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Abstract
Generative Artificial Intelligence (GenAI) is fundamentally transforming software
engineering. While the potential efficiency gains of these tools are widely recognized,
their impact on roles and organizations in real-world contexts is only beginning to
emerge. This case study investigates the integration and consequences of GenAI at
a large Swedish manufacturing company through 25 interviews with participants
from multiple software engineering domains. Specifically, the research examines
current usage patterns, concrete use cases, and practices for human-AI collabora-
tion. The results indicate that GenAI integration profoundly redefines developers’
identities, shifting their primary roles from traditional “coders” to “code reviewers”
and “software architects”. Developers are moving upstream in the development
cycle, assuming responsibilities traditionally held by product owners and project
managers. Core competencies are shifting as the need for syntax memorization is
replaced by systems thinking and communication skills. While the vast majority of
participants reported individual time savings, this efficiency is largely reinvested into
raising quality baselines rather than directly increasing output volume. Furthermore,
developers across all domains remain reluctant to trust autonomous AI without strict
human oversight. The study also reveals significant disparities in GenAI adoption,
with embedded systems developers demonstrating slower adoption rates. At the
organizational level, GenAI presents new opportunities, such as cognitive offloading
and enhanced cross-functional communication. However, it also introduces new
challenges and bottlenecks. The primary development bottleneck has shifted from
how to build a solution to what to build, accompanied by a shift toward requirements
engineering and an emerging “deskilling” threat that could result in a future shortage
of developers with deep domain expertise. To realize the true potential of GenAI,
organizations must take proactive responsibility for upskilling, unifying AI strategies,
and protecting the junior developer role.

Keywords: software engineering, generative AI, human-AI collaboration, developer
role, deskilling
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1
Introduction

Since the early 2020s, the software development field has undergone a transformative
shift. The ability of generative artificial intelligence (GenAI) to “understand” and
write computer code from natural language prompts has gained worldwide attention
and established the technology as a cornerstone of the development process in many
organizations [1]. While the potential efficiency gains are evident, a picture of
how developers interact with these models and the wider implications for software
developer roles and organizations is only starting to emerge.

Today, GenAI is widely used by software developers. According to the 2025 Developer
Survey by Stack Overflow, 84% of respondents are using or planning to use GenAI
tools [2]. As this technology is relatively new and quickly evolving, empirical research
regarding human-AI collaboration in software development is of significant interest.
Case studies are especially valuable in this area, as they provide insights into how
these tools are used and the effect they have in real-world environments. These
insights are in demand by the industry as they are transferable to similar contexts and
organizations [3]. This case study investigates human-AI collaboration in software
development at a large Swedish manufacturing company.

1.1 Problem Description
The usage of GenAI has quickly become a regular occurrence in software development.
The ongoing transformation changes workflows, skill requirements and forms of
collaboration. Developers’ work is changing as GenAI is implemented in more stages
of the development process.

The accelerating adoption of GenAI has been driven by the promise of efficiency, but
recent empirical evidence indicates that it can correlate with a decrease in stability
and throughput [4]. Even if the cognitive load of programming is reduced using
GenAI, the generated code comes with increased responsibilities in other areas, such
as verification and integration. Without an understanding of how GenAI shapes
workflow dynamics and productivity, bottlenecks may emerge in other parts of the
organization and risk degrading software delivery performance, despite the significant
investment in GenAI tools. This reveals a larger gap in our understanding of human-
AI collaboration, demonstrating a productivity paradox between individual developer
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1. Introduction

productivity and the performance of the organization. Many large organizations lack
a framework to manage this shift, and GenAI may act as an amplifier of existing
organizational friction.

Contrary to the pervasive industry narrative framing GenAI primarily as an au-
tomation tool, not all developers utilize it for code generation. Instead, many
leverage these models for knowledge acquisition, error interpretation and cognitive
support [5]. This discrepancy suggests that existing organizational strategies and
process assumptions may be inconsistent with actual usage patterns.

This makes new empirical studies in real organizations central to understanding
how GenAI affects work in practice, how different developer roles are adjusting, and
what skill requirements are emerging in this new environment. There is currently
a lack of case studies in real industrial environments that examine how GenAI
reshapes everyday development practices, especially across a full software cycle or
workflow. Existing research predominantly relies on data from student populations;
consequently, there remains limited empirical evidence regarding how professional
developers integrate GenAI tools into their daily workflows. Research has also yet to
determine the broader consequences of GenAI on communication, task ownership,
decision-making and collaboration within software development teams.

Moreover, the existing research offers no consensus on measuring changes in pro-
ductivity and quality when work is mediated by GenAI. Prior studies often focus
on adoption rates and microtasks, rather than the broader software development
lifecycle (SDLC). Additionally, the connection between individual developer behavior
and organizational-level processes remains unclear, since little is known about the
cognitive behaviors developers adopt when interacting with GenAI. The lack of
methodological robustness also limits the ability to evaluate the transformative
potential of GenAI. Given these gaps, this study aims to investigate how GenAI is
changing the software development field.

1.2 Purpose of the Study
The purpose of this study is to investigate and analyze human-AI collaboration
for software development at a Swedish manufacturing company with over 10,000
employees. Specifically, the study aims to:

• Explore how GenAI is reshaping developers’ workflows, identity, responsibilities
and required competencies.

• Understand how developers interact with GenAI.

• Investigate implications for managers and organizations.

Software development is context-dependent. It is not just about the individual
programmers, but also about technology, tools, scale, end users, organizational
culture, team size, and communication. To understand how software development
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1. Introduction

works in real environments, studies that maximize context realism are needed [3].

Following the ABC framework for software engineering research by Klaas-Jan Stol
and Brian Fitzgerald [3], this study prioritizes the dimension of context (C) over
the precision of measurement (B) or generalizability over actors (A). As noted in
the paper, “the proper place to study elephants is the jungle, not the zoo” [3].
To understand the natural behavior of developers collaborating with GenAI, it is
reasonable to observe them in their “natural habitat”. This study will therefore be
a case study, as it allows for understanding software development in concrete and
realistic settings.

While the outcomes of this study are based on a specific company, this research
pays special attention to the transferability of insights to similar contexts within
other development settings and large organizations. By revealing the real-world
complexities and potential hidden costs of GenAI adoption, this study exposes
factors that are often invisible in large-sample studies or laboratory experiments that
prioritize generalizability or precision over realism [3]. Furthermore, this research
contributes to the wider body of empirical software engineering knowledge regarding
human-AI collaboration.

1.3 Significance of the Study
The primary theoretical contribution of this study is the prioritization of contextual
realism in an industrial environment. Much of the existing empirical research
regarding human collaboration with GenAI relies on data from students or isolated
tasks in experiments. This research contributes to the broader body of work regarding
empirical case studies exploring human-AI collaboration. It also addresses the gap
regarding the productivity paradox by investigating why increased individual speed
in coding may not translate to organizational productivity.

For practitioners in similar contexts, particularly software developers and software
engineering managers in large organizations, this study offers transferable insights
into potential hidden costs and other important aspects of GenAI integration. Conse-
quently, the results can help organizations see beyond the prevailing simple narrative
that GenAI will only bring productivity gains and understand the potential risks
and how to mitigate them.

1.4 Research Questions
To address the objective of this study, it is necessary to investigate the impact of
GenAI beyond simple productivity metrics. Therefore, this study aims to further
empirically explore the effects of its adoption. Based on the identified research gap
(see Chapter 3), the following research questions (RQ1, RQ2 and RQ3) are designed
to explore the transformation of software development:
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1. Introduction

• RQ1: How does the integration of GenAI reshape developers’ roles, workflows,
responsibilities, and skill requirements?

• RQ2: How do software developers collaborate with GenAI during different
stages of the software development process?

• RQ3: What organizational and managerial challenges and opportunities arise
when GenAI is introduced into existing development workflows?

The research questions are designed to be interconnected and provide a multilevel
analysis of the effects of GenAI adoption through a bottom-up approach. RQ1
sets the baseline for developers’ roles and capabilities (micro level). RQ2 explores
how these evolving roles connect to practical workflows within the SDLC (meso
level). RQ3 further connects this insight to explore broader systemic consequences
(macro level). This structure also aligns with the recommendations of Klein and
Kozlowski [6], who argue that multilevel analysis in organizations should be done at
the individual, team, and organizational levels.
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2
Background

This chapter establishes the contextual foundation necessary for understanding the
intersection of GenAI and software engineering.

2.1 GenAI

GenAI is a form of artificial intelligence (AI) that generates data [7]. The GenAI
models currently used for generating computer code, like OpenAI GPT-5.2 [8] and
similar models, are almost exclusively large language models (LLMs) utilizing the
Transformer architecture.

The Transformer architecture was introduced in the paper Attention Is All You
Need [9] from 2017 and relies on attention mechanisms, which allow models to
efficiently capture global dependencies in data. This enables models to compute the
relevance of each word in a long sequence to every other word. An example provided in
the paper is the sentence “It is in this spirit that a majority of American governments
have passed new laws since 2009, making the registration or voting process more
difficult”. The verb “making” and the adjective phrase “more difficult” have a
strong dependency between them, but they are separated by the interrupting phrase
“the registration or voting process”. Previous architectures, like recurrent neural
networks and convolutional neural networks, would struggle to efficiently capture
this dependency, but a Transformer uses attention to create a direct connection [9].

In 2018, OpenAI introduced its first Generative Pre-trained Transformer (GPT) model
in the paper Improving Language Understanding by Generative Pre-Training [10].
GPTs are built on the idea of unsupervised pre-training on a massive corpus of
unlabeled text, followed by supervised fine-tuning using labeled data. This allowed
the model to leverage vast amounts of linguistic information from raw text, thereby
overcoming the problem of the scarcity of labeled data for specific tasks. This
strategy immediately delivered significant performance gains across a variety of
natural language understanding tasks and became the standard for modern LLMs.
The first GPTs focused on human language, but later models expanded these
capabilities to include code in their training data, and some models were created
specifically for “understanding” and generating code.
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2. Background

2.1.1 GenAI for Software Development
The adoption of GenAI in software development began in 2021 with the technical
preview release of GitHub Copilot [11], powered by OpenAI Codex, a version of
GPT-3 fine-tuned on 159 GB of public code from GitHub1 [12]. Unlike previous
tools, Copilot was able to write entire functions from a single comment.

The release of ChatGPT in November 2022 introduced conversational program-
ming [13]. Developers could now have a back-and-forth conversation with a model
to generate, debug, or explain code, and even receive advice on architectural design.
If the model made a mistake, the user could point it out and allow the model to
correct itself.

Cursor, an AI-assisted IDE, was released in early 2023 [14]. While GenAI tools
already existed in editors, Cursor differed by being an AI-first IDE, designed with
GenAI as the primary interaction method. Through a chat window adjacent to the
code, the user provides instructions via prompts and GenAI generates the code;
after the code is generated, the user can review and modify it in the editor. The
model has access to the entire codebase by default, enabling it to “understand” the
whole system rather than just a single file. This context awareness makes GenAI
significantly more effective, especially in complex architectures.

Currently, there is a growing focus on GenAI agents [15]. While previous tools
acted like advisors, agents act more like autonomous employees. They are given a
high-level goal and autonomously determine the necessary steps, information and
tools to execute the work before finally implementing a solution.

2.2 Human-AI Collaboration
The concept of humans and computers working together can be traced back to
1960, when J.C.R. Licklider envisioned a future where human brains and computing
machines would collaborate in a form of symbiosis [16]. In such a relationship,
humans would “set the goals, formulate the hypotheses, determine the criteria, and
perform the evaluations” while computers would handle the “routinizable work that
must be done to prepare the way for insights and decisions” [16]. This contrasts with
a vision of complete automation, where the computer replaces the human entirely.

This relationship has evolved from traditional human-computer interaction, where
users issue explicit commands to passive tools, toward human-AI collaboration.
Unlike other software, AI exhibits probabilistic behavior and a form of agency, often
suggesting solutions that the user did not explicitly request. This shift requires
a mixed-initiative approach, where intelligent systems do not act as passive tools
or fully automate tasks, but instead take turns with the human in contributing to
the work [17]. In software engineering, this can be observed when a GenAI model

1GitHub is a cloud-based platform where developers store code using the version control system
Git.
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2. Background

suggests a code completion (computer initiative) or when a developer prompts the
model for an explanation (human initiative).

