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ABSTRACT

Code readability is one of the main aspects of code quality, influ-
enced by various properties like identifier names, comments, code
structure, and adherence to standards. However, measuring this
attribute poses challenges in both industry and academia. While
static analysis tools assess attributes such as code smells and com-
ment percentage, code reviews introduce an element of subjectiv-
ity. This paper explores using Large Language Models (LLMs) to
evaluate code quality attributes related to its readability in a stan-
dardized, reproducible, and consistent manner. We conducted a
quasi-experiment study to measure the effects of code changes on
Large Language Model (LLM)s’ interpretation regarding its read-
ability quality attribute. Nine LLMs were tested, undergoing three
interventions: removing comments, replacing identifier names with
obscure names, and refactoring to remove code smells. Each in-
tervention involved 10 batch analyses per LLM, collecting data
on response variability. We compared the results with a known
reference model and tool. The results showed that all LLMs were
sensitive to the interventions, with agreement with the reference
classifier being high for the original and refactored code scenarios.
However, this agreement diverged for the other two interventions.
The LLMs demonstrated a strong semantic sensitivity that the refer-
ence model did not fully capture. A thematic analysis of the LLMs’
reasoning confirmed their evaluations directly reflected the nature
of each intervention. The models also exhibited response variability,
with 9.37% to 14.58% of executions showing a standard deviation
greater than zero, indicating response oscillation, though this did
not always compromise the statistical significance of the results.
LLMs demonstrated potential for evaluating semantic quality as-
pects, such as coherence between identifier names, comments, and
documentation with code purpose. Further research is needed to
compare these evaluations with human assessments and explore
real-world application limitations, including cost factors.
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1 Introduction

Reading source code is necessary for developers to understand the
software’s purpose, making it a central activity in software mainte-
nance [1]. This activity of understanding the software or program
can occur top-down or bottom-up. In the top-down approach, the
developer starts by reading documents such as requirements and
architectural documents, then moves to implementation layers. In
the bottom-up approach, the developer starts directly from the code
implementation [2].
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Source code can be readable and comprehensible. These two
characteristics are often treated as the same, but they are distinct
textual features. Readability relates to the complexity of the pre-
sented text, while comprehensibility relates to the reader’s ability to
grasp the text’s meaning. Thus, code measured as readable may still
be incomprehensible to a reader lacking the necessary knowledge
or experience to understand it [3].

This research focuses on two commonly studied readability at-
tributes of source code - identifier names and code comments, as
detailed in Section 3. We do not address other artifacts that com-
prise the software (documentation, architecture, etc.). Also, our
study do not cover the code understandability research area, as it
would require evaluating developers and their characteristics, such
as seniority and familiarity with the language in which the code is
written [4].

Low code readability is treated as a type of technical debt. Static
code analysis tools aim to map violations of coding best practices
to measure this debt. SonarQube classifies this type of violation as:
“Code Debt - Refers to problems found in the source code (violating
best practices or coding rules) that negatively affect its readability
and make it difficult to maintain.”! [5).

Low source code readability affects the industry, causing nega-
tive impacts over developers’ productivity [6] and job satisfaction
[7]. Many research studies have been conducted to advance the
understanding of code readability metrics [8]. Several approaches
have been developed, yet none of them reach the same level of
accordance with human evaluation, showing that there is still gaps
to be filled [9, 10, 11, 12, 13, 14].

The rise of LLMs and their emergent abilities, opens up new
avenues for research. There are works investigating which code
characteristics LLMs are sensitive to [15], how LLMs can be used
to evaluate code quality [16], and how they can support personal-
ized assessments of code readability for individual developers [17].
These preliminary results point to the need for a better understand-
ing of how LLM assess code readability.

In this work, we explore these issues, addressing the following
research questions:

(1) Can LLMs be used to generate a metric that assesses
code quality attributes associated with readability?

(2) How code attributes such as identifier naming and code
comments affect readability and quality perception by
an LLM?

(3) How can the inherent variability of LLMs affect their
evaluation of code readability and quality?

SonarQube https://www.sonarsource.com/learn/technical-debt/#types-of-technical-
debt
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The remainder of this paper is organized as follows: Section
2, explores the studies addressing the researched topic. Section 3,
details the method applied in this study. Section 4, presents the
findings from each stage of the experiment. Section 5, provides a
general analysis and discussion of the results from all experiment
stages. Limitations and future work directions are presented in
Section 6; and finally, the conclusion is in Section 7.

2 Related work

This work lies at the intersection of LLMs’ and code readability and
comprehensibility. We conducted a comprehensive review of litera-
ture exploring these intersections. Firstly, we examined automated
approaches for measuring code readability and comprehensibility.
Secondly, we investigated how LLMs are utilized to enhance code
readability and comprehensibility. To conduct this review, we used
the results of the systematic mappings from Bexell [18], Wyrich,
Bogner, and Wagner [8], and Hou et al. [19].

Bexell [18] mapped 76 studies related to code readability, two of
which specifically address the automation of its measurement.

Wyrich, Bogner, and Wagner [8] mapped 95 studies on code
comprehensibility, two of which study its automation, with one
being the same found in Bexell [18]’s mapping. Other studies have
also conducted some form of automation related to source code
quality [20, 10, 4].

Hou et al. [19] mapped 395 studies on the application of LLM in
various software engineering tasks, eight of which were classified
as "Code understanding” research. Three studies investigate or
propose improvements in LLMs to enhance their performance in
code-related activities, but without aiming to use LLMs for code
comprehension [21, 22, 23]. A fourth study presents a dataset for
training LLMs, demonstrating its effectiveness in improving models’
capabilities in code generation and comprehension tasks [24].

We classified the mapped studies, focusing on automated ap-
proaches. The studies are grouped into three main categories: (1)
Machine Learning Based Approaches and (2) Deep Learning Based
Approaches.

Machine Learning Based Approaches: This group focuses on
using quantifiable metrics extracted from the source code, documen-
tation, and developer profiles to predict or explain code comprehen-
sibility. These studies often employ statistical analysis and machine
learning techniques to identify correlations and build predictive
models. Buse and Weimer [9] introduced a metric for software read-
ability using the average score provided by 120 human annotator
to train their binary classifier. Dorn [10] also identified promising
results, when compared with previous metric, on automating the
measurement of code readability using also linguistic attributes
(e.g., validating identifier names with English dictionaries). Fur-
ther work also explored lexical artifacts [11]. Scalabrino et al. [25]
demonstrated that no single code attribute can be used to explain
code comprehensibility in isolation. Trockman et al. [26] devel-
oped a binary logistic regression model, reanalyzing the data from
Scalabrino et al. [25], considering source code properties, docu-
mentation, and developer profile data (e.g., experience). This study
highlighted the importance of combined metrics and revealed that
code understandability would be measurable in future. Scalabrino
et al. [4] investigated 121 metrics related to code, documentation,
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and developers. They found weak correlations between individ-
ual metrics and perceived comprehensibility. Although combining
metrics showed some discriminatory power, the results were insuf-
ficient for practical use [12]. Additionally, those studies lack the
evaluation of semantic aspects, such as meaning of identifier names
and the meaning of the text in a comment, in relation to the code.

