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Abstract
Pair programming (PP) is a widely adopted Agile practice in which
two developers collaborate closely on the same task. Although PP
is often promoted for its potential to improve code quality, foster
shared understanding, and support learning, empirical evidence
suggests that its outcomes are highly context-dependent and that
the practice entails significant coordination effort. With the grow-
ing adoption of AI-powered coding assistants, it becomes essential
to examine how these tools reshape PP and other collaborative
programming practices traditionally grounded in human–human
interaction. This paper presents findings from a 40-week qualitative
study conducted in a software team adopting GitHub Copilot during
PP sessions, combining developer diaries, observations and notes
from agile meetings.Our analysis shows that Copilot substantially
influenced PP practices by mediating how developers coordinated,
reasoned about code, and negotiated design decisions. Participants
reported higher perceived productivity and code quality, as well as
longer, more cognitively demanding PP sessions due to frequent
discussions of AI-generated suggestions. Rather than reinforcing
fixed roles, these interactions led participants to reconceptualize
PP using an AI-assistant as a form of triadic collaboration, in which
coordination and responsibility are distributed across two human
developers and the assistant. Building on these findings, we artic-
ulate empirically grounded implications for practice highlighting
how AI code assistants reshape coordination and learning in PP.
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1 Introduction
The automation of code generation to support programmers has
long been a topic of research [37]. However, recent advances in large
language models (LLMs) and the emergence of AI-powered code
assistants – such as Tabnine, GitHub Copilot, and Cursor – have
made automatic code generation increasingly accessible. Rather
than a solo developer working on a single machine, this paradigm
involves a programmer and an LLM-based tool working on the same
task. This shift raises important questions regarding the impact
of using such tools on PP practices, collaborative dynamics, and
decision-making processes.

Initial empirical studies onAI assistants highlighted both positive
[11, 22, 37, 48] and negative aspects, regarding correctness [24, 45],
memorization [44], non-determinism [25], security [26], and bi-
ases [18, 36]. Until very recently, these studies rarely addressed
the everyday organizational contexts in which software engineers
use these tools, being mostly based on laboratory experiments and
surveys. Newer studies focused on real-world scenarios using qual-
itative methods [7, 22], quantitative [48] or quasi-experiments [11].

Meanwhile, Pair Programming (PP) has long been promoted
within agile methods as a cornerstone practice, based on its reported
potential to improve code quality, foster shared understanding, and
support learning within teams [28, 35, 38, 42, 43]. Although prior
research highlights these benefits, it also shows that the outcomes
of PP are highly context-dependent, varying across educational,
experimental, and industrial settings. Additionally, PP requires
substantial coordination effort, which may influence how it scales
and evolves in modern development environments [4, 42, 43].

With the advent of AI-based coding assistants, PP increasingly
involves triadic interactions in which two human developers col-
laborate in close coordination with an AI assistant. These interac-
tions emerge through ongoing negotiation and AI-mediated sense-
making, introducing new layers of complexity and calling for re-
examination of PP dynamics, benefits, and challenges. Understand-
ing these changes is essential for practitioners integrating AI tools
into development workflows and for researchers studying the recon-
figuration of agile practices in AI-assisted software development.

This paper investigates the impact of AI assistants in a real-world
PP setting with an empirical study conducted with professional and
intern software developers in a university department that adopted
GitHub Copilot during their PP sessions. Our results are based on
diaries written by pairs of interns over 40 weeks while they worked
on modernizing a legacy system using agile practices; these diaries
contained comprehensive records of the project’s daily activities
and reflections on the use of an AI assistant for code generation.
In addition, the first author documented information from team
retrospectives and other relevant meetings to complement the anal-
ysis. A qualitative analysis of the data was conducted based on
grounded theory techniques [32], including open and axial coding.
In this context, the present study focuses specifically on aspects of
PP involving human developers collaborating with GitHub Copi-
lot, aiming to investigate how the integration of this AI assistant
influenced the collaborative dynamics between team members.
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Our results indicate that the main benefits of using Copilot dur-
ing PP sessions include increased perceived productivity and code
quality. However, participants also reported negative aspects re-
lated to the increased coordination effort introduced by Copilot;
in particular, frequent joint discussions around AI-generated code
led to longer and more cognitively demanding PP sessions. While
these interactions were often perceived as valuable for learning and
reflection, they also resulted in fatigue and time overhead, some-
times increasing the risk of accumulating technical debt without
clear improvements in code quality. These discussions and work
influenced PP dynamics in such a way that a member of the team
aptly described the experience as a “pairing with three people.”

In addition to characterizing how AI code assistants are inte-
grated into PP, this study derives empirically grounded implications
for practice, research, and education, based on the strategies and
consequences observed in participants’ everyday work.

2 Background
Pair Programming (PP) is a collaborative software development
practice in which two developers work together on the same task,
typically sharing a workstation. Since its introduction within Ex-
treme Programming (XP), PP has been widely discussed in both
research and practice. However, empirical evidence accumulated
over the past two decades suggests a more nuanced and context-
dependent picture than early prescriptive accounts imply. For exam-
ple, Hannay et al. [15] reported mixed effects of PP on productivity
and code quality across controlled experiments, highlighting sub-
stantial variability across contexts and study designs. Focusing on
educational settings, Salleh et al. [30] identified consistent learning
benefits alongside methodological limitations and strong contex-
tual dependencies. Complementing these findings, Vanhanen and
Mäntylä [39] showed that evidence from industrial settings remains
comparatively scarce, fragmented, and often based on self-reported
perceptions rather than direct observation.

