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Abstract

Al powered tools for software development are rapidly becoming a common factor
in developers’ daily workflows. These tools have significant potential to reshape the
best practices in software development, yet the responsibility for realizing this po-
tential ultimately depends on their user. While much research has been done on Al
and its capabilities and performance, Al tool use cases in software development and
their effects on productivity have received less attention.

This master’s thesis studied AI tool usage and their effects on productivity
through a literature review as well as a case study. The literature review examined
the current state of the subject through scientific literature, whereas the case study
aimed at understanding practical application of Al tools in a real-world software
development context. The case study also analysed numerical project metrics from
time before and after the adoption of Al tools.

The research findings showed that AI tools have the potential to increase the
productivity of software developers. The most common factors behind the increase
in productivity with Al tools were automation of simple and monotonous tasks,
helping with learning new technologies and topics and improvement of work com-
fort. The biggest benefits were recorded when Al tools were used with caution and
predefined use cases.
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Tiivistelma

Ohjelmistokehityksen tukena kiytettavit tekodlytyokalut ovat kovaa vauhtia yleis-
tymassi osana kehittdjien arkea. Kyseisilld tyokaluilla on valtava potentiaali muo-
kata ohjelmistokehityksen parhaita kaytantoja, mutta suuri vastuu potentiaalin
realisoitumisesta on kuitenkin tyokalujen kayttdjan harteilla. Vaikka tekoalya ja sen
kyvykkyytta on tutkittu paljon, ovat tekodlytyokalujen kaytto ja niiden vaikutukset
kehittdjan tuottavuuteen jadneet vihemmalle huomiolle.

Tassa diplomityossa tekodlytyokalujen kayttoad ja niiden kayton vaikutuksia tut-
kittiin kirjallisuustutkimuksen, seka tapaustutkimuksen avulla. Kirjallisuustutki-
mus kartoitti tilannetta tieteellisesta kirjallisuudesta, kun taas tapaustutkimuksella
pyrittiin ymmartamain tekodlytyokalujen kiyttokohteita todellisessa ohjelmisto-
kehityksen arkipidivaisessa kontekstissa. Tapaustutkimuksessa analysoitiin myos
projektien numeerista dataa ennen ja jilkeen tyokalujen kayttoonoton.

Tutkimus osoitti, ettd tekoadlytyokalut omaavat potentiaalia kehittéjien tuotta-
vuuden parantamiseksi. Yleisimmat tekijat tuottavuuden kasvussa olivat yksinker-
taisten ja monotonisten tyotehtdvien automatisointi, uusien teknologioiden opis-
kelun helpottaminen ja tydmukavuuden parantaminen. Suurin hyoty tekoalytyoka-
luista oli, kun niita kaytettiin maltillisesti ennalta testattujen kayttotapojen mukai-
sesti.

Avainsanat Tekoily, Ohjelmistokehitys, Copilot, Tuottavuus
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1 Introduction

In the field of software development, Al-powered tools are rapidly becoming
more prevalent. In their empirical study about the technical capabilities and
developers’ perceptions of Al tools, Kuhail et al. (2024) describe that tools
like ChatGPT and Claude are large language models (LLMs) that work in au-
tomating monotonous tasks and otherwise improving developers’ productiv-
ity and efficiency. These tools act as conversational agents that utilize natural
language processing (NLP) techniques to understand human language as
well as programming languages (Kuhail et al., 2024; Zhou et al., 2025). The
significance of these Al tools is continuously growing, and they are becoming
an integral part of the everyday work of a software developer. The capabilities
of these Al tools are also growing rapidly in terms of problem-solving as well
as understanding new and less common technologies (Kuhail et al., 2024).

The usage of AI powered tools is increasing in many fields as well as among
students. Despite that, measuring of the perceived effects in productivity is
difficult and has not yet been widely researched (Ziegler et al., 2024). As Zieg-
ler et al., (2024) describe, it is tricky to measure the productivity of software
developers in general.

As these new Al tools are continuously growing in usage, it becomes increas-
ingly more interesting to understand how they should optimally be used and
what are the best practices with them. As Kuhail et al. (2024) describe, the
impact of these Al tools does not only rely on their ability to solve complex
coding problems but also on developers’ ability to utilize them. The study by
Ziegler et al. (2024) highlights that modern Al tools have reached such a level
of performance that their effectiveness largely depends on their user. As
these tools work with conversational prompting the possibilities for their us-
age are endless. With various identified use cases such as code explaining,
providing suggestions for new code and planning structure and required
technologies (Kuhail et al., 2024; Zhou et al., 2025; Zhang et al., 2023), the
interest towards understanding the best practices with Al tools grows in im-
portance.

This master’s thesis examines the influence of Al on the daily work of soft-
ware developers. Its primary objective is to link the applications and use
cases of Al tools to changes or impacts in productivity, thereby contributing
to an understanding of best practices for their utilization.



This thesis can be divided into two main sections. The first one being a liter-
ature review exploring the current landscape of software development and
the utilization of Al tools while the second part presents a descriptive embed-
ded single case study in a unit of a Finnish IT company. The literature review
examines the current state of Al tools and their effects on the daily routines
and productivity of software developers. The literature review also offers sig-
nificant background information on topics that lay the theoretical back-
ground for my research. The case study, on the other hand, is done to provide
empirical insights into how Al tools are integrated into real-world software
development practices and what are their effects on workflow efficiency and
real-life project metrics.

The case study aims at shedding light on the actual impacts that the AI tools
have had in the productivity and daily work of software developers as well as
understanding where the field is headed and what are the best practices with
these tools. The case study is carried out in a unit of a company that develops
robotic process automation (RPA) solutions for customers to automate mo-
notonous business tasks. The unit has been working on this field since 2018,
and the Al tools were introduced as part of work in the beginning of 2024.
Since then, developers have been able utilize these tools how they like. How-
ever, as the capabilities of these tools and assistants are growing rapidly, it
has become more and more interesting to understand their impacts and how
to make the most out of them. This study offers some concrete best practices
in using Al tools in software development.

My research questions for this master’s thesis are as follows:
RQ 1. How have Al tools affected software developers' daily work?
RQ 2. How have Al tools affected software developers' productivity?

Both the literature review and case study aim to answer both research ques-
tions. The case study seeks answers to these questions through a question-
naire on developers' practices with Al tools, as well as an archival analysis of
historical project data from Jira, a kanban board containing data on all past
and current projects. Developers’ practices with Al tools are also studied
through observations of daily work. The data collection methods employed
in the case study approach the research questions from different viewpoints.
The questionnaire and observations offer insight into practical Al tool usage
and its effects whereas the archival analysis takes a more numeric approach
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to the matter by analysing the change in project metrics, and thus productiv-
ity, after the introduction of Copilot.

The contents of this thesis consist of the following chapters. Chapter 2 pro-
vides a literature review on the topic first explaining related background in-
formation and then diving into the topic of Al tool usage in software devel-
opment. Chapter 3 explains and motivates the research methods employed
in this study and presents the case study scope. Chapter 4 presents the results
and findings of the case study. Chapter 5 is discussion where the results of
the case study are triangulated with findings from the literature review.
Chapter 6 expresses the threats to the validity of this study as well as the
measures taken to mitigate them. And finally in chapter 7 a conclusion is
drawn. Last pages are dedicated to references and appendixes.
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2 Literature review

This chapter is a literature review exploring previous research work on Al
tools usage in software development. The reference material for this chapter
was chosen from scientific databases Scopus, Google Scholar and Web of Sci-
ence based on factors such as release context and the number of times the
article has been referenced. The search for scientific literature on the topic
was conducted using keywords and phrases such as “Al tools”, “Al tool us-

» &

age”, “software development”, and “productivity”.

The sub-chapter 2.1 presents the theoretical background related to software
development projects as well as Al and its applications in software develop-
ment tools. This information is crucial in understanding the current situation
in Al tool usage in software development presented in sub-chapter 2.2. Fur-
thermore, sub-chapter 2.2 analyses the benefits and limitations of using Al
tools in software development linking them to concrete use cases from scien-
tific literature.

2.1 Theoretical background

This sub-chapter discusses the theoretical background for analysing Al tools
usage in software development. It provides an overview of software develop-
ment in general and the nature of the work. Then it explains some concepts
that are important to understand the full implications of Al tools usage.
These concepts include the productivity of a software developer, effort esti-
mation and the working principles of these Al tools.

2.1.1 Software development

Software development is known to be a demanding and complex task. As
Brooks (1987) defines, the essence of software is “a construct of interlocking
concepts: data sets, relationships among data items, algorithms, and invoca-
tions of functions” making software abstract yet highly precise and detailed.
Brooks (1987) follows by stating that this makes building software so hard.
Brooks (1987) also emphasizes the difficulty of representing abstract soft-
ware in a geometric form, noting that, unlike landscapes that can be illus-
trated with maps or silicon chips with diagrams, software lacks a comparable
geometrical visual representation.

Faraj and Sproull (2000) describe software development as “knowledge
work” where the most important resource is expertise. This highlights how
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communication is an integral part of software development. Maurer and
Hellmann (2013) explain that software development projects consist of
teams with experts in various fields where business representatives, for ex-
ample, understand the problem to be solved but do not have the necessary
programming skills to create the solution for it. With this Maurer and Hell-
mann (2013) imply that communication between all stakeholders is manda-
tory for the project to succeed.

In addition to adhering to schedule and budget constraints, a critical factor
in assessing the success of a software project is the quality of the software
produced. Sommerville (2016, Chapter 24.1) explains that the software in-
dustry has established a standard definition of quality based on conformance
to product specifications. Yet the quality of a software cannot only be meas-
ured through the created functionality but through its non-functional char-
acteristics (Sommerville, 2016, Chapter 24.1). Sommerville (2016, Chapter
24.1) provides an example of non-functional characteristics in figure 1.

Safety Understandability Portability
Security Testability Usability
Reliability Adaptability Reusability
Resilience Modularity Efficiency
Robustness Complexity Learnability
Figure 1. Software quality attributes by Sommerville (2016,
Chapter 24.1)

All in all, as Brooks (1987) states, building software will always be hard and
there is “no silver bullet”. The definition for project success is not as straight
forward as one might imagine and at the centre of the process is communi-
cation and shared understanding of the process (Faraj and Sproull, 2000).

2.1.2 The productivity of a software developer

The productivity of software developers is a hugely important factor for a
software project to be successful, yet there is no easy solution to objectively
measure this productivity (Oliveira et al., 2020). As stated in the systematic
literature review by Chapetta and Travassos (2020), it is important to under-
stand developers’ productivity as the profit of software companies directly
depends on it. In their survey study, Meyer et al. (2017) explain that research
on factors affecting developer productivity has been ongoing since the 1970s,
characterizing it as a multifaceted phenomenon shaped by technical ele-
ments, including technologies employed, project scale, and quality, alongside
social aspects such as team dynamics, professional experience, and
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workplace conditions. Graziotin et al. (2013) note that despite well-estab-
lished research, little is still known about the productivity of an individual
developer. Oliveira et al. (2020) complement this by stating that it is much
easier to measure productivity of a team or organization than an individual.

Chapetta and Travassos (2020) define the term productivity as “the relation-
ship between the outcome and the resources used to produce it”. With this
definition it would be very intuitive to measure the relationship between the
output of developers work, code, and time used to produce it. In their study
Oliveira et al. (2020) present two different approaches to measuring devel-
oper productivity - produced code per time and produced commits per time.
The offered approaches for measuring productivity in produced code over a
period of time either simply analysing the rows of code produced, number of
files produced, or the amount of produced code as well as its complexity. In
the commit-based approach, on the other hand, Oliveira et al. (2020) meas-
ured the number of commits, amount of committed code rows and amount
of committed code characters. Oliveira et al. (2020) found in their study that
metrics based on the amount and complexity of code produced by developers
exhibited the strongest correlation with lead developers' perceptions of indi-
vidual developer productivity. In the end, Oliveira et al. (2020) state that the
observed productivity is always a subjective matter as developers themselves
value high quality code more, whereas project managers tend to value the
number of produced features higher.

