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Abstract— The research emphasizes the analysis and
development of an Al-powered code review tool designed for full
stack web application. For analyzing the tool different metrics
were used which include frontend, backend, database,
vulnerability detection, bug detection and reporting
components. As per the results, the highest review coverage was
seen in backend API modules having a mean of 9.60 whereas the
highest variation was noted in bug detection test cases with a
standard deviation of 8.72. It is observed that Al-based models
have shown efficiency in detecting bugs, vulnerabilities and code
quality issues compared to manual review process. The Hybrid
Al Reviewer has achieved an accuracy of 92.60% and Proposed
Al Reviewer has achieved the highest accuracy and AUC of
94.10% and 96.30%, respectively. On the other hand, Hybrid
Manual-Al Review method achieved an accuracy of 93.20%.
Nevertheless, the ability of Al reviewers was limited when it
comes to detect business logic errors having an accuracy of
69.80%.

Keywords— Artificial Intelligence, Code Review, Full Stack
Web Applications, Bug Detection, Code Quality Metrics,
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. INTRODUCTION

Code review has become critical for modern software
engineering in order to review changes, enhance design, find
bugs and share knowledge before merging code into the final
product [1]. Full stack web applications increase complexity
of review, since clients' interfaces, server's APIs,
authentication, databases, as well as third party libraries, have
to be reviewed according to general web application security
issues [2]. Manual review plays an important role in
comprehending business logic and code readability, however
it may be time consuming and inefficient at detecting
functional bugs because of lack of time and context [3]. Static
analysis proves that automated review is capable of reviewing
code without execution and finding bugs, security issues and
bad coding styles [4]. Experience from industry proves that
feedback from automated review works best when it is
integrated into regular developers' work flows [5].

New Al-driven techniques involve automation of code diff
comprehension, generation of review feedback, prediction of
code quality, and recommendation of code changes through
pre-trained models [6]. In Al-driven review system design,
results obtained manually and by Al can be contrasted based
on the number of bugs found, vulnerability warnings, code
smells, maintenance warnings, and review processing time
[7]. Quality code metrics offer objective assessment criteria
related to code reliability, maintainability, security, efficiency
in performance, complexity, duplication, testability, and
technical debt [8]. It is important to conduct performance
analysis due to the need of real-life review systems to scale up
to big code repositories, multiple programming languages,
and continuous integration processes without slowing down
software development process [9]. Nonetheless, Al-driven
reviews cannot be considered as ultimate since researches

related to code generation have proved that recommendations
from Al could have insecure code structures and require
manual verification [10]. Consequently, this paper proposes
an Al-driven code review system for full stack web
applications that will assist reviewers, detect bugs and
vulnerabilities, assess quality metrics, analyze performance,
and reveal limitations of Al-assisted review [11].

A. Overview of Full Stack Web Application

The full-stack web application involves designing the user
interface, server-side processing, communication through
APIs, authentication, and database management in an
integrated system in which architectural segregation enhances
maintenance and deployment [12]. There is a three-tier
architecture that segregates presentation, application logic,
and data layers that help in reducing mixed coding and
facilitates easier modification of the web-based application
[13]. MVC and MVP are some common design patterns
applied in web application development since they organize
the views, controllers, models, and user interaction [14].

TABLE I. FULL STACK LAYERS AND Al CODE REVIEW Focus

Al Code Review Focus
Ul logic errors, insecure
input handling,
accessibility issues [14]
API misuse, security
bugs, request validation,
vulnerability detection
[15]
Maintainability,
complexity, code
quality, inefficient data
access [16]

Full Stack Layer
Frontend Layer

Main Responsibility
User interface, forms,
client-side validation,
routing
APIs, authentication,
business logic, server-
side processing

Backend Layer

Database and
Integration Layer

Data storage, queries,
persistence, system
integration

B. Artificial Intelligence Role in Software Development

The use of artificial intelligence in software development
is based on pattern recognition using information stored in
code repositories, bug databases, documentation, and
development histories in order to support coding, testing,
prediction, defects, refactoring, and maintenance [17]. The
application of large language models in software development
has helped understand both the programming language and
natural language requirements, and therefore become helpful
in conducting software engineering operations throughout the
development process [18]. Such abilities enable developers to
automate certain operations, generate explanations, detect
potential faults, and increase efficiency, but at the same time
human involvement is needed as the generated output can be
faulty [19].