Early XP-oriented descriptions emphasized complementary ac-
tivities within the pair [3], but these accounts were primarily norma-
tive and pedagogical rather than empirical. Subsequent qualitative
and observational studies have challenged simplified role-based
interpretations of PP. Research by Bryant et al. [5, 6], Chong and
Hurlbutt [10], Plonka et al. [27], Salinger et al. [29], and Jones and
Fleming [17] consistently depicts PP as a socially rich and dynam-
ically negotiated practice, in which developers frequently switch
activities, overlap contributions, and jointly engage in problem
solving, design reasoning, and code evaluation.

The widespread “driver” and “navigator” terminology illustrates
the gap between pedagogical models and empirical observations.
While these labels were introduced as an instructional scaffold for
novices [41], empirical studies suggest that experienced developers
rarely conform to a strict division of labor in practice.

Empirical findings on PP outcomes must also be interpreted in
light of the study design. For instance, Begel and Nagappan [4]
reported perceived benefits such as improved knowledge sharing,
higher code quality, and increased developer satisfaction based on
a large-scale retrospective survey at Microsoft. Williams et al. [42],
based on controlled experiments with students, reported improve-
ments in code quality and defect reduction, albeit with increased

development time. Although valuable, such studies offer limited
insight into how PP unfolds in long-term industrial practice.

Taken together, prior research characterizes PP as a complex,
socially situated practice whose outcomes depend strongly on con-
text, experience, and task characteristics, and which resists rigid
role definitions and simplistic causal claims. This perspective is par-
ticularly relevant in AI-assisted software development: if traditional
PP already involves fluid roles and negotiated collaboration, the
introduction of an AI code assistant further mediates coordination,
responsibility, and sensemaking. Based on this understanding, our
study examines how human–human collaboration is reconfigured
when an AI assistant becomes an active participant in PP sessions.

3 Related Work
With the emergence of AI code assistants, new configurations of
pair programming have emerged in which human developers may
collaborate not only with each other but also with a virtual partner.
This extension of PP introduces additional complexity and potential
by mediating collaboration through AI systems. Recent research has
primarily examined dyadic human–AI collaborations in which one
developer “pair” with an AI code assistant. In a controlled experi-
ment, Imai [16] reported increased productivity when using GitHub
Copilot, as measured by lines of code added, alongside indications
of lower code quality reflected in subsequent code removal. In an in-
dustrial setting, Chen [9] observed that developers pairing with AI
assistants in joint coding sessions reported improved code quality,
reduced repetitive work, and increased satisfaction, particularly for
tasks such as code completion and refactoring. Additionally, Zhou
et al. [47] analyzed large-scale GitHub online discussions and Stack
Overflow related to human–AI pairing in programming. Their qual-
itative analysis identified recurring challenges, including context
misunderstandings, over-reliance on AI-generated suggestions, and
inconsistencies in generated code, as well as mitigation strategies
such as prompt refinement, contextualization, and selective accep-
tance of suggestions. Together, these studies highlight both the
benefits and the cognitive and coordination costs associated with
treating AI code assistants as programming “partners”.

Importantly, existing work focuses almost exclusively on dyadic
human–AI interactions. For example, Stray et al. [33] investigated
how generative AI tools influence solo and pair programming work-
flows, reporting productivity gains in solo settings but more nu-
anced and sometimes limited use in pair programming contexts.
While such configurations suggest gains in productivity and sat-
isfaction, they may also compromise critical evaluation [9, 47]
and collaborative reflection—central elements of traditional hu-
man–human PP. Building on this previous research, our study in-
vestigates a configuration in which two human developers pair
with an AI code assistant throughout long-term PP sessions.

4 Methodology
4.1 Study Definition and Research Questions
Our study aims to investigate the following research question: “How
does the use of AI code assistants impact pair programming dynam-
ics?”. To answer this question, we employed a qualitative approach,
broadly presented in Figure 1.
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Figure 1: Visual representation of our methodology.

We describe below the details of the site and the software devel-
opment project in which participants worked during the study, as
well as our data collection and analysis methods.

4.2 Context
The study was conducted in a university software development
department under the direction of the Dean of Undergraduate Stud-
ies. This department is responsible for developing and evolving
five different applications that are used by several thousand stu-
dents, faculty, and staff. This study focused on only one of these
projects; however, during the research period, participants were
simultaneously involved in tasks related to the other projects.

During the research period, the team consisted of sevenmembers:
two full-time public servants working 40 hours per week (including
the first author), and five interns, who were students from computer
science, information systems, or computer engineering programs,
working 20 hours per week. All team members were male. The
average age was over 30 years for the public servants and around
20 years for the interns. In terms of experience, the public servants
had been on the team for over five years, while all the interns had
been working in this department for at least one year.

The department has adopted agile methods in its workflow for
over five years, whichmeans that all interns in this study had at least
one year of experience in agile methods. The adopted agile practices
include stand-up meetings, code refactoring, team retrospectives,
pair programming, and automated testing. But PP stands out for
helping the team reduce the learning curve among team members,
enhancing interaction and knowledge sharing among them.

4.3 Participants
The entire team was invited and agreed to participate in the study.
Most interns had little or no experience with AI code assistants,
and some had prior industry experience through other internships.
The adoption of the AI code assistant was not introduced as part
of the research design. Instead, the development team indepen-
dently decided to incorporate the tool into their workflow, and the
researchers chose to study how its use unfolded in practice.

The five interns had spent between one and two and a half years
in the department, meaning they were already well-integrated into
the team’s agile and pair programming routines. Within this group,
background experience varied slightly: I1 and I2 each had two and
a half years of tenure and had held prior internships elsewhere. In
contrast, the other three participants (I3, I4, and I5), with tenures
ranging from one to one and a half years, were stepping into their
very first professional roles in software development.

