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Abstract - This paper introduces an Al-Driven Code
Review System that automates the evaluation and
enhancement of code quality through the use of Artificial
Intelligence (Al) and Machine Learning (ML). The system
utilizes the MERN stack (MongoDB, Express.js, React.js,
Node.js) to create a web-based platform that assists
developers in efficiently identifying syntax errors,
performance issues, and security vulnerabilities. By
incorporating Al models such as GPT-based APIs
alongside static analysis tools (ESLint, JSHint,
SonarQube), the system delivers immediate feedback,
optimization recommendations, and coding best practices.
This platform boosts developer productivity, encourages
standardized coding practices, minimizes manual review
time, and supports ongoing improvements in software
quality across both academic and industrial settings.
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I. INTRODUCTION

In the era of rapid software development, ensuring code
quality, maintainability, and security has become more critical
than ever. Traditional code reviews are time-consuming,
require expertise, and are often subjective based on the
reviewer’s experience. The Al- Powered Code Reviewer aims
to overcome these challenges by automating the review
process using Al models capable of understanding both syntax
and semantics of programming languages.

Beyond simply detecting syntactic anomalies, modern
code review demands semantic awareness — the ability to
reason about intent, detect logic flaws, and recommend design
improvements. The proposed system combines classical static
analysis with modern large language models (LLMs) to
provide recommendations that are both precise and
contextually relevant. This hybrid approach provides the
advantages of deterministic rule- based checks (e.g., linting)
while leveraging Al to propose refactoring, explain issues in
natural language, and offer multiple solution paths.Real-world
adoption requires more than accurate detection: it requires
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integration with developer workflows (version control
systems, CI pipelines), scalability to handle bulk analysis, and
careful attention to privacy and security when analyzing
proprietary code. This work addresses these concerns by
proposing secure and an architecture designed for incremental
deployment in enterprise environments.

Advantages of Ai

Workflow Automation
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Software quality assurance plays a critical role in the
development lifecycle, where code review is a primary
technique  for identifying defects and improving
maintainability.  Traditional review methods require
experienced developers and often introduce delays in project
timelines. With the rapid growth of software complexity, there
is a need for intelligent automated tools that can assist
developers by providing real-time insights into their code.

Artificial Intelligence (Al) and Machine Learning (ML)

have shown significant potential in  understanding
programming  patterns,  detecting  anomalies,  and
recommending optimized solutions. Integrating these

technologies with modern web frameworks can create
powerful developer assistance platforms.

This research proposes an Al-Driven Code Review
System implemented using the MERN stack. The system aims
to automate code analysis, provide intelligent suggestions, and
reduce manual effort, thereby improving productivity and
enforcing standardized coding practices.

Il. LITERATURE REVIEW

Automated code analysis has matured with tools such as
SonarQube, Codacy, and CodeClimate which perform static
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checks, code smell detection, and metric- based evaluations.
These tools are effective at enforcing coding standards and
identifying many classes of defects, but they typically rely on
handcrafted rules and heuristics which can  miss
contextspecific logic errors.

Recent advances in NLP for code — notably OpenAl
Codex, GPT-4, and models provided through Hugging Face
— have shown considerable ability to interpret, generate, and
explain code. Research articles and practical experiments
demonstrate that LLMs can assist in bug localization, generate
unit tests, and provide human-understandable rationales for
suggested fixes. Several hybrid systems have combined static
analyzers with ML models to reduce false positives and
provide richer explanations.

Software Artificial
Engineering Intelligence
e Adaptive User
e = interfaces
Human-Computer Other
Interaction disciplines
(psychology,

sociology, ...)

Comparative analyses indicate that Al-driven reviewers
excel at semantic and linguistic aspects (variable naming,
function intent, high-level refactors), whereas rule-based tools
remain superior for guaranteed static checks (type errors,
unreachable code). This suggests a complementary design:
employ linting and static analyzers for deterministic checks,
and Al models to handle ambiguous, higher-level
recommendations.

Recent research has explored automated code review
using static analysis and Al-based tools. Traditional tools such
as ESLint and JSHint focus primarily on syntax and style
issues, while platforms like SonarQube extend analysis to
security and maintainability.

Recent advancements in transformer-based Al models
have enabled contextual understanding of programming
languages, allowing systems to generate meaningful
suggestions and detect logical flaws. However, many existing
solutions operate independently and lack integration into a
unified developer-friendly interface.

This work combines Al-driven natural language and code
understanding with established static analysis tools to provide
a comprehensive and accessible review platform.
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I11. METHODOLOGY

The system architecture is modular, consisting of
multiple layers and modules that communicate via secure
RESTful APIs. The design allows independent scaling of the
frontend, backend, and Al-processing units. Privacy- sensitive
analysis (for proprietary code) can be configured to run on-
premises or within a private cloud.

The proposed system follows a hybrid approach
combining rule-based static analysis with Al-based intelligent
evaluation. Developers upload or paste source code into the
web interface. The backend processes the code using static
analyzers to detect syntax errors, code smells, and security
issues.

Simultaneously, the Al module analyzes the code
context, identifies inefficient logic, and recommends
improvements. The results are aggregated and presented to the
user as categorized feedback including errors, warnings,
performance suggestions, and best practices.

Machine learning techniques are used to continuously
improve recommendation accuracy based on user feedback
and historical code datasets.

