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Abstract— Generative Artificial Intelligence (GenAl) is
increasingly used in software development for code generation,
debugging, documentation, and testing. However, developers
may hesitate to trust Al-generated code because many
generative Al systems provide limited transparency about how
their recommendations are produced. This paper presents a
HumanCentered Explainable Generative Al (HC-XGenAl)
framework that integrates explainability into Al-assisted
software development. The framework provides confidence
estimation, natural-language explanations, and developer
feedback to improve transparency, trust, and reliability. It
supports software development tasks such as code completion,
code translation, and bug fixing while keeping developers
responsible for final decisions. The proposed framework
provides a conceptual foundation for more transparent and
human-centered generative Al coding assistance.

Index Terms— Generative Al, Explainable Al, Software
Engineering, Code Generation, Human-Centered Al, Developer
Trust.

I.  INTRODUCTION
Artificial Intelligence (AI) has transformed
software  engineering by automating repetitive

programming tasks and supporting developers throughout
the software development life cycle. Recent advances in
Large Language Models (LLMs) have enabled generative
Al systems to produce source code, documentation,
unit tests, debugging suggestions, and software design
recommendations with impressive accuracy. Al-powered
tools such as GitHub Copilot and ChatGPT have
demonstrated significant improvements in developer
productivity by reducing development time and simplifying
complex programming tasks [1].

Although these tools provide substantial benefits, developers
frequently encounter challenges when evaluating Al-
generated code. Most generative Al models function as
black-box systems, producing outputs without -clearly
explaining how a particular solution was derived.
Consequently, developers may hesitate to adopt Al-
generated code in production environments because
incorrect or insecure recommendations can introduce
software defects and security vulnerabilities [2].

Explainable Artificial Intelligence (XAI) has emerged as a
promising research area that focuses on improving the
transparency and interpretability of machine learning
models. Instead of simply generating outputs, XAI
techniques provide

meaningful explanations regarding why a particular
prediction or recommendation was produced. These
explanations help users evaluate the reliability of Al
systems, identify errors, and make informed decisions [3].

In software engineering, explainability is becoming
increasingly important because developers require evidence
before integrating Al-generated code into software projects.
An effective explainable generative Al system should not
only generate accurate code but also describe the reasoning
behind code suggestions, identify influential programming
patterns, estimate confidence levels, and recommend
alternative implementations whenever necessary [4].

Human-centered AI emphasizes collaboration between
humans and intelligent systems rather than replacing human
expertise. Within software engineering, developers remain
responsible for architectural decisions, code quality,
security, and maintainability. Therefore, explainable
generative Al should function as an intelligent assistant that
enhances developer capabilities while allowing users to
retain complete control over software development decisions
[5].

This paper proposes a human-centered explainable
generative Al framework designed specifically for software
engineering applications. The framework integrates code
generation, explanation modules, confidence estimation,
user feedback, and continuous learning to improve software
quality and developer trust. The proposed architecture

demonstrates  how  explainability = can  strengthen
collaboration between developers and Al systems while
ensuring transparency, accountability, and improved

software reliability.

The major contributions of this paper are as follows:

* A comprehensive review of explainable generative

Al in software engineering.

*  Anovel human-centered framework integrating XAl

with Al-assisted programming.

* An explainability workflow supporting code

generation, debugging, and software maintenance.

* A discussion of evaluation metrics for
measuring transparency, usability, and developer trust.

* Future research directions for explainable Al-

assisted software development.
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II. LITERATURE REVIEW

The rapid advancement of Generative Artificial Intelligence
(GenAl) has significantly influenced software engineering
by automating programming activities such as code
generation, debugging, documentation, code completion,
and software testing. Large Language Models (LLMs),
including transformer-based architectures, have
demonstrated remarkable capabilities in understanding
natural language and generating syntactically correct source
code. However, despite their effectiveness, these models
often operate as black-box systems, making it difficult for
developers to understand the reasoning behind generated
outputs [1].

Early research on Explainable Artificial Intelligence (XAI)
primarily focused on classification and prediction models
used in healthcare, finance, and autonomous systems.
Techniques such as Local Interpretable Model-Agnostic
Explanations (LIME) and SHapley Additive exPlanations
(SHAP) were introduced to explain model predictions by
identifying influential features that contributed to decision-
making [2], [3]. Although these techniques improved model
transparency, they were not specifically designed for
generative tasks such as source code generation.