Our study focused on a modernization project for an internal ap-
plication, the “internship center.” This project aimed to improve user
experience and code maintainability by migrating the application
from PHP to Python with the Django framework.

PP sessions were carried out exclusively by interns and consti-
tuted a regular part of the team’s development workflow. Interns
typically worked in pairs during implementation tasks related to
the modernization project, while pairing configurations varied over
time as teammembers rotated across tasks. PPwas not continuously
applied in all activities, but it was primarily used for core devel-
opment tasks. Professional developers did not participate directly
in PP coding sessions; instead, they contributed through require-
ments elicitation, testing, code reviews, and participation in daily
and retrospective meetings. Over the 40-week period, PP sessions
occurred regularly as part of ongoing development work, resulting
in repeated and sustained exposure of interns to PP practices.

4.4 Data Collection
We adopted a qualitative empirical research approach grounded in
participatory observation of the software development team, as the
first author is one of the public servants who is a member of the
team. Note that the first author did not participate in the study as a
developer and did not contribute to writing the PP session diaries.
As reported in 4.3, his involvement was limited to other project-
related activities, such as testing, code reviews, and participation
in daily and retrospective meetings.

Pairs of interns wrote diaries [7] for approximately 40 weeks.
These diaries specifically recorded information related to the use of
the AI assistant (in this case, GitHub Copilot) during PP sessions,
including experiences, perceptions, and examples of interactions
with the assistant. During this period, interns were instructed to
complete diaries at the end of eachwork shift, detailing the activities
performed and their experiences with Copilot. As shown in Table
1, a total of 86 journal entries were collected and recorded.

In addition to the 86 diary entries, we also collected observa-
tional data from agile meetings throughout the 40-week study pe-
riod. Specifically, the first author conducted participant observation
during 7 retrospective meetings and 167 daily meetings, produc-
ing informal field notes focused on discussions related to GitHub
Copilot use during PP sessions. These notes captured reflections
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raised during retrospectives, issues discussed in daily meetings, and
team-level perceptions regarding the integration of the AI assistant
into PP practices. The observational notes were not treated as a
primary data source nor analyzed independently. Instead, they were
used as complementary material to contextualize, triangulate, and
support the interpretation of diary data during the analysis process.
Information from team retrospectives and other relevant meetings
related to Copilot use was also included. Each record contained in-
formation like: Date; Author; Activity Description; Detailed Notes;
Input Prompt; AI Suggestion; Whether or not the Suggestion Was
Accepted; and Additional Notes. Figure 2 illustrates a diary entry
after a PP activity on the student profile login feature, with the
initial search prompts that did not return what was expected, so the
participant continued to refine the prompt to obtain better results.

Instead of analyzing entire diary entries, tasks, or isolated Copi-
lot interactions, we defined our unit of analysis as any coded excerpt
with a meaningful episode with GitHub Copilot during a session.
This means a single diary entry or set of meeting notes could yield
several coded excerpts, each capturing different behaviors or out-
comes—such as writing prompts together, accepting or rejecting AI
code, or reflecting on learning and fatigue. These distinct excerpts
served as the foundation for our coding and category development.

4.5 Data Analysis
As shown in Figure 1, the data analysis adopted grounded theory
(GT) [32] techniques, i.e., the goal of this study was not to develop
a theory, but to use GT procedures to organize, interpret, and cate-
gorize the collected data. The process began with open coding of
the diaries and meeting records. Specifically, the first author per-
formed a detailed inspection of the data to select entries related to
Copilot use during PP sessions. This was done through a manual
coding process, which resulted in an initial list of codes identifying
keywords or relevant aspects in the data.

In the second phase, based on this initial set of codes, all the
authors conducted repeated collaborative analyses to identify sim-
ilarities among codes. We collaboratively performed a thorough
review of the codes and made changes to their descriptions when
necessary, to ensure they more clearly represented the information
found in our data. Divergent interpretations were resolved through
an analytic collaborative and consensus-based process grounded in
the data, rather than through statistical agreement measures.

Then, we moved to axial coding [32] to create the following cate-
gories: central phenomena, causal conditions, context, intervening
conditions, strategies, and consequences. The Central Phenome-
non refers to your main focus — the core event, issue, or situation
being studied. Meanwhile, Causal conditions describe why the phe-
nomenon occurs — the underlying triggers or reasons behind it.
The Context outlines the specific environment or circumstances in
which the phenomenon takes place. Then, the Intervening conditions
encompass broader factors that shape or influence what happens,
such as personal background or available resources. After that, the
Strategies capture how individuals or groups respond to or manage
the situation. Finally, Consequences highlight the outcomes of those
actions — both the expected and the unforeseen results. In other
words, our final model contains this set of categories. In general,
Strauss and Corbin [32] call this set of categories the paradigm (pg.

128) and this is “nothing more than a perspective taken toward data,
another analytic stance that helps to systematically gather and order
data”. The objective of this analysis was to understand how the use
of GitHub Copilot is impacting the traditional dynamics of PP.

Figure 3 illustrates an example of our coding process for analyz-
ing qualitative data from both diaries and observations of meetings.
While privacy and confidentiality constraints prevent us from shar-
ing the complete raw dataset, we are fully committed to research
transparency.We have therefore provided a replication package (see
Section Artifact Availability) that carefully documents our coding
process.

5 Results
The main output of this research is the conceptual model shown
in Figure 4. Each of the following subsections describes a category
from the paradigm [32].

5.1 Context and Conditions
At the outset of the project, GitHub Copilot was adopted during PP
sessions as part of the team’s development environment, motivated
by an interest in understanding how AI-based coding assistants
integrate into existing collaborative practices. The tool was not
introduced as part of a controlled intervention, but rather to ob-
serve how PP practices evolve within their existing development
workflow. This section describes the context and overarching condi-
tions observed in the use of Copilot during PP sessions, which were
categorized in the following categories: Context, Causal Conditions,
and Intervening Conditions [32].