As GenAI models are probabilistic, they are prone to errors. To manage this,
researchers propose guidelines for human-AI interaction that emphasize the need for
“efficient dismissal” and “correction” of GenAI output [18]. Since GenAI models can
“hallucinate”2 and generate incorrect code, the interface must allow developers to
easily verify, accept, or reject suggestions without breaking their workflow. Effective
collaboration therefore relies not just on the model’s capability, but also on the
interface’s ability to support the human in managing the uncertainty in GenAI [18].

2.2.1 Prompt Engineering
To effectively facilitate collaboration between humans and GenAI, prompt engineering
has emerged as an important skill. Prompts are the instructions given to the GenAI
model to enforce rules and ensure specific qualities of the generated output. White
et al. [19] argue that prompts are essentially a form of programming for interaction
with the model. Rather than simple queries, effective prompt engineering often relies
on prompt patterns. These are reusable solutions to common problems and serve as
a method for knowledge transfer between developers, similar to traditional software
design patterns. By using these structured patterns, developers can constrain the
model’s probabilistic behavior and guide it toward high-quality results. Consequently,
the developer’s skill set must expand to include this form of natural language
programming to bridge the gap between human intent and computer execution [19].

Collaborating with GenAI also shifts cognitive effort from execution to metacognition,
the ability to monitor and control one’s own thought processes [20]. The interaction
a user has with an AI tool can be compared to a manager delegating tasks to an
employee or team, as the user must explicitly define goals and verbalize implicit
knowledge. Consequently, prompting encompasses not only problem formulation,
but also self-awareness, detailed task delegation and decomposition, clarifying goals,
and making one’s implicit requirements explicit [20].

2.2.2 Vibe Coding
As GenAI becomes more popular and effective in software development, the concept
of vibe coding has emerged. The term describes a phenomenon where developers rely
almost entirely on GenAI to write the code while focusing primarily on the “vibe”
(visual aesthetics, user experience and behavior) of the final product. In some cases,
individuals with no prior programming experience have started to build applications,
and platforms like Lovable3 specialize in enabling users to do so via vibe coding.
Vibe coding has garnered criticism, especially regarding security vulnerabilities, as
GenAI can make mistakes not immediately visible in the final product. The research

2In the context of GenAI, hallucinate means confidently suggesting incorrect information or
data.

3Lovable is an AI-powered platform that turns text prompts into functional web applications.

7



2. Background

team at Escape investigated more than 5,600 applications developed with vibe coding
platforms, like Lovable, and found more than 2,000 vulnerabilities [21].
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3
Related Work

The software developer role is currently undergoing a significant shift. As GenAI
automates routine code generation, the developer’s focus is moving from manual
implementation towards tasks centered more around architectural oversight and
high-level decision support [22]. GenAI acts as a catalyst for this change by lowering
the barriers to producing software. The transformation will likely evolve human-
AI collaboration as the mechanical aspects of programming become increasingly
automated [23].

3.1 Usage Patterns of GenAI in Software Devel-
opment

A 2023 grounded theory study of Copilot-assisted programming by GitHub and
Microsoft determined that there are two main modes to the usage of GenAI assistants
in software development [24]. The first is acceleration mode, where the developer
already knows what they want to do and the assistant helps with writing solutions
more quickly. The second is exploration mode, where the developer is unsure how to
proceed and uses the assistant to brainstorm solutions.

An observational study of ChatGPT practices in software development conducted in
2024 shows that the dominant use case is consultation (62.2%), where the profes-
sional developers studied asked primarily for guidance and explanations. Artifact
manipulation in generating or fixing code accounts for 31.7% of the interactions [5].
Some users also reported that conversing with GenAI helps maintain focus and
increases cognitive engagement for problem-solving, compared to searching the web.

While current literature categorizes and acknowledges these types of usage modes,
there is still limited empirical evidence of how they integrate into the complex
workflows of large organizations. Consequently, this thesis aims to investigate these
practices not in isolation, but as part of a broader human-AI collaboration system.

9



3. Related Work

3.2 New and Evolved Skills to Handle the Change
As the reliance on GenAI tools grows, developers need to evolve their competencies.
Technical proficiency should include “AI literacy”, the ability to understand, use, and
critically evaluate AI [25]. Readability, the ability to quickly parse and comprehend
code, becomes more important than the speed of writing. Developers are increasingly
required to identify subtle errors in syntactically correct code generated by GenAI [26].
Studies have shown that skills that make developers great today are critical thinking,
creativity and problem-solving [27]. The use of GenAI can reshape the relative
importance of these traits as workflow transformations influence them both directly
and indirectly.

The 2025 DORA report highlights the clear skepticism toward code generated by
GenAI, where 76% of developers in the survey expressed no to somewhat trust in
the quality of AI-generated output [4]. Furthermore, GenAI tools have a tendency
to hallucinate since they generate answers based on probabilistic patterns rather
than factual understanding [28]. Incorrect answers may also be due to several other
reasons. One is the inability of GenAI to understand the underlying context of
the question asked. Developers have admitted to feeling misled by GenAI, as its
ability to write syntactically correct code with polished explanations creates the
impression that solutions are implemented correctly with functional logic, even when
they are not [28]. Developers therefore need to be more vigilant in detecting those
hallucinations.

Beyond the shift in technical skills, there is also a concern regarding the long-term
impact on career progression for junior developers [29]. A competence gap emerges
when junior developers struggle to acquire basic expertise, as the entry-level tasks are
automated by GenAI. Organizations cannot rely solely on individuals’ own learning,
but must establish a framework for mentoring and strategic GenAI use to avoid this
workforce polarization [29].

Some developers have also expressed concern that their role might be replaced, or
that by using these tools and encouraging their organization to use them efficiently,
they are actively contributing to their own obsolescence [30, 31].

The necessity of evolving technical skills is established, but it remains unclear how
this shift will impact the developer’s professional identity and self-perception of
value. This study addresses this gap by analyzing the transition of the individual
developer’s changing skill set and responsibilities.

3.3 The Emerging Bottlenecks
Trust and verification appear as new potential bottlenecks. Interactions with GenAI
introduce a new dynamic where developers must assess and validate the generated
suggestions. This verification may be insufficient, and its implications for quality,
productivity and team workflow are unclear [5]. As stated in the Theory of Con-
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straints, every system has at least one constraint that will limit its total output [32].
Improvements made elsewhere are illusory and will not cause increased organizational
performance. Generating code faster will hence not automatically improve delivery
speed.

Rigorously double-checking suggestions through manual review takes time and effort,
raising concerns about the overall cost of this verification. The productivity gained
from the generated code may be partially offset by the time required to verify its
output. An experimental study by Vaithilingam et al. [26] suggests that developers
struggle to debug AI-generated code because they did not write it themselves and
therefore lack the intuition about where potential bugs may be located. This resulted
in the participants deleting the entire generated code almost half of the time, rather
than attempting to fix it, as it was deemed easier than debugging. Developers
also needed to constantly switch contexts between writing and reading code, which
increased their mental load.

Code churn refers to the amount of code that has been written and then reverted or
substantially changed within two weeks. Current trends show that the amount of
code that has been “churned” has approximately doubled between 2021 and 2024 [33].
This contradicts established software engineering best practices. For example, instead
of using abstraction to utilize already created code, GenAI is likely to generate the
same logic in multiple places, increasing duplication and technical debt, which makes
the system more difficult to maintain in the long run.

According to DORA’s 2025 report, many of the downstream bottlenecks appear due
to the large batch size of code that developers are able to generate using GenAI [4].
This implies that GenAI does not accelerate existing agile workflows but rather
changes them to accommodate the increased output of GenAI in later phases of the
development process.

Upstream bottlenecks have also been discovered in requirements engineering, as the
quality of the GenAI output is dependent on the quality of the input prompt [34].
The challenge shifts from how a solution should be coded to defining exactly what
to build. AI tools require unambiguous and detailed instructions to deliver correct
results, which takes a significant amount of time to formulate what is actually to be
accomplished.

Current studies have identified several bottlenecks but offer limited insights into
the managerial strategies required to mitigate them. They also often examine these
issues in isolation rather than within a complex ecosystem of large organizations.
Therefore, this study will view these constraints through an organizational lens,
exploring challenges and opportunities for existing workflows that likely must be
adapted to leverage GenAI.
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3.4 The Productivity Paradox

The gap between perceived and actual productivity represents another paradox,
where individual gains do not automatically translate to team-level improvements.
There is a perception-reality gap, demonstrated in some studies where users felt more
productive using GenAI tools, despite the lack of a statistically significant reduction
in task completion time [26, 35]. This implies that the productivity paradox is
connected to job satisfaction, as the feeling of satisfaction from achievement could
still increase even though efficiency and output remain the same. This further
complicates how organizations measure results, Return On Investment (ROI) and
Key Performance Indicators (KPIs).

However, this discrepancy can be linked to the reduction in cognitive load as the
mental effort to perform tasks is decreased, making developers feel another type of
benefit from using GenAI tools. According to Forsgren et al. [36], the Developer
Experience (DX) is highly related to developer productivity. Their framework, called
SPACE, accounts for different types of metrics such as employee satisfaction and
performance evaluated as outcome instead of output. Activity, communication,
and efficiency are the other main categories for included specified metrics that
will, in combination with the previous, form a holistic understanding of developers’
productivity. Individual speed gain can lead to degradation in overall stability later
on [4]. This may change management strategies from local optimization (coder) to
prioritize global optimization (the pipeline). While individual metrics may show
improvements, it is important to see the overall picture and measure the entire value
stream.

When individual coding tasks are accelerated, the increased development speed also
creates tension with organizational risk management, simultaneously slowing down
expected productivity gains by forcing organizations to introduce more extensive
review processes. Managers have recently raised concerns regarding security, data
privacy, and IP rights surrounding the generated artifacts and usage of the GenAI
tools [37]. They are also worried about the long-term maintainability of the code, as
well as its trustworthiness. They acknowledge that the generated code still requires
significant human verification, increasing the expectations on employees’ skills, as
they must also be able to verify and take responsibility for the generated code. These
additional layers are further affected by active investments in human capital, as the
productivity gains are also likely to be lost due to employees’ lack of experience with
new tools. Therefore, there exists an increased need to allocate time and resources
for learning, e.g., through workshops or other continuous learning initiatives [37].

This study is designed with this paradox in mind by addressing the tension between
local optimization and global efficiency. The research questions are selected to navi-
gate beyond simple metrics to capture a holistic understanding of the problem, and
aim to uncover how organizations can bridge the gap between perceived productivity
gains and actual system-level impact.
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3.5 Other Case Studies
A pilot case study conducted in late 2023 examined the integration of GenAI in a
large software company [38]. Participants with no prior regular use of GenAI in
their work were given licenses for several tools. The participants started to use the
tools to acquire new knowledge and optimize workflows by resolving technical issues,
generating simple code, assisting in brainstorming, and aiding in formal writing of
different documents and reports. The study found that the tools had an overall
positive impact due to saving time on tasks and making knowledge acquisition easier
by providing quick access to information. There were, however, challenges regarding
the accuracy of responses, the need for some manual adjustments, and sensitive
project data sometimes preventing the use of the tools for security reasons.

A case study at a large Brazilian company conducted in 2024 surveyed and observed
developers to understand how GenAI tools impact professional software development
beyond the initial hype [31]. The study found that GenAI was widely adopted for
technical tasks, especially those that are code-intensive, and the overall impact was
positive. There was an increase in productivity, as Jira1 task data showed a 23%
reduction in the average development cycle. The developers’ experience with GenAI
was positive as enjoyment of coding was increased, mental effort in repetitive tasks
was reduced, and the tools were perceived as helpful for learning purposes. However,
the feedback regarding the quality and reliability of GenAI suggestions was more
varied, and its use in non-coding tasks, such as architecture, design and requirements,
was limited. There were also concerns regarding overreliance and negative long-term
effects on problem-solving skills.

A case study conducted in 2025 examined the adoption of Google Gemini at a large
international IT company [39]. It found that GenAI became an integrated part
of the developers’ workflow and proved useful for offloading certain high-volume
repetitive tasks, like test cases, code templates, scripts and bulk search-and-replace.
Participants also described it as a replacement for Stack Overflow2, as in-context
prompts are preferable to searching through forums. As in the previous study, the
developers reported an increase in productivity.

1Jira is a project management and issue-tracking tool developed by Atlassian used by software
development teams to plan, track and release products.