Deep Learning Based Approaches: This group utilizes Natu-
ral Language Processing (NLP) and other deep learning techniques
to analyze code and related text (e.g., comments, documentation) to
understand code semantics and improve comprehensibility. Kanade
et al. [27] presented CuBERT (Code Understanding BERT), achiev-
ing superior results in various code-related tasks, with one related
in correlating comments with code (docstring task). Shen et al. [28]
benchmarked pre-trained models (including CuBERT and Code-
BERT) for identifying syntactic structures in code. They found that
these models still lacked comprehensive code syntax understand-
ing, achieving results inferior to simpler reference models. This
highlights the challenges of applying NLP models to capture the
nuances of code syntax.

Mi et al. [13] introduced the use of Convolutional Neural Net-
work (CNN) trained on a matrix representation of code, generated
by its characters ASCII values, inspired by image recognition ap-
proaches. Their model was compared to previous ML based models
and achieved a slightly improved accuracy compared to the best
one, from Scalabrino et al. [11]. Latter Mi et al. [29] presented a
CNN trained on code representation based on three levels of infor-
mation: character-level (ASCI value), token-level (key word) and
node level (Abstract Syntax Tree (AST)). Their model demonstrated
improved compared to previous works on readability classification,
including their previous model.

Seeking for improvements Mi et al. [14] presented a novel ap-
proach using CNN to extract structural features from the ASCII
matrix representation of code. Also a combination of CNN and
BERT model to generate token representation and extract semantic
features from code. Finally they have used a CNN to extract visual
features from RGB matrix generated from source code screen shots.
Their new approach obtained the best performance compared to
all previous, leading to the hypothesis that different deep learning
technics combined can extract unmapped readability features. They
also demonstrated that visual features contributed the least to the
readability assessment, while the structural features being the most
relevant.

LLM-Based Approaches: This group explores the use of LLMs
for code comprehension and readability. Simdes and Venson [16]
investigated the use of LLMs for source code quality assessment,
including readability, by comparing the results with SonarQube
analysis. Their study shows the LLM potential for evaluating code
quality, but indicates the need for further studies. Hu et al. [15]
found that LLMs are highly sensitive to semantic perturbations in
code. However, their work did not seek to develop a metric based
on this property. Vitale et al. [17] evaluated the use of LLM to
generate a personalized readability assessment, by using previous
works’ datasets [20, 10, 12] and adopting three labels "unreadable",
"readable”, "neutral". They compared their LLM approach with Scal-
abrino’s Classifier, using precision, recall and f-1 score metrics.
Their results demonstrated that the use of LLMs for personalized
readability are less effective than state-of-art generalist model.
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Studies related to code readability and comprehensibility have
seen a progression from classifiers using machine learning algo-
rithms [20] to NLP models [27], and more recently Deep Learning
[30]. Current research focuses on evaluating the use of LLMs for
evaluate code quality [16] and readability [17].

Our work falls on LLM-Based Approach. The findings in this
work can be used to direct further investigation towards the devel-
opment of a code readability metric, or even a more broad novel
code quality metric.

3 Methodology

In this work, we study the response of a set of objects (nine LLMs)
to the same set of interventions (code interventions) into the same
set of subjects (12 Java Classes). The tested hypothesis consider
that LLMs will change its evaluation of source code accordingly to
the interventions. There is no random selection of interventions,
objects, or subjects, thus we are conducting a quasi-experiment [31].
This is a type of experiment often used in software engineering
research [32].

Therefore, we conducted a "blocked subject-object” study, as we
have nine study objects (LLMs) and 12 subjects (12 classes) that
will undergo changes (intervention) in their characteristics com-
monly related to readability and source code quality, which will be
measured by the LLMs [32].

Fakhoury et al. [33] identified that tools used to detect style prob-
lems are able to capture readability characteristics of source code.
In their study, those type of tools demonstrated better sensibility
than models proposed by Scalabrino et al. [11] and Dorn [10]. The
use of a comparison group is necessary to identify random changes
on LLMs’ metric that are not caused by source code changes, but
inherent LLM’s variability.

We included two approaches as comparison groups [31]. One
approach is the static analysis software SonarQube and some of its
metrics. We chose this tool because it is broadly used in industry
and some of its metrics evaluate code style problems. The other
comparison reference is the Scalabrino et al. [12] model, which
combine several source code features and had its accuracy exten-
sively evaluated in previous works[33, 4, 34]. Their reproducibility
toolkit? has a working software, able to automatically extract fea-
tures and perform code readability classification, without human
intervention. This characteristic ensures that we do not introduce
interpretation errors when building our own version of their model.

Yet, according to Shadish, Cook, and Campbell [31], the use
of control groups are of minimal advantage unless they are also
accompanied by pretest measurements taken on the same outcome
variable as the posttest. So we executed a pretest, i.e, all source
code was evaluated by SonarQube, Scalabrino Classifier and LLMs’
before any code intervention, mitigating selection bias for both,
source code and LLMs’, creating a baseline metric.

The submission of the classes and their interventions to the
LLMs’ analyses was not randomized. The interventions conducted
on code were not random since they were guided by the measure-
ments of the control measurement tool. Also, it was not necessary
any randomized LLM analysis, since the LLM’s had no context

Zhttps://dibt.unimol.it/report/readability/

SBES’25, September 22-26, 2025, Recife, PE

about previous code intervention, being unable to retain this infor-
mation and compare the different states of code, which could affect
its evaluation.

The LLM’s were instructed to output its evaluation similarly
to a binary classification, i.e. emit a 0 to 100 score. This approach
ensures a direct comparison with the Scalabrino Classifier. Details
about this approach are in Section 3.3.

3.1 Comparison Group - SonarQube Metrics

SonarQube has a set of rules known as Code Smells. According to its
documentation, Code Smells are issues related to maintainability.
Currently, SonarQube is replacing this definition with a more
granular one called Clean Code, which includes the following at-
tributes: consistency, intentionality, adaptability, and responsibility.
The first two attributes relate to code readability characteristics.

According to SonarQube’s documentation "consistent code is
formatted, conventional, and identifiable" and "intentional code is
clear, logical, complete, and efficient".

SonarQube also measures the percentage of documentation lines
relative to the code lines of a class, as well as the total number of
lines in the class.

In this experiment, we manipulate code attributes that affect
metrics related to its readability, which can be captured by Sonar-
Qube’s Clean Code metrics and documentation-related metrics
directly measured by the percentage of documentation.

To use SonarQube as our comparison group for metrics, we
utilize Clean Code metrics and their attributes: Consistency (C),
Intentionality (I), Adaptability (A) and Responsibility (R) represent-
ing the number of issues detected into the analyzed source code.
Higher values for (C) and (I) are supposed to reduce source code
readability. The percentage of comments or documentation (D),
and the total number of lines (L) in each manipulated class as the
SonarQube’s documentation metric is a ration of the total lines of
code. We refer to all Clean Code violations as Code Smells.

3.2 Comparison Group - Scalabrino’s Classifier

As an approach evaluated against several datasets and also com-
pared against code style tools, with an outstanding performance,
we will take Scalabrino’s classifier as our ground truth metric. It
was tested against 600 code snippets, evaluated by 5k+ people.

The classifier provided by Scalabrino et al. [12] works as a com-
mand line tool that receives either a code snippet with a Java
method, an entire class file or a folder with any of these types.
Upon its execution it produces a score between 0 (surely unread-
able) and 1 (surely readable), rating the code readability.