Our data showed the emergence of a triadic collaboration, which
existed within a specific organizational context. The department
already adopted agile practices in its workflow – including daily
meetings, refactoring, retrospectives, and automated testing – and
heavily relied on PP to promote knowledge sharing among team
members. The imbalance in numbers and expertise among team
members (see 4.3) created natural opportunities for mentorship and
knowledge transfer in PP sessions, as reported by I1: “The knowledge
exchange between pairs during the analysis, review, and adjustment
of Copilot-suggested code has helped reduce the learning curve among
team members working with the new programming language.”

During the modernization of the legacy PHP system to Python-
Django, the team began using Copilot during PP sessions to support
coding tasks. The combination of an established PP culture, the
uneven distribution of experience among team members, the mod-
ernization task, and the integration of Copilot — constituted the
context that shaped the phenomenon under analysis.

The causal conditions included (i) the team’s need to accelerate
modernization tasks without compromising code quality and (ii) the
limited team expertise in the new programming language, which
led participants to rely more heavily on Copilot for guidance (as
we discuss later in section 6.2). Meanwhile, we identified several
intervening conditions: limited prior experience with Copilot,
and limited knowledge of the new programming language: “Since
we are still learning the new programming language, our pairing
sessions took longer because we were trying to understand the logic
behind Copilot’s suggestions before accepting them.” (I2)
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Figure 2: Example of activity diary entry.

Figure 3: Coding process applied to the analysis of activity data.

Figure 4: Visual Representation of our results: perceived positive and negative aspects.
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5.2 PP Sessions using GitHub Copilot
Together, all the factors described in the previous section shaped
the emergence of the central phenomenon we studied: “PP ses-
sions using Copilot.” The studied team managed this phenomenon
by adopting a few Strategies, which include Collaboratively Writing
Prompts, Fully Accepting Copilot’s suggestions, Partially accepting
the suggestions, or Rejecting these suggestions (see Figure 4. Fol-
lowing Strauss’s and Corbin’s concept of paradigm [32], each one
of these Strategies or Actions has Consequences that are the out-
comes of those actions, which, for our participants, lead to positive
or negative results, suggesting an interesting trade-off.

5.3 Collaborative Prompt Writing
One of the clearest shifts in PP dynamics involved the emergence
of collaborative prompt writing, in which both participants
jointly crafted, refined, and evaluated prompts used to query the AI.
Rather than being driven by stable role assignments, this activity
unfolded through ongoing negotiation and shared sensemaking,
transforming the PP sessions into an exploratory process of prompt
engineering. This process extended beyond traditional practices
such as task decomposition, implementation planning, or consult-
ing official documentation and external tutorials. Interns reported
that engaging in this shared prompt construction fostered greater
reflection andmutual learning. For example, I1 mentioned: “First, we
write the input prompts and consult Copilot, then we discuss whether
the suggestions are suitable for the context, and if needed (which is
almost always the case...), we keep refining the solution.”

Participants described collaborative prompt writing as a practice
that supported reflection and a shared sense of learning. By work-
ing together, pairs reported developing a shared understanding of
the new programming language. As highlighted by I5:“Discussing
the prompts and the generated code helped me understand why cer-
tain approaches work better in Python. It felt like learning together
while solving the task.” Despite its benefits, this strategy also in-
troduced cognitive demands. The continuous joint evaluation of
Copilot-generated code prolonged sessions and led to reports of
fatigue: “It often felt like we were pairing with three people – way
more detailed and tiring” (I1).

It is important to remember that I1 had already been conduct-
ing PP sessions for more than two years. He and I2 (another very
experienced intern) often guided the process by proposing initial
prompts and reviewing suggestions collaboratively. While this lead-
ership facilitated learning among less experienced interns, it also
increased the cognitive effort required, leading to fatigue for the
more experienced members. This indicates that although prior ex-
perience enabled effective prompt construction, it came at a higher
mental cost for those guiding the sessions.

5.4 Fully Accepting the Suggestion
The strategy of fully accepting Copilot’s suggestions without
modifications occurred in two distinct situations. First, when sug-
gestions were deemed appropriate by the pairs, it led to positive
outcomes, serving as a useful starting point and increasing interns’
perceived productivity because they did not need to consult other
sources of information, as explained by I1: “The assistant has been
helping me, allowing me to be more productive. It’s good to have more

search options for day-to-day development problems.” And, second,
when the pairs were uncertain whether GitHub Copilot’s sugges-
tions were appropriate for the given context, and, despite that, they
chose to accept these suggestions fully. Although this approach
temporarily accelerated progress, it often resulted in technical
debt [12] and subsequent rework, which developers only recog-
nized later in the project (week 30 of 40). For example, participant I1,
again one of the more experienced interns, acknowledged the risks
involved: “We accepted some recommendations related to application
security, but we still have technical debt in that area.”

In PP sessions where Copilot’s suggestions were fully accepted,
less experienced interns, such as I3, often relied on Copilot’s outputs
as a starting point, perceiving it as a way to increase productivity
without the cognitive load of writing code from scratch. However,
more experienced interns occasionally also fully accepted sugges-
tions. These occurrences were particularly noticeable in the context
of tasks associated with application security, which they perceived
as requiring specialized knowledge beyond their own expertise.

In summary, although full acceptance of Copilot’s suggestions
could boost short-term productivity, the lack of knowledge about
the implemented solutions sometimes led to increased long-term
maintenance costs.