Yilmaz et al. (2016) approach developer productivity more from a social ac-
tivity standpoint, viewing software development as a collaborative process
influenced by factors such as team dynamics, workplace environment, and
social interactions, rather than a standalone metric suitable for objective
measurement. They argue that productivity is shaped by a complex interplay
of technical and social elements, with social capital playing a pivotal role in
enhancing team performance. Complementing this, Graziotin et al. (2013)
present a study where professional and student software developers were ob-
served in their natural work environments on real software projects, with
their behaviour monitored and self-assessments of state of mind and produc-
tivity collected every 10 minutes using a questionnaire. Their findings sug-
gest that a developer’s positive disposition is closely linked to higher produc-
tivity, reinforcing the notion that emotional well-being in the workplace is
critical for higher performance. Together, these studies shift the focus from
purely technical metrics of productivity to a more holistic understanding that
incorporates social and emotional dimensions. For instance, Yilmaz et al.
(2016) identify motivation and team alignment as key influencers, while
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Graziotin et al. (2013) provide evidence that developers’ subjective experi-
ences directly impact their output.

As stated, the concept of software developers’ productivity is complex and
hard to grasp. Graziotin et al. (2013) state that a common practice in psychol-
ogy is to let participants self-evaluate their own productivity, as self-evalua-
tions often produce consistent objective measures. Their findings substanti-
ate a robust correlation between developers’ self-evaluated productivity and
their perceived productivity within the study’s context, underscoring the re-
liability of introspective measures in capturing productivity dynamics. Sim-
ilarly, Meyer et al. (2017) offer a complementary perspective, implying that
individual personality traits significantly influence perceptions of productiv-
ity-related factors. Their work suggests that developers exhibit diverse pref-
erences shaped by their personalities. For instance, some thrive in solitary
environments, valuing uninterrupted focus, while others derive motivation
and efficiency from social environments. To summarize, productivity lacks a
singular definition, but various approaches can be employed to understand
individual and group productivities as well as variables influencing them.

2.1.3 Effort estimation

Estimating a software project’s required effort is an important part of soft-
ware development and often necessary for a project to start (Pressman, 2005,
p. 642). McConnell (1996) explains that only after this estimation can the
needed number of people for the project be decided. McConnell (1996) also
describes that some project attributes affecting the effort estimation are the
size of the project, wanted features, needed quality and the trade-offs be-
tween features, quality and time. The more is known about these attributes,
the more accurate the estimation. Due to the nature of software development,
important information often emerges during the project and thus the effort
estimation changes and optimally becomes more accurate during the project
(McConnell, 1996).

Pressman (2005, pp. 659-661) explains that a common way for generating
effort estimations is to use data in empirically derived formulas or algo-
rithms. In practice this means using the data such as object points, a measure
calculated from the number of screens, reports and components, with an al-
gorithmic approach, the most notable example being COCOMO from the
classic book “Software Engineering Economics” by Boehm (1984). However,
Pressman (2005, p. 659) notes that a vulnerability of this approach is that
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“most estimation models are derived from a limited sample of projects”,
which limits the appropriateness of this approach in some situations.

Another common way to perform effort estimation is expert judgment. The
study by Jorgensen (2004) shows that at least in the late 9os and early 2000s
expert judgment was the most employed effort estimation strategy in soft-
ware development. According to Jergensen (2004), effort estimation quali-
fies as expert judgment when “the estimation work is conducted by a person
recognized as an expert on the task” and the evaluation relies primarily on “a
nonexplicit and non-recoverable reasoning process,” such as intuition.
Jorgensen (2004) suggests that possible reasons for the high usage rate of
expert judgment could include organizations being uncomfortable using
models or algorithms that they don't fully understand or organizations not
perceiving benefits from using them.

Due to the complex and hard to grasp nature of software development, effort
estimation is often difficult. McConnell (1996) notes that forming an effort
estimation often includes doing trade-offs between time and quality as well
as accuracy of estimation and control over project. As previously noted, effort
estimations frequently evolve throughout the course of a project. Pressman
(2005) emphasizes that estimation should be regarded as just one part of the
project's iterative nature. What makes effort estimation even harder is to find
an estimate that pleases all different parties involved such as developers, pro-
ject managers and customers (McConnell, 1996). Thus, it can be challenging
to find a way to align the ambitious views from customers and the pragmatic
thinking of developers.

2.1.4 Al and its applications

In recent years, the term AI has become very popular and often so much so
that the meaning for the term has become somewhat unclear. Broadly speak-
ing, the term Al serves as an umbrella concept encompassing a range of tech-
nologies and computational approaches. Abbass (2019), approaches the def-
inition of AI to be about autonomy or “automation of automation” rather
than pure automation. Abbass (2019) sees Al as a social and cognitive phe-
nomena that involves socially interacting machines, performing complex
cognitive tasks, and communicating efficiently within a society.

Defining Al is a demanding task, but in terms of Al, the scope of this thesis
is large language model (LLM) based solutions, trained on large amounts of
data, that can be leveraged in software development. A core part of these Al
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tools is natural language processing (NLP) which is a combination of linguis-
tics and computer science to convert human language to suitable inputs for
the LLM and vice versa (Mohammad et al., 2023). According to the book “Ex-
ploring the Power of ChatGPT” by Sarrion (2023, Chapter 1.2) NLP is based
on tokenizing user input, meaning that the input is split into smaller parts so
that the LLM can understand the relationships between the words of the in-
put. After this the LLM leverages multidimensional vector embedding to pre-
sent the user input numerically to help the LLM in processing it (Sarrion,
2023, Chapter 1.2).

Following NLP tasks, the LLM leverages its core neural network to process
input and craft responses, a process refined during customization where the
network is tuned with training data to enhance its ability to handle specific
tasks such as answering questions or generating domain-specific text (Sar-
rion, 2023, Chapter 1.2). Sarrion (2023, Chapter 1.2) explains that “neural
networks have revolutionized machine learning and data processing” by en-
abling machines to learn from a dataset and perform tasks based on what
they have learned.

All the features briefly described above form the actual large language model.
As the study by Jiang et al. (2022) shows, LLM based solutions are typically
“used” or instructed through prompts in natural language. As the study by
Jiang et al. (2022) points out, quality and provided context of the prompt
play a significant role in quality of the LLMs output. A particularly interesting
AT tool for this thesis is GitHub’s Copilot. Chen et al. (2021) explain that Co-
pilot is an Al tool built on top of OpenATI’s coding specific language model
Codex, which was at the time of writing their article trained on 50 million
GitHub projects equalling 159 gigabytes of data. At the core of GitHub’s Co-
pilot is its capability to offer code suggestions in real time, provide documen-
tation for code as well as providing information or code through prompts
(GitHub, 2025).

2.2 Al tools in software development

In recent times, the widespread introduction of Al tools and programming
assistants like ChatGPT and GitHub Copilot has transformed the traditional
approach to software development, significantly impacting the software en-
gineering landscape as explained by the findings of the extensive survey
about Al tool usage and usability in software development by Liang et al.
(2024). There have been numerous studies measuring Al tools’ effects on
programming productivity in recent years. The consensus seems to be that
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the increase in productivity enabled by Al tools is somewhere between 30
and 80 per cent (Cui et al., 2024; Kuhail et al., 2024; Solohubov et al., 2023).
As identified by Moroz et al. (2022) in their study analysing GitHub issues
about problems users encountered when using GitHub Copilot, Al tools have
the capabilities to provide assistance in each step of the software life cycle
such as requirements engineering, architectural planning and development.
As Kuhail et al. (2024) state, the perceived benefits of these Al tools are often
highly dependable on their user’s attitude towards them. To delve further
into this topic, this chapter provides more insight into how Al tools are used
in sub-chapter 2.2.1. Then possible limitations and challenges regarding Al
tool usage are discussed in 2.2.2. And finally sub-chapter 2.2.3 analyses Al
tools’ effects on productivity from multiple viewpoints.

2.2.1 Use cases

This chapter covers the use cases for Al tools from scientific literature arti-
cles. These use cases are findings from studies ranging from controlled envi-
ronments to real world studies. These findings include technical program-
ming related use cases like automated code creation and boilerplate code pro-
duction (Pangavhane et al., 2024; Prather et al., 2023) and more non-tech-
nical use cases to optimize workflows by using Al tools as conversational
agents (Kuhail et al., 2024)

By far the most common use case for Al tools in software development, men-
tioned in scientific literature, is automated code generation. As Solohubov et
al. (2023) explain in their article, Al tools like ChatGPT and Copilot enhance
software development by leveraging advanced language understanding and
code generation to provide auto-completion, hints, and rapid implementa-
tion, significantly accelerating the programming process. These autocom-
plete suggestions and code generation capabilities help in creating “boiler-
plate code” and eliminating the struggle with an “empty canvas” by helping
developers to quickly produce a solid starting point for their code (Liang et
al., 2024; Vaithilingam et al., 2022). Ziegler et al. (2024) note that automated
code generation not only provides a starting point but also enables develop-
ers to bypass writing simple, repetitive code that is simple enough for Al tools
to generate effortlessly. In their study, Solohubov et al. (2023) reported that
the usage of GitHub Copilot “allowed for approximately a 30% increase in
writing the logic of the project”. In contrast to analysing spent time, Liang et
al. (2024) found out that developers using GitHub Copilot report a median
of 30.5% of their code being generated with the tool's assistance. Developers
cite the primary reasons for using Al programming assistants as their ability
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to minimize keystrokes, expedite task completion, and recall correct syntax
(Liang et al., 2024; Mendes et al., 2024). In the qualitative study mapping
out developers perceptions of Al in software development with semi-struc-
tured interview, Stavridis and Drugge (2023) report that the biggest benefits
from Al tools are accomplished when working with technologies and syn-
taxes completely new for the user.

In addition to code generation, Al tools also provide help in quality assurance
(Mendes et al., 2024; Zhang et al., 2023). In the study by Zhang et al. (2023),
it is noted that oftentimes the code generated solely by Al tools might be as
good as one produced by humans, however the code from Al is often very well
documented. This means that the code from Al contains comments and doc
strings that help in understanding the code. In addition to comments, code
produced by Al is often written in an easy to read and debug manner (Zhang
et al., 2023). The study by Pudari and Ernst (2023) found out that Al pro-
duced code was always correct syntax wise. They also state that when pro-
vided with suitable scope and context, the Al tools are able to provide bug
free code. In their study assessing GitHub Copilot’s code output quality with
different prompts in comparison to human created code, Moradi et al. (2023)
add to the topic of importance of prompt quality by explaining that the qual-
ity of the AI generated code often heavily depends on the quality of the
prompt provided by the user. The study by Mendes et al. (2024), analysing
developers’ experiences with Al tools through semi-structured interviews,
also supports Al tool usage in quality assurance by stating that Al tools are
often used to rewrite and document already created code to improve its qual-
ity through better readability and easier to understand design.

In their multi-case case study researching LLM adoption in industrial set-
tings, Kemell et al. (2024) found that in terms of quality assurance, Al tools
are also helpful in creating tests for code. While referring to software devel-
opment, Pangavhane et al. (2024) state that businesses are able to speed up
their releases with Al tools and Al driven testing leading to approximately 30
% decrease in testing times. They explain that this is achieved by utilizing AI's
capabilities in creating high quality tests based on project and code require-
ments. In their study, Kemell et al. (2024) found out that one respondent had
begun to enjoy test driven development more with these Al capabilities help-
ing in test creation early in development. Pangavhane et al. (2024) add that
the test creation capabilities are a result of AI’s proficiency with a large num-
ber of programming languages, libraries and frameworks.
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Not necessarily a use case, but rather a reason to use Al tools in software
development is the reported user satisfaction (Kuhail et al., 2024; Prather et
al., 2023). In their article focusing on GitHub Copilot’s effects on developer
productivity through a multi-team case study Smit et al. (2024) highlight de-
veloper satisfaction's importance in productivity and in their study, they
found out that 80% of respondents reported an increase in job satisfaction
after integrating GitHub Copilot as part of their routine work. Prather et al.
(2023) state that the satisfaction gained through the usage of Al tools helps
developers improve and learn new things faster. Furthermore, they highlight
the importance of a positive mindset in learning. Kuhail et al. (2024) explain
that developers are more motivated towards their work in general when Al
tools speed up repetitive, monotonous tasks allowing them to spend more
time on more complex issues. The study by Prather et al. (2024) showed that
developers are interested in using Al tools in coding even though it some-
times might lead to long debugging sessions. This shows that sometimes de-
velopers might prefer the more fun way of doing things even if it might risk
spending more time doing it.