The provided tool uses a Opens Source Software (OSS) library
to parse an AST. As its last update was in 2021, in order to make
the tool work with current Java syntax, we updated the AST parser
library. The model combines structural and textual features. Com-
ments Readability, Textual Coherence and Number of Concepts
are the three most important textual features for this model. That
makes it as the right fit to evaluate the type of code interventions
we have performed, further explained in section 3.5.

The scores obtained with this classifier will be named as Scalabrino
Classifier (SC). The classifier’s output is a number with 16 digits
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precision, which we convert to the same LLM scale (0 to 100), with
one digit precision.

3.3 Objects - Selection of LLMs

We studied nine objects, which are the LLMs: ChatGPT (40 and
40-mini), Gemini (2.0 Pro and Flash), Llama (3.1 405B and 3.1 8B),
Claude (3.7 Sonnet and 3.5 Haiku) and Deep Seek V3. Each of the
first four listed LLMs has both a robust and a fast version, except
Deep Seek V3.

The objective is to evaluate the capability and sensitivity of
the LLMs in detecting changes in code attributes that affect its
readability, compared to the detection made by the control tool,
SonarQube.

There are various benchmarks for LLMs, covering a wide range
of applications and tasks, from general to more specific purposes
[35]. This study does not aim to create or conduct a benchmark but
rather to evaluate the performance of these models in assessing
code readability.

However, given the constant evolution of commercial and open-
source models, selecting models for research use becomes chal-
lenging. To select the best and most current models, we referred
to the ranking on the Artificial Analysis website®, which classifies
models offered through rest API, based on three main comparisons:
Intelligence, Speed, and Price.

In this work, we did not analyze costs, so we selected the top
four models in quality and the top four models in speed. If a model
appeared in more than one criterion, we selected the next model in
the ranking where the duplicated model had the least affinity.

At the time of planning this work, the top four models in quality
and speed are the ones listed in Table 1. We did not considered the
models classified as reasoning model. The ChatGPT 40-mini model
was also ranked second by quality, but since its purpose is speed
and it is present in the respective ranking, we removed it from the
intelligence list. Similarly Gemini 2.0 Pro ranked third on speed,
but we considered it on intelligence rank only.

During execution of this research (between 10/2024 and 03/2025),
some models received updates and the Deep Seek V3model entered
the rank. We decided to execute the update and to add this new
model.

Table 1: Selected models

Model Score Release Date Criteria

Gemini 2.0 Pro 49 05/02/2025 intelligence

Claude 3.7 Sonnet 48 19/02/2025 intelligence
Deep Seek V3 46 26/12/2024 intelligence
ChatGPT 40 41 13/05/2024 intelligence
Llama 3.1-405B 40 23/07/2024 intelligence
Gemini 2.0 Flash 265 05/02/2025 speed
Llama 3.1-8B 185 23/07/2024 speed
ChatGPT 40-mini 79 18/07/2024 speed

Claude 3.5 Haiku 66 13/03/2024 speed

All models were used through REST APIs from the following
sites: OpenAlI*, Google®, Anthropic®, DeeplInfra’ and DeepSeek®.

3 Artificial Analysis https://artificialanalysis.ai/
4OpenAl https://openai.com/

>Google Al Studio https://ai.google.dev/aistudio
® Anthropic https://www.anthropic.com/
"Deeplnfra https://deepinfra.com/

8DeepSeek https://deepseek.com
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These models are able to learn from a few examples. This capabil-
ity is due to various factors, including their number of parameters,
computational power, and the dataset used in their training. These
Few-Shot Learning (FSL) abilities, referred to as emergent abilities by
Wei et al. [36], have enabled the software to perform tasks beyond
its original design. Furthermore, new LLMs have become capable
of surpassing results considered the state-of-the-art for specialized
models [36]. In this work, we adopt a Zero-Shot Learning (ZSL)
approach.

To create the prompt that guides the LLM on how to respond to
the assigned task, we used three patterns mapped by White et al.
[37] (Persona, Template, and Reflection). We instructed the LLM to
assume a persona capable of performing the analysis with a certain
knowledge. For this purpose, we used the passage: "The assistant is a
seasoned senior software engineer, with deep Java Language expertise,
doing source code evaluation as part of a due diligence process, these
source codes are presented in the form of a Java Class File. Your task
is to emit a score from 0 to 100 based on the readability level of the
source code presented.”.

The LLM was requested to present an explanation for the grade,
by passing guidelines on its format "- The “explanation” attribute
must not surpass 450 characters and MUST NOT contain special char-
acters or new lines.". To enable the LLM’s responses to be processed
via software, we requested it to follow a template for the response:
"Your answers MUST be presented ONLY in the following json format:
“score””’NN%’, reasoning: your explanation about the score™. This ex-
planation was used for debug purposes to iterate between prompts
improvements.

In all executions, the prompt remained unchanged. Each class
was analyzed 10 times, totaling 120 analyses and consuming about
1.2 million tokens per model on each scenario. The total number of
analysis for this research was 4.320 or around 43.2 million tokens.
The results were submitted to an analysis of the variability of the
responses presented by each LLM. The output files of all executions,
as well as the Python code used to perform these analyses, are
preserved in a GitHub repository [38].

3.4 Subjects - Algorithms for analysis

The most commonly used language in studies related to code read-
ability and comprehensibility is Java, with 47% of published articles.
Over 40 years of research, more than 88% of studies have used only
one programming language in their investigations. The most com-
mon approaches for obtaining code snippets for readability studies
were: (1) code produced by researchers, (2) code from open-source
projects, and (3) code used in previous works [8]. Also, Scalabrino
et al. [12] model has proven results only against Java code, as well
as its toolkit is able to extract features only from Java AST.

For such reason, we decided to use Java language software in this
research and selected the open-source Open JDK project’, which
refers to the fundamental libraries of the Java SDK. We selected two
classes with rich API documentation, with the intention to clearly
detect the impact of a rich documentation removal from the sour
code. The two selected classes were java.util. DoubleSummaryStatistics
and java.time.Month.

?Open JDK https://github.com/openjdk/jdk
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Additionally, a set of demonstration classes from the JDK was
selected. This set of classes was chosen for their less rich documenta-
tion since they were written to demonstrate the language’s use. The
list of selected classes is as follows: root package ../demo/share/jfc/,
sub packages SampleTree, classes DynamicTreeNode, SampleData,
SampleTree, SampleTreeCellRenderer, SampleTreeModel, sub pack-
age Notepad, classes ElementTreePanel, Notepad, sub package
Stylepad, classes HelloWorld, Stylepad and Wonderland.

The total number of original selected classes is 12, totaling 4,051
lines. Each class was used in 4 different intervention states, totaling
48 classes with 14.919 lines. The number of classes and code was
kept low to allow for manual interventions in the code. The main
studies in this area have used the following datasets: Buse and
Weimer [20] dataset with 100 snippets totaling 769 lines of code,
Dorn [10] has 120 snippets totaling 3,617 lines and Scalabrino et al.
[12] has 200 snippets totaling 5.140 lines. Sergeyuk et al. [34] has
120 snippets totaling 5,533 lines.

3.5 Interventions in the algorithms

To explore how source code attributes affect the scores assigned
by the LLMs, we perform interventions on the code, followed by
re-analyses by SonarQube and the LLMs. After each intervention,
we present the results from the LLMs. Identifier naming and code
comments are the two most studied source code attributes related
to code readability and comprehensibility [8]. The interventions
will target these two attributes. We did not test if the changes cause
an improvement or deterioration to readability, other than compare
the results with the evaluation of comparison group.

