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Abstract: Modern code review is essential for defect prevention, maintainability, knowledge
transfer, and collaborative software development, but manual review is frequently delayed by
reviewer workload and inconsistent review depth. This paper presents ReviewPilot, a web-based
prototype that integrates repository import, pull request analysis, static checks, large-language-
model-assisted review, configurable review rules, i1ssue summarisation, and a composite Code
Health Score within a unified dashboard. The proposed workflow ingests repository and pull
request metadata, validates and parses changed files, applies deterministic rules and conventional
static analysis, and then mvokes an Al review layer to generate context-sensitive observations.
The results are organised by severity, file, and review category before being displayed through
repository, pull request, rules, review-history, and dashboard interfaces. Functional interface
testing confirms that the principal modules and navigation flow operate as intended in the
simulated environment. However, the present work 1s a proof-of-concept system demonstration
rather than a comparative evaluation of defect-detection accuracy, review usefulness, latency,
security, or developer productivity. Accordingly, the paper defines an evaluation framework for
future studies using labelled code changes, expert reviewer judgements, precision, recall, false-
positive rate, response time, and user-centred measures. ReviewPilot therefore demonstrates a
technically coherent architecture for Al-assisted review while recognising that human oversight,
reproducible benchmarking, privacy controls, and hallucination mitigation remain necessary
before production deployment.

Keywords: Automated Code Review, Pull Request Analysis, Large Language Models, Static
Analysis, Software Quality, Code Health, Developer Tools.
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1. Introduction

Modern code review is a lightweight quality-assurance practice in which developers
examine proposed changes before integration. Beyond defect identification, review supports
knowledge transfer, team awareness, maintainability, and shared ownership of a codebase [1].
Empirical studies have also associated review coverage and reviewer participation with post-
release software quality [2]. Large-scale industrial practice demonstrates that effective review
depends not only on tooling, but also on small changes, timely feedback, clear ownership, and
reviewable context [3]. Nevertheless, manual review remains cognitively demanding and can
become a delivery bottleneck when pull request volume, codebase size, or reviewer workload

increases [4].

Recent research has therefore shifted from rule-based linting toward learning-based
review assistance. Pre-trained models specialised for code changes can estimate change quality,
generate review comments, and recommend code refinements [5], while transfer-learning
approaches have improved the automation of code-review tasks under more realistic conditions
[6]. Large-language-model-based systems further extend this capability by interpreting code
context and producing natural-language explanations or recommendations [7], although their
performance depends strongly on prompting strategy, task context, and domain adaptation [8].

Despite this progress, automated comments may be incomplete, irrelevant, overly
general, or factually unsupported. Recent evaluations emphasise the need for human-grounded
quality metrics [9], and empirical evidence shows that generated review comments can contain
hallucinated claims [10]. Industrial studies likewise report mixed outcomes: Al-assisted review
can increase awareness of quality concerns, yet may also introduce unnecessary corrections and
extend pull request closure time [11]. These findings indicate that Al review should complement
rather than replace deterministic analysis and expert judgement.

Against this background, this paper presents ReviewPilot, a web-based proof-of-concept
platform that combines repository import, pull request inspection, static analysis, configurable
review rules, Al-generated review assistance, issue visualisation, and a Code Health Score. The
contribution is primarily architectural and functional: the work defines an integrated workflow,
demonstrates the principal user interfaces, and 1dentifies the validation requirements needed
before the platform can be treated as an empirically established software-engineering tool.

2. Related Work

Foundational studies of modern code review show that review outcomes extend beyond
bug hnding to include learning, communication, and alternative solution development [1].
Subsequent empirical work demonstrated that review coverage and participation can influence
software quality, reinforcing the importance of consistent and traceable review processes [2].
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Google’s industrial case study further illustrated how integrated tooling and well-defined review

practices can support review at organisational scale [3].

Research on automation initially focused on static analysers, defect prediction, and
recommendation systems. More recent work has applied pre-trained code models to review-
specific tasks. CodeReviewer introduced large-scale pre-training tailored to code changes and
review artefacts [5], while T5-based transfer learning improved code-review automation on larger
and more realistic datasets [0]. LLaMA-Reviewer and related LLLLM-based systems investigated
natural-language review generation and contextual code assessment [7].

Prompt engineering and fine-tuning studies indicate that the quality of automated review
depends on the information supplied with a code change, including semantic summaries and
structural context [8]. Evaluation remains a major challenge because conventional reference-
overlap metrics do not reliably represent whether a comment 1s correct, specific, actionable, and
grounded in the changed code. CRScore addresses this limitation through human-annotated,
claim-grounded assessment of review quality [9].

The rehability of generated feedback is equally important. Analyses of code-change-to-
text generation have documented hallucinated review statements, demonstrating that fluent
comments are not necessarily technically valid [10]. Industrial evidence also suggests that Al
review 1s useful only when developers can verify, dismiss, or act on each recommendation and
when the tool 1s integrated without disrupting established pull request workflows [11].
Experience-aware training and quality-oriented data selection may further mmprove the

correctness and informativeness of generated reviews [12].

