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Abstract- Modern code review practices are essential for
maintaining software quality but incur significant time costs.
Al-assisted code review platforms promise to improve reviewer
productivity and catch more defects by leveraging Large
Language Models (LLMs) and intelligent automation. In this
paper, we evaluate how Al-assisted code reviews affect
developer productivity (e.g., review completion time, effort) and
code quality (defect detection, code improvements). We present
a system that integrates state-of-the-art Al models (GPT-4,
CodeBERT, CodeT5) with traditional static analysis tools (e.g.,
Pylint, ESLint) to automatically analyze code changes and
provide feedback. We compare Al-generated reviews against
human peer reviews through an industrial case study and
controlled experiments. Key metrics—review time, Acc@K,
Precision@1, and Average Precision—quantify performance.
Our results show that Al assistance can identify issues
(including subtle bugs and design principle violations) that
human reviewers might miss, leading to improved code quality
and consistency. However, we also observe that naively
introducing Al into the review workflow may increase review
duration in practice due to additional comments and false
positives. We discuss how Explainable Al (EAI) techniques in
the review tool (providing natural-language justifications)
foster developer trust and uptake of recommendations. Overall,
Al-assisted code review can be a valuable “second pair of eyes,”
boosting reviewer productivity and code quality when carefully
integrated. We conclude with insights on balancing Al and
human strengths in code review and outline future work toward
more transparent, efficient, and adaptive code review
automation.

Keywords - Al-assisted code review, Large Language Models
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1. Introduction

Software development lifecycles heavily rely on code review
processes to ensure quality, maintainability, and security.
However, traditional manual code reviews are often time-
consuming and susceptible to human error and bias [19].
While automated tools like static analyzers exist, they
frequently miss deeper contextual or logical issues and may
not provide actionable feedback [19]. Fault Localization
(FL), the process of identifying the root cause of bugs, is a
significant part of debugging, often consuming the majority
of developers' time [2]. Existing automated FL techniques,
while varied, have seen limited adoption, partly due to their
failure to provide clear rationales for their suggestions, a
feature highly desired by developers [1, 3, 6].

Recent advancements in Large Language Models (LLMs)
present an opportunity to revolutionize code review and
debugging [11]. LLMs can understand code context, identify
complex patterns, suggest optimizations, and even generate
explanations for detected issues [1]. This project introduces a
web-based Al assistant designed to enhance the code review
process. By integrating powerful LLMs like OpenAl's GPT
models [12] with traditional static analysis tools such as
ESLint, the platform aims to provide intelligent, contextual
suggestions, identify security flaws, offer refactoring tips,
and ultimately improve both developer productivity and
overall code quality [19]. The platform supports multiple
languages, including Python and JavaScript, analyzing code
snippets or linked repositories. This paper evaluates the
effectiveness of this Al-assisted approach compared to
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existing methods, focusing on metrics related to speed,
accuracy, and precision in identifying code issues [16].

2. Related Work

Automated Fault Localization (FL) has been extensively
researched, with major families including Spectrum-based
FL (SBFL), Mutation-based FL (MBFL), and Information
Retrieval-based FL (IRFL) [15]. SBFL techniques, while
often effective, typically require comprehensive test suites
with both passing and failing tests, which can be
computationally expensive to obtain [2]. A significant
drawback across many traditional FL techniques is their
inability to explain why a particular location is flagged as
faulty, hindering developer trust and adoption [1, 7].
Developers emphasize the need for rationales to understand
and validate FL tool outputs [3].

The emergence of LLMs has opened new avenues in software
engineering tasks, including program repair and debugging
[4, 18]. Techniques like AUTOFL demonstrate the potential
of LLMs for explainable fault localization [1]. AUTOFL
utilizes LLM function calling [12] to navigate large
codebases, overcoming context window limitations and
generating natural language explanations alongside fault
locations [1]. Studies show such LLM-based approaches can
outperform traditional baselines in localization accuracy [1].
Other works explore using LLMs for code generation,
summarization [9], and automated review comments [17].
GitHub Copilot, for example, assists with code completion
but offers limited in-depth review capabilities [19].

