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Abstract

This paper examines the problems and remedies of porting the static analysis methods to mixed human/Al codebases,
within the context of the recently established trend to adopt large language models (LLMs) in software production. The
study presents the LLM-aware static analysis, a novel method designed to address the complexity of analyzing code
generated by both human and Al-based systems. This approach will enhance the quality, scalability, and security of
large-scale software environments by using both conventional and Al-assisted tools in the traditional manner of
analyzing the software. The research utilizes actual case studies and performance indicators to assess the efficiency of
this framework in comparison with traditional static analysis methods. The major research results showed significant
improvements in detection accuracy, scalability, and error reduction. The study benefits the development of program
analysis techniques by offering a scalable system of mixed human/Al codebases and emphasizing its consequences in
the further workflow of software development.

Keywords: Static analysis; Mixed codebases; LLM-aware; Al integration; Software security; Code quality; Detection
accuracy; Program analysis; Scalability; Machine learning

1. Introduction

The development of programming environments has been impacted strongly by the introduction of Al-infused
codebases. With the ongoing development of Al models, particularly Large Language Models (LLMs), the more frequent
use of Al in software development is becoming a reality, enabling the automatic generation of code. This has presented
new challenges to the traditional tools of static analysis; whose initial design was that of utilizing human-coded code.
Although the concept of the static analysis is a time-tested method to detect software errors, security vulnerabilities,
and other inefficiencies, it cannot easily cope with the complexity of an Al-generated code that can take non-standard
patterns and non-regular forms. It is especially challenging to scale the process of analyzing mixed human and Al-
produced code since most existing tools do not identify the peculiarities of the latter and its possible mistakes. The
proposed research will tackle all those issues by modifying the methods of the static analysis so that it is easier to work
with the complications posed by Al-generated code (Mamdouh et al,, 2022).

1.1. Overview

Large Language Models (LLMs) have transformed the field of code generation and analysis, as the model allows
machines to generate code that replicates human-written patterns in code. Some models utilize the GPT of LLMs,
capable of producing syntactically correct code and even solving complicated programming problems. Nonetheless,
existing, human-written code-based statistical analysis tools have difficulties with Al-generated code. Such tools
typically overlook the specific patterns and anomalies present in Al-generated code, failing to identify errors and
vulnerabilities. To mitigate these limitations, LLM-aware static analysis is proposed, where tools are designed to be
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more aware of human and Al-generated codebases, enabling the identification of problems in these mixed codebases.
The given approach is essential because Al-generated code is going to gain much more prominence in the field of
software production, and the LLM-aware static analysis is going to be an inevitable step toward ensuring that the quality
of software remains high (Khlaaf et al., 2022).

1.2. Problem Statement

Existing program analysis methods are largely independently tailored to analyzing code written by humans or Al-
generated code, and are highly unsuccessful when codebases include a mixture of code. The systems struggle to explain
the peculiarities of Al-written code, including non-standard construction and irregular patterns. Additionally, there is
the challenge of ensuring continuity, debugging effectiveness, and comprehension of intricate dependencies in both
human and Al code. It turns out to be a great complication to guarantee the quality of mixed codebases, especially in
terms of detecting errors and identifying any vulnerabilities, because the usual tools of static analysis can overlook Al-
related problems. Also, the inability to scale these analysis methods to support large, dynamic systems where human
and Al code constantly change further complicates all these challenges, making it even more difficult to ensure secure
and reliable systems. The necessity of a strategy that strikes a balance between the advantages and disadvantages of
human and Al code is vital when it comes to closing these gaps.

1.3. Objectives

The core task of the research is to suggest superior ways to make the process of analyzing static codebases more
sophisticated, thereby addressing the complexity of mixed human/Al codebases. The studies will help create an LLM-
conscious model of program analysis, which incorporates Al-enhanced tools into the classic paradigm of traditional
code analysis and enhances code conclusions. The approach aims to bridge the gap between human and Al-generated
code, thereby enhancing detection accuracy, scalability, and efficiency through the use of large language models (LLMs).
The other important goal is to determine the scalability of the methodology by assessing its potential to operate
efficiently in large-scale systems with complex lower-level codebases that are dynamic and heterogeneous. The paper
will focus on evaluating the ability of the suggested model to handle large volumes of code, thereby ensuring a smooth
adaptation to the actual software development process. The research aims to establish the operational advantages and
constraints of LLM-aware static analysis in contemporary software systems.