2Stack Overflow is a question-and-answer website where programmers share knowledge and solve
coding problems.
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4
Methodology

This chapter details the methodology employed to investigate the research questions.
It begins by outlining the research strategy, which utilizes a single-case study design
with embedded units of analysis to capture diverse technical workflows within the
organization. Following this, the data collection process is described, detailing the use
of purposive sampling and semi-structured interviews to gather insights. The chapter
then explains the inductive thematic data analysis applied to evaluate and code the
interview transcripts. Finally, it establishes the delimitations of the study, clarifying
its focus on human-AI collaboration within a complex organizational context rather
than specific tool benchmarking or governance frameworks.

4.1 Research Strategy
To capture the diversity of software development within the organization, this study
adopted a single-case study design with embedded units of analysis. In embedded
case studies, there is a distinction between the case itself and the embedded units
of analysis, which are the entities within the case that are analyzed to answer the
research questions [40].

In this instance, the case was the company, and the units of analysis were the
technical domains along with the managers. This allowed for a detailed examination
of how GenAI integration might differ across technical contexts. The case was divided
into the following units:

• Unit A (Full-stack): Developers working across the entire stack, including
frontend and mobile developers.

• Unit B (Backend): Developers primarily focused on backend infrastructure.

• Unit C (Embedded): Developers working with embedded systems.

• Unit D (QA/Testers): Quality assurance engineers and testers.

• Unit E (Managers): Managers and team leaders.

These units were defined using a purposive sampling strategy to achieve maximum

15



4. Methodology

variation, covering diverse workflows and technical environments. For instance,
Unit C (Embedded) operated under safety-critical and hardware constraints, where
systems could be jeopardized by GenAI hallucinations, whereas Unit A (Full-stack)
focused on user-facing rapid iteration. While some of these units may constitute a
larger proportion of the company’s workforce, this purposive sampling was done to
support analytical rather than statistical generalization [41].

Each participant was selected with the requirement that they belonged to a main
unit based on their primary tasks. However, because responsibilities within these
units may overlap (e.g., some developers in Unit A (Full-stack) may also perform
backend and testing tasks), some participants were also assigned secondary units
if deemed necessary. These units also influenced which questions were asked, as
detailed in Section 4.2.1.

4.2 Data Collection
To ensure validity through data source triangulation, insights within each unit were
collected from multiple perspectives, including junior and senior developers from
different teams and locations. This ensured that the data captured a broad range of
viewpoints and mitigated the risk of bias toward a single group [40]. To facilitate
this, individual participants were selected using a purposive sampling approach [41].
Participants were recruited through nomination by a contact within the organization,
rather than volunteering, to ensure they matched the desired profiles.

The data were collected through 25 digital interviews; Table 4.1 shows the number
and percentage of participants in each unit.

Unit Number %
A: Full-stack 9 36%
B: Backend 4 16%
C: Embedded 5 20%
D: QA/Testers 3 12%
E: Managers 4 16%
Total 25 100%

Table 4.1: Units of the participants.

The number of participants is not equal across the units. The primary reason for
this is that the number of employees in each unit varies within the organization,
which naturally means the number of participants also varies. Another reason is that
participants in some units, especially Unit A (Full-stack), gave more diverse answers,
which prompted additional interviews to gain more unique insights. To mitigate any
bias based on units, the results will be presented from each unit separately where
large differences in how different developers answered were observed.

The questions were tailored to specific roles (e.g., managers received questions
regarding GenAI’s impact on management). The specific interview questions were
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established at the start of the project, and inspiration was drawn from the SPACE
framework [36]. The interviews were semi-structured with both open and closed
questions. The session structure followed the funnel model, starting with broad,
open-ended questions and narrowing in scope as the interview progressed [40].

Sessions were recorded and subsequently transcribed using AI tools. Relying on
automated transcription rather than manual note-taking allowed for a natural
conversation and a focus on relevant follow-up questions. All transcripts were
manually reviewed for accuracy, and all subjects explicitly provided informed consent.
Confidentiality was maintained for all participants, and they remained anonymous
in all reporting.

4.2.1 Interview Questions

The interview questions were designed through an iterative process in which the
research questions were broken down and operationalized into discussion points.
As mentioned in Section 1.4, RQ1 explores developers’ roles and workflows, RQ2
investigates their collaboration with GenAI, and RQ3 addresses organizational
and managerial challenges and opportunities. The purpose of breaking down and
operationalizing the research questions was to ensure that each one was covered by
one or more interview questions while leaving space for new insights.

A systematic mapping of the interview questions (see Figure 4.1) was performed to
ensure that no relevant topics were omitted and to facilitate sorting the results and
supporting later discussions. Each of the three research questions was broken down
into its core components. Specifically, RQ1 was divided into role, workflow (WF),
responsibilities (Resp.), and skills; RQ2 into collaboration (Collab.) and phase; and
RQ3 into organization (Org.) and management (Mgmt.). The interview questions
were linked to the research questions they were intended to address, marked as
“X” when primarily addressing a research question and “(x)” when addressing the
research question secondarily. The questions drew inspiration from the dimensions
of the SPACE framework, ensuring aspects such as satisfaction and the outcomes of
performance and efficiency were covered [36].

The interview guide was structured to start with broader, contextual questions about
the participant’s role and general usage of GenAI, for example, “What do you think
about the use of AI in software development?”. After this, the interview started
addressing more complex and specific topics through questions such as, “Have you
developed any specific strategies for how you write your prompts?”. The middle of the
interview (inserted after question 7) consisted of a modular section with one or two
domain-specific questions suited for the specific units (including secondary units) to
which the participant was assigned (see Section 4.1). For example, embedded systems
developers were asked the question “Do you feel that the AI models understand the
context of your target hardware?”. The complete interview consisted of 13 open
questions and one to two domain-specific questions. All interview questions can be
found in Appendix A.
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Figure 4.1: Mapping of Research Questions and Interview Questions

The interviews were conducted using a semi-structured approach, meaning the
interview guide served as a framework rather than a fixed script. The order of
questions was adjusted dynamically depending on how the conversation developed.
If a respondent spontaneously touched on a topic intended for later in the session,
this was discussed immediately to maintain the flow. To ensure the relevance and
appropriate depth of the responses, follow-up questions were used in cases where
the initial response was too general or did not address the research questions. For
example, the question “How much trust do you generally feel regarding the code
the AI produces?” had the follow-up question “How much of your time goes into
verifying AI code/output compared to code you wrote yourself?”. Space was also
given to explore interesting side topics, provided that they contributed to the overall
purpose of the study.

4.3 Data Analysis

To analyze the qualitative data from the interview transcripts, a systematic, bottom-
up approach was employed to derive conclusions while maintaining a clear chain of
evidence. The transcripts were coded following an editing approach (also known as
inductive thematic analysis), in which codes were defined based on findings during
the analysis [40]. The procedure consisted of the following steps:
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1. The transcripts were analyzed line-by-line to extract codes representing answers
and specific concepts, behaviors, and sentiments related to GenAI usage.

2. The codes were discussed and filtered. The conversational back-and-forth
format of the interview made the transcripts easy to interpret when reading
them, leading to few coding disagreements.

3. The codes were categorized by the interview questions. Because of the semi-
structured and conversational format, participants sometimes mentioned some-
thing in one interview question that was relevant to another question. Con-
sequently, codes from one question sometimes were grouped with another
question.

4. The code categories were integrated into themes and sentiments that directly
addressed the research questions. This process was facilitated by the codes
now being grouped by interview questions, which in turn were already mapped
to research questions.

5. After broader themes and sentiments were established, the analysis moved
toward hypothesis generation to explain the observations and answer the
research questions.

At the start of the process, the answers were grouped by the main unit of the
participant; however, when the results for a question were very similar across several
units, or based on the specific intent of the question, the results were combined.
While the interviews focused on qualitative data, the results for some questions could
be summarized as binary (yes/no) responses or on a scale of 1 to 3.

4.4 Delimitations

The study was delimited to investigating the usage of GenAI in the context of
large organizations, where software development is often characterized by complex
dependencies, extensive legacy code, technical debt and established procedural
bottlenecks. Human-AI collaboration can take different forms depending on the size
of the organization, department, or team. The study aimed to take this complexity
aspect into account rather than focusing solely on coding in isolation. This meant
that the study prioritized empirical breadth over in-depth technical details within
individual development elements.

No comparative analysis or benchmarking was conducted between different GenAI
tools. The justification for this decision was that the integration and use of specific
tools were highly dependent on organizational conditions. Furthermore, the rapid
pace of technological advancement led the study to focus instead on identified
collaboration patterns and developers’ professional identity in relation to GenAI.
These aspects are often considered more stable than any tool’s specific performance,
an evaluation of which would require different research questions.
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Ethical and legal aspects, such as security policies, intellectual property rights and
data protection, were excluded from the core analysis. Although developers worked
within these regulatory frameworks, an in-depth evaluation of GenAI governance fell
outside the objective of this study. Legal dimensions were important but would have
overextended the scope of the thesis, which focused on developer workflows.
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Results

This chapter presents the results collected in the study. The results are based on
data collected from 25 interviews conducted from February to March 2026 with
different types of developers and managers to provide a broad and nuanced view of
the organization. The chapter is structured around the study’s research questions,
which follow a progression from the individual (micro), to the team (meso), and
finally to the organizational (macro) levels. First, the chapter focuses on presenting
the individual developers’ daily usage of GenAI, workflows, professional roles, and
skill requirements. Then, the perspective is broadened to highlight how GenAI affects
collaboration. Finally, the chapter shows how GenAI affects the overall organization,
with emerging bottlenecks, threats and opportunities.

5.1 The Integration of GenAI in the Developer
Role (RQ1)

This section shows the results of the study’s first research question: “How does the
integration of GenAI reshape developers’ roles, workflows, responsibilities, and skill
requirements?”

The section starts by describing how the professional role and tasks are changing,
including the individual experience of GenAI adoption and the accompanying pressure.
It then presents the impact on perceived productivity, with a focus on frequency
of use and which tasks developers save time on. It also presents how developers
perceive the reliability of GenAI. Finally, it maps out how these factors together are
driving the shift in skill requirements for the developer role in the future.

5.1.1 The Evolution of the Developer Role
With the rise of GenAI, developers have started to view themselves more as “code
reviewers” or “software architects” rather than just “coders”, as seen in Figure 5.1.
These terms represent a step away from primarily writing code manually and toward
overseeing, reviewing, planning, and orchestrating the work of GenAI models. One
participant in Unit A (Full-stack) even reported not having written a single line of
code manually in months. Others have started to view GenAI as another higher-level
abstraction in software engineering, similar to how high-level languages serve as
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an abstraction for low-level languages. There is, however, a noticeable difference
between units; the majority of those who still see themselves as coders are developers
from Unit C (Embedded). The theme of Unit C (Embedded) lagging behind in the
adoption of GenAI is repeated several times throughout the results.

Coder
38,9%

Unsure
11,1%

Reviewer/Architect
50,0%

Figure 5.1: The percentage of developers primarily viewing themselves as coders or
code reviewers and software architects. Unit D (QA/Testers) is excluded since they
already mostly focus on review, and Unit E (Managers) is excluded because they do
not work directly with code.

Because GenAI can automate much of the coding, developers are enabled to shift
their focus further “upstream” in the SDLC process. This shift includes taking
over tasks from product owners (POs) and project managers (PMs), and allows
developers to spend more time on requirements gathering and engineering. Most
participants, including managers, believe these roles will merge in the future. They
anticipate a greater focus on determining what to build, as the implementation of
the features or products will become less time-consuming and, consequently, not be a
bottleneck in the process. GenAI also lowers the barrier to performing tasks outside
of one’s primary technical domain. Several participants observed that, rather than
specializing in siloed roles, they are becoming generalists with responsibilities across
multiple areas. One participant expressed that they are starting to view themselves
“as all roles at once”.

There is no clear consensus that GenAI will help lower the cognitive load of developers;
the responses are mixed, with several even leaning toward the negative. Some
participants believe the technology could help by eliminating the need to retain vast
amounts of information simultaneously or constantly shift between tasks. Conversely,
others note that stress might actually increase due to this shift and express a
preference for focusing on a single task at a time.

When asked if they feel pressure to deliver more now that GenAI is available, almost
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all participants responded “no”. So far, there is no clear increase in expectations from
management, though some believe this will change in the future. Some participants
already feel external pressure to keep pace with rapid developments across the
broader industry. Additionally, roughly half of the participants in Unit A (Full-stack)
expressed anxiety regarding the future, fearing that GenAI might threaten software
developer roles. Junior developer positions appear to carry the highest perceived
risk of disappearing.

