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ABSTRACT
Large Language Models (LLMs), like ChatGPT, have gained wide-
spread popularity and usage in various software engineering tasks,
including refactoring, testing, code review, and program compre-
hension. Despite recent studies delving into refactoring documen-
tation in commit messages, issues, and code review, little is known
about how developers articulate their refactoring needs when in-
teracting with ChatGPT. In this paper, our goal is to explore con-
versations between developers and ChatGPT related to refactoring
to better understand how developers identify areas for improve-
ment in code and how ChatGPT addresses developers’ needs. Our
approach relies on text mining refactoring-related conversations
from 17,913 ChatGPT prompts and responses, and investigating
developers’ explicit refactoring intention. Our results reveal that
(1) developer-ChatGPT conversations commonly involve generic
and specific terms/phrases; (2) developers often make generic refac-
toring requests, while ChatGPT typically includes the refactoring
intention; and (3) various learning settings when prompting Chat-
GPT in the context of refactoring. We envision that our findings
contribute to a broader understanding of the collaboration between
developers and AI models, in the context of code refactoring, with
implications for model improvement, tool development, and best
practices in software engineering.
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1 INTRODUCTION
Artificial intelligence has been reshaping educational and industrial
landscapes, and Large Language Models (LLMs) are emerging as
the main driving force behind this revolution. The ability to har-
ness massive amounts of information in multiple modalities allows
LLMs to perform various tasks that would typically require human
intervention [3, 4, 15, 20, 20, 22, 26, 27, 30, 34, 45].

Figure 1: Example of a ChatGPT conversation in the context
of GitHub issue about refactoring [1].

Learning from software repositories has opened up a myriad
of LLM applications in software development tasks, such as code
search [37], code quality [5, 38, 39], repair [19, 33, 40, 44], pro-
gram comprehension [24], generation [14, 17], completion [28],
and translation [21]. The impressive performance of these LLMs,
in general, and ChatGPT, in particular, has rapidly increased its
popularity within the development community. According to a re-
cent GitHub survey with 500 US-based developers [2], 92% stated
that their workflow has already integrated AI tools, and 70% found
these tools to increase their productivity. When asked about the
reason behind this fast adoption, respondents said that they believe
these AI tools will improve the quality of their code while meet-
ing existing performance standards with fewer production-level
incidents.

Although developers can assess the performance of generated
code from a functional perspective [17], little is known about how
the model would react to refactoring requests. By definition, refac-
toring is the practice of improving the internal code structure, with-
out altering its external behavior [18]. Given the subjective nature
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of refactoring, where there could be multiple equivalent solutions
for a given input situation, it is interesting to see how LLMs would
react to refactoring requests and what quality attributes they would
target when optimizing the code.

The goal of this paper is to identify which of the various qual-
ity attributes, presented in the refactoring literature, are sought
by developers when they request ChatGPT to refactor their code.
Similarly, when developers request the refactoring of a given input
code, we want to extract the quality attributes that ChatGPT re-
ports optimizing when performing the refactoring. An illustrative
example is shown in Figure 1: An issue was opened to update the
ingest() method. When querying ChatGPT, the model has pro-
vided an updated version of the code, while explicitly stating that
the refactoring was intended to improve maintainability. This can
also be seen in the final title of the pull request that later integrated
the modified code in production. Based on this example, we can see
thatmaintainability was one of the quality attributes that ChatGPT
considers for code optimization, and so we want to extract all other
quality attributes to better understand the refactoring strategies
adopted by the model.

2 STUDY DESIGN
Our study uses the DevGPT [42] dataset, which contains a wide
range of information for open-source projects, such as code files,
commits, issues, Hacker News, pull requests, and discussions. All,
except Hacker News, utilize GitHub as their version control repos-
itory when demonstrating developer interactions with ChatGPT.
Figure 2 depicts a general overview of our experimental setup. In
the following subsections, we elaborate on the activities involved
in the process.

Start DevGPT
dataset

Data Acquisition

Data ExtractionData TransformationData Translation

Data Preprocessing Keyword Filtering SQLite
DB

Refactoring ExtractionRefactoring
patternsStop

Figure 2: Overview of our experiment design.

2.1 Dataset Construction
To obtain data from various sources, we follow these steps:
Step #1: Data Acquisition: The data were initially gathered from
the DevGPT dataset. The dataset consists of multiple JSON files
organized into snapshots.
Step #2: Data Extraction: JSON files were extracted and consoli-
dated into separate groups according to their source type.
Step #3: Data Transformation: The JSON files were processed to
transform them into a structured relational tabular form and loaded
into the database.