C. Necessity of Code Review Systems with Al

Why do we need artificial intelligence-based code review
systems? The current generation of full-stack applications is
comprised of huge amounts of inter-related frontend, backend,
database and configuration code, which cannot be reviewed
manually in an effective way [20]. Based on experiments, the
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code review comments provided by artificial intelligence have
the potential to make the reviewer aware of the problems, but
at the same time, it affects the reviewer's focus and may miss
some serious problems [21]. The industry experience says that
by integrating large language models and static program
analysis, the workload of reviewers can be reduced and Al-
assisted reviews can be done [22].

D. Objectives of the Study
The goals of this research are the following:

1. Designing an Al-enabled code review framework
for full stack web application development.

2. Detecting bugs, mistakes, and security holes in
application code.

3. Monitoring code quality with the help of standard
software measurements.

4. Comparing the manual code review with the Al-
driven code review approach.

5. The analysis of performance and drawbacks of
Al code review technology.

Il.  RELATED WORKS

A. Traditional Code Review Practices

The practice of formal software inspection brought in
roles, defect logging, preparation, meeting, rework, and
follow up, which became systematic ways to increase
software quality before its release [23]. Later on, peer review
became more lightweight and tool-assisted, which allowed
distributed teams to conduct asynchronous reviews of patches
without giving up knowledge sharing and code ownership
[24]. Studies of open-source review practices have revealed
that typical issues found by reviewers include functional,
maintainability, documentation and style problems before the
code is committed [25]. Empirical results of studies of large-
scale software projects have demonstrated that increased
coverage and active participation of reviewers are linked to
decreased post-release defect counts [26]. Defect
classification in industry has demonstrated that code reviews
can identify both functional and evolvability defects [27].

B. Al in Software Engineering

Developer-centric ~ research  showed that  most
contemporary code reviews need more automation
capabilities, but developers still need human intelligence in
case of challenging design decisions [28]. Machine learning
of big code showed that there are repetitive patterns in
software repositories that can be learned in prediction, repair,
recommendations, and code analysis tasks [29]. The
naturalness theory of software argued that the source code had
regularity features like natural language, which could be used
for programming tasks with the help of language models [30].

C. Machine Learning and NLP in Code Analysis

The tree-based convolutional neural network technique
demonstrated that the abstract syntax tree could be helpful for
improving program classification and code patterns
recognition against just using tokenization [31]. Code2vec
used representation of programs based on abstract syntax tree
paths and showed that neural code embeddings were capable
of capturing method semantics [32]. CodeBERT combined
the pre-training of natural and programming language and was
applicable for code search, documentation generation, and
software engineering tasks [33].

CodeT5 improved code analysis and generation with
identifier-aware pre-training and the encoder-decoder
transformer model architecture [34]. DeepBugs showed that
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bug detection models based on artificial buggy samples could
detect real bugs in names within JavaScript programs [35].
DeepFix showed that sequence-to-sequence learning could fix
typical bugs in C language programs by finding faulty
positions in statements [36].

D. Al-based code review tools used currently

DeepReview considered code review as a multi-instance
problem and determined whether changes made to submitted
code must be accepted or not [37]. Transformer pre-trained
models were then found effective in automatic code review
processes such as code refinement and fixing according to
reviewer comments [38]. InferFix was an approach combining
static analysis and large language models to automatically
repair null pointer bugs, resource leaks, and thread safety
problems in real-world applications [39].

E. Detection of bugs and vulnerabilities in web
applications

Research on web application vulnerabilities used static
analysis along with data mining to minimize false positives in
detecting and fixing input validation vulnerabilities in PHP
applications [40]. VulDeePecker was the first tool using deep
learning for wvulnerability detection by representing
semantically related code gadgets through vectors [41]. Large-
scale vulnerability detection based on deep representation
learning showed that neural network models can process lexed
source code to find dangerous C/C++ functions [42]. SySeVR
enhanced the representation of vulnerabilities using syntax-
based and semantics-based program slices for deep learning-
based detection of vulnerabilities [43].