5.5 Partially Accepting the Suggestion
To partially accept and modify the suggestion represented the
most frequent strategy (see section 5.7). In most cases, the pair
initially integrated Copilot’s suggestion and then collaboratively
modified it to ensure alignment with project standards and other
project constraints. Typical examples can be seen in the reports
of participants I2 and I1, respectively: “After accepting it [Github
Copilot’s suggestion], we had to make some modifications so that
the final result would meet the established criteria.” ; “The assistant’s
suggestions were too robust for what we needed, so we took some time
to understand and adapt them to our context.”

Participants reported experiencing collective learning and
increased knowledge sharing when collaboratively modifying
Copilot’s suggestions, especially those less experienced with the
new programming language. As mentioned by P1: “Sharing ideas
while analyzing and improving Copilot’s code helped the developers
learn the new language faster.”

However, intense peer interactions to review code suggestions
generated by Copilot were cited as a factor contributing to in-
creased task length. As reported by I3: “We spent much longer
than usual finishing the task because every suggestion required check-
ing and rewriting before it actually worked.”

These longer discussions, compared to the ones without Copilot,
and the rework cycles also contributed to fatigue, especially during
consecutive days of intensive pairing, as participant I4 explained:
“By the end of the week, we were exhausted. Reviewing Copilot’s sug-
gestions took more energy than writing code from scratch.”

Partially accepting and modifying Copilot’s suggestions was a
strategy observed among all participants. However, it was more
predominant among the more experienced interns: I1 and I2. They
frequently adjusted Copilot’s suggestions to ensure compliance
with project standards, improve readability, and maintain overall
code quality. Less experienced interns also employed this strategy,



When the Pair Becomes Three SBES 2026, September 8–11, 2026, São Paulo, SP, Brazil

but less consistently, often relying on guidance from their more
experienced peers to determine how to modify the suggestions.

While this approach allowed greater control over code quality
and facilitated learning for less experienced interns, it also increased
task duration and cognitive load. Several participants, especiallhy
those with more experienced, reported fatigue as a consequence of
the additional effort required to carefully review and adapt Copilot’s
output. These findings indicate that partial acceptance balances the
benefits of quality and learning with increased effort, and that prior
experience influences how this strategy is applied within the team.

5.6 Rejecting the Suggestion
Finally, a last strategy we observed was that sometimes pairs re-
jected the suggestion. These rejections were particularly com-
mon in front-end development or environment configuration tasks,
where Copilot’s suggestions were perceived as irrelevant or overly
generic, as participant I2 explained: “The assistant’s suggestion for
working with the API just confused us.”

Front-end developers highlighted their preference to adhere to
the organization’s established style guides, while also expressing
a strong desire to preserve autonomy over the development
process, as I2 explained: “We’re sticking more to our pre-established
style guide than to Copilot’s suggestions for design-related activities.”

All participants occasionally rejected Copilot’s code suggestions
when they conflicted with their personal understanding or coding
preferences. Among them, intern I2 stood out as the most experi-
enced in front-end tasks and he frequently preferred to maintain
greater control over the development process. On several occasions,
he rejected Copilot’s suggestions not because they were incorrect,
but to ensure that the code adhered to established standards and
his own implementation approach.

Less experienced interns also rejected suggestions, primarily
when they were uncertain about the appropriateness of the AI’s
suggestions or when guided by their partners. This pattern high-
lights that prior experience not only shapes the decision to accept or
reject AI-generated code but also influences the level of autonomy
interns seek during PP sessions.

5.7 Overall Results
As mentioned before, the team wrote 86 journal entries, or sim-
ply reports, which were organized into twelve main dimensions
grouped under two categories: Strategies and Consequences (see
section 4.5). Specifically, the collaborative prompt writing strategy
(29 reports) was associated with the consequences of learning (26)
and fatigue (3). Fully accepting the suggestion strategy (26), led
to consequences such as productivity (11), starting point (3), and
technical debt (12). The partial acceptance and modification of the
suggestion strategy (16) was related to learning (4), increased task
length (11), and fatigue (1). Finally, the reject the suggestion strategy
was exclusively associated with autonomy over the development
process (15). These relationships are illustrated in Table 1.

6 Discussion
The research question explored in this study is: “How does the use of
AI code assistants impact pair programming dynamics?” It can be an-
swered through the results presented in Figure 4: first, we identified

Table 1: Summary of strategies, associated consequences, and
number of quotes.

Strategy Consequences (quotes)

Collaborative prompt
writing (29)

Learning (26); Fatigue (3)

Fully accept sugges-
tion (26)

Productivity (11); Starting
point (3); Technical debt (12)

Partial acceptance (16) Learning (4); Increased task
length (11); Fatigue (1)

Reject suggestion (15) Autonomy over development
process (15)

the overarching scenario - including the context, the causal, and in-
tervening conditions [32] - that influence how the PP sessions using
Copilot take place (see section 5.1). This scenario directly influences
our central phenomenon: the usage of Copilot in PP sessions. Then,
we highlighted how the studied development team adopted four
different Strategies while dealing with this phenomenon: (i) they
collaboratively wrote prompts; (ii) they fully accepted Copilot sug-
gestions when they found these suggestions appropriate or when
they did not have enough experience in a particular domain (e.g.,
in security) to assess them; (iii) they accepted the suggestions, but
changed them because these code suggestions were good starting
points, but required adaptation; or (iv) they rejected the suggestions,
especially if these suggestions were about front-end aspects. These
strategies are not isolated or mutually exclusive; participants used
many of them during the same PP section.

Another point to consider is the timeline of the technology itself.
While this study captures GitHub Copilot at a specific moment in
time, AI assistants have moved forward rapidly since our data was
collected—especially in their context awareness and conversational
features. Even so, the core value of this research lies not in the soft-
ware’s exact version, but in the social and collaborative dynamics
that happen when an AI tool enters a pair programming setup.