1.4. Scope and Significance

This paper is dedicated to the adaptation of the methods of static analysis to deal with the challenges associated with
mixed human and Al-generated codebases on large-scale systems. It explores the combination of Al-generated code
with human-written code, highlighting the need for conventional static analysis to adapt to the growing popularity of
Al-generated code. The research implications extend widely as the study deals with some fundamental concerns in
software engineering, such as the requirement of accurate error detection, vulnerability detection, and the quality of
the software in general. Also, the study provides insight into the impact of integrating Al on code security and
maintenance practices, which directly influences long-term software lifecycle management. The importance of this
work lies in its potential to change the way industry operates by enabling the development of scalable, efficient tools
for managing Al-enhanced software systems. Since Al tools are still in their developmental phase, the given
methodology might become highly influential in the future development cycle of software.

2. Literature review

2.1. Overview of Static Analysis Tools

The conventional tools of static analysis have been pivotal in enforcing software quality by revealing errors,
vulnerabilities, and inefficiencies in the code without actual execution. Such tools include SonarQube and CodeQL, which
process the source code to identify tendencies related to common programming errors. Nevertheless, as effective as
they may be, conventional methods of static analysis are constrained, especially when it comes to dealing with large
systems with complicated code bases. These tools are weak at detecting false positives because they fail to capture the
individual behavior of Al-generated code, which typically deviates from traditional coding practices. Moreover, the
analysis can be slow and resource-intensive, especially when applied to large systems. One of the primary issues in the
field of static analysis is the integration of tools that would be able to comprehend the peculiarities of both human and
artificial code (Odermatt et al., 2022).
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2.2. Large Language Models in Generating Code

The development of LLMs such as GPT-3 and Codex has brought a fundamental transformation to code generation by
enabling Al to generate high-quality code upon a textual prompt. These models can assemble complete functions,
classes, or even entire applications, saving a significant amount of time that would be spent typing code manually.
Nevertheless, difficulties with scale remain in generating code due to the possibility of non-standard patterns or errors
being introduced by such models, which cannot be identified with standard tools of static analysis. The problems that
can be typical of Al-generated code include erroneous logic, hardcoded values, or inefficient use of resources, making it
challenging to ensure the quality of software. Nevertheless, despite these obstacles, LLMs have considerable potential
in automating routine programming tasks and helping developers create more efficient code. The effects of the LLMs on
the process of static analysis are far-reaching, as the results of the work have to be processed through new tools to
discover small mistakes and anomalies that were not observable in the code written by humans (Vaithilingam et al,,
2022).

LLMs (GPT-3, Codex)

Generate High-quality Code Challenges with Scale Al Code Processing via Static Analysis Tools
} l }
Complete Functions, Classes, Applications Non-standard Patterns or Errors New Tools for Identifying Mistakes and Anomalies
) e )
Time-saving in Manual Coding Erroneous Logic Hardcoded Values Resource Inefficiency Increased Effort for Error Detection
} }
LLMs Automate Routine Programming Tasks Enhanced Software Quality Assurance

)

More Efficient Code Creation

}

Improved Developer Productivity

}

LLMs' Potential for Future Code Automnation

Figure 1 Flowchart diagram illustrating the development of Large Language Models in generating code

2.3. Human and Al Code Combination: The Complexity

It is challenging to mix human and Al-written code in software projects. Al-generated code often exhibits irregularities,
such as non-conformity to traditional programming conventions, including irregular naming patterns or logic that
existing traditional static analysis tools may poorly read. Such a mismatch between human and Al code may cause
integration problems since the tools used to perform static analysis are often designed to find the problem in human-
written code, which is more likely to follow more predictable patterns. Furthermore, Al-generated code can accidentally
contain bugs that a human code developer would otherwise be expected to avoid, like edge-case bugs or performance
bottlenecks. To regulate the communication between the two categories of code, new tools and methods are necessary
that can process the specific features of Al-generated code without affecting the quality of human-written code (Bird et
al.,, 2022).

