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Abstract

The integration of Large Language Models (LLMs) into automated code review processes has
shown promising potential for enhancing software quality assurance practices. This research
presents a comprehensive comparative analysis of multiple LLM architectures in identifying
various categories of code defects during automated review workflows. Our experimental
framework evaluates the performance of leading LLMs including GPT-4, Claude-3, CodeBERT,
and GraphCodeBERT across six distinct defect types: security vulnerabilities, logic errors,
performance issues, code smells, maintainability violations, and syntax inconsistencies. Through
systematic testing on a curated dataset of 5,000 code samples from open-source repositories, we
measured precision, recall, F1-scores, and processing latency for each model-defect combination.
Results indicate significant variation in detection capabilities, with transformer-based models
achieving 87.3% average accuracy for security vulnerabilities but only 62.1% for subtle logic
errors. Our findings reveal critical insights into LLM limitations and provide empirical evidence
for optimal model selection strategies in production environments. The study contributes practical
guidelines for implementing LLM-assisted code review systems and identifies specific areas
requiring human oversight to maintain code quality standards.
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1. Introduction

1.1. Background and Motivation for LLM-based Code Review

Modern software development practices increasingly rely on automated tools to maintain code
quality and reduce human review overhead. Traditional static analysis tools, while effective for
detecting specific patterns and rule violations, struggle with contextual understanding and complex
logical relationships within codebases. The emergence of Large Language Models has introduced
new possibilities for intelligent code analysis, leveraging natural language understanding
capabilities to interpret code semantics and identify subtle defects that conventional tools might
miss.

The motivation for LLM integration stems from observed limitations in current automated review
systems, particularly their inability to understand code intent and detect sophisticated
vulnerabilities requiring contextual reasoning. Recent advances in transformer architectures have
demonstrated remarkable capabilities in understanding code structure and generating meaningful
insights about software quality. Wang et al.['] highlighted the importance of advanced pattern
recognition techniques in detecting anomalies across different domains, while Liang et al.[?]
demonstrated the effectiveness of natural language processing approaches in identifying
irregularities in structured documents.

1.2. Research Objectives and Questions

This research addresses three primary questions regarding LLM performance in automated
code review scenarios. First, we investigate how different LLM architectures compare in detecting
various categories of code defects, examining whether certain models demonstrate superior
performance for specific defect types. Second, we analyze the relationship between model
complexity and detection accuracy, determining whether larger models consistently outperform
smaller variants across all defect categories.

Our third research objective focuses on identifying systematic patterns in LLM failures and
successes, providing insights into the underlying mechanisms that enable or hinder effective defect
detection. Zhang et al.l*] demonstrated the importance of lightweight architectures in resource-
constrained environments, informing our consideration of computational efficiency alongside
detection accuracy. The investigation extends to practical implementation considerations,
examining how LLM-based systems can be integrated into existing development workflows
without compromising performance or introducing excessive overhead.

1.3. Contributions

This study provides several significant contributions to the field of automated software quality
assurance. Our primary contribution is a comprehensive empirical evaluation framework that
systematically compares multiple LLM architectures across diverse defect categories, providing
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quantitative metrics for model selection decisions. The research establishes benchmark
performance baselines for LLM-based code review systems, enabling future researchers to
measure improvements and validate new approaches.

Additionally, we contribute detailed analysis of error patterns and failure modes specific to each
LLM architecture, identifying systematic biases and limitations that practitioners must consider
when implementing these systems. Our findings provide practical guidance for optimal model
configuration and deployment strategies, including recommendations for hybrid approaches that
combine multiple models for enhanced coverage. The research also contributes a novel evaluation
methodology that incorporates both accuracy metrics and operational considerations such as
processing latency and resource requirements, addressing real-world deployment constraints often
overlooked in academic studies.

2. Related Work and Background

2.1. Evolution of Automated Code Review Techniques

Automated code review has evolved significantly from simple syntax checking to sophisticated
analysis incorporating semantic understanding and contextual reasoning. Early approaches relied
primarily on rule-based systems and pattern matching, detecting violations of coding standards
and identifying common anti-patterns through predefined heuristics. These systems, while reliable
for detecting specific issues, lacked the flexibility to adapt to new coding patterns and struggled
with false positive rates in complex codebases.