Explainable Al (EAI) is increasingly important in software
engineering, ensuring that Al-driven suggestions are
transparent and understandable [19]. Developers need to trust
Al recommendations, especially in critical systems [19].
Integrating EAI principles into Al code review tools can help
bridge the gap between Al potential and practical developer
adoption by making the reasoning behind suggestions clear
[1]. Our work builds on these advancements, combining
static analysis with LLM-driven insights and focusing on
quantifiable improvements in productivity and code quality,
while acknowledging the importance of explainability [19].

3. Methodology
3.1 Platform Architecture

The proposed Al-assisted code review platform is designed
as a web application to provide an accessible and interactive
user experience [19].

1. Frontend: Developed wusing Nextjs and
TypeScript, offering a responsive interface for code
input and displaying review feedback [19].

2. Backend: Built with Node.js, handling user
requests, managing interactions with Al models,

orchestrating the analysis workflow, and interacting
with the database [19].

3. Al Integration: Leverages OpenAl's GPT API for
deep code analysis, interpretation, and suggestion
generation [12, 19]. Integration with models like
CodeBERT or CodeT5 [19] is also considered.

4. Static Analysis: Incorporates ESLint for initial
parsing, linting, and identification of stylistic or
basic syntactical issues in JavaScript code [19].
Similar tools like Pylint are used for Python.

The workflow involves the user submitting code via the
frontend. The backend receives the code, first applying
ESLint/Pylint for static checks [19]. Subsequently, the code,
along with context (like error messages or developer intent if
provided), is sent to the GPT API [12, 19]. The LLM
performs a deeper analysis, identifying potential bugs,
security vulnerabilities [10], and areas for optimization or
refactoring [16]. Regular expressions are also employed to
catch specific security patterns [19]. The combined results
from static analysis and the LLM are then formatted and
presented to the user via the frontend.
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3.2 Explainability

A cornerstone of this project's methodology is the integration
of Explainable Al (EAI) principles to address the inherent
challenge of Al systems often functioning as opaque "black
boxes". In the context of Al-assisted code review, EAl means
ensuring that the  suggestions, warnings, and
recommendations provided by the platform are not merely
presented but are accompanied by clear, understandable, and
justifiable rationales [19]. This transparency is paramount for
building developer trust and fostering adoption, as developers
must be able to comprehend and validate the Al's reasoning
before acting on its suggestions [1, 3, 6]. Without adequate
explanations, even accurate Al outputs may be ignored or
mistrusted, significantly limiting the tool's practical utility

[1].

While sophisticated EAI techniques exist, the primary
approach in this platform leverages the natural language
generation capabilities of the integrated LLMs (like GPT [12,
14]) to produce human-readable justifications for its findings.
The goal extends beyond simply identifying a potential issue
(the what) to explaining why it is considered an issue and
potentially how it could be addressed. For instance, instead
of merely flagging a line number, the system aims to provide
context such as: "This recursive function lacks a sufficient
base case under condition X, potentially leading to a stack
overflow error," or "This code pattern is flagged as a potential
security risk because it constructs a SQL query using
unsanitized user input, making it vulnerable to injection
attacks (CWE-89)."

This approach directly contrasts with many traditional fault
localization and static analysis tools, which often provide
minimal context beyond a location or a rule identifier, leaving
the developer to decipher the underlying problem [1]. Our
methodology is informed by research indicating that
developers strongly prefer explanations alongside automated
tool outputs [3, 11] and find concise, high-quality rationales
more valuable than numerous superficial ones [1]. Therefore,
the platform focuses on generating targeted explanations that
connect the detected issue to specific coding principles (e.g.,
SOLID, DRY), performance implications (e.g., algorithmic
complexity, memory leaks), or established security
vulnerabilities (e.g., OWASP Top 10).

However, generating consistently accurate, relevant, and
concise explanations remains a significant challenge, even
for advanced LLMs [11]. Explanations must be carefully
crafted to avoid ambiguity or misleading information.
Achieving truly effective EAIl is therefore an ongoing process
involving careful prompt engineering, potential fine-tuning
of the LLM, and iterative refinement based on user feedback.
Nonetheless, embedding EAI is considered a core
methodological requirement, crucial for transforming the Al
from a simple detector into a trusted collaborator in the code
review process [19].

3.3 Evaluation Metrics

To evaluate the platform's impact on developer productivity
and code quality, we compare its performance against
existing automated systems using the following metrics [16]:

1. Time Taken for Review: The average time
required by the system to analyze a given code
snippet and return feedback. This serves as a proxy
for developer productivity gain [16].