Participants agree GenAI will not completely replace humans in software engineering.
Human involvement will remain necessary because the end products are ultimately
made for other humans. Current trends point toward smaller teams where the
remaining developers assume a significantly broader scope of responsibility as GenAI
automates much of the manual coding. However, embedded systems development
currently lags behind in this evolution.

Summary of The Evolution of the Developer Role

Manual coding is decreasing, the roles of developers are shifting from coders
towards code reviewers and software architects. There is a growing focus on
orchestrating and supervising GenAI models that write the actual code.
Embedded systems developers lag behind in this transformation.
Developers are taking over tasks from POs and PMs.
There is no clear consensus that GenAI currently helps lower the cognitive load
of developers.
Developers do not feel internal pressure to deliver more or faster from within the
organization, but external pressure exists.
While the role of software developer does not seem to disappear entirely, current
trends point towards smaller teams where the developers assume a broader scope
of responsibility.

5.1.2 Impact on Workflow and Productivity

The integration and frequency of GenAI usage vary among the different units, but
there are no participants who abstain from using GenAI entirely. The differences
observed relate strictly to the frequency of usage as seen in Figure 5.2 (and potentially
specific use cases), rather than absolute adoption. To categorize the usage frequency,
the study uses the following defined scale:

• Rarely: Around three requests per day or less.

• Often: More than three requests per day, but for less than the majority of the
day. This level of usage is often characterized by some continuous discussions
with the GenAI during the day.
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• Continuously: GenAI is used all the time or for the majority of the day. This
level involves near-constant, continuous discussions with the GenAI.

0%

25%

50%

75%

100%

A:         
Fullstack

B:      
Backend

C:     
Embedded

D: 
QA/Testers

E:     
Managers

Total

Rarely Often Continuously

Figure 5.2: Self-reported GenAI usage frequency across units (normalized)

Overall responses across all units are relatively evenly distributed among all frequency
categories. Units A (Full-stack) and B (Backend) show similar patterns, utilizing
GenAI with comparably high frequency. Developers from Unit C (Embedded) report
the lowest usage overall, with all participants in this unit categorizing their frequency
as “Rarely”. Unit D (QA/Testers) utilizes GenAI more frequently than Unit C
(Embedded), but less extensively than Units A and B. Unit E (Managers) shows a
mixed distribution of usage frequencies.

Time Saving A B C D E Total %
Yes 7 4 5 2 2 20 80%
Unsure 2 - - 1 1 4 16%
No - - - - 1 1 4%

Table 5.1: Perceived time saving per unit.

There is a strong consensus among developers regarding their perceived increase in
productivity and time savings. As seen in Table 5.1, 80% believe that they have
become more productive with the help of GenAI tools. The remaining responses
show uncertainty and only one manager explicitly believes that GenAI does not
save time. Managers are generally more skeptical than the developers and refrain
from confirming increased productivity on the grounds that it is still too early to
determine due to the lack of concrete evidence.

When asked about which types of tasks GenAI helps developers save time on, the
responses have been categorized into three main areas:
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1. Automation of Repetitive Work: The primary efficiency gains reported
from all units come from automating repetitive work. This is, for example,
done by generating boilerplate code, handling syntax and writing unit tests.
Developers from Units B (Backend) and C (Embedded) describe how tools
such as autocomplete significantly reduce the need to manually copy and paste
syntax. This creates a smoother and more pleasant coding experience for them.

2. Cognitive Offloading and Context Switching: Developers describe GenAI
as an important search engine for information retrieval and for problem-solving.
They are also faster at overcoming blockers and explain that by asking GenAI
instead of a colleague, they progress more quickly in the code implementation.
Unit B (Backend) reports that this also saves time for senior developers since
they are being relieved of answering simpler questions and therefore avoid
unnecessary interruptions. In addition, GenAI helps with context switching
among the developers. For Units A (Full-stack) and B (Backend), this consists
of switching between tasks and being able to understand other people’s code
faster. Unit C (Embedded) describes it as being able to switch faster between
different syntax and programming languages.

3. Front-loading of Productivity: Another interesting highlight is that time
savings can occur early in the SDLC, rather than just in the implementation and
testing phases. Units A (Full-stack), B (Backend), and D (QA/Testers) report
time gains in ideation, design and planning. Unit A (Full-stack) describes using
the tools to decide on architectural trade-offs and create prototypes, while
Unit B (Backend) mostly uses the tools for evaluating alternative solutions
and sorting ideas earlier.

Participants were later asked about what happens with the time that they reported
having saved. Their responses show an interesting insight: efficiency does not lead
to decreased workload as time is immediately reinvested in the development process.
Unit A (Full-stack) describes that their time and focus shift towards understanding
domain knowledge and the requirements. Managers also note that this means that
the bar for what constitutes acceptable quality and a minimum viable product (MVP)
has been raised. One participant relates this dynamic to the Jevons paradox: when
a resource becomes more efficient to use, its consumption increases. The time saved
from code generation is therefore used to achieve a higher quality result in the same
allocated time. This marks a shift from just referring to productivity and time
savings, towards a focus on more complex dimensions in maximized value creation.
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Summary of Impact on Workflow and Productivity

The frequency of using GenAI is dependent on the unit, with developers in
embedded systems using it the least often.
80% of participants report saving time because of GenAI; others refer to a lack of
evidence of increased productivity.
Developers save time on:

1. Automation of repetitive work
2. Cognitive offloading and context switching
3. Front-loading of productivity

The time saved is generally reinvested in the development process to increase
quality.

5.1.3 Trust in Output of GenAI
This section examines the level of trust developers have in the output generated by
GenAI. Their perceptions are categorized into three tiers based on the perceived
reliability:

• High reliability (output requires minimal modification): The output
is consistently accurate and contextually relevant. Only minor tweaks or
formatting adjustments are required.

• Moderate reliability (output requires significant modification): The
output provides a functional foundation but requires manual editing or logic
corrections to be usable.

• Low reliability (output requires reconstruction): The output is frequently
incorrect or irrelevant. The effort required to fix the output is often equal to
or greater than writing the code manually.

Figure 5.3 illustrates the varying levels of trust each unit places in GenAI. Unit E
(Managers) was excluded from this analysis as they do not work directly with code.

Unit B (Backend) exhibits a quite high level of trust, yet remains somewhat skeptical
about utilizing autonomous GenAI due to the associated risks. One participant
noted that while the output might be 90% correct, the remaining 10% can cause
significant problems, rendering it insufficient for autonomous use. Another participant
highlighted that collaborating directly with GenAI is difficult and that the coding
process is largely binary: either the GenAI generates the code entirely, or the developer
writes it independently. Furthermore, Units A (Full-stack) and B (Backend) both
agree that verifying AI-generated code often takes longer than verifying manually
written code.

Unit C (Embedded) is the most skeptical, demonstrating low to moderate trust.
This aligns with other findings in this study regarding GenAI’s limited capabilities
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Figure 5.3: Perception of reliability in GenAI across units.

in embedded systems. Several developers reported placing less trust in GenAI when
working with low-level programming, and higher trust during high-level programming.
Unit D (QA/Testers) demonstrates the highest overall trust in GenAI, but even they
maintain that GenAI output cannot fully replace all testing.

In conclusion, participants generally lean toward moderate trust, with confidence
levels varying across different units. This consensus indicates that while GenAI
output provides a solid foundation, it still requires manual review and frequent editing.
All units agree that human oversight remains essential, as developers ultimately bear
responsibility for the final code.

Summary of Trust in Output of GenAI

Overall, participants lean toward moderate to high trust. GenAI is viewed as
providing a solid foundation, but human oversight and manual review remain
essential since developers ultimately bear the responsibility for the final code.
Unit C (Embedded) is the most skeptical group, demonstrating low to moderate
trust in GenAI.

5.1.4 Shifting Skill Requirements

The integration of GenAI in software engineering entails a shift in which skills are
considered important for developers. This section will present the skills that the
participants believe will become less or more important due to these changes.

Less important Skill: Syntax memorization
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A consistent pattern across all units is that the value of syntax specialization
and manual code writing is generally reduced. Developers describe that GenAI is
increasingly taking over the generation of code. Therefore, the need to memorize
syntax for specific frameworks or languages is decreased. They also mention that
they do not need to be as skilled at formulating perfectly written code from scratch,
since GenAI is good at providing boilerplate code. The threshold for working across
multiple domains is also considered lowered, reducing the risk of becoming locked
into a specific technology platform.

Important Skill 1: Systems thinking and code review

Developers emphasized that domain knowledge and having a holistic systems mindset
have become more important. A deeper architectural understanding is required to be
able to successfully and efficiently integrate the larger volumes of code that GenAI
generates. The generated code pieces are to be fitted into their broader system, hence
the developer also needs to be able to understand system complexity. Participants
mention that this is connected to their emerging identity as “Quality Curator”. The
ability to analyze, read, and review code is valued more than ever, as well as critical
thinking, which is important to identify logical errors and potential hallucinations.

Important Skill 2: Defining intent and clear requirements

The ability to define intent and effectively break down requirements is becoming
increasingly important. Developers describe that they are starting to be expected
to understand customer needs and to be able to make decisions and design choices
based on the customer’s underlying problems. Several responses to the interview
questions show that knowledge of what to build now often outweighs knowledge of
how to code it.

Important Skill 3: Efficient communication with AI and humans

The rise of GenAI is transforming software development into a more communicative
practice in two ways. Firstly, the developers describe the importance of skills
surrounding AI-literacy and knowing how to interact with GenAI tools, connecting
to concepts like prompt engineering, context engineering and AI orchestration.
Secondly, traditional communication skills are becoming more important as the
developer role moves closer to the domain of product owners and focuses more on
gathering requirements.

Soft skills that matter

In addition to the specified skills above, some adaptive soft skills are emphasized by
some participants as having increased importance. These are the following: curiosity,
learning capabilities, and being able to independently break down one’s own tasks.
These are also considered factors for having an easier time adapting to the AI
transformation.

The collected data also highlights an interesting contradiction around future skill

28



5. Results

profiles. While there are indicators from all units that the developer role is becoming
less technical and broader, developers describe moving toward a more abstract
methodology similar to vibe coding and being a “jack-of-all-trades”. In contrast,
developers from Unit B (Backend) argue that the developer role will move towards
more specialization in order to be able to solve complex problems GenAI cannot
handle. A managerial perspective reports that future developers will be required
to have a strong technical understanding, but manual coding is being automated
away. However, they still predict that the demand for developers who possess both a
high-level abstract understanding and a deep technical niche will increase.

Finally, a notable exception from the overall trends in skill requirements is reported
by Unit C (Embedded), where they feel that their skill requirements remain largely
unchanged.

Summary of Shifting Skill Requirements

Skills becoming less important:
1. Syntax Memorization

Skills becoming more important:
1. Systems Thinking and Code Review
2. Defining Intent and Requirements
3. Communication
4. Curiosity, Learning Capabilities, and Task Breakdown

5.2 Human-AI Collaboration (RQ2)
This section presents the results of the study’s second research question: “How do
software developers collaborate with GenAI during different stages of the software
development process?”

The section starts with a review of the development phases in which GenAI is used,
followed by a mapping of more specific use cases among units. It later examines
how GenAI is used in practice, focusing on the specific strategies and approaches
the participants are using. Then, it highlights the technical problems and obstacles
limiting the developers’ workflows. Finally, the section concludes with collected
thoughts and ideas from the participants on how human-AI collaboration can be
improved in the future.

5.2.1 Usage Patterns across SDLC Phases
This section examines GenAI usage patterns across the SDLC. For the purpose of
this analysis, the SDLC is divided into the following phases:

• Ideation: Exploring ideas and solutions at a high level.
For example, using GenAI to brainstorm, formulate ideas and create prototypes.
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• Requirements Engineering: Translating the idea into functional require-
ments (what the system must do) and non-functional requirements (perfor-
mance, security).
For example, using GenAI to generate user stories or define requirements from
ideas.

• Planning: Focusing on how the requirements are to be implemented.
For example, using GenAI to plan implementation or task breakdown.

• Coding: Writing source code.
For example, using GenAI to generate code for a new feature.

• Refactoring: Specifically improving the internal structure of existing code
without changing its behavior.
For example, using GenAI to increase modularity and reusability.

• Debugging: Identifying, tracing, and resolving errors and bugs in the code.
For example, using GenAI to identify and solve bugs.

