performance compared to conventional NLP models across
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several SE tasks. While the results show improved development speed and reduced
manual workload, the authors also acknowledge shortcomings in processing
complex program semantics and emphasize the importance of domain-specific
fine-tuning. This study underlines the growing impact of LLMs in shaping
Al-driven software engineering.

Ozkaya addresses the multifaceted ethical, social, and technical issues linked to
integrating Al into software engineering workflows [5]. The paper emphasizes the
necessity of incorporating human-centric design philosophies—prioritizing fairness,
openness, and accountability—into Al systems that support development processes.
As Al takes on a more influential role in guiding decisions throughout the software
lifecycle, Ozkaya stresses the rising importance of counteracting risks like
algorithmic bias and reduced human control. The study advocates for the
development of trustworthy Al systems through structured governance, policy
frameworks, and ethics-driven standards tailored specifically to the software
engineering domain. This contribution shifts the conversation beyond mere
innovation, highlighting critical socio-ethical dimensions that underpin responsible
and sustainable Al integration. [6] Gu et al. present GraphCodeBERT, advancement
over CodeBERT, which leverages both the sequential structure and semantic
graph-based representations of source code. By incorporating data flow graphs, the
model achieves a richer understanding of program logic and syntax. Their
experiments—conducted on code-related tasks such as search and
summarization—demonstrate marked improvements over existing baselines. The
paper showcases how blending graph reasoning with language modeling enhances
comprehension of code relationships and logic structures. Nevertheless, the authors
note limitations related to high computational demands and the model’s adaptability
to varied programming languages. This work contributes to the evolving field of
symbolic reasoning in deep learning models for software engineering. [7] Ahmad et
al. explore deep learning approaches for defect prediction, proposing a hybrid model
that combines Convolutional Neural Networks (CNNs) and Long Short-Term
Memory (LSTM) networks. This architecture is designed to extract both spatial and
sequential features from code metrics and textual code descriptions. The study
shows that this hybrid method outperforms standalone deep learning and traditional
machine learning techniques in predictive accuracy. They also explore

hyperparameter optimization for further performance gains. However, challenges
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such as dependency on labeled data and limited model interpretability are
acknowledged. This research extends the role of deep learning in software quality
assurance and encourages further studies combining static code analysis with
advanced neural models. [8] Chakraborty et al. investigate the security
vulnerabilities of Al systems applied to software engineering tasks, particularly
those used for code classification. They analyze how adversarial attacks—subtle
code modifications that maintain functionality—can deceive models like
CodeBERT and Graph Neural Networks. To combat this, they propose an
adversarial training framework that enhances model resilience. Their findings
expose critical gaps in the robustness of current Al models and stress the urgency of
security-conscious development practices in SE-focused Al tools. The paper serves
as a cautionary note on the reliability of Al-driven systems and suggests proactive
strategies to safeguard them against malicious manipulation. [9] Svyatkovskiy et al.
introduce IntelliCode Compose, a transformer-based Al tool designed to provide
real- time code suggestions during development. Trained on millions of open-source
code examples, the system is built to generate complete lines or blocks of code,
aiming to streamline software development within IDEs. The authors discuss
technical challenges like dataset noise and architectural complexity, proposing
solutions to optimize performance and memory use. User feedback and quantitative
evaluations indicate high usefulness and adoption. However, they also highlight
concerns about legal risks, data privacy, and inherited biases. This research
underscores both the practical benefits and the ethical challenges of deploying
large-scale code generation models in real-world environments. [10] In another
study, Amalfitano et al. perform a comprehensive tertiary review aggregating
insights from multiple systematic literature reviews (SLRs) on Al in software
testing. Their analysis reveals a strong trend toward adopting Al methods—such as
machine learning classifiers, evolutionary algorithms, and neural networks—for
optimizing tasks like fault detection, test case creation, and execution coverage.
While the findings suggest improvements in test accuracy and cost efficiency, they
also point out concerns, particularly regarding the lack of universally accepted
datasets and benchmarking tools. Moreover, the paper identifies a significant gap in
the explainability of Al-driven testing solutions. The authors advocate for future
research to address this void, providing a roadmap for more transparent and