Intervention on code comments: In the second analysis, we identify
the impact of comments on SonarQube and LLM evaluations by
removing the comments and re-running the analysis. All comments
were removed except source code that was commented out.

Intervention on variable names: In the third analysis, we alter the
names of variables and methods. Good variable and method names
facilitate code comprehension. This is a widely accepted axiom by
industry [39] and extensively investigated showing that consistent
use of descriptive names improve code readability [8, 40, 41, 11, 20].

In order to emulate such an extreme intervention as the removal
of all comments, we modify all variables and methods to seman-
tically confusing values, such as names of vegetables and spices
(potato, tomato, parsley, rosemary etc).

We expect SonarQube not to show changes in its evaluation,
but the LLMs should be able to identify the confusion caused in
the code, impacting the score. Class names are preserved to allow
comparison of results, as well as overridden methods.

Intervention on Code Smells: In the fourth analysis, we fix all
fixable Code Smells, especially those of Clean Code Attributes C
and I, that are strongly related to readability.

We expect these changes to positively impact SonarQube metrics
as well as the LLMs’ evaluations. Changes are performed only
on methods and classes containing a Code Smell. Thus, classes
C1, C7 and Cyg, which do not have Code Smells, do not undergo
intervention at this stage, as can be seen on Table 2, detailed on
Section 4.1.
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Code versions: The interventions generate four code versions for
the 12 classes (with the identifier we use to refer to each scenario
in parentheses):

(OC) Original code state;

(I1) without comments;

(I2) with confusing names for identifiers;
(I3) with fixed Code Smells.

In Section 5, we compare the results of all analyses.

Every code analysis involved statistical evaluation of the LLM
performance. For each scenario (S € {OC, I1,12,13}) and Java class
(C;, where i € {0,1,...,12}), we calculated the mean and standard
deviation of the scores from 10 analysis samples for each LLM.

To compare LLM performance across scenarios for each class, we
computed the precision, recall and f-1 score between LLM scores
and the Scalabrino Classifier (SCO), taken as our ground truth, as
previous work [17]. To stablish this ground truth, we have applied
the same interval found by Piantadosi et al. [42] for the SCO. In
their work they have found that the readability prediction tool
is unreliable when its output score is within the range of [0.416,
0.600]. Based on this, we established thresholds for classification:
a score below 0.416 classifies the code as 'unreadable, and a score
above 0.600 classifies it as ‘readable’ Scores within this interval are
considered ’neutral’. We applied the same thresholds to all LLM’s
scores.

3.6 Thematic Coding of LLM Reasoning

To systematically analyze the LLMs reasoning for the scores they
assigned, we employed an inductive thematic analysis methodology.
This approach, as outlined by Guest, MacQueen, and Namey [43],
is designed to identify and examine themes from textual data in
a transparent, credible, and systematic manner. The primary ob-
jective of this analysis was to understand the qualitative aspects
and the criteria the LLMs used to evaluate code readability across
the different intervention scenarios. The process was executed as
follows:

Data Preparation and Segmentation: Comments from all
LLMs for a given scenario have been consolidated into a single file,
containing one comment per line.

Inductive Theme Identification: We did not start with a pre-
conceived set of themes. Instead, two researchers independently
read a subset of the LLM reasoning texts. The goal was to become
familiar with the data and to notice recurring concepts, ideas, and
justifications—the emergent themes.

Codebook Development: After the initial pass, a preliminary
list of themes was discussed and refined. This led to the creation of a
formal codebook. For each code, we developed A descriptive label:
A short mnemonic for easy reference (e.g., Good Readability)
and Inclusion/Exclusion Criteria: A set of keywords or short
expressions to be used for regular expression matching.

Coding and Inter-Coder Agreement: For each thematic code
in the codebook, a corresponding set of regular expression patterns
was developed to identify its presence within the textual data. To
avoid false positives in cases of ambiguous explanations, when-
ever a negative code (e.g., Poor Readability) was detected, the
corresponding positive code (e.g., Good Readability) was not
accounted for in the same comment.
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Data Reduction and Analysis: The final step was to analyze
the resulting structured data. This was achieved by quantifying the
frequencies of each thematic code for each of the four scenarios
(OC, 11, 12, and 13).

This structured and inductive approach ensured that the analysis
of the LLMs’ reasoning was not merely a subjective interpretation
but a methodologically sound process, grounded in the data itself
and aligned with established practices in qualitative data analysis.

4 Results

4.1 Analysis of the original code with
comparison group

The metrics shown in Table 2 were collected to be used as the
basis for comparison with the LLMs’ results. A total of nine Code
Smells were identified by SonarQube. All classes were rated A for
maintainability, indicating a high presumed quality level. All classes
are referenced in this section by its alias, as listed in table 2.

Table 2: SonarQube attributes values

Alias (class name) Clean Code D L SC

C I AR
C1 (DoubleSummaryStatistics) - - - - 62.9% 294 90.7
C, (Month) 2 1 - 634% 526 91.0
C3 (DynamicTreeNode) -2 - - 321% 155 933
C4 (ElementTreePanel) - 3 2 - 23.0% 579 789
Cs (HelloWorld) - 3 2 - 11.0% 177 644
Cé (Notepad) 9 20 5 - 102% 824 774
C7 (SampleData) - - - 255% 75 933
Cg (SampleTree) - 5 5 - 274% 596 74.8
Co (SampleTreeCellRenderer) - 1 1 - 16.5% 131 80.2
Cj (SampleTreeModel) - - - 382% 48 89.1
C11 (Stylepad) - 15 7 - 79% 378 740
C12 (Wonderland) - 1 6 - 57% 268 68.5

Only three of the 12 classes do not have any Code Smell. Most of
the Code Smells are of type C and I, strongly related to source code
readability according to SonarQube documentation. The C; and Cz
classes have more than 60% of comments, and all classes have some
level of comments. The complexity indicators show that some of
the classes have a low level of complexity while others have higher
levels, yet still considered low.

4.2 Analysis of the original code with the LLMs

Next, we list the models that presented variation on score attribu-
tion, with their respective standard deviation (SD) and coefficient
of variation (CV), using notation C; SD (CV):

ChatGPT 40 - C7 1.6 (1,67%)

ChatGPT 40-mini - C4 4.2 (5,08%)

Llama 3.1-405B - C4 2.4 (2,89%)

Gemini 2.0 Pro - C4 4.8 (6.62%), Cs 1.6 (2.24%), C9 2.6 (3.01%) and
C11 2.6 (3.59%).

Half of the models did not show any variation in the scores assigned.

The C; and C; classes, which are rich in documentation, received
the highest evaluations from the LLMs.

As shown in Table 3, all nine evaluated LLMs demonstrated 100%
agreement with the Scalabrino Classifier (SC) for the original code
scenario. In this scenario, all classes were classified as readable by
SCO and by all LLM.
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Table 3: Agreement with Scalabrino Classifier - Original Code

ChatGPT Gemini Llama Claude Deep

Metric 40 40 2.0 2.0 3.1 3.1 3.7 3.5 Seek
mini Pro Flash 405B 8B Sonnet Haiku V3

Precision 100% 100% 100% 100% 100% 100% 100%  100% 100%
Recall 100% 100% 100% 100% 100% 100% 100%  100% 100%
F1-Score 100% 100% 100% 100% 100% 100% 100% 100% 100%

4.3 Analysis after removing comments

In the second analysis, Sonar’s rating remained A, but the number
of Code Smells increased due to the repercussion of removing com-
ments, as classes with public methods lacking JavaDoc, violating
a quality rule'?, or empty blocks of code, that should at least be
documented!!.