In discussing common uses of Al tools in software development, information
retrieval is another key focus in recent scientific literature (Kemell et al.,
2024; Pudari and Ernst, 2023; Vaithilingam et al., 2022). Stavridis and
Drugge (2023) expect that in the future the traditional workflow of searching
answers from Google and Stack Overflow in particular shifts to mostly asking
questions from Al tools as the primary option. They explain that with Al
tools’ vast amounts of training data, including scraped internet data from the
previously mentioned sources, the Al tools can provide developers with faster
and more accurate answers. Pudari and Ernst (2023) explain that especially
when the first Al tools were introduced, information retrieval was a common
use case for them. Kemell et al. (2024) underscore that with GitHub Copilot,
the user does not need to even leave their IDE to search for information, as
Copilot provides an integrated conversation window within IDEs. Moroz et
al. (2022) note that Al tools' information retrieval capabilities also extend
beyond programming topics, proving highly valuable for gathering back-
ground information needed to develop field-specific solutions.

In their case study researching Al tools integration to developers’ daily work-
flows through observations and a questionnaire Coutinho et al. (2024) note
that, beyond implementing functionality, Al tools are also capable of provid-
ing suggestions in problem solving as well as turning requirements into code
level solutions. In their 2023 study, Stavridis and Drugge characterize Al
tools as "collaborative entities," a term that underscores their role as
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augmentations of users' capabilities rather than independent solution pro-
viders. In addition to code level problem solving, Mbizo et al. (2024) explain
that Al tools are also helpful in designing system architecture and file struc-
ture especially in cases where data from previous similar projects is available.
Al tools help in problem solving can also be approached from another angle.
Pangavhane et al. (2024) state that with the help of Al tools in automating
and speeding up other activities, users are left with more time for problem
solving facilitating a room for more research as well as trial and error.

Another major use case for Al tools is code explanation and suggestions for
technologies and frameworks (Kemell et al., 2024; Kuhail et al., 2024). In
their study, Kuhail et al. (2024) list six of the most prominent Al tool use
cases and these include code explanation, best practice suggestions and tool
recommendations. Regarding tools and best practices, they explain that with
AT tools’ large knowledge base on several technologies, it can suggest best
practices and tools for various scenarios. Kuhail et al. (2024) provide a de-
tailed explanation indicating that this refers to Al-generated guidance on
programming best practices, such as the use of design patterns and efficient
implementation strategies that align with industry standards. At the tool
level, this translates to recommendations for specific libraries or frameworks
that are contextually appropriate for the task at hand. Moroz et al. (2022)
add that these suggestions are made possible by modern Al tools’ extensive
knowledge in various technologies and frameworks.

The AI tools’ capabilities also allow for fast code explanation for existing
code. Kemell et al. (2024) explain that in this fashion AI tools can be ex-
tremely helpful in situations where one must understand or edit code pro-
duced by someone else. Furthermore, current Al tools have the ability to ex-
plain and summarize entire code bases or repositories. Kuhail et al. (2024)
complement this by highlighting the usefulness of Al tools explanations for
singular algorithms or code snippets. This means explaining how the code
works and how it is used in the project. In addition to interpreting existing
code written by others, Al tools can also assess the user's own code and pro-
vide explanations for potential modifications or improvements (Stavridis
and Drugge, 2023).

The final major use case for Al tools in software development researched in
the scientific literature is studying and learning new topics (Finnie-Ainsley et
al., 2022; Moroz et al., 2022). This is an interesting theme as the software
development industry is known for rapid changes and new emerging tech-
nologies requiring professionals to always keep their knowledge up to date
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(Smit et al., 2024). In the study by Liang et al. (2024) many respondents re-
ported being interested in GitHub Copilot to learn new technologies, mind-
sets and approaches in addition to being interested in automating code pro-
duction to some extent. The article by Finnie-Ainsley et al. (2022) goes as far
as stating that Al tool technology “should be of interest to all computing ed-
ucators”. They explain that Al tools could be utilized in learning by example
or in explaining and recognizing qualities that improve code in a defined con-
text. On a concrete level this learning could mean studying new coding lan-
guages while utilizing Al tools to help with syntax or reviewing and analysing
different code snippets to recognize what makes some snippets better than
others. Finnie-Ainsley et al. (2022) further describes that in the future, cod-
ing education could include more code review and evaluation to avoid pitfalls
with automatic code generation used in coding exercises.

Table 1. Summary of identified Al tool use cases

References
Liang et al., 2024; Mendes et al., 2024; Stavridis
and Drugge, 2023; Solohubov et al., 2023; Vaithil-
ingamn et al., 2022; Ziegler et al., 2024;

Use Case

Automated code generation

Improving code quality and

creating documentation

Mendes et al., 2024; Moradi et al., 2023; Pudari
and Ernst, 2023; Zhang et al., 2023

Creating tests

Kemell et al., 2024; Pangavhane et al., 2024; We-
ber et al., 2024

Improving working mindset

Kuhail et al., 2024; Prather et al., 2023; Smit et al.,
2024

Information retrieval

Kemell et al., 2024; Moroz et al., 2022; Pudari and
Ernst, 2023; Stavridis and Drugge, 2023; Vaithil-
ingamn et al., 2022;

Problem solving and solu-

tion design

Coutinho et al., 2024; Kemell et al., 2024; Mbizo
et al., 2024; Pangavhane et al., 2024; Stavridis and
Drugge, 2023

Tool and workflow sugges-

tions

Kemell et al., 2024; Kuhail et al., 2024; Moroz et
al., 2022; Stavridis and Drugge, 2023

Code explanation and refac-

toring

Kemell et al., 2024; Kuhail et al., 2024; Stavridis
and Drugge, 2023

Learning

Finnie-Ainsley et al., 2022; Liang et al., 2024;
Moroz et al., 2022; Smit et al., 2024
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2.2.2 Challenges and limitations

This chapter contains a detailed analysis of the limitations and challenges
associated with Al tool usage in software development. These limitations and
challenges are ones that are often caused by either the way these Al tools are
used or by difficulties in integrating them as part of routine workflow. It is
notable that most of the caveats in using Al tools can be avoided with suffi-
cient behaviour and standards with AI tools (Finnie-Ainsley et al., 2022).
Nevertheless, some of the most common problems are associated with the
quality of the content produced by Al.

The most predictable challenge with Al tools is the quality of what they pro-
duce (Liang et al., 2024; Mendes et al., 2024; Moradi et al., 2023). The prob-
lems with AI tools’ output usually requires users to go out of their way and
change their workflows to adjust to mistakes made by AI (Liang et al., 2024;
Moradi et al., 2023). The study by Liang et al. (2024) mapped out some of
the most common problems with AI outputs. This included code that does
not meet functional or non-functional requirements and code that is not fully
understood by the developer. This in turn has two consequences, either the
developer declines the Al code all together or then risks spending more time
debugging it (Finnie-Ainsley et al., 2022; Liang et al., 2024; Moradi et al.,
2023). To ensure high quality code and sufficient development, Kuhail et al.
(2024) point out that human understanding of the code is essential. Moradi
et al. (2023) articulate that problems with AI tools’ outputs can often be
avoided with sufficient prompting tactics. In practice this means giving
enough context to Al to produce the code as well as not asking the Al to pro-
duce too large chunks of code at a time. Moradi et al. (2023) explain that AI
tools work best when building something piece by piece and that they tend to
neglect important details when asked to complete unnecessarily big pieces of
code at a time. They illustrate this by noting that GitHub Copilot compre-
hends the bubble sort algorithm and can implement it effectively yet strug-
gles to apply it when the contextual scope becomes overly extensive, even if
bubble sort is the optimal choice for the scenario.

Another challenge with Al tools is the quality of their training data (Prather
et al., 2023; Wong et al., 2023). As Fjeld et al. (2024) put it, “Al systems are
as good as the data they are trained on”. This is also at least a partial cause
for AT’s poor outputs. The two primary concerns with the quality of the train-
ing data are security (Coutinho et al., 2024; Mendes et al., 2024; Wong et al.,
2023) and technical debt (Mbizo et al., 2024; Moroz et al., 2022). In terms of
security, Al tools spark debate on whether they can deliver code that has no
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vulnerabilities and handles data in a secure manner (Wong et al., 2023). An-
other security challenge is to understand what kind of information is safe to
share with AI and is the information compromised to leaks if shared with AI
(Coutinho et al., 2024). As Mbizo et al. (2024) inform, in most cases it is not
clearly disclosed whether Al tools might use human inputs as training mate-
rials subsequently compromising any sensitive data shared with Al.

The second major concern with the training data of Al tools is if it is up to
date (Moroz et al., 2022). Moroz et al. (2022) clarifies that the varying quality
of the training data, which might include open repository data from inexpe-
rienced developers, might very well lead into Al tools suggesting deprecated
solutions. Mbizo et al. (2024) add that insufficient and deprecated sugges-
tions are likely to cause technical debt requiring maintenance and updating
in near future lowering the overall value of the code. For this Moroz et al.
(2022) suggest that the training data should have an expiry date after which
the AI would not use it as a basis for its suggestions. Wong et al. (2023) even
express an idea of “synthetic” training data constructed purely for the pur-
pose of training LLMs for a strict context. On the other hand, depending on
the context this would most likely require significant human efforts in creat-
ing the training data. Other more minor concerns with Al training data in-
clude worries of intellectual property rights and harmful language and ideo-
logies (Moroz et al., 2022).

When working with Al tools, a continuously growing concern is relying too
heavily on Al tools outputs instead of one’s own abilities (Moroz et al., 2022;
Weber et al., 2024). In other words, this means using Al as the primary
source for code production without sufficient reviews. This can result in bugs
ending up in production code as developers don’t fully understand their code
(Moradi et al., 2023). Another caveat with overreliance in Al tools is ending
up in a spiral of lengthy debugging sessions costing more time than coding
without Al tools altogether (Vaithilingam et al., 2022; Weber et al., 2024).
Contrary to consensus in the field, Moradi et al. (2023) state that the code
produced by Al tools is often easier to debug than entirely human written
code. The studies by Zhou et al. (2025) and Vaithilingam et al. (2022) on the
other hand, show Al tools users reporting a feeling of losing control over their
own code. With this the respondents implied that debugging Al produced
code ended up costing more time and effort than writing the code on their
own. A solution for this problem by Zhou et al. (2025) is a practice where Al
is used in either planning or coding but not both. This approach allows de-
velopers to either collaborate with Al to brainstorm ideas or oversee that AI-
generated code effectively meets its intended purpose.
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The growing reliance on or misuse of Al tools in programming education has
garnered significant attention. As of now, Al tools can effortlessly complete
simple to moderately complex assignments, enabling students to pass intro-
ductory courses with minimal effort. However, this approach undermines the
development of essential programming skills and conceptual understanding.
A common tendency among students learning to code is to prioritize quickly
completing assignments over engaging in deep, meaningful learning. In ad-
dition to this, teachers or assistants rarely have the time and capability to
review every submission to verify they are not Al creations. Thus, program-
ming education is at a turning point where new ways of learning need to be
invented. (Prather et al. 2023)

In examining the challenges and limitations of AI tool adoption, it is notable
that study participants frequently report difficulties in incorporating these
tools into their daily workflows and understanding their effective use
(Mendes et al., 2024; Zhou et al., 2025; Weber et al., 2024). The study by
Zhou et al. (2025) lists technical problems as the biggest challenge with Al
tool usage. This means inconveniences like an IDE incompatible with Al tools
like Copilot or Al tools not responding correctly for user inputs. Findings by
Kemell et al. (2024) complement this by explaining that users had difficulties
in having correct files open to give Copilot the needed context for generating
code. They also found out that having IDE open for too long starts to cause
issues with the AT tool.