Machine learning approaches emerged to address these limitations, utilizing supervised learning
techniques to classify code segments and predict potential defects based on historical data. Support
vector machines and random forests became popular choices for defect prediction, demonstrating
improved accuracy over rule-based systems. Fan et al.l*] explored advanced machine learning
techniques for anomaly detection in structured data analysis, providing insights into pattern
recognition capabilities that inform code review applications.

The introduction of deep learning transformed automated code review by enabling models to learn
representations directly from source code without extensive feature engineering. Convolutional
neural networks and recurrent architectures showed promise in capturing sequential patterns and
local structures within code, while attention mechanisms enabled models to focus on relevant code
segments during analysis. Ni et al.’] demonstrated the effectiveness of advanced architectures in
real-time anomaly detection, establishing foundations for applying similar techniques to code
analysis tasks.

2.2. Large Language Models in Software Engineering Applications

Large Language Models have revolutionized natural language processing and demonstrated
remarkable capabilities in understanding and generating human-like text. Their application to
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software engineering tasks has shown particular promise, with models trained on vast corpora of
source code exhibiting sophisticated understanding of programming languages, software patterns,
and development practices. The transformer architecture underlying most modern LLMs enables
effective capture of long-range dependencies and contextual relationships within code.
CodeBERT and similar specialized models marked the beginning of LLM applications in software
engineering, demonstrating superior performance in tasks such as code summarization, bug
detection, and automated documentation generation. These models leveraged pre-training on large
code repositories to develop understanding of programming language syntax and semantics. Ju et
al.[] explored reinforcement learning approaches for pattern recognition in complex data,
providing insights into advanced techniques that enhance LLM capabilities in specialized domains.
Recent developments have focused on scaling model size and training data diversity to improve
performance across various software engineering tasks. GPT-4 and Claude-3 represent state-of-
the-art capabilities in general-purpose language understanding, while specialized models like
GraphCodeBERT incorporate structural information about code to enhance analysis accuracy. Sun
et al.l’] investigated automated compliance monitoring using machine learning approaches,
demonstrating the potential for LLMs to understand and enforce complex regulatory requirements
in software systems.

2.3. Classification and Characteristics of Code Defects

Understanding code defect taxonomy is crucial for evaluating LLM performance across different
categories of software quality issues. Security vulnerabilities represent one of the most critical
defect types, encompassing issues such as injection attacks, authentication bypasses, and data
exposure risks. These defects often require deep understanding of attack vectors and security
principles, making them challenging targets for automated detection systems.

Logic errors constitute another significant category, including incorrect algorithm
implementations, boundary condition failures, and control flow mistakes that produce incorrect
program behavior. Unlike syntax errors that prevent compilation, logic errors allow programs to
execute while producing unintended results. Trinh and Zhang!®] examined adaptive content
delivery systems, highlighting the importance of robust error handling and logical consistency in
complex software architectures.

Performance issues represent a distinct class of defects affecting system efficiency and scalability,
including memory leaks, inefficient algorithms, and resource contention problems. Code smells
indicate structural quality issues that impede maintainability and evolution, such as duplicated
code, overly complex methods, and violated design principles. The research investigated
algorithmic approaches to bias detection and mitigation, demonstrating methodologies applicable
to identifying systematic quality issues in software systems!]. Maintainability violations
encompass broader architectural concerns including coupling, cohesion, and adherence to
established design patterns and principles.
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3. Methodology and Experimental Design

3.1. Selection and Configuration of Large Language Models

Our experimental framework incorporated four representative LLM architectures selected based
on their demonstrated capabilities in code analysis tasks and availability for research purposes.
GPT-4 served as our primary general-purpose model, leveraging its extensive training on diverse
code repositories and natural language understanding capabilities!'’]. The model was configured
with temperature settings of 0.1 to minimize randomness in defect detection decisions, while
maintaining sufficient flexibility for contextual reasoning!!'].

CodeBERT represented our specialized code understanding baseline, specifically pre-trained on
programming language corpora to develop domain-specific knowledge!'?]. We utilized the base
configuration with 125 million parameters, fine-tuned on our defect detection task using
supervised learning approaches. The model's bidirectional encoder architecture enabled
comprehensive context understanding for both preceding and following code segments during
analysis.