In Table 4, we marked the measures reductions in red and in-
crements in green. The only Code Smell reduction was due to the
removal of a comment with a FIXME string that was generating
a Code Smell by SonarQube, indicating the need to developer to
take an action!?. As expected, the total lines of code (L) and doc-
umentation ratio (D) decreased, except for the Cs, Cs, C1; classes,
which contain commented-out source code that was kept after the
intervention. The SC also decreased the score, but not for class Cs.

Table 4: SonarQube values after comments removal

Class Clean Code D L SC
C I AR

C 1 - - 00% 99 800
Cy 2 1 - - 00% 177 771
3 2 - - 00% 103 821
Cy 32 - 00% 424 597
Cs 4 2 - 14% 166 715
Cs 919 5 - 00% 699 711
Cy - - - - 00% 47 877
Cs - 5 5 - 50% 451 617
Co - 11 - 00% 109 47.1
Cio - - - - 00% 28 694
Ciy - 15 7 - 13% 239 705
Ci2 - 2 6 - 00% 69 619

Below, we list models that presented variation on score attribu-
tion in this scenario, along with their respective SD and CV:

Claude 3.7 Sonnet - C1g 5.2 (6.54%);

Claude 3.5 Haiku - C1 2.6 (2.97%);

Llama 3.1-8B - C4 6.3 (8.11%);

Llama 3.1-405B - C; 2.2 (2.58%) and C; 2.6 (3.11%);

Deep Seek V3 - C; 2.6 (2.85%) and C; 2.1 (3.32%);

Gemini 2.0 Pro - C5 3.2 (4.16%), Cs 1.6 (2.28%), C19 2.6 (3.01%), C11
2.1 (2.97%) and C12 1.3 (1.63%).

Table 5 lists the variation between the results of the first and
second analyses. The new distribution of LLM scores showed 38
score reductions and nine score increases. We marked the reduc-
tions in red, increases in green, changes with moderate statistical
significance in yellow and with no statistical significance in gray.

All models presented at least one score variation, ChatGPT 40
showed only one reduction, while Deep Seek V3 had two - one with
no statistical significance and the other with moderate significance.
Claude 3.7 Sonnet presented variations for nine classes, all statisti-
cally significant. Seven out of nine changes pointed by Gemini 2.0
193onarQube Rule: https://rules.sonarsource.com/java/RSPEC-1176/

11SonarQube Rule: https://rules.sonarsource.com/java/RSPEC-108/
128onarQube Rule: https://rules.sonarsource.com/java/RSPEC-1134/
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Table 5: Average score by class and LLM - Comments removed

ChatGPT Gemini Llama Claude DeepSeek SC
Class 40 4o-mini 2.0-Pro 2.0-Flash 3.1-405B 3.1-8B 3.7-Sonnet 3-Haiku V3
Cq 0.0% 0% -5.3% -5.6% -9.8% -13.0% -5.6% -8.4% -2.6 -11.82%
Cz 0.0% -10.5% 0.0% 0.0% 0.0% 0.0% -5.3% 0.0% 0.0 -15.24%
C3 0.0% -11.8% 0.0% -11.8% -153% -34.8% -11.8% -23.5% 0.0 -12.00%
Cy 0.0% -9.6% -4.1% 0.0% -4.2%  -8.2% -11.8% 0.0% 0.0 -24.33%
Cs 0.0% 0.0% 1.3% 0.0% 0.0% -25.0% 0.0% 13.3% 0.0 11.00%
Ce 0.0% 0.0% -0.7% 0.0% 16.7% 0.0% -11.8% 0.0% 0.0 -8.14%
Cy -10.1% 0.0% 0.0% -5.3% -2.4% 0.0% -11.8% -11.8% -4.2  -6.00%
Cg 0.0%  -11.8% 0.7% 0.0% -12.5% 0.0% -11.8% -11.8% 0.0 -17.44%
Cy 0.0% 0.0% -2.9% 0.0 -5.9% 0.0% 0.0% -11.8% 0.0 -41.26%
CIO 0.0% 0.0% 2.9% -5.6% 0.0%  -5.9% 5.3% 0.0% 0.0 -22.01%
Cl 1 0.0% 0.0% -1.4% 0.0% 0.0% -25.0% 0.0% 0.0% 0.0  -4.72%
Cio 0.0% 0.0% 3.2% 0.0% 14.3% 0.0% 15.4% 0.0% 0.0  -9.66%

Pro had no statistical significance, making it the model with the
most noise.

Table 6 shows a uniform recall of 83.3% across all nine LLMs, as
they have successfully identified most of the classes in accordance
with SC. The precision is lower than the recall. This suggests that
the LLMs incorrectly classified a number of unreadable classes
(according to the SC) as readable, resulting in a higher rate of false
positives. This was caused by 2 of the 12 classes being on neutral
range by Scalabrino Classifier, while all classes remained classified
as readable by all LLM.

Table 6: Agreement with Scalabrino Classifier - Comments Removed

ChatGPT Gemini Llama Claude Deep

Metric 40 40 2.0 2.0 3.1 3.1 3.7 35 Seek
mini Pro Flash  405B 8B Sonnet Haiku V3

Precision 69.44% 69.44% 69.44% 69.44% 69.44% 69.44% 69.44% 69.44% 69.44%
Recall 83.33% 83.33% 83.33% 83.33% 83.33% 83.33% 83.33% 83.33% 83.33%
F1-Score 75.76% 75.76% 75.76% 75.76% 175.76% 75.76% 175.76% 75.76% 75.76%

4.4 Analysis after using confusing names

In the third analysis, Sonar’s rating remained A and no attributes
changed, making this scenario invisible to Sonar’s analysis. The new
distribution of LLM scores showed a noticeable decline compared to
previous versions. This indicates that the naming of variables and
methods in the code impacts the perception of readability according
to the LLM evaluations.

All models changed its variability behavior upwards, Gemini 2.0
Flash, Claude 3.7 Sonnet and Deep Seek V3 presented no variation.
Below we list the variation on score attribution in this scenario for
the other models, with their respective SD and CV:

Claude 3.5 Haiku - C3 5.2 (5.67%);

Llama 3.1-405B - Cs5 1.0 (2.38%);

Llama 3.1-8B - C3 6.3 (8.11%) and C7 9.7 (13.06%);

ChatGPT 4o0-mini - C; 4.2 (5.78%), Cg 3.2 (4.94%) and C11 4.2 (5.78%);

ChatGPT 4o - C; 2.6 (3.80%), C3 and Cy 5.2 (6.54%);

Gemini 2.0 Pro - Cy 2.1 (2.24%), Cy 4.2 (6.30%), Cs 4.2 (19.17%), Cs
3.2 (10.20%) and Co, C1; 1.6 (2.61%);

