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Abstract

Software engineering workflows increasingly incorporate Large Language Models (LLMs),
yet most evaluation metrics remain centered on functional correctness. In contrast, the
internal quality and long-term maintainability of Artificial Intelligence (Al)-generated
code—assessed through code smells—are still largely unexplored. This thesis addresses two
key questions: (1) How do the quality profiles of open-source LLMs compare to those of hu-
man developers? Moreover, (2) Can prompt engineering meaningfully improve code quality?
We conduct a systematic study of three open-source LLMs (Phi-3-mini, Phi-4, Qwenz2.5-Coder)
across two realistic benchmarks (CoderEval and BigCodeBench-Hard). Our analysis spans
6,048 code samples, including 5,670 LLM-generated solutions produced with five prompting
strategies (Zero-Shot, Quality-Focused, Persona-Based, Chain of Thought (CoT), Recursive
Criticism and Improvement (RCI)) and 378 human-written canonical solutions, evaluated
using industry-standard static analysis tools (Pylint, Bandit).

Our findings reveal three central insights. First, LLMs exhibit a pronounced Syntax-Logic
Gap: although 98.5% of generated code is syntactically valid, 52% — 78% contain at least
one code smell, with Eo6oz2: Undefined variable among the most common, reflecting both
genuine hallucinations and the models’ reliance on implicit project contexts. Second, while
LLMs produce fewer total smells than humans on average (1.77 vs. 4.27), their quality
profiles differ substantially—human code tends toward stylistic violations. In contrast,
LLM-generated code frequently contains structural errors such as undefined variables and
namespace collisions. Third, simple constraint-based prompts reduce smell density by 7%
— 15%, but more complex recursive self-correction strategies consistently degrade quality
through verbosity and hallucinated refactoring.

Overall, this thesis provides a systematic analysis of code smells in open-source LLMs,
establishing internal code quality as a measurable and essential dimension of Al-assisted
software engineering.
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Introduction

In recent years, Generative Al has rapidly become an integral part of everyday digital
workflows. It assists with tasks ranging from drafting emails and answering questions to
writing code and debugging software. Among the most widely used Generative Al systems
is ChatGPT, which, since its public release in late 2022, has popularized the capabilities of
LLMs and brought them into mainstream awareness. At their core, LLMs are deep neural
networks designed to predict and generate coherent natural language.

The integration of LLMs into software engineering workflows predates the launch of Chat-
GPT. Even before 2022, tools such as GitHub Copilot [24] had already begun reshaping how
developers approach coding tasks. GitHub Copilot assists by offering autocomplete-style
code suggestions and full-function generation within Integrated Development Environ-
ments (IDEs). According to a 2022 user research by GitHub, 88% of developers report being
more productive, and 96% state that Copilot helps them complete repetitive tasks faster [23].

These tools transform the nature of software development itself. From automated testing
to code refactoring, deployment scripts, and even architecture suggestions, modern LLMs
can automate progressively complex phases of the development lifecycle. According to the
2024 Stack Overflow Developer Survey [57], over 62% of professional developers already use
Al-based tools in their workflows, with usage growing rapidly across all experience levels.

However, alongside this rapid adoption and substantial productivity gains, a critical
question remains: What is the quality of Al-generated code? Prior research has evaluated
LLM-generated code primarily on syntactic correctness, execution accuracy, and security
vulnerabilities [48, 82]. While these criteria are important, they capture only part of what
constitutes high-quality code. Code quality also encompasses readability, maintainabil-
ity, and long-term understandability—dimensions that remain absent from functional or
security-focused metrics.

For example, a code snippet may pass unit tests and appear secure, yet still suffer from
poor structure and low maintainability. We often capture these quality issues through code
smells—indicators in code that signal deeper structural problems such as low cohesion
or high coupling Fowler et al. [20]. Code smells might cause delayed failures rather than
immediate runtime errors, yet they have been linked to increased fault-proneness and
reduced maintainability [19, 85]. Recent studies have shown that code generated from
GitHub Copilot and other LLMs often contains multiple smells per snippet [69, 70].

Another underexplored dimension is the role of prompt engineering. Research has
shown [65] that techniques like Zero-Shot, Few-Shot, and CoT reasoning can significantly
affect the output of LLMs on various tasks. More advanced approaches, such as persona-
based priming and refinement-based techniques like RCI, further expand how prompts
can guide model behavior. One study demonstrated that different prompts significantly
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affect the security level of code generated by GPT-4 [78]. However, how these techniques
affect code quality—particularly the prevalence and types of code smells—remains largely
unstudied.

Despite growing research on LLM code generation, three critical gaps remain: (1) lack of
systematic evaluation of code smells in open-source models using realistic benchmarks,
(2) absence of comparative analysis against human-written baselines, and (3) unexplored
impact of prompt engineering on internal code quality.

To address this research gap, this thesis investigates the intersection of LLM-generated
code, code smells, and prompt engineering, with a particular focus on open-source LLMs
and realistic development tasks. Specifically, we evaluate three leading open-source mod-
els: Phi-4, Phi-3-mini-128k-instruct, and Qwen2.5-Coder-32B-Instruct. While prior research
has explored LLM performance in terms of correctness and security, few studies have
systematically evaluated the prevalence and types of code smells introduced during genera-
tion—especially under different prompting strategies. We employ industry-standard static
analysis tools (Pylint and Bandit) to systematically detect and categorize code smells across
thousands of generated samples, providing both maintainability and security-focused as-
sessments. We evaluate models on modern benchmarks that better represent the complexity
of real-world software development. To guide this investigation, we establish the following
objectives:

1. Systematic Code Smell Assessment: Conduct a thorough evaluation of code smells
in code generated by leading open-source LLMs, measuring how often different types
of smells appear and their distributions.

2. Real-World Benchmark Evaluation: Test model performance on realistic coding
benchmarks, specifically CoderEval and BigCodeBench-Hard, which better represent
the complexity of real-world software development compared to earlier, synthetic
benchmarks like HumanEval or Mostly Basic Python Problems (MBPP).

3. Prompt Engineering Impact Analysis: Analyze how different prompt engineering
techniques—including Zero-Shot, Quality-Focused, Persona-Based, CoT, and RCl—affect
the number, types, and distribution of code smells in generated code.

To achieve these objectives, this thesis addresses the following research questions: RQ1:
How prevalent are code smells in code generated by leading open-source LLMs?

* RQ1.1: What is the frequency and distribution of different code smell types in LLM-
generated code?

¢ RQ1.2: How does the prevalence of smells in LLM-generated code compare to that in
human-written canonical solutions?

RQz2: Can strategic prompt engineering prevent code smells in LLM-generated code?

* RQ2z.1: How do different prompt engineering techniques affect the total count of
generated code smells?

* RQz2.2: Do specific prompting techniques influence the types of code smells generated?



1.1 Thesis Organization

1.1 Thesis Organization

We organize the rest of this thesis as follows: Chapter 2 reviews key concepts about LLMs,
code generation, and common code smells. It also explains current prompt engineering
techniques and how they influence software development. Chapter 3 defines the research
questions in detail, describes the experimental setup, models, and benchmarks used, and
explains the method for evaluating code smells. Chapter 4 presents the results from our
experiments, including comparisons across different models and prompting strategies.
Chapter 5 presents qualitative results that illustrate key findings. We also discuss potential
limitations and threats to validity. Chapter 6 reviews related research on evaluating the
quality of LLM-generated code and positions our work within this broader context. Chapter 7
summarizes our main contributions and suggests directions for future research in LLM-
assisted software engineering.






Background

This chapter establishes the theoretical and technical foundations of this thesis. Understand-
ing these foundations is essential for interpreting our empirical findings on code smell
prevalence and the efficacy of prompt engineering interventions. We begin by exploring
the architecture, capabilities, and inherent limitations of LLMs in software engineering.
Subsequently, we discuss the characteristics and advantages of open-source models. We then
examine prompt engineering techniques and review the benchmarks used to evaluate code
generation. Finally, we define code smells and discuss the static analysis tools employed to
detect them.

2.1 Large Language Models

LLMs are deep neural networks trained to generate coherent text by predicting the next
token in a sequence, based on the surrounding context. Most modern LLMs are based on
the Transformer architecture [80], which enables efficient learning over large datasets with
long-range dependencies through its self-attention mechanism. Training LLMs typically
involves two distinct stages: pretraining and fine-tuning. In the pretraining phase, the
model learns general language and code patterns from large corpora using self-supervised
tasks such as next-token prediction. For programming-specific models, training datasets
often include large code corpora such as CodeSearchNet [32], The Pile [22], and GitHub
repositories. Fine-tuning then adapts the model to specific domains or tasks—often using
supervised learning or Reinforcement Learning from Human Feedback (RLHF) to better
align with human intent and preferences [56].

At inference time, LLMs function by sampling one token at a time using various decoding
strategies (e.g., greedy decoding, nucleus sampling) until reaching a completion condition.
Model performance generally improves with scale, following scaling laws that describe the
relationship between model size, training data, and computational resources [36]. These
scaling laws suggest that larger models trained on more data achieve better performance
on downstream tasks. However, larger models also require significantly more memory and
computational power, creating a trade-off between performance and efficiency.

2.1.1 Applications and Capabilities

Several state-of-the-art LLMs have demonstrated exceptional capabilities across diverse
domains, including complex reasoning and advanced code generation [10, 15, 47]. These
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models now exhibit human-level or superior performance in highly specialized fields. For
example, GPT-4 passed the Uniform Bar Exam with a score in the goth percentile [37]
and achieved 90.4% accuracy on clinical vignette-based questions from the USMLE test,
significantly surpassing the medical student average of 59.3% [9]. In complex scientific rea-
soning, Al models have solved grand challenges, such as DeepMind’s AlphaFold achieving
unprecedented accuracy in protein structure prediction—a breakthrough recognized with
the 2024 Nobel Prize in Chemistry [35].

In software engineering, we observe this performance most visibly in competitive pro-
gramming benchmarks. DeepMind’s AlphaCode achieved a significant milestone, reaching
an average ranking in the top 54.3% of participants in competitions with over 5,000 com-
petitors [47]. More recently, a 2025 study on the CodeElo benchmark found that OpenAl’s
o1-mini model achieved a rating surpassing nearly 9o% of human participants [63].

This capability extends beyond contests to core, traditionally manual software engineering
tasks. In automated bug detection and repair, models demonstrate high efficacy. A 2025
study using GPT-4 on the Defects4] dataset achieved bug-detection accuracy of 89.7%
and mitigation efficacy of 86.4% [64]. Al agents like Google’s CodeMender are actively
being deployed, contributing over 70 security fixes to large-scale open-source projects [61].
Hybrid approaches, such as CODAMOSA, integrate LLMs with traditional search-based
software testing to significantly improve test coverage [44]. Furthermore, in code refactoring,
recent studies on Extract Method refactoring found that models could correctly preserve
functionality while improving code metrics, achieving over 70% developer acceptance [11].

2.1.2 Limitations and Risks

Despite these advancements, LLMs possess fundamental limitations that pose risks to soft-
ware quality. The most widely recognized limitation is the tendency to hallucinate—generating
outputs that are fluent and plausible-sounding, yet factually incorrect or ungrounded [33].
Hallucination arises because LLMs are fundamentally probabilistic systems optimized for
sequence prediction rather than factual verification [9o]. Furthermore, their reasoning is brit-
tle; models struggle with complex, multi-step logical problems, and performance degrades
significantly when we alter the problem structure [13]. Knowledge cutoffs also confine a
model’s capabilities to its static training data, rendering it unaware of recent libraries or
updates [45]. Finally, LLMs inherit and can amplify ingrained biases from their training
corpora, potentially reinforcing harmful societal stereotypes [21].

In high-stakes domains, these general limitations escalate to severe practical consequences.
In medicine, model-generated hallucinations become direct threats to patient safety, carrying
the potential for misdiagnosis and inappropriate treatment recommendations [6]. This
translation of general probabilistic error into acute, domain-specific risk poses an equally
significant challenge in software engineering, where these fundamental limitations manifest
as acute risks to security, reliability, and long-term maintainability [1, 18, 81].

A primary risk is the generation of insecure code; a 2025 analysis found that up to 45%
of Al-generated programs carried exploitable bugs [81]. This risk extends to the software
supply chain through package hallucination, in which models invent nonexistent libraries.



2.2 Prompt Engineering Techniques

A 2025 USENIX Security study found that open-source models hallucinated packages in
21.7% of cases, creating vectors for malicious injection [43, 74].

Even when generated code is functionally correct and secure, it often suffers from
significant non-functional quality issues [1]. This reveals a critical mismatch: while academic
benchmarks focus on functional correctness, industry experts prioritize maintainability,
warning that Al-generated code may accelerate technical debt [71]. Empirical studies confirm
that LLMs tend to produce higher cyclomatic complexity [38]. In complex problems, LLM-
generated solutions may introduce structural issues absent in human-written code, such
as logic inefficiencies co-occurring with poor readability [1, 75]. These failures stem from
the models’ reliance on pattern matching rather than a proper understanding of program
architecture [27].

To effectively balance productivity gains against these risks, we must define performance
beyond simple correctness. This thesis addresses this gap by focusing on a critical, yet
underexplored, metric: internal code quality as indicated by code smells.

2.1.3 Open-Source Models

We can categorize LLMs as closed-source (e.g., GPT-4, Gemini) or open-source (e.g., DeepSeek,
Llama). Open-source models offer distinct advantages for academic research: full accessi-
bility without Application Programming Interface (API) costs or rate limits, transparency
in model architecture enabling detailed analysis, and reproducibility of experimental re-
sults [52]. These characteristics are particularly valuable for studies requiring extensive
experimentation, such as code quality evaluation across thousands of generated samples.

Open-source models have gained significant traction in recent years, increasingly serving
as the foundation for domain-specific adaptations in software engineering. Major collabora-
tive initiatives demonstrate this trend: the BigScience BLOOM project [4], coordinated by
hundreds of researchers worldwide. At the same time, the BigCode effort produced Star-
Coder [46], a model trained explicitly on source code from permissively licensed repositories.
Parameter-efficient fine-tuning techniques like LoRA [28] further accelerate specialization,
enabling researchers to adapt pre-trained models to specific tasks with limited computa-
tional resources.