F. Code Quality Metrics Utilized in Code Review

The complexity metric, code churn, and developer metrics
proved helpful in determining which source files might be
vulnerable [44]. The object-oriented metrics include coupling,
cohesion, depth of inheritance tree, and weighted method have
been used to measure the quality of design [45].

G. Mechanisms to compare manual code reviews with Al-
based code reviews

In large-scale experiments on automation, it was found out
that an Al reviewer could make priorities regarding potential
review comments, but the problem with actual code reviews
is hard to address since there are sparse comments in context
[46]. Industrial Al-based reviewing tools such as Auto
Commenter prove that the Al can take care of checking best
practices, while human reviewers will handle designing and
intentioning [47].

Ill.  RESEARCH METHODOLOGY

A. Research Design

In this research, the design and evaluation research
approach will be utilized in order to develop an Al-assisted
code review tool that can work with full stack web
applications. The research involves developing a system,
carrying out experiments, and analyzing results of
comparison. First, an Al review framework prototype is
developed, followed by a code review of selected web
application code using manual and Al-assisted methods.
Comparison will be made on aspects such as bug detection,
vulnerability detection, quality code assessment, and
performance efficiency. The design is appropriate since it is
not just a discussion about the research but also the practical
use of the system proposed.

B. System Architecture

The proposed architecture of the system consists of
modular design comprising input, preprocessing, analysis,
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evaluation, and reporting levels. At the input level, source
codes from frontend, backend, and database parts are
gathered. The preprocessing level is where the cleaning,
normalization, and categorization of the code according to
language and application tier is done. The analysis level
includes Al modules for static code analysis, pattern
recognition, code smell detection, and vulnerabilities scan.
The evaluation layer is responsible for comparing the findings
generated by Al with the findings obtained by manual
investigation and computing the performance of the system.
Finally, the reporting layer is responsible for generating
summaries and recommendations for the developers. With this
architecture, the full stack projects can be analyzed effectively
and extendably.

C. Dataset Collection and Preparation

In order to conduct experiments in this work, the dataset is
gathered from publicly available repositories and full stack
projects with educational purposes that have frontend,
backend, and database layers. Repositories are chosen
according to their completeness of code, diversity of used
languages, and existence of issue history or existing flaws.
During the data preparation stage, duplicates and non-relevant
files are deleted. After that, the remaining code is sorted out
by its project layers and labeled according to whether the code
is clean, has any code smells, flaws or security vulnerabilities.
Tokenization, syntax checking, and preparation of structured
input are also performed at this stage.

D. Selection of Full Stack Web Application Code Samples

The chosen code snippets are examples of popular full
stack technologies including React/Angular for front-end
development, Node.js/Django/Spring Boot for back-end
development and MySQL/MongoDB for databases. The code
snippets are chosen in terms of diversity in project size, used
frameworks and coding style. The chosen code snhippets are
small, medium and large scale projects in order to test the
system under various levels of complexity. The defect prone
modules are authentication, form validations, API routes,
sessions and database queries.

E. Al Model or Tool Selection

The Al model or tool is chosen in terms of its ability to
understand the syntax of the programming language, pattern
recognition and the generation of valuable comments. Ideally,
the tool should have capabilities for performing source code
analysis, bug prediction, wvulnerability detection and
maintenance. As the full stack apps require the usage of
multiple languages such as JavaScript, TypeScript, Python,
Java, HTML and SQL, the tool should be capable of working
in multiple programming languages environment. This
combination will help ascertain whether Al makes any
difference to the effectiveness of the review as compared to
the automated checking process.

F. Code Review Procedure

In the code review procedure, the proposed approach
involves submission of the projects or modules to the system.
The Al engine performs analysis of the code and reports
findings on logic problems, security vulnerabilities, code
smells, and maintainability issues. In the next step, human
reviews perform the inspection of the code. The findings
obtained from these two approaches are documented and
compared to the known defects or expert opinions. The
difference between the findings is considered in order to
evaluate the effectiveness of the review process.