ReviewPilot 1s positioned within this emerging hybrid paradigm. Rather than presenting
the language model as an autonomous reviewer, the platform combines deterministic checks,
repository context, configurable rules, Al-assisted mterpretation, severity grouping, and human
decision-making. This architecture 1s intended to improve traceability and reduce dependence

on any single analysis mechanism.

3. Limitations of Existing Approaches

Conventional review workflows typically combine manual inspection with platform-
specific pull request interfaces, linters, test reports, and security scanners. Although these
mechanisms are valuable, they are often fragmented across multiple tools and may not provide
a consolidated explanation of maintamability, risk, and review status. Manual review quality can
also vary with reviewer expertise, familiarity with the codebase, available time, and change
complexity. Conversely, purely generative systems may produce plausible but unsupported
comments, overlook project-specific constraints, or expose sensitive source code when external

services are used. A practical review platform should therefore integrate deterministic checks,
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contextual Al assistance, explicit rule configuration, provenance-aware outputs, and human
approval rather than relying on an opaque automated score.
Principal limitations of existing approaches include:
«»  Fragmented analysis across separate repository, static-analysis, security, and review
tools.
% Inconsistent review depth caused by workload, expertise, and codebase familiarity.

+ Limited contextual understanding in conventional rule-based analysers.

« False positives, hallucinated explanations, privacy risks, and weak reproducibility in

unconstrained Al review.

4. Proposed System

ReviewPilot 1s proposed as a web-based, human-in-the-loop code-review support
platform. A user authenticates, connects or imports a repository, selects a branch or pull request,
and 1nitiates analysis. The backend retrieves the relevant diff and repository metadata, applies
syntax and rule validation, executes available static checks, and prepares a bounded context for
the Al review service. Generated observations are mapped to files and changed lines, grouped
by category and severity, and presented with an explanation and suggested action. Repository-
specific rules allow teams to define review priorities, excluded paths, coding conventions, and
security or maintainability concerns. The Code Health Score 1s presented as a configurable
summary indicator derived from measurable subcomponents rather than as an independently
validated quality metric. Final acceptance, rejection, or modification of every recommendation
remains with the developer or reviewer.

Key functional advantages

+» Unified repository import, pull request tracking, issue presentation, and review
history.

« Hybrid analysis combining deterministic rules, static checks, and Al-assisted
mterpretation.

% Configurable project-specific review policies and path-level focus rules.
% Traceable issue grouping by file, severity, and review category.
< Dashboard-based visibility of review status and repository-level trends.

« Authenticated access and a design that can be extended with role-based permissions

and audit logs.
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%  Scalable modular architecture suitable for additional languages, analysers, and CI/CD

mtegrations.

5. Methodology

The prototype follows a modular analysis pipeline. First, the user submits repository
details, a pull request identifier, branch information, or selected source files through the web
mterface. The ingestion layer validates the request, retrieves authorised repository content, and
constructs the change set. Second, a preprocessing layer identifies file types, removes
unsupported binary artefacts, segments large diffs, and attaches contextual metadata such as file
paths, changed functions, and repository rules. Third, deterministic analysers perform syntax
validation, linting, rule matching, and available complexity or security checks. Fourth, the Al
review layer receives only the bounded code context required for the selected task and generates
candidate observations.
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Figure 1. Proposed workflow for repository ingestion, deterministic analysis, Al-assisted review,

result consolidation, and human decision-making.
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Iifth, a post-processing layer removes duplicates, checks whether comments are
anchored to the submitted change, assigns severity and category labels, and records provenance.
Finally, the interface displays review findings, the calculated health indicators, and the reviewer’s
disposition of each item.

The workflow shown in Figure 1 separates deterministic analysis from generative
mterpretation and preserves a human approval stage. This distinction 1s necessary because
existing studies show that LILM-generated review text must be evaluated for correctness,
relevance, and grounding [9, 10]. For production use, credentials should be encrypted, access
should follow least-privilege principles, sensitive source code should not be retained beyond the
configured period, and every model request and response should be auditable. A rigorous
evaluation should compare ReviewPilot with human review and established analysers using
labelled pull requests, precision, recall, Fl-score, false-positive rate, comment usefulness,

response latency, cost, and developer acceptance.

The end-to-end ReviewPilot analysis and decision workflow is illustrated in Figure 1.

4. Prototype Results and Interface Validation
4.1 Landing-Page Validation

The Al code review
platform for

production teams.

Figure 2. Review Pilot landing page and primary navigation interface.

Figure 2 shows the landing page used to introduce the platform and provide access to its
principal functions. Functional inspection confirmed that the main navigation elements and calls
to action are visible and logically organised; this observation concerns interface operation only

and does not establish usability or productivity improvement.
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4.2 Workflow-Information Page

Built on a foundation of fast,
production-grade tooling

Figure 3. Workflow-information page describing the principal stages of Review Pilot.

