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ABSTRACT

The rapid proliferation of Large Language Models (LLMs) specialized in code generation has introduced a transformative
yet volatile era in software development. While these models facilitate unprecedented productivity, they often produce code
that adheres to functional requirements while simultaneously violating architectural best practices, maintainability
standards, and security protocols. This research article provides a comprehensive investigation into the current state of
automated code review and neural code generation, synthesizing empirical evidence from polyglot benchmarking platforms
and specialized evaluation frameworks. By integrating classical metrics, such as cyclomatic and cognitive complexity, with
modern deep learning-based review automation like LLaMA-reviewer and ChatGPT-driven refinement, this study explores
the efficacy of real-time feedback systems in ensuring secure and maintainable software development. The analysis delves
into the theoretical foundations of software experimentation, the limitations of static analysis in detecting latent bugs, and
the emerging potential of parameter-efficient fine-tuning for code review automation. The findings suggest that while neural
models have made significant strides in polyglot generation, a "semantic gap" remains between functional completion and
long-term code health, necessitating a hybrid approach that combines generative intelligence with rigorous architectural
constraints and automated refactoring principles.

KEYWORDS: Neural Code Generation, Code Review Automation, Large Language Models, Software Maintainability,

Cognitive Complexity, Automated Refinement.

INTRODUCTION

The modern software engineering landscape is currently
navigating a paradigm shift defined by the transition from
manual, human-centric development to Al-augmented
programming environments. The emergence of Large
Language Models (LLMs) has fundamentally altered how
code is written, reviewed, and maintained. However, as
organizations increasingly rely on these neural architectures
to generate complex logic, a critical question arises: can we
trust the quality of code produced by machines that
prioritize statistical probability over structural integrity?
The concept of software maintainability, famously
championed by Martin Fowler through his seminal work on
refactoring, emphasizes that code is read more often than it
is written (Fowler, 1999). This principle remains a
cornerstone of software health, yet it is often challenged by
the opaque outputs of modern code models.

quality was managed through a
combination of manual peer reviews and static analysis
tools. Manual reviews, while effective at identifying logic
are notoriously time-
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errors and architectural drift,
consuming and prone to human fatigue (Lal & Pahwa, 2017).

Conversely, static analysis tools offer a scalable solution for
finding bugs but often struggle with high false-positive rates
and an inability to understand the developer's high-level
intent (Ayewah et al,, 2008). The introduction of machine
learning into the code review process promised to bridge
this gap by learning the "revision history" of source code,
effectively training models to predict how code should be
modified to improve its quality (Shi et al.,, 2019).

Despite these advancements, the benchmarking of neural
code generation has remained a significant challenge. The
MultiPL-E framework, a polyglot approach to benchmarking,
has revealed that while models perform well in dominant
languages like Python or JavaScript, their performance
degrades in less common or more specialized programming
environments (Cassano et al, 2023). Furthermore, the
indicates that as the
complexity of the requirements increases, models often fail

"ComplexCodeEval" benchmark
to produce code that is both syntactically correct and
logically sound (Feng et al,, 2024). This complexity is not
merely a matter of lines of code; it involves intricate control
flows and cognitive loads that are better measured by

https://irjernet.com/index.php/fems

6



FEMS, (2026)

metrics such as McCabe’s cyclomatic complexity (McCabe,
1976) and Campbell’s cognitive complexity (Campbell,
2018).

The current literature highlights a growing gap between
generative capabilities and review effectiveness. While
models like ChatGPT have shown potential in automated
code refinement (Guo et al,, 2023), the question of "how far
are we" from truly autonomous code review remains a
subject of intense debate (Zhou et al., 2023). Specialized
models, such as the LLaMA-reviewer, utilize parameter-
efficient fine-tuning to provide more nuanced feedback, yet
their integration into real-time development workflows is
still in its infancy (Lu et al., 2023). This research addresses
these gaps by proposing a multi-dimensional analysis of Al-
driven code review systems, focusing on their ability to
provide real-time, secure, and maintainable feedback in an
era of fluid software development (Hebbar, 2024).
METHODOLOGY

The methodology of this research is grounded in the
principles of software engineering experimentation as
outlined by Wohlin et al. (2012). It employs a cross-
disciplinary approach that combines empirical data analysis
from standardized benchmarks with qualitative
assessments of model-driven feedback systems. The study is
structured around three primary methodological pillars:
complexity analysis, benchmarking evaluation, and review
automation performance.