• Testing: Verifying that the software works as intended.
For example, using GenAI to generate unit tests, integration tests, or other
test scenarios.

• Documentation: Creating guides or comments based on project artifacts.
For example, using GenAI to generate README files or documentation.

Deployment and monitoring are not featured as a phase due to it being the respon-
sibility of a specific DevOps engineer role, and there are no DevOps engineers as
participants in this study.

Table 5.2 shows the percentage of each unit that uses GenAI during each software
development phase. It also includes a column (ABCD) with the combined data
for all participants except managers. This is done as the role of managers differs
significantly since they do not work directly with code.

The data show that GenAI is mostly used for coding; 90% of participants, excluding
managers (Unit ABCD), use GenAI in some capacity for coding. The second
most common phase for these same participants is testing, at 81%. An interesting
observation is that although almost all developers use GenAI for writing new code,
only 38% use GenAI for refactoring old code. It can also be observed that only
around half of Unit ABCD use GenAI for debugging.

The data reveal some differences regarding how different units use GenAI. Units A
(Full-stack) and B (Backend) use GenAI for ideation and planning more frequently
than the other units, although they differ significantly when it comes to debugging
and documentation, as Unit B (Backend) uses GenAI significantly more for those
purposes.
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Table 5.2: The percentage of each unit that uses GenAI in each software
development phase.

Phase/Unit Total A B C D E ABCD
Ideation 48% 78% 75% 40% - - 57%
Requirements 16% - 50% - - 50% 10%
Planning 48% 78% 75% 20% - 25% 52%
Coding 76% 100% 75% 80% 100% - 90%
Refactoring 32% 33% 50% 40% 33% - 38%
Debugging 40% 33% 75% 40% 67% - 48%
Testing 68% 89% 75% 60% 100% - 81%
Documentation 32% 11% 75% 40% 33% 25% 33%

Note: For Unit D (QA/Testers), coding and testing are regarded as the
same phase.

Developers from Unit C (Embedded) mostly use GenAI for coding and to some
extent for testing, and less frequently for other tasks. All participants from Unit D
(QA/Testers) use GenAI for testing, and a majority use it for debugging. No one in
Unit D (QA/Testers) uses GenAI for ideation, planning, or requirements engineering.

Requirements engineering saw the lowest GenAI adoption rate, at only 16%, and it
can also be observed that backend developers and managers are the only units that
use GenAI in this phase. Half of the participants from Unit E (Managers) reported
that they use GenAI for creating requirements (compared to 10% for Unit ABCD),
making it the phase where managers use GenAI the most. It should also be noted
that many managers do not use GenAI in any specific phase, but instead for other
miscellaneous tasks, such as writing emails and translating texts. Still, it appears
that managers have not adopted GenAI for the same purposes as the other roles.

Summary of Usage Patterns across SDLC Phases

GenAI is predominantly used for coding and testing, and least often in require-
ments engineering.
There are differences in GenAI usage between units:

• Units A (Full-stack) and B (Backend) use it more for ideation and planning.
• Unit B (Backend) uses it more for documentation.
• Unit B (Backend) and Unit D (QA/Testers) use it more for debugging.
• Unit A (Full-stack) and Unit E (Managers) are the only units using it for

requirements engineering.

5.2.2 Specific Use Cases
The specific use cases for GenAI differ somewhat between the units, although there
is some overlap. Participants in all units agree that GenAI can be utilized as a senior
colleague with extensive knowledge. When faced with a problem they do not know
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how to solve and lack the required knowledge for, developers now have the option to
consult a GenAI model before asking a real colleague. This is often preferred as a first
step when encountering difficulties, as it is more convenient and does not consume
colleagues’ time. One participant in Unit C (Embedded) even noted that they could
now take on problems and tasks outside their role with the assistance of GenAI.
Consequently, many participants see GenAI as a tool for learning new concepts,
as it can easily provide specific knowledge by acting as a mentor that answers any
questions that arise, as well as providing step-by-step guides when performing a new
task for the first time. It is, however, important to note that GenAI cannot solve all
problems and cannot completely replace the role of a senior colleague.

Many participants across units mention using GenAI to generate boilerplate code1

and analyze logs. Some other overlapping use cases across the units are using GenAI
as a search engine (for both code documentation and general information) and as a
rubber duck2 for debugging. However, the most common use case overall is to utilize
the GenAI autocomplete feature most IDEs provide, as it is highly convenient when
making small modifications, such as changing variable names.

Units A (Full-stack) and B (Backend) have started to use GenAI to evaluate ar-
chitecture solutions and explore design trade-offs in the earlier development phases
(see 5.2.1). Some participants in Unit A (Full-stack) mention that they sometimes
provide GenAI models with the requirements and allow them to generate a plan. AI
agent orchestration is also becoming more common, where the agent generates the
code while the developer supervises the process.

Unit D (QA/Testers) primarily uses GenAI for generating unit tests and automating
regression suites. Unit E (Managers) primarily uses GenAI for miscellaneous tasks,
but some mentioned using GenAI to engage in deeper technical dialogues in areas
where they lack technical expertise.

1Boilerplate code is code that is repeated in several places with little to no variation.
2Rubber duck debugging is a problem-solving technique where a programmer explains their code

line-by-line to an object-like a rubber duck-to force themselves to spot logic errors.
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Summary of Specific Use Cases

General use cases, across multiple units:
• Consultation
• Learning and skill development
• Search engine
• Auto-completion
• Boilerplate code generation
• Debugging

Unit-specific use cases:
• Units A (Full-stack) and B (Backend): Evaluating solutions and design

trade-offs
• Unit A (Full-stack): Generating development plans based on requirements
• Unit D (QA/Testers): Unit tests and automated regression suites
• Unit E (Managers): Engage in deeper technical dialogues

5.2.3 Practices for Structuring AI Collaboration

There are significant differences in prompting strategies across the organization. It is
clear that some developers have used GenAI more extensively and for a longer period
than others, making them more knowledgeable about how to utilize it effectively.
Some individuals are in such early stages of adoption that they are unaware of
prompting strategy, while others have advanced to the point of creating standardized
solutions to automate GenAI usage.

Some participants have created concrete frameworks or “recipes” for prompts to
generate high-quality output. Observed strategies include:

• One participant utilizes a structured approach:

1. Describe the goal and what needs to be done.

2. Provide context.

3. Describe the pattern and structure for how it should work.

• Another participant uses a similar tactic, but begins by explaining how the
feature will be used from the user’s perspective before delving into more
technical details.

• One participant dictates prompts using voice-to-text, listing knowns, un-
knowns and uncertainties, while also providing their own suggestions and
initial thoughts.

• Several participants assign the model a specific persona or role combined with
the context and task.
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• A common debugging method involves directly copying and pasting error
messages to use them as prompts.

• Those utilizing an agentic coding system typically require the GenAI to create
an implementation plan before initiating the coding process. This plan is
manually verified.

• A frequent strategy for improving output involves instructing the GenAI to
ask clarifying questions if anything is ambiguous.

• Because reviewing AI-generated code can be time-intensive, several developers
have adapted their prompting strategies to ease the review process. This is
done by breaking down problems into smaller parts and letting the GenAI
generate code in segments step-by-step.

The most prominent trend observed is that several developers are shifting away
from writing individual prompts in chat interfaces and moving toward utilizing AI
agents integrated with systems that automatically provide the necessary context.
Rather than manually describing every detail, developers rely on instruction files
and Architecture Decision Records (ADRs). This approach utilizes a hierarchy
of instruction files dedicated to describing a feature’s context and outlining the
conventions the resulting code should follow. ADR files are used to document the
rationale behind architectural choices to ensure the model does not have to rethink
established decisions.

Unit A (Full-stack) is leading this evolution with an approach called spec-driven
development. In this workflow, developers focus on writing detailed specifications
defining the exact behavior, inputs and outputs of a feature in plain text files, and
then let AI agents read these files and generate the code necessary to satisfy those
requirements.

Furthermore, several participants emphasized that the existing codebase should be
well-structured and well-written to ensure high-quality output, as the AI agent relies
on the current code as a stylistic and architectural template.
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Summary of Practices for Structuring AI Collaboration

Basic prompting strategies:
• Structured frameworks (defining goals, context and patterns)
• Providing the GenAI with known uncertainties and own initial thoughts
• Assigning specific personas or roles to the GenAI
• Step-by-step generation to ease code reviews
• Requiring GenAI to generate implementation plans before coding
• Interactive prompting (instructing the GenAI to ask clarifying questions)
• Direct error message debugging

Advanced prompting strategies:
• Transitioning from chat interfaces to integrated AI agents
• Spec-driven development
• Providing automated context via instruction files and Architecture Decision

Records (ADRs)

5.2.4 Current Limitations
When looking at the current limitations of GenAI in software engineering, three
main themes can be observed.

Limitation 1: Generating Entire Features

A feature is a distinct unit of functionality in a larger system that solves a specific
problem or allows users to complete a task (for example, push notifications in a
mobile app). Current GenAI models are sometimes able to generate entire functional
features when prompted, but there are often problems included, such as security
vulnerabilities, suboptimal performance, or unhandled edge cases. Participants also
noted that even if the feature works, the implementation is often poorly structured,
necessitating time-consuming refactoring. The larger and more complex the feature,
the greater the risk that the implementation fails.

Limitation 2: Context Window Limit

The context window is the total amount of information that a GenAI model can
process or remember at any given time. This information is usually text, such as
instructions from a developer or the existing code in a repository. If the context
window limit is reached (e.g., during a long conversation or when generating a large
feature), the model begins to discard prior data from its active memory. This greatly
increases the risk of mistakes or hallucinations in the newly generated output.

While the described new AI collaboration strategies presented earlier generally yield
better results, new challenges have emerged. One participant mentioned that large
instruction files can fill up the GenAI’s context window. To address this issue,
the participants suggest using so-called “skills” for the GenAI models. Instead
of providing the GenAI with every instruction upfront, skills act as on-demand
capabilities. The model only retrieves and loads these specific files into its working
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memory when a task requires them.

The limitation of the context window is a problem for all developers, but especially
for those working with embedded systems. This limitation primarily stems from
the fact that code in embedded systems is usually closed-source and highly domain-
specific due to hardware constraints. When working in other domains, such as
frontend development, developers typically use public frameworks and tools on which
the GenAI model is already trained. In embedded systems, the context is almost
completely unique. This means that for the GenAI to understand an embedded
system, large parts of the code repository usually need to be included in the GenAI’s
context, rapidly consuming the context window. If a model lacks the required context
for a task, the output often becomes highly generic, which typically fails to function
within an embedded environment.

Limitation 3: Autonomous AI-agents in Production Backend Environ-
ments

Every backend developer in this study expressed reluctance to let autonomous AI
agents make changes in the back end, such as writing SQL3 statements in a production
database. This reluctance stems from the high potential risks, as data can be difficult
to restore. If the agent makes a mistake, critical data could be lost or live services
could experience downtime. It remains unclear what it would take for developers to
trust GenAI for these kinds of operations. Some even appear opposed to ever using
agents in certain environments, arguing that human oversight is strictly necessary.
They are, however, highly positive about using GenAI as an assistive tool for writing
code, provided they retain full execution control over any changes.

Summary of Current Limitations

1. Generating Entire Features
2. Context Window
3. Autonomous AI-agents in Production Backend Environments

5.2.5 The Future of AI Collaboration
When speculating about the near future, most participants anticipate that AI agents
will play an increasingly prominent role in software engineering and some predict
that autonomous agents will manage entire workflows. Several participants described
scenarios where agents autonomously resolve tickets, implement feedback and create
pull requests.

Participants also expect that these agents will become more deeply integrated with
databases and APIs through the use of MCP (Model Context Protocol) servers and
Swagger files. One participant in Unit A (Full-stack) suggested enabling GenAI

3SQL (Structured Query Language) is the standard programming language used to store, manage,
and retrieve data within relational databases.
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models to pull context directly from Figma designs (UI/UX prototypes) into the
codebase. Furthermore, a participant advocates for an organization-wide context
repository, accessible to agents via MCP, that includes best practices, architectural
patterns, skills, and security standards across all teams. This would automatically
equip agents with the relevant context for their current tasks. The participants also
mentioned storing project memory, including a complete history of design choices
with rationale and alternatives considered, meeting transcripts, and a comprehensive
record of the project’s evolution. With this, AI agents could become instant experts
on any project, with full awareness of historical decisions and context.