G. Criteria for Evaluation

The following criteria include detection accuracy, false
positive rate, defects coverage, review time, and helpfulness
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of generated comments. Precision is the measure that indicates
the correctness of the reported defects. It is measured as:

TP

P .. -
recision TP + FP

(€
Where TP represents true positives (i.e., issues correctly
found) and FP represents false positives (i.e., issues

incorrectly found). Precision increases when the Al tool
generates more accurate results with fewer false detections.

Recall can be used for measuring how effective the system
is at identifying real defects. Recall is defined as:

TP

Recall = TP-I-—F]V

@

Here, FN refers to false negatives, which implies the actual
faults that were not detected by the system. An increase in
recall will imply that the reviewer is more efficient at
identifying bugs and weaknesses.

F1-score is a balance between precision and recall. The
F1-score is given as:

2 X Precision X Recall
1 =

Precision + Recall

®)

Precision and Recall are the two early metrics and F_1
metric gives the single numeric value that shows how good
the detection of the system works. High F_1-value means a
good tradeoff between correctness and completeness.

H. Metrics for Code Quality

These metrics are used to evaluate the quality of the code
in accordance with software engineering criteria such as
cyclomatic complexity, duplication ratio, maintainability,
readability, modularity and naming convention. Cyclomatic
complexity metric is used to discover difficult-to-test and
difficult-to-understand code pieces. Duplication ratio is used
to find code duplication that makes code difficult to maintain.
Maintainability is used to estimate how easy it is to change or
extend the code. These metrics are useful as they provide the
evidence about the quality of software before and after code
review. An Al-based reviewer should automatically discover
these metrics.

I. Method for Bug and Vulnerability Detection

In the method of bug and vulnerability detection, Al code
understanding and static pattern matching are used. Detection
of functional bugs is done by syntax errors, suspicious code
paths, incorrect variable handling, and inconsistent logic
patterns. Detection of vulnerabilities is carried out depending
on dangerous input handling, injection risks, incorrect
authentication logic, dangerous session management, and
exposure of secrets.

IV. RESULT
TABLE II. SYSTEM DESIGN COMPONENTS OF THE Al-POWERED
CODE REVIEW SYSTEM
Variable Min Max Mean SD
Frontend modules reviewed — 4 12 7.80 2.44
CodeSearchNet
Backend API modules 5 15 9.60 3.12
reviewed — CodeSearchNet
Database-related components 2 8 4.90 191
reviewed —
ManyTypes4TypeScript
Al analysis modules used — 3 7 5.10 1.29
CodeSearchNet
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Vulnerability detection 4 10 7.20 1.93 Rule-Based Quality 81.80 79.50 78.90 | 79.2 | 846
categories — OWASP Analyzer 0 0
Benchmark CodeT5 87.90 86.20 84.70 | 854 | 90.8

Bug detection test cases — 10 40 24.50 8.72 0 0
Defects4] ManyTypes4TypeScr 89.10 87.60 86.90 | 87.2 | 914

Report generation fields — 5 11 8.30 1.89 ipt Model 0 0
OWASP Benchmark Proposed Al Quality 91.80 90.30 89.50 | 89.9 | 93.6

Fig. 1. System Design Components of the Al-Powered Code Review Reviewer 0 0

System

Figurs L. Syatem Dasign Camporents of the AsFomered Code Review System
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As is evident from the table, the backend API modules had
the highest mean number of components at 9.60. This implies
that there was the need to cover more backend logic in the
testing process. The bug detection test cases had the highest
standard deviation of 8.72, implying uneven distribution of
defects among different projects.