GraphCodeBERT extended traditional transformer capabilities by incorporating abstract syntax
tree information, providing structural understanding of code relationships. Our configuration
integrated both sequential token processing and graph-based structural analysis, enabling the
model to leverage syntactic relationships alongside semantic content('*]. Claude-3 completed our
evaluation set as a contemporary general-purpose model with strong reasoning capabilities,
configured for code analysis through specialized prompting strategies designed to elicit systematic

defect detection behavior.
Table 1: LLM Architecture Specifications and Configuration Parameters

Model Paramete Architectu Conte Fin Temperatu
rs re xt Window e-tuning re
GPT-4 1.76T Transforme 32,768 Non 0.1
(est.) r tokens e
12 T
CodeBERT 125M BER-based > - 0.0
tokens k-specific
+
GraphCodeBE 125M Graph+BE 512 T-as 0.0
RT RT tokens k-specific
Transf 2
Claude-3 Unknown ranstorme 00,00 Non 0.1
r 0 tokens e

The configuration process involved extensive prompt engineering for general-purpose models,
developing systematic instructions that guided models through consistent defect detection
procedures. We established standardized output formats requiring models to classify detected
defects by type, provide confidence scores, and generate explanatory rationales for their decisions.
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3.2. Code Defect Dataset Construction and Categorization

Dataset construction began with systematic collection of code samples from 150 open-source
repositories spanning multiple programming languages including Python, Java, JavaScript, C++,
and Go. We prioritized repositories with established issue tracking systems and comprehensive
commit histories, enabling verification of actual defects through developer-identified and fixed
issues!'4]15]. The selection process emphasized diversity in project types, development teams, and
application domains to ensure representative coverage of real-world coding practices.

Manual annotation involved three experienced software engineers independently reviewing each
code sample to identify and categorize defects according to our established taxonomy. Inter-
annotator agreement measured through Cohen's kappa coefficient achieved 0.847, indicating
substantial agreement in defect identification and classification!!®]. Disagreements were resolved
through discussion and consensus-building processes, with ambiguous cases reviewed by

additional domain experts.
Table 2: Code Defect Dataset Composition and Distribution

Defect Sample Programming Severity Verification
Category Count Languages Distribution Method
. Critical(45%),
Security Python(340), . . Criuical(45%) CVE
Vulnerabilities 920 Java(280), JS(300) High(35%), references
" v : Medium(20%)
Hi 0
: _ igh(60%), Unit test
Logic Errors 850 All languages  Medium(30%), .
failures
Low(10%)
++
Performance C++(320), Medium(70%), Profiling
Issues 780 Java(230), Low(30%) data
Python(230) °
Low(80%), Static
Code Smells 1,100 All languages Medium(20%) analysis
Java(400), . .
Med 659 Metrics-
Maintainability 890  C+H(300), Low(3 5?> /;um( ), based eHies
Python(190) °
High(90%), Compiler
Syntax I 460 Alll .
yntax Issues anguages o o (10%) errors

Our categorization system incorporated severity levels based on potential impact on system
functionality, security, and maintainability. Security vulnerabilities received priority classification
due to their potential for exploitation and system compromise. Logic errors were evaluated based
on their impact on program correctness and user experience, while performance issues were
assessed according to their effect on system responsiveness and resource utilization!!’].
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Python 180 230 220 190 95
212% 295% 20.0% 213% 207% Frequency
Low (0-50)
Java 280 230 125 Low-Med (51-100)
30.4% 295% 21.2%

Medium (101-200)
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JavaScript 195 160 260 180 10 High (281-350)

229% 205% 23 6% 202% 239%

B very High (>350)

CH+ 60 100

6.5% 224%

140
127%

Programming Languages

Defect Categories

Figure 1: Defect Distribution Heatmap Across Programming Languages and Categories

This visualization presents a two-dimensional heatmap displaying the distribution of different
defect types across the five programming languages in our dataset. The heatmap uses color
intensity to represent defect frequency, with darker colors indicating higher concentrations of
specific defect-language combinations. The x-axis represents the six defect categories while the y-
axis shows the programming languages. Interactive elements allow researchers to hover over cells
to view exact counts and percentages. The visualization reveals interesting patterns such as higher
security vulnerability concentrations in web-oriented languages like JavaScript and Python, while
performance issues show greater prevalence in systems programming languages like C++[!8].