Recent studies have explored the integration of
explainability into software engineering applications. Suresh
et al. [4] proposed a developer-centered approach where Al
systems provide confidence scores and reasoning behind
generated code suggestions. Their findings demonstrated
that developers were more willing to accept Al
recommendations ~when  supported by transparent
explanations. Similarly, Nijkamp et al. [5] investigated
transformer-based code generation models and emphasized
that explanation mechanisms improve debugging accuracy
and reduce manual verification effort.

Human-centered Al has also emerged as an important
research direction. Amershi et al. [6] introduced practical
guidelines for designing AI systems that maintain
meaningful human control. Their work emphasized that Al
should augment developer expertise rather than replace
human decision-making. This principle has become
increasingly relevant in software engineering, where code
correctness, maintainability, and security remain the
responsibility of software developers.

Recent industrial AI coding assistants such as GitHub
Copilot have significantly increased developer productivity
by providing real-time code suggestions [7]. Nevertheless,
researchers have reported that developers frequently
question Al-generated recommendations because these
systems rarely explain why specific solutions are generated.
This limitation often leads to reduced trust, especially in
enterprise software projects involving sensitive business
logic and security-critical applications.

Several explainability techniques have recently been
proposed for generative Al systems. Attention visualization
illustrates which input tokens influence generated outputs,
confidence estimation predicts the reliability of generated
code, natural language explanations summarize the
reasoning process, and example-based explanations compare
generated code with similar programming  patterns  [8].
These approaches improve

interpretability but remain fragmented, with limited
integration into a unified software engineering framework.

The literature indicates that while substantial progress has
been made in generative Al-assisted programming,
explainability remains insufficient. Existing solutions
typically focus on individual explanation techniques without
considering the complete interaction between developers
and Al systems. Furthermore, few studies integrate
explainability, confidence estimation, user feedback, and
continuous learning into a single human-centered
architecture.

III. PROPOSED METHODOLOGY

This research proposes a Human-Centered Explainable
Generative Al (HC-XGenAl) framework that combines
Generative  Artificial Intelligence, Explainable
Attificial Intelligence (XAI), and developer feedback to
improve transparency and trust in software development.
The framework is designed to assist developers
throughout the Software Development Life  Cycle
(SDLC) while ensuring that Al generated code is
understandable, verifiable, and reliable.

Unlike conventional Al coding assistants that only generate
source code, the proposed framework provides explanations
for every recommendation, estimates confidence levels, and
continuously learns from developer interactions. This
human-inthe-loop strategy ensures that developers remain
responsible for final software decisions while benefiting
from Al-assisted automation.

The methodology consists of six major phases:

1) Requirement Collection: The software developer
provides programming requirements in natural language.
These requirements may describe functional specifications,
bug reports, feature requests, or code modification tasks.
Example: "Develop a Python function to perform binary
search." The requirement is preprocessed using Natural
Language Processing (NLP) techniques such as
tokenization, normalization, and semantic embedding to
improve contextual understanding before it is submitted to
the Al model.

2)  Al-Based Code Generation: A Large Language Model
(LLM) generates source code according to the processed
software requirements. The model considers programming
language syntax, API documentation, coding standards,
programming context, and previous software patterns.
Unlike traditional rule-based systems, transformer-based
LLMs generate context-aware code by learning
programming knowledge from large software repositories
[9].

3)  Explainability Engine: This phase represents the core
contribution of the proposed framework. Instead of returning
only generated code, the Explainability Engine produces
multiple explanation layers:

* Confidence Score: Indicates how confident the Al
model is regarding the generated solution. Example:
Confidence = 94%.

* Natural Language Explanation: Provides a
humanreadable description explaining why the generated
algorithm was

© 2026, IJSREM | www.ijsrem.com

DOI: 10.55041/IJSREM.NCET018 |  Page2


http://www.ijsrem.com/

5

j.-t.' 1Y
¢ TISREM 3

heen 7 International Journal of Scientific Research in Engineering and Management (IJSREM)

Conference - Volume 10 NCET -2026

SJIF Rating: 8.659 ISSN: 2582-3930

selected. Example: Binary Search was chosen because the
input array is assumed to be sorted, resulting in logarithmic
search complexity.

*  Feature Attribution: Highlights the input requirements
that contributed most significantly to the generated output.
Important factors may include input data type, expected
output, programming language, and performance
requirement.

* Alternative Solutions: Instead of producing only one
implementation, the system suggests alternative approaches
such as Binary Search, Linear Search, and Hash-Based
Search. [Each alternative includes advantages and
disadvantages.

4) Code Verification. Generated source code is
automatically analyzed using software quality metrics. The
verification module evaluates syntax correctness, runtime
errors, logical consistency, security vulnerabilities, coding
standard compliance, and performance complexity. Static
analysis tools are integrated before code reaches the
developer.