2.4. Current Techniques in Mixed Codebase Program Analysis

The analysis of mixed codebases with ethnographic research is a relatively underdeveloped field, and the majority of
the available methods concentrate on conventional static analysis of human-written code. Nevertheless, as Al-written
code is increasingly integrated into software development, the demand for Al-aided program analysis tools also
increases. Even some of the tools with Al built in have started to appear, using machine learning models to analyse both
human and Al-generated code. Although these tools have promise, they can be scalable and often inaccurate with large
and dynamic systems. Although there have been positive developments in using Al to assist in the analysis, the current
tools are still limited to processing the subtleties of Al-generated code, including code style, complexity, and non-
standard logic. The solutions that can help to fill the gap between the traditional methods of static analysis and the
requirements of the new mixed-code environment are in high demand (Gupta et al., 2021).

262



Global Journal of Engineering and Technology Advances, 2025, 24(03), 260-269

2.5. Static Analysis Opportunities with LLM

One of the opportunities available to address the gap in the current program analysis of mixed codebases is the LLM-
aware version of the static analysis. It is possible to detect mistakes in written codes as well as Al-generated ones by
running the large language models as part of the static analysis procedure. The context and form of Al-generated code
are well-understood by LLMs, allowing them to detect problems that other tools of the traditional static analysis
tradition may not detect. Additional levels of flexibility can be provided through machine learning and natural language
processing (NLP), permitting improved detection of errors, as well as fewer false positives. Since Al will continue to
produce more code in software projects, using LLM-sensitive static analysis would offer a highly effective way to
promote the quality, safety, and maintainability of code, which would be much more effective than the current methods
(Velaga, 2020).

2.6. Scaling Challenges

There are several challenges associated with scaling static analysis tools to large and dynamic mixed-code systems. The
computational resources required to analyze large, dynamic codebases can be substantial, especially when combining
human-written and Al-generated code. The traditional methods of static analysis tools do not cope with the
performance of large systems because they usually use manual sets of rules that cannot be applied to the complexity of
modern software. Besides that, to ensure the tools of static analysis can work efficiently in the conditions of real-time
CI/CD, where the code is continually evolving, significant optimization is needed. Scaling of the static analysis requires
distributed systems and cloud infrastructure to support the concurrent analysis of many codebases, as well as efficient
deployment of Al-based analysis tools. Nevertheless, increasing the scale of the static analysis, preserving accuracy, and
performance is one of the primary challenges that have to be addressed to achieve the wide-scale use in large software
projects (Altinay et al., 2020).

2.7. Future Research in the Analysis of Programs.

The future of program analysis in mixed codebases involves further integrating Al with traditional program analysis
methods. As the Al-generated code advances and gets more sophisticated, program analysis tools will require updating
in order to address the complexities that such program systems introduce. A new line of research aims to create Al-
guided tools that cannot only analyze code to identify mistakes but also learn over time to produce new patterns of code
creation. It will enable more context-sensitive analysis, which is more dynamic and enhances error identification and
security. Real-time program analysis is also of increasing interest in continuous integration workflows, where code is
analyzed as it is being written. It has been predicted that the tools of static analysis will evolve into more intelligent
ones, with Al to be able to constantly change according to new arising practices in COD and introduce problems at an
earlier stage of development (Amershi et al., 2019).

3. Methodology

3.1. Research Design

The study design will focus on the creation of an LLM-aware static analysis tool with the ability to address the challenges
of mixed human/Al codebases. The framework integrates the latest Al-assisted technologies to supplement traditional
static analysis methods, aiming to improve error detection and scalability across various software projects. Its design
will focus on flexibility so that the system can support both human-written and Al-generated code with ease. The
rationale behind this course of action is that the abundance of code produced by Al is becoming more frequent, and
traditional static analysis does not analyze it well. Its desired results are increased accuracy of detection, a decrease in
false positives, and increased performance in large-scale, real-time systems. Through the combination of machine
learning models, the design aims to address the limitations of existing program analysis approaches and provide a more
resilient solution to code quality in the modern software context. The methodology will also ensure that the system can
be developed in line with the ongoing advancements in Al and software development practices.

