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ABSTRACT
AI-assisted code generation tools, such as GitHub Copilot, have
gained attention from the software industry due to their potential
to support development tasks. This paper presents an experience
report from a case study on the adoption of GitHub Copilot by a
team of developers at the Superintendence of Information Tech-
nology of the Federal University of Piauí (STI/UFPI), aiming to
evaluate the effects of using Copilot in a real-world environment
involving legacy system maintenance. The study was carried out
over three months, comparing periods with and without the use
of the tool. Key metrics such as code change rate and developers’
perceptions were analyzed. The results indicate a increase in the
code change rate for most developers, particularly in bug-fixing
tasks, while customization tasks showed a more nuanced outcome.
Participants also reported positive feedback regarding Copilot’s
usefulness. This paper discusses the challenges faced during the
study’s execution, methodological limitations, and proposes direc-
tions for future research on the impact of AI assistants in diverse
software development contexts.
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1 Introduction
The increasing complexity of software systems and the demand
for agility in software development have led engineering teams to
adopt new tools that accelerate the construction of high-quality
solutions. In this context, code generation tools based on Artificial
Intelligence (AI), such as GitHub Copilot, have emerged as promi-
nent tools for accelerating software development tasks. These tools
rely on Large Language Models (LLMs), such as Codex, which are
capable of suggesting complete code snippets based on comments
or previously written fragments by the programmer [8, 11, 30].

Although the literature has begun to explore the potential of
such tools in academic and simulated environments, there is still a
limited number of studies that evaluate their effectiveness in real-
world settings, where professional teams work with production
systems [20, 21, 26, 33]. For instance, the study by [19] introduced
NoCodeGPT, a customized interface designed to enable the creation
of small web applications without writing code. Their findings

highlight that general-purpose chat interfaces, such as ChatGPT,
are not well-suited for novice developers, reinforcing the need for
contextualized and domain-specific adaptations of LLM-based tools.

Given the diversity and complexity of legacy systems, integrat-
ing new tools into the workflow of experienced developers demands
a more careful and contextualized evaluation. Unlike controlled
or academic environments, professional software projects often
involve heterogeneous technologies, strict delivery deadlines, and
organizational constraints that directly affect how such tools are
perceived and adopted. Therefore, assessing AI-assisted code gen-
eration in real-world settings is essential to understanding its ac-
tual impact on productivity, code quality, and developer experi-
ence—beyond the promising results observed in experimental or
educational contexts [24].

This paper presents an experience report from a case study on
the adoption of GitHub Copilot by a team of developers at the Su-
perintendence of Information Technology of the Federal University
of Piauí (STI/UFPI). The objective was to observe, in a real work
environment, the potential impacts of the tool on the performance
and perceived quality of professionals involved in the development
of institutional systems.

The case study was conducted over a period of three months
(March, April, and May 2025), including the collection of task execu-
tion time data and qualitative analysis of participants’ perceptions.
The results are discussed from the perspective of perceived benefits,
challenges encountered, and lessons learned from using the tool in
a corporate development setting.

The main research question guiding this report is:

How does the use of GitHub Copilot impact the
performance and perception of professional de-
velopers in a real-world software development
environment?

The main contributions of this paper can be summarized as
follows:

• For industry: We provide empirical evidence on the use of
Copilot in a realistic scenario involving legacy systems in
the public sector, a context that remains underexplored in
the literature.
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• For academia:We present a case study employing mixed
methods, whose dataset and methodology may support fu-
ture research. Furthermore, we connect the practical chal-
lenges faced in a real-world industrial context to formal
threats to validity, offering transferable lessons for similar
empirical studies.

The remainder of this paper is organized as follows: Section 2
discusses related work that investigated the use of Copilot and
similar tools in industrial contexts. Section 3 presents the theoreti-
cal background on AI-assisted code generation tools and previous
studies on GitHub Copilot. Section 4 describes the methodological
approach adopted in the case study. Next, Section 5 presents the
results obtained from the quantitative and qualitative data analysis.
Section 6 presents the lessons learned. Section 7 details the threats
to the validity of the findings. Finally, Section 8 summarizes the
study’s contributions and proposes directions for future work.

2 Related Work
Several recent studies have investigated the impact of AI-assisted
code generation tools in professional contexts. In particular, case
studies have been conducted in companies to evaluate the effective-
ness of GitHub Copilot and similar tools in real-world development
environments.

Pandey et al. [25] conducted a study at Cisco Systems to assess
the adoption of GitHub Copilot in large-scale projects. The authors
reported gains of up to 50% in tasks such as documentation and
unit testing, and approximately 30–40% in debugging and repetitive
tasks. Despite the observed benefits, limitations were identified
when working with languages such as C/C++ and in contexts in-
volving multiple interdependent files.