3.3. Performance Evaluation Metrics and Testing Framework

Our evaluation framework incorporated multiple performance metrics designed to capture both
accuracy and practical deployment considerations for LLM-based code review systems. Primary
accuracy metrics included precision, recall, and F1-scores calculated separately for each defect
category, enabling detailed analysis of model strengths and weaknesses across different types of
code quality issues''?]. We computed macro-averaged and micro-averaged scores to account for

class imbalance in our defect distribution.
Table 3: Evaluation Metrics and Calculation Methods

Metri
etne Specific Metrics Calculation Method Purpose
Category
Accurac Precision, Standard Detection
Y Recall, F1 classification effectiveness
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Efficiency Processing Time
Consistenc
y Score
Coverage Detection Rate
False

lit
Quality Rate

Agreement

Milliseconds er .
P Scalability assessment
sample
. Reliability
Inter-run variance
measurement

Percentage of defects Comprehensive
found evaluation

Incorrect . -

. . Practical usability
classifications

Processing efficiency measurements captured the computational requirements for each model,
recording average processing time per code sample and memory utilization during analysis. These
metrics address practical deployment considerations, as organizations must balance detection

accuracy against operational costs and system performance requirements. We conducted multiple

evaluation runs to assess consistency and reliability, measuring variance in model outputs across

identical inputs.

Models

GPT-4
CodeBERT
GraphCodeBERT
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Figure 2: Multi-dimensional Performance Comparison Radar Chart

This radar chart visualizes the multi-dimensional performance characteristics of each LLM across

six key evaluation dimensions: accuracy, precision, recall, processing speed, consistency, and
resource efficiency. Each model is represented by a different colored polygon, with vertices
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positioned according to normalized performance scores ranging from 0 to 1. The visualization
enables quick identification of model strengths and trade-offs, with larger polygon areas indicating
superior overall performance. Grid lines and axis labels provide reference points for quantitative
comparison, while legend entries distinguish between the four evaluated models.

Statistical significance testing employed paired t-tests to compare model performance across
defect categories, controlling for multiple comparisons through Bonferroni correction. Effect size
calculations using Cohen's d provided insights into practical significance beyond statistical
significance, helping identify meaningful performance differences that justify model selection
decisions in real-world applications’].

4. Results and Performance Analysis

4.1. Comparative Performance Across Different LLM Architectures

Our comprehensive evaluation revealed significant performance variations among the four LLM
architectures, with each model demonstrating distinct strengths and limitations across different
aspects of code defect detection. GPT-4 achieved the highest overall accuracy at 78.4%,
consistently outperforming other models in complex reasoning tasks requiring deep contextual
understanding!?']. The model's superior performance was particularly evident in security
vulnerability detection and logic error identification, where its extensive training on diverse code
repositories provided advantages in recognizing subtle patterns and attack vectors.

CodeBERT, despite its smaller parameter count, demonstrated competitive performance in syntax-
related defect detection, achieving 91.2% accuracy for syntax issues and code smell identification.
The model's specialized training on programming language corpora enabled efficient recognition
of common anti-patterns and coding standard violations. Its compact architecture resulted in
processing speeds 3.2 times faster than GPT-4, making it suitable for high-throughput scenarios
requiring rapid analysis of large codebases!*?].

Table 4: Overall Performance Comparison Across LLM Architectures

Model Overall Avg. Avg. Avg. Processing
Accuracy Precision Recall F1-Score Time (ms)
GPT-4 78.4% 0.781 0.769 0.775 2,840
CodeBERT 72.1% 0.734 0.698 0.716 890
GraphCodeBERT 74.8% 0.752 0.731 0.741 1,120
Claude-3 76.2% 0.758 0.743 0.750 2,100

GraphCodeBERT's incorporation of structural information provided unique advantages in
detecting defects requiring understanding of code relationships and dependencies. The model
achieved superior performance in maintainability violation detection, where understanding of
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architectural patterns and design principles proved crucial. Its graph-based approach enabled
identification of complex coupling issues and architectural inconsistencies that purely sequential
models struggled to detect.

Claude-3 demonstrated balanced performance across all defect categories, with particularly strong
capabilities in generating explanatory rationales for detected issues®’]. The model's reasoning
abilities enabled identification of subtle logical inconsistencies and provided valuable insights into
defect root causes. Its extended context window allowed analysis of larger code segments,
improving detection of defects spanning multiple functions or modules.