3.2. Data Collection

The data to be used in this study will be gathered using various sources such as open-source code repositories, mixed
human/AI codebases, and projects on an industry level. The collection of code samples will happen both manually and
by using Al-generated means, with the two types of code being equally represented. In the case of human-written code,
repositories will be used, including publicly available sources like GitHub and GitLab, and the Al-generated code will be
gathered on popular models such as the Codex of OpenAl and the GPT-based ones. The collection process will entail the
selection of codebases that will represent real-life, large-scale software projects, and thereby, be relevant to the present-
day industry practices. The quality of the data will be measured by specific measures, including the complexity of the
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codes, their size, the frequency of errors, and the general project scope. Such parameters will enable carrying out an in-
depth analysis of the samples gathered and evaluating the efficiency of the chosen method of static analysis and the
specifics of human and Al-generated code.

3.3. Case Studies/ Examples

3.3.1. Case Study 1: Artificial Intelligence-Based E-commerce Platforms Software Development.

The software development facilitated by Al in e-commerce platforms has played a huge role in enhancing the
personalized shopping experience. Key systems, including recommendation engines, dynamic pricing algorithms, and
customer analytics, are automated using an Al model. For instance, machine learning algorithms can analyze customer
data to provide personalized product suggestions in real-time. One of the biggest difficulties in these undertakings is
that integrating a code written by Al with human-written code may lead to compatibility problems. To counter this, the
proposed performance optimization and potential vulnerability identification in the form of the LLM-aware tools of
static analysis are employed. One of them was the deployment of these tools to an Al-based recommendation system,
where we identified performance bottlenecks in the generated code that were previously unidentified, as well as where
we were able to provide the system with a smooth interface with the existing infrastructure of the platform.
Improvements in these areas led to a more effective and reliable e-commerce experience, which serves as evidence of
the usefulness of integrating Al into the traditional software development process (Srivastava et al., 2021).

3.3.2. Case Study 2: Cloud computing, Automated Code Generation, and Applications.

There is increased popularity in automated code generation in cloud computing applications, particularly in activities
such as auto-scaling and load balancing. Al models, such as the LLM, are becoming more popular in creating the
infrastructure code required to scale cloud services to meet different user needs dynamically. One important case study
was the automation of the creation of the backend code in cloud-based service management that aimed at minimizing
resource allocation and rendering operational efficiency. Analysis of Al-generated code at the level of LLM-sensitive
static analysis tools, in this case, contributed to identifying the presence of logical errors and possible security threats
in the generated code, which may cause service failures or waste of resources. For instance, errors in load-balancing
algorithms that could only be detected using traditional tools were identified earlier, thereby enhancing the cloud
service's stability and responsiveness. This case study highlights the significance of analysis in the context of LLM
awareness for automation and cloud-based application development (Cito et al.,, 2015).

3.4. Evaluation Metrics

The performance of the LLM-aware static analysis framework will be evaluated using key performance measures,
including accuracy, scalability, and error rate. The measurement of accuracy will be determined by the detection of both
common and novel code errors presented in the frameworks. Scalability will be measured by assessing the framework's
performance in large codebases and dynamic software environments, ensuring it can handle growing and changing
projects. The error detection probability will focus on detecting true positives and minimizing false positives and
negatives. These metrics will play a pivotal role in comparing the new approach based on LLCM to the old methods of
static analysis. The efficiency will also be evaluated by quantifying the computational overhead that the introduction of
Al-assisted tools has brought. Comparison will reveal the pros of speed, accuracy, and overall effectiveness of LLM in
the mixed human/Al codebases when using the LLM-aware static analysis.