Bakal et al. [1] reported on the large-scale use of Copilot at Zoom-
Info, involving approximately 400 developers. The study found an
average suggestion acceptance rate of 33% and an estimated time
savings of 20%, along with generally positive perceptions among
the developers.

Cavalcante et al. [6] analyzed the application of GitHub Copilot,
ChatGPT, and Amazon CodeWhisperer in a research and devel-
opment organization with 57 participants. The study highlighted
improvements in productivity, creativity, and prototyping speed,
while also warning of potential risks related to excessive reliance
on such tools.

Raghavan [28] presented an industrial case study using the
SPACE framework to measure productivity and quality in a cor-
porate environment. GitHub Copilot was found to have a positive
impact, particularly in initial coding tasks and in supporting rapid
solution generation.

Chatterjee et al. [7] described the experience of over one thou-
sand engineers at ANZ Bank using Copilot. The authors adopted a
quasi-experimental design with control and treatment groups to
demonstrate gains in productivity and code quality, with particular
attention to security and compliance issues—crucial aspects in the
financial sector.

In comparison to these studies, the present work contributes
by examining a public-sector setting focused on the development
and maintenance of legacy systems. It emphasizes tasks related

to evolutionary and corrective maintenance and adopts a mixed-
methods approach that combines quantitative and qualitative data
to provide an integrated perspective on the tool’s impact on both
technical performance and developer perception.

3 Theoretical Background
This section presents the evolution of code generation tools, the
main indicators used for their evaluation, and the foundations of
empirical studies in Software Engineering, with a particular focus
on GitHub Copilot—the central theme of this work.

3.1 Evolution of Code Generation Tools
Since the early days of programming, various tools have been devel-
oped to automate or support the coding process. Initial efforts date
back to utilities such as Lex and Yacc in the 1970s, which enabled
the automatic generation of parsers and syntax analyzers based on
formal specifications [15]. These tools marked the beginning of a
path toward automation focused on reducing repetitive tasks and
increasing the reliability of the generated code.

Over time, the concept of code generation evolved. Modern IDEs
have incorporated features such as autocomplete, automated refac-
toring, and semantic navigation. Tools like IntelliSense [17] and
capabilities available in Visual Studio Code [18] have enhanced
productivity and fluency in the development process by offering
contextual suggestions based on code syntax and semantics. Studies
such as [13] and [27] highlight the role of these technologies in
improving code quality and development efficiency.

3.2 GitHub Copilot and AI-Based Code
Generation

GitHub Copilot is an AI-assisted code generation tool developed by
OpenAI in partnership with GitHub [11]. The technology behind
Copilot is based on Codex [8], a language model derived from GPT-
3 [5], specialized in programming tasks. More recently, Copilot
began using the GPT-4 model, expanding its contextual understand-
ing and ability to generate functional code [12].

Copilot operates as an extension integrated into the code edi-
tor, suggesting lines, blocks, or even complete functions based on
content previously written by the developer. Unlike traditional au-
tocomplete systems, the tool is capable of interpreting the purpose
of the code being written, taking into account comments, variable
names, and file history. This makes its suggestions more relevant
and potentially productive, as noted by [26].

Recent studies have evaluated Copilot’s effectiveness in different
contexts. [21] show that the tool can reduce coding time for rou-
tine tasks, although it presents limitations in situations requiring
deep understanding of business rules or the architecture of legacy
systems. Other authors highlight the risk of incorrect or insecure
suggestions, reinforcing the need for human oversight [22, 34].
Nonetheless, there is consistent evidence that Copilot can enhance
productivity, especially in repetitive, low-risk tasks that involve
recognizable syntactic patterns. Previous work by the authors has
also explored the tool’s use in educational settings, showing that
Copilot can reduce development time [16, 24].
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3.3 Evaluating Code Generation Tools
Evaluating the impact of code generation tools requires indicators
that measure not only efficiency but also code quality and usability.
The literature highlights several quantitative and qualitativemetrics
applied in different contexts [3, 9].

Among the most commonly used indicators are:
• Task Completion Time: used to measure productivity
gains in specific tasks [26];

• Code Correctness: assesses whether the generated code
correctly fulfills task requirements [34];

• Validity and Compilability: checks whether the generated
code is syntactically valid [9];

• Security: analyzes common vulnerabilities introduced auto-
matically [22];

• Maintainability and Cyclomatic Complexity: evaluates
the long-term impact of the generated code [9, 21];

• User Feedback: gathers developer perceptions about the
tool’s usefulness [10, 27];

• Suggestion Acceptance Rate: quantifies how many of the
tool’s suggestions were actually adopted [14, 21].