2. Accuracy of Fault Localization (acc@Kk):
Measures whether the true faulty location is present
within the top-k suggestions provided by the tool.
This reflects the tool's ability to pinpoint relevant
issues [1, 16]. This is a common metric in FL
research [1].

3. Precision@1 (P@1): The proportion of snippets
where the highest-ranked suggestion correctly
identifies a genuine issue or the primary fault
location [16]. This indicates the reliability of the
tool's top recommendation.

4. Average Precision (AvgP): Calculates the average
precision across the ranked list of suggestions,
providing a holistic view of the tool's overall
effectiveness in identifying relevant issues [16].
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4. Results

The performance of our Al-assisted platform was evaluated
against baseline "Existing Automated Systems" (representing
typical static analysis tools or simpler automated checkers)
on a benchmark set of code snippets containing known issues.
The results are summarized below [16].

Table 1: Performance Comparison

| Existin
. . QOur Al-Assisted 9
Evaluation Metric Automated
Platform
Systems

Time Taken for Review

) ) ~10 seconds ~15 seconds
(avg per snippet)
Accuracy of Fault
’ 86% 93%
Localization (acc@k)
Precision@1 (P@1) 95% 92%
Average Precision (AvgP) 93% 91%

The results indicate that our Al-assisted platform
significantly reduces the time required for code review
compared to the baseline systems, suggesting potential gains
in developer productivity [16]. Furthermore, the platform
demonstrates superior precision, with both Precision@1 and
Average Precision exceeding the baseline [16]. This implies
that the suggestions provided, particularly the top-ranked
ones, are highly relevant and likely to identify genuine issues
[16].

Interestingly, the Accuracy of Fault Localization (acc@k) for
our platform is slightly lower than the baseline [16]. This
might suggest that while the baseline systems (often simpler
rule-based checkers) are effective at flagging some correct
location within their top suggestions for common issues, our
Al platform, despite sometimes missing the exact location
within the top-k for certain bug types, provides more precise
and valuable feedback overall, as indicated by the higher
P@1 and AvgP scores [16]. This aligns conceptually with
findings from studies like AUTOFL, where LLM-based
approaches showed strong performance, particularly in top-1
accuracy (acc@1), indicating a capability to directly pinpoint
the correct location often [1].

5. Discussion

This project demonstrates the potential of integrating LLMs
with static analysis tools for enhancing code review processes
[19]. Our Al-assisted platform shows promising results,
offering faster review cycles and generating highly precise
feedback compared to baseline automated systems [16]. The
high Precision@1 (95%) suggests that developers can often
rely on the top suggestion provided by the tool, potentially
streamlining the debugging and code improvement workflow
[16]. The reduced review time (10s vs 15s) directly
contributes to increased developer productivity [16].

The slightly lower acc@k (86% vs 93%) warrants further
investigation [16]. It could stem from the complexity of
issues the LLM attempts to identify [10], the specific nature

of the benchmark dataset, or the inherent probabilistic nature
of LLMs [14]. Future work could focus on fine-tuning the
LLM [14] or incorporating more sophisticated prompting
techniques, perhaps inspired by function-calling methods like
AUTOFL's [1, 12], to improve localization accuracy for a
wider range of bugs [4].

A key aspect highlighted by related work and user feedback
is the need for explainability [1, 3, 19]. While our platform
aims to incorporate EAI principles [19], generating
consistently high-quality, concise, and accurate explanations
remains a challenge, as noted in studies evaluating LLM
explanations [11]. Developers prefer clear, structured
explanations outlining the issue, its context, and potential
fixes [3]. Ensuring the Al's suggestions are transparent and
trustworthy is crucial for adoption [19].

6. Conclusion

This project successfully demonstrates the significant
potential of integrating advanced Large Language Models
(LLMs) like GPT [12, 14] with established static analysis
tools such as ESLint [19] to enhance the software code
review process. Our Al-assisted platform [19], designed to
provide personalized and context-aware feedback, yields
promising results that suggest tangible improvements over
existing automated systems [17]. The findings indicate that
such a hybrid approach can positively impact both developer
productivity and final code quality.

