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ABSTRACT
The appropriate naming of identifiers is crucial in the source code,
as names can represent up to 70% of all characters and play a key
role in helping developers understand the intent behind the code.
Renaming is also among the most common refactoring operations
performed by developers. Although static analysis tools can detect
violations of naming conventions, there remains a gap in tools ca-
pable of suggesting names that are semantically aligned with the
purpose of the code. In this study, we collected 152 Java and 168
Python instances of GitHub pull requests (PRs) that improved the
identifier names. We investigated whether Large Language Models
(LLMs) are capable of suggesting names that are semantically con-
sistent with those chosen by developers. We also compared three
temperature settings, ranging from deterministic to creative, to
assess how this parameter influences naming suggestions. Our re-
sults show that ChatGPT slightly outperforms the other models for
Python identifiers, exactly matching the developers’ chosen names
in 16.2% of the cases and achieving high semantic similarity in
65.1%. Overall, the three LLMs performed better in Python than in
Java. Regarding the temperature setting, the moderate temperature
yielded slightly better results in Python, while the creative setting
performed slightly better in Java. These findings suggest that tasks
such as naming identifiers may benefit from different parameter
configurations than those typically used in more deterministic tasks
such as code refinement.
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1 Introduction
Identifiers are a fundamental part of software, because they commu-
nicate the intent behind their use and represent approximately 70%
of all characters in the source code [6]. Improving identifiers is one
of the most common activities in refactoring operations performed
by developers in real-world repositories [14], as it helps make the
code easier to read [3] and understand [13]. According to Robert
C. Martin, identifiers are responsible for 90% of the readability of
the software [11]. Given their importance, several studies have pro-
posed approaches to recommend more appropriate identifiers for
code elements [1, 10, 21].

Although developers frequently modify identifiers, as observed
in Github repositories [3, 14], they are not often supported by
automated tools to suggest appropriate names. For example, static
analysis tools such as SonarLint [20] typically notify users when
a name violates language-specific naming conventions (e.g., using
the camelCase pattern or starting variable names with lowercase

letters in Java). However, these tools generally overlook semantic
aspects, such as whether the chosen name accurately reflects the
behavior of the code.

As Large Language Models (LLMs) have been gaining increas-
ing attention from the software development community, several
studies have proposed evaluating their effectiveness in generating
code for various tasks, including refactoring operations [23], bug
fixing [19], suggestions of code changes, and other programming
activities on GitHub [18, 22]. ChatGPT, in particular, has also shown
potential in supporting code comprehension [12] and producing
code snippets with identifiers using appropriate Java conventions
[4].

In this work, we collected 320 instances from 193 GitHub merged
Pull Requests (PRs) focused on improving identifiers to evaluate to
what extent LLMs are capable of improving the names according to
human perception. This study provides the following contributions.

(1) A comparative study between the identifiers given by LLMs
such as ChatGPT 4.1, Gemini 2.5 Pro and DeepSeek coder, a
model trained on coding generation.

(2) An analysis of the impact of the temperature parameter on
the identifier suggestion in Java and Python code.

(3) A replication package that includes scripts to use LLM, queries
in Github, and the corresponding data to support future re-
search [9].

2 Methodology
This study is driven by the following research questions:

RQ1: Can LLMs suggest identifiers that align with human
perception? This research question investigates whether the iden-
tifiers suggested by LLMs are consistent with those improved by
developers in real-world GitHub repositories through merged PR,
i.e., a name that was approved in a code review process.

RQ2: Does the temperature parameter influence the qual-
ity of LLM identifier suggestions? Previous work has shown
that lower temperature values often lead to better and more sta-
ble results in code refinement tasks [8]. However, this assumption
may not be generalized to all scenarios involving source code. For
example, suggesting variable names with LLMs may benefit from
exploring a wider range of temperature settings, as naming often
requires a degree of creativity to align semantically with the intent
of the code.