Statistical Summary
Model Madial

0.6 GraphBERT  0.340

.
0.5

Box Plot Legend

0.3

Performance Score

L

GPT-4 CodeBERT GraphCodeBERT Claude-3

Large Language Model Architectures

Figure 3: Performance Distribution Box Plot Analysis

This box plot visualization displays the distribution of performance scores across multiple
evaluation runs for each LLM architecture. Individual box plots show median performance,
quartile ranges, and outliers for each model across all defect categories. The visualization reveals
performance consistency patterns, with tighter distributions indicating more reliable model
behavior. Whiskers extend to show the full range of observed values, while outlier points highlight
unusual performance instances. Color coding distinguishes between models, and horizontal grid
lines provide reference points for performance comparison. The analysis reveals that while GPT-
4 achieves highest median performance, GraphCodeBERT demonstrates superior consistency with
smaller variance in results.

4.2. Defect-Type Specific Detection Accuracy Analysis

Detailed analysis of defect-type specific performance revealed pronounced differences in LLM
capabilities across our six defect categories. Security vulnerability detection emerged as the most
challenging task overall, with models achieving average accuracy ranging from 65.3% for
CodeBERT to 87.3% for GPT-4[2*]. The complexity of security analysis requires understanding of

10
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attack vectors, threat models, and subtle code patterns that enable exploitation, demanding
sophisticated reasoning capabilities that favor larger, more comprehensive models.

Logic error detection presented unique challenges requiring deep understanding of program
semantics and intended behavior. GPT-4's performance in this category reached 73.8%,
significantly outperforming specialized models that struggled with contextual reasoning
requirements. The analysis revealed that logic errors often require understanding of business

requirements and expected program behavior that extends beyond syntactic code analysis.
Table 5: Defect-Type Specific Performance Breakdown

Defect GP CodeBE GraphCodeB Clau Best
Category T-4 RT ERT de-3 Performer
Security 87.3 82.1
s 65.39 71.29 GPT-4
Vulnerabilities % & o %
Logic 73.8 o o 69.2
Errors o 58.4% 64.7% o GPT-4
Perf 4.1 2.
criormane ’ 79.6% 77.3% 728 CodeBERT
e Issues % %
Code 81.2 83.4
91.29 85.7¢ CodeBERT
Smells % & /o % ode
Maintainabi 76.8 74.6 GraphCodeB
68.99 84.3¢9
lity % o o % ERT
4 .
Syntax 89 94.7% 92.1% 908 CodeBERT
Issues % %

Performance issue detection showed interesting patterns, with CodeBERT achieving the highest
accuracy at 79.6% despite its smaller size. This unexpected result suggests that performance
optimization patterns are well-represented in the model's training data, enabling effective
recognition of common inefficiencies and resource management problems. The specialized nature
of performance analysis benefits from focused training on code-specific patterns rather than
general reasoning capabilities.

Code smell detection heavily favored models with extensive exposure to diverse coding practices
and established patterns. CodeBERT's exceptional performance in this category (91.2%) reflects
its comprehensive training on open-source repositories where code quality patterns are well-
established and consistently applied?’]. The model's ability to recognize anti-patterns and design

principle violations exceeded expectations based on its parameter count.
Table 6: Confusion Matrix Analysis for Security Vulnerability Detection

Fal
Predicted— Tru Fals True als Precisio Recal

e
Actual | e Positive e Positive Negative .
Negative
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GPT-4 803 27 3,84 123 0.863 0.867
3,78

CodeBERT 601 18 325 0.761 0.649

T GraphCodeBER 658 156 3,81 268 0.808 0711
3,82

Claude-3 759 145 167 0.840 0.820

Maintainability violation detection revealed GraphCodeBERT's structural understanding
advantages, achieving 84.3% accuracy through its ability to analyze code relationships and
architectural patterns. The model's graph-based approach enabled identification of coupling issues,
dependency violations, and architectural inconsistencies that require understanding of code
structure beyond sequential analysis.