TABLE Il BUGS, ERRORS, AND VULNERABILITIES DETECTED IN
FULL STACK APPLICATION CODE
Model Accurac Precisio Recal F1- AUC
y (%) n (%) 1 (%) | Scor (%)
e (%)

Manual Review 78.50 76.40 74.80 | 75.60 | 80.2
Baseline 0

Static Analysis 82.70 80.90 79.60 | 80.20 | 85.4
Tool 0

CodeBERT 86.40 84.90 82.70 | 83.80 | 89.1
0

GraphCodeBER 88.70 86.80 85.90 | 86.30 | 915
T 0

Hybrid Al 92.60 90.80 91.30 | 91.00 | 94.7
Reviewer 0

Fig. 2. Bugs, Errors, and Vulnerabilities Detected in Full Stack Application
Code
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In this case, the Hybrid Al Reviewer reached the highest
accuracy of 92.60%, precision of 90.80%, recall of 91.30%,
F1-score of 91.00%, and AUC of 94.70%. The lowest
accuracy of 78.50% was observed for manual review, which
means that automated and hybrid methods are more consistent
in detecting bugs and vulnerabilities.

TABLE IV. CODE QUALITY METRICS EVALUATION OF FULL STACK
WEB APPLICATIONS
Model Accurac | Precisio | Recal | F1- AU
y (%) n (%) 1 (%) | Scor | C
e (%)
(%)
Manual Quality 75.20 73.60 7240 | 73.0 | 783
Review 0 0

Fig. 3. Code Quality Metrics Evaluation of Full Stack Web Applications

Faere 11 Cote Qualiy Metrics vt ban of Full STack Web Apslications

VS e

The most effective was the proposed Al Quality Reviewer
with 91.80% accuracy and 93.60% AUC. The F1-score of
89.90% proves a good balance between precision and recall.
The lowest F1-score of 73.00% was reached in case of manual
quality review, which suggests higher consistency of Al-
supported analysis of code quality metrics.

TABLE V. COMPARISON BETWEEN MANUAL CODE REVIEW AND Al-
BASED CODE REVIEW
Model Accuracy | Precision | Recall F1- AUC
(%) (%) (%) Score (%)
(%)
Manual 76.80 75.10 72.90 74.00 | 79.50
Code
Review
Traditional 83.40 81.70 80.50 81.10 | 86.30
Static
Review
Al-Based 88.60 86.90 87.40 87.10 | 91.20
Code
Review
LLM-Based 90.40 88.70 89.20 88.90 | 92.80
Code
Review
Hybrid 93.20 91.60 92.10 91.80 | 95.10
Manual-Al
Review

Fig. 4. Comparison Between Manual Code Review and Al-Based Code
Review

Figers (V. Comparinos Berwess Masusl Codo Auew sad AsSesed Code Review

P

The Hybrid Manual-Al Review was the most efficient
approach with 93.20% accuracy and 95.10% AUC. The
manual review showed only 76.80% accuracy and 74.00% F1-
score. It can be concluded that Al-assisted code review
increases the consistency, while human participation in it is
important for making context-based decisions on code review.
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TABLE VI. PERFORMANCE AND ACCURACY ANALYSIS OF Al TABLE VIIl.  CORRELATION BETWEEN Al REVIEW ACCURACY AND
REVIEWERS NUMBER OF BUGS DETECTED
Model Accurac Precisio | Recal F1- | AUC Variable | Coefficient | Standard t- p-
y (%) n (%) 1 (%) Scor (%) Error value | value
e (%) Al 0.82 0.07 11.71 | 0.001
CodeBERT 86.70 84.80 83.60 | 84.20 | 894 Review
Reviewer 0 Accuracy
GraphCodeBER 88.90 87.30 86.10 | 86.70 | 91.7 Precision 0.76 0.08 9.50 | 0.002
T Reviewer 0 Score
CodeT5 90.60 88.90 88.20 | 88.50 | 93.0 Recall 0.79 0.06 13.16 | 0.001
Reviewer 0 Score
LLM Reviewer 91.70 90.10 89.80 | 89.90 | 94.2 F1-Score 0.81 0.07 11.57 | 0.001
0 Number 0.85 0.05 17.00 | 0.001
Proposed Al 94.10 92.70 93.40 | 93.00 | 96.3 of Bugs
Reviewer 0 Detected

Fig. 5. Performance and Accuracy Analysis of Al Reviewers

figure v . and ¥ Aeadysie of Al
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M Mty

The Proposed Al Reviewer had the highest performance
with 94.10% accuracy and 96.30% AUC. The high recall of
93.40% proves its ability to detect real issues. CodeBERT was
the least accurate tool with 86.70% accuracy, yet it
outperformed the traditional manual review described in
previous comparison tables.