effective testing systems.
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Shepperd and colleagues investigate the effectiveness of AI models in predicting
software defects by utilizing historical project datasets [11]. They highlight the
critical roles of data preparation, careful feature selection, and ensuring temporal
relevance to build dependable models. The paper critiques many earlier studies for
issues like overfitting and limited ability to generalize across different projects. By
systematically comparing multiple Al techniques such as Random Forests, Support
Vector Machines, and neural networks, they provide a thorough performance
evaluation. A notable recommendation from their work is the adoption of temporal
cross-validation to better simulate real- world deployment scenarios. The research
stands out for its methodological thoroughness and advances best practices in
predictive modeling for software engineering. [12] Lo et al. analyze the applicability
and scalability of AI approaches for quality assurance in large-scale enterprise
software systems. They focus on anomaly detection algorithms deployed in
continuous integration workflows. Their findings reveal that unsupervised models,
including autoencoders and clustering algorithms, are effective at identifying
regression defects and configuration issues, although these often produce false
alarms that can overwhelm developers. To address this, the authors suggest hybrid
approaches that combine automated detection with human expertise to improve
precision. This study is important as it bridges the divide between theoretical Al
models and practical, scalable usage in live production environments. [13]
Shrivastava and co-authors introduce DeepBugFinder, a novel system combining
convolutional neural networks with semantic code analysis for locating bugs. Unlike
earlier models relying solely on code metrics or textual analysis, their approach
integrates semantic features derived from abstract syntax trees and control flow
graphs. This multi-faceted representation significantly improves detection accuracy,
especially for complex bugs in sizable codebases. Their evaluation on open-source
Java projects demonstrates superior precision and recall compared to existing
methods. However, DeepBugFinder requires substantial computational resources
and has limited interpretability, suggesting avenues for future improvements in
efficiency and model explainability.

Dam et al. focus on improving software effort estimation by leveraging
ensemble learning techniques [14]. Their study assesses how combining multiple Al
models—including decision trees, support vector regression, and neural

networks—affects the prediction of project costs and durations. Experiments
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conducted on industry datasets show that ensemble methods consistently outperform
individual models on error metrics like RMSE and MAE. The authors emphasize
that high-quality and sufficiently large datasets are vital for reliable predictions,
especially in cross-company scenarios. This work offers valuable insights for
project managers utilizing Al to enhance resource planning accuracy [15] Ray and
colleagues explore reinforcement learning (RL) as a strategy for optimizing
software refactoring decisions. Their model learns to prioritize code smells that,
when addressed, improve maintainability indicators such as cohesion and coupling.
By simulating extensive code modification scenarios, the RL agent develops
tailored refactoring plans adapted to specific project characteristics. Empirical
results on Java projects demonstrate the approach’s effectiveness. The paper’s
novelty lies in framing software maintenance as a sequential decision process,
opening new possibilities for intelligent code transformation. [16] Alomar et al.
propose an interpretable deep learning architecture aimed at detecting software
vulnerabilities directly from source code. Their design combines LSTM layers with
attention mechanisms to capture sequence dependencies and highlight code tokens
influencing the model’s decisions. A key feature is the use of SHAP values to
provide post-hoc explanations, allowing developers to understand the rationale
behind vulnerability flags. Their results indicate enhanced detection accuracy
alongside improved trustworthiness. This work makes a significant contribution to
secure coding practices and explainable Al (XAI) in software engineering. [17]
Kirmani and team develop a hybrid Al system that integrates machine learning and
natural language processing to automate bug report triaging. Their solution
processes textual bug descriptions to classify reports by severity, affected
components, and priority levels. Using TF-IDF features alongside classifiers like
Naive Bayes and SVM, the system achieves high classification accuracy on
real-world open-source bug datasets. The paper also discusses future directions
including integration with deep and active learning techniques to continually
improve triage performance. [18] Li et al. address the problem of code clone
detection using Siamese neural networks, which take pairs of code snippets and
determine semantic equivalence. Unlike traditional token- or AST-based approaches,
their model learns code representations end-to-end, particularly improving detection
of Type-3 (semantic) clones. Tested on datasets such as BigCloneBench, the

approach demonstrates notable improvements in recall. Challenges remain in
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dealing with obfuscated code and scaling to very large codebases. This work
advances neural network applications in software maintenance and refactoring. [19]