Table 7 presents the scores obtained by class and LLM for this
analysis. Almost all evaluations showed a score reduction high-
lighted in red. ChatGPT 4o presented two reductions with moderate
statistical significance, in yellow. ChatGPT 40-mini Llama 3.1-8B
and Claude 3.5 Haiku presented one non statistical significant re-
duction each one and Gemini 2.0 Pro presented two, all of them in
gray color.
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Table 7: Average Score by Class and LLM - Use of Confusing Names

ChatGPT Gemini Llama Claude DeepSeek sC
Class 40 4o-mini 2.0-Pro 2.0-Flash 3.1-405B 3.1-8B 3.7-Sonnet 3.5-Haiku V3
Cy -28.4% -14.1%  -68.4% -38.9% -57.9%  -7.6% -77.8% -10.5% -57.9  -0.69%
Cy -10.5% -10.5% -1.1% -5.6% -15.8% -3.1% -31.6% -4.2% -10.5  -1.72%
C3 -7.1% -11.8%  -29.4% -47.1% -29.4% -15.2% -58.8% -11.8% -11.8  -2.34%
Cy -7.1% -9.6% -7.5% -13.3% -28.1% 0.0% -52.9% -11.8% -23.5 0.13%
Cs -11.8% -133%  -70.7% -60.0% -42.0% -25.0% -53.8% -13.3% -52.9 -13.12%
Ce -23.5% -14.7%  -56.0% -46.7% -66.7% 0.0% -64.7% -23.5% -47.1 0.85%
Cy -20.6% -17.6%  -26.3% -78.9% -294%  -7.5% -58.8% -23.5% -31.6  -1.56%
Cg 0.0% -11.8% 0.0% -13.3% -25.0% 0.0% -58.8% 0.0% =235 -2.34%
Cqy 0.0% 0.0%  -30.9% -11.8% -294% -25.0% -60.0% -23.5% -11.8 1.11%
(?10 0.0% 0.0%  -17.6% -5.6% 0.0% 0.0% -20.0% -11.8% -11.8  -0.50%
C11 -23.5% -2.7% -16.0% -46.7% -33.3% -25.0% -60.0% -23.5% =235  -1.25%
Cip  -11.8% -13.3%  -60.0% -40.0% -42.9% -29.4% -53.8% -23.5% -524  -10.06%

Gemini 2.0 Flash, Claude 3.7 Sonnet and Deep Seek V3 were the
only ones reducing scores for every class. The Llama 3.1-8B model
maintained the score for the largest number of classes, followed by
ChatGPT 40 and ChatGPT 40-mini.

Table 8 reveals the increased and inconsistent divergence be-
tween LLMs readability scores with a reference model. Unlike pre-
vious scenarios, the agreement rates vary dramatically between
models. They range from a high recall of 91.67% for models like
ChatGPT 40, ChatGPT 40-mini, Llama 3.1-8B, and Claude 3.5 Haiku,
to an extremely low 16.67% for Claude 3.7 Sonnet.

Gemini 2.0 Flash and Claude 3.7 Sonnet reacted most strongly to
the nonsensical names. Claude 3.7 Sonnet exemplifies this with an
extremely low recall of 16.67%, correctly identifying only two read-
able classes and marking all others as unreadable. This shows a deep
semantic analysis that diverges sharply from the SC’s assessment,
resulting in a very low F1-Score (28.21%).

Gemini 2.0 Pro and Deep Seek V3 were more conservative. Their
high precision (91.67%) shows that when they classified code as
readable, they were very likely to be correct according to the SC.
However, their lower recall (66.67%) means they were stricter than
the SCO and flagged more code as unreadable.

Similar to previous scenario SCO marked almost all classes as
readable, but one as neutral.

Table 8: Agreement with Scalabrino Classifier - use of confusing names

ChatGPT Gemini Llama Claude Deep

Metric 40 40 2.0 2.0 3.1 3.1 3.7 35 Seek
mini Pro Flash  405B 8B Sonnet Haiku V3

Precision 84.03% 84.03% 91.67% 91.67% 91.67% 84.03% 91.67% 84.03% 91.67%
Recall 91.67% 91.67% 66.67% 41.67% 58.33% 91.67% 16.67% 91.67% 66.67%
F1-Score 87.68% 87.68% 77.19% 57.29% 71.30% 87.68% 28.21% 87.68% 77.19%

4.5 Analysis after code smell fix

In the fourth analysis, SonarQube indicated a strong reduction in
Code Smells, along with changes in comments and lines of code. In
Table 9 we marked the measures reductions in red and increments
in green. Four classes suffer a score reduction by our reference
classifier, two received a increase and other two (marked with *)
had a slight increase which was truncated, since Scalabrino classifier
uses 16 digits score.

Only three models presented variation. The Gemini 2.0 Pro model
had its results significantly more severely affected by its variation.
Below we list the variation on score attribution in this scenario,
with their respective SD and CV:

Claude 3.7 Sonnet - Cs 3.2 (4.27%);
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Table 9: SonarQube values after code cleaning

Class Clean Code D L SC

CIAR
Cy - - - - 629% 294 907
C - - - - 634% 526 911
Cs - - - - 321% 155 933
Cy - - - - 21.0% 58 789"
Cs - -1 - 98% 177 702
Ce - - 3 - 103% 825 765
Cy - - - - 255% 75 933
Cs - - - - 246% 580 723
Cy - -1 - 17.2% 132 80.2
Cip - - - - 382% 48 891
Cip - - 5 - 69% 364 732
Cip - - 2 - 57% 276 67.1

Deep Seek V3 - Cg 1.6 (1.67%);

ChatGPT 40-mini - Cg 4.8 (6.19%) and C11 4.8 (5.89%);

Gemini 2.0 Pro - Cg 2.3 (3.14%), C7 1.8 (1.95%) and Cg 1.8 (2.19%);

Llama 3.1-8B - C5 6.3 (10.20%), C7 1.6 (1.87%), Cs 2.4 (2.96%), C10 3.0
(3.42%) and C12 1.6 (1.96%);

In Table 10, we see that LLMs showed 16 instances of score
increases, highlighted in green, being six with no statistical signifi-
cance, in gray color and two with moderate significance in yellow.
Also, we have 14 instances of score reductions in red color, with
three of these reductions with no significance in gray. Claude 3.7
Sonnet was the only one to not present statistical noise.

Table 10: Average score by class and LLM - Clean Code

ChatGPT Gemini Llama Claude DeepSeek  SC
Class 4o 4o-mini 20-Pro 20-Flash 3.1-4058 3.1-8B 3.7-Sonnet 3-Haiku V3
C; 00%  00%  00% 0.0% 00%  0.0% 5.6% 0.0 0.0 0.0%
Cy,  00%  00%  00% 0.0% 00%  3.1% 0.0% 0.0 0.0 0.13%
C3  00%  00%  00% 0.0% 00%  -7.6% 0.0% 0.0 0.0  0.03%
Cy  00%  24%  96% 0.0% 18%  0.0% 0.0% 0.0 0.0 0.02%
Cs  00%  00% -67% 0.0% 00% -225% 13.8% 0.0 0.0 897%
C6 0.0% 4.0% 3.5% 0.0% 0.0% 33.3% -11.8% 0.0 0.0 -1.11%
C7 0.5% 0.0% -4.7% 0.0% 0.0% 5.6% 0.0% 0.0 -0.5 0.0%
Cg  00%  00% 150% 0.0% 00% 35.8% -11.8% 00 0.0 -338%
Co  00%  00% -29% 00%  59%  62% 0.0% 0.0 00 0.0%
Cip 00% -118%  00% 0.0% 00%  16% 0.0% 0.0 0.0 0.0%
Crp 00%  93%  -28% 0.0% 0.0% -25.0% 0.0% 0.0 0.0 -1.10%
Crp 00%  00%  00% 0.0% 00% -53% 15.4% 0.0 0.0 -2.03%

For this scenario, Table 11 shows a result equivalent to the origi-
nal code. All LLMs agree with SC, marking all classes as readable.