To be clear, we are not suggesting that outcomes like learning,
productivity, fatigue, or development challenges are exclusive to
AI-assisted setups—traditional pair programming literature has ex-
plored these themes for decades. Our focus is instead on how these
familiar phenomena are fundamentally reconfigured when an AI
assistant enters the loop. Specifically, we highlight how the collab-
oration becomes triadic through shared practices like collaborative
prompting, collective evaluation of AI outputs, and the constant
negotiation over whether to trust, tweak, or reject AI code.

The collaborative prompt writing Strategy illustrates that
PP interactions were not organized around fixed role assignments.
Rather, both participants actively engaged in the joint construc-
tion, refinement, and evaluation of prompts, reflecting a shared
and negotiated approach to coordinate interaction with the AI as-
sistant. In general, existing studies emphasize the importance of
prompt writing, but they either describe individual scenarios or
implicitly assume that this is carried out individually [23, 46]. Our
observations, however, are in line with recent studies that suggest
that writing prompts is a collaborative task [14]. In fact, we present
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evidence that experienced agile teams, such as the one we stud-
ied, share experiences and prompts while working together. These
observations also suggest that, as AI code assistants evolve, new
responsibilities might be added to PP roles to support this new
step in PP sessions, with a potential shift of “responsibilities” to
the AI code assistants — for instance, the assistant may take over
the task of initiating code solutions, while the human pair focuses
on interacting with the AI code assistant to refine this process.
An interesting research aspect might be to observe these changes
as they evolve with technology use, i.e., how the reported “pairs
of three” may change the logic of pair programming. This also
means that current and new software development tools (e.g., [34]),
should be augmented to support this collaboration and minimize
tool switching for a single task.

As for the other three Strategies regarding the acceptance or re-
jection of Copilot suggestions, each one of them has either positive
or negative Consequences, i.e., the use of an AI code assistant during
PP sessions can have positive or negative impacts. In the following
sections, we discuss aspects that participants themselves described
as beneficial or challenging when using GitHub Copilot during pair
programming. These ‘positive’ and ‘negative’ aspects reflect par-
ticipants’ perceptions as reported in diaries and meetings, and are
interpreted by the authors through qualitative analysis. Building on
this discussion, we subsequently articulate empirically grounded
implications for practice, research, and education in Section 5.4.

6.1 Aspects Perceived as Beneficial
Before diving into the benefits and challenges, we need to clarify
the distinction between the practices we observed and the conse-
quences perceived by the participants. On one hand, actions like
collaborative prompt writing or the choice to accept, modify, and
reject AI suggestions emerged directly from our qualitative analysis
of diaries and notes. On the other hand, outcomes such as fatigue,
learning opportunities, perceived productivity, or worries about
technical debt are drawn from the participants’ own subjective
accounts of their experience.

Regarding aspects perceived as positive by the interns, partici-
pants frequently described Copilot suggestions as useful starting
points [2, 22, 37] for certain development tasks whenever they
decided to partially accept the code suggestions. There was also evi-
dence that the use of the AI code assistant improved the perceived
productivity of the pair, which also supports previous studies [11].
We extend prior results by describing how PP with Copilot was
associated with participants’ perceptions of increased interaction
between pair members. According to the interns, AI-generated
suggestions often triggered joint reflection, questioning, and dis-
cussion, which required pairs to collectively interpret and evaluate
the assistant’s output. Such increased interaction contributed to en-
hanced team learning outcomes and increased knowledge sharing.
The reason for increased interaction, compared to traditional PP
sessions, is that pairs now have an AI code assistant easily offering
code suggestions for them, and they have to analyze this code and
decide whether they should use it or not.

As we discussed in section 2, increased team interaction has been
reported in the literature [28, 35, 38] as a benefit of PP. However,
our results are different: the entire development team already had

at least one year of experience with PP, and, despite that, they
reported greater interaction among them during the PP sessions
using Copilot. In summary, our results suggest that PP using an AI
assistant leads to even more interaction than pairing without one.

Our results are based on participants’ experiences during a mod-
ernization project using GitHub Copilot; therefore, we do not have
prior data for a direct comparison with “traditional” PP sessions.
However, the participants themselves reported differences. In par-
ticular, we observed that pairs relied on Copilot to learn the new
programming language adopted, in a behavior analogous to the typ-
ical use of Stack Overflow [8]. It is important to highlight that we
did not ask participants to focus on specific aspects, such as types
of discussions or information-seeking patterns; instead, we asked
them to record general aspects of their interaction with Copilot. As
a result, information-seeking behavior practices were organically
discussed by participants and strongly present in the data. Still,
when comparing PP sessions with and without Copilot based on
participants’ reports, we identified notable differences in the na-
ture of discussions and sources of information used. In traditional
PP, conversations usually focused on task decomposition, imple-
mentation strategies, and consultation of official documentation or
external tutorials. With Copilot, however, the focus of discussions
shifted to the analysis, adaptation, or rejection of the assistant’s
suggestions. This shift intensified the interaction within pairs, who
began to collaborate not only in code review but also in writing
prompts and critically evaluating AI responses.