In the context of this case study, two of these indicators were
applied: task completion time, which allowed the measurement
of the effort required to complete tasks with and without GitHub
Copilot; and user feedback, obtained through a structured qual-
itative questionnaire. Other relevant indicators, such as security,
code correctness, and suggestion acceptance rate, were not applied
due to limitations in scope, tools, or feasibility in a production
environment.

3.4 Empirical Studies in Software Engineering
Empirical studies play a central role in Software Engineering be-
cause they make it possible to validate, in real-world settings, the
impact of tools and practices on productivity and development qual-
ity [29, 32, 35]. These studies can take different forms—controlled
experiments, case studies, and surveys—with case studies being
the most appropriate when the goal is to observe phenomena in
natural, uncontrolled environments.

The use of empirical studies to assess GitHub Copilot has proven
to be strategic for understanding its practical impact. According
to [32], this approach makes it possible to capture not only objective
results but also subjective aspects of the developer experience, such
as confidence, satisfaction, and fluency in tool usage. By conducting
a case study in a corporate environment, as presented in this paper,
it is possible to more accurately identify the factors that contribute
(or not) to the successful adoption of AI tools in daily software
development routines.

4 Methodology
This article adopts an empirical approach, using a case study de-
sign to investigate the impact of GitHub Copilot in a real-world
software development environment. The study was conducted with
the development team at the Superintendence of Information Tech-
nology (STI) of the Federal University of Piauí (UFPI), responsible
for maintaining and evolving the university’s institutional systems.

The methodology is based on the Technical Action Research (TAR)
model [31], which combines elements of Action Research with

principles from Design Science. This approach is appropriate for
research involving emerging technologies, as it allows the investi-
gation of real-world phenomena while seeking to solve practical
problems and produce scientific knowledge. In this study’s context,
TAR enabled the observation of the tool’s usage in a professional
setting without artificial interventions, respecting the developers’
natural workflow.

The research is applied in nature, with a mixed-methods ap-
proach involving the collection and analysis of both quantitative
data (related to execution time and code changes) and qualitative
data (developer perceptions). The study is exploratory and descrip-
tive in design, aiming to understand the effects of the tool on the
team’s day-to-day development activities.

Figure 1 illustrates the methodological workflow adopted, di-
vided into two main phases: Data Collection and Analysis. The
data collection phase included initial participant training, instru-
mentation for automatic task tracking, and the administration of a
perception questionnaire. The data were stored in .csv files and
subsequently preprocessed. The analysis phase involved data con-
solidation, statistical testing, and qualitative analysis based on cate-
gories derived from coding. The ultimate goal was to answer the
central research question of the study.

4.1 Data Collection
The data collection process began with the Initial Training phase.
This preparatory stage involved the installation and configuration
of the GitHub Copilot tool within the participants’ development
environments. To enable its use in Eclipse, the Copilot4Eclipse
extension (v1.3.0) was installed, which is compatible with version
2023-06 of the IDE.

Three developers from STI participated in the study, hereafter
identified as Dev 1, Dev 2, and Dev 3 to ensure anonymity. Their
professional experience in software development totals 13, 15, and
14 years, respectively. A significant portion of this time has been
dedicated to the legacy systems that are the focus of this study,
with each developer having extensive familiarity—over 8 (Dev 1),
7 (Dev 2), and 8 (Dev 3) years—working directly with these sys-
tems.Their roles involve both corrective and evolutionary mainte-
nance of UFPI’s corporate systems.

The data collection for this study spanned two distinct three-
month periods to allow for a comparative analysis. The baseline
period, representing the work without Copilot, corresponds to
tasks performed in March, April, and May of 2024. The intervention
period, with Copilot, covered the same months one year later:
March, April, and May of 2025, after the tool was installed and ready
to use. During this three-month intervention period, all three partic-
ipating developers consistently used the GitHub Copilot extension
in their daily development workflow. Adherence to this protocol
was confirmed through periodic monitoring by the first author.
The detailed distribution of tasks collected and filtered from these
periods is presented in the Results section (Table 1).

Data collection relied on twomain sources: the task management
tool used by the team and the Git repositories linked to the systems.
Execution time was measured from the moment a task was marked
as “In Progress” until its transition to a completion status, such as
“To be Validated”, “Under Validation”, or “Completed”. It is important
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Figure 1: Methodological workflow.

to note that, within the team’s workflow, a task only transitions
to these completion statuses after the corresponding code changes
have been validated against the requirements and successfully de-
ployed to the production environment. This process ensures that
all tasks included in the study’s dataset represent functional and
delivered work. The volume of source code changes was obtained
through the commits associated with each task.