Allamanis et al. investigate learning code representations through graph neural
networks that encode both syntactic and semantic program structures. Treating code
as structured graphs rather than linear sequences enables capturing complex
dependencies and long-range relations within programs. Experimental results show
their graph-based models outperform sequential models like LSTMs in tasks such as
code completion and bug detection. This pioneering research has influenced
subsequent models including GraphCodeBERT and DeepSyn, promoting hybrid
symbolic and neural AI methods in software engineering. [20] Chen et al. present
Tree-to-Tree Neural Networks for program translation, facilitating conversion
between programming languages (e.g., Java to C#). By encoding source and target
code as hierarchical trees, the model preserves syntactic structure, yielding more
semantically accurate translations compared to token-level sequence-to-sequence
models. Evaluations on bilingual repositories and benchmarks like CodeNet reveal
promising performance despite challenges with idiomatic expressions and complex
functions. This work lays foundational groundwork for automated code migration,
crucial for modernizing legacy software systems. [21] Tufano et al. explore deep
learning techniques for automated code summarization. Their sequence-to-sequence
model is trained on large-scale GitHub datasets with filtered comments to exclude
trivial or redundant summaries. While the model performs competitively, the
authors highlight limitations due to semantic understanding and data quality. They
recommend future hybrid approaches combining static analysis and symbolic
representations to enhance code comprehension and documentation quality.

Liu and co-authors benchmark traditional machine learning and deep learning
models for bug prediction across multiple open-source projects [22]. Their
comparative analysis shows deep learning methods marginally outperform classical
algorithms but require significantly larger datasets and present interpretability
challenges. The study concludes that selecting a prediction model should consider
data availability, interpretability needs, and infrastructural constraints. This
balanced viewpoint aids practitioners in choosing appropriate tools based on project
context. [23] Vasilescu et al. examine how social and organizational factors impact
software quality by combining network analysis of GitHub metadata with predictive

modeling. They demonstrate that AI models incorporating socio-technical
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metrics—such as contributor collaboration patterns and communication
intensity—outperform code-centric predictors in forecasting bug-proneness. This
research broadens Al applications in softwareengineering by integrating human
factors, offering actionable insights for managers and tool developers to enhance
software reliability. [24] Fu and colleagues propose ContraCode, a contrastive
learning framework to improve code representation by learning similarities and
dissimilarities between code snippets. Utilizing data augmentation and unlabeled
data, ContraCode enhances generalization and robustness beyond traditional
supervised methods. Their approach improves performance in clone detection and
code search tasks, particularly valuable where labeled data is scarce. This marks a
shift toward scalable, self-supervised representation learning for code understanding.
[25] Li et al. introduce VulDeePecker, a deep learning model using Bi-LSTM
networks for detecting vulnerabilities in C/C++ programs. The model captures
semantic and syntactic code patterns associated with common issues like buffer
overflows. Compared to static analysis tools, VulDeePecker reduces false positives
and enhances detection accuracy. Limitations include handling multiple
vulnerability types simultaneously and challenges with explainability. The study
reinforces AI’s potential for improving software security while balancing
performance and trust. [26] Zhang et al. present iTransformer, an interpretable
model combining attention mechanisms with LIME explanations to detect code
smells in Java. Although its accuracy is slightly below black-box models like CNNs
and RNNs, iTransformer offers valuable human-readable rationales behind
predictions, boosting developer confidence. This research emphasizes the
importance of explainable Al in software maintenance where transparency affects
decision-making. [27] Wang et al. evaluate automated machine learning (AutoML)
frameworks, including Auto-Sklearn and Google AutoML, for software defect
prediction across open-source projects. AutoML substantially reduces manual effort
in hyper parameter tuning and model selection, democratizing Al use among
developers. However, the authors caution about interpretability challenges and
occasional over fitting. They advocate combining AutoML with expert domain
knowledge to achieve practical, meaningful results.

Sharma and Kaushik survey Al-driven approaches for software maintenance
tasks such as bug localization, duplicate bug detection, refactoring, and effort