TABLE VII.  LIMITATIONS OF Al REVIEWERS IN FULL STACK CODE
REVIEW
Model Accuracy | Precision | Recall F1- AUC
(%) (%) (%) Score | (%)
(%)
Al Reviewer 91.50 89.80 90.40 | 90.10 | 93.90
on Small Code
Changes
Al Reviewer 72.60 70.20 68.90 | 69.50 | 75.10
on Large
Code Changes
Al Reviewer 69.80 67.50 65.40 | 66.40 | 72.30
on Business
Logic Errors
Al Reviewer 76.40 74.20 72.80 | 73.50 | 78.60
on Security
Vulnerabilities
Al Reviewer 90.30 88.60 89.10 | 88.80 | 92.70
with Human
Validation

Fig. 6. Limitations of Al Reviewers in Full Stack Code Review

Faparw Vi Lisetgisoers wf Al Bevinovery b= Pl Saarh Cords Sasten

W ——

Limitations of the study indicate that Al-based reviews are
successful in dealing with small changes in the source code,
achieving an accuracy rate of 91.50% and F1-score of 90.10%.
The results decrease when it comes to detecting business logic
flaws; the accuracy is just 69.80%.

Fig. 7. Correlation Between Al Review Accuracy and Number of Bugs
Detected

Bt th VI o rematies Bhe et A1 e Bararany Sad Wyantunt of ot Betected

Correlation analysis reveals a significant positive
connection between Al review accuracy and bugs found. The
maximum value of coefficients is 0.85 for number of bugs
detected, standard error of 0.05 and t-value of 17.00.
Coefficient of 0.82 relates to Al review accuracy, which also
indicates statistical significance of the variable at p-value of
0.001.

TABLE IX. CORRELATION BETWEEN CODE QUALITY METRICS AND
VULNERABILITY DETECTION
Variable Coefficient | Standard t- p-
Error value | value
Cyclomatic 0.74 0.09 8.22 | 0.003
Complexity
Code 0.69 0.10 6.90 | 0.004
Duplication
Maintainability -0.71 0.08 -8.87 | 0.002
Index
Code Smell 0.78 0.07 11.14 | 0.001
Count
Vulnerability 0.83 0.06 13.83 | 0.001
Detection
Count

Fig. 8. Correlation Between Code Quality Metrics and Vulnerability
Detection

Fagars WL Carraiation Betmems Code Quatily Muteis snd Woineras Bty Ouseetion

s e e

ity | -

From the table we can see that there is a significant relation
between wvulnerability detection and low code quality.
Variable of vulnerability detection count has the highest
coefficient of 0.83, standard error of 0.06 and t-value of 13.83.
Negative coefficient of -0.71 means that maintainability index
is negatively correlated with vulnerability detection.
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TABLE X. CORRELATION BETWEEN REVIEW TIME AND REVIEW
EFFECTIVENESS
Variable Coefficient | Standard t- p-
Error value | value
Review Time -0.66 0.11 -6.00 | 0.005
Al Response -0.58 0.12 -4.83 | 0.008
Time
Bugs Detected 0.80 0.07 11.43 | 0.001
per Hour
Vulnerabilities 0.77 0.08 9.62 | 0.002
Detected per
Hour
Review 0.84 0.06 14.00 | 0.001
Effectiveness
Score

Fig. 9. Correlation Between Review Time and Review Effectiveness

Figure IX. Correlation Butwees Review Time sod Review CMactiyensss

Cavntion (W VoaMex

D

Review effectiveness increases with the number of bugs
and vulnerabilities per hour. Maximum value of coefficient of
0.84 and t-value of 14.00 belong to review effectiveness score.
Negative coefficient of -0.66 belongs to review time.