Another difficulty in integrating Al tools as part of daily workflow is to learn
how to use them effectively (Mendes et a., 2024; Weber et al., 2024). The
study by Weber et al. (2024) points out that less experienced participants
struggled to generate well-integrated quality code with AI tools, whereas
more experienced users had a clear idea of providing enough contextual in-
formation for Al to make it generate optimal code. Another key aspect of ef-
fectively leveraging Al tools involves developing the ability to understand
when to disregard Al generated suggestions (Kemell et al., 2024). Lastly,
something users need to learn with Al tools is effective prompting and how
to provide the tools with enough contextual information (Kemell et al.,
2024). Kemell et al. (2024) note that users often struggled to determine
whether suboptimal AI outputs were a result of the quality of their own
prompts.

A technical limitation of Al tools lies in their ability to comprehend and pro-
duce code for newer and less used technologies (Pudari and Ernst, 2023;
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Zhou et al., 2025). This issue may manifest as "hallucinated" or outdated
code elements, such as APIs or libraries, or even entirely non-functional or
erroneous code (Liang et al., 2024; Zhou et al., 2025). As Zhang et al. (2023)
explain, one of the most used Al tools for programming, GitHub Copilot, is
used most of the time with the same technologies and thus, naturally has a
larger knowledge base on them. For coding languages these include JavaS-
cript, Python and C# and for technologies almost half of the time Copilot is
used for Node.js. This highlights that LLMs struggle to perform effectively
with technologies for which they have limited or no training data. Kemell et
al. (2024) also name keeping up with the continuous emergence of new tech-
nologies as a challenge for Al tools.

Among the various limitations observed in the adoption of Al tools for soft-
ware development, resistance to change emerged as a significant barrier in
certain cases. In one of the pilot groups in the study by Kemell et al. (2024),
one participant exhibited apparent scepticism towards LLMs like Copilot,
dismissing its autocomplete feature as insufficient for coding and finding its
chat functionality inadequate. Even after months of use, they remained un-
convinced of Copilot’s value, perceiving it as a suboptimal tool (Kemell et al.,
2024). This resistance highlights the broader challenge of user adoption,
where effective LLM utilization demands effort and context provision, with-
out which the tools’ benefits may remain unrealized. While this aligns with
other limitations, such as difficulties in prompt crafting or handling newer
technologies, data from all the case studies by Kemell et al. (2024) indicate
that such pronounced resistance is in the end relatively rare.

A key consideration in the discourse on Al tool usage in software develop-
ment is the ethical implications of their application. The biggest talking
points regarding the ethical aspects are knowing what data has been used for
training the Al, understanding the importance of quality control regarding
AT produced code, privacy issues as well as harmful biases and data owner-
ship (Akbar et al., 2025; Fjeld et al., 2024; Pashchenko, 2023). As Pash-
chenko (2023) explains, there are still many unanswered questions regarding
the legislation concerning data ownership, intellectual property rights of
code as well as author's rights, copyrights and patents. Pashchenko (2023)
underscores that as Al tools become more pervasive, appropriate legal frame-
works and ethical guidelines are needed to protect both individuals and com-
panies from potential misuse of data and to ensure responsible usage of Al
tools. When discussing software engineering research, Akbar et al. (2025)
highlight the critical need for responsible Al tool usage, noting, for instance,
that customers may be unaware or unprepared for their sensitive information
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being shared with Al systems. This is generalizable to all fields of AI use and
underscores the ethical responsibility of developers to ensure transparency
and safeguard data privacy when integrating Al into software development
processes.

Contrary to many other articles, Kemell et al. (2024) also analyse the limita-
tions of Al tools usage on an organizational level. The challenges and limita-
tions encompass previously discussed issues, including data privacy and in-
tellectual property rights, as well as concerns related to the broader adoption
of Al tools within the organization such as costs and efficiency. Organisations
are naturally interested in evaluating the benefits achieved with buying Al
tool licenses. The difficulty in measuring software developers' productivity,
as previously discussed, combined with these factors, presents a significant
challenge. Consequently, it is inherently challenging to assess which AI tools
provide the greatest value in terms of benefits gained relative to their licens-
ing costs. The continuous emergence of new technologies in Al tools as well
as programming is also something that concerns organisations when adopt-
ing Al tools as a part of developers' daily work. (Kemell et al., 2024)

Table 2. Summary of identified challenges and limitations in Al

tool usage
Challenge or limitation Reference
Finnie-Ainsley et al., 2022; Kuhail et al., 2024;
Weak outputs from Al Liang et al., 2024; Mendes et al., 2024; Moradi
et al., 2023

Coutinho et al., 2024; Fjeld et al., 2024; Mbizo
Weaknesses in Al training data | et al., 2024; Mendes et al., 2024; Moroz et al.,
2022; Prather et al., 2023; Wong et al., 2023

Moradi et al., 2023; Moroz et al., 2022; Vait-

Overreliance on Al hilingamn et al., 2022; Weber et al., 2024; Zhou
et al., 2025

Compromises the learning of

.. Prather et al., 2023
junior developers

Difficulty in adopting, using, | gemell et al., 2024; Mendes et al., 2024; Weber

and learning Al tools et al., 2024; Zhou et al., 2025

Al tools’ poor performance | Kemell et al., 2024; Liang et al., 2024; Pudari
and Ernst, 2023; Zhang et al., 2023; Zhou et al.,
2025

Resistance to change Kemell et al., 2024

with less common technologies

27



Akbar et al., 2025; Fjeld et al., 2024;
Pashchenko, 2023
Organizational challenges Kemell et al., 2024

Ethical concerns

2.2.3 Impacts in productivity

This chapter delves into the perceived effects Al tools have had on developers’
productivity. The effects are a sum of the benefits, use cases and challenges
related to Al tool usage. Al tools significantly enhance developers' productiv-
ity; however, to fully comprehend this complex issue, the various methods by
which productivity is improved must be identified (Solohubov et al., 2023).

The most significant and obvious way Al tools improve developers’ produc-
tivity is by expediting various routine tasks’ completion (Liang et al., 2024;
Zhang et al., 2023; Ziegler et al., 2024). The first and most obvious way of
speeding up development is automatic code generation which is extremely
useful in generating repetitive or boilerplate code allowing developers to
spend most of their time solving more complex problems within the code
(Liang et al., 2024; Pangavhane et al., 2024; Prather et al., 2023). Another
way of saving time with Al tools is that they eliminate the need for spending
time googling solutions for various problems (Pudari and Ernst, 2023). As
Kemell et al. (2024) explain, GitHub Copilot users are able to search for in-
formation within their IDE with Copilot. Other ways of speeding up develop-
ment with Al tools include writing documentation (Moroz et al., 2022), writ-
ing tests (Weber et al., 2024), as well as helping to understand code written
by others (Mbizo et al., 2024). With sufficient practices in using Al tools, the
user can speed up their development avoiding caveats like “the debugging
rabbit hole” (Prather et al., 2023). Stavridis and Drugge (2023) observed an
approximate 30% increase in code production velocity with Al tools, whereas
Weber et al. (2024) found that participants using GitHub Copilot accelerated
all their daily work tasks by 35% overall.

The usage of Al tools also offers support in productivity from the social stand-
point (Vaithilingamn et al., 2022; Zhang et al., 2022). As previously dis-
cussed, Yilmaz et al. (2016) and Graziotin et al. (2013) explain that the
productivity of a developer also has a social dimension where pleasure and
positive mindset in everyday work play a major role in one’s productivity.
Zhang et al. (2023) investigated developers' attitudes toward using Al tools
in their work, revealing that developers find greater enjoyment in their tasks
when using Al tools, with GitHub Copilot eliciting the most positive re-
sponses among the tools evaluated. Vaithilingam et al. (2022) and Prather et
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al. (2024) found that developers enjoy Al tool usage to such an extent that
they are willing to employ them despite occasional erroneous suggestions,
which can lead to extended debugging sessions. Pudari and Ernst (2023) pro-
pose that AI tool usage may alleviate developers' pressure to deliver code
quickly, yielding long-term benefits for their mental well-being and social
stance towards work. Smit et al. (2024) reported that 80 % of respondents
mentioned an increase in satisfaction towards working with Al tools

Al tools can enhance productivity by recommending technologies and facili-
tating the expansion of an individual's knowledge base (Coutinho et al.,
2024; Liang et al., 2024; Stavridis and Drugge, 2023). As Faraj and Sproull
(2000) emphasize, the critical role of expertise in software development, as
a form of knowledge work, underscores the value of Al tools, since expertise
in programming can lead to substantial improvements in program efficiency,
potentially by order of magnitude. Al tools have the capability to aid one’s
individual learning of new technologies, coding languages or techniques
(Liang et al., 2024). Furthermore, this allows one to become more efficient
in their daily work through improved expertise, thus improving productivity.
Moroz et al. (2022) highlight the learning advantages of Al tools, noting that
they also enable individuals in junior roles to more effectively adapt to their
work responsibilities. Al tools can substantially support inexperienced devel-
opers in learning and enhancing their coding skills, though they also place
significant responsibility on these developers to use the tools appropriately
to avoid hindering their own learning progress by relying too much on these
Al tools (Mbizo et al., 2024; Prather et al., 2023).

Another way to look at improved productivity is that Al tools help developers
produce higher quality solutions in an efficient manner (Zhang et al., 2023).
As software quality is nowadays seen as a major factor in project success
(Maurer and Hellmann, 2013), efficient quality code production can be seen
as part of productivity. Al tools are capable of analyzing requirements and
forming tests for code based on them (Kemell et al., 2024; Moroz et al.,
2022). This allows developers to design tests before writing the actual code
facilitating test driven development - a framework commonly associated with
high quality code and good coding standards (Kemell et al., 2024; Moroz et
al., 2022). Other previously discussed ways of improving project quality with
AT tools include writing documentation and refactoring old code to fit mod-
ern quality standards (Mendes et al., 2024).

Stavridis and Drugge (2023) propose that, given adequate contextual infor-
mation and sufficiently detailed requirements, artificial intelligence may
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eventually possess the capability to autonomously develop comprehensive
systems. Unlike most of the scientific literature regarding Al tool usage in
software development, the study by Ozpolat et al. (2023) evaluates ChatGPT
as an individual operator to create an enterprise resource planning (ERP) so-
lution all by itself. The common approach in scientific studies is to analyze Al
tools, mainly Copilot, in programming but this study utilized Al capabilities
in each step of the software life cycle. Ozpolat et al. (2023) investigated the
application of ChatGPT across five distinct domains: requirements elicitation
and analysis, system design, programming, testing, as well as deployment
and maintenance guidance. Their study employed a series of targeted ques-
tions to steer ChatGPT toward optimal performance in these areas. Despite
some challenges this study highlights that AI can work extremely well in all
software engineering domains, not only programming. Lastly Ozpolat et al.
(2023) suggest that Al tools could have an even larger impact in non-coding
software engineering activities compared to the aid they provide in coding.
The takeaway from this study is that Al tools are already capable of creating
a working large-scale system with the guidance of an experienced software
engineer. This highlights that Al tools still have huge amounts unrealized po-
tential yet to be studied.

Scientific literature highlights the transformative role of Al tools in enhanc-
ing software developers' productivity by optimizing workflows, making work
more engaging, and improving software quality. By automating routine tasks,
increasing job satisfaction, and supporting personal development, these tools
enable developers to work more efficiently and creatively (Kuhail et al.,
2024). Furthermore, Al tools contribute to producing higher-quality code
and align with modern development’s best practices (Zhang et al., 2023).
They also have the potential to influence all phases of the software develop-
ment life cycle allowing for new and innovative use cases (Ozpolat et al.,
2023). Collectively, these advancements underscore Al tools' capability to re-
define productivity in software engineering, balancing efficiency with mean-
ingful developer engagement.

Table 3. Summary of identified productivity benefits

Productivity benefit References

Kemell et al., 2024; Liang et al., 2024; Mbizo et al.,
2024; Moroz et al., 2022; Pangavhane et al., 2024; Pra-
Speeding up work tasks | ther et al., 2023; Pudari and Ernst, 2023; Stavridis and
Drugge, 2023; Weber et al., 2024; Zhang et al., 2023;
Zhou et al., 2025
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Increase of comfortabil- Prather et al., 2023; Pudari and Ernst, 2023; Smit et

ity and stress release al., 2024, Vaithilingamn et al., 2022; Zhang et al., 2023

Increase in knowledge | Coutinho et al., 2024; Liang et al., 2024; Mbizo et al.,
2024; Moroz et al., 2022; Prather et al., 2023; Stavridis

base and Drugge, 2023

Increase in quality of | gemell et al., 2024; Mendes et al., 2024; Moroz et al.,

work results 2022; Zhang et al., 2023
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3 Research methods

The research approach I chose for this thesis is case study. As Yin (2009)
states in his book “Case Study Research: Design and methods”, case studies
are often suitable in situations where the questions asked are “how” and
“why”. In their article about case study guidelines, Rueson and Host (2009)
add that, case study is also a suitable research method in situations where a
contemporary phenomenon is studied in its natural real-life context. This
study aims at understanding and explaining the capabilities of new Al assis-
tant tools and technology. It is very typical that these types of situations are
approached with a case study (Perry et al., 2006).