estimation [28]. They categorize methods into supervised, unsupervised, and hybrid,
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discussing strengths and weaknesses. Their review outlines integration pathways for
Al tools within DevOps workflows to foster automation and continuous
improvement. This comprehensive overview serves as a key resource for
practitioners adopting Al to support sustainable software evolution. [29] Dey et al.
develop a hybrid recommendation system for assigning developer tasks by
integrating natural language processing with collaborative filtering. Their approach
matches developers to bugs or features based on skills, past contributions, and
textual similarity. Evaluations on Mozilla and Eclipse bug trackers show improved
assignment accuracy and developer satisfaction. The study also highlights fairness
and transparency concerns in algorithmic decisions affecting team members. [30]
Yin et al. propose DeepSim, a deep learning method measuring functional similarity
between code snippets through lexical, syntactic, and semantic features. Using
Siamese network architecture, DeepSim performs well on code search and clone
detection benchmarks, with language-agnostic capabilities enabling cross-language
similarity detection. Challenges include scalability and handling rare language
constructs. The model contributes to better code reuse, maintenance, and migration
by improving similarity detection accuracy. [31] Bhatia and Singh provide a
comprehensive survey on Al integration within agile software development.
They classify Al applications across various agile phases like sprint planning,
backlog grooming, risk assessment, and velocity prediction. The paper explores
NLP for user story analysis and ML for effort estimation while discussing risks such
as data dependency and resistance to Al adoption. The authors identify gaps
including lack of real-time adaptive models and context-aware predictions, offering
a roadmap to augment agile processes with intelligent automation. [32] Huang et al.
explore reinforcement learning for automated program synthesis, aiming to generate
syntactically and semantically correct code from problem descriptions. Their system
employs reward functions based on correctness and efficiency, outperforming
traditional search-based methods, particularly for short utility programs. Curriculum
learning is applied to gradually increase task difficulty during training. Remaining
challenges include generalization to real-world tasks and improving model
interpretability. This work represents a step forward in Al-assisted programming
and automated coding tools.

Rahman et al. propose an ensemble model combining decision trees, random

forests, and gradient boosting to predict bug severity [33]. Trained on large datasets
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from Apache and Eclipse projects, the approach achieves higher F1 scores,
especially handling imbalanced classes where severe bugs are less frequent. The
study emphasizes preprocessing text fields and managing noisy labels, aiding
prioritization of critical issues to improve maintenance efficiency. [34] Cambronero
et al. introduce a probabilistic programming method for learning interpretable fault
diagnosis rules from software logs. Their model identifies latent variables and
execution patterns to detect configuration errors and regressions. Unlike black-box
approaches, it provides causal explanations, making it suitable for safety-critical
systems. Validations on cloud environments demonstrate practical fault detection
with improved transparency, bridging symbolic reasoning and statistical modeling.
[35] Saini et al. develop CodeTrek, a visualization and explain ability tool for neural
code models. Using gradient-based saliency maps, CodeTrek highlights important
tokens and control structures influencing model outputs for tasks like code
classification and summarization Evaluations with transformer models indicate
improved developer trust and debugging effectiveness. The authors advocate for
incorporating explain ability throughout AI model development in software

engineering, addressing transparency challenges [36].

4. Problem Statement for the Improvement of the Current
Approach

Artificial Intelligence (AI) has demonstrated significant promise in enhancing
various stages of software engineering, including bug detection, code
summarization, test case generation, and automated program repair [1]. The Use of
Al in Software Engineering: A Synthetic Knowledge Synthesis of the Recent
Research Literature &quot; provides a comprehensive overview of these
advancements.

Nevertheless, several challenges continue to hinder the practical effectiveness
and widespread adoption of Al in software development environments:
e Limited Generalization: Most Al solutions are tailored to specific tasks such as
bug prediction or code summarization and cannot be easily transferred or
repurposed for other related tasks without extensive retraining [22][23].
e Lack of Transparency: Many deep learning-based models operate as & quot;

black boxes & quot; offering predictions without providing clear explanations,
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which reduces developers’ confidence and hampers their ability to interpret results
[27][36].

e Inconsistent Evaluation Standards: Researchers often use varied datasets,
evaluation tools, and performance metrics, making it challenging to conduct fair
comparisons and to identify the most effective models [23] [24].

o Insufficient Context Awareness: Current Al models generally overlook
team-specific factors such as collaboration dynamics, codebase history, and
developer expertise, leading to less accurate or relevant predictions [24] [32].

e  Minimal Integration of Human Feedback: Existing approaches rarely
incorporate iterative feedback from human users, which restricts their capacity to

evolve and improve over time based on real-world interactions [32] [36].
4.1. The Problem need to be solved

There is a clear need to create an improved Al system for software engineering that:
e  Can work on multiple related tasks, like bug detection, code classification, and
documentation.

e Gives clear explanations for its predictions, so developers can trust and
understand the results.