Participants in Unit D (QA/Testers) identified future opportunities for smarter
debugging and leveraging GenAI to “create fake scenarios that can increase test
coverage”. This would allow them to focus on more strategic and critical-thinking
tasks.

Summary of The Future of AI Collaboration

Most participants believe AI agents will play an increasingly prominent role.
Some participants also believe that these AI agents will become more deeply
integrated with databases, APIs and other software programs. One participant
advocates for an organization-wide context repository to make agents more
effective.

5.3 Organizational and Managerial Challenges and
Opportunities (RQ3)

This section addresses the study’s third research question: “What organizational
and managerial challenges and opportunities arise when GenAI is introduced into
existing development workflows?”

The overall insights indicate that the introduction of GenAI is rarely purely a
technical issue, but rather a more complex organizational transformation. This
leads to a change in the leadership role from steering processes to enabling learning.
The managerial challenges are presented as main themes where the evaluation of
performance and potential adaptation are covered. Then, the primary results of
organizational challenges and the mapping of current bottlenecks are presented.
Finally, it describes the strategic and organizational opportunities for the future
identified in the interviews.

5.3.1 Managerial Strategies: Performance and Skill Sharing
New requirements emerge on how organizations measure performance and manage
skill development when GenAI is introduced to existing workflows. The results of
this study highlight two main themes in management strategies: a delay in the
adaptation of metrics and a shift towards an individual-driven learning culture.
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A managerial challenge that emerges in the study is the current lag in performance
evaluation. All the managers and team leaders report that they have yet to update
their KPIs (Key Performance Indicators) or estimation models (e.g., story points).
Development work is therefore measured in the same way as before the implementation
of GenAI tools. The interviews reveal a clear divide in the opinions on whether these
metrics should be revised, often characterized by unclear justifications as to why
change is or is not necessary because of the integration of GenAI.

Some participants argue that existing metrics should be maintained. Their reasoning
is based on the idea that performance is fundamentally about delivering customer
value, regardless of the underlying tools the developers are using to achieve this.
However, some other participants state that current measurement methods are rapidly
becoming obsolete as efficiency increases. One manager even predicts that GenAI
will be at the center of the development process within six months. Although the
rest disagree, another manager points to a necessary paradigm shift for leadership,
where organizations must move away from traditional quantitative metrics (e.g., lines
of code or time spent) and instead move further towards measuring actual outcomes
and value created.

There have also been changes in how the organization handles competence develop-
ment around GenAI. Another finding is the lack of more formal, top-down training
efforts such as traditional courses. Instead, knowledge accumulation is characterized
by a bottom-up approach, which is almost exclusively driven by the developers’ own
curiosity combined with collegial learning (e.g., peer-to-peer). Several managers
admit that a significant responsibility for learning new tools is thus placed on the
individual, something that in some cases is even expected to happen during the
employees’ free time. As a consequence of this learning culture, the manager’s role
shifts to acting more like an enabler where leadership focuses on creating time for
exploration. Examples of some initiatives include “tribe days”, where teams can
build and evaluate GenAI demos, and the establishment of internal GenAI discussion
forums for knowledge exchange. A growing opportunity has also been identified in us-
ing GenAI tools themselves as pedagogical support to facilitate this individual-driven
learning process.

Summary of Managerial Strategies: Performance and Skill Sharing

1. Delay in the Adaptation of Metrics
2. Shift towards an Individual-driven Learning Culture

5.3.2 Organizational Challenges and Bottlenecks
Challenge 1: Knowledge loss and the deskilling problem

Managers and developers express strong concerns that GenAI creates a dependency
that risks ruining basic professional coding skills. The fear is described not only as
a concern about GenAI making developers redundant or losing their jobs, but also
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as a risk that GenAI usage makes developers lazier, dependent on GenAI, and less
competent at programming. Developers warn of vibe coding and “semi-knowledge”,
where code is implemented without full understanding. Developers appreciate that
GenAI gives them answers quickly, but emphasize that they do not learn from the
answers or care enough to do so, thus quickly becoming dependent on the GenAI’s
responses.

A macroeconomic concern from a management perspective is also raised about how
organizations in the future will be able to recruit senior developers, especially if
today’s juniors are trained as “AI programmers” or if the junior developer role is
diminishing. Managers also describe seniors having a more difficult time keeping up
with GenAI development and that their syntax or specific language knowledge is in
some way losing meaning and becoming obsolete. This dynamic therefore is believed
to be a potential threat to the depth of knowledge of the profession in the future.

Challenge 2: Accountability and technical debt

When asked about who has the responsibility for the AI-generated code, all developer
units (ABCD) agree. The developer using GenAI has to take the accountability
for the output it generates. The increased volume of AI-generated code creates
an enhanced demand for verification. Several participants raise discussions about
code ownership as GenAI is neither deterministic nor does it have an understanding
of the organization’s specific system architecture. Unit D (QA/Testers) highlights
another problem with AI-generated code and compares it to sourcing code from
Stack Overflow. Unlike Stack Overflow, GenAI creates novel and unverified code.
Developers are now expected to comprehend this implementation from scratch, which
leads to more review work. Uncertainties about code quality and potential security
vulnerabilities are also reported. Another developer describes that GenAI can get
around 90% right, but the last few percent can create a lot of problems, so it is not
enough. It is, therefore, argued that GenAI cannot currently be trusted with more
autonomous responsibility, as unexpected code can quickly increase technical debt.

Challenge 3: Limitations in context windows

GenAI tools are reported to have difficulty handling large existing systems, especially
for Unit C (Embedded). When context windows run out, the tools tend to hallucinate
and lose reliability. Embedded systems have closed source code, and it is explained
that the GenAI tools’ training data is likely lacking, causing these problems. Units
A (Full-stack) and B (Backend) are also highlighting this problem.

Challenge 4: The knowledge gap

A noticeable gap is emerging between development teams and the management side.
As management representatives realize the potential of GenAI, they often get higher
expectations for faster and cheaper delivery without a deeper understanding of the
underlying technical risks. Managers are engaging in more technical discussions
without having the broader knowledge that developers have. This transition phase is
also characterized by an uneven rollout between different teams and departments, in
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addition to a lack of common guidelines or a clear framework on how to use GenAI.
Units A (Full-stack) and B (Backend) are missing a “Shared Manifesto”.

Challenge 5: Data integrity, costs, and standardization

Data integrity and the fear of source code leaks are pervasive concerns across units.
There are also concerns raised by managers due to the high cost of licenses and
tokens for GenAI usage. Overuse of GenAI is reported by Units A (Full-stack) and
B (Backend) to risk standardizing code or UI to the point that all software design
becomes generic and creative freedom is stifled.

Bottleneck 1: Requirements Engineering, from how to what

As GenAI streamlines the actual coding, the surprising finding of this study is that
the main bottleneck of the system is described as shifting towards requirements
engineering and business analysis. The biggest obstacle, confirmed by both managers
and developers, is no longer building the solution, but understanding the customer
need and bridging the gap between product owners and development teams. The
architecture and planning phase is therefore reported to be the most important step
in the development process.

Bottleneck 2: Legacy-friction

The speed of GenAI adoption is slowed by existing technical debt and legacy systems.
Developers report constantly having to divide time and attention between maintaining
old code, inadequate documentation and a fear that new migrations will break existing
dependencies. Many integration barriers are also rooted in administration rather
than the technology itself. Even if security restrictions are set, there are still licensing
issues creating a bottleneck for the developers. Simultaneously, the pressure to
deliver means that developers are paradoxically not given enough time to learn how
to optimize their usage of GenAI tools. Scaling up faster is therefore explained to be
hindered by the company’s legacy structure.

Bottleneck 3: Cognitive overload

Some participants described the human factor as also being a limitation in the overall
throughput of the system. Humans lack the mental bandwidth to continuously
consume and review the massive amount of output that GenAI tools generate.
Developers describe that there is an inability to constantly be in a productive state
of flow, which sets a natural limit to the speed that GenAI code can be verified and
implemented.
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Summary of Organizational Challenges and Bottlenecks

Organizational challenges:
1. Knowledge Loss and The Deskilling Problem
2. Accountability and Technical Debt
3. Limitations in Context Windows
4. The Knowledge Gap
5. Data Integrity, Costs, and Standardization

Organizational bottlenecks:
1. Requirements Engineering, from How to What
2. Legacy-friction
3. Cognitive Overload

5.3.3 Future Opportunities

This study has also collected a number of significant opportunities associated with
GenAI. These can be divided into two broad categories: organizational gains that
act as a catalyst for macro change and managerial strategies to realize these gains.

Org. opportunity 1: Cognitive offloading and the new digital colleague

GenAI is increasingly moving from being seen as a passive software tool to an active
colleague or collaborator. Developers report that GenAI can reduce their cognitive
load by taking over simpler and repetitive tasks. This allows them to focus more
on complex and creative problems, as it frees up valuable time. One participant
explains that this puts the human at the center instead of the machine, as human
judgment becomes the primary driving force.

Org. opportunity 2: Cross-functional communication and innovation

GenAI is described as lowering the threshold for experimentation and creating
mockups. Developers report that colleagues without a traditional coding background
can perform more technical tasks and, for example, create prototypes which reduces
innovation cycles. GenAI can therefore also act as a bridge that facilitates cross-
functional communication. It is becoming easier to try out new platforms and
technologies with less time invested. This is also emphasized by managers, who
note that the result is a more agile organization that is less dependent on isolated
technical silos.

Org. opportunity 3: Realizing the low-code promise

There is a strong belief among developers that GenAI will finally fulfill the long-held
industry vision of low-code development. Developers are likely to be able to build
larger, more advanced solutions at a lower cost when streamlining code creation.
Managers predict that the ability to do more in the same amount of time will lead
to a higher ROI and a general productivity boost of the entire development cycle.
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Managerial opportunity 1: Model selection

A potential strategy identified by some of the developers is the importance of using
the right model for the right thing. Managers and more experienced developers
using GenAI are moving away from a monolithic view of the tool. Instead, they
propose using more advanced and expensive models (e.g., Opus 4.6) for complex
architecture and planning, along with cheaper and faster models for repetitive code
generation and unit testing. They expect that by using this strategy, they will be
able to optimize both cost and performance of the tools.

Managerial opportunity 2: Proactive investments in learning

A common stance across all units is that successful GenAI implementation does not
happen automatically. Managers acknowledge that dedicated time and conscious
investments are required to evaluate the tools and drive skill development. To realize
the full potential of GenAI, developers are expecting managers to act proactively
and create space for learning, experimentation, and even failure.

Managerial opportunity 3: Internal knowledge infrastructure (RAG and
context repositories)

Without the right context, GenAI tools will remain insufficient. An important request
highlighted by the developers is to build internal context repositories and vector
databases (RAG) that contain the organization’s domain knowledge, documentation
and history of decisions. Changes in infrastructure are also seen as especially valuable
within Unit C (Embedded) for managing and modernizing the resource-intensive
legacy systems. Aside from providing a better understanding of older systems by
connecting GenAI to the right internal context, further opportunities were also
suggested by developers about automating the generation of technical documentation
and reports.

Summary of Future Opportunities

Organizational opportunities:
1. Cognitive Offloading and the New Digital Colleague
2. Cross-functional Communication and Innovation
3. Realizing the Low-code Promise

Managerial opportunities:
1. Model Selection
2. Proactive Investments in Learning
3. Internal Knowledge Infrastructure (RAG and Context Repositories)
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Discussion

This chapter discusses the findings of the study in relation to the research questions
and previous related work. The chapter begins by describing how GenAI is utilized
within development workflows and its resulting consequences. It then examines
the transformation of the developer role in combination with shifting competencies.
Following this, the discussion addresses the growing concern of GenAI overuse and
the diminishing role of junior developers. The chapter also analyzes the disparities
in GenAI adoption across the different units. Based on these insights, a set of
recommendations is presented, rooted in fostering an agile and knowledge-sharing
culture. Finally, the chapter concludes by addressing threats to the study’s validity.

6.1 The Expanding Developer Role
The integration of GenAI into existing software development workflows not only
involves a change in competencies around AI literacy and usage, but also drives
a fundamental transformation of the entire developer role. The results from this
study not only confirm and build upon the usage patterns previously identified in
related works, but also show a shift in where value is created when using GenAI in
the development process.