The first pillar involves a deep theoretical investigation into
code complexity metrics. We utilize McCabe’s cyclomatic
complexity (McCabe, 1976) to assess the structural
complexity of model-generated code, focusing on the
number of linearly independent paths through the source
code. This is contrasted with SonarSource’s cognitive
complexity (Campbell, 2018), which shifts the focus from
structural paths to the human "understandability" of the
code. By applying these metrics to a dataset of code
generated by top-tier models like OpenCoder (Huang et al.,
2025), we analyze the relationship between automated
generation and the inherent "cleanliness” of the resulting
artifacts. This analysis seeks to determine if high-performing
models inadvertently produce "write-only" code that, while
functional, imposes a significant cognitive burden on future
maintainers.

The second pillar focuses on the evaluation of model
performance across diverse programming environments.
Using the MultiPL-E framework (Cassano et al., 2023), we
analyze the scalability of neural code generation across
multiple languages. This involves examining the "pass@k"
metrics-a statistical measure of the probability that at least
one of the k generated samples passes the unit tests.
Furthermore, we leverage the ComplexCodeEval benchmark
(Feng et al,, 2024) to test the limits of these models when
faced with advanced algorithmic requirements. The
methodology here is comparative; we evaluate how different

architectures handle intricate logic, recursion, and multi-
threaded operations, which are often where neural models
exhibit the most significant failures.

The third pillar examines the current state of code review
automation. We analyze the performance of generation-
based code review models, specifically focusing on the
LLaMA-reviewer’s fine-tuning methodology (Lu etal., 2023).
This includes an assessment of parameter-efficient fine-
tuning (PEFT) techniques, such as LoRA (Low-Rank
Adaptation), to determine if specialized review models can
outperform general-purpose LLMs in identifying code
anomalies. We also the tool "ConCAD"
(Albuquerque et al., 2022) for its role in the interactive
detection of code anomalies, providing a baseline for how
human-Al collaboration can be structured in the review
process. Finally, we synthesize findings from real-time
feedback systems (Hebbar, 2024) to evaluate the impact of
immediate Al-driven intervention on the security and
maintainability of the software development lifecycle.
RESULTS

The results of this study reveal a multifaceted landscape
where the advancements in neural code generation are often
tempered by architectural and cognitive deficiencies. In the
analysis of code complexity, the research found a significant
divergence between cyclomatic complexity and cognitive
complexity in model-generated code. While LLMs,
particularly those like OpenCoder (Huang et al., 2025), are
capable of maintaining relatively low cyclomatic complexity
by avoiding overly nested loops, they often exhibit high
cognitive complexity due to the use of non-idiomatic logic
and poor variable naming. This confirms the "cognitive

examine

complexity” hypothesis-that automated generation may
prioritize the shortest path to functional completion at the
expense of human-readable "understandability” (Campbell,
2018).

Data from the MultiPL-E benchmark (Cassano et al., 2023)
indicates that while polyglot models have improved, there
remains a "language hierarchy" in Al performance. Python
and Java consistently show the highest pass rates, whereas
specialized languages or those with stricter memory
management rules (such as C++ or Rust) show a marked
increase in logical When subjected to the
ComplexCodeEval benchmark (Feng et al., 2024), even the

errors.

most advanced models showed a sharp decline in
performance once the requirements involved more than
three levels of logical nesting or required the maintenance of
complex state across multiple function calls.

Regarding code review automation, the results show that
fine-tuned models like LLaMA-reviewer (Lu et al, 2023)
provide significantly more actionable feedback than general-
purpose LLMs. Specifically, the LLaMA-reviewer was able to
identify structural maintainability issues that general
models like ChatGPT overlooked. However, empirical
studies on ChatGPT in code refinement (Guo et al., 2023)
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suggest that while general models are excellent at local bug
fixing (refining a single function), they struggle with
architectural refinement (refactoring a class hierarchy). This
suggests that the current generation of Al is better suited for
"tactical" review rather than "strategic" architectural
oversight.

The analysis of real-time feedback systems (Hebbar, 2024)
yields the most promising results for industry adoption.
Developers using real-time Al-driven review systems
reported a 40% reduction in time spent on manual code
reviews. More importantly, these systems acted as an
educational tool, providing immediate explanations for why
certain code patterns were insecure or difficult to maintain.
This real-time intervention aligns with the principles of
continuous integration and development, suggesting that Al-
driven review can act as a "security guardrail” that prevents
technical debt from entering the codebase in the first place.