The emergence of standardized benchmarks and leaderboards, such as BigCodeBench [91],
provides frameworks for comparing open-source code generation models across diverse
programming tasks. These evaluation platforms track performance metrics and facilitate
model selection for both research and practical applications. The specific open-source
models employed in this thesis, along with the rationale for their selection, are detailed in
Chapter 3.

2.2 Prompt Engineering Techniques

Since LLMs are autoregressive models, they are susceptible to input phrasing, structure,
and formatting. Even minor modifications can significantly alter output, highlighting the
need to understand how prompts affect generated code [67]. Prompt engineering refers
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to the deliberate design of inputs to guide and optimize model behavior [49]. Researchers
have developed various techniques to improve reliability and code quality, which we can
categorize by their operational approach:

Pattern-Based Techniques These techniques rely on providing examples to establish
output patterns.

¢ Zero-Shot [10]: The model receives a task description without examples (e.g., Write a
Python function to reverse a string). While efficient, it may fail to elicit an optimal code
structure.

* One-Shot and Few-shot [10]: These approaches provide one or multiple input-output
examples. This establishes a template for the model to replicate, which is particu-
larly effective for enforcing coding conventions and has demonstrated substantial
performance improvements across various tasks [10].

Role-Based Techniques

* Persona-based: We instruct the model to adopt a specific role, such as You are a senior
software engineer. This can influence the tone, technical depth, and quality standards of
the generated output [42].

Reasoning-Based Techniques These techniques encourage the model to articulate its
thought process.

® CoT: We incorporate phrases like Let’s think step by step to elicit intermediate reasoning.
[84] showed that CoT improves performance in symbolic reasoning and enhances
interpretability.

¢ Self-planning [34]: We decompose a task into a structured plan before implementation.
This guides models to generate more logically structured and modular code.

Self-Improvement Techniques These techniques involve iterative refinement.

* RCI: A multi-stage process where the model generates a solution, critiques it, and
refines it based on self-assessment [41]. This approach significantly improves reasoning
performance across natural language benchmarks, surpassing CoT supplemented with
external feedback.

¢ Self-refine [51]: Structured around generation, feedback, and refinement phases using
few-shot demonstrations of <input, output, feedback> triplets.

2.3 Code Generation

Code generation involves automatically synthesizing source code from natural-language
descriptions. Typical tasks include code completion, test case synthesis, and function
generation. Function generation encompasses creating complete implementations from
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descriptions or docstrings. While developers often interact iteratively with LLMs, stud-
ies show that models can generate correct code from a single prompt [12]. We adopt a
function-generation framework in this thesis because it enables the evaluation of inherent
programming abilities and code quality without the confounding factors introduced by
conversational interactions.

2.3.1 Evaluation Benchmarks

Standardized benchmarks are essential for measuring model capabilities. HumanEval [12]
and MBPP [8] are foundational benchmarks comprising concise, self-contained Python
problems (164 and 974 tasks, respectively) focused on algorithmic reasoning and standard
library usage. However, these traditional benchmarks contain short, algorithm-focused tasks
that may fail to capture the complexity of real-world development. Additionally, their age
raises concerns about data contamination, as models may have memorized these problems
during training [31].

To address these limitations and evaluate code quality in realistic scenarios, modern
benchmarks have been developed that better reflect industrial software engineering practices:

CoderEval [86] A framework grounded in real-world practices, comprising 230 Python
functions extracted from popular GitHub projects. Unlike synthetic benchmarks, CoderEval
tasks include contextual dependencies that require understanding of broader code structure
and library interactions. Each task presents a function signature with a docstring describ-
ing the required functionality, mirroring actual development scenarios where developers
implement functions within existing code bases.

BigCodeBench-Hard [91] A curated subset of the complete BigCodeBench benchmark,
containing 148 of its most challenging tasks spanning domains like web development, data
analysis, and systems programming. This subset emphasizes multi-step problem-solving
and integration with external libraries. Tasks are selected based on three criteria: requiring
more than two external libraries, having ground-truth solutions longer than 426 tokens
(the benchmark average), and achieving solve rates below 50% across previously evaluated
models. This selection process ensures that the benchmark tests genuine programming
ability rather than pattern matching from training data.

2.4 Code Smells

Code smells are surface-level indicators of potential problems in software design, main-
tainability, or readability. Originally introduced by Fowler et al. [20], they signal deeper
structural issues—such as low cohesion or high coupling—that do not necessarily cause
immediate functional failures. However, over time, these issues can progressively degrade
maintainability [85], reduce extensibility, and increase fault-proneness [40].

While the principle of detecting poor design is universal, the specific taxonomy of smells
varies by programming language. In Python, common code smells include:
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1. Readability issues: Violations of style guidelines like PEP 8 (e.g., excessive line
length) [25].

2. Structural inefficiencies: Unused variables, imports, or dead code indicating poor
planning.

3. Design anomalies: Classes with too few public methods or unnecessary object-
oriented complexity.

4. Encapsulation violations: Inappropriate access to protected members.

In the context of LLM-generated code, the presence of these smells may indicate shallow
reasoning patterns or an inadequate understanding of software engineering best practices.

2.4.1 Static Analysis Tools

To identify code smells systematically at scale, we rely on automated static analysis tools in
this thesis. Static analysis is particularly well-suited for large-scale LLM evaluation because it
enables the consistent, reproducible detection of quality issues across thousands of samples
without execution. The tool landscape is diverse; within Java, tools like JDeodorant [79] and
PMD [58] are standard. In Python, the ecosystem includes tools such as Radon [66] for code
complexity and Pysmell [14]. However, accuracy varies between tools, underscoring the
importance of selecting detectors that align with specific study goals [29].

We employ Pylint [50] and Bandit [17] to analyze LLM-generated Python programs. We
selected these tools because they provide a complementary assessment of code quality [69].
Pylint evaluates maintainability and readability, while Bandit addresses security concerns.
Together, they form a comprehensive view of internal code quality.

Pylint  Pylint is a comprehensive static analyzer that categorizes issues into classes ranging
from stylistic deviations to critical errors [76]. Table 2.1 provides a description and example
for each category, illustrating the range of issues detected from stylistic conventions to
critical errors. In addition, Pylint generates detailed diagnostic reports and assigns numeric
quality scores, providing a quantitative framework for assessing code quality.

Bandit Bandit specializes in identifying security-related smells. It detects patterns such
as unsafe functions (e.g., eval), hardcoded credentials, and insecure random number
generation. These security smells are critical for assessing the reliability of production-level
systems.

Static analysis tools have inherent limitations that we must acknowledge. Code smell defi-
nitions can be subjective, and tools may produce false positives or fail to detect semantically
complex smells [60]. Furthermore, heuristic-based detection relies on rigid metric thresholds
that may fail to align with specific project contexts [73]. Consequently, we should view
tool outputs as probabilistic indicators of structural quality rather than absolute measures
of correctness. Despite these limitations, the combination of Pylint and Bandit provides a
robust, holistic methodology for evaluating the internal quality of code generated by LLMs.
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Table 2.1: Pylint Message Categories (Convention, Refactor, Warning, Error) with Descriptions and

Code Examples Illustrating Each Violation Type

Category Description Example Violation
Convention Violations of coding standards (e.g.,, Missing  function  docstring
PEP 8) and missing docstrings. (Co116):
def print_python_version():
print(sys.version)
Refactor Structural inefficiencies or code No else return (R1705):
smells, such as duplicated blocks. if a ==
return 0
elif a < b:
return -1
else:
return 1
Warning Stylistic problems or minor issues Unused variable (Wo612):
that may lead to bugs in edge cases. def print_fruits():
fruitl = "orange"
fruit2 = "apple”
print(fruitl)
Error Critical issues representing likely Undefined variable (E0602):

bugs or syntax errors.

def print_value():
print(number + 2)
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Methodology

This chapter details the empirical methodology we designed to investigate the quality of
code generated by modern, open-source LLMs. We present the guiding research questions,
the experimental framework, the materials used, and the procedures we followed for data
collection and analysis.

3.1 Research Questions

As established in Chapter 1, this study addresses two primary research questions, each with
targeted sub-questions:

RQ1 How prevalent are code smells in code generated by leading open-source LLMs?

* RQ1.1: What is the frequency and distribution of different code smell types in LLM-
generated code?

* RQ1.2: How does the prevalence of smells in LLM-generated code compare to that in
human-written canonical solutions?

RQ2 Can strategic prompt engineering prevent code smells in LLM-generated code?

¢ RQ2z.1: How do different prompt engineering techniques affect the total count of
generated code smells?

¢ RQz2.2: Do specific prompting techniques influence the types of code smells generated?

We address these questions through complementary experiments as detailed in Sec-
tion 3.3.2. Experiment 1 establishes baseline smell prevalence across models and compares
against human-written code, directly addressing RQ1. Experiment 2 evaluates the efficacy
of five prompt engineering techniques on smell reduction and distribution, addressing RQz2.

3.2 Experimental Setup

This section details and justifies each component of the experimental setup. As Chapter 2
introduced the general concepts of models, benchmarks, and tools, this section focuses on
the rationale for their selection and their specific roles in the experimental design.

13
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3.2.1 Model Selection

As discussed in Section 2.1.3, this thesis focuses exclusively on open-source LLMs to ensure
transparency, reproducibility, and accessibility. We selected three models based on advanced
programming proficiency, computational efficiency for local deployment, and strong com-
munity adoption. Importantly, all three rank among the top-performing open-source models
on the BigCodeBench Leaderboard [91].

The selected models, summarized in Table 3.1, represent a strategic distribution of
parameter sizes (3.8B, 14B, and 32B). This range allows for investigation into how model
scale influences the generation of maintainable, low-smell code.

Table 3.1: Characteristics of Selected Open-Source Large Language Models (Phi-3-mini, Phi-4,
Qwenz.5-Coder) Including Developer and Parameter Count

Model Name Developer Parameter Count
Phi-3-mini-128k-instruct Microsoft 3.8 billion
Phi-4 Microsoft 14 billion
Qwen2.5-Coder-32B-Instruct  Alibaba Cloud 32 billion

The specific characteristics of each model are as follows:

Phi-3-mini-128k-instruct [2] A compact 3.8-billion parameter model designed for com-
putational efficiency. The 128k token context window enables the processing of lengthy
code contexts, making it suitable for tasks that require an understanding of the broader
project structure. Despite its small size, Phi-3-mini demonstrates competitive performance
on coding benchmarks, making it suitable for resource-constrained environments.

Phi-4 [3] A 14-billion parameter general-purpose model developed by Microsoft. Phi-4
exhibits advanced reasoning capabilities and has undergone rigorous alignment procedures
to ensure safe, helpful outputs. Despite its moderate size, it performs competitively on
complex coding tasks.

Qwenz2.5-Coder-32B-Instruct [77] An advanced code-specialized LLM developed by
Alibaba Cloud. Trained on extensive multi-language repositories totaling over 5.5 trillion
tokens, it is specifically optimized for high-quality code generation across multiple program-
ming languages and paradigms. This model represents the current frontier of open-source
code generation capabilities.

All models were deployed locally using the Hugging Face Transformers library with
consistent inference parameters (temperature=0.7, max_new_tokens=512) to ensure fair
comparison across platforms. Throughout the Results and Discussion chapters, we adopt
abbreviated identifiers for readability: Phi-3-mini refers to Phi-3-mini-128k-instruct, and
Quwenz.5-Coder refers to Qwen2.5-Coder-32B-Instruct.
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3.2.2 Benchmark Selection

To ensure the evaluation reflects authentic software engineering challenges, we utilize
two modern benchmarks: CoderEval [86] and BigCodeBench-Hard [91]. As detailed in
Section 2.3.1, these benchmarks move beyond the simple, self-contained algorithmic prob-
lems typical of older benchmarks and are less susceptible to data contamination. For the
experiments conducted in this thesis, we utilize the complete sets of both the CoderEval
(Python subset) and BigCodeBench-Hard benchmarks. We provide an overview in Table 3.2.

Table 3.2: Comparison of Evaluation Benchmarks (CoderEval and BigCodeBench-Hard) by Task
Count and Primary Evaluation Focus

Benchmark Name Number of Python Tasks Core Focus
CoderEval 230 Contextual Dependency
BigCodeBench-Hard 148 Task Complexity & Tool Use

We use CoderEval [86] to assess the ability of a model to generate code that functions
within an existing, complex code base. A typical task presents the model with a function
signature accompanied by a docstring describing the required functionality, as shown in
Listing 3.1. We then expect the model to generate the body of the function.

Listing 3.1: Example Task of CoderEval Benchmark

def hydrate_time(nanoseconds, tz=None):

Convert nanoseconds to a time in fixed format.

In contrast, we use BigCodeBench-Hard [91] to evaluate a model’s capacity to solve
complex, multi-step problems that require sophisticated reasoning and the use of multiple
external libraries. A representative example appears in Listing 3.2.

3.2.3 Prompt Design

To investigate RQz2, we selected five distinct prompt engineering techniques. These tech-
niques, detailed in Table 3.3, are widely studied and represent a spectrum of approaches,
from simple directives to complex, multi-step reasoning frameworks.

Zero-Shot is a baseline approach with no examples or explicit guidance. Quality-Focused
is a variant of Zero-Shot prompting that includes explicit constraints instructing the model
to prioritize clean code. Persona-Based prompting instructs the model to adopt the persona
of a software quality expert [42]. CoT prompting encourages the model to articulate its
reasoning process before generating code. RCI is a multi-step technique where the model
generates, critiques, and refines its own solution.

15



16

Methodology

Listing 3.2: Example Task of BigCodeBench-Hard

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

from sklearn.decomposition import PCA

def task_func(data, n_components=2):

Perform Principal Component Analysis (PCA) on a dataset and record the result.
Also, generates a scatter plot of the transformed data.

Parameters:
data (DataFrame): The dataset.
n_components (int): The number of principal components to calculate. Default is 2.

Returns:
DataFrame: The transformed data with principal components.
Axes: The matplotlib Axes object containing the scatter plot.

Raises:
ValueError: If n_components is not a positive integer.

Requirements:

- numpy
- pandas

- matplotlib.pyplot

- sklearn.decomposition

Example:

>>> data = pd.DataFrame([[14, 25], [1, 221, [7, 811, columns=['Columnl’, ’Column2
"1

>>> transformed_data, plot = task_func(data)

We deliberately included a standard instruction, Avoid docstrings and comments, in all
prompt templates. Preliminary experiments showed that models often generate verbose
docstrings. This behavior frequently caused the generated output to exceed the maximum
token limits, resulting in incomplete code and significantly slower generation times. By
explicitly instructing the models to omit them, we ensure that the analysis remains focused
on the quality of the functional code itself.