6.2 Aspects Perceived as Challenging
There are also negative aspects associated with the adoption of
an AI code assistant in PP sessions. Several participants described
longer and more detailed sessions as challenging or tiring, which
they perceived as a negative aspect of using Copilot during a PP
session. Importantly, aspects such as longer and more detailed ses-
sions were not labeled as negative solely by the researchers; rather,
participants themselves repeatedly described these experiences as
tiring and cognitively demanding in their diary entries. In general,
increased development time and effort for task completion have
been reported in previous PP literature [4, 42, 43]. As mentioned in
section 2, to the best of our knowledge, there are no other studies
specifically examining PP in a triadic setting, that is, sessions in
which two human developers collaborate simultaneously with an
AI code assistant. The most closely related studies include Imai [16],
Chen [9], and Zhou et al. [47]. Imai reported that having a copilot
and a human as pair members resulted in slower task completion
compared to two human programmers without an AI code assistant.
Similarly, Chen found that while AI pair programmers improved
developer satisfaction and reduced repetitive work, they also intro-
duced challenges related to overreliance on AI-generated sugges-
tions and decreased critical evaluation of generated code. Likewise,
Zhou et al. identified coordination difficulties and inconsistencies
produced by AI code assistants, and cognitive overload when de-
velopers interacted with them during collaborative programming
tasks. It is important to mention that these studies were conducted
under controlled or limited-scope conditions, whereas our study
took place in a real-world setting with interns developing a full soft-
ware application over 40 weeks. While Imai conducted a controlled
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experiment, Chen examined the adoption of AI pair programmers
in an industrial environment, and Zhou et al. analyzed large-scale
developer discussions from GitHub and Stack Overflow. Despite the
contextual differences, all three studies converge in showing that
coordination with AI code assistants can slow down development
due to increased cognitive effort and discussion overhead.

Another interesting result of our study is the problematic over-
reliance on an AI code assistant, which in this case is instantiated
by blindly accepting code suggestions because the pair lacked suf-
ficient knowledge about the problem. While team members did
recognize this situation as problematic because it could potentially
lead to the emergence of technical debt [12], they only recognized
it very late in the project (week 30 of 40). Therefore, only after that,
they actively sought strategies to mitigate this problem. Although
LLMs can introduce technical debt when used indiscriminately,
they may also be part of the solution. For instance, Sheikhaei et
al. [31] reported inspiring results on automatic identification and
classification of existing technical debt found in code comments,
and AlOmar et al. [1] discuss refactoring legacy of low-quality code
into cleaner and more modern versions using ChatGPT.

It is important to mention that this over-reliance happened in
a very specific context: the team was learning a new programming
language, and the task was one about security aspects, a topic
in which most software developers had limited knowledge [40].
Despite this specificity, other teams adopting AI assistants might
need to be careful about this over-reliance and be prepared to adopt
work practices to avoid it from the very beginning of the project.

6.3 Comparison with a Human+AI Pair
Previous studies [16], examined scenarios in which a single pro-
grammer works together with Copilot, thus forming a pair com-
posed of a human and an AI. They suggest that AI code assistants
can enhance developer productivity and satisfaction, although the
effects on code quality remain mixed — with some studies reporting
improvements in readability or maintainability ([37], [9], [2], [11]),
while others [47] highlight coordination challenges, the absence
of systematic peer review, and the risk of unnoticed errors. More
recent studies [9, 19] reported similar trade-offs: although devel-
opers often experienced faster task completion, they also noted
challenges related to excessive reliance on the AI code assistant,
reduced critical thinking, and potential risks to code quality.

In contrast, in our study, GitHub Copilot did not replace a human
partner but was embedded in traditional PP sessions, creating a
dynamic of “three participants.” This difference is relevant: while
in the human+AI pair, there is a higher risk of uncritically accept-
ing suggestions, in the human+human+AI trio, we observed more
frequent review and discussion of the AI code assistant sugges-
tions. This promoted learning and knowledge sharing but also led
to longer sessions, increased fatigue, and more complex interac-
tions. In other words, the human+AI pair tends to privilege speed,
whereas the human+human+AI trio privileges reflection, debate,
and potentially deeper learning—though at the cost of higher effort.

6.4 Implications for Practice
Our observations suggest that AI-assisted PP is neither a simple
productivity boost nor a neutral extension of traditional PP. It

reshapes coordination among the pair, redistributes cognitive effort,
and introduces new risks alongside new opportunities. Based on our
longitudinal observations, we highlight five practical implications.

Treat PromptWriting as a First-Class Activity: Prompt writ-
ing is not a peripheral interaction with a tool; it is a collaborative
design practice. Teams should explicitly recognize prompting as
part of their development workflow. This means prompts should be
treated as lightweight development artifacts, i.e., making prompt-
ing explicit helps transform it from ad hoc experimentation into
deliberate “collaboration” between the pairs and the AI assistant.
Agile teams should also reflect on prompt formulation during ret-
rospective meetings to share the lessons learned among the team.

Explicitly Discuss Decisions: Rejecting or accepting AI-gene-
rated code – whether fully or partially – should not be implicit. Our
results show that unexamined full acceptance can introduce subtle
technical debt. Thus, pairs should always discuss and articulate the
reasons when making a decision about a prompt (accept, modify or
reject). Our study suggests that discussing decisions reduces hidden
complexity and helps prevent long-term maintainability issues.

AnticipateCognitive Load:While AI assistance often increases
perceived productivity, it also shifts effort toward evaluation and
validation, i.e., our results indicate that continuous assessment of
generated code can be cognitively demanding. In summary, pro-
ductivity gains should not come at the expense of sustained mental
overload. To handle this, it is important to schedule short breaks
during long AI-assisted sessions; alternate who leads evaluation
discussions; and be mindful of decision fatigue.

Develop Shared Norms Around Trust: Trust in AI-generated
suggestions should not be treated as a fixed property of the tool,
but as something that evolves through use. Our observations show
that, over time, pairs do not simply become more or less trusting of
the assistant; instead, they developed shared and situational norms
about when its suggestions could be relied upon and when they
required careful scrutiny. In practice, this means that trust becomes
calibrated based on factors such as task complexity, familiarity with
the codebase, and perceived risk. For example, pairs tended to rely
more on the assistant for simple or repetitive tasks, while treating
its suggestions as provisional in more critical parts of the system. In
design and UX-related tasks, developers often chose to disregard the
assistant altogether due to its limited usefulness in these contexts.