&

o © @ &
4"\ (é © 0\\ S

@° & a"
&
{\°
Model Performance

&
&* O &
Q ’5\0
GPT-4 87.3% 73.8% 741% 81.2% 76.8% 89.4% it
* kK koK % *kok *k *okok
CodeBERT 65.3% 58.4% 79.6% 91.2% 68.9% 94.7% TR
* * * KK * %k % * %k
GraphCodeBERT 71.2% 64.7% 77.3% 85.7% 84.3% 921%
*k * * %k % %k * %k k. % %k %
Claude-3 821% 69.2% 72.8% 83.4% 74.6% 90.8% S
*kk % *k *k ok " * kK

Defect Category Performance
BetfonmanceiScalel() Statistical Significance
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S 76.0%

l [ I
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Figure 4: Defect Category Performance Heatmap with Statistical Significance

This advanced heatmap visualization presents defect-type specific performance data with
integrated statistical significance indicators. Each cell displays accuracy percentages with color
intensity corresponding to performance levels, while asterisk symbols indicate statistical
significance levels (*p<0.05, **p<0.01, ***p<0.001) compared to random baseline performance.
The heatmap includes marginal histograms showing performance distributions for each model and
defect category. Clustering dendrograms on axes reveal similarity patterns between defect types
and model performance profiles. Interactive tooltips provide detailed statistics including
confidence intervals and effect sizes for comprehensive analysis.
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4.3. Error Pattern Analysis and Model Limitations

Systematic analysis of model failures revealed consistent error patterns that provide insights into
fundamental limitations of current LLM approaches to code defect detection. False positive
patterns showed distinct characteristics across different model architectures, with larger models
like GPT-4 demonstrating tendency toward over-interpretation of benign code patterns as potential
security vulnerabilities. This behavior reflects the models' extensive training on security-focused
content, leading to heightened sensitivity that produces unnecessary alerts.

CodeBERT's error patterns concentrated in logic error detection, where the model's limited
contextual understanding resulted in missed defects requiring reasoning about program intent and
expected behavior®®]. The analysis revealed systematic failures in cases where defect
identification required understanding of business logic or domain-specific requirements that
extend beyond syntactic code analysis. These limitations highlight the importance of incorporating
domain knowledge and requirement specifications in comprehensive code review processes.

Error Origins Error Types Impact Categories

Input Processing Missed Critical Defects

Code parsing, tokenization

False Positives Security & logic errors undetected

I ~
0' Unnecessary Alerts

’ ‘ ‘ ' { Developer time wasted on false alarms
Classification } ‘ b'l

Incorrect defect alerts
n=1,247

Feature Extraction

Pattern recognition, embeddings

Defect type prediction Incorrect Severity

Wrong priority assignment
Classification Errors

Post-processing Wrong defect type assignment

n=563

Filtering, ranking, validation
Workflow Disruption

Development process inefficiency

Flow Intensity Legend
. Low (1-50 errors)
men  Medium (51-200 errors)

High (201-500 errors)

Flow thickness represents error frequency
Colors indicate severity impact levels

Error Distribution Statistics

Total Errors Analyzed: 2,702

« False Positives: 46.1% (1,247)
» False Negatives: 33.0% (892)
» Classification Errors: 20.9% (563)

Impact Severity Distribution:

Error Rate by Model

GPT-4: 15.2% error rate
CodeBERT:  23.8% error rate
GraphBERT: 19.6% error rate
Claude-3: 17.4% error rate

Most Common Error:
False Positives in Security

= Critical Impact: 28.3%

* Low Impact: 20.0%

Figure 5: Error Pattern Analysis Sankey Diagram

This Sankey diagram illustrates the flow of errors across different stages of the defect detection
process, showing how different types of errors propagate through the analysis pipeline. The
diagram displays error origins on the left (input processing, feature extraction, classification, post-
processing), error types in the middle (false positives, false negatives, classification errors), and
final impact categories on the right (missed critical defects, unnecessary alerts, incorrect severity
assignment). Flow thickness corresponds to error frequency, while color coding distinguishes error

13
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severity levels. Interactive elements allow drilling down into specific error paths to understand
failure mechanisms and identify improvement opportunities.

GraphCodeBERT's limitations became apparent in scenarios requiring understanding of dynamic
behavior and runtime characteristics that cannot be inferred from static code structure alone. The
model's graph-based approach, while effective for architectural analysis, struggled with defects
requiring understanding of execution patterns and runtime conditions. Performance issue detection
particularly challenged the model when optimization opportunities depended on runtime behavior
rather than structural patterns.