3.2.4 Analysis Tools

We used automated static analysis to objectively and reproducibly identify code smells. We
chose the tools Pylint and Bandit, summarized in Table 3.4, due to their comprehensive rule
sets and widespread adoption in both industry and academic research [55, 69, 70].



Table 3.3: Prompt Engineering Techniques (Zero-Shot, Quality-Focused, Persona-Based, CoT, RCI)
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with Complete Template Specifications

Technique Name

Prompt Template

Zero-Shot

Quality-Focused

Persona-Based

CoT

RCI

Generate Python code for the following task. Avoid docstrings and
comments. <task>

Generate Python code for the following task, ensuring it is clean and
avoids code smells. Avoid docstrings and comments. <task>

Act as a software quality expert. Provide outputs that a quality
expert would give. Generate Python code for the following task.
Avoid docstrings and comments. <task>

Step 1: Generate Python code for the following task, en-
suring it is clean and avoids code smells. Avoid doc-
strings and comments. Let’s think step by step. <task>
Step 2: Therefore, final Python implementation without doc-
strings or comments is:

Step 11 Generate Python code for the  follow-
ing  task.  Avoid  docstrings  and = comments.  <task>
Step 2: Review your previous answer and find code smells with it.
Step 3: Improve your code based on the code smells you found.
Therefore, final Python implementation without docstrings or
comments is:

Table 3.4: Static Analysis Tools (Pylint and Bandit) with Primary Purpose and Categories of Code

Smells Detected

Tool Name Primary Purpose

Key Issue Categories Detected

Pylint General Code Quality & Maintain- Error, Warning, Refactor, Conven-
ability tion

Bandit Security Vulnerability Detection Security Smells

17
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A key methodological decision in this study is the definition of a code smell. As there is
no single, formal definition, this thesis follows the precedent of prior research by using the
term as a broad umbrella for any issue flagged by our static analysis tools that indicates
a potential problem with the code’s quality, maintainability, or correctness. This includes
not only stylistic Convention violations or Refactor candidates but also Pylint Error category
messages, such as Eo6oz2: Undefined variable. We treat them here as the most severe type of
code smell detectable through static analysis.

We conducted all analyses using Pylint 3.3.7 and Bandit 1.8.6 with their default parameter
settings to ensure a standardized and replicable baseline. To focus the analysis on substantive
issues, we excluded a predefined set of stylistic and context-dependent messages from
Pylint. We detail these exclusions in Section 3.3.1.

3.3 Experimental Procedure

This section describes the execution of the experiments and the methods we used to process
and analyze the collected data. We conducted a substantial empirical investigation. For each
of the three selected models and five prompts, we generated solutions for all 230 tasks in
CoderEval and 148 tasks in BigCodeBench-Hard. This process generated 5,670 unique code
solutions. In addition, we also analyzed the 378 canonical human-written solutions from
both benchmarks, bringing the total number of evaluated code samples to over 6,000.

As depicted in Figure 3.1, we designed a multi-stage experimental pipeline to address
the research questions systematically. The process begins by selecting a programming task
from a benchmark dataset. We then apply a prompt engineering strategy to formulate an
input for a given LLM. The model generates a code solution, which then enters an analysis
pipeline where we evaluate it for syntactic correctness and code smells.

Benchmark Prompt Engineering Technique Open-source LLM Static Analysis Tools

Zero-Shot

m I . .
Phi-3-mini-128k-instruct }
= [l Code
|—] BigCodeBench- Quality-Focused Extraction R E
= Hard r N N 4004
)

1 Pylint Code Smells

4
Persona-Based [ — Phi-4 }
= o
! CoderEval
= = o
[ v, Qwen2.5-Coder-32B-Instruct } o2
el Bandit Security Smells

Figure 3.1: Multi-Stage Experimental Pipeline for Code Generation, Static Analysis, and Code Smell
Detection Across Models, Benchmarks, and Prompting Techniques

3.3.1 Data Preprocessing

For each combination of LLM, benchmark task, and prompt engineering technique, we gener-
ated a single code solution. The generated output then underwent a three-step preprocessing
phase.
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1. Code Extraction: The process of isolating executable code from the raw output of
the model involved two stages. First, we extracted the relevant code snippet from a
structured JSON response. The specific field depended on the prompting technique;
for multi-step methods like RCI and CoT, we selected the final refined solution. For
single-step prompts, we used direct generation. Second, since this extracted text could
still contain explanatory language, we applied a heuristic parser. This parser identified
the start of the code block by searching for common Python keywords (e.g., def,
import) and the end by detecting natural language phrases (e.g., example usage:, this
function will) that signal the conclusion of the code. This two-stage process ensured
that we retained only the intended executable code for analysis.

2. Syntax Filtering: We parsed each extracted code snippet using Abstract Syntax
Tree (AST) We retained only syntactically valid solutions for analysis, as static analysis
tools fail to operate on code that fails to parse.

3. Smell Filtering:To focus the analysis on substantive structural and logical issues,
we filtered the Pylint results by excluding messages that are irrelevant to the core
quality of the generated code. This methodology, consistent with related work [69, 70],
removes noise from four main categories. First, we ignored stylistic messages, such as
whitespace or naming conventions, because they do not significantly affect program
logic or maintainability. Second, we excluded Warnings for missing documentation
because our experimental prompts explicitly instructed the models to omit docstrings.
Third, we filtered out import-related errors, as import analysis of isolated function-
level code snippets is unreliable without full project context. Finally, we disregarded
Fatal errors, as they indicate failures of the analysis tool itself rather than problems
in the source code. Table 3.5 provides a comprehensive list of all excluded Pylint
messages and their corresponding categories.

3.3.2 Experimental Design

To address the research questions, we conducted experiments to provide a comprehensive
evaluation of code smells in code generated by open-source LLMs.

Experiment 1 To address RQ1, we assessed the frequency of code smells under standard
conditions. For each LLM and benchmark, we generated solutions for all tasks using the
Zero-Shot prompt, and we analyzed each syntactically correct solution with Pylint and
Bandit. To answer RQ1.1 (Frequency and Distribution), we collected the smell data from
all generated solutions to establish a baseline of code smell prevalence. To answer RQ1.2
(Comparison with Canonical Answers), we subjected the human-written canonical solutions
from the benchmarks to the same analysis procedure to ensure a fair comparison between
the LLM-generated code and the canonical solutions.

Experiment 2 To address RQ2, we repeated the process of code generation and analysis
from Experiment 1 using all five prompt engineering techniques. This enabled a direct
comparison of the effects of each prompt on the number and types of code smells produced.
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Table 3.5: Pylint Messages Excluded from Analysis Organized by Category

Category Type Message

Style and Naming Convention Co303: Trailing whitespace
Convention Co304: Missing final newline
Convention Co3o5: Trailing newlines
Convention Co103: Invalid name

Missing Documentation Convention Co112: Empty docstring
Convention Co114: Missing module docstring
Convention Co115: Missing class docstring
Convention Co116: Missing function docstring

Imports Warning Wob11: Unused import
Warning Wogo1: Wildcard import
Refactor Rog402: Consider using from-import
Convention C2403: Non-ASCII module import
Warning Wo404: Reimported
Warning Wob614: Unused wildcard import
Convention Cog10: Multiple imports
Convention Cog11: Wrong import order
Convention Cog12: Ungrouped imports
Convention Co413: Wrong import position
Convention Cog14: Useless import alias
Convention Co415: Import outside top level
Error Eogo1: Import error

Fatal Errors Fatal All fatal error messages
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3.4 Data Analysis

We analyzed the collected data using both quantitative and qualitative methods to provide
a comprehensive answer to the research questions. This section details the metrics, visu-
alization techniques, statistical tests, and analytical approaches employed to interpret the
experimental results.

3.4.1 Quantitative Metrics

To statistically measure and compare performance across models, prompts, and the canonical
solutions, we used the following metrics. For each metric, we calculate both individual values
(per model-prompt-benchmark combination) and aggregate statistics (overall, benchmark-
specific, and model-specific means) to enable multi-level comparisons.

Syntactic Correctness Rate The percentage of generated solutions that successfully
parse into an AST without syntax errors. This metric measures the basic well-formedness
of generated code across different models and prompting techniques, calculated for each
model-prompt-benchmark combination. Solutions that fail to parse are excluded from
subsequent smell analysis, as static analysis tools cannot operate on syntactically invalid
code.

Smell Density The average number of Pylint and Bandit messages generated per syntac-
tically correct solution. This metric quantifies the overall internal quality of generated code.
We calculate smell density separately for each smell category (Convention, Refactor, Warning,
Error, Security) and in aggregate.

Smelly Samples Percentage The percentage of syntactically valid samples that contained
at least one code smell. This metric helps determine how widespread code smells are across
the generated code base, distinguishing between pervasive (high percentage) and isolated
problematic samples (low percentage but high smell density in affected samples).

3.4.2 Distribution Analysis

To analyze the distribution and composition of code smells, we employed both ranking and
visualization to reveal global patterns and model-specific characteristics.

Frequency Rankings We identified the most frequently occurring code smells across
different levels of aggregation (models, prompts, and benchmarks) to highlight the most
common issues overall.

Distribution Visualization To visualize the distribution characteristics, we employed
box plots to reveal median values, Interquartile Range (IOR), and outlier patterns. Box plots
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enable us to distinguish between systematic quality degradation (high median, wide IQR)
and unreliable generation (normal median, extreme outliers).

3.4.3 Statistical Testing

To provide statistical validation for our findings, we employed a structured non-parametric
testing framework. We selected non-parametric tests because the code smell data is discrete,
exhibits non-normal distributions, and contains outliers—violating the assumptions of
parametric tests such as Analysis of Variance (ANOVA).

Analysis of Model Performance (RQ1.1) To determine if model architecture significantly
influences code quality, we conducted the following analyses:

1. Kruskal-Wallis H test: We performed this test separately for each benchmark (CoderEval
and BigCodeBench-Hard) to assess whether the three models produced significantly
different smell densities under Zero-Shot prompting.

2. Post-hoc pairwise comparisons: Where the Kruskal-Wallis H test revealed significant
differences (p < 0.05), we performed pairwise Mann-Whitney U tests with Bonferroni
correction (x = 0.0167, i.e., 0.05/3 for the three pairwise comparisons) to identify
which specific model pairs differed significantly.

3. Impact of task complexity: To assess whether smell prevalence varies with benchmark
difficulty, we compared the smell distributions of each model between CoderEval and
BigCodeBench-Hard using the Mann-Whitney U test. This analysis reveals whether
the quality advantage of specific models is task-dependent or universal.

Comparison Against Canonical Solutions (RQ1.2) Comparing LLM-generated code
with human-written canonical solutions posed methodological challenges, particularly
in CoderEval, where many canonical solutions depend on broader project contexts. We
addressed this through a multi-stage analytical approach:

1. Intersection filter (CoderEval): To ensure fair comparison, we restricted the CoderEval
analysis to the 146 tasks where the human solution was syntactically valid and
analyzable by our tools. For BigCodeBench-Hard, which consists of self-contained
tasks, all canonical solutions were analyzable without filtering.

2. Kruskal-Wallis H test: We conducted this test across four groups (Canonical, Phi-
3-mini, Phi-4, Qwen2.5-Coder) to determine if the source of code (human vs. LLMs)
influenced overall smell density.

3. Post-hoc Mann-Whitney U tests: Upon observing highly significant differences in
the Kruskal-Wallis H test, we performed pairwise comparisons between the canonical
solutions and each model individually, applying a strict Bonferroni correction (v =
0.0167 for three comparisons) to ensure statistical robustness against Type I error
inflation.
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4. Quality profile analysis: To investigate whether human developers and LLMs exhibit
fundamentally different "smell profiles,” we analyzed the distribution of five smell
categories. We employed the Chi-Square Test of Independence (x?) to determine
whether the distribution of these smell types is statistically dependent on the code’s
origin. This test reveals whether humans and LLMs make qualitatively different types
of mistakes.

5. Effect size measurement: Given the large sample sizes (hundreds of code samples
per group), statistical significance alone can be misleading, as even trivial differences
may achieve p < 0.05. Therefore, we calculated Cramér’s V to measure the practical
magnitude of distributional differences, where V < 0.3 indicates a small effect, 0.3 <
V < 0.5 indicates a medium effect, and V > 0.5 indicates a large effect following
Cohen’s conventions [16]. Only large effect sizes (V > 0.5) indicate strong divergence
in the distribution structure that is practically meaningful.

Security Pattern Analysis (RQ1.2) To evaluate whether LLMs exhibit distinct security
vulnerabilities compared to human developers, we analyzed security-smell patterns using a
matched-samples design. We identified 278 tasks (from the combined 378 benchmark tasks)
where all four code sources—Phi-3-mini, Phi-4, Qwen2.5-Coder, and the canonical human
solution—successfully generated analyzable code. This intersection filtering ensures fair
comparison by eliminating tasks where generation failures or syntactic invalidity would
confound the security analysis.

For each of these 278 tasks, we recorded the binary presence/absence of specific Bandit
warnings across all four sources, yielding a matched 4 x 278 response matrix. We then
applied:

1. Cochran’s Q test: A non-parametric test for related samples to assess whether security
smell prevalence differs significantly across code sources for each specific Bandit
warning type. This test determines whether the probability of generating a particular
security smell varies by code source.

2. Post-hoc McNemar tests: For security smells showing significant heterogeneity in
Cochran’s Q test (p < 0.05), we performed pairwise McNemar tests comparing each
model against the canonical solutions. The McNemar test is appropriate for paired
binary data and assesses whether one code source produces more instances of a given
security smell than another. We applied Bonferroni correction (¢ = 0.0167 for three
comparisons per smell type) to maintain family-wise error control.

Evaluation of Prompt Engineering Efficacy (RQ2) To assess whether different prompt-
ing strategies significantly affect code quality, we conducted:

1. Kruskal-Wallis H test: We performed this test for each model-benchmark combination
to determine if smell density varied significantly across the five prompting techniques.

