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ABSTRACT 

Leveraged by recent advances in generative models, Artificial Intelligence assistants, such as 

GitHub Copilot, promise to change the way developers do their work, and in consequence 

increase human’s productivity. This thesis proposes a theoretical model based on the unified 

theory of acceptance and use of technology (UTAUT) to identify and investigate the 

determinants influencing user satisfaction and actual use of Copilots. To perform the 

quantitative research, a survey destined to programming students and developers was 

developed, collecting a total of 144 valid answers. The partial least squares-structural 

equation modelling (PLS-SEM) was applied to explore the data and assess the research model. 

The results suggest that 52% of user satisfaction can be explained by both perceived learning 

and perceived productivity. Additionally, the proposed model highlights that 53% of use and 

adoption of copilots is explained by facilitating conditions and user satisfaction. The results 

provide significant insights in the adoption of Copilots in the software engineering field as 

programmers use the tool mainly for productivity reasons.  

 

 

KEYWORDS 

Copilot; Generative AI; AI Adoption; Satisfaction; UTAUT; Structural equation modeling  

 

 

Sustainable Development Goals (SDG): 

 

   



iv 
 

TABLE OF CONTENTS 
1. Introduction .................................................................................................................. 1 

1.1. Problem statement ................................................................................................ 1 

1.2. Research gap and objectives ................................................................................. 1 

2. Literature review .......................................................................................................... 3 

2.1. Definition of Copilot .............................................................................................. 3 

2.2. Related Works ....................................................................................................... 4 

2.3. Generative AI ......................................................................................................... 5 

2.4. Advantages and Concerns ..................................................................................... 5 

3. Theoretical Model Building .......................................................................................... 7 

3.1. Perceived Productivity ........................................................................................... 8 

3.2. Effort Expectancy................................................................................................... 8 

3.3. Social Influence ...................................................................................................... 8 

3.4. Facilitating Conditions ........................................................................................... 9 

3.5. User Satisfaction .................................................................................................... 9 

3.6. Code Quality .......................................................................................................... 9 

3.7. Perceived Learning .............................................................................................. 10 

3.8. Age ....................................................................................................................... 10 

4. Methodology .............................................................................................................. 11 

4.1. Procedures ........................................................................................................... 11 

4.2. Data Collection .................................................................................................... 12 

4.3. Measurement Model Results .............................................................................. 14 

4.4. Structural Model.................................................................................................. 17 

5. Discussion ................................................................................................................... 20 

6. Conclusions and Future Work .................................................................................... 21 

References ....................................................................................................................... 22 

Appendix A. Ethics committee Approval......................................................................... 31 

Appendix B. Cross Loadings Table ................................................................................... 32 

 

 

 

 

 



v 
 

LIST OF FIGURES 

Figure 1 - Research Model.......................................................................................................... 7 

Figure 2 - Programming Languages .......................................................................................... 14 

Figure 3 - Structural Model Results .......................................................................................... 18 

 

  



vi 
 

LIST OF TABLES 

Table 1 - Measurement items and sources .............................................................................. 11 

Table 2 - Sample Characteristics .............................................................................................. 13 

Table 3 – Construct Reliability and Validity.............................................................................. 15 

Table 4 - Fornell-Larcker Results .............................................................................................. 16 

Table 5 - HTMT Ratios .............................................................................................................. 16 

Table 6 - Variance Inflation Factor (VIF) ................................................................................... 17 

Table 7 - Research Hypothesis Results ..................................................................................... 18 

 