Claude-3's error patterns revealed interesting characteristics related to its reasoning approach, with
the model occasionally providing overly detailed explanations for simple defects while missing
subtle issues requiring domain-specific knowledge. The analysis suggested that the model's
strength in generating explanatory rationales sometimes interfered with precise defect
classification, leading to verbose but inaccurate assessments of code quality issues.

Cross-model comparison of error patterns identified several categories of defects that consistently
challenge all evaluated architectures. Complex multi-file dependencies, domain-specific security
vulnerabilities, and subtle race conditions represented universal blind spots across all models.
These findings suggest fundamental limitations in current LLM approaches that require
architectural innovations or hybrid methodologies combining multiple analysis techniques for
comprehensive coverage.

5. Discussion and Future Work

5.1. Implications for Automated Code Review Integration

The experimental results provide substantial evidence supporting the integration of LLM-based
analysis into existing automated code review workflows, while highlighting critical considerations
for successful deployment. The observed performance variations across defect categories suggest
that optimal integration strategies should employ specialized models for different types of analysis,
rather than relying on single general-purpose solutions. Organizations implementing these systems
should prioritize security vulnerability detection using larger models like GPT-4, while leveraging
lightweight alternatives like CodeBERT for syntax checking and code smell identification’].
Practical deployment considerations extend beyond accuracy metrics to encompass computational
requirements, processing latency, and integration complexity with existing development tools. The
measured processing times indicate that real-time analysis during development requires careful
model selection and potentially hybrid approaches that balance thoroughness with responsiveness.
CodeBERT's superior processing speed makes it suitable for continuous integration scenarios,
while comprehensive models like GPT-4 may be reserved for critical security reviews or release
candidate analysis'?®].
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The reliability variations observed across multiple evaluation runs highlight the importance of
ensemble approaches that combine predictions from multiple models to improve consistency and
reduce individual model biases. Such strategies can leverage the complementary strengths of
different architectures while mitigating their respective limitations, providing more robust defect
detection capabilities than any single model alone.

5.2. Identified Challenges and Potential Solutions

Several fundamental challenges emerged from our analysis that require attention in future research
and development efforts. The context limitation problem affects all evaluated models, where
defects spanning multiple files or requiring understanding of large codebases exceed current model
capabilities. This limitation particularly impacts architectural defect detection and complex
security vulnerability identification that depends on system-wide understanding rather than local
code analysis.

The semantic gap between syntactic code analysis and behavioral understanding represents another
significant challenge, as current models struggle with defects requiring understanding of runtime
behavior, performance characteristics, and dynamic interactions. Traditional static analysis tools
face similar limitations, suggesting that hybrid approaches incorporating dynamic analysis
techniques may provide more comprehensive solutions.

Domain-specific knowledge integration presents ongoing challenges, as general-purpose models
lack understanding of specialized requirements in domains such as embedded systems, financial
services, or healthcare applications. Fine-tuning approaches showed promise in our experiments
but require substantial domain-specific datasets and expertise for effective implementation.

5.3. Future Research Directions and Recommendations

Several promising research directions emerge from our findings that could significantly advance
the state of automated code review systems. Multi-modal approaches combining code analysis
with documentation, issue tracking data, and developer communication could provide richer
context for defect detection and classification. Such systems could leverage project-specific
knowledge and historical patterns to improve accuracy and reduce false positive rates.

Adaptive learning systems that continuously improve based on developer feedback and actual
defect resolution outcomes represent another valuable research direction. These systems could
learn from their mistakes and adapt to specific project characteristics, coding standards, and team
preferences over time, providing increasingly accurate and relevant analysis.

Research into explainable Al techniques specifically tailored for code analysis could significantly
improve the practical utility of LLM-based systems by providing developers with clear rationales
for detected issues and suggested remediation strategies. Current models show promise in
generating explanations, but systematic evaluation of explanation quality and developer
acceptance remains limited.
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The development of specialized model architectures designed specifically for code analysis tasks,
rather than adapting general-purpose language models, could yield significant performance
improvements. Such architectures could incorporate programming language semantics, software
engineering principles, and development workflow understanding as fundamental design elements
rather than learned patterns.
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