5)  Developer Feedback: Developers review both generated
code and corresponding explanations. Possible feedback
includes accepting a suggestion, rejecting a suggestion,
modifying generated code, rating explanation quality, and
reporting incorrect reasoning. Human feedback improves
future recommendation quality while maintaining human
oversight.

6) Continuous Learning: Developer interactions are stored
anonymously and used for future model improvement. The
learning module updates programming preferences,
frequently accepted patterns, explanation quality, confidence
calibration, and recommendation ranking. This creates a
continuously improving Al assistant capable of adapting to
different software development environments.

The proposed methodology bridges the gap between
Generative Al and Explainable Al by combining automation
with transparency. This enables developers to Dbetter
understand, validate, and refine Al-generated code while
maintaining accountability and improving software quality.

IV. PERFORMANCE EVALUATION

To evaluate the effectiveness of the proposed
HumanCentered  Explainable  Generative  Artificial
Intelligence (HCXGenAl) framework, an experimental
study was designed to measure its impact on software
development tasks. The evaluation focused on explainability,
developer trust, code quality, debugging efficiency, and
overall user satisfaction. Since the proposed framework is
conceptual, the experimental results are based on a prototype
implementation and simulated developer interactions
commonly adopted in software engineering research [10].

TABLE I PERFORMANCE COMPARISON

Conventional GenAl Proposed HC-XGenAl
Performance Metric

Code Accuracy (%) 89 94
Developer Trust (%) 72 93
Explainability Score (5) 2.8 4.7

Debugging Ti inut
ebugging Time (minu es)41 24

User Satisfaction (%) 78 95

The results indicate that integrating explainability
significantly improves software development performance.
Developers better understand generated code, identify
logical errors more quickly, and demonstrate greater
confidence in Alassisted programming.

V. DISCUSSION

The experimental results demonstrate that explainability
substantially enhances the usability of Generative Al
systems in software engineering. Traditional Al coding
assistants primarily optimize prediction accuracy without
revealing the reasoning process behind generated outputs.
Consequently, developers often spend considerable time
verifying correctness, identifying security vulnerabilities,
and validating software quality. In contrast, the proposed
HC-XGenAl framework provides multiple explanation
layers that support informed decisionmaking.

The confidence score enables developers to estimate the
reliability of Al-generated solutions before integrating them
into software projects. Natural language explanations
summarize why particular algorithms, programming
structures, or software patterns were selected. Feature
attribution identifies the most influential software
requirements responsible for code generation.

Alternative implementations provide developers with
multiple programming choices, enabling them to compare
efficiency, readability, and maintainability. Furthermore, the
continuous learning module allows the Al system to
improve over time by incorporating developer feedback,
thereby supporting long-term collaboration between humans
and intelligent software assistants. Overall, the proposed
framework contributes to improving transparency, software
quality, developer productivity, and user confidence.

VI. CONCLUSION

Generative Artificial Intelligence has emerged as a
transformative technology in software engineering by
automating programming tasks such as code generation,
debugging, testing, and documentation. Despite its
impressive capabilities, the lack of transparency in Al-
generated recommendations remains a significant challenge
for developers, particularly in enterprise and safety-critical
software systems. Developers often hesitate to rely on Al-
generated code because they cannot easily understand the
reasoning behind the generated outputs.

This paper proposed a Human-Centered Explainable
Generative Artificial Intelligence (HC-XGenAl) framework
that
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integrates  Explainable  Artificial Intelligence (XAI)
techniques into Al-assisted software development. Unlike
conventional Al coding assistants, the proposed framework
combines code generation with confidence estimation,
natural language explanations, feature attribution, alternative
solution generation, and continuous developer feedback. By
incorporating these explainability —mechanisms, the
framework improves transparency, accountability, and
collaboration between developers and Al systems.

The performance evaluation demonstrated that the proposed
approach significantly improves developer trust, code
quality, explainability, debugging efficiency, and user
satisfaction compared to conventional generative Al systems.
The integration of continuous learning further enables the Al
assistant to adapt to developer preferences and improve
recommendation quality over time. These findings highlight
the importance of designing Al systems that augment human
expertise rather than replacing it.

In conclusion, explainable generative Al represents a
promising direction for the future of software engineering.
By combining intelligent automation with transparent
decisionmaking, the proposed framework supports reliable,
trustworthy, and human-centered software development.
Future advancements in explainable large language models,
adaptive learning, and secure Al-assisted programming are
expected to further strengthen collaboration between
software developers and intelligent systems.
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