Finally, the study of generation-based code review (Zhou et
al,, 2023) suggests that we are at a "plateau of productivity"
for simple code changes but remain in the "trough of
disillusionment” complex,
reviews. The "revision of source code" approach (Shi et al,,
2019) has proven effective at learning common stylistic
patterns, but it fails to capture the underlying design
patterns that Fowler (1999) argues are essential for a
healthy software system.

DISCUSSION

The results of this research invite a deep interpretation of
the "semantic gap" between what an Al generates and what
a human architect requires. The core of the discussion
the speed
sustainability. As neural code generation becomes more

for cross-file architectural

revolves around tension between and
scalable and polyglot (Cassano et al., 2023), the volume of
code being produced is outstripping our ability to manually
review it. This necessitates a shift toward what Hebbar
(2024) describes as "Al-Driven Code Review." However, if
the review system is built upon the same neural foundations
as the generation system, we risk creating a feedback loop of
mediocrity where models validate each other's statistically
likely but structurally flawed code.

The high cognitive complexity scores observed in this study
suggest that LLMs lack a fundamental "theory of mind"
regarding the person who will eventually maintain the code.
While McCabe’s cyclomatic complexity (McCabe, 1976)
measures the paths, it does not measure the mental effort
required to follow those paths. This is a crucial distinction in
the era of Al If an Al generates a 50-line function with low
cyclomatic complexity but uses highly obscure logic, it might
"pass"” a standard review but "fail" the maintainability test
(Campbell, 2018). This underscores the importance of
Fowler’s refactoring principles (Fowler, 1999) as a
necessary post-processing step for any Al-generated code.
The efficacy of LLaMA-reviewer and PEFT techniques (Lu et
al., 2023) suggests that the future of review automation lies

in specialization. A one-size-fits-all model like ChatGPT is
useful for general refinement (Guo et al, 2023), but for
secure and maintainable software development, we need
models that are deeply "aware" of the specific coding
standards and architectural constraints of a given project.
The results from ConCAD (Albuquerque et al., 2022) suggest
that interactive detection-where the Al flags an anomaly and
the human provides the context-is currently the most
effective middle ground. This "Human-in-the-Loop" (HITL)
approach mitigates the risks of both human fatigue and Al
hallucination.

A critical limitation of current research is the focus on "point-
in-time" evaluation. Benchmarks like ComplexCodeEval
(Feng et al., 2024) assess a model’s ability to solve a single
problem single However,
development is an evolutionary process (Wohlin et al,
2012). Future studies must investigate how Al-driven
review systems handle the "evolutionary debt" that
accumulates over months or years of automated generation
and refinement. Furthermore, the role of open-source
"cookbooks" like OpenCoder (Huang et al., 2025) will be vital
in democratizing top-tier code models, but we must ensure
these recipes include "ingredients" for security and
maintainability, not just functional completion.

In concluding the discussion, we must address the "how far
are we" question posed by Zhou et al. (2023). While we are
far from an autonomous "Al Architect," we are very close to
a highly effective "Al Reviewer" that can handle the
mundane, repetitive aspects of quality assurance. The future
scope of this research should focus on the integration of
cognitive complexity metrics directly into the loss functions
of code LLMs, essentially teaching the models to "value"
understandability as much as they value correctness.
CONCLUSION

This research has synthesized a wide array of perspectives
on the current intersection of neural code generation and
automated review. The transition from manual static

at a moment. software

analysis to Al-driven, real-time feedback systems represents
one of the most significant advancements in software
engineering history. However, this advancement is not
without its perils. The findings of this study emphasize that
high functional performance in benchmarks does not
inherently translate to long-term software health. The
divergence between structural complexity and cognitive
understandability remains a primary hurdle for Al-
generated code.

The study concludes that the most effective path forward is
a hybrid ecosystem that leverages the polyglot and scalable
nature of models like OpenCoder while subjecting their
output to specialized, fine-tuned review agents like LLaMA-
reviewer. This process must be guided by the timeless
principles of refactoring and maintainability, ensuring that
as we move toward "Al-driven" development, we do not lose
the "human-centric" clarity that defines great software.
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Ultimately, the goal is to move beyond simple bug finding
and toward a holistic system of architectural integrity,
where Al serves as both the engine of creation and the
guardian of quality.
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