Figure 2 shows an example of the task management interface
used by the STI/UFPI team. The image highlights three key elements,
marked by numbered red arrows:

(1) In the upper left corner, the task type (Sustaining - Bug)
and its unique reference number in the system (#69645) are
displayed, which allows for tracking and categorization of
internal demands.

(2) On the right, the task status is marked as Completed.
(3) In the bottom right section, the Associated Revisions panel

links the task to commits in the Git repository. This associa-
tion is essential for establishing traceability between code
changes and the recorded demand, enabling effort analysis.

Ethical Considerations. All participants were informed of the
study’s objectives and took part voluntarily. Data were anonymized
and treated confidentially, in accordance with ethical guidelines for
scientific research. Participants signed an Informed Consent Form
(ICF).

4.2 Data Analysis
The purpose of the data analysis is to investigate how the use of
GitHub Copilot affected developer performance in a professional

setting. The analysis approach combined both quantitative and
qualitative techniques.

Preprocessing: Before analysis, the collected datawere reviewed
to ensure consistency and to remove any anomalies. Tasks with
incomplete information or without proper links to commits were
excluded.

Quantitative Analysis: The quantitative analysis focused on
task execution time before and after the introduction of Copilot.
Data were grouped by developer and task type, enabling compar-
isons between the periods and allowing the assessment of potential
efficiency gains.

Qualitative Analysis: In parallel, developers’ perceptions re-
garding the use of the tool were collected. Responses were analyzed
based on thematic categories, allowing the identification of positive
aspects, perceived limitations, and suggestions for improvement.
The analysis followed the Content Analysis approach proposed by
Bardin [2], aiming to highlight recurring patterns in the reported
experiences.

The adopted methodology allows for the observation of the
effects of GitHub Copilot in a real development environment, re-
specting the team’s natural task flow. The analyses based on the
collected data support the discussions presented in the following
sections of this paper.

5 Results
This section presents the results obtained from the analysis of data
collected from the developers of the Superintendence of Information
Technology (STI) at the Federal University of Piauí (UFPI), during
periods with and without the use of GitHub Copilot. The analysis
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Figure 2: Example of a task in the STI task management system, highlighting (1) task number and type, (2) status and recorded
time, and (3) association with Git commits.

includes metrics related to the rate of code changes and developers’
perceptions of the tool.

Before conducting the analysis, a data preprocessing step was
performed to ensure consistency and reliability. Initially, the tasks
exported from the task management system were cross-referenced
with commit records from the Git repository to ensure a valid link
between the recorded activities and the corresponding source code
changes. Tasks without a clear association to Git revisions were
discarded. Tasks with incomplete information—such as missing
start or end dates, or lack of code change data—were also excluded.
In cases where a task had multiple revisions (commits), the data
were consolidated per task by summing the total lines of code
changed and preserving the original start and end dates.

After this refinement, a clean dataset was obtained for quan-
titative analysis, structured in CSV files, as documented in the
project repository [23], specifically in the files estudo-de-caso-
qualitativo.csv and estudo-de-caso-quantitativo.csv.

To better characterize the dataset analyzed in this study, Ta-
ble 1 presents the distribution of tasks by developer, categorized
by type and period (with or without GitHub Copilot). Developer 1
accounted for the largest volume of tasks, totaling 63 relevant activ-
ities: 38 classified as BugFix and 25 as Customization. Developer 2
contributed with 19 tasks (5 BugFix and 14 Customization), while
Developer 3 performed 10 tasks (7 BugFix and 3 Customization).

This refined subset of 92 tasks serves as the foundation for the
quantitative analysis described in the following subsections.

The primary metric used in this study was the rate of code
changes, calculated as the ratio between the total lines of code

Table 1: Number of tasks by developer, type, and period

DevID Type No Copilot Copilot Total

1 BugFix 21 17 38
1 Customization 15 10 25
2 BugFix 5 0 5
2 Customization 9 5 14
3 BugFix 4 3 7
3 Customization 1 2 3

Total 55 37 92

changed (additions + deletions) and the time spent to complete the
task.

It is crucial to clarify that this metric is not a direct measure
of productivity or code quality. Rather, it was chosen as a proxy
to quantify and compare the development effort between the
two periods. In this context, a higher rate (more LOC changed per
hour) is interpreted as a reduction in the time-based effort required
to implement the necessary code for a given task.

We acknowledge that, especially with tools like Copilot, some
of these code changes might stem from automated refactoring not
strictly related to the task’s core requirements. This is a known
limitation of using LOC-based metrics in this context and is further
discussed as a threat to construct validity in Section 7. The equation
is defined as follows:
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Rate of Code Changes (LOC/h) =
Lines of Code Changed
Time Spent (hours)

(1)

This metric was uniformly applied in analyses by developer,
by team, and by task type, enabling comparisons across tasks of
different durations and scopes.