These norms are not established individually, but ongoingly ne-
gotiated between the pair. Discussions around accepting, adapting,
or rejecting suggestions play a central role in shaping a shared
understanding of the assistant’s strengths and limitations, echoing
prior findings on how developers actively interpret and ground
AI-generated code in practice [2]. As a result, trust becomes a col-
lective and continuously evolving aspect of collaboration, rather
than an implicit or static assumption, reinforcing broader observa-
tions that effective use of generative AI in software development
requires continuous human evaluation and critical judgment [13].
This means agile teams should explicitly discuss when AI should
be used more and when human reasoning should prevail; revisit
trust assumptions periodically; and encourage healthy skepticism
without dismissing AI contributions outright.
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7 Limitations
One of the authors is a member of the studied team. While this
enabled close access to everyday practices and facilitated trust and
openness among participants, it may also have introduced biases.
The researcher’s presence may have influenced which interactions
with Copilot were considered noteworthy and thus documented
in the diaries, potentially emphasizing reflective, problematic, or
unusual episodes over routine or unremarkable uses. Although
the study spanned approximately 40 weeks—allowing practices to
stabilize over time—this influence cannot be fully ruled out.

Also, the study’s primary data source consists of participants’
self-reported diary entries, which do not represent exhaustive logs
of all interactions with GitHub Copilot. Instead, each diary entry
typically reflects participants’ retrospective and selective accounts
of interactions they considered salient during a PP session. Such ses-
sions often lasted several hours and could involve multiple Copilot
suggestions; consequently, a single diary entry may summarize or
amalgamate several interactions rather than documenting them in-
dividually. As a result, the 86 diary entries should not be interpreted
as capturing the full frequency or distribution of Copilot usage, but
rather as highlighting interactions that participants themselves
deemed meaningful, challenging, or worth reflecting upon.

Additionally, diary entries were typically written collaboratively
by the pairs, resulting in negotiated accounts rather than indepen-
dent individual perspectives. While this collaborative reporting
aligns with the PP setting and foregrounds shared interpretations,
it may also mask individual differences in perception, disagreement
between pair members, or asymmetric experiences with Copilot.
Individual diary entries could provide more fine-grained views of
how different participants experienced the same interaction, but
such data were not systematically collected in this study.

In addition, our study was conducted with a team composed
mostly of interns with at least one year of experience at the organi-
zation. These interns can be regarded as junior professionals. Also,
all team members were male, which might affect how the LLM an-
swered queries [21]. We also did not control for race, which might
have implications during the PP interactions [20]. Future studies
could diversify the studied population to better explore diversity
aspets like gender and race, and AI proficiency.

Another limitation concerns the composition of the studied team.
Pair programming sessions were conducted exclusively by junior
developers (interns), while senior professionals contributed through
mentoring, requirements elicitation, testing, code reviews, and Ag-
ile meetings rather than participating directly in coding sessions.
Therefore, our findings reflect AI-assisted pair programming among
junior developers and may differ in settings where senior develop-
ers actively participate in pair programming activities.

Finally, the findings presented in this paper are grounded in
participants’ perceived experiences and in the researchers’ inter-
pretive analysis of self-reported data, rather than in independently
measured performance metrics or controlled comparisons with pair
programming sessions conducted without GitHub Copilot. As such,
claims regarding learning, collaboration, or task characteristics
should be understood as reflecting how participants made sense of
their experiences within a specific organizational context, rather
than as objective or universally applicable effects. Consequently,

the results of this study are not intended to support statistical gen-
eralization. Instead, they contribute analytically and conceptually,
offering insights that may support theoretical generalization to
similar contexts where PP and AI-based code assistants are adopted.

8 Conclusions and Future Work
This paper described an empirical study about the actual use of AI
code assistants in pair programming (PP) sessions during a 40-week
long modernization task. Data collected from diaries and observa-
tion of meetings allowed us to identify the context and conditions
that affect this usage, as well as the strategies developers use to deal
with this situation and their associated positive and negative conse-
quences. The positive consequences, or benefits, included learning,
increased perceived productivity, among other aspects. Meanwhile,
negative aspects included more time-consuming and tiring work,
and even increased technical debt. This is a trade-off that requires
additional exploration in future studies. Based on these findings,
we articulated empirically grounded implications for practice high-
lighting how AI-assisted pair programming reshapes coordination,
learning, and workload in collaborative software development.

Furthermore, while previous studies emphasized the importance
of prompt writing by either describing individual scenarios or im-
plicitly assuming the software development task was carried out
by a unique developer, we present evidence that prompt writing
also occurs collaboratively, i.e., experienced agile teams share expe-
riences about prompt writing and the prompts themselves when
working together. This suggests interesting venues for future re-
search including tool support for prompt writing.

As future work, several variations of our study context can be
explored. For instance, interviews with a more diverse group of
developers could help assess how the coordination demands, learn-
ing dynamics, and workload implications observed in this study
manifest in other real-world settings. In addition, conducting large-
scale surveys with a broader spectrum of professionals may help
examine the extent to which the perceived benefits, challenges, and
trade-offs identified here hold across different levels of experience
and organizational contexts.

Future research could also compare PP practices across different
AI code assistants beyond GitHub Copilot, in order to better un-
derstand how specific tool features shape collaborative dynamics.
In particular, recently introduced agentic software development
tools, such as Claude Code, OpenAI Codex, and similar systems,
warrant investigation, as their increased autonomy may further
amplify or transform the coordination, responsibility, and cognitive
load implications discussed in this paper.
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