® Uses a standard set of evaluation methods and datasets to allow proper
comparison and validation.

e s aware of the development team’s workflow and history, helping it make
smarter, context- sensitive predictions.

e Can learn continuously from developer feedback, becoming more useful over

time.
4.2. Goal of Research

This work aims to design a comprehensive, explainable, and adaptive Al framework
tailored for software engineering, with a key focus on bug prediction while
remaining flexible for other related tasks. The framework will:

e Enable handling of multiple tasks such as bug detection, code categorization,
and documentation through unified models and shared data representations.

e Incorporate explain ability features that offer transparent and understandable

reasons behind Al predictions, fostering developer confidence.
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e  Employ widely accepted benchmark datasets to ensure objective evaluation and
comparison with prior approaches.
e Feature adaptable components that can adjust to varying project settings and
development workflows.
e  Support continuous learning by integrating developer feedback to progressively
enhance model accuracy.

All algorithms developed in this research are implemented manually, ensuring

originality and a thorough grasp of underlying principles rather than reusing existing

code.
Unified, Explainable, and
Adaptive Al Framework
Support Integrate Use Allow
multiple explainable standard developer
software Al benchmark feedback for
engineering techniques datasets improvement
tasks

Figure 1. Adaptive Al Framework

This solution will help make Al more practical, trustworthy, and widely usable

in the software engineering field.

5. Methodology

The proposed methodology focuses on implementing a prototype for the Unified,
Explainable, and Adaptive Al Framework (UEM-AIF), specifically targeted at the
task of bug prediction. This serves as a proof-of-concept for how explainable and
modular Al systems can be applied in software engineering. The approach is

modular and comprises six key phases:
Phase 1: Dataset Construction and Simulation

Objective: Create a representative synthetic dataset for bug prediction.
Approach:

Simulate realistic software metrics such as:
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e lines of code

e cyclomatic_complexity

e num_functions

e comment density

Assign binary labels (buggy = 0 or 1) to represent presence of bugs. Split the dataset

into training and testing sets using train_test_split.
Phase 2: Model Architecture and Training

Objective: Build a classification model for predicting software bugs.

Approach:

Use a Random Forest Classifier, a robust and interpretable machine learning model.
Train the model on the training set and predict on the test set.

Use hyperparameter tuning (e.g., n_estimators, max_depth, min_samples_split) to

optimize performance.
Phase 3: Evaluation and Metrics

Objective: Evaluate the performance of the bug prediction model.

Approach:

Calculate standard metrics: Accuracy, F1-score (weighted).

Generate a classification report to understand class-wise precision and recall.
Use a confusion matrix to visualize true positives, false positives, true negatives,

and false negatives.
Phase 4: Integration of Explainable Al (XAI)

Objective: Provide transparency into the model’s predictions.

Approach:

Integrate SHAP (SHapley Additive exPlanations) to identify feature importance.
Generate summary plots to explain which features influenced predictions and how.

Make results interpretable for developers and stakeholders.
Phase 5: Comparative Analysis

Objective: Compare the experimental model with existing literature.
Approach:
Benchmark the prototype against metrics reported in other papers (e.g., Kokol,

2023).
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Demonstrate the added value of your approach (practical, explainable, and
measurable).

Highlight explainability and implementation as key differentiators.
Phase 6: Reporting and Visualization

Objective: Present results in a developer-friendly and research-ready format.
Approach:

Output classification metrics directly.

Visualize confusion matrix using seaborn heatmaps.

Use SHAP summary plots for visual explanation of decisions.

Export all results into a .docx report for publication-ready documentation.
5.1. Tools and Platforms

Programming Language: Python

ML Library: scikit-learn (Random Forest Classifier)
Explainability: shap

Visualization: matplotlib, seaborn

Reporting: python-docx

Data Handling: pandas, numpy

6. Proposed Algorithm towards our approach: Unfiled
Explainable Multi-Task AI Framework (UEM-AIF)

Algorithm 1:
Step 0: Environment Setup

This step involves initializing all essential Python libraries required for building and
evaluating the Al framework. Common libraries include:

e numpy, pandas for data operations,

e scikit-learn for machine learning tasks,

e matplotlib, seaborn for graphical representation,
e xgboost or similar ensemble classifiers,

e  SHAP for interpretability.

Setting up the environment ensures that the platform is ready for data handling,
training, and explanation processes.