As presented in Figure 3, the workflow-information page explains account creation,
repository connection, pull request submission, automated analysis, and review presentation.

The page provides procedural guidance but requires formal usability testing to determine
whether first-time users can complete these tasks efficiently.

4.3 Authentication Interface

Welcome back

Step back into your
Al-powered review
control room.

Figure 4. Sign-up and login interface for authenticated platform access.

Figure 4 presents the authentication interface through which users create an account or
sign in. The prototype demonstrates the expected access flow; however, production readiness

would require password-policy enforcement, secure session management, account recovery, rate
limiting, and independent security testing.
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4.4 Dashboard Interface

All imported repositories, one clean workfiow.

Imported repositories

AbshekODUYPOrSONAASSISIN-APP KabandharOUARX-GIT

Figure 5. Dashboard summarising repositories, pull requests, findings, and code-health
indicators.

5 consolidates mmported repositories, pull

The central dashboard shown in Figure
request status, detected findings, review history, and summary indicators. The displayed Code
Health Score should be interpreted as a prototype aggregation of configured metrics; its construct

validity and weighting have not yet been established through empirical study.

4.5 Repository-Import Interface

Connect Repository

Figure 6. Repository-import interface for supplying repository, branch, and pull request
information.
Figure 6 illustrates the repository-import mterface. The module supports entry of

repository and branch information and initiates the analysis workflow. Future implementation
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should include explicit permission scopes, token revocation, repository-size limits, unsupported-
file handling, and transparent error messages.

4.6 Repository Review Workspace

Kalandhar0UAIX-GIT

How ReviewPilot works here

Figure 7. Repository review workspace displaying review status and analysis outputs.

The repository review workspace in Figure 7 provides a unified view of pull request progress,
generated findings, and merge-related information. The screen demonstrates functional
mtegration among interface modules, but the correctness of the findings must be tested against
expert-labelled code changes before claims of review accuracy can be made.

4.7 Pull Request Review Workflow

How ReviewPilot works here

Figure 8. Pull request review workflow from submission to reviewer disposition.

As shown in Figure 8, the pull request workflow proceeds from mput and contextual
analysis to candidate review comments and reviewer action. This staged presentation improves
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traceability because users can distinguish submitted changes, generated observations, and final

decisions.

4.8 Review-Rule Configuration

Review rules for this codebase Teach ReviewPilot what matters here

Figure 9. Rule-configuration interface for project-specific review instructions.

Figure 9 presents the rule-configuration interface, which allows users to specify rule
names, target paths, and review instructions. Project-specific constraints can improve contextual
relevance, but contradictory, overly broad, or insecure istructions should be detected and
rejected by validation controls.

4.9 Review-History and Monitoring Interface

Review history, live status, and Al signal "
quality in one place.

Figure 10. Review-history interface showing completed and active review activity.

The review-history interface in Figure 10 consolidates active and completed analyses,
risk labels, quality indicators, and recent activity. This page can support auditability and trend
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monitoring once the underlying measures, event timestamps, and retention rules are formally
defined.

Opverall, the prototype demonstrates a coherent navigation structure and the functional
presence of the intended modules. No quantitative experiment, benchmark dataset, comparative
baseline, sample size, statistical analysis, or developer study was provided in the source
manuscript. Consequently, the results should be interpreted as interface and workflow validation
rather than evidence of improved defect detection, code quality, review speed, or developer
productivity.

5. Conclusion and Future Work

This paper presented ReviewPilot, a proof-of-concept web platform for Al-assisted code
review and pull request analysis. The proposed architecture integrates repository ingestion, pull
request context, deterministic checks, configurable review rules, Al-generated candidate
observations, issue grouping, review history, and dashboard-based indicators. The prototype
mterfaces demonstrate how these components can be organised within a unified human-in-the-
loop workflow.

The principal contribution 1s the integration and articulation of the workflow rather than
a validated claim of superior review performance. The current manuscript does not provide a
labelled evaluation dataset, expert ground truth, baseline comparison, precision, recall, false-
positive rate, response-time distribution, security assessment, or developer usability study. In
addition, LILM-generated review comments may be irrelevant or hallucinated, and industrial
adoption can create both benefits and workflow costs. ReviewPilot should therefore be treated
as decision support, with deterministic evidence and human verification retained for every
recommendation.

Future work should mmplement language-specific analysers, secure repository
connectors, role-based access control, model and prompt versioning, comment provenance,
CI/CD integration, and configurable data-retention policies. Evaluation should use public and
project-specific pull request datasets with expert-labelled defects and review comments.
Comparative experiments should measure precision, recall, F1-score, false-positive rate, severity
agreement, latency, computational cost, and reviewer acceptance. Controlled developer studies
should additionally examine review time, cognitive workload, comment usefulness, trust
calibration, and the proportion of recommendations accepted or rejected. These steps are
required to determine whether the proposed system provides reproducible benefits beyond
existing static-analysis and pull request tools.
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