RQ3: Does the effectiveness of the LLM suggested identi-
fiers vary between Python and Java? This research question
investigates whether LLMs are more successful in suggesting iden-
tifiers that align with those improved by developers and accepted
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Figure 1: Overview of the proposed methodology

by GitHub reviewers in real-world GitHub repositories, depending
on the programming language.

Figure 1 illustrates the methodology proposed to answer the
research questions. Each step is described in the following subsec-
tions.

2.1 Mining Candidate Pull Requests
To identify merged PRs focused on improving identifiers, a query
was executed in May 2025 using the GitHub GraphQL API [7].
The analysis focused on PRs that included one of the following
keywords: “improve naming”, or “improve name” in their title field,
since the title could indicate the motivation behind the PR. This
query also excluded GitHub repositories with fewer than 10 stars.
This filtering criterion has also been adopted in previous studies
[13, 22]. PRs were also excluded if they originated from forked
repositories or repositories that did not have an active code review
process, defined as having no merged PRs in 2024. Furthermore,
PRs were also excluded if they did not modify Python or Java files
(e.g., those improving textual files such as README, .md and .rst
files) and excluded PRs that did not have at least two different
participants (the PR author and a reviewer) to ensure a peer review
process. Finally, PRs were removed if the text is written in the
non-English language. After applying these criteria, 511 candidate
PR from Python and 358 candidates from Java repositories were
identified, in a total of 869 PR candidates. This process is illustrated
in step 1 of Figure 1.

2.2 Selecting Identifier-Focused PRs from
Candidates

In this subsection, the objective is to select merged PR that were
created exclusively to improve the identifiers. The main motivation
for this filtering is based on the assumption that a PR focused on
renaming, approved through a peer review process, could contain
identifiers that are semantically aligned with the actual behavior
of the code.

Although the 511 candidate PR in Python and 358 in Java men-
tion identifier-related keywords in their titles, some false positives
were identified, that is, PR that contain such keywords but not
actually focused on improving identifiers. Therefore, the evaluators
manually inspected the PR title and body fields of each candidate
PR into four categories as shown in step 2 of Figure 1.

(1) User-Facing PR - Although identifier keywords are men-
tioned, the PR is focused on improving other naming as-
pects, such as console output, log messages, colors, styles,
and others, rather than focusing on improving the identifier
for other developers to have easier comprehension.

(2) Tangled PR - In this case, the PR improves code identifiers
but also includes other changes, such as adding new features,
fixing bugs, or other types of refactoring operations.

(3) Unexplained PR - Some PR mention identifier improvements
in vague terms, without clearly explaining what was actually
performed.
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Figure 2: Example Identifier-Focused PR

(4) Identifier-focused PR — These PRs are explicitly aimed at
improving identifiers, developers clearly describe such in-
tentions in the PR title or body.

This process was performed by two evaluators, aiming to ex-
tract the Identifier-focused PRs, as an example shows in Figure 2.
The PR title is “Improve stressbench result variable name,” and
in the PR body, the developer proposes renaming mNumSucess to
mNumSucesses. As a result of this filtering process, we selected 93
Python PRs and 98 Java Identifier-focused PRs, totaling 191 PRs.

2.3 Collecting the Instances
In this step, for each of the 93 Python and 98 Java Identifier-focused
PRs identified in the previous step, we extracted the identifiers
mentioned by the developers, along with the classes where they
were defined. For example, in Figure 2, although the PR mod-
ified 14 files, the identifier mNumSuccess is a field of the class
TaskResultStatistics.

At this stage, for each PR, we collected: (i) the name of the
identifier before the commit, (ii) the name of the identifier after
the commit, and (iii) the file in which the identifier was originally
defined and later renamed. In total, we extracted 320 instances, 152
from Java PRs and 168 from Python PRs, as a single PR may rename
multiple identifiers. These identifiers are classified as 207 variables,
67 methods, 19 classes, 16 fields, and 11 constants.