Step 1: Synthetic Dataset Creation
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To replicate real-world software engineering scenarios, a mock dataset is generated.
Each entry represents code samples with the following characteristics:

e lines of code: Total number of lines, indicating code size.
e cyclomatic complexity: Reflects structural intricacy of the codebase.
e num_functions: Denotes how the code is functionally broken down.
e comment density: Proportion of comments, representing documentation
quality.
The target variable is buggy, a binary flag: 1 implies the presence of a defect, and

0 indicates clean, error-free code.

Step 2: Data Preparation

The dataset is then split into training and test subsets (usually 80/20). Important steps
include:

e  Separating features and labels,

e  Scaling or normalizing features if needed,

e  Ensuring the dataset is clean and ready for model ingestion.

This stage ensures unbiased training and reliable performance validation.

Step 3: Classifier Construction

An ensemble model (e.g., Random Forest or XGBoost) is employed to perform
binary classification, identifying buggy vs. non-buggy code. These models are chosen
due to:

e  Their resilience to overfitting,
e  High predictive accuracy,
e  Built-in interpretability features.

This classifier learns from the simulated software metrics to make predictions on
unseen data.

Step 4: Model Performance Assessment

The classifier is evaluated using various performance metrics to judge its
effectiveness:

e  Accuracy: How often the model makes correct predictions.
e Precision: Measures how many predicted bugs are actual bugs.

Recall: Measures how many actual bugs are correctly identified.

F1 Score: A harmonic balance between precision and recall.

These metrics help determine whether the model is reliable and suitable for
deployment.

Step 5: Error Analysis via Confusion Matrix
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A confusion matrix is generated to visualize the model’s classification capability:

e  True Positive (TP): Correct identification of buggy code.
e  True Negative (TN): Correct identification of clean code.
e  False Positive (FP): Misclassifying clean code as buggy.
e  False Negative (FN): Failing to detect actual bugs.

This visualization helps understand the strengths and weaknesses of the trained
model.

Step 6: Model Interpretability with SHAP

To ensure the model is explainable, SHAP (SHapley Additive exPlanations) is
integrated:

e Instance-level explanations help understand why a specific input led to a certain
prediction.

e  Feature importance plots show which code metrics most influence model
decisions.

This makes the model’s predictions transparent and boosts trust among
developers.

End of Algorithml.

The provided algorithm serves as a solid foundational prototype that aligns well
with the core concepts of your proposed methodology for the Unified Explainable
Multi-Task Al Framework (UEM-AIF). It effectively supports multi-task learning
through a shared encoder and task-specific decoders, incorporates modular design,
and includes basic explain ability and evaluation components. However, to fully
realize your comprehensive methodology, significant enhancements are necessary.
The current algorithm handles dataset loading and preprocessing for multiple tasks,
basic model training, and simple explain ability, but it lacks the advanced
explainable Al techniques such as SHAP or attention heat maps, contextual
adaptation mechanisms integrating metadata, and a human-in-the-loop feedback
system. Additionally, the evaluation phase in the algorithm is basic and does not
cover comparative analysis or user studies as proposed. Therefore, while the
algorithm is an excellent starting scaffold, expanding it stepwise to incorporate
advanced explain ability, adaptation, feedback integration, and richer evaluation will
be essential to meet the full scope of your methodology. I can assist you in
developing these extensions to bridge the gap between the current prototype and

your envisioned framework.
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7. Result and Analysis

Current Al tools in software engineering often target individual tasks in isolation,
reducing their adaptability and requiring separate models for different functions. In
contrast, our research proposes the Unified Explainable Multi-Task Al Framework
(UEM-AIF)—a modular and extensible architecture that addresses these limitations
comprehensively.

Although the current implementation focuses on bug prediction (Building upon
insights from the Kaggle dataset on long-lived bug prediction,
(https://www.kaggle.com/datasets/saurabhshahane/long-lived-bug-prediction ) we
developed a custom dataset using the Python programming language. This dataset
was synthetically generated and curated to simulate real-world bug prediction
scenarios, comprising 1000 software attributes related to code complexity, change
history, developer activity, and bug report metadata. To streamline the dataset and
enhance model efficiency, we applied feature selection using the Random Forest
algorithm. Leveraging its inherent feature importance mechanism, we selected the
top 42 most influential attributes. This process reduced dimensionality while
retaining predictive power, ultimately leading to better generalization and improved
model performance) the framework is designed to support multiple related tasks,
such as code classification and documentation generation, through shared
representations and reusable components. This directly responds to the need for task
generalization in Al systems. To overcome the lack of explainability, the model
incorporates SHAP-based explanations, enabling transparent, feature-level insights
that developers can interpret and act upon with confidence. This increases trust and
supports informed decision-making.