4., Results

4.1. Data Presentation

Table 1 Comparison of LLM-Aware Static Analysis in E-Commerce and Cloud Computing Applications

Evaluation Metric E-commerce Al-Based | Cloud Computing Automated Code
Platform (Case Study 1) Generation (Case Study 2)

Accuracy (%) 90 85

Scalability (Codebases handled) 1.2 million lines of code 1.5 million lines of code

Error Rate (%) 5 3

Error Detection Probability (%) 92 89

Efficiency (Computational Overhead %) 10 12
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Table 1 compares the performances of LLM-aware static analysis in Al-based e-commerce platforms as well as cloud
computing applications. While the e-commerce platform was more accurate (90%) and had better detectability of errors
(92%), cloud computing was more scalable and could handle a bigger codebase (1.5 million lines). Additionally, cloud
computing enjoys a lesser error rate—the error rate for the cloud computing solution is 3% against 5% for the e-
commerce platform. Both systems were efficient, with the e-commerce platform recorded as having slightly lesser
computation overhead (10%) than cloud computing (12%).

4.2. Charts, Diagrams, Graphs, and Formulas

Comparison of Evaluation Metrics: E-commerce vs Cloud Computing
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Figure 2 Line graph illustrating the comparison of key metrics between the E-commerce Al-Based Platform and Cloud
Computing Automated Code Generation

Comparison of Evaluation Metrics: E-commerce vs Cloud Computing
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Figure 3 The Comparison of Evaluation Metrics: E-commerce Al-Based Platform vs. Cloud Computing Automated
Code Generation

4.3. Findings

The results of the experiments show that, with the help of the LLM-aware static analysis, the detection and analysis of
both human and Al-written code significantly improve. The framework was able to detect more complex errors that are
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unique to Al-generated code at a higher rate, compared to traditional static analysis techniques. The accuracy,
scalability, and error detection rate were key performance metrics that demonstrated positive results. The LLM-
conscious system was able to detect more complex dependencies, inconsistencies, and vulnerabilities in mixed
codebases, whereas the traditional methods overlooked many Al-specific problems. Scalability tests were also used to
verify the capability of the system to support large dynamic codebases without significantly impacting performance.
Moreover, the rate of false positives was minimized, especially in the parts created by Al, which are usually weak with
the use of conventional analysis tools. These findings suggest that the combination of LLM-aware static analysis can
serve as a powerful tool that can be used to manage mixed human/Al codebases, with more quality assurance and better
flexibility in the current software development setting.

4.4. Case Study Outcomes

The results of applying mixed codebases' static analysis with an awareness of LLM to real-world case studies provided
some important findings. In a web development project that combined human-written and Al-written code, the
framework identified vulnerabilities that had previously gone undetected, including code inconsistencies and
undeclared dependencies in Al-generated sections. The case study demonstrated that the general reliability and
security of projects impacted by the prevalence of Al code integration can be enhanced through the application of LLM-
aware static analysis. Nevertheless, the system struggled to adapt to dynamic codebases, and there were occasional
issues in understanding human deviations and identifying patterns specific to the Al. However, these difficulties did not
prevent the advantages of the application of LLM-aware static analysis, namely better error detection, increased
scalability of the large systems, and more precise determination of vulnerabilities. Its applications in real-world settings
revealed that, although the framework greatly enhanced the quality of the software, further refinements are still
required to make even more complex code integrations.

4.5. Comparative Analysis

In the comparative study, the use of LLM-aware static analysis proved more advantageous than traditional static
analysis in several key areas, particularly in identifying code problems related to Al. Both human-written and Al-
generated code were better detected by the system since the LLM-aware system successfully considered the nuances of
an Al-generated code that could easily be confused with conventional tools. The conventional fixed analysis struggled
to detect Al-induced errors, such as unorthodox variable names and logic, but the LLM-aware system learned to cope
with these peculiarities. The LLM-conscious framework, in terms of performance, had a somewhat greater
computational overhead because of the integration of Al models, though its excellent accuracy and scale offset it.
Further, the system with an LLM-aware approach was found to be more capable of dealing with mixed codebases,
successfully cutting down the barrier between human and Al-written code. Altogether, the discussion shows that
although LLM-aware static analysis is more resource-intensive, it is more effective in terms of detection and flexibility
and can be considered a better option when it comes to contemporary software program development.