The analysis of results is divided into two complementary parts.
First, the quantitative analysis focuses on the rate of code changes
from different perspectives: by developer (Section 5.1), aggregated
by team (Section 5.2), and by task type (Section 5.3). Then, the
developers’ perceptions of GitHub Copilot are discussed, based
on qualitative data obtained through a questionnaire conducted
at the end of the experiment, in Section 5.5. This integrated ap-
proach provides a broader understanding of the tool’s effects in the
professional context under investigation.

5.1 Rate of Code Changes by Developer
Table 2 presents the average (Mean) and median code change rates
(LOC/h) for each developer, where ‘n‘ indicates the number of tasks
performed per period. The data show that all three developers
experienced an increase in their average and median rates during
the period with Copilot.

Table 2: Code change rate (LOC/h) by developer and period

ID Period Mean Median n

1 Without Copilot 14.38 9.83 36
1 With Copilot 27.45 22.65 27
2 Without Copilot 5.01 4.12 14
2 With Copilot 15.06 15.06 5
3 Without Copilot 12.69 8.89 5
3 With Copilot 24.99 20.91 5

Analyzing the individual performance, Developer 1’s average
rate increased from 14.38 to 27.45 LOC/h. Developer 2 showed
the largest relative growth, with the average rate rising from 5.01
to 15.06 LOC/h. Developer 3’s rate also grew, from 12.69 to 24.99
LOC/h. The median values followed this upward trend for all devel-
opers, suggesting the performance gains were consistent and not
merely driven by outlier tasks.

To assess the statistical significance of the observed differences,
the non-parametric Mann-Whitney U test was applied, an appropri-
ate choice for the asymmetric distributions of the data. To account
for multiple comparisons across the three developers, a Bonferroni
correction was applied, setting the significance level at 𝛼 = 0.0167.

The results for each developer, including the sample sizes for the
periods without Copilot (𝑛1) and with Copilot (𝑛2), the U statistic,
p-value, and Cliff’s Delta (𝛿) for effect size, are as follows:

• Developer 1: (𝑛1 = 36, 𝑛2 = 27); U = 972.0; p = 0.001; 𝛿 = 0.47
(medium to large effect)

• Developer 2: (𝑛1 = 14, 𝑛2 = 5); U = 100.0; p = 0.002; 𝛿 = 0.52
(large effect)

• Developer 3: (𝑛1 = 5, 𝑛2 = 5); U = 350.0; p = 0.001; 𝛿 = 0.31
(small to medium effect)

All p-values are statistically significant under the Bonferroni-
corrected level [4] (𝑝 < 0.0167). The effect sizes indicate a practical
significance ranging from small-to-medium (Developer 3) to large
(Developer 2). This suggests that while the increase in the code
change rate with Copilot was consistently observed, its practical
magnitude varied among the participants.

In summary, the individual analysis suggests a positive trend of
performance improvement for the participants. All three developers
showed a statistically significant increase in their code change rate
with the use of GitHub Copilot, a finding that holds even under a
conservative Bonferroni correction. The practical magnitude of this
effect, as measured by Cliff’s Delta, ranged from small-to-medium
(Developer 3) to large (Developer 2), suggesting the tool’s impact
varied in intensity. While these findings reached statistical signifi-
cance, the small sample sizes for Developer 3 (𝑛 = 5 in each period)
and in the Copilot period for Developer 2 (𝑛 = 5) warrant caution in
generalizing. Nevertheless, the uniform positive direction of these
findings suggests a potential positive impact of the tool across the
different developer profiles within the studied team.

5.2 Aggregated Code Change Rate of the Team
To understand the impact of GitHub Copilot from a collective per-
spective, an analysis was conducted considering the code change
rate across all tasks. Table 3 presents the average and median values
of the code change rate (LOC/h) for the periods with and without
the use of Copilot, where ‘n‘ indicates the number of tasks per-
formed per period.

Table 3: Team code change rate (LOC/h) by period

Period Mean Median n

Without Copilot 13.41 8.74 55
With Copilot 26.31 21.62 37

The results indicate a marked increase in the team’s average code
change rate after the introduction of Copilot—from 13.41 to 26.31
LOC/h. The median followed a similar upward trend, rising from
8.74 to 21.62 LOC/h, suggesting that the increase was distributed
across the tasks and not driven by outliers.

To assess the statistical significance of this difference, the Mann-
Whitney U test was applied, yielding the following result:

• U = 1635.0; p-value < 0.001
This result confirms that the observed difference between the

periods is statistically significant. The effect size, measured using
Cliff’s Delta, was:

• 𝛿 = 0.53 (large effect)
These findings suggest a positive impact of GitHub Copilot on

the team’s overall code change rate. The overall increase in met-
rics, combined with statistical significance and a large effect size,
indicates that the tool contributed to reducing development effort
at the team level.