Step #4: Data Translation: This step involves leveraging the deep
translator library’s Google Translator1 to facilitate the translation
of non-English content into English. This multilingual analysis
enhances the comprehensibility and accessibility of the dataset.
Following the translation process, the database is systematically
updated with the translated text.
Step #5: Data Preprocessing: Titles, bodies, prompts, and re-
sponses from various source types were cleaned, stop-words re-
moved, and tokenized.

To execute all these steps, we built a pipeline that takes as in-
put the JSON files, and outputs the needed subset in the form of a
database. Our pipeline uses various technologies, such as SQLite for
data management, FastText for identifying non-English conversa-
tions, Google Translator library for their translation, NLTK & Spacy
for meticulous cleaning and tokenization, complemented by the
efficiency of Dask for concurrent processing in both cleaning and
tokenization tasks. The pipeline and the generated database are
available for replication and extension purposes2.

2.2 Refactoring Patterns Extraction
To identify refactoring documentation patterns, we perform a series
of manual and automated activities:
Data sources associated with developer intention about refac-
toring. As our study focuses on refactorings, our analysis is lim-
ited to source types where refactorings were discussed as part of
developer-ChatGPT conversations. Hence, we first extracted all
the different conversations from the source dataset. To ensure that
the selected software artifacts are about refactoring and to reduce
the occurrence of false positives, we focused on prompts that re-
ported developers’ intention about the application of refactoring
(i.e., having the keyword ‘refactor’). The choice of ‘refactor’, besides
being used by all related studies, is intuitively the first term to
identify ideal refactoring-related commits [6–8, 13, 25, 29]. This
step resulted in the selection of three source types: commits, issues,
and files. The procedure led to the examination of 470 commits, 69
issues, and 176 files.
Annotation of developer-ChatGPT conversations.When using
ChatGPT, developers use natural language to describe the software
development artifacts. Before running the experiment, a pilot exper-
iment is conducted to ensure that the annotators reach a consensus
on data annotation. Hence, given the diverse nature of developers
who describe the problem, an automated approach to analyzing the
prompt and answer text is not feasible. Therefore, we performed a
thematic analysis approach of the prompt and response to identify
refactoring documentation patterns based on guidelines provided
by Cruzes et al. [11]. Thematic analysis is one of the most used
methods in Software Engineering literature (e.g., [10, 32]), which
is a technique for identifying and recording patterns (or “themes”)
within a collection of descriptive labels. Next, we grouped this sub-
set of conversations based on specific patterns. Further, to avoid
redundancy of any pattern, we only considered one phrase if we
found different patterns with the same meaning. For example, if we
find patterns such as ‘simplifying the code’, ‘code simplification’,
and ‘simplify code’, we add only one of these similar phrases to the
1https://deep-translator.readthedocs.io/en/latest/usage.html#google-translate
2https://smilevo.github.io/self-affirmed-refactoring/

https://zenodo.org/records/10086809
https://deep-translator.readthedocs.io/en/latest/usage.html#google-translate
https://smilevo.github.io/self-affirmed-refactoring/
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Table 1: List of refactoring documentation in DevGPT (‘*’
captures the extension of the keyword).

Patterns

Add* Chang* Chang* the name Cleanup Clean* up
Code clarity Code clean* Code organization Code review Clean code
Creat* Customiz* Easier to maintain Encapsulat* Enhanc*
Extend* Extract* Fix* Inlin* Improv*
Improv* code quality Introduc* Merg* Modif* Modulariz*
Migrat* Mov* Organiz* Polish* Reduc*
Refactor* Refin* Remov* Remov* redundant code Renam*
Remov* unused dependencies Reorganiz* Replac* Restructur* Rework*
Rewrit* Simplif* Split*

list of patterns. This enables us to have a list of the most insight-
ful and unique patterns, and it also helps to create more concise
patterns that are usable to the readers. Furthermore, we manually
analyzed conversation patterns (i.e., learning settings) between de-
velopers and ChatGPT when seeking guidance on refactoring tasks.
Two authors independently annotated the conversations, and any
conflicts in their annotations were subsequently resolved through
discussion.

3 EXPERIMENTAL RESULTS
3.1 RQ1: What textual patterns do developers

use to describe their refactoring needs using
ChatGPT?

Approach.We manually inspect GitHub commits, issues, files to
identify refactoring documentation patterns. These patterns are rep-
resented as a keyword or phrase frequently occurring in developer-
ChatGPT conversations, as described in Section 2.

Figure 3: Popular refactoring textual patterns.