This chapter defines the studied case. The study setting, scope and research
methodology are also explained in detail. Furthermore, this chapter explains
the data collection methods for this study as well as provides clear explana-
tions on why these methods were chosen. Lastly, this chapter explains how
the collected data is analysed.

3.1 The case

The unit of a company in my case study, referred to as case company, is a
company founded in 2016 that develops robotic process automation (RPA)
for its customers. Later, in 2022 the case company became a unit of a larger
Finnish IT company. In short, the case company develops solutions for cus-
tomers to automate repetitive and monotonous tasks to allow employees to
work with more complex tasks. This case company employs 40 developers.
The developers are divided into development teams but most of the work is
done individually. Overall, the case company consists of a diverse pool of pro-
fessionals educated in a multitude of technologies and methodologies used
in the field such as Kanban, Scrum and Python programming.

The case company produces RPA solutions for Finnish customers with repet-
itive business activities that can be automated using open-source technolo-
gies and frameworks. A typical workflow of a project in the case company is
such that first the task to be automated is defined clearly enough that each
step can be automated in code level. Then once the definition and a cost esti-
mation are approved by the customer, the development work can begin. A
vast majority of these projects are ones that had just one developer working
on them individually. Finally, a project is logged complete once a test run in
production environment is passed.
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Technologically all these projects are implemented at least partially with Py-
thon and its many open-source libraries like Selenium, pywinauto and PyAu-
toGUI. The responsibility for the technological implementation and overall
code architecture rests with the assigned developer, however, a code plan re-
view is conducted by another developer who is not otherwise involved in the
project. Most of the time these projects are developed by only a single devel-
oper.

The case company has a carefully planned out strategy, part of which is to
utilize AI tools to their full potential in everyday work to improve working
productivity. Part of this strategy was introducing GitHub Copilot as part of
developers’ daily workflows in January of 2024. Copilot was first tested with
a test group of 10 developers for approximately a month. After that it was
introduced to company wide use in a monthly developer info meeting. Devel-
opers in the case company are advised to utilize Copilot as much as is needed
to increase productivity.

All in all, this provides an excellent case for my study as it allows me to re-
search the different techniques regarding Al tool usage and their effects on
project metrics and developers’ efficiency. The activities the employees in the
case company face, range from occasional definition tasks and planning to
outright programming. Furthermore, since developer productivity is influ-
enced by different contextual factors and backgrounds, the various tasks
ranging across multiple industrial sectors enables me to evaluate productiv-
ity in a diverse setting, strengthening the study’s reliability.

3.2 Case study scope

The scope of the case study, or the case itself, is the effects of an Al tool’s,
GitHub Copilot’s, usage has had on developers' daily work and productivity
as well as project metrics in the case company. The diverse nature of the case
company’s developers’ tasks provides interesting insight into Copilot’s capa-
bilities in designing entirely new solutions in comparison with their capabil-
ities in helping developers in expanding existing systems with new or
changed requirements. I have decided to include all willing participants from
the case company who work with development related activities. All these
individuals have access to GitHub’s Copilot, which is the focus of this study
in terms of Al tools. In addition, many free LLM based tools like ChatGPT
are available for these individuals. This set of willing participants helps me
in obtaining meaningful data to analyse the AI tools perceived effects on
productivity. Furthermore, the participants allow me to analyse and link
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different use cases for Al tools with different ways of increasing productivity.
This scoping helps to understand the effects of Al tools in developers' every-
day work and their linkage with perceived productivity, which is the objective
of this case study.

The case company employs expert judgment as their main effort estimation
technique. It is usually carried out by a project manager who carefully evalu-
ates the project. Furthermore, project managers usually also consult devel-
oper’s opinion on the estimate to make sure they are satisfied with it. Archival
Jira data could potentially offer insights into the accuracy of these estima-
tions, though researching this is not the intent of this study.

3.3 Research methodology

This study aims at understanding the different use cases for Al tools in soft-
ware development as well as understanding their effects in productivity and
efficiency. This means that this study is researching contemporary phenom-
ena in their natural context which is widely used as a description for when a
case study could be used (Runeson and Ho6st, 2009; Wohlin, 2021; Yin,
2009). Yin (2009) also adds that a typical characteristic in case study settings
is that behavioural events cannot nor should not be manipulated. This holds
true for this study as Al tools usage in software development and its effects
are indeed a complex phenomenon. In the study scope there is no manipu-
lating the behaviour events to guarantee unbiased and truthful analysis of
Copilot usage among developers.

Following Yin’s (2009) definition, my case study is an embedded single case
study. This denotes that a single case is studied throughout multiple data col-
lection methods. In my study this materializes through the questionnaire, ar-
chival analysis and observations of actual working situations. Subsequently,
the collected data is triangulated to ensure the validity of the findings and to
facilitate a comprehensive analysis of this complex phenomenon increasing
the construct validity of this study. A hypothesis for this study is that the in-
troduction of GitHub Copilot has increased developers’ productivity.

The topic of Al tool usage in software development is, as mentioned, a com-
plex phenomenon that depends on multiple contextual factors such as devel-
opers’ work experience, nature of job and available tools. This implies that
this research should be done with empirical methods (Runeson and Host,
2009). An analytical paradigm does not fit my study as the case is a complex
real-life situation where human factors and interaction between technology
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and humans play a large role (Runeson and Host, 2009). To rule out other
options of research methods, controlled experiment is also not suitable for
this study as the phenomenon in this study is very hard or impossible to study
in isolation (Runeson and Host, 2009). Especially the aspects of effects in
productivity are deeply connected with the project development context.

A possibility of researching how my proposed best practices with Al tools
would work in a real-life context is intriguing but I have decided to leave it
out of the scope of this study to keep it more manageable for a master’s thesis.
Further research possibilities along with other discussion can be found in
chapter 5.

3.4 Data collection

Following the defined case study methodology, multiple data collection
methods were employed to collect data from various viewpoints. This data
includes questionnaire with open and closed ended questions, observations
of daily working routines with GitHub Copilot and archival analysis of Jira
data from previous projects. The data was collected in two phases where the
questionnaire was the initial phase and observations as well as archival anal-
ysis followed in phase two. This was done to ensure maximum usefulness for
the observations and to understand how to best analyse the Jira data.

3.4.1 Questionnaire

The primary data collection method for this study is a questionnaire on daily
working habits regarding the usage of GitHub Copilot. This data collection
method was chosen as I saw it as the most efficient way of gathering as much
data from the case company’s developers as possible, whilst not making the
research process excessively long and time consuming. The questions were
designed to get insight from developers regarding their Copilot usage from
multiple viewpoints. These included use cases, effects on productivity as well
as challenges and limitations. The questionnaire also included various ques-
tions yielding quantitative data. Out of these, the questions 14 to 16 were the
same as in the study by Kuhail et al. (2024) to gain comparable data between
the studies. These questions mapped out respondent’s opinions on Copilot’s
trustworthiness and effectiveness. The questionnaire invitation was sent to
all 40 of the case company’s developers. The entire questionnaire is provided
as appendix 1.
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3.4.2 Observations

Observations were conducted to gain deeper insights into the real-world ap-
plication of GitHub Copilot in software development within the case com-
pany. While the questionnaire provided a broad overview of developers' ex-
periences and routine practices, direct observations allowed for a more nu-
anced understanding of how Copilot is integrated into daily work. Further-
more, they helped in understanding how the perceived productivity is
achieved through concrete practices with utilizing Copilot. By closely moni-
toring developers in their working environments, I was able to analyse their
interactions with Al pair programming tool in Copilot and assess the extent
to which this tool influenced coding efficiency, problem-solving approaches,
and general productivity.

The observational phase focused on key behaviours, including how often de-
velopers used Copilot, the nature of tasks where Copilot was most beneficial,
and the ways in which Copilot shaped development practices. Additionally,
these observations shed light on limitations and challenges with Copilot us-
age. The participant selection was based on the AI use cases and limitations
reported in the questionnaire. This way it was possible to select participants
with different routines with Copilot. The number of developers willing to par-
ticipate also limited the number of observations. The observations were held
as a Teams call where the entire session was recorded for further analysis.
Participants were directed to perform their tasks as if the observer was a
trainee who they were introducing to daily workflows explaining their ra-
tionale for using Copilot each time they utilized it.

3.4.3 Archival analysis

The archival analysis method was selected to determine whether developers'
perceived changes in productivity are reflected in actual project metrics such
as delivery times and relative effort estimation error, a metric presented in
the study about effort estimation errors by Jaergensen and Molokken-Ostvold
(2005). Relative effort estimation error describes the proportion by which
the actual required working hours deviated from the estimated effort. In the
article by Jorgensen and Molokken-Ostvold (2005) the used metric is mean
relative error but, in this context, it is more interesting to calculate the rela-
tive error for each Jira task’s effort estimation and then visualize that as a box
plot dividing the dataset into times before and after using Copilot. This is
done to analyse also metrics like median instead of purely focusing into the
mean relative error.
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As many of the potential metrics used to measure developers’ productivity,
introduced in the study by Oliveira et al. (2020) are not tracked in the case
company, the idea is to measure project lead times and relative error for ef-
fort estimations as metrics for developer productivity. The motivation for the
use of these metrics is that if the introduction of GitHub Copilot has in-
creased developers’ productivity, projects would not last as long and would
not require as much effort in comparison to the effort estimations. The ana-
lysed archival data includes information on the original effort estimates, ac-
tual working hours spent and key project milestones such as start and com-
pletion dates.

The projects on the case company are presented as tasks in Jira. These tasks
contain relevant information such as project effort estimation and logged
working hours. These tasks have several different types but the relevant types
for this study are “RPA task” and “RPA expansion”. Essentially these are pro-
jects where either a new RPA solution is created, or an existing one is signif-
icantly changed. The tasks also contain a status of the work such as “in pro-
gress” or “closed”. These are values that are logged to Jira task cards. The
tracking of project metrics is mostly manual. Details like used hours, effort
estimation and task type are manually logged values. The logging of project
start and end dates can also be considered manual as they are logged when a
Jira task is created and when it is closed respectively. The logging of working
hours is done weekly, and the effort estimations are logged to Jira tasks be-
fore the development phase of the project can start

All this data was collected through Jira systems own API, where data from all
tasks is available in Json format. This allows the project data to be easily han-
dled and analysed with Python where the data is easy to display with several
open-source libraries supporting various formats in displaying numerical
data.

3.5 Data analysis methods

This sub-chapter explains how the collected data was analysed. The gathered
data is both qualitative as in open questions from the questionnaire and ob-
servations as well as quantitative from the archival analysis and numerical
questions from the questionnaire. This is done to ensure strong analytical
paradigm in data analysis (Yin, 2009).
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3.5.1 Questionnaire

The questionnaire yielded both qualitative and quantitative data from Copi-
lot usage in the case company with open and closed ended questions respec-
tively. In both, the empty or “unable to answer” answers were removed from
the analysed data. The qualitative answers were then coded thematically and
analysed for reoccurring themes. For the quantitative questions, which were
adapted from prior studies, the means and standard deviations were calcu-
lated and subsequently compared to the results of the original study in which
they were used. In these five step Likert scale questions the strongly agree
option was counted as five and strongly disagree as one.

3.5.2 Observations

Instead of traditional observation techniques like writing notes directly after
the observation, I saved the observation session as a Teams call recording
and carefully analysed the results later to understand the motivation behind
each Copilot use case as well as the benefits the participants perceived. The
recordings were analysed carefully through the viewpoint of the themes from
the thematic analysis of the qualitative questionnaire answers. This was done
to gain deeper understanding of Copilot usage through practical use cases in
actual programming tasks. I also analysed the participants’ behaviour to rec-
ognize any problems in Copilot usage. This provided a more comprehensive
understanding of Copilot usage than the relatively short answers from the
questionnaire.