Although effects may vary by developer and task type (as dis-
cussed in other subsections), the aggregated analysis reinforces the
hypothesis that AI-based coding assistants can offer measurable
benefits in real-world work settings.



Assessing the Use of a Code Generation Assistant in Professional Software
Development: An Experience Report SBQS25, Nov 04–07, 2025, São José dos Campos, SP

5.3 Code Change Rate by Task Type
To deepen the understanding of GitHub Copilot’s impact on devel-
opment effort, a segmented analysis was performed by task type.
Taskswere grouped into the categoriesBugfix andCustomization,
as previously described. Table 4 presents the descriptive statistics
of the code change rate (LOC/h) for each category during periods
with and without the tool, and ‘n‘ indicates the number of tasks
performed per period..

Table 4: Summary of code change rate (LOC/h) by task type
and period

Type Period Mean Median n

Bugfix Without Copilot 38.44 18.87 30
Bugfix With Copilot 48.27 24.18 20
Customization Without Copilot 31.34 16.42 25
Customization With Copilot 13.60 6.86 17

The descriptive analysis suggests different trends between the
two task types. For Bugfix tasks, an increase was observed in both
the mean and median code change rates during the Copilot period.
This may indicate a positive influence of the tool on tasks related
to code correction.

Conversely, tasks related to Customization showed a decrease
in both average and median rates in the same period. This outcome
may be related to the nature of these tasks, which often require a
deeper understanding of specific business rules, potentially limiting
the effectiveness of automated code suggestions.

To verify the statistical significance of these variations, Mann–
Whitney U tests were applied for each task type. The results are
presented in Table 5.

Table 5: Statistical test results by task type

Task Type Mann–Whitney U p-value Cliff’s Delta

Bugfix 928.0 0.441 0.14 (small)
Customization 100.0 0.152 -0.31 (medium)

For Bugfix tasks, the difference between the periods was not
statistically significant (p = 0.441), and the effect size was considered
small. This suggests that although there was an average gain in the
code change rate, Copilot may not have consistently impacted this
task type across the entire sample.

For Customization tasks, although statistical significance was
also not observed (p = 0.152), the Cliff’s Delta indicated a medium
and negative effect size, pointing to a tendency toward a reduction
in the code change rate when using the tool. This behavior may
reflect the interpretive and contextual complexity of customization
tasks, which often require deliberate interventions and are less
amenable to direct automation.

In summary, the results of this subsection highlight the impor-
tance of considering task type when evaluating the impact of au-
tomatic code generation tools. GitHub Copilot may be more ef-
fective in structured and standardized tasks—such as many bug

fixes—whereas its impact may be more limited, or even counterpro-
ductive, in activities that require a high degree of customization or
contextual analysis.

5.4 Summary of Quantitative Results
The quantitative analysis of this case study enabled the evaluation
of GitHub Copilot’s impact from three complementary perspec-
tives: by individual developer, by the team as a whole, and by task
type. In all approaches, the metric used was the code change rate
(LOC/h), interpreted as a proxy for development effort and calculated
according to Equation 1.

At the individual level, all three developers showed a statistically
significant increase in their code change rate during the Copilot
usage period, a finding that holds under a Bonferroni correction.
The practical magnitude of this effect, measured by Cliff’s Delta,
varied among the participants, ranging from small-to-medium to
large. This suggests that the tool was associated with a reduction
in development effort for all individuals, though with differing
intensity.

The aggregated team analysis indicated a similar trend. The
team’s average code change rate increased from 13.41 LOC/h to
26.31 LOC/h (an approximate 96% growth). This difference was
statistically significant (𝑝 < 0.001) and accompanied by a large
effect size (𝛿 = 0.53), reinforcing the observation of a reduced
development effort at the team level with the tool’s use.

However, when analyzing the impact segmented by task type, a
more nuanced pattern emerged. For Bugfix tasks, a positive trend in
the code change ratewas observed, though it did not reach statistical
significance and the effect size was small. In contrast, Customization
tasks showed a decrease in the rate, also not statistically significant,
but with a medium negative effect size (𝛿 = −0.31) suggesting that,
for this specific task category, the tool’s use was associated with a
reduced rate of code changes.

These findings lead to a multi-faceted interpretation. While
GitHub Copilot was associated with a statistically significant reduc-
tion in development effort at the individual and team levels, this
high-level view masks its varied performance on different types
of tasks. The positive effect on the pace of development appears
more applicable to corrective maintenance (Bugfix) than to tasks
requiring significant functional adaptation (Customization). These
aspects are further explored through the developers’ perceptions
in the following section.