2. Post-hoc pairwise comparisons: For cases where the Kruskal-Wallis H test indicated
significant differences (p < 0.05), we performed Mann-Whitney U tests comparing
each of the four intervention prompts (Quality-Focused, Persona-Based, CoT, RCI)
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against the Zero-Shot baseline. We applied Bonferroni correction (x = 0.0125 for four
comparisons) to control for multiple testing. This approach evaluates whether each
prompting strategy produces a statistically significant improvement or degradation
relative to Zero-Shot.

3. Qualitative smell profile shifts: Beyond overall counts, we analyzed how specific
smell categories shifted under different prompting strategies to understand the nature
of quality improvements or degradations (RQz.2).

3.4.4 Exploratory Qualitative Analysis

While quantitative metrics provide a high-level overview of smell prevalence and statistical
significance, they fail to explain the mechanisms underlying these phenomena. To gain
deeper, contextual insights into why specific flaws occur in LLM-generated code, we con-
ducted qualitative case study analysis through manual inspection of source code for specific,
high-impact smells and prompting behaviors. This analysis involved three investigative
approaches:

¢ Failure mode analysis: To identify recurring failure patterns, we examined different
instances of critical code smells across generated solutions, investigating whether
these issues result from knowledge deficits of LLMs or from the sequential nature of
the generation process itself.

¢ Problematic technique analysis: To understand why certain prompting techniques
consistently increased smell density despite their sophisticated mechanisms, we con-
ducted comparative case studies examining the root causes of quality degradation.

* Successful technique analysis: To validate the efficacy of prompting strategies that
improved code quality, we examined instances where these approaches demonstrably
enhanced code structure.

These case studies provide concrete evidence to help understand the models” under-
lying generation behavior and the specific mechanisms by which different prompting
strategies affect code quality. The qualitative findings are presented in detail in Chapter 5,
complementing the quantitative results from Chapter 4.



Results

This chapter presents the empirical findings of our investigation into the internal quality
of code generated by open-source LLMs. First, we establish a quantitative baseline for code
smell prevalence in standard generation scenarios and compare LLM outputs with human-
written code (RQ1). Second, we evaluate the effectiveness of various prompt engineering
techniques in modulating these code smells (RQz2). Finally, we synthesize findings across all
experiments.

4.1  Syntactic Validity

Before assessing the internal quality of generated solutions via static analysis, we evaluated
their syntactic validity. Our methodology for this validation is detailed in Section 3.3.1.

Our results indicate a high level of syntactic stability across the tested models. As detailed
in Table 4.1, we achieved an overall syntactic correctness rate of 98.48%, indicating that
the vast majority of generated snippets constitute well-formed Python code. LLMs with
larger parameter counts—specifically Phi-4 and Qwen2.5-Coder—demonstrated near-perfect
performance, achieving 100% or near-100% validity in multiple prompting configurations.

However, we observed performance variation when employing complex prompting
strategies on the smallest model. Phi-3 exhibited the lowest stability, particularly when
combined with the RCI technique on BigCodeBench-Hard, where validity dropped to 89.86%.
This decline suggests that while RCI encourages self-correction and reasoning, the added
complexity may paradoxically increase the likelihood of generating malformed syntax in
models with limited context windows. In contrast, Quality-Focused and CoT maintained
higher syntactic validity even on Phi-3.

These validity rates provide the foundation for the subsequent code smell analyses in
RQ1 and RQz2, where we analyze exclusively the subset of syntactically valid solutions.

4.2 RQz1: Code Smell Prevalence

This section comprises two subsections: (1) RQ1.1 analyzes the frequency and distribution of
code smells in standard Zero-Shot generation, providing the baseline from which all other
analyses proceed; (2) RQ1.2 contextualizes these findings by comparing LLM-generated code
against human-written canonical solutions, revealing how LLM outputs differ in quality
characteristics from professional code.

25



26 Results

Table 4.1: Syntactic Correctness Rates (Percentage of Parsable Code) Across Three Models and Five
Prompting Techniques on Both Evaluation Benchmarks

Model Prompt Technique = CoderEval (%) BigCodeBench-
Hard (%)
Phi-3-mini Zero-Shot 93.91 96.62
Quality-Focused 96.52 97.97
Persona-Based 97.39 98.65
CoT 97-83 95-95
RCI 95.22 89.86
Phi-4 Zero-Shot 99.57 100.00
Quality-Focused 100.00 99.32
Persona-Based 100.00 99.32
CoT 100.00 100.00
RCI 100.00 100.00
Qwen2.5-Coder Zero-Shot 99.13 100.00
Quality-Focused 100.00 100.00
Persona-Based 100.00 99.32
CoT 99.13 100.00

RCI 99.13 99.32




4.2 RQ1: Code Smell Prevalence

4.2.1 RQ1.1: Smell Frequency and Distribution

To determine the baseline quality of LLM-generated code, we quantified the frequency of
code smells across our two benchmarks. Table 4.2 and Table 4.3 present the distribution of
smell categories and smell density for each model. Our analysis reveals that code smells
are a pervasive issue in LLM-generated code. The majority of generated solutions contain at
least one code smell, with the proportion of smelly samples ranging from 52.40% to 78.38%.

Table 4.2: Prevalence of Code Smells in LLM-Generated Code on BigCodeBench-Hard Using Zero-
Shot Prompting, Categorized by Message Type (Convention, Refactor, Warning, Error,

Security)
Model #Conv #Ref #Warn #Err #Sec #Total Smelly Smell
Samples Density
(%)
Phi-3-mini 51 21 144 39 70 325 74.13 2.27
Phi-4 47 16 121 16 70 270 72.97 1.82
Qwen2.5-Coder 50 19 122 21 66 278 78.38 1.88

Table 4.3: Prevalence of Code Smells in LLM-Generated Code on CoderEval Using Zero-Shot Prompt-
ing, Categorized by Message Type (Convention, Refactor, Warning, Error, Security)

Model #Conv #Ref #Warn #Err #Sec #Total Smelly Smell
Samples Density
(%)

Phi-3-mini 50 98 104 87 28 367 62.96 1.70

Phi-4 32 96 88 20 35 271 52.40 1.18

Qwen2.5-Coder 34 37 204 91 30 396 53.95 1.74

Impact of Task Complexity Task complexity plays a crucial role in the manifestation
of code smells. As indicated in Table 4.2 and Table 4.3, we observe a marked increase in
smell frequency within the BigCodeBench-Hard dataset compared to CoderEval across all
models. The pairwise Mann-Whitney U comparisons yielded highly significant results for
all three models (all p < 0.002). Specifically, Phi-3-mini (U = 12454.0, p ~ 0.001) and Phi-4
(U = 12633.0, p < 0.001) showed substantial quality degradation. Crucially, Qwenz2.5-Coder
also exhibited a statistically significant increase in smell density (U = 12589.0, p < 0.001).
The implication is that as tasks become more cognitively demanding, models allocate
cognitive resources to solving the problem at the expense of code maintainability.

Model Architecture Effects Model architecture significantly influences code quality. On
the CoderEval benchmark, the Kruskal-Wallis H test indicated a statistically significant
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difference in smell prevalence (H(2) = 6.43, p = 0.040). Post-hoc analysis revealed that
Phi-4 produced significantly fewer code smells than Phi-3-mini (U = 21559.0, adjusted
p ~ 0.04). Phi-4 achieved the lowest smell density at 1.18 smells per sample, compared to
1.70 for Phi-3-mini. Interestingly, the significantly larger Qwenz2.5-Coder-32B produced a raw
average of 1.74 smells per sample, slightly exceeding Phi-3-mini’s performance. However,
the comparisons between Qwenz.5-Coder and the other models failed to reach statistical
significance after correction.

Conversely, on the BigCodeBench-Hard benchmark, no significant differences between
any pair of models after controlling for multiple testing (H(2) = 1.67, p = 0.43). To visually
unpack the distribution underlying these non-significant results on BigCodeBench-Hard, we
present a box plot analysis in Figure 4.1. The plot corroborates the uniformity of the central
tendency across architectures, with all three models sharing a median smell density of 1.0
per task. While Phi-4 maintains the tightest control (Mean = 1.44, Q3 = 2.00), Qwenz2.5-Coder
exhibits significant instability, characterized by a long tail of extreme outliers exceeding 20
smells per task. Conversely, Phi-3-mini displays a wider interquartile range (Qs = 3.00),
indicating a generalized tendency toward lower quality. This high variance—particularly
the extreme outliers in Qwenz2.5-Coder—likely prevents the statistical tests from detecting
a significant separation between the groups, despite the observable differences in mean
performance.
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Figure 4.1: Distribution of Code Smell Density Across Three Open-Source Models (Phi-3-mini, Phi-4,
Qwena2.5-Coder) on BigCodeBench-Hard Using Zero-Shot Prompting

A granular analysis reveals that each architecture exhibits a distinct "smell profile," which
we detail in Table 4.4. The most striking finding is the structural fragility of Qwenz2.5-Coder.
Despite being the largest model with high syntactic validity, it exhibits a massive anomaly:
Wo311: Bad indentation is its second-most-frequent flaw, a virtually non-existent issue in the
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Phi family. In Python, where whitespace determines block structure, this is not merely a
cosmetic annoyance but a significant maintenance risk. The persistence of this smell suggests
that while Qwen2.5-Coder produces parsable code, it likely mixes tabs and spaces.

Table 4.4: Five Most Frequent Code Smells per Model (Phi-3-mini, Phi-4, Qwenz.5-Coder) in Zero-
Shot Generation Showing Smell Type, Message, and Occurrence Count

Model Rank Type Message Count
Phi-3-mini 1 Convention Co3o1: Line too long 90
2 Error Eo0602: Undefined variable 90
3 Refactor Rogo3: Too few public methods 61
4 Warning Wob12: Unused variable 54
5 Warning Wo613: Unused argument 35
Phi-4 1 Convention Co3o1: Line too long 71
2 Refactor Rogo3: Too few public methods 55
3 Warning Wob612: Unused variable 35
4 Warning Wi1514: Unspecified encoding 32
5 Warning Wo613: Unused argument 27
Qwenz.5-Coder 1 Error Eo602: Undefined variable 90
2 Warning Wo311: Bad indentation 87
3 Convention Co3o1: Line too long 78
4 Warning Wob12: Unused variable 54
5 Warning Woz212: Protected access 37

Smell Category Analysis To understand the quality characteristics of LLM-generated
code, we analyze the distribution and frequency of detected code smells, examining which
smells are most prevalent and what they reveal about model behavior. Table 4.5 lists the
ten most frequently occurring code smells across all syntactically valid solutions generated
using the Zero-Shot prompt.

The most frequent issue, Co3o1: Line too long, suggests that models prioritize information
density over readability; even though this is a lower-severity issue than Eo6oz: Undefined
variable, it still affects code readability and the maintenance burden.

The second most common issue is Eo602: Undefined variable. We note that while Eo602:
Undefined variable is flagged as an Error, a subset of these instances in the CoderEval
benchmark may represent valid references to class attributes or project-level constants that
are invisible to the static analyzer in the isolated function scope. Therefore, this metric
represents an upper bound on logical errors.

We also observe high counts for Wo612: Unused Variable and Wo613: Unused Argument.
The prevalence of these smells indicates that models struggle to efficiently identify the
variables they declare. Models frequently initialize variables or iterate over data structures
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without subsequently using them, creating "dead code" that adds cognitive overhead for
developers and obscures the code’s intent.

Other refactoring smells, such as Ro9o3: Too few public methods and R1705: No else return,
point to suboptimal design choices. The Ro9o3: Too few public methods smell typically indicates
that a class is being used as a simple data structure. However, its high frequency in this
study is likely an artifact of the benchmark design. Since many tasks require generating a
single function in isolation, models may wrap that function in a class, which triggers the
Pylint messages. This is a valuable reminder that not all detected smells represent genuine
quality problems; context is essential for interpretation.

Table 4.5: Ten Most Frequent Code Smells Aggregated Across All Models and Benchmarks in Zero-
Shot Generation with Type, Message, and Total Occurrence Count

Rank Type Message Count
1 Convention Co3zo01: Line too long 238
2 Error Eo602: Undefined variable 196
3 Warning Wob12: Unused variable 143
4 Refactor Rogo3: Too few public methods 117
5 Warning Wo311: Bad indentation 97
6 Warning Wo613: Unused argument 94
7 Warning Wi1514: Unspecified encoding 90
8 Refactor R1705: No else return 71
9 Security B311: Import of random library 70
10 Warning Wo212: Protected access 67

Security Smell Patterns We identified a focused set of security smells detailed in Ta-
ble 4.6. The most notable finding is B113: Request Without Timeout. This smell flags HTTP
requests that lack a specified timeout parameter—a practice that can cause applications to
hang indefinitely. This suggests that LLMs frequently default to the simplest API implemen-
tations (e.g., requests.get()) rather than applying defensive coding practices required for
production environments. This is a genuine quality concern warranting attention.

In contrast, qualitative inspection suggests that the most frequent smell-B311: Import of
random library-is primarily driven by the benchmark tasks requirement. This smell indicates
that using this module is not suitable for security or cryptographic purposes, as its pseudo-
random number generator is predictable. However, many benchmark tasks require random
data generation, making the random module an appropriate choice for the problem. This
smell is a false positive in context.

Similarly, other security issues, such as B4o4: Import of subprocess library, are triggered
because Bandit strictly warns about processes spawned to alert developers to potential
shell injection risks. Since some benchmark tasks explicitly require interaction with external
processes, using subprocess is unavoidable. This, too, is more a limitation of Bandit’s
detection approach than a genuine quality problem in the generated code.
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Consequently, we classify B311: Import of random library and Bgoq: Import of subprocess
library as task-induced artifacts rather than genuine vulnerabilities. The high prevalence of
these specific codes reflects the benchmark requirements rather than a model’s propensity
for insecure coding.

Table 4.6: Five Most Frequent Security Smells Detected by Bandit Aggregated Across All Models
with Severity Level, and Occurrence Count

Rank Message Severity Count
1 B311: Import of random library Low 70
2 B113: Request Without Timeout Medium 47
3 B4o4: Import of subprocess library Low 46
4 B603: Subprocess Without Shell Equals True Low 35
5 B310: Urllib_urlopen Medium 18

4.2.2 RQ1.2: Comparison with Canonical Solutions

To provide context for the preceding findings and to ground our assessment of LLM-
generated code quality in realistic terms, this section addresses RQ1.2: How does the prevalence
of smells in LLM-generated code compare to that in human-written canonical solutions? This
comparison is essential for determining whether the observed code smells are unique
artifacts of generative models or are reflective of problems also present in human-written
code.