Table 11: Agreement with Scalabrino Classifier - Clean Code

ChatGPT Gemini Llama Claude Deep

Metric 40 40 2.0 2.0 3.1 3.1 3.7 3 Seek
mini  Pro Flash 405B 8B Sonnet Haiku V3

Precision 100% 100% 100% 100% 100% 100% 100% 100% 100%
Recall 100% 100% 100% 100% 100% 100% 100% 100% 100%
F1-Score 100% 100% 100% 100% 100% 100% 100% 100% 100%

Table 12 shows the results of thematic coding performed on
LLMs reasoning for their scores. The table quantifies the frequency
of themes mentioned by the LLMs for each of the four scenarios,
based on the inductive thematic analysis methodology described in
Section 3. The results reveal how the LLMs’ qualitative assessments
changed in response to each intervention:

Original Code (OC): This column establishes the baseline, show-
ing high praise for "Good Code Structure" (1030 mentions) and
"Good Readability" (1068 mentions). Mentions for "Good Documen-
tation" (287) and "Good Variable/Method Names" (346) were also
strong.
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Comments Removed (I1): This intervention caused the ex-
pected sharp decline in comments about "Good Documentation”
(from 287 to 32) and an increase in "Lack of Documentation/Com-
ments" (from 17 to 64) and Unprofessional Comments (from 35 to
0). Consequently, mentions of "Good Readability" also decreased
from 1068 to 933.

Confusing Names (I2): This scenario had the most dramatic
impact on the LLMs’ reasoning. Mentions of "Poor Variable/Method
Names" skyrocketed from 4 to 890, while "Poor Readability" jumped
from 105 in the original code to 561. This demonstrates that the
LLMs’ reasoning directly identified the semantic failure of the in-
tervention, confirming their sensitivity to poor identifier choices.
Also "Good Readability" plummeted from 1068 to 438, and "Good
Code Structure" dropped from 1030 to 599.

Code Smells Fixed (I3): Fixing code smells led to a decrease in
mentions of "Bad Code Structure” (from 125 to 116) and a significant
increase in praise for "Good Error Handling" (from 65 to 92), sug-
gesting these were the types of issues addressed. However, fixing
smells did not uniformly improve the perception of readability, as
mentions of "Poor Readability" slightly increased (from 105 to 133).

Table 12: Code Evaluation Across Scenarios

Theme ocC It 12 13
Adherence to Best Practices 267 226 98 263
Good Implementation/Logic 237 216 105 256
Good Use of Language Features 78 88 15 89
Consistent Formatting 182 178 53 208
Inconsistent Formatting 2 22 25 8
Good Code Structure 1030 983 599 1115
Bad Code Structure 125 155 74 116
Good Documentation 287 32 161 250
Lack of Documentation/Comments 17 64 31 22
Unprofessional Comments 35 0 42 40
Good Error Handling 65 132 20 92
Poor Error Handling 19 72 18 28
Good Readability 1068 933 438 1021
Poor Readability 105 99 561 133
Good Variable/Method Names 346 457 111 390
Poor Variable/Method Names 4 2 80 22

5 Discussion

With each intervention in the code, the LLMs presented different
results. In this section, we will discuss the results presented.

In the original code scenario, the LLMs showed a level of corre-
lation with SC, except for Gemini 2.0 Pro and ChatGPT 4o.

After removing comments (OC — I1), all models showed at
least one score reduction. The LLMs proved to be more lenient than
the SC, correctly identifying most readable classes but at the cost
of misclassifying several unreadable ones as described in Table 6.
SonarQube showed a slight increase in Code Smells, as explained in
step 4.3, and also indicated a significant drop in the percentage of
comments and the total number of lines in the classes. SC showed
a consistent and strong decrease of score for all classes, except for
Cs that received a strong increment, those new scores resulted in
two classes falling as 'neutral’ classification.

As described by Good and Poor Readability on Table 12, LLMs
appear to consider that the absence of comments is not sufficient
to drastically reduce readability, in most cases. There may be some
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other aspects of code that interact with the presence (or absence)
of comments, which could interfere in the LLMs analysis.

Changing the code to use confusing identifier names (OC — 12)
caused a significant fluctuation in scores across all models as well as
an increase in the magnitude of its variability. Both Gemini models
and Claude 3.7 Sonnet showed the greatest drop in scores, being
Claude 3.7 Sonnet more consistent. All models showed some level
of sensitivity to the unconventional names used in the experiment,
significantly stronger comparing with reference model. But there
were cases when a model did not reduce the score, as for Cyg, the
smallest class with 48 lines. As expected, SonarQube did not show
any changes in its indicators after the identifier names were altered.
All models were capable to criticize the semantic conflict between
the structure of the presented algorithms and the adopted names,
as mapped by thematic coding.

The SC showed some level of sensitivity in this scenario. That
could be explained by the fact that this classifier performs a correla-
tion between the terms in comments and terms in code, measuring
the overlap between both (CIC measure). The use of confusing
names reduced this correlation. This algorithm also takes into ac-
count the use of full formed words present in dictionary, as we
have chosen to use this type of change, this measurement was not
affected. Another metric used is called Textual Coherence, that is a
measurement of vocabulary overlap between all possible pairs of
blocks of code [11]. Since we have chosen to use only seasonings
and vegetables names, we have created an artificial coherence, but
with no semantic meaning to the code. These changes mislead SC
but not the LLMs .

Cleaning the code (OC — I3) resulted in all LLMs agreeing with
SC, returning to the same results of original code state. The the-
matic coding demonstrated that LLMs reacted to changes reducing
comments about "Bad Code Structure", incrementing comments
on "Good Error Handling", but with a small increase of comments
about "Poor Readability".

To evaluate LLMs variability we used 12 classes, 9 LLM and 4
scenarios, resulting in 432 combinations and 4,320 LLM executions.
All LLM presented variation at least in one scenario. 47 (10.88%)
combinations out of 432 presented variation, Gemini 2.0 Pro was
responsible by 18 (38.30%) of all variations occurrence, being the
only to present variation in all four scenarios. Conversely, Gemini
2.0 Flash was the only one to present no variation throughout all
executions.

31 (65.96%) variations were equal to or lower than 5% and sce-
nario 12 (confusing names) had 9 variations above 5% followed by I3
(code cleaning) with 3. Near half of variations did not compromise
the statistical relevance of emitted scores. Therefore most of LLM
score (94.02%) does not present statistical noise.

The reference model uses textual features to compose its readabil-
ity score[11], but LLMs have shown the ability to evaluate semantic
aspects of texts present in code, revealing deeper sensitivity to
identifiers name changes, not present in the reference model. This
was shown in scenario I2.

The same characteristics seem to affect the I1 scenario. The refer-
ence model has shown to be more sensitive to comments removal,
mostly due to its metrics that correlate code with comments. Con-
versely, the LLMs seemed to be capable to extract the easiness of
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code to be read, even without comments. This fact raises a ques-
tion: does LLM have used also the code semantics to understand it,
dispensing documentation for algorithm comprehension?