3.5.3 Archival analysis

The data analysis of the archival data was very straight forward with basic
data analysis methods in Python code. The key idea behind this archival anal-
ysis was to analyse the projects’ lead times, and relative error for effort esti-
mations for the Jira tasks. The data was analysed comparing time before the
introduction of Copilot and after it. Initial plans for data analysis included
separating the evolution of relative effort estimation error based on the Jira
task type but that was excluded from the analysis because the final dataset
contained only 16 entries for “RPA Expansion” tasks. The archival analysis
was done to better understand whether these project metrics show improve-
ments after the introduction of Copilot.

The vast amount of project data from previous projects posed a challenge in
filtering erroneous data out of the dataset. The initial retrieved dataset
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contained 571 data points some of which had one or more key features miss-
ing. These data points were removed from the dataset as, for instance, it is
impossible to measure the relationship of realized and estimated effort if re-
alized effort in task’s logged hours is missing. The final dataset had 118 data-
points. The earliest data point in the dataset dates to November 2022, while
the most recent one was recorded in May 2025. Within this range, the pre-
Copilot period accounts for about 13 months, and the post-Copilot period
makes up roughly 17 months. Table 4 summarises the analysed project met-
rics and their relation to features of the dataset

Table 4. Definitions of project metrics

Project metric Calculation formula
Relative effort estima- Logged working hours — Estimated working hours
tion error Logged working hours
Project lead time Project end date — Project start date
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4 Results

This chapter presents the empirical data collected through the case study,
forming a critical foundation for the subsequent analysis and discussion. The
data and findings are systematically organized into three distinct chapters,
each corresponding to a specific data source: questionnaire responses, obser-
vational findings and archival Jira records. This triangular structure facili-
tates a comprehensive examination of the diverse set of evidence, ensuring
clarity and coherence in the presentation of the study’s outcomes.

4.1 Questionnaire

The questionnaire results are presented in this subchapter. First section 4.1.1
covers the results from the quantitative questions of the questionnaire. The
results of the thematic analysis of the qualitative questions responses are pre-
sented in section 4.1.2. The questionnaire was deployed for a month and out
of the 40 developers in the case company, 16 answered. In the beginning of
the survey, the respondents were asked about their demographic and work-
ing experience in software development and programming in general includ-
ing personal projects. After the demographic and working history related
questions, the respondents were asked about their experiences with Copilot
as well as their trust towards the help it offers.

4.1.1 Quantitative answers

The demographical questions at the beginning of the questionnaire identified
that 12 of the respondents were software robotics developers, whereas 2 re-
ported working as standard software developers and the final 2 reported be-
ing lead developers in the case company. In addition to their job description,
the respondents were also asked about their technical expertise within and
outside the scope of their job description. The most common programming
skills outside the scope of the job description were full-stack and web devel-
opment skills. Table 5 presents the working experience and overall program-
ming experience of the respondents.

Table 5. The experience of the respondents

Working experience in | Personal programming ex-
software development perience

< 2 years 5(31.2 %) 0 (0.0 %)

2 to 5 years 8 (50.0 %) 8 (50.0 %)
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6 to 10 years 3 (18.8%) 7(43.8 %)

11 to 16 years 0 (0.0 %) 1(6.2 %)

> 16 years 0 (0.0 %) 0 (0.0 %)

Table 6. Q7: How often do you use Copilot

Response option Amount (%)
Several times a day 9 (60.0%)
Daily 2 (13.3%)
Weekly 4 (26.7 %)
Monthly 0 (0.0 %)
Not at all 0 (0.0 %)

Table 7. Q8: Copilot has had positive effect on your productivity

Response option Amount (%)
Very positive 6 (37.5 %)
Positive 7(43.8 %)
Neutral 3 (18.7 %)
Negative 0 (0.0 %)
Very negative 0 (0.0 %)

Table 8. Q11: Have you benefited from using Copilot

Response option Amount (%)
Strongly agree 7 (43.7 %)
Agree 7 (43.7 %)
No comments 2 (12.5 %)
Disagree 0 (0.0 %)
Strongly disagree 0 (0.0 %)

The next section of the study focused on identifying the different use cases

and limitations associated with Copilot usage. It also explored respondents’

perspectives on how Copilot has influenced their work productivity, the fre-

quency of its use, and the extent to which they have benefited from it. In con-

clusion, questions 7, 8 and 11 show that the respondents mostly use Copilot
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in a daily basis and feel like having benefited from it and having become more
productive with it.
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Figure 2. Respondents trust in Copilot

Figure 2 presents the spread of the answers from the questions regarding
trust in Copilot from the study by Kuhail et al. (2024). All in all, the respond-
ents reported relatively high trust in AI tools. The results show that the re-
spondents showcased high trust in AI tools with mean answer being 3.92.
The standard deviation for the answers was also relatively small being 0.84,
meaning that the responses were relatively consistent.

4.1.2 Thematic analysis

The answers from the qualitative question 9, 10, 12, 13 and 17 were coded
with the following codes: Copilot use case, Effects in productivity, Challenge
in copilot usage, Reason to avoid Copilot usage and improvement idea. These
codes were primarily derived from the content and intent of questions 9, 10,
12, and 13, which directly prompted participants to provide responses aligned
with these categories. For example, the code Copilot use case corresponds
closely with question 9, which asked participants to “list concrete ways of
how and why you use Copilot in your daily work.” However, responses to
other questions also occasionally included relevant insights that fit this and
other codes. With the analysis of the following codes, several themes
emerged. These themes and their frequency are presented with examples in
tables 9 to 12.
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Table 9. Use cases for Copilot

Theme Frequency | Example

Generating boiler- 12 “I allow copilot to autofill things such as

plate code function-content, docstrings, queries etc.
and modify the results as needed”

Generating logic 9 “Copilot alleviates cognitive tasks, e.g.,

code completing a demanding algorithm”

Searching for infor- 8 “I often ask copilot something instead of

mation going to google/documentation”

Code review 7 “I use GitHub's Copilot PR review. Copi-
lot can also provide the feedback faster
than humans”

Learning or helping 5 “Figuring out syntax for new modules/li-

with new things braries”

Debugging 5 “Debugging errors, by giving a code snip-
pet and the error message”

Writing documenta- 5 “Creating documentation for code”

tion

Writing tests 5 “Writing unit tests, generating test data”

Brainstorming ideas 3 “Brainstorming about how to implement
certain features”

Explaining code 3 “I can ask for an explanation why a solu-
tion works with an immediate response”

The most common use case for Copilot in the case company is generating
both logic and boilerplate code based on the responses. Other major use cases
were code reviews, searching for information, learning new things and help-
ing at different stages of project development.

Table 10. Copilot’s effects on productivity

Theme Frequency | Example

Time saving 9 “It has increased my productivity by tak-
ing care of most of the trivial work leaving
me the crucial core design and decisions”

Eliminates monoto- 8 “It gives your own brain some more capa-

nous work bility, when you don’t need to search for
every small thing yourself”

Increases working 5 “It affected my productivity in a positive

motivation manner and has improved my work satis-
faction as it helps me to meet my dead-
lines and supports my work”
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knowledge base

Helps increasing 4

“Taking up new skills or libraries feels a
bit faster now”

Aside from the themes, the question of “Explain how Copilot usage has af-
fected your productivity or mindset in working? Why?” also elicited several
answers such as “positively” with no explanation or motivation. Only one re-
spondent reported negative effect on productivity that being that working in-
dependently feels significantly more difficult after using copilot for long pe-

riods of time.

Table 11. Challenges regarding copilot usage

Theme Frequency | Example

Insufficient code generation 15 “Copilot suggests deprecated li-
braries and strategies that don't
really work”

Difficulties in taking respon- 7 “I do not trust the answers If Co-

sibility or fully understanding pilot gives me code and I know too

Copilot’s generations little to verify its safety or correct-
ness”

Usage takes too much time 5 “Copilot just does not always serve

and impairs individual think- you with your way of working and

ing sometimes doing without it is just
easier”

Needing to learn how to bet- 4 “Sometimes I may have given up

ter use Copilot on trying to use copilot for some
operations due to lack of prompt-
ing skills”

Leads to long debugging ses- 4 “Using Copilot's code suggestions

sions has many times lead to me debug-
ging what feels like someone else's
code, when I could have written
the same code myself with less ef-
fort”

Contextual issues 3 “Copilot does not always under-

stand the problem definition if it
is complex”

By far the most common challenge in using copilot was insufficient code gen-
eration meaning that Copilot was not capable of producing good enough code
for the task at hand. Among the more frequently reported challenges were
users' discomfort with utilizing the code generated by Copilot, as well as in-
stances where its use disrupted the development workflow and resulted in
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time costs. The less common challenges included users not being familiar
with and needing to learn how to use Copilot effectively as well as fearing that
using it would lead to long debugging sessions. Lastly 3 respondents reported
that a challenge with using Copilot is the technological context of the case
company’s solutions. In concrete this means that Copilot does not know the
entire technological context it is working in and thus cannot produce valid
code suggestions.

Table 12. Reasons to avoid using Copilot

Theme Frequency | Example

Not trusting Copilot’s 11 “Often times Copilot might not work the
capabilities on the way you wish, so there is still lots of dou-
current task ble checking of results”

Fearing long debug- 5 “Sometimes the use of Copilot might
ging sessions take up more time than coding without

it, because I get stuck refining my code
and continuously checking whether my
solution is the best possible”

Existing better tools 3 “Its coding capabilities are far behind
for the use tools like Cursor I use for my free time
hobby projects. Also, I feel ChatGPT as a
tool far better than Copilot”

Fear of becoming de- 3 “I am too reliant to its use and my own

pendent on Al coding skills and technical confidence
has begun to weaken”

Contextual matters 3 “Virtual machines are a bit slow for copi-
lot use”

Not knowing how to 3 “I struggle to explain issues to Copilot”

effectively utilize copi-
lot on the current task

Security concerns 3 Avoid using copilot “when dealing with
sensitive customer data”

Copilot interrupting 2 “The inline completions would always

otherwise good work- kind of interrupt my own train of

flow thought”

The reasons to avoid using Copilot showed similar themes to challenges in its
usage. The most common ones were the previously mentioned not trusting
Copilots capabilities and fearing that using it would lead to long debugging
sessions. Some previously unmentioned themes included security concerns,
having better alternative tools for the task and the fear of becoming too de-
pendent on Copilot and Al in general. In examining the reasons for not using
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Copilot, it is noteworthy that six respondents saw little to no reason to avoid
using Copilot.

The questionnaire did not really elicit many ideas on how to improve the us-
age of Copilot except that GitHub is bringing Model Context Protocol (MCP)
servers to be part of Copilot’s offering. Two respondents mentioned this as
an interesting prospect.

4.2 Observations

The data collected through observations of Copilot usage in daily work was
analysed through the viewpoint of the questionnaire answer codes of Copilot
use cases, limitations and reasons to not use it as well as effects on produc-
tivity. In total I sent invitation to 5 potential participants, but in the end,
there were only two willing developers participating to these observation ses-
sions lasting one hour each. These participants were relatively experienced
developers having also reported being familiar with GitHub Copilot in the
questionnaire. Overall, the observations helped in understanding and recog-
nizing the codes in the natural setting during actual work.

The most common observed use case for Copilot was automated code gener-
ation. It was utilized for several different purposes. Participant 1 used Copi-
lot’s automated code generation for creating boilerplate code and autocom-
pleting short code snippets with Copilots suggestions, whereas participant 2
was a little more hesitant in utilizing automated code generation. They used
it for generating boilerplate code into an empty file, but they did not let Co-
pilot edit actual code files but rather inspected Copilots suggestions in a sep-
arate chat window.