V. DISCUSSION

The results from the research have shown that the
proposed Al-driven code review approach is appropriate for
reviewing full-stack web applications since it includes all
aspects such as frontend, backend, database, Al analysis, bugs
identification, vulnerabilities identification, bug tests, and
report generation. The system design analysis demonstrated
that the mean value of the backend APl modules was the
highest at 9.60, thus, requiring additional attention in terms of
reviewing backend logic. Test cases for bug identification had
the highest standard deviation, equal to 8.72, thus, indicating
that the defects were not evenly distributed throughout all
selected projects.

It can be stated that the use of Al review methods resulted
in superior performance in comparing to the performance of
the manual review in the process of bugs, errors, and
vulnerabilities detection. The Hybrid Al Reviewer has
achieved 92.60% accuracy, 90.80% precision, 91.30% recall,
91.00% F1 score, and 94.70% AUC. Meanwhile, the Manual
Review Baseline achieved 78.50% accuracy and 75.60% F1
score.

Regarding the code quality metrics evaluation, the
Proposed Al Quality Reviewer demonstrated 91.80%
accuracy and 93.60% AUC. The Fl-score of 89.90% shows
that the model possesses excellent balance of precision and
recall rates. Manual Quality Review demonstrates the lowest
F1-score of 73.00%, which means that the Al-powered tool
evaluates code quality metrics more effectively than people
do.

In the comparison of the manual and Al-based reviews, it
can be seen that the most efficient approach is the Hybrid
Manual-Al Review, which shows 93.20% accuracy and
95.10% AUC. It can be considered as the proof of efficiency
of combining speed and consistency of Al with the necessity
of human decision making.
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As for the performance analysis results, the Proposed Al
Reviewer showed the highest accuracy of 94.10% and AUC
of 96.30%. Nevertheless, there are several limitations
identified in the study. Al reviewers show good results when
it comes to small code changes with 91.50% accuracy but
perform poorly regarding the detection of business logic
mistakes with the accuracy of 69.80%. Correlation analysis
revealed statistical significance of Al review accuracy, code
quality metrics, bugs, and review effectiveness.

VI. CONCLUSION

VO e Poverind Ciabs Ha e HSSaR

- - .-

Thus, from the study, it can be concluded that an Al-based
code review system is an efficient solution for enhancing the
review process of full stack web applications. The analysis of
the system design revealed that backend APl modules had the
highest mean value of 9.60 since backend logic required more
review coverage due to the business rules, authentication, API
communication, and data handling in the application. Bug
detection test cases have the highest standard deviation of 8.72
which confirmed the unequal distribution of defects in various
full stack projects.

Besides, the results reveal that review using artificial
intelligence methods is more precise and reliable when
compared to the manual review. In the case of bugs, errors,
and vulnerabilities detection, the Hybrid Al Reviewer
performed 92.60% accuracy, 91.00% F1-score, and 94.70%
AUC, whereas the Manual Review Baseline had only 78.50%
accuracy. Thus, artificial intelligence review systems were
more effective in identifying technical issues when compared
to the traditional review approaches.

As far as code quality assessment is concerned, the
Proposed Al Quality Reviewer demonstrated 91.80%
accuracy and 93.60% AUC which proved the efficiency of Al
technologies in the code assessment. Also, the comparison
table revealed that the Hybrid Manual-Al Review technique
achieved 93.20% accuracy and 95.10% AUC, and hence this
makes it the most balanced review technique since it
incorporates both human context knowledge and Al
efficiency.

As far as the performance analysis was concerned, it was
evident that the Proposed Al Reviewer provided the best result
overall with an accuracy of 94.10%, an F1 score of 93.00%,
and an AUC of 96.30%. Nevertheless, the research also
revealed some limitations. While Al reviewers could do
extremely well in reviewing small code changes with an
accuracy of 91.50%, they could only achieve 69.80% in terms
of business logic errors. Hence, the use of Al reviewers can
only be seen as intelligent assistance tools and not as
substitutes for human reviewers.
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