2.4 Prompting LLMs
In this process, each of the 320 improved identifiers found inmerged
GitHub PRs was used as input for the LLMs, which were tasked
with generating five alternative identifier names. The choice of
providing five suggestions was inspired by previous work showing
that developers typically inspect around 3.41 code search results
per session on average [17]. A script was created to construct the
prompts and extract these names using the openai API for ChatGPT
4.1 and the DeepSeek coder (a model specialized in coding-related
tasks [5]) versions, and the google.generativeai API for the Gemini
2.5 Pro version. All using the parameterMAX_TOKENS = 8,192, that
is, each request is limited to this number of tokens. and three TEM-
PERATURE parameters, that is, 0.0 (deterministic), 1.0 (moderate)
and 2.0 (creative).

The prompt used to ask the LLM to suggest identifier names
was built using a context defined in the system prompt, as shown
in the text box below. In this prompt, [PROGRAMMING_LANGUAGE]
refers to Java or Python, [IDENTIFIER] represents the original
name of the identifier before it was changed by the developer,

and [CODE_SNIPPET] contains the code where the identifier was
declared, providing the LLM with context about the purpose of that
identifier.

2.5 Analysing Semantic Similarity
The top-5 identifier names suggested by each LLM are extracted,
and their semantic similarity is computed by converting the iden-
tifiers into word embeddings and comparing them with those im-
plemented by developers in merged GitHub PRs. To perform this
comparison, Sentence Transformers were used, [15] specifically the
all-MiniLM-L6-v2 model, which has also been adopted in previous
studies [2]. Sentence Transformers is a Python framework that
converts text, images, and sentences into embeddings for multiple
languages, enabling the measurement of similar meanings using
cosine similarity. This technique is useful in a variety of tasks, such
as mining a paraphrase and semantic search [16].

The Sentence Transformers produce a similarity score ranging
from -1.0 to +1.0, where -1.0 indicates completely oppositemeanings
and +1.0 indicates identical meaning. Thus, the higher the score,
the greater the semantic similarity between the identifiers.

Prompt Template for label readability improvements

System: "You are a software developer, with expertise in
suggesting identifiers that accurately reflect the behavior
and intent of the code."
User: "Given the following [PROGRAMMING_LANGUAGE]
code: [CODE_SNIPPET], please review the identifier
[IDENTIFIER] and suggest five alternative names that bet-
ter align with its purpose in the code. List your naming as
follows, without explanation, only the identifiers names:
Top 1 – [most suitable name]
Top 2 – [second best name]
Top 3 – [third best name]
Top 4 – [fourth best name]
Top 5 – [fifth best name]"

3 Results
Table 1 presents the results grouped by temperature, model, and
programming language. From the five identifier suggestions gen-
erated by each model, we selected the one with the highest score
computed by Sentence Transformers. We report the number of exact
or near matches using the HIT metric, which counts how often
a model’s top suggestion aligns with the developer’s choice. For
example, under the Hit@1.0 threshold, ChatGPT with temperature
1.0 (moderate) exactly matched the developer’s identifier in 27 out
of 168 Python instances. In Java, Gemini with creative temperature
(2.0) achieved 22 exact matches out of 152 instances.

Using the broader threshold of HIT > 0.7, ChatGPT with the
creative temperature produced semantically similar identifiers in
Python 108 instances. Although scores between 0.7 and 0.99 do not
represent an exact match, they indicate strong semantic alignment.
For example, in PR ID = 7864 from the apache/iceberg repository, the
developer renamed the method from testCreateCreateCatalog
Hive() to testCreateCatalogHive(). ChatGPT’s top-1 sugges-
tion was testCreateHiveCatalog(), which is semantically close
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Table 1: Hit rate by temperature, model and programming language