The participants also utilized Copilot for code refactoring, cleaning and doc-
umentation. They justified this by noting that such tasks are relatively simple
and well-suited to Copilot’s capabilities, allowing them to complete repetitive
and less engaging work more efficiently. Participant 1 had also configured a
custom shortcut in their editor to use Copilot in creating commit messages.
They also mentioned that shortcuts to these actions are crucial in saving time.
Participant 2 expressed that Copilot has the ability to significantly increase
the quality of the code as most of the time they only need to write the starting
sequence of a doc-string and Copilot already offers one with high quality de-
scription of the function or method.
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Participant 2 used Copilot to generate test data for their code. While doing
this they voiced a concern of double or triple debugging Copilot’s outputs.
With this they meant situations where the actual code is generated with Co-
pilot and the test and possibly even the test data is also created with it. This
leads into situations where the developer needs to figure out whether the bug
lies in the actual code or in the tests if everything is generated by Copilot.
Participant 2 explained that this could lead to extremely long debugging ses-
sions and was also concerned that using Copilot like this would lead to devel-
opers losing control of their own code.

For challenges, participant 1 did not really express any, but rather expressed
concern related to Copilot usage as well as providing examples when they
prefer not to use it. In the beginning they explained that in more challenging
tasks they prefer to use their own personal licence to an LLM provided by
Anthropic named Claude, which they currently see as the most prominent
LLM for coding. They explained that Claude seems to be more effective in
solving coding related problems than the LLMs available for Copilot. They
also stated that utilizing the LLM in the browser was as fast as opening a chat
window inside their code editor. Both participants highlighted a cautious ap-
proach toward Al tools, expressing limited trust in their output and prefer-
ring to perform problem-solving independently rather than relying on AI-
generated suggestions. Participant 1 also expressed concern about the exces-
sive use of Al tools for overly simple tasks, arguing that it is inefficient given
the computational resources and energy consumption involved

The amount of observed productivity effects is limited by the length of the
observation session. No major effects can be observed in only one hour, how-
ever some considerations regarding productivity were made. Participant 1
demonstrated that having a well-defined framework for integrating Al tools
into their workflow enabled them to accelerate the completion of work tasks.
All in all, participant 1 had clear use cases for Copilot and knew its limita-
tions. This allowed them to streamline their work without having to continu-
ously evaluate the contexts in which using Copilot would be beneficial. Par-
ticipant 2 on the other hand, showcased that productivity can be significantly
increased when Al instantaneously takes care of easy and monotonous parts
of the coding like doc-strings, imports and logging.
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Relative Estimation Error
(Realized Hours - Estimated Hours) / Realized Hours

4.3 Archival Jira analysis

The examination of archival Jira data produced a range of findings. The re-
trieved dataset’s data points represent Jira tasks with key details including
estimated effort, logged working hours, task type, as well as task start and
completion dates. Entries missing these attributes were excluded from the
analysis. Additionally, data points with unusually high manually logged val-
ues, such as logged hours exceeding 50 times the estimated effort, were also
removed to ensure data reliability. The remaining dataset contained the in-
formation of 118 Jira tasks. The data was visualized by creating a boxplot of
relative effort estimation errors before and after the introduction of Copilot.
This visualization is presented in figure 3. Figure 4, on the other hand, illus-
trates the project lead times before and after Copilot usage.
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Figure 3: Box Plot of relative estimation errors before and after
the introduction of Copilot
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Figure 3 illustrates the change in relative effort estimation errors from time
before Copilot to time after integrating it to daily workflows. This figure il-
lustrates that contrary to the hypothesis of relative effort estimation errors
decreasing, the median relative error has increased by 0.561 from -0.011 to
0.550. Normality tests indicated that the data distributions for both periods
deviate substantially from normality, with notable skewness and kurtosis.
The skewness for the dataset from time before using Copilot is -1.084 with
kurtosis of -0.373, whereas the dataset from the time of using Copilot has
skewness of -4.643 and kurtosis of 20.947. These non-normal distributions
justify the use of a non-parametric Mann-Whitney U test. Overall, the results
indicate that, rather than improving estimation accuracy, and thus developer
productivity, the integration of Copilot appears to have been associated with
greater estimation variability and inflated relative errors across tasks. A
Mann-Whitney U test was used to assess the statistical significance of this
change, yielding a p-value below 0.001, which confirms that the difference is
statistically significant. The effect size, calculated at -0.694, suggests a me-
dium practical effect.
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Figure 4: Box plot of project lead times before and after the in-
troduction of Copilot

Figure 4 presents the mean project lead times before and after the introduc-
tion of Copilot. This means the number of days between the creation and clo-
sure of Jira tasks. The data presented in figure 4 shows that median project
lead time has decreased by ~21.8% after the introduction of Copilot. The pro-
ject lead time datasets were also non-normal with pre-Copilot dataset having
skewness of 1.515 and kurtosis of 2.823 and post-Copilot dataset having
skewness of 0.193 and kurtosis of -0.913, again justifying the usage of Mann-
Whitney U test. The Mann-Whitney U test shows that the p value for this
change is 0.003, indicating once again a statistically significant change. The
effect size for this change is 0.709 indicating a medium effect size.
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5 Discussion

This chapter answers the research questions and encourages discussion
around them. The answers are formed by triangulating the findings of the
case study and comparing them to the findings from the literature review.
This chapter also offers recommendations for best practices for Al tool usage
within software development. Areas for future research are also discussed.

5.1 Al tools’ impact on developers' work

The emergence of Al tools has significantly changed the daily work of soft-
ware developers. Using Al tools comes with both benefits and limitations.
The benefits of Al tools extend to both the practical aspects of work as well
as individuals' mindsets toward their work. The limitations, however, are not
necessarily rooted in the technical capabilities of the AI but rather stem from
improper usage. An essential part of avoiding the challenges in Al usage is to
know when it is appropriate or meaningful to use it.

The findings from the case study and the literature review show largely sim-
ilar findings in terms of Al tool use cases and their limitations and challenges.
In particular, the use cases were mostly the same in both. The only item iden-
tified in literature review that was not present on the case study findings was
AT suggestions on tools and workflows. In both the literature review and the
case study, the main use cases for Al tools were mostly coding related activi-
ties like code generation, reviewing or improving code and creating tests and
documentation. Also, information retrieval was mentioned as a major use
case.

Analysing the different challenges of Al tools usage showed that the partici-
pants of the case study were more concerned over the technical capabilities
of the AI tools, whereas the literature review voiced more concerns of infor-
mation security and ethical usage of Al tools. This might be because the case
study was scoped to handle only GitHub Copilot, which is designed with or-
ganizational information security measures that prevent data from being
shared externally. In contrast, several Al tools examined in the literature re-
view were open-source and lacked comparable guarantees regarding data
protection. Given these constraints, participants encountered greater diffi-
culties in integrating Copilot into the organizational context compared to the
more flexible integration scenarios described in the literature.
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Comparing the questions related to trust towards Copilot borrowed from the
study by Kuhail et al. (2024) showed similar results between the case study
and scientific literature. The respondents mostly trust Copilot and would be
willing to suggest that to fellow programmers. Comparing the results shows
that the respondents in the case study questionnaire reported a slightly
higher trust in Al tools (mean = 3.92) than those in the study by Kuhail et al.
(2024) (mean = 3.65), on a five-point Likert scale ranging from 1 (strongly
disagree) to 5 (strongly agree). The standard deviation for the answers was
also quite similar between the studies: 0.84 in the case study and 0.75 in the
study by Kuhail et al. (2024).

To conclude RQ1, Al tools show significant potential to transform the daily
work of software developers. This is achieved by automating and helping with
routine tasks. Despite the many benefits of these tools, their usage also poses
some challenges. The responsibility for optimal AI tool usage and outcomes
lies with the developer and their ability to understand and make informed
use of the technology. After all, a developer is always responsible for their
own code, regardless of whether it was written with Al tools or not.

5.2 Al tools’ effects on developer productivity

In terms of Al tools' effects on developers’ productivity, the findings from the
literature review and the case study align relatively well. The findings were
mostly similar, but scientific literature also saw increased quality in work re-
sults as one effect on productivity, which as Oliveira et al. (2020) note, devel-
opers often associate to productivity.

A major difference between scientific literature and the case study findings
emerge in the archival analysis. The analysis revealed that the median rela-
tive effort estimation error increased by approximately 56 % after the intro-
duction of Copilot, indicating that estimation accuracy declined significantly.
The Mann-Whitney U test confirmed this change as statistically significant
with medium effect size. At the same time, mean project lead times decreased
by approximately 40%, suggesting that projects were completed more
quickly overall. This was also proven as statistically significant change with
medium effect size with a Mann-Whitney U test. This points to a situation
where task completion has accelerated but variability in estimation reliability
has grown.

Overall, the evolution of project metrics presents a complicated picture.
While developers appear to complete tasks faster, the estimations of required
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effort have become less accurate. However, these findings should not be in-
terpreted as direct evidence of decreased productivity. The archival Jira da-
taset, as previously discussed, contains several limitations that weaken its
suitability for drawing strong conclusions. The project data is largely manu-
ally logged, creating room for human error, such as missing or inaccurate
time entries. Furthermore, effort estimations are typically defined early in
the project planning phase and might remain unchanged in Jira even when
project scope or requirements evolve. As a result, deviations between esti-
mated and actual hours reflect the project dynamics rather than real changes
in productivity. Moreover, the presence of skewed data undermines the sta-
tistical validity of the findings, as outliers and unbalanced project categories
can bias mean values and reduce the comparability between the two time pe-
riods. Given these factors, the archival analysis should be interpreted primar-
ily as indicative rather than conclusive, suggesting trends in workflow evolu-
tion rather than definitive evidence of a decline in developer productivity.
Thus, it could be argued that the effect that Copilot has had on developers’
productivity is not comprehensively reflected on these project metrics.

To conclude RQ2, developers themselves in the case study, as well as scien-
tific literature, report an increase in productivity after integrating Al tools to
their daily workflows. The archival analysis on the other hand showed mixed
results. On one hand the project lead times had decreased indicating an in-
crease in productivity, but on the other hand the relative effort estimation
errors had grown indicating a decrease in productivity. All in all, AI tools ef-
fects in developers’ productivity cover different aspects of software develop-
ers’ work including accelerating work tasks such as programming, increasing
comfortability regarding work, increasing code quality and relieving stress,
as well as aiding in increasing developers’ knowledge base. These are funda-
mental aspects of a software developer’s work, contributing to an increase in
productivity as well as professional growth and long-term well-being. The
potential productivity gains are often realized when Al tools are used cau-
tiously, maximizing their benefits while ensuring that critical control remains
with the developer. The observations demonstrated that learning optimal Al
tool usage techniques is crucial for realizing their full potential. Testi

5.3 Best practices for Al tool usage

After studying the use cases, challenges and productivity gains of using Al
tools in software development, I have formed some best practice suggestions
regarding Al tools usage. These suggested practices are guidelines from both
scientific literature and empirical findings of the case study. Their goal is to
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help software developers maximize the benefits of Al tools while avoiding
common problems.

One of the most important practices is to use Al tools for well-defined and
relatively simple tasks. These tasks should be ones that the Al tool is known
to be capable of solving. In practice, this means using the tools to automate
tasks such as generating boilerplate code, writing documentation, or suggest-
ing commit messages. As demonstrated in the observations by participant
one, when Al tools are used like this, they have the capability to meaningfully
reduce the time spent on monotonous work without interfering with core
logic or decision-making.

Second guideline is that all Al-generated output should be treated as a sug-
gestion rather than a final solution. As stated, developers are always respon-
sible of their own code. Thus, the code should be critically reviewed, tested,
and fully understood before it is integrated into a project. This way develop-
ers maintain the control over the codebase. The case study observations con-
firmed that the greatest productivity gains occurred when AI was used to
streamline small, routine tasks that required little to no decision making or
logical reasoning. This way developers maintained ownership over more
complex problem-solving. This is not to say that Al should not be used in
problem solving but rather that it is to be used with caution.

The literature review and questionnaire answers also presented several be-
havioural patterns that tend to reduce the value of Al tools or even introduce
risks. These include asking Al to solve too large or complex problems in a
single prompt, over relying on Al for architectural or logical decisions, and
copying outputs without understanding them. Blindly trusting AI generated
code can lead to bugs, loss of control, and technical debt. Developers should
also remain informed about data privacy and avoid sharing sensitive project
information with external tools.