6 Limitations and threats to validity

Shadish, Cook, and Campbell [31] enlist several types of threats to
validity common to quasi-experiment design. The main categories
are: Construct Validity, Internal Validity, External Validity and Statis-
tical Conclusion Validity. In this section we detail all mapped threats
to validity, limitations and future works derived from this study,
grouped by the above listed categories.

Construct Validity Source code readability is a complex construct
to be explained and characterized. Failing to do so, could lead us
to confound it with other aspects of source code quality as well as
incorrect inference about the the correlations observed from every
operation (intervention) into the source code. To mitigate this threat
we performed an extensive literature review on the main related
studies and adopted a recognized state of the art model obtained
in a state of use that required no implementation or intervention
to work. Even so it is know that readability models have a limited
capability to assess code readability the same way humans do [33,
34], being this a existent threat to validity.

The adopted strategy was also a mitigating factor for other two
threats: The mono-operation bias caused by our strategy to perform
a single stereotyped operation at a time (i.e removing comments,
replacing identifiers names), which under represent the broad con-
cept of source code readability. And the mono-method bias caused
by the self produced source code interventions, which could lead
to a bias of interventions performed based on what the research
team understands to be a "code readability intervention".

There is a threat to confounding the constructs with the levels
of constructs. In this quai-experiment, we performed interventions
that were limited to a very specific set of characteristics related
to source code readability. We are not able to generalize it to the
broad concept of readability. The findings we present can lead us to
conclusions related solely to those manipulated characteristics. The
control mechanisms used guarantee that the interventions achieved
the goal to change the source code readability, for those aspects
solely.

Internal Validity We tried to select algorithms with different levels
of readability. Since it was an arbitrary selection, we are subjected
to the selection bias. To remediate any undesirable effect from this
threat, we executed a pretest to all selected classes using all selected
LLMs, comparing the results with the control measurement tools.

We also recognize that we are subject to the internal validity
threat described by Shadish, Cook, and Campbell [31] as the "Instru-
mentation Threat". Since the LLMs were used through web API, we
have no control over its internal state and runtime configuration.
The providers could change any parameter, causing a difference
in its behavior which could be confused as a difference caused by
code interventions. To prevent that, we have executed all API calls
to the same LLM into the same day, in a short time interval.

External Validity The source code used in this work is written in
Java, as well as one of the control tools used (SC), which was able to
perform readability analysis for Java Code. This is a known threat
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to validity of our findings, as the interventions executed could have
different outcomes for different programming languages. Despite
the fact the Java is the most studied language in this subject, it
is important to reproduce the study with different programming
languages in the future.

We have chosen not to study the interactions of causal relation-
ship over code interventions (i.e treatment variations); this is a
known limitation of the collected results. The SC model, for ex-
ample, measures the relationship between algorithm terms and
documentation terminology. By performing the interventions in
isolation we introduced a bias to the results, as detailed in section
5. As the goal of this work is to characterize how LLMs respond
to such isolated changes, this approach was considered enough
to answer the research questions. In the future a study could be
performed to analyze how the interaction between different code
interventions affects the perception of readability.

Our work uses the results of Scalabrino’s Classifier (SCO) as
ground truth, despite evidence that it can be unreliable under certain
conditions [42], and that it does not fully capture code readability
as perceived by humans [44, 42, 34]. This is a known threat to
validity of this work and a limitation. The results only prove the
comparability of LLMs with SCO, even though they produce results
semantically distinct.

Statistical Conclusion Validity Since we selected a small set of algo-
rithms to perform manual and controlled changes, we are subject
to a threat of having low statistical power in our results as well
as other statistical threats, such as inaccurate results. To ensure
the results described are adequate, we performed complementary
statistical tests, using non parametric tests. With these tests we
were able to detect non statistically relevant results, and highlight
them during results description. Still, the low amount of code used
poses a threat to the generalizability of the results obtained.

An extraneous variance in the experimental setting is a threat
caused by the known variance of LLMs answers to a prompt. To
mitigate this threat we performed a 10 fold execution for every
evaluation and executed statistical analysis for the results. This
approach allowed us to draw the conclusions on when a LLM score
have changes because of a code intervention and when its just
random noise.

The unreliability of treatment implementation is a threat that
could raise from the manual interventions done into the code. In
order to mitigate it, we decided to execute very simple interven-
tions, as described in section 3.5, just removing the comments,
replacing identifiers name by a dictionary of words, and perform-
ing SonarQube’s guided fixing for Code Smells. With this approach
we have guaranteed a strict and reproducible method for manual
code intervention.

7 Conclusion and future work

This work explored the sensitivity of LLM models to interventions
related to source code readability. Our results demonstrated that all
models exhibited some level of reaction to the changes. However,
the results also raised some new questions.

(1) The results of this research are promising regarding the possi-
bility of using LLMs to generate a metric that assesses code quality

Simoes and Venson

attributes related to readability. However, when comparing the re-
sults demonstrated by LLMs with the reference model, we observe
differences in their scores.

The LLM analysis did not fully agree with the reference model,
but behaved differently. It was influenced by the changes performed
on source code; but this resulted in a score statistically different
from the reference model in most cases. As future work, we plan to
compare the LLMs results with human evaluation.

(2) With respect to the attributes that affect readability, we ob-
served that LLMs show more sensitivity to the changes made to
identifiers name (I2), when intentionally confusing names have
been used. This behavior raised a hypothesis that the LLMs are
relying on semantic meaning of words to evaluate code quality.

When comments were removed (I1), it was expected to see a
reduction in readability scores. Although there was some reduction
(20.83% of subjects), the majority of scores remained unchanged,
with even a few improvements. This behavior could also be caused
by the reliance on semantic meaning, but now extracted from the
algorithm itself. There may be other code attributes that could be
influencing LLMs to generate a score for code readability. This
should be investigated in future work.

The clean code scenario (I3) demonstrated disappointing results,
with more score reductions (9) than improvements (5), a lot of
statistical noise (11) and mostly no change (71). Even for the control
tool SC there was 4 improvements, 4 reductions and 4 classes with
no change. We conclude that fixing code smells does not guarantee
an improvement in code readability.

(3) In relation to the inherent variability of LLMs, our results
show that while this variability affects the assessment of code qual-
ity, its occurrence rate is low. In the four scenarios evaluated, there
were 9.37% (OC and I1), 12.50% (I3) and 14.58% (12) of combinations
with standard deviation different from zero. Most of them affected
the statistical reliability of results, with exception of scenario 12.
We recommend future evaluations of LLMs based on this study, to
perform additional redundant tests, followed by statistical analysis,
to check the validity of obtained results. A ten round execution
demonstrated to be sufficient to provide data for a statistical validity
check.

Overall, this study demonstrates that LLMs have the potential
to be used as a complementary technique for evaluating quality
aspects involving semantics, such as identifier names, comments
content, and code documentation. Further research is needed to
investigate the comparability of the metrics generated by LLMs
with human developers’ perceptions and to develop strategies to
address the variability in the model’s responses and their activation
costs.

Artifact Availability

The source code of the programs used to execute the LLMs, as well
as the source codes of the analyzed programs and the datasets from
these analyses, are available in the GitHub repository referenced
in this article [38].
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