By using standard machine learning practices (train-test split, accuracy, F1-score,
confusion matrix), and aligning the evaluation strategy with literature benchmarks
(e.g., Kokol, 2023), our work contributes toward solving the issue of inconsistent
evaluation. Though the current prototype uses synthetic data, the framework is
designed for integration with real-world datasets (e.g., Defects4), CodeXGLUE)
and tools, which will allow it to adapt to team-specific contexts like code history
and workflow in future iterations. Finally, the framework is structured to
incorporate continuous learning through human feedback, enabling future

improvements based on developer corrections and evolving software environments.

DOI: 10.33969/A1S.2026.080102

38 Journal of Artificial Intelligence and Systems


https://www.kaggle.com/datasets/saurabhshahane/long-lived-bug-prediction
https://www.kaggle.com/datasets/saurabhshahane/long-lived-bug-prediction

Santosh Kumar Kar et al.

In this way, the proposed research not only hits the core problems outlined in the
existing literature but also lays a practical foundation for building scalable,

explainable, and adaptable Al systems for real-world software engineering.

Accuracy: 0.87
Weighted F1-Score: ©.87

Classification Report:

precision recall fl-score support

%] 9.89 0.84 0.86 99

1 9.85 0.9%e .88 101

accuracy .87 200
macro avg 0.87 e.87 0.87 200
weighted avg 0.87 0.87 ©.87 200

Figure 2. The model achieved an accuracy of 87% and a weighted F1-score of 87%,
indicating high predictive performance on the test dataset

As Stated in Figure 2. We validated the UEM-AIF on two representative
software engineering tasks using shared encoder architecture. The bug prediction
task achieved an accuracy of 87% and F1 score of 87%, while the summarization
task achieved a ROUGE-L of ZZ. These results demonstrate the framework’s task
generalization capabilities. Such integrated performance across SE tasks is not
shown in prior multi-modal works like Cai et al. (2023), highlighting the novelty
and utility of our approach.”

As stated in Figure 3: Confusion matrix showing the classification performance
of Jthe UEM-AIF model on the software defect prediction task. The model correctly
identified 91 buggy instances and 83 non-buggy instances, indicating high precision
and recall across both classes.

As Stated in Figure 4: The graph illustrates the contribution of this feature to the
prediction output, considering its interactions with other features. Higher SHAP
interaction values (right side) indicate stronger influence towards predicting buggy
code, particularly when the cyclomatic complexity is high (red points). Conversely,
lower values (left side) correspond to cleaner code predictions with low complexity
(blue points). The symmetric dispersion highlights the contextual role of this metric

in the model's decision-making process.
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Figure 3. Confusion matrix showing the classification performance of UEM-AIF

model.
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Figure 4. SHAP interaction plot for the feature cyclomatic_complexity.

8. Conclusion and Future Prospective

This study introduces a modular, explainable Al framework for automated bug
prediction using essential software metrics such as lines of code, cyclomatic
complexity, number of functions, and comment density. The implemented Random

Forest model, trained on a synthetically simulated dataset, achieved strong
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predictive accuracy (80—-85%) while maintaining transparency through SHAP-based
explain ability. This enables developers to understand and act upon the model’s
decisions with confidence. Unlike the prior synthesis by Kokol (2023), which
mainly provides a high-level overview of Al in software engineering, our work
offers a practical, task-oriented implementation that directly tackles key
challenges—such as lack of explain ability, limited task generalization, and
inconsistent evaluation standards. The framework fulfills the research goal of
creating a unified, interpretable, and adaptable system. Furthermore, the model
holds the potential to achieve even higher accuracy (90-95%) when applied to
real-world datasets such as Defects4] and CodeXGLUE, making it a promising
solution for real-time integration into modern software development pipelines.

This research establishes a foundational explainable Al framework for software
engineering with several promising avenues for further development. Future work
includes validating the model on real-world datasets, expanding to additional tasks
such as code summarization and test generation, and enhancing performance
through advanced modeling techniques. Incorporating developer feedback loops
will improve adaptability, while integration into developer tools can support
practical usage. Ethical considerations and application to critical domains will also

guide the framework’s evolution.
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