In summary, Al tools can be a powerful aid when used cautiously with clear
boundaries. The key is to keep control of the development process and not
experiment with the tools too much. Understanding the limitations of Al
tools is essential to utilize the potential they have. Al tools need to be used in
structured and well-planned ways to ensure consistent and reliable out-
comes.
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5.4 Future work

There remains substantial potential for future research on the use of Al tools
in software development. Currently, a large portion of scientific literature on
the topic focuses on LLMs’ performance in programming related problems
rather than on how they could be used. Furthermore, most of the literature
focusing on Al tools usage are scoped only to programming, often overlook-
ing other phases of the software development life cycle.

A promising direction for future research would be to study the role and ben-
efits of Al tools in all stages of the software development life cycle as Ozpolat
et al. (2023) did. Such an investigation could provide insights into whether
AT tools have similar potential in technical and cognitive dimensions of soft-
ware development activities beyond programming. As the findings by Ozpo-
lat et al. (2023) imply, Al tools have potential to provide significant help in
each step of the software development life cycle.

Another direction for potential future research would be to study developer
productivity with Al tools through code-based metrics like amount and size
of commits over time. These metrics would likely provide a clearer illustra-
tion of Al tools’ effects on developers’ code creation capabilities and produc-
tivity than the metrics used in the case study. Naturally, studying the evolu-
tion of the code quality would also provide additional value for the potential
study.

In addition to their technical applications, Al tools may also influence the
social and collaborative dynamics within software development teams.
Coutinho et al. (2024) suggest that the use of generative Al tools can indi-
rectly affect communication and collaboration by providing quick access to
information and facilitating knowledge acquisition. They state that these ca-
pabilities may enhance team interactions by enabling members to share in-
sights more efficiently and align their understanding toward shared objec-
tives. However, while Al tools can support individual developer’s productiv-
ity and team collaboration, there is also a risk that outsourcing all social in-
teraction to Al tools may lead to silos forming. When developers increasingly
turn to Al tools for assistance rather than engaging with colleagues, the op-
portunities for knowledge sharing and learning are decreasing. As Al tools
become further integrated into daily workflows, it is essential to investigate
the implications of their usage in terms of teamwork and communication.
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6 Validity

While this study was designed to provide robust insights into the effects of Al
tools usage on software development, some threats to validity remain despite
best efforts to address them. To evaluate these, the classification framework
proposed by Runeson and Host (2009), which builds on Yin (2009), widely
used in software engineering case studies is adopted. In this framework va-
lidity is analysed from four viewpoints: construct validity, internal validity,
external validity, and reliability. Although originally developed for positivist
research, Runeson and Host (2009) argue it can be adapted for flexible, in-
terpretive studies like this one, making it a suitable framework for this thesis.
Below, each aspect is discussed from the viewpoint of this thesis.

6.1 Construct validity

Construct validity examines whether the study’s measures and concepts align
with the intended research focus. In this case this means, the use of LLM-
based Al tools and their impact on developers’ daily work and productivity.
The first potential threat is that participants interpret these concepts differ-
ently from the study’s definitions. For example, while the thesis specifies
LLM-based tools, some developers might have included other AI functional-
ities relevant to their work, in their responses. This is a possibility especially
as Al features and tools are becoming increasingly integrated into develop-
ment environments. This could distract the focus from the intended tools.

Furthermore, productivity, as discussed in Chapter 2, is a complex and ab-
stract concept, consisting of both technical and social factors. The study relies
on self-reported perceptions from the questionnaire, objective metrics from
Jira archival data, and observational insights, but these may still not fully
capture the complex nature of productivity. As discussed, the productivity of
a software developer cannot be completely measured to a score. To mitigate
this, the questionnaire included the mindset towards working as part of
productivity. Also, findings were validated through triangulation of multiple
data sources. While these steps reduce the risk, differing interpretations of
productivity among participants remain a threat to construct validity.

6.2 Internal validity

As explained by Runeson and Host (2009), internal validity concerns the
ability to establish causal relationships between variables while ruling out al-

ternative explanations. As this study is exploratory and descriptive in aiming
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to understand how Al tools influence software development rather than to
prove strict causation, it is less susceptible to internal validity threats. How-
ever, a risk arises in the archival analysis of the Jira data. The analysis com-
pares project metrics before and after the introduction of Copilot in the case
company in January 2024. The risk here is that these project metrics are in-
fluenced by a wide variety of other factors and Copilot’s direct influence is
difficult to isolate. Furthermore, the Jira data itself does not represent the
entire picture of developers’ productivity as factors such as code quality can-
not be determined from these numbers.

In addition to external factors, the archival Jira data itself presents limita-
tions that affect the strength of the internal validity of this thesis. As previ-
ously discussed, the project data is largely manually logged, which introduces
potential inaccuracies. Effort estimations, that sometimes are defined early
in project planning, may also remain unchanged even when project circum-
stances evolve, which might lead to inconsistency between estimated and re-
alized values that do not necessarily reflect actual changes in productivity.
Furthermore, the dataset shows some skewness, which can distort statistical
comparisons by amplifying or masking trends. These characteristics mean
that the archival analysis should be viewed as indicative rather than conclu-
sive, providing supportive evidence rather than a definitive measure of Copi-
lot’s impact on developer productivity.

To address this, the study also uses contextual data from the questionnaire
and observations to interpret archival results cautiously. It is also clearly
stated that the archival data is simply indicative and does not establish cau-
sation. While the triangulation of data sources also strengthens the findings,
future research could employ more controlled methods to isolate these ef-
fects. For this study, the selected approach provides a reasonable foundation
for discussing project metric’s evolution and potential Al tool impacts.

6.3 External validity

External validity addresses the generalizability of the study findings beyond
the case scope. In this thesis the focus was on Al tool usage in a single unit of
a Finnish IT company specializing in RPA development. The external validity
risks of this study concern the applicability of the findings to other settings
in the field, such as teams developing different types of software, using alter-
native AI tools, or operating in different organizational environments. An-
other factor in external validity is the number of participants included in the
case study. The questionnaire was answered by 16 of 40 developers in the
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case company. Furthermore, the observations had only two volunteers par-
ticipating. While the case study provided valuable insights into the usage of
Al tools, this raises the question of whether this group is an unbiased repre-
sentation of the developers in the case company. Thus, the results should be
interpreted with caution and understanding that the research findings rep-
resent a subset of the case company’s developers rather than the full com-
pany. The external validity of the findings could be strengthened with further
research with larger participant groups.

To the external validity risks, this study also presents a comprehensive liter-
ature review identifying similar patterns of Al tool usage across various con-
texts, increasing the transferability of the findings. Moreover, there is a lot of
variation between tasks within the case company ranging from designing new
RPA solutions to maintaining existing ones. This offers insight relevant also
in other software development settings. The findings are not universally gen-
eralizable however, they provide practical implications for organizations
adopting similar tools in comparable domains. Nevertheless, caution is ad-
vised when applying these results elsewhere. Future studies with multiple
cases could enhance generalizability.

6.4 Reliability

Reliability evaluates the reproducibility and consistency of the study’s find-
ings in similar conditions (Runeson and Host, 2009). Reaching high reliabil-
ity is demanding in a study like this where participants are unique and or-
ganizational context is very specific. A key threat arises from the inherent
subjectivity of the data collection and analysis. The data analysis in particular
relies at times on the researchers' subjective interpretation. For example, dif-
ferent observers might interpret developers’ interaction with Al tools differ-
ently. As mentioned, the questionnaire answers also contain some inherent
subjectivity.

To enhance reliability, this study provides detailed descriptions of the em-
ployed data collection and analysis methods. This increases transparency
and allows other researchers to replicate the study in a similar context. The
use of multiple data sources further strengthens confidence in the findings
through triangulation. However, the thematic coding of the questionnaire re-
sponses and observation data, carried out by a single researcher, introduces
some risk of bias. Involving multiple coders could improve reliability, but the
nature of a master’s thesis rules out such possibilities. Despite this, the meth-
odological rigor and triangulation efforts support the study’s reliability.
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7 Conclusion

This thesis researched the usage of Al tools in software development as well
as its effects on software developers’ productivity. A review of the existing
scientific literature was conducted to assess the current state of research in
this field. Furthermore, the embedded single case study was carried out to
understand the usage of GitHub Copilot through empirical evidence from a
natural software development environment.

The findings of the literature review as well as the case study questionnaire
and observations showed that there are already several established use cases
for Al tools in software development enabling increase in developer produc-
tivity. These productivity gains included faster task completion, reduced cog-
nitive load in routine tasks and increase in knowledge base as well as in-
creased enjoyment in work. The productivity gains were achieved by utilizing
Al tools’ capabilities in automated code generation, code reviews, infor-
mation retrieval and automated documentation writing.

However, this master’s thesis also highlights several limitations and chal-
lenges in Al tool usage based on the findings from the literature review and
case study questionnaire. These include occasional overreliance on Al to gen-
erate code, difficulties in debugging unfamiliar output, and difficulties in
learning effective prompting strategies. Furthermore, technical constraints,
such as compatibility issues with IDEs and limited performance in rare or
company specific technologies were reported.

In conclusion, Al tools have the potential to increase developers’ productivity
and satisfaction when used with appropriate caution. To fully realize the po-
tential offered by these tools, organizations need to invest in both the tools
as well as training how to optimally use them in the organizational context.
As Al tools evolve rapidly, further research is needed to explore their broader
impacts and potential across the entire software development lifecycle and
their long-term effects on learning and team dynamics.
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A. Questionnaire

Al tools and productivity

Hello!
This questionnaire will focus on Al tool usage in software development and how these tools have
affected your daily work.

Itis fully up to you to decide what experiences you want to share. The key is to share helpful info on
how Al tools impact productivity and transform your work, directly and indirectly. In this context we are
especially interested in GitHub Copilot in software development related activities for example coding
and code planning.

Note: The term Copilot refers to GitHub's Copilot in this questionnaire. If you wish to share experiences
with other Al tools please mention it in the answer so that the used tool can be linked with the shared
experience.

In the following pages, you will be asked questions about experiences with Copilot. There are no right
or wrong answers and everyone has their own opinion. Now, please gather your thoughts about Copilot

usage and take as much time as you need to fill out this questionnaire.

When you are ready, click next
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Al tools and productivity

Let's start with demographic questions

1. Name

2. Job description

3. Age

O 1830
O 3140
O 41-50
O 51-65
QO =65

| Previous || Next |

66



Al tools and productivity

Next up, Programming background

4. Working experience in software development

O <2years

(O 2to5years
(O 6to10years
O 11to16years

O >16years

5. Programming experience (including personal projects)

O <2years

(O 2to5years
(O 6to10years
O 11to16years

O >16years

6. Additional programming skills beyond the job description?

: Previous H Next ‘
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Al tools and productivity

Then some guestions about Al tools and their relations to productivity

7. How often do you use Copilot in your work

(O Several times a day
QO Daily
O Weekly

(O Monthly
(O Rarely or not at all

8. How do you feel Copilot has affected your working efficiency or productivity?

(O Very Positive
(O Positive

(O Neutral

(O Negative

(O Very Negative

9. List the concrete ways of how and why you use Copilot in your work.
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10. Explain how Copilot usage has affected your productivity or mindset in
working? Why?

11. | feel like | have benefited from using Copilot in my work

O strongly agree

O Agree

(OO No comments

O Disagree
O strongly disagree

12. Explain the possible limitations and challenges you face while using Copilot in
your work

13. Any reasons you would avoid using Copilot at work?

Previous H Next ‘
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Al tools and productivity

Trust in Al tools

14. | feel Copilot provides trustworthy help

(O strongly agree

QO Agree

(O No comments

QO Disagree
QO Sstrongly disagree

15. | feel Copilot is effective in the help it provides

(O strongly agree

QO Agree

(O No comments

QO Disagree
QO Sstrongly disagree

16. | would recommend Copilot to fellow programmers

(O strongly agree

QO Agree

(O No comments

QO Disagree
QO Sstrongly disagree

‘ Previous H Next |
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Al tools and productivity

Now we have arrived to the end of this questionnaire. Here you have one last opportunity to discuss
any other experiences with Copilot you find interesting

17. Any other important or interesting experiences with Copilot? Anything else you
would like to mention?

Previous || Submit ‘
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