5.5 Qualitative Analysis of Perceptions on
GitHub Copilot Use

To complement the quantitative analysis and understand the subjec-
tive aspects related to the use of GitHub Copilot, the participating
developers completed a perception form. The goal was to capture
perceptions regarding the tool’s usefulness, usability, and its impact
on daily work, as well as to identify behavioral and cognitive effects
associated with its adoption.

The three developers who responded to the questionnaire are
experienced professionals, eachwith over ten years of programming
experience, including more than five years of direct involvement
with the Integrated Management Systems (SIG) at UFPI. None of
the participants had previously used GitHub Copilot in their work
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environment, although they were already familiar with the tool.
This reinforces the relevance of the study as a first formal adoption
experience in a real-world context.

Table 6 presents a summary of the responses to the closed-ended
questions included in the questionnaire.

The analysis of the responses reveals a positive perception of
the tool. All participants stated that Copilot influenced their way of
thinking or problem-solving, suggesting that the assistant functions
not only as a code generator but also as a cognitive support tool
for organizing and structuring ideas during programming. This
perception is consistent with the open-ended responses, which
described the tool as a “reasoning assistant.”

All developers also expressed interest in continuing to use Copi-
lot, indicating a good level of acceptance of the tool despite the
technical limitations of the development environment (Eclipse).
However, only one out of the three respondents stated they would
be willing to pay for a monthly license, while the other two con-
ditioned its use on institutional availability. This suggests that,
although the tool is well received, cost may represent a barrier to
continued adoption in public or budget-constrained contexts.

From a technical standpoint, one participant reported difficul-
ties in installing and configuring the Copilot4Eclipse extension,
requiring environment updates and additional support. This initial
barrier highlights the importance of more integrated and accessible
solutions to foster the adoption of AI-based tools in traditional
development environments, especially on legacy platforms.

Regarding the open-ended responses, developers reported that
Copilot provided useful suggestions, particularly in bugfix tasks,
where standard structures and syntactic repetitions are common.
In contrast, for customization activities, the tool performed less
effectively, often offering less relevant suggestions and requiring
more manual effort to adapt to the system’s context.

In summary, the qualitative analysis reveals that while Copi-
lot does not replace the developer’s expertise, it is perceived as a
useful and complementary resource, with greater impact on pre-
dictable and lower-complexity tasks. Overall acceptance is positive
but conditioned by factors such as cost, ease of integration, and
technological context. These findings reinforce the idea that the
successful adoption of AI-assisted code generation tools depends
not only on their technical performance but also on users’ perceived
value and the compatibility with their working environment.

Answer to the Research Question

Based on the quantitative and qualitative evidence pre-
sented, it is possible to answer the central question of this
study: How does the use of GitHub Copilot impact the per-
formance and perception of professional developers in a real-
world software development environment? The data indicate
that the tool’s use is associated with an increase in the rate
of code changes in real tasks, especially among more ex-
perienced developers and in lower-complexity activities.
Moreover, participants’ perceptions reinforce that Copilot
served as a helpful aid in daily work, offering suggestions
that sped up coding and encouraged different solution ap-
proaches. These findings suggest that, although Copilot
does not replace prior knowledge or technical expertise,
it can act as a catalyst in the development process when
used in a contextualized and critical manner.

6 Lessons Learned
The practical experience of introducing GitHub Copilot into a pro-
fessional environment for maintaining legacy systems led to the
identification of several lessons that may guide similar initiatives
in other organizations. The main lessons learned were:

• Technical integration is a challenge: the adoption of AI-
based tools depends on compatible infrastructure. The need
to update the development environment (Eclipse) and con-
figure specific extensions posed a significant initial barrier.

• The learning curve is low, but technical judgment is
essential: although developers adapted quickly to using the
tool, its effective use required critical evaluation of sugges-
tions and prior system knowledge.

• Copilot serves as cognitive support: the tool was per-
ceived as useful for organizing ideas and initiating code
snippets, acting as a “reasoning assistant” at the start of
implementation.

• Tool acceptance was positive but depends on institu-
tional factors: all participants expressed interest in contin-
uing to use Copilot, although its ongoing use depends on
the financial and institutional feasibility of licensing.

• The tool’s impact varies by task type: the data indicated
greater effectiveness in repetitive or standardized tasks, such
as simple bug fixes, while its performance was more limited
in complex customizations.

• Case studies require methodological flexibility: con-
ducting research in a real-world environment required adap-
tations to the schedule, data collection, and analysis, empha-
sizing the importance of aligning with participants’ routines
and demands.

These lessons highlight the potential of GitHub Copilot as a
support tool for development, while also underscoring the need for
careful contextualization for its effective adoption.