Temperature Language Model Hit 1.0 Hit > 0.9 Hit > 0.8 Hit > 0.7

0.0 Python Chatgpt 26 (15.5%) 54 (32.1%) 84 (50.0%) 104 (61.9%)
0.0 Python Deepseek 16 (9.5%) 34 (20.2%) 67 (39.9%) 98 (58.3%)
0.0 Python Gemini 26 (15.5%) 43 (25.6%) 71 (42.3%) 100 (59.5%)
1.0 Python Chatgpt 27 (16.2%) 58 (34.7%) 84 (50%) 107 (64.1%)
1.0 Python Deepseek 17 (10.2%) 38 (22.8%) 70 (41.9%) 96 (57.5%)
1.0 Python Gemini 24 (14.4%) 43 (25.7%) 70 (41.9%) 104 (62.3%)
2.0 Python Chatgpt 19 (11.4%) 46 (27.7%) 77 (46.4%) 108 (65.1%)
2.0 Python Deepseek 11 (6.6%) 34 (20.5%) 63 (38.0%) 93 (56.0%)
2.0 Python Gemini 19 (11.4%) 38 (22.9%) 65 (39.2%) 93 (56.0%)
0.0 Java Chatgpt 17 (11.2%) 32 (21.1%) 51 (33.6%) 77 (50.7%)
0.0 Java Deepseek 11 (7.2%) 30 (19.7%) 47 (30.9%) 74 (48.7%)
0.0 Java Gemini 18 (11.8%) 38 (25.0%) 51 (33.6%) 70 (46.1%)
1.0 Java Chatgpt 16 (10.5%) 31 (20.4%) 53 (34.9%) 76 (50.0%)
1.0 Java Deepseek 12 (7.9%) 31 (20.4%) 53 (34.9%) 77 (50.7%)
1.0 Java Gemini 22 (14.5%) 40 (26.3%) 51 (33.6%) 71 (46.7%)
2.0 Java Chatgpt 15 (10.0%) 33 (22.0%) 55 (36.7%) 78 (52.0%)
2.0 Java Deepseek 12 (8.0%) 32 (21.3%) 49 (32.7%) 72 (48.0%)
2.0 Java Gemini 22 (14.5%) 36 (24.0%) 53 (35.3%) 69 (46.0%)

to the developer’s choice. The similarity score computed by Sentence
Transformers for this suggestion was 0.93.

3.1 LLMs
When analyzing the performance of the LLMs, ChatGPT consis-
tently achieved more hits in Python. In Java, both Gemini and
ChatGPT outperformed DeepSeek. Figures 3, 4 and 5 present box-
plots that illustrate the distribution of similarity scores produced
by the LLMs. Although no statistically significant differences were
found, ChatGPT slightly outperforms the other models, especially
in Python, where it achieves the highest median similarity (close
to 0.9 in all temperatures) and a compact distribution with few
low outliers. In contrast, DeepSeek shows more variability, with
lower median values and a higher number of outliers, particularly
in Java, where it delivers the weakest performance among all mod-
els. Gemini demonstrates moderate performance, slightly better
than DeepSeek in Java, but still less consistent than ChatGPT.

3.2 Programming Languages
To compare Python scores with Java scores, we selected the best
score for each programming language per instance. Using the
Mann-Whitney U test, we found statistically significant differences
(𝑝-value < 0.05) between Python and Java in deterministic and
moderate temperature settings, but no significant differences in
the creative setting. This suggests that, with a creative tempera-
ture, LLMs generated more semantically aligned names in Java.
Overall, LLMs performed better in Python than in Java, indicating
that Python contexts may be more conducive to generating name
suggestions that better reflect the intent of the developer.

3.3 Temperature Parameter
When analyzing the temperature settings, although the variation
among them is not substantial, the 1.0 (moderate) setting gener-
ally produced slightly better results for Python. For Java, the 2.0

(creative) settings perform better, as shown in Figure 5. This is a sig-
nificant finding as it highlights that the optimal temperature value
depends on the specific task. Although prior studies have shown
that lower, deterministic temperatures tend to perform better in
tasks such as code refinement [8], this does not appear to be the
case in the context of identifier naming.