IV. SYSTEM ARCHITECTURE
4.1 Front-End Layer

The user interface is developed using React.js, enabling
developers to submit code, view highlighted issues, and
receive suggestions in real time.

4.2 Application Layer

Node.js with Express.js handles APl requests,
authentication, and communication between analysis modules.

4.3 Al Analysis Layer

GPT-based APIs and trained ML models evaluate logical
structure, optimization opportunities, and documentation
quality.

4.4 Static Analysis Layer

Tools such as ESLint, JSHint, and SonarQube perform
rule-based inspection for syntax, security, and maintainability.

4.5 Database Layer

MongoDB stores user data, code history, review results,
and analytics for performance tracking.
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V. HARDWARE DESCRIPTION

Since the proposed system is primarily software-oriented,
minimal hardware requirements are needed. The platform runs
on standard computing infrastructure such as a personal
computer or cloud server.

The development environment includes systems with at
least 8 GB RAM, multi-core processors, and stable internet
connectivity to support Al APl communication and real-time
analysis. For scalable deployment, cloud services such as
AWS, Azure, or Google Cloud can host backend services,
databases, and Al integration modules.

VI. IMPLEMENTATION
6.1 Development Tools

The system is implemented using the MERN stack.
Visual Studio Code is used as the primary development
environment. Git is used for version control.

6.2 Al Integration

GPT-based APIs are integrated through secure REST
endpoints. The Al module analyzes code semantics, suggests
optimizations, and generates documentation hints.

6.3 Static Code Analysis Integration

ESLint and JSHint are configured with standardized rule
sets. SonarQube is integrated for advanced vulnerability
detection and maintainability scoring.

6.4 Workflow

= User submits source code through the web interface.
= Backend processes code through static analyzers.

= Al engine evaluates logic and structure.

= Combined results are stored in MongoDB.

= Feedback is displayed with categorized suggestions.

Dataset and Evaluation Metrics

The system is tested using open-source repositories and
student project codes written in JavaScript. Evaluation metrics
include defect detection rate, false positive rate, response time,
and user productivity improvement.

Performance is also assessed through maintainability
index, code complexity reduction, and security vulnerability
detection accuracy.
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VII. RESULTS AND DISCUSSION

Experimental results indicate that the Al-Driven Code
Review System successfully identifies syntax errors,
inefficient loops, redundant code, and potential security flaws.
The combination of static analysis and Al suggestions
improved defect detection compared to standalone tools.

Developers reported reduced manual review time and
improved adherence to coding standards. The platform
provided actionable recommendations such as optimized
algorithms, improved variable naming, and documentation
suggestions.

Latency remained within acceptable limits for real-time
feedback, demonstrating feasibility for integration into
continuous integration/continuous  deployment (CI/CD)
pipelines.

Advantages of the Proposed System

=  Automated and intelligent code quality assessment
=  Reduced dependency on manual code review

= Improved developer productivity

=  Real-time feedback and suggestions

= Integration with modern development workflows

= Scalable cloud-based architecture

Limitations and Future Scope

= The system currently focuses primarily on JavaScript-
based environments. Future work may include support
for multiple programming languages such as Python,
Java, and C++.

= Further improvements can involve training custom ML
models using large code repositories, integrating CI/CD
tools (GitHub Actions, Jenkins), and implementing
predictive defect analysis.

VIII. CONCLUSION

This paper presented an Al-Driven Code Review System
developed using the MERN stack and machine learning
techniques. By integrating GPT-based Al analysis with
established static code analysis tools, the system provides
comprehensive evaluation of code quality, performance, and
security. The platform reduces manual effort, enhances
productivity, and promotes standardized development
practices. The proposed system demonstrates strong potential
for adoption in academic projects, software industries, and
collaborative development environments.
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The Al-Powered Code Reviewer effectively bridges
traditional static analysis and modern Al capabilities to help
developers maintain and improve code quality. The hybrid
architecture balances deterministic rule-based checks with
Aldriven insights, producing reviews that are both reliable and
contextually informative. In academic settings, the system
helps students learn from explanations while in industrial
settings it can help teams scale code quality assurance. By
focusing on privacy, integration, and cost-control strategies,
the system is practical for staged deployment across diverse
organizations. Future work will explore deeper multi-file
analysis, stronger CI/CD integration, and training of
domainspecific models to further improve accuracy and
reduce reliance on external services.

1. The proposed system, Al-Powered Code Reviewer,
successfully demonstrates how Artificial Intelligence can
automate and improve the traditional code review process. By
integrating AI/ML models with the MERN stack, the platform
provides real-time feedback, detects Syntax and logic errors,
and ensures coding standard compliance.

3. The system helps developers, students, and organizations
maintain high-quality, optimized, and secure code with
minimal manual intervention.

4. Compared to traditional review methods, the Al- powered
system significantly reduces review time and increases
consistency and  accuracy. The web-based architecture
makes the tool accessible anytime, anywhere, and easy to
integrate with existing developer workflows.

6. The results show that automated reviews can improve
software maintainability, readability, and overall efficiency in
the development process.

7. In the future, the system can be enhanced by adding support
for more programming languages, plagiarism detection, and
custom-trained ML models for deeper analysis.

This project contributes to the growing field of Al-driven
software engineering, paving the way for smarter and more
reliable development tools.
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