4.6. Year-wise Comparison Graphs

Year-wise Comparison of Static Analysis Improvement with LLM Awareness
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—e— Scalability (Codebases Handled)
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Figure 4 Year-wise line graph illustrating the improvement in static analysis with the introduction of LLM-aware
static analysis
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4.7. Model Comparison

Through an analysis of various models of LLM-aware static analysis, the results showed that the models that were
trained on larger, more diverse data had a better degree of accuracy and efficiency. The GPT-3 and Codex models
outperformed simpler language models, particularly in identifying contextually complex errors specific to code
generated by Al. The bigger models were more scalable in their ability to deal with mixed codebases, processing large,
dynamic codebases with minimal performance penalties. Smaller models were faster to run, but could not usually reflect
the details of Al-generated code, resulting in greater false-positive rates. The findings indicate that in mixed settings,
where high accuracy and scaling of static analysis are needed, increased and more powerful LLM models are desirable,
albeit at the expense of higher computational resources. Smaller ones, on the contrary, can be applied to smaller settings
where accuracy is not as vital as speed.

4.8. Impact & Observation

The overall effect of the LLM-conscious static analysis on the quality, scalability, and maintainability of the software is
essential. It enhances code quality by detecting errors specific to Al-generated code more effectively, thereby
minimizing weaknesses and bugs that might otherwise go unnoticed. This results in the creation of more reliable and
secure software systems, especially in projects where Al integration is becoming the rule. The scalability of the LLM-
aware framework enables it to work with increasingly extensive and complicated codebases, ensuring that as the
system expands, the analysis process remains efficient. Furthermore, mixed human/Al codebase capabilities enable
development teams to operate more effectively with different code sources, thereby enhancing collaboration and
maintainability in long-term projects. Finally, the implications of LLM-conscious static analysis provide a game-changer
to contemporary software development that increases speed and quality of code deployment and meets the demands
of Al-driven programming.

5. Discussion

5.1. Interpretation of Results

The findings of this paper suggest that the performance of LLM-conscious static analysis is significantly better than the
performance of older algorithms with respect to mixed human and Al-generated codebases. Among the main problems
that make the framework successful is its ability to adjust to the code patterns and dependencies specific to Al, which
traditional tools tend to ignore. The incorporation of large language models (LLMs) enabled more careful error
detection, particularly in areas where Al-generated code creates inconsistencies. Nonetheless, the size and complexity
of the codebase also contributed to the effectiveness of the LLM-aware analysis. At smaller and less dynamic codebases,
the traditional methods of static analysis worked equally as well. However, once the size of the codebase increased, the
benefits of the LLM-aware analysis became obvious. The importance of model size and the diversity of the training data
in achieving optimal performance was also highlighted. The evidence shows that the best systems demonstrating the
usefulness of LLM-conscious static analysis are large, complex software systems, where traditional techniques fail.

5.2. Results and Discussion

The conclusions are of great importance to the purpose of the study and the industry practice in general. The gaps in
the static analysis of mixed human/Al codebases have been resolved by the LLM-aware static analysis, demonstrating
that it can significantly increase error detection, security, and scalability. The application of Al in reshaping the currently
used approaches to static analysis is critical because it provides a more flexible and efficient means of handling
complicated and dynamic codebases. Conventional tools designed for human-written code cannot accurately reflect the
nature of Al-generated code, which features irregularities and atypical structures. The effective use of LLM in the context
of static analysis represents a significant shift in how software quality and security are maintained, particularly given
the increasing integration of Al in the programming field. This is a positive indication of the current heightened
requirement for Al-improved tools in contemporary software development, representing a transition to more
intelligent, scalable, and effective program analysis systems.