Results. Our in-depth inspection resulted in a list of 43 refactoring
documentation patterns, as shown in Table 1 and Figure 3. Our find-
ings show that the names of refactoring operations (e.g., ‘extract*’,
‘mov*’, ‘renam*’) occur in the top frequently occurring patterns,
and these patterns are mainly linked to code elements at different
levels of granularity such as classes, methods, and variables. These
specific terms are well-known software refactoring operations and
indicate developers’ knowledge of the catalog of refactoring opera-
tions. We also observe that the top-ranked refactoring operation-
related keywords include ‘mov*’, ‘renam*’, and ‘extract*’. Moreover,
we observe the occurrences of refactoring specific terms such as
‘cleanup’, ‘code quality’, and ‘restructur*’. The observation from this
research question aligns with the work of Russo [31], who found
that a significant portion of software professionals indicated their
intention to use LLMs to improve and maintain their codebase.

Table 2: Summary of refactoring patterns, clustered by
refactoring related categories.

Internal QA (%) External QA (%) Code Smell (%)

Dependency (25.33%) Readability (22.13%) Code smell (91%)
Inheritance (25%) Usability (16.19%) Long method (6%)
Composition (14.16%) Performance (10.25%) Duplicate code (3%)
Abstraction (12.16%) Maintainability (8.32%)
Coupling (10%) Flexibility (8.32%)
Encapsulation (8.83%) Reusability (7.28%)
Polymorphism (3%) Accessibility (7.28%)
Complexity (1.5%) Modularity (4.6%)

Extensibility (3.86%)
Correctness (1.78%)
Manageability (1.48%)
Robustness (1.48%)
Compatibility (1.33%)
Scalability (1.18%)
Configurability (0.89%)
Simplicity (0.89%)
Reliability (0.89%)
Productivity (0.89%)
Adaptability (0.59%)
Understandability (0.29%)

Summary for RQ1. Developer-ChatGPT conversations in-
volve diverse textual patterns about refactoring activities.
These patterns encompass generic descriptions like ‘improve
code readability’ as well as specific refactoring operation
names following Fowler’s conventions, including ‘extract’ and
‘rename’.

3.2 RQ2: What quality attributes does ChatGPT
consider when describing refactoring?

Approach. After identifying the different refactoring documenta-
tion patterns, we categorize the patterns into three main categories
(similar to previous studies [7, 9]): (1) internal quality attributes, (2)
external quality attributes, and (3) code smells.
Results. Table 2 provides the list of refactoring documentation
patterns, ranked based on their frequency, which we identify in
ChatGPT responses. We observe that ChatGPT frequently mentions
key internal quality attributes (such as ‘inheritance’, ‘complexity’,
etc.), a wide range of external quality attributes (such as ‘readability’
and ‘performance’), and code smells (such as ‘duplicate code’ and
‘long method’) that might impact code quality. To improve internal
design, optimization of the structure of the system with respect to
its dependency and inheritance appears to be the dominant focus
that is consistently mentioned in the conversation (25.33% and 25%,
respectively). Concerning external quality attribute, we observe
the mention of refactorings to enhance nonfunctional attributes.
Patterns such as ‘readability’, ‘usability’, and ‘performance’ repre-
sent the ChatGPT’ main focus, with 22.13%, 16.19%, and 10.25%,
respectively. The focus on code readability from the ChatGPT may
be attributed to the fact that the model frequently tends to gener-
ate code that adheres to common naming and coding conventions,
which was highlighted in a previous study when assessing the read-
ability of the ChatGPT code [12]. Finally, for code smells, ChatGPT
commonly used the generic term ‘code smell’ with 91%, the ‘long
method’, and ‘duplicate code’ code smells represent the most popu-
lar anti-pattern ChatGPT intends to describe refactoring (6% and 3%,
respectively). Furthermore, by analyzing the ChatGPT response, we
notice that the model emphasizes certain coding practices, includ-
ing dependency injection, naming conventions, exception handling,
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Figure 4: ChatGPT conversation patterns to refactor code.

single responsibility principle, unit tests, separation of concerns,
design patterns, and behavior preservation.

Summary for RQ2. Our findings indicate that developers
frequently make generic requests when seeking guidance on
refactoring tasks, while ChatGPT typically includes the inten-
tion when applying refactorings, addressing quality issues re-
lated to internal attributes, external attributes, or code smells,
along with applying well-known coding practices.