6.1.1 Acceleration and Exploration Mode
Similar to previous research on AI-assisted programming (see Section 3.1), the study’s
results regarding developers’ use cases of GenAI (see Section 5.2.2) can also be divided
into acceleration and exploration modes. Acceleration mode is the most prominent
across all units and is applied to speed up tasks such as writing boilerplate code,
generating unit tests, autocompleting code, and performing basic debugging. This
is in line with findings from Pereira et al.’s [31] case study of a Brazilian company
described in Section 3.5, where repetitive tasks were the primary use case for GenAI.

Exploration mode, on the other hand, is used when the solution is not clear or given in
advance, and developers report brainstorming ideas and evaluating design trade-offs
as they would with a senior colleague. This study has identified some frequent GenAI
use cases that go beyond direct code generation, but they can still be categorized as
a consequence of this so-called exploration mode. With the main consequence being
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the continuous learning enabled by GenAI, developers are experiencing continuous
skill development integrated into their daily workflow. All participants use GenAI as
a search engine and are actively engaging in deeper technical discussions thereafter.
This means almost instant access to even more information about a topic via a single
prompt. Whether this information is actually retained, however, is another question.

6.1.2 Cognitive Offloading Affects Productivity
The frequent use of GenAI in acceleration mode is proven to lead to significant
perceived time savings at the individual level for developers. They become more
productive in the sense that simpler tasks are completed faster. Tracing the time
savings upstream raises the question of why the entire development process does not
also accelerate proportionally. The saved time appears to be absorbed somewhere
else.

The results indicate that this time gain rarely translates into a proportional increase
in the number of tasks or features being delivered. Instead, indications show that the
baseline for what is considered good-enough quality and acceptable test coverage has
been substantially raised, along with overall expectations. A significant effect of the
time saved is instead found on the psychological level through cognitive offloading.
By delegating syntax and repetitive tasks to GenAI, the mental friction during task
switching is reduced. Even when GenAI cannot solve the entire problem itself, it
can help facilitate planning, which leads to reduced stress and therefore higher job
satisfaction. This confirms the relevance of the SPACE framework (see Section 3.4),
where the developer experience is closely linked to overall perceived productivity.
The developers feel that having GenAI as an assistant provides them with some form
of mental relief.

The net effect on overall cognitive load, however, remains ambiguous among the
participants. GenAI can help initiate tasks, overcome blockers, and ease context
switching, but is also described as introducing new cognitive responsibilities such as
keeping track of many ongoing tasks at once. These opposing effects do not necessarily
exclude or overlap with one another, leading to even more divided opinions on whether
the mental load has decreased or shifted.

At the same time, this newfound efficiency carries the risk of overproduction. Where
resource constraints have historically demanded strict prioritization, for example,
choosing one out of ten projects, GenAI now enables more projects to be developed.
However, there is a consequence of maximizing customer deliveries with new features
or products. The software can become unnecessarily complex and unmanageable
over time, building up technical debt more quickly. An unbalanced expansion can
risk feature bloat, where the core value of a service or system becomes diluted by all
the excessive additions. Organizations may also face strategic challenges from the
customer side, needing to have the discipline to say no, even when the short-term
technical cost of saying yes to new features has dropped drastically because of GenAI.

This discrepancy also highlights a connection to how performance is measured.
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Despite the nature of work changing, participants state that KPIs remain the same.
Opinions differ on whether this is a problem, but both sides agree that the real
goal is to create customer value. If GenAI accelerates technical delivery, it becomes
increasingly paradoxical to measure developer performance in code deliveries instead
of the actual value created. This points towards an idea of measuring performance
based on outcome and value created, instead of production-based output. Future
KPIs will likely also need to prioritize long-term value creation. However, evaluating
new workflows or achievements retrospectively can be difficult.

6.1.3 The Developer Role Redefined

The main consequence for the developer role based on the automation of the coding
phase is how it expands both upstream and downstream. The responses describe
a blurring of the traditional professional roles between developers, product owners
(POs), and project managers (PMs). When GenAI assists the implementation phase
(the how), the developer’s primary challenge shifts to requirements (the what). This
manifests in the emerging AI collaboration method called spec-driven development.
The middleman disappears and the developers become responsible for breaking
down requirements into unambiguous and detailed instructions to the GenAI tools.
This may also be connected to the assumption that GenAI tools need very specific
instructions to behave as intended, supported by the findings of another study in
Section 3.3. This working methodology places new demands on the developer’s
metacognitive ability. To effectively control the GenAI tools, developers now have to
reflect on their own problem-solving processes.

The blurring of boundaries does not necessarily imply that the PO or PM roles will be
entirely absorbed by developers. Rather, it presents a need to also re-evaluate adjacent
roles that are likely to be affected by the integration of GenAI. The traditional PO,
PM, and managerial roles may evolve to address the new organizational needs or
even give rise to new roles. Consequently, it becomes important for organizations
to redefine role boundaries and establish who holds accountability for specific tasks
during the shift to a more AI-integrated workflow.

This finding represents an important contribution to existing research. While Pereira
et al.’s [31] case study of a Brazilian company (see Section 3.5) found that the
use of GenAI in non-coding tasks, such as requirements and architecture, was
severely limited, this study shows that development has progressed rapidly. The real
bottlenecks right now are no longer just the technical limitations, but the human
ability to comprehend the system as a whole, specify intent and review results. AI
transformation is moving extremely fast. Especially regarding technical limitations,
the identified key points worth focusing on are becoming more connected to humans.
Humans are, therefore, paradoxically, one of the main factors that will affect new AI
collaboration.
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6.1.4 The Shift in Competence
As the professional role broadens, there is also a shift in which competencies are
valued the most. Previous studies (see Section 3.2) highlight general abilities such
as AI literacy, critical thinking, problem-solving and creativity. This case study’s
results confirm and add nuance to this by showing how these skills manifest in
practice. Critical thinking skills are explicitly mentioned by all developer units as
essential for identifying logical errors and hallucinations from the GenAI output.
In addition, it appears that the new competency requirements operate on several
interconnected levels. On the individual level, there appears to be a high degree
of personal responsibility, driven by curiosity, continuous learning, and the ability
to break down and plan one’s own workflow. On the structural level, the focus
shifts from isolated technical skills to systems understanding. Developers must now
increasingly understand the underlying need, purpose, and intent even outside their
own directly assigned tasks. The evaluation of skills required for their role is therefore
less about isolated technical ability and more about how well the individual can
interact with the system, colleagues and GenAI. Developers who already possess
strong soft skills, such as adaptability, effective communication and systems thinking,
will therefore navigate this transition more easily. Interestingly, “creativity” was not
mentioned by the participants as an increasingly important characteristic, despite
participants describing concerns that GenAI tools risk making code and design more
homogeneous.

This shift towards softer skills and a more holistic understanding adds a new dimension
to the inherent conflict in how skills development is managed. If deep intuition,
communication skills and systems understanding are becoming essential skills for
the redefined developer role, they cannot be learned in isolation in front of a screen.
This type of contextual experience and tacit knowledge is usually built through peer
interactions such as mentoring, code reviews, and engagement in complex learning
environments. If the learning responsibility is completely shifted to the individual,
organizations risk overlooking the fact that AI experience will require structured time
and shared forums. These are necessary not only for discussing technical aspects of
GenAI, but also for encouraging collaborative practices and a broader curiosity for
learning. This also highlights a vulnerability that lays the foundation for one of the
biggest risks of GenAI integration: the difficulty of cultivating future deep skills.

6.2 The Deskilling Problem
Knowledge loss is a growing problem in the software development field. As GenAI
advances and assumes responsibility for more technical tasks, software engineers risk
becoming completely dependent on these tools and losing skills that were previously
essential to their roles. While there is a clear consensus on the importance of
understanding implementations, developers may easily become complacent, neglecting
to analyze GenAI output provided that the software appears functional. When
encountering a bug, they might rely on iterative prompting (especially since developers
struggle to debug GenAI code, see Section 3.3) to reach an apparent solution without
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fully comprehending the underlying issue or the mechanics of the model’s generated
fix. This approach to programming, commonly known as vibe coding, can result
in degraded code quality, inefficient implementations and security vulnerabilities.
Furthermore, it risks creating future complications that are increasingly difficult and
costly to resolve.

Prior to the widespread adoption of GenAI, developers who encountered a problem
were required to understand and resolve it themselves. Although they could seek
assistance from forums such as Stack Overflow or consult colleagues, this process still
demanded significantly more cognitive engagement; the issue had to be explicitly
formulated and discussed, and the proposed solution had to be carefully reviewed.
This collaborative effort also led to broader dissemination of knowledge in the field
of software engineering, since platforms like Stack Overflow are utilized by a global
community of diverse developers. Today, in contrast, an AI agent can often resolve
these issues autonomously. While interacting with these models presents a valuable
learning opportunity, such as prompting the GenAI for explanations and engaging
in insightful conversations, many developers disregard this due to time constraints,
financial cost (as the better models do not allow free unlimited usage), or plain
laziness. Some developers may not even feel a strong incentive to deepen their
programming expertise, as they anticipate that GenAI will fully automate these
tasks in the future anyway. The responsibility for learning is often placed entirely on
the individual, typically requiring unpaid time despite creating organizational value.
When organizations fail to integrate upskilling into a structured internal approach,
it further disincentivizes developers from educating themselves and exacerbates the
issue.

6.2.1 The Future of Junior Developers

While these challenges affect developers of all levels, they are particularly significant
for juniors as advanced skills in software engineering are heavily contingent upon
experience. If junior developers rely on GenAI to perform most of the basic tasks, they
may fail to acquire the necessary expertise required for senior roles. Consequently,
organizations risk a loss of deep domain knowledge. This issue is exacerbated by
the trend of junior positions being the first to be eliminated (as GenAI can often
perform their tasks) when, as anticipated, teams become smaller (see Section 5.1.1).
This reduces the pipeline of developers advancing to senior roles and risks resulting
in a significant shortage of developers possessing deep technical expertise in the
future. If no measures are implemented, organizations may be forced to contend
with a generation of mostly “AI programmers” who are unable to resolve complex
problems or maintain legacy systems that exceed the capabilities of GenAI. The
problem of potential workforce polarization has been observed in a 2025 study by
Dijana Bakajac [29] (see Section 3.2).
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6.3 Domain Disparities
The level of expertise regarding GenAI varies noticeably across different organizational
units and within the units themselves. Several individuals have developed their own
AI skills and more mature prompting strategies (see Section 5.2.3) to utilize GenAI
effectively. However, these strategies are not consolidated in a shared repository. The
absence of a shared manifesto and organization-wide knowledge-sharing practices for
strategies further exacerbates the technical obstacles. This also creates disparities in
how well the tools are adopted across the organization, with Unit C (Embedded)
demonstrating lower levels of integration.

Beyond individual expertise, there are other differences in the specific use cases of
GenAI between the domains. The results reveal a clear theme: developers in Unit
C (Embedded) do not utilize GenAI to the same extent, nor do they view it as
reliable and helpful, compared to developers in other domains. Interestingly, despite
the lack of trust and lower usage overall, they still report that GenAI saves them
time. This can be explained by the type of tasks they delegate to GenAI. While
they do not rely on it for complex logic where high reliability is necessary, they still
benefit from automating some simpler tasks. When they do use GenAI tools, Unit C
(Embedded) primarily uses them for code generation (see Section 5.2.2) and much
less for architectural planning, unlike Unit A (Full-stack) or B (Backend). This
suggests that GenAI is currently less effective for evaluating design trade-offs or
planning in embedded environments.

This discrepancy appears to stem from the additional constraints inherent to embed-
ded systems. The first constraint is performance. While all systems should perform
well, embedded systems require strict optimization, as the processors in these sys-
tems are typically less powerful than those found in servers or desktop computers.
Although GenAI has been improving in this regard, the generated implementations
are often suboptimal and unnecessarily complex, which is not acceptable for these
environments.

The second possible constraint is context dependency. Hardware requirements often
require highly specific implementations, unlike other systems that frequently utilize
common frameworks and rely on open-source libraries. As GenAI is trained on
vast amounts of open-source data, it has naturally become proficient at generating
code for these common frameworks. Conversely, embedded systems are highly
distinct from product to product and are often closed-source. Consequently, GenAI
models must retain large portions of massive code repositories and other system-
specific information within their context windows to accurately map the system and
efficiently generate new code. This poses a challenge, as GenAI models have limited
context window capacities. Once this limit is reached, the GenAI output becomes
more generic, which is problematic for context-dependent systems, rendering the
context window limit a severe bottleneck. While this will likely become less of a
problem in the future as newer models can handle larger contexts, embedded system
development will likely continue to lag behind other domains due to its inherent
context dependency.
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Although embedded development is the most severely affected by context limitations,
it remains an issue in other domains when dealing with large systems and complex
tasks, such as generating entire features. To mitigate hallucinations, it is crucial
that the context is contained and that large features are broken down into smaller
components so the assigned task remains small.