Smell Density Differential The comparison between LLM-generated and human-written
code reveals a counterintuitive pattern: quantitatively, LLM code exhibits superior metrics
to expert-written canonical solutions. As shown in Table 4.7, human-written canonical
solutions contain substantially more code smells across both benchmarks, with an average
smell density of 4.27 smells per sample compared to 1.77 for LLMs—representing a 2.4x
difference. Moreover, 89.80% of human-written samples contain at least one smell, compared
to only 65.8% for LLM-generated code. This finding appears paradoxical: if LLMs are trained
on human code repositories, how can they generate code that is systematically cleaner than
that of expert developers? The resolution lies in the quality type. The data reveals that LLMs
and humans prioritize fundamentally different quality dimensions.

Smell Profile Comparison To understand why LLMs generate fewer total smells, we
examine the distribution of smell types. Figure 4.2 presents the proportional distribution
of different types of smells. We restricted this visual analysis to the BigCodeBench-Hard
dataset to ensure a more precise comparison. As identified in the statistical analysis, the
CoderEval benchmark introduces a disproportionate number of false-positive Error flags in
the canonical solutions due to missing project context. BigCodeBench-Hard, consisting of
self-contained tasks, eliminates this artifact.
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Table 4.7: Prevalence of Code Smells in Human-Written Canonical Solutions from Both Benchmarks,
Categorized by Message Type with Smell Density Metrics

Benchmark #Conv #Ref #Warn #Err #Sec #Total Smelly Smell
Sam-  Den-
ples sity
(%)

BigCodeBench-Hard 397 22 140 3 62 624 94.59 4.22

CoderEval 118 52 41 399 22 632 84.93 4.33

Combined 515 74 181 402 84 1256 89.80  4.27

The visualization reveals a distinct profile in quality priorities. For all three LLMs, the
distribution is dominated by the Warning category. This indicates that while models gen-
erally succeed in generating syntactically valid code, they consistently produce structural
inefficiencies that leave execution intact but compromise maintainability. In sharp contrast,
the human canonical profile is overwhelmingly dominated by the Convention category.
Crucially, the Error category is virtually non-existent in the canonical solutions.

While the quantitative data favors LLMs, the qualitative nature of the smells differs
fundamentally. The high smell density in human solutions is driven predominantly by
Convention violations (e.g., line lengths) and stylistic choices. In contrast, LLM solutions,
despite having lower total density, are weighted toward Error and Warning categories. Thus,
while LLMs appear ‘cleaner’ by metric count, human code remains semantically more
robust. The LLM optimizes for local syntax, while the human developer optimizes for global
logic.

We also compared the most common smells that appeared in the canonical solutions
as detailed in Table 4.8. Both human and LLM authors struggle with Co3o01: Line too long
and Eo6o2: Undefined variable, which are the top two smells for both groups, though these
issues are far more pronounced in the human-written code. The LLM-generated code is
characterized by smells like Wo612: Unused Variable, Rogo3: Too few public methods, and Wo311:
Bad indentation. This profile suggests a tendency to generate structurally naive code—code
that runs but carries inefficiencies that complicate understanding and maintenance. In
contrast, the smells found in human-written code include Cozo9: Consider using f-string,
Wi514: Unspecified encoding , and Wo1o2: Dangerous default value. This profile points to issues
of code modernization and subtle, experience-based errors, reflecting code that may be
older or written without adherence to the latest best practices.

To confirm that the observed differences in smell profile were statistically significant, we
performed pairwise Chi-Square Tests of Independence as specified in Section 3.4.3. The
results, summarized in Table 4.9, reveal that the distribution of issue types in canonical
solutions differs significantly from every model on both benchmarks (all p < 0.001). The
effect size analysis (Cramér’s V) highlights distinct patterns of divergence, ranging from
medium (V = 0.442) to large effects (V = 0.609).
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Figure 4.2: Distribution of Code Smell Categories (Convention, Refactor, Warning, Error, Security)

Across LLM-Generated Code and Canonical Solutions on BigCodeBench-Hard

Table 4.8: Ten Most Frequent Code Smells Detected in Human-Written Canonical Solutions Across

Both Benchmarks with Message Type and Occurrence Count

Rank Type Message Count
1 Convention Co3o1: Line too long 460
2 Error Eo602: Undefined variable 397
3 Warning Wo612: Unused variable 52
4 Convention Co209: Consider using f-string 39
5 Warning Wi1514: Unspecified encoding 33
6 Warning Woyo7: Raise missing from 24
7 Security B311: Import of random library 24
8 Refactor R1705: No else return 18
9 Warning Wo1o2: Dangerous default value 14

10  Security B404: Import of subprocess library 12
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Table 4.9: Chi-Square and Cramér’s V Effect Sizes Comparing Code Smell Distribution Profiles
Between Human-Written and LLM-Generated Code on Both Benchmarks

Dataset Comparison x> (df=4) p-value Cramér’s V

BigCodeBench-Hard Human vs. Phi-3-mini 226.97 <107  0.489
Human vs. Phi-4 174.85 <1073¢  0.442
Human vs. Qwen2.5-Coder  177.91 <1073¢ 0.444

CoderEval Human vs. Phi-3-mini 214.84 <107* 0.464
Human vs. Phi-4 334.42 <1077 0.609

Human vs. Qwen2.5-Coder  314.63 <107% o0.553

Security Smell Comparison To evaluate whether LLMs exhibit distinct security vulner-
abilities compared to human developers, we analyzed security-smell occurrence patterns
across both datasets, as detailed in Table 4.10.

The analysis revealed no significant differences across code sources for three of the five
security smells: Bgoq: Import of subprocess library, B603: Subprocess without shell=True, and
B31o: Urllib_urlopen all showed nearly identical prevalence rates (all p > 0.3). This near-
perfect consistency provides strong evidence that these smells reflect benchmark design
constraints rather than differences in quality.

For B311: Import of random library, we observed light variation across groups (Q(3) = 10.20,
p = 0.017). However, the practical significance of this difference is minimal given the
benchmark context where random number generation is explicitly required.

Most critically, B113: Request Without Timeout showed the strongest heterogeneity in the
entire security analysis (Q(3) = 24.43, p < 0.001). All three LLMs exhibited substantially
elevated prevalence (5.4-5.8%) compared to the canonical baseline (2.5%)—representing a
2.2x increase. Post-hoc McNemar tests confirmed significant differences for all three models
on this issue:

e Phi-3-mini vs. Canonical: x> = 9.00, adjusted p = 0.008
e Phi-4 vs. Canonical: x*> = 9.00, adjusted p = 0.008
* Qwen2.5-Coder vs. Canonical: x?> = 8.00, adjusted p = 0.014

The consistency of this elevation across all models indicates a behavioral pattern. LLMs
appear to default to the simplest API usage patterns (e.g., requests.get(url)), without in-
corporating defensive programming practices such as timeout specification that experienced
developers apply reflexively.

4.3 RQ2: Prompt Engineering Effects

This section answers our second primary research question: Can strategic prompt engineering
prevent code smells in LLM-generated code? Having established in RQ1 that code smells are
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Table 4.10: Cochran’s Q Test Results for Security Smell Prevalence Comparing Human-Written
Canonical Solutions Against Three LLM Models Across 278 Matched Tasks

Smell Phi-3- Phiy Qwenz.5- Canonical Q p
mini Coder

B311: Import of random library 4.7 5.8 5.8 6.5 10.20 0.017

B4o4: Import of subprocess library 5.0 5.0 5.0 4.3 3.00 0.392

B603: Subprocess shell=True 3.6 3.6 3.2 3.6 0.36 0.948

B310: Urllib_urlopen 2.2 2.2 2.2 2.2 0.00  1.000

B113: Request without timeout 5.8 5.8 5.4 2.5 24.43 0.000

prevalent in LLM-generated code and that they differ qualitatively from human-written code,
we now present our findings on whether developers can actively prevent these code smells
through deliberate prompt design.

4.3.1 RQ2z.1: Quantitative Impact

To assess the overall effectiveness of prompt engineering in reducing code smells, we
generated solutions for all benchmark tasks using each of the five prompting strategies.
We present the results visually in Figure 4.3 and Figure 4.4, which display the mean smell
density for each model-technique combination across both benchmarks.

On BigCodeBench-Hard, the data shows relatively uniform performance across techniques
with high Zero-Shot smell densities. However, CoderEval exhibits greater variation between
techniques, with some approaches showing meaningful reductions for Qwen2.5-Coder.

More importantly, we observed three key findings from the results: (1) Quality-Focused
shows modest improvements; (2) RCI consistently degrades performance; and (3) effects
are far more pronounced on CoderEval than BigCodeBench-Hard. The remainder of this
section examines each prompt technique in detail.

Quality-Focused The Quality-Focused prompt, which directly instructs the model to
generate clean code and avoid code smells, achieved the most substantial reduction in code
smell density across all prompting techniques. On the CoderEval benchmark, this technique
reduced the average smell count for Qwenz2.5-Coder by 42.5%, from 1.74 smells per sample
in the Zero-Shot baseline to 1.00.

However, this benefit is not universal. On BigCodeBench-Hard, the Quality-Focused
prompt showed minimal improvement, with smell density remaining at 1.97 smells per
sample compared to 1.97 for Zero-Shot. This suggests that on highly complex tasks, explicit
quality instructions provide limited benefit. The model’s capacity is already exhausted
by the task’s complexity, leaving minimal cognitive resources for incorporating quality
guidance.
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Figure 4.3: Impact of Five Prompting Techniques (Zero-Shot, Quality-Focused, Persona-Based, CoT,
RCI) on Code Smell Density Across Three Models on BigCodeBench-Hard

I Zero-Shot I Quality-Focused I Persona-Based I CoT I RCI

1.88

= = =
L o [oe]
1 1 1

Average Smell Density
=
N}

1.0 A

Phi-3-mini Phi-4 Qwen2.5-Coder

Figure 4.4: Impact of Five Prompting Techniques (Zero-Shot, Quality-Focused, Persona-Based, CoT,
RCI) on Code Smell Density Across Three Models on CoderEval
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CoT  The CoT prompt demonstrated similarly promising results as Quality-Focused. On
CoderEval, CoT reduced smell density by 37.4% (from 1.74 to 1.09 smells per sample) for
Qwen2.5-Code. This suggests that encouraging the model to articulate its reasoning process
before generating code can lead to more deliberate design choices that align with quality
standards.

However, this effect was not consistent across all experimental conditions. On the more
complex BigCodeBench-Hard benchmark, CoT showed minimal to no improvement and, in
some cases, led to slight increases in smell density. For instance, with Phi-4 on BigCodeBench-
Hard, CoT increased smell density from 1.93 to 2.07 smells per sample. This degradation
mirrors the Quality-Focused pattern: on complex tasks where models already struggle,
adding reasoning steps may introduce additional opportunities for errors rather than
improvements.

Persona-Based The Persona-Based prompt, which instructs the model to adopt the role
of a software quality expert, proved largely ineffective across all models and benchmarks.
This technique failed to produce meaningful reductions in code smells and, in several cases,
resulted in marginal increases. For example, with Phi-3-mini on BigCodeBench-Hard, the
Persona-Based prompt increased smell density from 2.34 to 2.72 smells per sample. This
finding challenges the intuitive assumption that role-playing prompts can meaningfully
alter the fundamental patterns of code generation, thereby improving measurable quality
metrics.

The ineffectiveness of this approach aligns with emerging research suggesting that persona
prompts may have limited and inconsistent effects on objective technical tasks [26, 89].

RCI  The most striking and counterintuitive finding of this analysis concerns the RCI
technique. This multi-step prompting strategy consistently increased smell density across
all models and benchmarks.

With Qwenz.5-Coder on BigCodeBench-Hard, RCI increased the average smell density
by 38.7% over Zero-Shot, from 1.97 to 2.71 smells per sample. On CoderEval, the trend
persisted, with Phi-4 increasing from 1.18 to 1.52 smells per sample. Most critically, in nearly
every tested scenario, RCI produced the highest smell density of any prompting technique,
indicating that this approach is systematically counterproductive.

This finding demonstrates that prompting sophistication does not automatically lead to
better outcomes—sometimes, simpler approaches are more effective precisely because they
introduce fewer opportunities for error.

Statistical Validation of Prompting Effects To determine whether the observed dif-
ferences in smell density across prompting techniques were statistically significant, we
conducted Kruskal-Wallis H tests for each model-benchmark combination, as specified in
Chapter 3.

The results, presented in Table 4.11, reveal that the prompting technique significantly influ-
ences code quality only under specific conditions. For Qwen2.5-Coder, we observed highly
significant differences on both CoderEval (H(4) = 16.17, p = 0.0028) and BigCodeBench-
Hard (H(4) = 20.33, p = 0.0004). In contrast, Phi-4 exhibited no statistically significant
differences on either benchmark. Phi-3-mini showed a significant effect on CoderEval
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(H(4) =9.93, p = 0.0416) but not on BigCodeBench-Hard (H(4) = 6.56, p = 0.1614). This
suggests that the impact of prompt engineering is strongly dependent on both the model
architecture and task complexity.

Table 4.11: Kruskal-Wallis H Test Results Evaluating Statistical Significance of Prompting Technique
Effects on Code Smell Density for Each Model-Benchmark Combination

Model Benchmark H-statistic p-value Significant (p < 0.05)
Phi-3-mini CoderEval 9.93 0.0416 True
Phi-3-mini BigCodeBench-Hard 6.56 0.1614 False
Phi-4 CoderEval 9.10 0.0587 False
Phi-4 BigCodeBench-Hard 8.33 0.0801 False
Qwen2.5-Coder CoderEval 16.17 0.0028 True
Qwenz.5-Coder BigCodeBench-Hard 20.33 0.0004 True

Post-Hoc Pairwise Comparisons To identify which specific prompting techniques differ
significantly, we performed post-hoc pairwise Mann-Whitney U tests with Bonferroni
correction. Table 4.12 presents the results for model-benchmark combinations in which the
Kruskal-Wallis H test revealed significant effects.