  



vii 
 

LIST OF ABBREVIATIONS AND ACRONYMS 

A  Age 

AI  Artificial Intelligence 

AU  Actual Use 

AVE  Average Variance Extracted 

CQ  Code Quality 

DIT  Diffusion of Innovative Theory 

EE  Effort Expectancy 

FC  Facilitating Conditions 

GEN-AI Generative Artificial Intelligence 

GPT  Generative Pre-trained Transformer 

GP  Genetic Programming 

HTMT  Heterotrait-Monotrait  

IS  Information Systems 

IT  Information Technology 

LLM  Large Language Models 

ML  Machine Learning 

NLP  Natural Language Processing 

PL  Perceived Learning 

PLS-SEM Partial Least Squares-Structural Equation Modelling 

PP  Perceived Productivity 

SI  Social Influence 

TAM   Technology Acceptance Model 

US  User Satisfaction 

UTAUT  Unified Theory of Acceptance and Use of Technology 

VIF  Variance Inflation Factor 



1 
 

1. INTRODUCTION 

1.1. PROBLEM STATEMENT 

Artificial Intelligence (AI) is emerging, and in the last years has become an important subject 

between individuals and organizations. At the same time, code-generating models are starting 

to change the way developers do their job (Barke et al., 2023), and in consequence, promise 

to increase human’s productivity. In 2023, based on a study performed by GitHub, the Artificial 

Intelligence Index Report by Stanford University published that developers who used Copilot 

completed a task 56% more rapidly than the developers who did not use Copilot (Maslej et 

al., 2023). 

Copilots, such as GitHub released in 2021, are a recent tool powered by a generative AI model, 

Codex (M. Chen et al., 2021) a descendant of GPT-3 (T. B. Brown et al., 2020), and Machine 

Learning (ML) models. This AI tool was developed as an extension for the Visual Studio Code 

to help developers programming, by generating code suggestions based on the context of 

what they are working on. 

With rising pressure on software developers to create code quickly, the development and 

appearance of this kind of tools will probably have a huge influence on programmers’ daily 

work performance and productivity. If for developers it is normal to work in pair-programming 

(a common technique where two programmers work together on a task, one of them writes 

the code (driver) and the other reviews it and provides feedback (navigator)), now, Copilots 

could be a replacement for pair-programming. 

In this dissertation, a research about software developers’ experience with GitHub Copilot will 

be made, with the objective to analyze the impact of the tool in their work, as well as 

understand what are the principal factors that influence the user satisfaction with the tool 

and potential measures that could be implemented to turn the tool more interesting. 

 

1.2. RESEARCH GAP AND OBJECTIVES 

As the majority of the existing studies on this subject rely on measuring the correctness of 

Copilot’s code solutions and emphasize its problems, as well as comparing the solution 

generated from Copilot with human generated solutions. This work aims to do a not so 

technical study by building an understanding of developers’ experience and attitude towards 

Copilot, namely, learning the usefulness of this tool in their daily work, what encourage them 

to use it and how they see the influence of Copilots for programming on their productivity.  

For that, a Research Question was raised: “What are the elements that influence 

programmers’ satisfaction and when using Copilots?” 
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With the aim to respond to the research question and to address the main objective of 

creating a conceptual model, it is necessary to achieve the subsequent objectives: 

1. Understand which factors influence developers to use Copilots for programming 

2. Propose a theoretical model to explain the elements that influence programmers’ 

satisfaction and use of Copilots 

3. Test and validate the model empirically 
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2. LITERATURE REVIEW 

Copilots are a recently new solution released a couple of years ago, and likewise there isn’t 

much research conducted on this topic. However, over the years, some studies in the artificial 

intelligence field, concerning generative AI, have been conducted. Also, studies with the aim 

of improving developers’ productivity with artificial intelligence have been developed. 

 

2.1.  DEFINITION OF COPILOT 

Since producing code is getting more complex and demanding despite frequently necessary, 

programmers have been thinking of an AI assistant that could work alongside with them and 

help them pair-programming. Due to the breakthroughs in large language models (LLM), and 

more specifically in Generative AI, this assistant finally arrived to transform the developers’ 

experience. 

As mentioned before, GitHub Copilot is powered by generative AI models developed by 

GitHub, OpenAI, and Microsoft. Copilot is accessible as an extension for, among others, Visual 

Studio Code, Visual Studio, JetBrains IDEs, and Neovim (Friedman, 2021; Rosenkilde, 2023). 