6.4 Recommendations
Establishing best practices for a domain that evolves daily presents a unique challenge.
A fixed set of rules or static guidelines is almost guaranteed to become rapidly obsolete.
Therefore, the following recommendations will be rooted in and focus on further
fostering an agile and knowledge-sharing culture and workflows.

Recommendation 1: Taking organizational responsibility for GenAI up-
skilling

Organizations can no longer rely on developers driven by individual curiosity to learn
GenAI tools in their spare time. As discussed earlier, core competencies are shifting
toward soft skills like metacognition and systems understanding. Learning these
skills and acquiring tacit knowledge requires social interaction, code reviews and peer
discussions. Therefore, management must proactively create collaborative forums
and opportunities for developers to explore these tools and learn from each other.

Recommendation 2: Investing in talent through junior apprenticeship

As developers and organizations increasingly rely on GenAI to manage entry-level
tasks, the incentive for organizations to hire junior developers is decreasing. Further-
more, those who are hired often utilize GenAI extensively, which risks making them
over-reliant on these tools and hinders the accumulation of the technical expertise
and system knowledge necessary to advance to senior roles. These factors risk leading
to a loss of deep domain knowledge within the organization (see Section 6.2.1).

To mitigate this, it is important that organizations do not cease hiring junior devel-
opers. Juniors cannot be expected to compete with GenAI in delivering immediate
value, as GenAI will, in most cases, be more time- and cost-efficient at completing
basic tasks. If producing short-term value remains the highest priority, it will be
difficult for organizations to justify hiring entry-level talent. The view of junior roles
must therefore evolve to accommodate this new reality and shift from being immedi-
ate value creators to being long-term investments in knowledge retention and future
productivity. Even if GenAI can automate many of their tasks, junior developers
will, over time, learn the internal systems, cultivate their technical expertise, and
gain tacit knowledge.

Furthermore, organizations must take a more active role in professional development
and place a greater emphasis on apprenticeships rather than value creation, as junior
developers cannot be expected to independently acquire the necessary skills and
knowledge given the reliance on GenAI.
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This paradigm shift introduces new challenges that organizations must address. These
include determining how to maximize employee retention, identifying which tasks
to automate, and managing the short-term costs of hiring and training, as junior
developers are unlikely to produce much value at the beginning of their employment.

Even with this revised strategy, GenAI will undoubtedly continue to assume some
entry-level tasks, which will likely result in fewer junior developers being employed
overall.

Recommendation 3: Unifying GenAI strategies and disseminating knowl-
edge

As there are clear disparities in AI expertise across the organization, both within
and between technical domains (units), there must be a strong focus on knowledge
dissemination. Knowledge regarding GenAI usage should be shared throughout
the organization in a structured manner and not left to the individual developers
themselves.

Furthermore, unified GenAI strategies should be implemented. These strategies
should include a shared framework for the effective and efficient use of GenAI,
detailing prompting strategies, task-specific workflows, what to automate, and other
relevant standards. A standardized suite of tools (e.g., Copilot or Claude) should be
made available to developers, accompanied by clear guidelines on their application.
These guidelines should also specify when to use which model to ensure cost-efficiency,
as some are unnecessarily expensive for simple tasks.

A context database containing architectural patterns, AI skills, and other resources,
similar to the one described in Section 5.2.5, along with other integrations for AI
agents, should be considered. However, these advanced integrations should only be
implemented after the other measures.

Summary of Recommendations

1. Taking organizational responsibility for AI upskilling
2. Investing in talent through junior apprenticeship
3. Unifying AI strategies and disseminating knowledge

6.5 Threats to Validity
This section addresses mitigation strategies to account for threats to validity, minimize
risks, and increase the robustness of the results.

6.5.1 Threats to External Validity
A potential threat to the external validity of the study was the limited sample size,
as the study was conducted within a single organization in combination with its
particular field. The data collected might therefore not be fully representative of
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the software population. However, the goal of the study was transferability, rather
than statistical generalizability. Therefore, a large sample size was not necessary,
since the focus was to gather conceptual insights that allowed for transferability
to similar contexts. To strengthen the breadth of the study, the organization was
divided into multiple data units to enable data to be collected for different types of
roles. Through this approach, the study aimed to cover larger parts of the software
development process and reduce the risk of skewed results if all participants were
working towards the same product or deliverable. The unit and participant selection
(as opposed to volunteer sampling) further mitigated the risk of selection bias where
only AI enthusiasts participated, ensuring a more realistic representation of both
frequent users and skeptics.

It is also important to note that the study primarily captured the earlier and middle
phases of development. Later phases, specifically deployment and monitoring, were
not featured in the data collection or analysis. Consequently, the findings regarding
GenAI usage may not be transferable to DevOps engineers or operational roles.

The organization’s internal policies surrounding the use of GenAI tools might also
have affected how participants used GenAI and their responses. To reduce this
impact, participant anonymity was ensured and clearly communicated to participants
throughout the study. The organization may also have had preferred tools with their
own limitations, indirectly affecting user options.

The rapid technological development in the GenAI field also posed a threat, as
both tools and user patterns changed regularly. This was addressed by focusing on
behaviors, workflow processes and collaboration patterns, rather than the performance
of specific tools and their productivity measurements, which were more time-sensitive.

6.5.2 Threats to Internal Validity
Internal validity concerns the ability to draw causal conclusions and ensure that
observed factors are not the result of unknown influences. Studies conducted in
realistic settings, like this study, often face challenges with confounding variables
that cannot be strictly controlled, such as the participants’ programming experience
or task complexity. There was a risk that observed changes in workflow or produc-
tivity were influenced by factors other than GenAI adoption, such as organizational
restructuring or project-specific reasons [42]. This was mainly mitigated by data
source triangulation. Beyond triangulation, the data analysis also included negative
case analysis. By systematically searching for evidence that contradicted the emerg-
ing themes, the study ensured that conclusions were robust and not the result of
confirmation bias [40].

6.5.3 Threats to Construct Validity
Since this study relied on interviews, there is a risk that the ambiguity of terms and
subjective interpretation of words differed between participants and the researchers.
This could make it difficult to confirm if the study actually measured what it was
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supposed to be measuring. To mitigate this and ensure that the measures accurately
reflected the study’s purpose, a systematic mapping between the interview questions
and the research questions was conducted (see Figure 4.1). This mapping ensured
that all core components of the research questions were comprehensively covered.
Another way to mitigate this threat was also through data source triangulation.
If the same conclusion could be drawn from several sources in different roles, the
conclusion was stronger and less likely to be biased by the interpretation of a single
source [40]. This threat was also mitigated by using observer triangulation. By
having both researchers actively participate in the interviews and review the analysis,
the bias from the researchers’ side was mitigated [40].

There was still a reliance on self-reported data. Without direct observation, the study
captured the participants’ perception of their workflow rather than the objective
reality. This created a risk of subjective bias that had to be mitigated. The SPACE
framework was used to address the perception-reality gap [36]. The first phase of
the study also involved identifying additional resources to refine the interview guide,
further ensuring that the interview questions elicited concrete, useful responses.
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This case study provides a holistic view of how GenAI is reshaping developer roles,
collaborative workflows, and organizational structures within a large manufacturing
company.

The findings reveal that the integration of GenAI fundamentally redefines the devel-
opers’ identities, shifting their primary roles from manual “coders” to “code reviewers”
and “software architects”. Because GenAI automates much of the repetitive coding,
developers are moving “upstream” in the SDLC, taking on responsibilities tradition-
ally held by product owners and project managers. Consequently, the skills most
valued in the industry are shifting; syntax memorization is becoming less important,
while systems thinking, the ability to define unambiguous requirements, and critical
review skills are becoming paramount. Furthermore, as software engineering becomes
less isolated, communication skills are becoming increasingly necessary.

In terms of collaboration, distinct disparities exist. While full-stack and backend
developers are exploring advanced, spec-driven development with AI agents, em-
bedded systems development lags behind due to hardware constraints and strict
context window limitations. Across all units, developers remain reluctant to trust
autonomous AI agents without strict human oversight.

At the organizational level, GenAI integration is a complex transformation rather
than a simple technical upgrade. While GenAI provides significant perceived time
savings and some cognitive offloading, this efficiency rarely translates into higher
delivery rates. Instead, the saved time is reinvested into raising the baseline for quality.
Furthermore, as the speed of code generation increases, the primary bottleneck in
software engineering has shifted from how to build a solution to what to build. GenAI
also poses a severe “deskilling” threat. As efficiency gains push organizations toward
smaller development teams, particular concerns are raised regarding the diminished
role and future pipeline of junior developers.

To realize the true potential of GenAI, organizations must move beyond treating it
as a passive tool and integrate it as a collaborative partner. This requires moving
away from an individual-driven learning culture and taking proactive organizational
responsibility for upskilling, unifying AI strategies, and protecting the apprenticeship
of junior developers to ensure the long-term retention of deep domain knowledge.
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As the software development landscape continues to evolve, future research should
focus on long-term studies tracking the actual ROI of GenAI in real-world contexts
and on exploring pedagogical frameworks for training the next generation of software
engineers in this new environment.
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A
Appendix - Interview Questions

1. Can you tell us a bit about your current role at Husqvarna?

• What are your main responsibilities?

• (Manager): Do you work with programming yourself?

2. What do you think about the use of AI in software development?

3. What does your use of AI currently look like?

• What types of tasks do you use AI for? (Give examples)

• How often do you use it?

• When did you (and your department) start using AI in your work?

• Do you use AI agents? (For example, Claude Code)

4. Have you developed any specific strategies for how you write your
prompts or interact with AI?

• (For example, pasting file structures, setting roles, asking for step-by-step
plans. . . )

5. In which phases of development do you use AI?

• (The idea/design phase, requirements, planning, coding, refactoring, documen-
tation, testing or debugging)

• In which phases do you use it the most?

6. Do you perceive an increase in your productivity when working with
an AI tool? What does AI help you save the most time on?

• (Manager): Do you feel that AI tools save time for your team, or does the time
reappear later (for example in review or testing)?
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A. Appendix - Interview Questions

• What would you say are the biggest bottlenecks or blockers in the development
process today?

• What specific tasks or processes do you spend the most time on?

7. How much trust do you generally feel regarding the code the AI
generates?

• How much of your time goes into verifying AI code or output compared to
code you write yourself?

• Do you experience that there is a certain level of complexity before the tools
start to hallucinate or make mistakes?

A1. Do you use AI to translate designs or mockups into functional code?

• If so: How?

• If yes: Do you feel it gives you more or less creative freedom?

B1. Do you let AI handle infrastructure, databases, and configuration?

B2. What are your ideas on delegating backend changes to an AI agent?

• If skeptical: What kind of proof or reliability would you need to see before
making that shift?

C1. Do you feel that the AI models understand the context of the target
hardware, or do you mostly get generic code that needs to be rewritten?

D1. Do you use AI to generate tests or for any other test-related tasks?

E1. Has the way you measure your performance (e.g., KPIs, story points...)
changed since you started working with AI?

• If not: Do you think it should change?

E2. Integrating new tools requires significant time and resources for
training both the organization and the individual teams. What potential
challenges or bottlenecks do you see with this process today?

• How does the actual training happen in practice? For instance, do you arrange
formal workshops?

• Do you have any initiatives or forums for peer-to-peer learning where colleagues
can share knowledge with each other?

8. How has AI influenced how you view your own role?

• Do you see yourself more as an architect and reviewer than a coder when using
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these tools?

• Has access to AI caused you to take on tasks that previously lay outside your
role? (For example, are role boundaries blurring?)

• Do you experience increased pressure to deliver more or faster now that the
tools exist?

• Do you think AI helps with dealing with complexity (both technical and
organizational)?

• Does relying on AI help reduce your overall mental/cognitive load, or does
it sometimes increase it (for example by forcing you to review AI-generated
spaghetti code)?

9. Which skills do you perceive have become more or less important with
the rise of AI?

10. What do you see as the biggest challenges with using AI in your field
going forward?

11. What do you see as the biggest opportunities with using AI in your
field going forward?

12. What do you think your role will look like in 2-3 years?

13. Is there anything else that you think is important to mention regarding
your experience with AI?
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