3.3 RQ3: How do developers typically initiate
conversations with ChatGPT when seeking
guidance on refactoring tasks?

Approach.To explorewhether specific conversation patterns emerge
as developers collaborate with ChatGPT for iterative refinement of
refactoring solutions, we manually examine refactoring conversa-
tions and categorize the identified patterns.
Results. The effectiveness of any language model relies heavily on
the ability of developers to craft appropriate prompts. Therefore,
one of the outcomes of this work is to raise awareness among
developers of the importance of prompt engineering, particularly
in the context of refactoring. Analysis of developer prompts (as
depicted in Figure 4) reveals that 2.3% of developers simply copy
and paste code fragments that need to be refactored, assuming
that ChatGPT can discern the intention behind the code. 18.3% of
developers copy and paste code fragments that need to be refactored
along with textual description/instruction to provide context. Most
developers (41.9%) copy and paste code fragments that need to be
refactored and add a textual description of how to fix it. About 6.3%
of developers introduce copy and paste errors after the refactoring
application suggested by ChatGPT. Some developers (20.6%) add
textual description of the code that needs to be refactored, but
without adding the associated code fragments. Others (10.6%) add a
textual description of the code that needs to be refactored and how
to fix it, but also without adding the associated code fragments.

Summary for RQ3. Many developers (41.9%) tend to copy
and paste code fragments that require refactoring, along with
providing a textual description of how they want them to be
addressed.

4 DISCUSSION & CONCLUSION
Takeaway #1: ChatGPT limited understanding of the broader
context of the codebase. Although ChatGPT provides an infor-
mative context of refactorings, its comprehension of the entire
codebase is restricted, leading to possible missing dependencies
and codependencies. This limitation becomes apparent in instances
where ChatGPT makes suggestions based on misunderstandings or
false assumptions about the code. This exploratory study serves to
unveil this practical limitation, encouraging developers to grasp the
model’s mechanics rather than treating it as a black box that con-
sistently generates acceptable answers. The RQ1 and RQ2 results
not only show instances where developers express their refactoring
needs for certain queries, but also reveal potential issues with sug-
gested code changes. Some developers encountered compiler errors
introduced by ChatGPT-provided code, and in some cases, the sug-
gested refactoring led to test failures, contrary to the expectation
that refactoring should preserve the system’s internal behavior.
Takeaway #2: The quality of ChatGPT responses is highly
dependent on the quality of the prompts. The effectiveness of
ChatGPT is closely related to the quality of its training dataset [15].
According to the developer-ChatGPT conversations (RQ1 andRQ2),
ChatGPT offers insightful suggestions on refactorings, which is
particularly helpful for addressing non-urgent issues like code style,
adding comments, and more. On the other hand, challenges arise
when ChatGPT misunderstands the reported code fragments that
need to be refactored or becomes confused when receiving a code
excerpt instead of the entire code, especially when the code is too
large to provide. Its corrections sometimes also misunderstood the
purpose of an excerpt and would slightly alter the logic. Therefore,
themore complex the given code input, themore likely that the code
output will not work properly. By identifying common patterns
and challenges in these refactoring conversations, researchers and
developers can work toward improving ChatGPT’s capabilities (e.g.,
following software documentation quality framework [35]). This
understanding can guide the refinement of the model to better
address developers’ needs.
Takeaway #3: Variability in refactoring conversation learn-
ing settings between developers and ChatGPT. From RQ3, we
observe that some of the developers’ prompts were zero-shot, where
they relied on the model’s generative ability to understand an issue
or propose a corresponding code fix. Zero-shot learning involves
the model making decisions on presumably unseen data by ap-
proximating it with previously trained code [41]. For instance, the
prompt asks the model to refactor the code to eliminate duplication
of an input source code. Further, the prompt can be augmented by
adding a label to the unseen data, i.e., one-shot [16]. For example,
mentioning how large file splitting can be performed can guide the
model towards the decision to take (class extraction). Some develop-
ers opted for few-shot learning, entering code fragments and asking
ChatGPT to propose fixes while checking for design antipatterns
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(e.g., duplicated code, bad names, dead code) by providing an exam-
ple. Few-shot learning involves providing context-specific examples
to help the model make better decisions about complex tasks [36].
For instance, the input of code changes that address the complexity
of a given class. This RQ shows the non-uniformity of developers’
prompts, with a majority debating how to extract the necessary
action from the models, while others overestimate the model’s ca-
pabilities. This aligns with previous studies that have demonstrated
the susceptibility of ChatGPT to hallucinations when it comes to
coding semantic structures [20, 23, 24, 39, 43]. Insights from these
conversations can inform the integration of ChatGPT or similar
models into development tools, making them more user-friendly
and aligned with developers’ expectations during refactoring tasks.
Takeaway #4: Need for better refactoring descriptions. During
our manual analysis, we observed various cases where developers
ask the model to refactor a given input code by only mentioning
the word refactoring (e.g., refactor this...). While it allows for a
high flexibility, it is better to constrain the model with what the
developer expects. For instance, Adding the intent (why?) behind
the refactoring, and potential instructions (how?) can help with
ensuring specific coding practices and styles that are targeted by
the developer’s own decisions or their company policy.
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