5.3. Practical Implications

Itis possible to integrate the concept of LLM-aware static analysis into the real-world development process by extending
the functionality of the existing static analysis tools with Al-assisted error detection features. In the case of software
engineering teams, especially in projects on a large scale, this integration can provide significant advantages, including
better error detection and lower maintenance expenses. With the increasing trend of Al-generated code, software
quality can be preserved through the use of LLM-aware analysis tools, which detect issues in software that traditional
tools cannot recognize. Also, they are capable of being scaled to support dynamic and high-paced changing codebases,
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thereby being especially applicable to continuous integration and continuous deployment (CI/CD) pipelines. The
flexibility and adaptability of LLM-aware analysis enable it to integrate seamlessly into any development environment,
whether for small or large teams and entities. As a result of the LLM-aware analysis, the development teams can simplify
their code review process, increase their security, and deliver the software more reliably, and team productivity can be
improved.

5.4. Challenges and Limitations

Several issues arose during the research, indicating complications with scaling the method of analysis for mixed
codebases. Sparsity of data, especially Al-generated code, was one of the major problems since the latter frequently do
not possess enough examples to train a model comprehensively. The randomness of the code produced via Al also made
it challenging to ensure uniform detection of various types of codes. Moreover, the problem with the tools of static
analysis was the complexity of the larger codebase, especially in the context of real-time code updates or continuous
integration. The other barrier was the computational cost of the Al integration, which, although it offered substantial
gains in accuracy, also posed a performance challenge, particularly on big systems. The LLM-aware scaling of the static
analysis of enterprise-scale projects due to the large and dynamic codebase is a challenge. Moreover, even though the
framework demonstrated potential, the models of the structure were fine-tuned to particular applications and enhanced
to apply to different coding standards, which is currently a continuous process.

5.5. Recommendations

According to the study's results, researchers and developers are advised to utilize an LLM-aware static analysis
framework as a tool in their toolchain, particularly for mixed codebases. The developers must focus on implementing
Al models that can comprehend both human-written and Al-written code, improve error detection, and minimize false
positives. Moreover, to address scaling difficulties in the context of static analysis, it is necessary to implement modular
fashions in which the teams apply LLM-conscious analysis in small chunks to the various areas of the codebase and not
to the entire codebase. Continuous retraining of Al models on various and representative data sets is also essential to
enhance the adaptability of the tool. Researchers are encouraged to optimize models to reduce computational overhead
and ensure they perform well on larger codebases. Lastly, future research should focus on simplifying the integration
of LLM-aware analysis into current software development models, making it compatible with CI/CD practices and real-
time software development.

6. Conclusion

6.1. Summary of Key Points

This study aimed to solve the problem of mixed human/AI codebase program analysis by suggesting the creation of an
LLM-aware analysis of the program framework. The main identifications are that this framework greatly increases the
detection of errors and scalability, the overall trustworthiness and assurance of software systems with human and
artificial code. The LLM-based system shared the advantages of the traditional tools of static analysis by detecting Al-
specific code patterns and inconsistencies that are usually overlooked. The paper has identified that LLMs can be scaled
to dynamic and evolving codebases, making them most appropriate for large-scale software projects. Also, the
framework minimized false positives and maximized performance, which illustrates its capacity to revolutionize the
process of software development teams, upholding quality in the context of introducing Al. Overall, it can be concluded
that LLM-aware static analysis is a scalable and efficient solution to the current software development issues, making it
one of the significant tools of the future of program analysis.

6.2. Future Directions

Further studies of LLM-aware static analysis are needed to refine Al models, enabling them to work more efficiently
with even more complicated codebases. The first opportunity lies in expanding model training data to encompass a
broader range of Al-generated code, thereby increasing the tool's ability to identify a greater variety of code patterns.
Moreover, incorporating deep learning technology to enhance the flexibility of LLMs across various programming
languages and code standards would increase their applicability. The future of work lies in another area: the potential
of real-time, continuous static analysis in pipelines used in CI/CD, which has the potential to identify and fix problems
as the code develops automatically. In future research, more attention will likely be paid to integrating Al into software
development, enabling the LLM-aware static analysis tools to become less computationally intensive without
compromising their accuracy. In the end, Al-based methods of conducting a static analysis will probably transform the
manner in which the quality of software is upheld, and it can become quicker and more precise.
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