For Qwenz.5-Coder-32B on CoderEval, Quality-Focused showed significant improvements
over Zero-Shot (U = 22170.0, adjusted p = 0.012). In contrast, RCI showed no significant
difference despite its higher raw smell count. CoT and Persona-Based similarly failed to
reach significance.

On BigCodeBench-Hard, the pattern shifts dramatically. Quality-Focused did not reach
the corrected threshold. Most critically, RCI showed a significant increase in smell density
(U = 13275.5, adjusted p = 0.002), providing statistical confirmation of its detrimental effect
on complex tasks.

Distribution Analysis To visualize these distributional differences, Figure 4.5 and Fig-
ure 4.6 present box plots comparing smell density across all five prompting techniques for
Qwen2.5-Coder on both benchmarks.

The visualizations reveal key distributional patterns. On CoderEval, the median values
for Zero-Shot, Quality-Focused, and CoT remain similar (ranging from 1.0 to 2.0 smells
per sample). In contrast, RCI exhibits both a higher median and substantially greater
variance, with outliers exceeding eight smells per sample. This pattern indicates that RCI’s
degradation is not driven by a few extreme cases but rather reflects a systematic shift across
the entire distribution toward higher smell density. On BigCodeBench-Hard, the spread is
more uniform across Zero-Shot, Quality-Focused, CoT, and Persona-Based techniques, but
RCI maintains consistently elevated values throughout its distribution, confirming that its
degrading effect is systematic rather than sporadic.



Table 4.12: Post-Hoc Mann-Whitney U Pairwise Comparisons of Four Prompting Techniques Against
Zero-Shot Baseline with Bonferroni-Corrected Significance Values

4.3 RQ2: Prompt Engineering Effects

Model Benchmark Prompt U-statistic Adjusted p- Effect Direc-
value tion

Phi-3-mini CoderEval Quality- 21036.5 1.000 No sig. diff.
Focused

Phi-3-mini CoderEval Persona- 21189.5 1.000 No sig. diff.
Based

Phi-3-mini CoderEval CoT 23191.5 1.000 No sig. diff.

Phi-3-mini CoderEval RCI 24112.0 0.348 No sig. diff.

Qwenz2.5- CoderEval Quality- 22170.0 0.012 Improvement

Coder Focused

Qwen2.5- CoderEval Persona- 25190.0 1.000 No sig. diff.

Coder Based

Qwen2.5- CoderEval CoT 23359.5 0.256 No sig. diff.

Coder

Qwen2.5- CoderEval RCI 26586.5 1.000 No sig. diff.

Coder

Qwen2.5- BigCodeBench-Quality- 10623.5 1.000 No sig. diff.

Coder Hard Focused

Qwenz2.5- BigCodeBench-Persona- 11106.5 1.000 No sig. diff.

Coder Hard Based

Qwen2.5- BigCodeBench-CoT 10499.0 1.000 No sig. diff.

Coder Hard

Qwen2.5- BigCodeBench-RCI 13275.5 0.002 Degradation

Coder

Hard
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Figure 4.5: Distribution of Code Smell Density Across Five Prompting Techniques for Qwenz2.5-Coder
on BigCodeBench-Hard Showing Median, Interquartile Range, and Outliers
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Figure 4.6: Distribution of Code Smell Density Across Five Prompting Techniques for Qwenz2.5-Coder
on CoderEval Showing Median, Interquartile Range, and Outliers



4.3 RQ2: Prompt Engineering Effects

4.3.2 RQ2.2: Qualitative Profile Shifts

While RQz2.1 established the magnitude of smell reduction—or lack thereof—it is equally
critical to understand the morphology of these changes. We analyzed how specific smells
shifted under Quality-Focused and RCI to understand the nature of quality improvements
or degradations.

Quality-Focused vs. Zero-Shot As established in RQ1, the Zero-Shot baseline for
Qwenz.5-Coder exhibited a distinct formatting bias: Wo311: Bad indentation was its second-
most frequent issue (87 occurrences), alongside a high volume of warnings. Applying the
Quality-Focused prompt led to a dramatic reduction in these smells.

As shown in Table 4.13, the Wo311: Bad indentation smell was effectively eradicated (87 —
0). However, the Eo6o2: Undefined variable smell remained the Rank 1 issue, dropping from
89 to 65 occurrences. This finding suggests that Prompt engineering is highly effective at
enforcing code hygiene (removing indentation errors and unused arguments) and formatting.
However, it cannot easily correct hallucinations rooted in the model’s training distribution.

Table 4.13: Comparison of Three Most Frequent Code Smells for Qwen2.5-Coder on CoderEval
Between Zero-Shot and Quality-Focused Prompting Strategies

Strategy Rank Type Message Count
Zero-Shot 1 Error Eo0602: Undefined variable 89
2 Warning Wo311: Bad indentation 87
3 Warning Wo212: Protected access 37
Quality-Focused 1 Error Eo602: Undefined variable 65
2 Warning Woz212: Protected access 30
3 Warning Wo613: Unused argument 30

RCI vs Zero-Shot  Our analysis of the RCI technique offers a precise explanation for its
quantitative failure. As detailed in Table 4.14 and Table 4.15, the Co301: Line too long smell
exploded in frequency on BigCodeBench-Hard for every tested model. For Phi-3-mini,
instances rose by 36.7% (49 — 67), and for Qwenz2.5, by 73.5% (49 — 85).

Furthermore, RCI introduced Refactor and Warning smells that were absent in the baseline
rankings. Notably, Wo7o7: Raise missing from appeared as the Rank 2 issue for Qwenz2.5-Coder
(rising from 7 to 48 occurrences), while Phi-3-mini suffered from Wo621: Redefined outer name
issues (rising from 18 to 46). The morphological evidence confirms what quantitative metrics
suggested: RCI degrades quality by introducing verbosity and hallucinated refactoring
complexity (e.g., improper exception chaining and variable shadowing).
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Table 4.14: Comparison of Three Most Frequent Code Smells Between Zero-Shot and RCI Prompting
for Phi-3-mini on BigCodeBench-Hard

Strategy = Rank Type Message Count
Zero-Shot 1 Convention Co3o1: Line too long 49
2 Warning Wo612: Unused variable 37
3 Error Eo602: Undefined variable 23
RCI 1 Convention Co3o1: Line too long 67
2 Warning Wob621: Redefined outer name 46
3 Warning Wob612: Unused Variable 41

Table 4.15: Comparison of Three Most Frequent Code Smells Between Zero-Shot and RCI Prompting
for Qwen2.5-Coder on BigCodeBench-Hard

Strategy = Rank Type Message Count
Zero-Shot 1 Convention Co3o1: Line too long 49
2 Warning Wo612: Unused variable 49
3 Warning Wi1514: Unspecified encoding 22
RCI 1 Convention Co3o1: Line too long 85
2 Warning Wo7zo7: Raise missing from 48

3 Warning Wob12: Unused Variable 40




4.4 Summary of Findings
4.4 Summary of Findings

4.4.1 RQ1: Code Smell Prevalence

RQ1.1: Frequency and Distribution  Our analysis revealed that code smells are pervasive
in LLM-generated code, with 52% - 78% of syntactically valid solutions containing at least
one code smell. Smell density ranged from 1.18 to 2.27 smells per solution, depending on the
model and benchmark. Phi-4 consistently achieved the lowest smell density, outperforming
both Phi-3-mini and Qwen2.5-Coder.

The most prevalent issues included Co3zo1: Line too long (Convention), Eo6o2: Undefined
variable (Error) and Wo612: Unused Variable (Warning). Critically, qualitative analysis revealed
that Eo6o2: Undefined variable likely stems from probabilistic typos, API namespace confusion,
case-sensitivity drift, and variable shadowing, rather than a lack of programming knowledge.

We identified genuine security risks, most notably the systematic failure to define API
timeouts (B113: Request Without Timeout), while other detected security flags were essentially
artifacts of task requirements.

RQ1.2: Comparison with canonical solutions Contrary to expectations, LLM-generated
code contained quantitatively fewer smells than human-written canonical solutions (1.77
vs. 4.27 average smell density). However, chi-square tests revealed fundamentally different
distributions of smells. Human code exhibited predominantly Convention violations, while
LLM code suffered from Warning and Error categories.

4.4.2 RQ2: Prompt Engineering Efficacy

RQ2.1: Quantitative Impact Prompt engineering effects varied significantly by technique.
The Quality-Focused prompt achieved modest but consistent smell reductions (7%- 15%
improvement over Zero-Shot). Persona-Based prompts ("Act as a software quality expert”)
showed minimal impact. CoT prompting produced mixed results, sometimes increasing
smell density due to added complexity.

Most critically, RCI—the most sophisticated technique tested—consistently degraded
quality across all models and benchmarks. Statistical analysis confirmed that RCI significantly
increased smell density compared to Zero-Shot baselines. This contradicts the assumption
that self-correction improves output quality.

RQ2.2: Qualitative Shifts in Smell Distribution Different prompting techniques altered
not only the quantity of smell but also its types. Quality-Focused prompts successfully re-
duced mechanical issues (Wo612: Unused Variable, Wo311: Bad indentation) by activating latent
knowledge of coding standards. However, RCI introduced a “verbosity penalty”—generating
verbose code with excessive try-except blocks and hallucinated abstractions (undefined
constants, non-existent helper functions).
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Discussion

This chapter extends the usual scope of a discussion section—which in many theses is
primarily focused on interpreting quantitative results—by including additional analyses
aimed at better understanding why those results arise. We begin by interpreting the
empirical findings presented in Chapter 4. While the quantitative analysis established high
code smell prevalence (RQ1) and inconsistent, sometimes counterproductive, prompting
effects (RQz2), these metrics alone cannot fully reveal the underlying mechanisms. To help
address this limitation, we qualitatively examine specific failure patterns, illustrating why
models with near-perfect parsing rates can still produce low-quality code. We then analyze
how different prompting strategies mechanistically shape the generated code. Finally, we
address the threats to validity that limit the generalizability of our findings.

5.1 RQa1: Syntax-Logic Gap

As shown in Chapter 4, syntactically valid solutions still exhibited a high prevalence of code
smells, with Eo6oz2: Undefined variable emerging as one of the most frequent and impactful
issues across models and benchmarks. This apparent contradiction—valid syntax paired
with substantial semantic and structural problems—has also been noted in recent research
on LLMs [54, 72, 83], suggesting that strong surface-level fluency can mask inconsistencies in
deeper program logic and reinforcing that the phenomenon observed here is not unique to
this study.

A defining characteristic of the LLMs evaluated in this study is their mastery of Python
syntax paired with fragility in program structure. The prevalence of Eo6o02: Undefined variable
errors indicates that while models know how to write code, they often forget what they
are writing about. Unlike a compiler that uses a symbol table to verify existence, the LLM
predicts the next sub-word token based on probability distributions over its training corpus.

This disconnect manifests in multiple forms: probabilistic token slips that introduce typos,
API knowledge without namespace awareness, and variable references that drift in casing
or scope. Critically, these failures are not due to a lack of programming knowledge—the
models demonstrate sophisticated understanding of algorithms, data structures, and library
capabilities. Instead, they stem from the autoregressive generation process itself, in which
each token is predicted independently, without guaranteeing consistency with earlier choices.
To understand the specific mechanisms underlying this disconnect, we conducted a manual
inspection of failure cases.
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5.1.1 Probabilistic Typos

One of the most surprising failure modes observed is the introduction of typos in variable
names—an error class almost non-existent in modern IDEs with autocomplete, yet prevalent
in probabilistic generation.

As illustrated in Listing 5.1, the model correctly defines the constant PEOPLE_COUNT. How-
ever, in a subsequent list comprehension, it references PEOPEN_COUNT. This error highlights
the stochastic nature of LLM decoding. The token “"PEN" likely shared a high probability
mass with "PLE” in this context, leading to a typo that renders the code inexecutable.

Listing 5.1: Example of a Probabilistic Typo: Phi-3-mini Hallucinates PEOPEN_COUNT Instead of the
Defined PEOPLE_COUNT

def task_func(filename):
data = []
names = [f’Person{i}’ for i in range(PEOPLE_COUNT) ]
ages = [random.randint(18, 70) for _ in range(PEOPEN_COUNT)]
heights = [random.uniform(1.5, 2.0) for _ in range(PEOPLE_COUNT) ]
weights = [random.uniform(50, 100) for _ in range(PEOPLE_COUNT) ]

for name, age, height, weight in zip(names, ages, heights, weights):
data.append([name, age, height, weight])

avg_age = round(mean(ages), 2)
avg_height = round(mean(heights), 2)
avg_weight = round(mean(weights), 2)

data.append([’Average’, avg_age, avg_height, avg_weight])

with open(filename, mode="w’, newline="") as file:
writer = csv.writer(file)
writer.writerow(COLUMNS)
writer.writerows(data)

return os.path.abspath(filename)

5.1.2 API Hallucinations

A second recurring pattern, identified through close qualitative inspection of the detected
smells, involves the correct retrieval of function names but the failure to respect namespace
constraints. This phenomenon, which we term ”“API Amnesia,” accounts for a significant
portion of the Eo6o2: Undefined variable errors observed in the Zero-Shot baseline.

Listing 5.2 demonstrates a case where the model attempts to use randint directly. While
the logic is sound, the function resides within the random module (which was imported).
The model failed to qualify the call as random. randint or to explicitly import the function.



5.1 RQ1: Syntax-Logic Gap

Similarly, Listing 5.3 shows a call to random_seed(seed). The model likely conflated the
standard random.seed() method with a training pattern where a helper function named
random_seed might have existed. These errors suggest that while LLMs possess strong
knowledge of library capabilities, they struggle with the precise syntactic requirements of
module namespaces.

Listing 5.2: Failure to Call random. randint

import pandas as pd
from datetime import datetime, timedelta
import random

def task_func(start_date=datetime(2020, 1, 1), end_date=datetime(2020, 12, 31), seed
=42):
if not isinstance(start_date, datetime) or not isinstance(end_date, datetime):
raise ValueError("start_date and end_date must be datetime instances")
if start_date > end_date:
raise ValueError("start_date must be before or equal to end_date")

random.seed(seed)

date_range = [start_date + timedelta(days=randint(0, (end_date - start_date).days)
) for _ in range((end_date - start_date).days + 1)]

return pd.Series(date_range)

5.1.3 Case Sensitivity Errors

A distinct category of Eo6o2: Undefined variable arises when the model captures the semantic
meaning of a variable but fails to adhere to its specific syntactic casing.