4 Threats to Validity
One construct threat to validity is the lack of guarantees that the
identifier chosen by the developer is accurate in representing the
meaning of the code. To mitigate this threat, we selected only
merged PRs explicitly focused on improving naming, in which
the changes were validated by both the author and the reviewer.

Another threat is the generalizability of our findings, a possibility
due to false negatives. Although our methodology includes rigorous
procedures to eliminate false positives (i.e., samples that are not
focused on naming improvements), we cannot guarantee that all
relevant cases were captured. Developers may open Github PRs to
improve names using a variety of different keywords, making it
difficult to identify and include all such cases in our dataset.

5 Related Work
Alsaedi et al. [2] used Sentence Transformers to compute the seman-
tic similarity between bug report descriptions and method names,
in order to identify which methods were more likely to be related
to the reported bug. Their approach involved a two-step process:
first, identifying the most likely buggy classes, then ranking the
methods within those classes based on semantic similarity. The
results showed that the use of semantic embeddings helped im-
prove the accuracy of method-level bug localization. This work also
uses Sentence Transformers, but with a different objective, that is,
to measure the semantic similarity between identifier names sug-
gested by the LLMs and those improved by developers in merged
GitHub merged PRs.
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Figure 3: Distribution of the similarity scores using deterministic (0.0) temperature parameter

Figure 4: Distribution of the similarity scores using moderate (1.0) temperature parameter

Figure 5: Distribution of the similarity scores using creative (2.0) temperature parameter
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Lin et al. [10] proposed DeepName, a deep learning-based ap-
proach for recommending identifier names in source code. Their
model captures the lexical and syntactic context surrounding an
identifier and predicts a semantically appropriate name. Trained on
a dataset of Java projects from GitHub, DeepName outperformed
traditional baselines such as n-gram and frequency-based models.
While their approach also focuses on identifier name recommenda-
tion, our work differs in that we rely on names actually adopted by
developers in real-world GitHub PRs as the basis for evaluation.

Several previous studies have shown that developers are con-
cerned with improving identifier names. For example, Pantiuchina
et al.[14] proposed a taxonomy of refactoring operations, some
of which are directly related to naming improvements. Similarly,
Dantas et al.[3] developed a catalog of change types that leads de-
velopers to improve code readability, with naming improvements
being the most common type of change observed. Although our
study does not aim to produce a catalog of developer-performed
operations, previous work highlights the central role of naming in
code quality and readability.

6 Conclusion
This study investigated the semantic similarity between the identi-
fier recommended by LLMs and those improved by developers in
real-world GitHub PRs. By analyzing 320 instances (168 in Python
and 152 in Java) and evaluating the top-5 identifier suggestions
generated by each model, we obtained the key findings.

(1) ChatGPT slightly outperformed the other models in Python,
achieving the highest exact match rates and the highest num-
ber of semantically aligned suggestions (e.g., 108 suggestions
with similarity > 0.7 using the creative setting). In Java, both
ChatGPT and Gemini performed better than DeepSeek, and
Gemini achieved the highest number of exact matches (22)
when using the creative temperature.

(2) RQ1 answer: All LLMs have Hit > 0.7 in more than 50% of the
Python samples, indicating that, in many instances, LLMs
can suggest identifiers aligned with human perception.

(3) RQ2 answer: The temperature parameter has some effect
on the performance. For Python, the moderate setting (1.0)
yielded slightly better overall results. In contrast, the creative
setting (2.0) showed better performance in Java, particularly
for ChatGPT and Gemini.

(4) RQ3 answer: All LLMs performed better in Python than in
Java, suggesting that Python code contexts may be easier for
LLMs to interpret in terms of naming intent.

In future work, we plan to use a larger sample, including more
keywords, programming languages, and separate the analysis by
types of identifiers, such as field, variable, function, class name, and
others.
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