6.1. Productivity and Precision Gains

A key finding is the substantial reduction in the average time
required for code review compared to baseline automated
systems (10s vs 15s) [16].. This acceleration directly
translates to potential productivity gains, allowing developers
to receive feedback faster and iterate more quickly, reducing
the bottleneck often associated with manual reviews.
Furthermore, the platform exhibited superior precision,
achieving a high Precision@1 (95%) and Average Precision
(93%) [16]. This high precision is particularly valuable; a
reliable top suggestion (high P@1) means developers can
spend less time sifting through potentially irrelevant flags and
can more confidently address the most critical issues
identified by the tool, thereby streamlining the debugging and
refinement workflow [1].

6.2. Accuracy for Localization

While precision was high, the Accuracy of Fault Localization
(acc@k) metric showed our platform performing slightly
below the baseline (86% vs 93%) [16]. This presents an
interesting trade-off: our system appears more discerning in
its top suggestions (higher precision) but may sometimes fail
to include the exact faulty location within its top-k ranked list
compared to simpler tools that might flag more locations,
including the correct one, albeit with less overall precision.
This warrants further investigation and could stem from
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several factors, including the inherent complexity of bugs
targeted by the LLM [10], specific characteristics of the
evaluation dataset, or the probabilistic nature and potential
limitations of current LLM reasoning capabilities [14].
Future work should focus explicitly on enhancing fault
localization accuracy. This could involve fine-tuning the
LLM on domain-specific codebases [14], developing more
sophisticated prompting strategies, or exploring dynamic
context-gathering techniques. For instance, adopting
methods similar to AUTOFL's use of LLM function calls [1,
12] to navigate the repository and gather relevant context
beyond static analysis could significantly improve
localization performance, especially in larger or more
complex projects. Investigating different LLM architectures
[14] or ensemble methods could also yield improvements
[17].

6.3. The Crucial Role of Explainability (EAI)

Beyond performance metrics, the practical adoption of Al
code review tools hinges critically on developer trust, which
is intrinsically linked to explainability [1, 3, 19]. Our project
acknowledges the importance of Explainable Al (EAI) [19],
aiming to move beyond the 'black box' nature that plagues
many Al systems [PPT snippet]. While providing
justifications for suggestions is a goal, generating
consistently high-quality, concise, and genuinely useful
explanations remains a significant challenge, as echoed in
developer feedback studies [1, 11]. Developers value
understanding the why behind a suggestion, not just the what
[3]. Furthermore, research suggests developers prefer a few
high-quality explanations over numerous generic ones [1].
Future iterations must prioritize enhancing the EAI
component, perhaps by leveraging the LLM's reasoning
capabilities [8] to generate structured explanations that detail
the issue, its context, potential impacts, and actionable fixes,
tailored to the specific code and developer query.

6.4. Limitations and Broader Impact

We acknowledge several limitations. The evaluation was
conducted on a specific benchmark dataset [16], and
performance may vary across different programming
languages, project sizes, and bug types. LLMs themselves
have inherent limitations, such as potential factual
inaccuracies (‘hallucinations’), susceptibility to prompt
variations, and knowledge cutoffs [1]. Integrating such Al
tools smoothly into diverse existing development workflows
and environments also presents practical challenges [20].
Despite these limitations, the demonstrated advantages in
speed and precision suggest that Al-assisted tools like the one
developed here represent a valuable step forward. They have
the potential to augment human reviewers, handle repetitive
checks efficiently, and identify subtle issues that might be
missed, ultimately contributing to more robust and
maintainable software.

6.5. Concluding Remarks

In conclusion, our Al-assisted code review platform
effectively combines the strengths of static analysis and
Large Language Models to offer a faster and more precise
alternative to traditional automated review methods [16, 19].
It holds significant promise for enhancing developer
productivity by accelerating feedback loops and improving
code quality through highly relevant, context-aware
suggestions. While challenges remain, particularly in refining
fault localization accuracy [5, 16] and delivering truly
insightful, trustworthy explanations [1, 3, 11, 19], the results
strongly advocate for the continued development and
integration of intelligent, explainable Al within the software
development lifecycle. Future work will focus on addressing
these limitations, striving to create a tool that is not only
powerful but also transparent and readily adoptable by
developers seeking to build better software more efficiently.
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