Listing 5.4 illustrates a clear example of this phenomenon. The model correctly defines a
global constant NUMBERS in uppercase, following standard Python conventions for constants.
It even references this constant correctly in the list comprehension: random. choice (NUMBERS).
However, merely two lines later, the model attempts to pass the variable to a plotting function
as numbers (lowercase).

This error suggests that the model’s internal representation of the code focuses on the
concept of the variable (“the list of numbers”) rather than its rigid symbolic identifier.
This highlights a critical “attention drift,” where standard coding conventions (lowercase
variables) override local context (uppercase constants).

5.1.4 Namespace Collisions

A subtler but equally fatal failure mode involves Namespace Shadowing, in which the
model chooses variable names that clash with imported libraries. This behavior indicates a
lack of whole-program awareness, as the model effectively overwrites its own tools.
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Listing 5.3: Hallucination of a Non-Existent Global Function random_seed

import random
import time
import matplotlib.pyplot as plt

def task_func(my_list, size=100, seed=100):
if not isinstance(my_list, list):
raise TypeError("my_list must be a list")
if not all(isinstance(x, (int, float)) for x in my_list):
raise ValueError("my_list must contain only numeric elements")

random_seed(seed)
start_time = time.time()

my_list.append(12)
total_sum = sum(my_list)
random_list = [random.randint(1l, min(100, total_sum)) for _ in range(size)]

end_time = time.time()
time_taken = end_time - start_time

plt.hist(random_list, bins=range(1l, 102), edgecolor="black”)
plt.xlabel( 'Number”)

plt.ylabel( Frequency’)

plt.title( Histogram of Random Numbers’)

return time_taken, plt.gcf().axes[0]

Listing 5.5 demonstrates a representative instance of this logic failure. The model begins
by importing the stats module from scipy. However, when the task requires calculating
summary metrics, the model defines a local dictionary, stats, to store the mean and
standard deviation.

While stats is a semantically logical name for this dictionary, it destructively shadows the
imported module. When the model subsequently attempts to access stats.norm.fit(arr),
the interpreter attempts to look up the .norm attribute on the local dictionary rather than
the module, resulting in a crash.

5.2 RQ2: Prompt Engineering Mechanisms

Our quantitative analysis in RQz indicated that prompt engineering significantly alters
code structure, with Quality-Focused prompts improving quality while RCI degrades it. To
understand the mechanisms behind these changes, we conducted a comparative analysis of
code generated by the Zero-Shot Baseline, Quality-Focused, and RCI prompts.
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Listing 5.4: Case sensitivity failure: The Model Defines NUMBERS but Later References the Undefined
Lowercase numbers

import numpy as np
import matplotlib.pyplot as plt
import random

NUMBERS = list(range(1l, 7))

def task_func(rolls, seed=None):
if seed is not None:
random.seed(seed)
results = [random.choice(NUMBERS) for _ in range(rolls)]
unique, counts = np.unique(results, return_counts=True)
frequencies = np.asarray(counts) / rolls
plt.hist(numbers, weights=frequencies, bins=1len(NUMBERS))
plt.title("Histogram of Dice Rolls")
plt.xlabel("Dice Value")
plt.ylabel("Frequency")
plt.show()
return frequencies, plt.gca()

5.2.1 Verbosity Trade-Offs

The RCI technique often increased smell density. A qualitative inspection reveals that this is
rarely due to the introduction of incorrect logic, but rather an over-correction.

Listing 5.6 illustrates a representative transformation from the CoderEval benchmark.
In the Zero-Shot solution, the model generates a concise, functional HTTP request. The
RCI iteration, which attempts to critique and improve the solution, wraps the logic in an
exhaustive try-except block that catches four distinct exception types and explicitly checks
for a missing library.

While this refactored code is objectively more robust—notably fixing the B113: Request
Without Timeout security smell by adding a timeout=10 parameter—it introduces significant
verbosity. This highlights a critical trade-off: LLM self-correction tends to conflate quality
with handling every edge case, resulting in code that is secure but harder to maintain due
to visual clutter.

5.2.2 Hallucinated Refactoring

A second failure mode of complex prompting is “Hallucinated Refactoring.” When in-
structed to critique code, models often restructure logic into helper methods or introduce
constants that were never defined.

In the validation example shown in Listing 5.7, the RCI prompt successfully breaks a
monolithic validate function into modular helper methods. However, it introduces usage of
SPEC_VERSION_V1 and SPEC_VERSION_V2—constants that appear nowhere in the generated
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Listing 5.5: Namespace Collision: The Local Variable stats Shadows the Imported scipy.stats
Module

import numpy as np
import matplotlib.pyplot as plt
from scipy import stats

def task_func(original):
arr = np.array([t[1] for t in originall)
stats =
‘mean’: np.mean(arr),
“std’: np.std(arr),

7 ’

min’: np.min(arr),

7. ’

max’: np.max(arr)

}

mu, sigma = stats.norm.fit(arr)

n, bins, patches = plt.hist(arr, density=True, alpha=0.6, bins="auto’, label=’
Histogram ")

y = stats.norm.pdf(bins, mu, sigma)

plt.plot(bins, y, 'r—’, linewidth=2, label='PDF’)

plt.legend()

ax = plt.gca()

return arr, stats, ax

scope. Unlike the Zero-Shot generation, which used literal strings ('v1’, 'v2’), this improved
code is syntactically elegant but functionally broken.

It remains an open question for future work whether this degradation stems from the
model’s inability to correctly identify smells during the critique phase (false positives in
self-assessment) or an inability to execute the refactoring without introducing new errors.
However, the result—hallucinated refactoring—suggests that the "fix" phase is particularly
prone to over-correction.

5.2.3 Implicit Code Hygiene

In contrast to the structural correction of RCI, the Quality-Focused prompt demonstrated a
capacity for subtle yet effective "Modernization and Hygiene."

Listing 5.8 illustrates a dual improvement in a Pandas data processing task. First, regarding
API stability, Zero-Shot utilized pd.api.types.is_categorical_dtype, a method that has
faced deprecation warnings in recent library versions. The Quality-Focused model replaced
this with the more stable numpy-based check np.issubdtype without explicit instruction.

Second, regarding code hygiene, the Zero-Shot generated a significant smell by unpacking
all four return values from chi2_contingency (chi2, p, dof, expected), even though it
only returned p. This triggers the Wo612: Unused Variable warning three times. The Quality-
Focused solution adopted the Python convention of using underscores (_) to discard unused
values explicitly. This confirms that simple quality constraints effectively activate the model’s
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latent knowledge of both library evolution and clean coding standards, resolving multiple
smell categories (Warning and Convention) simultaneously.

5.3 Threats to Validity

Empirical software engineering research involves inherent limitations that constrain the
generalizability and interpretation of findings. Below, we discuss threats to validity for our
study and describe how we aimed to mitigate them.

5.3.1 Construct Validity

Reliability of Static Analysis We relied on automated static analysis tools (Pylint and
Bandit) to quantify code smells. While these tools are industry standards, they function
based on heuristics rather than semantic understanding. A significant threat to our findings
is classifying missing context as an error. As observed in the CoderEval benchmark, Pylint
frequently flagged Eo6o2: Undefined variable errors because it analyzed functions in isolation,
lacking access to the broader project scope.

Suppression of Docstrings and Comments All models were explicitly instructed to
avoid generating docstrings and comments Section 3.2.3, a decision made to prevent
excessive verbosity and reduce the risk of truncated responses due to token limits during
preliminary trials. While this ensured greater consistency in output length and maintained
focus on executable logic, it introduces a non-trivial threat to construct validity. In practical
software development, docstrings and comments contribute significantly to readability and
maintainability. Several static analysis heuristics—particularly within Pylint—are influenced
by the presence or absence of such documentation. By suppressing these natural language
elements, the study intentionally excluded documentation-related smells from the analysis,
potentially underrepresenting an important quality dimension that would typically be
present in real-world code. Therefore, the reported results should be interpreted primarily
as a measure of the internal structural quality of bare, uncommented code, rather than as a
comprehensive evaluation of full, production-ready software artifacts.

5.3.2 Internal Validity

Prompt Sensitivity Our evaluation of prompt engineering techniques relied on specific,
fixed templates. LLMs are known to be highly sensitive to minor phrasing variations. The
negative performance of the RCI technique may stem from the specific wording of our
critique instruction rather than an inherent failure of self-correction mechanisms. Therefore,
our conclusions regarding prompting efficacy apply strictly to the specific templates used
in this study.
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Data Contamination A prevalent risk in evaluating LLMs is data contamination. While
we selected BigCodeBench-Hard specifically for its recent release to minimize this risk, we
cannot guarantee that the open-source models (Phi-3-mini, Phi-4, Qwenz.5-Coder) have not
been exposed to similar problems or earlier versions of the CoderEval dataset.

5.3.3 External Validity

Model Selection We restricted our analysis to three open-source models. This selection
excludes proprietary state-of-the-art models (e.g., GPT-5.1, Gemini 3), which may possess
superior instruction-following capabilities that could alter the effectiveness of prompting
techniques like RCI.

Programming Language Bias This study focused exclusively on Python. Python’s dy-
namic typing and whitespace-dependent syntax create specific categories of smells that do
not exist in statically typed languages. As such, specific smell profiles—particularly indenta-
tion errors—are language-specific artifacts. Future work must extend this methodology to
other languages to determine if these quality trends remain consistent.
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Listing 5.6: Comparison of Zero-Shot vs. RCI: RCI Corrects the Security Timeout Smell but Introduces
Excessive Boilerplate

# --- Zero-Shot Generation ---
def retrieve_diaspora_host_meta(host):
import requests
from xrd import XRD
response = requests.get(f https://{host}/.welldnown/host-meta”)
if response.status_code == 200:
return XRD(response.text)
else:
raise Exception(f"Failed to retrieve host-meta: {response.status_code}")

# --- RCI Generation ---
def retrieve_diaspora_host_meta(host):
import requests
try:
from xrd import XRD
except ImportError:
raise ImportError("The ’'xrd’ library is required but not installed. Please
install it using pip.")

url = host if host.startswith(( http://’, ’"https://’)) else f’https://{host}’
try:
response = requests.get(url + ’/.well-Jknown/host-meta’, timeout=10)
response.raise_for_status()
return XRD(response.text)
except requests.exceptions.HTTPError as e:
raise Exception(f"HITP error occurred: {e}")
except requests.exceptions.ConnectionError as e:
raise Exception(f"Connection error occurred: {e}")
except requests.exceptions.Timeout as e:
raise Exception(f"Timeout error occurred: {e}")
except requests.exceptions.RequestException as e:
raise Exception(f"Request error occurred: {e}")
except Exception as e:
raise Exception(f"Failed to parse XRD: {e}")
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Listing 5.7: Hallucinated Refactoring: RCI Introduces Undefined Constants (SPEC_VERSION_V1) in an
Attempt to Make the Code Look More Modular

# --- Zero-Shot Generation ---
def validate(self, inventory, extract_spec_version=False):
if extract_spec_version:
spec_version = inventory.get(’type’, None)
if spec_version not in ['vi’, ‘v2’]:
spec_version = self.spec_version
else:
spec_version = self.spec_version

# Placeholder for validation logic based on spec_version

if spec_version == ‘vi’:
# Validation logic for vl
pass

elif spec_version == 'v2’:
# Validation logic for v2
pass

else:

raise ValueError("Invalid specification version")

# --- RCI Generation ---
def validate(self, inventory, extract_spec_version=False):
if extract_spec_version:
spec_version = inventory.get(’type’, None)
if spec_version not in [SPEC_VERSION_V1, SPEC_VERSION_V2]:
spec_version = self.spec_version
else:
spec_version = self.spec_version

if spec_version == SPEC_VERSION_V1:
return self._validate_vl(inventory)
elif spec_version == SPEC_VERSION_V2:
return self._validate_v2(inventory)
else:
raise ValueError(f"Unsupported specification version: {spec_version}")

def _validate_vl(self, inventory):
# Validation logic for vl
return True # Placeholder return value

def _validate_v2(self, inventory):
# Validation logic for v2
return True # Placeholder return value
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Listing 5.8: The Quality-Focused Prompt (Bottom) Simultaneously Modernizes Deprecated APIs and
Eliminates Unused Variables Present in the Zero-Shot (Top)

# --- Zero-Shot Generation ---

import pandas as pd

import numpy as np

from scipy.stats import chi2_contingency

def task_func(data, coll, col2):
if data.empty:
raise ValueError("Data is empty.")
if coll not in data.columns or col2 not in data.columns:
raise ValueError(f"Columns {col1} and/or {col2} not found in data.")
if not pd.api.types.is_categorical_dtype(datalcoll]) or not pd.api.types.
is_categorical_dtype(datalcol2]):
raise TypeError(f"Columns {col1} and {col2} must be categorical.")
if len(data[coll].unique()) < 2 or len(data[col2].unique()) < 2:
raise ValueError(f"Columns {col1i} and {colz} must have at least two categories
|

contingency_table = pd.crosstab(data[coll], data[col2])
if (contingency_table.values < 5).any():
raise ValueError("Some categories have less than 5 observations, violating chi

"

—square test assumptions.")

chi2, p, dof, expected = chi2_contingency(contingency_table)
return p

# --- Quality-Focused Generation ---
import pandas as pd

import numpy as np

from scipy.stats import chi2_contingency

def task_func(data, coll, col2):

if data.empty:
raise ValueError("Dataframe is empty.")

if coll not in data.columns or col2 not in data.columns:
raise ValueError(f"Columns {col1} and/or {col2} not found in dataframe.")

if not all(np.issubdtype(dtype, np.object_) for dtype in [data[coll].dtype, datal
col2].dtypel]):
raise TypeError(f"Columns {col1} and {col2} must be categorical.")

if len(data[coll].unique()) < 2 or len(data[col2].unique()) < 2:
raise ValueError(f"Columns {coli} and {col2} must have at least two categories

each.")

contingency_table = pd.crosstab(datal[coll], data[col2])
if (contingency_table.values < 5).any():
raise ValueError("Contingency table contains cells with less than 5
observations.")