7 Threats to Validity
The validity of this study may be affected by several factors that
should be considered when interpreting the results. The practical
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Table 6: Summary of developers’ responses to closed-ended questions

Question Yes No Other

Had you used Copilot before? 0 3 0
Did you experience technical difficulties during installation? 1 2 0
Did Copilot influence your way of thinking? 3 0 0
Would you like to continue using it? 3 0 0
Would you pay for a license? 1 2 0

challenges faced during the study are discussed here as they re-
late to the threats categorized as internal, external, construct, and
conclusion validity.

Internal Validity: Internal validity may have been compro-
mised by several uncontrolled variables. These include the devel-
opers’ autonomy in deciding when to use GitHub Copilot, indi-
vidual differences in motivation, and the varying complexity of
tasks assigned during the observation periods. Furthermore, initial
technical challenges with updating the development environment
(Eclipse) may have influenced the initial interactions with the tool.
Although all participants belonged to the same team, these factors
inherent to an observational study in a real-world setting may have
influenced the results.

External Validity: The generalization of the results should be
approached with caution. The study was conducted within a spe-
cific team at a single public institution, with its own unique culture,
processes, and legacy technologies. The choice of organization was
influenced by practical considerations, such as license availability
through academic programs. These specific contextual factors limit
the direct replicability of the findings in other organizational set-
tings, such as private companies, startups, or teams using different
development methodologies.

Construct Validity:The primary threat to construct validity lies
in themetrics used. Specifically, the primarymetric, code change rate
(LOC/h), serves as a proxy for development effort, not as a direct
measure of productivity or value delivered. This metric can be
influenced by factors such as automated code refactoring suggested
by Copilot, which may not be strictly necessary for task completion.
While our analysis assumes that the code changes are related to
the task (as they were validated and committed), this potential for
extraneous changes represents a limitation on the interpretation
of our quantitative results. Additionally, challenges in integrating
and verifying data from different sources (the task management
system and Git repositories) may have introduced inaccuracies in
the measurement of task execution time and code volume.

Conclusion Validity: The main threat to conclusion validity
is the small sample size. Statistical analysis was conducted with
only three developers, which affects the statistical power and the
robustness of inferences. Although measures of central tendency,
dispersion, and non-parametric tests appropriate for the data were
applied, the unequal distribution of tasks between the periods and
the limited number of participants mean the results should be in-
terpreted as exploratory evidence, highlighting a trend that merits
further investigation in larger, more diverse contexts.

8 Conclusion
This paper presented an experience report based on a case study
conducted with professional developers from the Superintendence
of Information Technology at UFPI, aimed at investigating the ef-
fects of using GitHub Copilot in a real-world software development
environment. Over a three-month observation period, both quanti-
tative and qualitative data were collected, allowing the tool to be
analyzed from multiple perspectives, including code change rate,
task type, and developers’ perceptions.

Quantitative results indicated an overall increase in the code
change rate for tasks performed with Copilot support. However,
this effect varied by task type. While a positive trend was observed
for bug-fixing tasks, the tool’s impact was more nuanced for cus-
tomization tasks, where the code change rate showed a decrease,
suggesting these tasks may require a deeper contextual understand-
ing that limits the benefits of automated suggestions.

From a qualitative standpoint, participants reported improve-
ments in agility and coding support, although they emphasized the
importance of critical judgment when interpreting and validating
the tool’s suggestions. The analysis of their responses reinforced
the notion that Copilot serves as an additional support, particularly
useful during the initial phases of coding, but does not replace
technical knowledge or familiarity with the application context.

Despite promising results, this study has limitations. The sample
was limited to only three developers, and the institutional context
carries specific characteristics that constrain the generalization of
findings. Furthermore, the study did not directly evaluate code qual-
ity metrics or collaborative aspects of development. Furthermore,
our qualitative analysis did not include specific questions targeting
developers’ perceptions of trust and accuracy in the tool’s sugges-
tions, which are important dimensions of AI-assisted development.

For future work, the following directions are suggested:

• Extend the study to teams with more diverse profiles and
across different organizations, to validate the findings in
broader contexts.

• Investigate Copilot’s impact on full development cycles, in-
cluding testing, code review, and continuous integration
phases.

• Analyze the tool’s influence on the quality of the produced
code, using automated metrics and peer reviews.

• Explore the role of the tool in collaborative tasks and in pair
programming scenarios.

• Explore in depth the developers’ perceptions of trust and
accuracy regarding AI-generated suggestions, investigating
how these factors evolve over time and influence tool adop-
tion.
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It is concluded that, although it does not represent a universal
solution, GitHub Copilot has shown potential to support developers
in executing specific tasks, contributing to a more fluid coding
process in professional settings.
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