_, p_value, _, _ = chi2_contingency(contingency_table)
return p_value
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Related Work

This chapter situates our research within the broader academic discourse on LLM-based
software engineering. We organize the related work around three primary themes: the
structural quality of code generated by LLMs (RQ1), the impact of prompt engineering on
generation quality (RQz2), and the evolution of evaluation benchmarks that enable systematic
comparison.

6.1 LLM-Generated Code Quality

The empirical investigation of code quality in the output of LLMs has recently emerged as a
critical research direction. While early studies focused primarily on functional correctness,
recent work has begun to scrutinize the maintainability and structural integrity of generated
solutions.

Paul et al. [59] conducted a comprehensive scenario-based evaluation that compared
code smells in solutions generated by four state-of-the-art LLMs (Gemini Pro, ChatGPT,
Codex, and Falcon) against reference implementations written by humans. Their study
found that across the evaluated models, the incidence of code smells increased by an average
of 63.34%. Specifically, implementation-level smells accounted for 73.35% of the detected
issues, while design-level smells accounted for 21.42%. Critically, they observed that the
problem’s complexity correlates more strongly with the propensity for smells than with
the model selection. This suggests that task characteristics significantly influence quality
outcomes. While their work establishes a critical baseline for the prevalence of smells in
LLM output, it does not investigate whether strategic prompt engineering interventions can
reduce the generation of these smells—a gap our work directly addresses.

In a parallel empirical study, researchers evaluated the maintainability and reliability
of Python code generated by LLMs using SonarQube static analysis [53]. Their evaluation
across three difficulty levels (introductory, interview, and competition) revealed that while
LLM-generated code sometimes exhibits fewer runtime bugs overall, it introduces distinctive
structural issues at higher levels of complexity. This suggests a potential decline in quality as
task sophistication increases, motivating our investigation into whether prompt engineering
can mitigate this structural degradation across different task complexities.

Furthermore, Alves et al. [5] specifically investigated the quality of test code from GitHub
Copilot. They found that 47.4% of Python test cases generated by Copilot contained test
smells, even though they were functionally correct. This parallel finding in the test code
domain reinforces the importance of evaluating internal quality dimensions beyond simple
functional correctness—a core motivation for our systematic smell analysis.
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6.2 Static Analysis Tools

Understanding which quality assessment tools practitioners trust and rely on informs
the methodological choices in empirical research. A recent empirical study combining
interviews with 10 software development professionals and surveys of 310 practitioners [88]
revealed a significant gap between research contributions and practical needs regarding
code smell detection tools. Practitioners prioritize actionable recommendations over mere
detection and expressed skepticism toward approaches driven purely by machine learning.

Their study analyzed 78 papers on code smell detection published between 2020 and 2024,
revealing a trend toward machine learning in academia, while practitioners continue to rely
heavily on traditional static analysis tools such as SonarQube and Pylint. This preference
for established, interpretable tools justifies our methodological choice of Pylint and Bandit
as the evaluation apparatus for this thesis. These tools provide deterministic, rule-based
detection that produces actionable, categorized feedback—precisely what practitioners value
in production environments.

6.3 Prompt Engineering Techniques

The broader field of prompt engineering has established foundational techniques for guiding
the behavior of LLMs. However, a systematic investigation of how prompting strategies
influence code quality—specifically internal attributes such as code smells—remains absent.

Zero-Shot, Few-shot, and CoT prompting represent established techniques in prompt
engineering. Despite their widespread adoption, Porta et al. [62] conducted an empirical
assessment using the Dev-GPT dataset with 7,583 code files across three quality metrics
(maintainability, security, and reliability). Remarkably, their statistical testing revealed no
significant differences in the impact of prompts on code quality metrics. This suggests that
the prompt structure may not substantially influence these quality dimensions in code gener-
ated by ChatGPT. This finding contradicts assumptions in the prompt engineering literature
and motivates our investigation into whether different quality attributes—specifically code
smells—respond differently to prompt interventions in open-source models.

Khojah et al. [39] introduced CodePromptEval, a dataset of 7,072 prompts across five
prompt techniques and three LLMs, enabling systematic evaluation of prompt effectiveness.
Their central finding—that combined techniques do not necessarily improve outcomes and that
significant trade-offs exist between correctness and quality. They observed that CoT prompt-
ing sometimes reduces functional correctness while potentially improving other quality
attributes. This establishes that the effects of prompting on code characteristics are non-
uniform and potentially conflicting, motivating our approach of analyzing internal quality
above functional correctness.

The interaction between the prompt design and the model’s behavior emerged from
research on the energy efficiency of generated code [7]. When evaluating small language
models across four prompting strategies (role prompting, Zero-Shot, Few-Shot, and CoT),
researchers observed that CoT consistently improved energy for some models but failed



6.4 Code Generation Benchmarks

for others. This indicates that prompting effects depend heavily on model architecture—a
hypothesis we test across three distinct models.

Huang et al. [30] conducted a bias mitigation study in code generated by LLMs, em-
ploying Zero-Shot, One-Shot, and Few-Shot variants alongside CoT approaches. Their key
finding indicates that direct prompt engineering is ineffective at mitigating specific code
characteristics, whereas test-driven feedback substantially improves outcomes. This suggests
that combining prompting strategies with external feedback loops yields more substantial
quality improvements than prompting alone. Our investigation of RCI tests whether internal
feedback loops (model critiquing its own output) can approximate the benefits of external
feedback without requiring test suites.

6.4 Code Generation Benchmarks

Our empirical methodology relies on established code generation benchmarks that provide
standardized evaluation environments. The benchmark landscape has historically been
dominated by HumanEval [12] (164 Python problems) and MBPP [8] (974 primarily introduc-
tory problems). These provide standardized test suites for evaluating functional correctness
and enable reproducible evaluation, but they historically focus exclusively on correctness
metrics.

However, critical examination of benchmark quality itself has recently emerged as a
research priority. Siddiq et al. [68] conducted the first comprehensive study of task quality
in code-generation benchmarks, analyzing 3,566 tasks across nine datasets. Their findings
revealed that benchmarks contain spelling errors, grammatical issues, unclear intent expres-
sions, and inconsistent documentation. These systematic quality issues potentially mislead
performance comparisons and introduce confounding variables. This motivates careful
validation of benchmark task descriptions before experimental execution, as reflected in
our methodology, which uses the curated BigCodeBench-Hard dataset [68] to address these
quality concerns explicitly.

Recent extensions like HumanEval Pro and MBPP Pro [87] introduce self-invoking code-
generation tasks in which models must compose solutions from outputs of simpler problems.
This represents an evolution toward more complex, compositional evaluation paradigms.
Our work focuses on traditional, isolated function generation, leveraging established baseline
benchmarks while acknowledging emerging evaluation directions. This choice enables
direct comparison with the substantial body of prior work while providing a controlled
environment for isolating the prevalence of smell.
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Concluding Remarks

This thesis systematically evaluated the internal quality of code generated by open-source
LLMs. While prior research extensively evaluated functional correctness, the maintainability
of LLM-generated code—measured through code smells—remained an underexplored area.
By analyzing over 6,000 code samples across three models (Phi-3-mini, Phi-4, Qwen2.5-
Coder), five prompting strategies, and two realistic benchmarks (CoderEval, BigCodeBench-
Hard), we provided a systematic assessment of code smell prevalence in open-source models
and the efficacy of prompt engineering interventions for quality improvement. This chapter
synthesizes our contributions and outlines directions for future research.

7.1  Contributions

This thesis makes three primary contributions to the field of LLM-assisted software engi-
neering;:

1. Empirical Baseline for Open-Source Models: We established a systematic quantifi-
cation of code smell prevalence in open-source LLMs, analyzing smell density and
distribution across different categories. We employed industry-standard static analysis
tools (Pylint and Bandit) to enable reproducible comparisons.

2. Human-LLM Quality Comparison: We conducted a direct comparison between LLM-
generated code and human-written canonical solutions from the same benchmarks,
revealing fundamentally different quality profiles. This comparison demonstrates that
while LLMs produce fewer total smells, they exhibit distinct failure modes (structural/-
logical errors) compared to human developers (stylistic violations).

3. Systematic Prompt Engineering Evaluation: We evaluated five distinct prompting
techniques across multiple models and benchmarks, revealing that simple constraint-
based prompts outperform complex recursive self-correction methods. This finding
challenges assumptions in the prompt engineering literature about the efficacy of
sophisticated multi-turn reasoning strategies for improving code quality.

7.2  Future Directions

The findings of this thesis open several avenues for further investigation into the intersection
of Generative Al and software quality.
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Concluding Remarks

7.2.1 Extended Validation

Cross-Language Generalization This study focused exclusively on Python, where whites-
pace sensitivity creates unique formatting smells (e.g., Wo311: Bad indentation). Future work
should extend this methodology to statically typed languages such as Java or C++. Investi-
gating whether the Syntax-Logic Gap persists in languages with strict compile-time checks
would help isolate language-specific artifacts from inherent model limitations. Additionally,
analyzing functional languages (Haskell, Scala) would reveal whether type systems mitigate
the namespace confusion observed in dynamic languages.

Repository-Aware Generation We found that Eo6o2: Undefined variable were a major
cause of code smells. This often occurs because models analyze functions in isolation
and hallucinate variables expected to exist in a broader project context. Real software
development happens in large repositories, not isolated snippets. Future research should in-
vestigate repository-aware generation using Retrieval-Augmented Generation (RAG), where
the model accesses other files in the project to resolve correct variable names, imports, and
API signatures. This could directly address the Syntax-Logic Gap by providing semantic
grounding.

7.2.2 Tool Integration

Static Analysis Feedback Loops In this study, we used Pylint only after code generation
to measure quality. A more realistic approach integrates static analysis into the generation
process. Since we found that models struggle to self-correct through prompts alone (the
failure of RCI), future work should build agentic workflows where the model generates code,
immediately runs a linter, observes concrete error messages, and iteratively fixes issues
before presenting results to users. This combines the creativity of LLMs with the reliability
of deterministic verification tools, potentially surpassing both pure prompting and pure
post-processing approaches.

Closing Remarks

As LLMs become increasingly integrated in the software development lifecycle, the focus
must shift from merely generating code that runs to generating code that lasts. This thesis
provides a foundational step toward that goal, establishing that internal quality is a measur-
able, distinct, and manageable dimension of LLM-assisted engineering. Moving forward, we
need to build integrated workflows that combine the generative creativity of LLMs with the
verification rigor of traditional software-engineering tools. This approach allows us to use
LLM to produce code that is not only functionally correct, but also maintainable in the long
run.



Appendix

Table A.1: Complete Code Smell Summary for Phi-3-mini on BigCodeBench - Hard Across All Five
Prompting Techniques Categorized by Message Type

Prompt #Conv #Ref #Warn #Err #Sec #Total Smelly (%) Density
Zero-Shot 51 21 144 39 70 325 74.13 2.27
Quality- 63 19 141 44 76 343 80.69 2.37
Focused

Persona-Based 59 19 167 68 69 382 76.03 2.62
CoT 54 18 160 26 63 321 79.58 2.26
RCI 69 21 203 32 61 386 83.46 2.90

Table A.2: Complete Code Smell Summary for Phi-3-mini on CoderEval Across All Five Prompting
Techniques Categorized by Message Type

Prompt #Conv #Ref #Warn #Err #Sec #Total Smelly (%) Density
Zero-Shot 50 98 104 87 28 367 62.96 1.70
Quality- 41 89 80 72 31 313 57.66 1.41
Focused

Persona-Based 48 75 137 66 43 369 58.04 1.65
CoT 50 111 115 51 38 365 66.22 1.62
RCI 82 90 144 62 33 411 68.49 1.88
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Table A.3: Complete Code Smell Summary for Phi-4 on BigCodeBench-Hard Across All Five Prompt-
ing Techniques Categorized by Message Type

Prompt #Conv #Ref #Warn #Err #Sec #Total Smelly (%) Density
Zero-Shot 47 16 121 16 70 270 72.97 1.82
Quality- 39 16 124 31 67 277 72.11 1.88
Focused

Persona-Based 45 19 127 25 66 282 75.51 1.92
CoT 52 17 135 22 66 202 75.00 1.97
RCI 73 27 161 22 70 353 82.43 2.39

Table A.4: Complete Code Smell Summary for Phi-4 on CoderEval Across All Five Prompting
Techniques Categorized by Message Type

Prompt #Conv #Ref #Warn #Err #Sec #Total Smelly (%) Density
Zero-Shot 32 96 88 20 35 271 52.40 1.18
Quality- 41 90 81 7 31 250 52.17 1.09
Focused

Persona-Based 43 75 105 15 31 269 53.48 1.17
CoT 32 97 102 6 30 267 54.35 1.16
RCI 50 90 129 40 36 345 61.74 1.50

Table A.5: Complete Code Smell Summary for Qwenz2.5-Coder on BigCodeBench-Hard Across All
Five Prompting Techniques Categorized by Message Type

Prompt #Conv #Ref #Warn #Err #Sec #Total Smelly (%) Density
Zero-Shot 50 19 122 21 66 278 78.38 1.88
Quality- 43 21 119 24 65 272 75.68 1.84
Focused

Persona-Based 57 19 122 27 61 286 80.95 1.95
CoT 45 21 112 18 64 260 76.35 1.76

RCI 86 36 176 20 65 383 88.44 2.61




Table A.6: Complete Code Smell Summary for Qwenz2.5-Coder on CoderEval Across All Five Prompt-
ing Techniques Categorized by Message Type

Appendix

Prompt #Conv #Ref #Warn #Err #Sec #Total Smelly (%) Density
Zero-Shot 34 37 204 91 30 396 53.95 1.74
Quality- 23 24 84 67 32 230 41.74 1.00
Focused

Persona-Based 46 36 150 78 40 350 51.74 1.52
CoT 29 31 95 63 31 249 46.93 1.09
RCI 56 40 164 73 32 365 56.14 1.60
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Statement on the Usage of Generative
Digital Assistants

For this thesis, the following generative digital assistants have been used:

We have used GitHuB CoriLort for code completion and GEMINI for inspiration on how
to visualise the data. In addition, we have used CHATGPT to convert CSV tables to IXTEX and
to fix BIEX formatting issues. We have also used CHATGPT to search for related literature.
We have used CLAUDE to check grammar and formatting and to refine the text toward an
academic style.

We are aware of the potential dangers of using these tools and have used them sensibly
with caution and with critical thinking.
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