Generative AI has been around for several years, and it is defined as a subset of AI that is able 

to generat text, images, videos and music. (Totlani, 2023). Generative AI, namely GEN-AI tools 

such as GitHub Copilot and ChatGPT, have the potential to considerably improve the software 

development field by automating monotonous tasks, enhancing code quality, and improving 

accuracy and efficiency. 

GitHub Copilot can be considered as an AI pair programmer that helps programmers by 

offering autocomplete ideas as they code or write comments. The suggestions appear as 

developers start writing code, or by writing a comment explaining what the code is supposed 

to do. This tool aims to help programmers to quickly learn new alternatives to solve problems 

by reducing developers’ work and increasing their productivity.  

Moreover, it is important to state that GitHub continues to evolve and works hard to bring 

new features that contribute to a more personalized developer experience. In December 

2023, GitHub Copilot adopted OpenAI’s GPT-4 (OpenAI, 2023) and introduced chat and voice 

(Dohmke, 2023). The Copilot is becoming a ChatGPT-like experience directed to developers. 
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2.2. RELATED WORKS 

Some studies were already conducted to analyze how programmers interact and benefit from 

Copilots and to explore its different functions and capabilities. Most of them studied this topic 

by assessing if the copilot suggested code is correct, analyzing the code quality and compare 

it to human code, and understand how programmers behave while using the tool (how they 

resolve proposed tasks and how it improved productivity). 

Barke et al. (2023) analyzed how developers cooperate with code-generating models. Finding 

suggested that the interactions with Copilot are bimodal, with programmers using Copilot in 

acceleration mode when they know what they have to do, and in exploration mode when they 

are uncertain how they should proceed. 

Moradi Dakhel et al. (2023) presented a study about the performance and functionality of 

Copilot’s suggestions and compared them with human solutions. The findings express that 

Copilot is capable of deliver solutions for most of the problems, but some of them are buggy. 

Moreover, Copilot struggles in merging different methods to generate a solution. At the end, 

the authors concluded that humans’ solutions are often more correct than Copilots’. Finally, 

the study shows that the programming experience is an important aspect once that Copilot 

can turn an asset when used by expert developers, and a liability when used by beginner 

developers who may have difficulties evaluating the code correctness. 

Sobania et al. (2022) compared the program synthesis performance of GitHub Copilot with 

genetic programming (GP) on standard program synthesis problems. It was concluded that 

despite GP approaches taking more time to generate solutions and are more expensive, both 

approaches perform similar. 

Vaithilingam et al. (2022) studied the usability of Copilot by observing how the 24 

programmers performed the three given programming tasks with different stages of difficulty 

(1. Edit CVS; 2. Web Scrapping; 3. Graph Plotting). The majority of the participants preferred 

using Copilot, however it did not lower the task completion time neither increased the success 

ratio of solving programming tasks. 

Wermelinger (2023) chose to study how does the Copilot performs, compared with Davinci, 

and see the implications and limitations when the users are programming students tasked 

with writing, explaining and fixing code. The findings of the study were that Copilot does less 

well compared to Davinci, once the suggestions given by it are often wrong. 

Some papers also analyzed GitHub Copilot as an AI-powered pair programming tool (Bird et 

al., 2023; Imai, 2022). Bird et al. (2023) conducted three different studies to understand how 

developers use Copilot (first, an analysis of GitHub forum discussions; then, a case study where 

5 expert Python programmers used Copilot for the first time; lastly, it was performed an 

analysis of 2047 survey answers from programmers). Through these studies, the authors 

concluded that despite developers spending more time reviewing code than actually writing, 
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users perceive themselves to be more productive when accepting suggestions from Copilot. 

Imai (2022), on the other hand, compared the effectiveness of pair programming with GitHub 

Copilot to human pair programming in terms of code productivity and code quality. The results 

show that pair-programming with Copilot is totally different of human pair-programming. 

Moreover, on average, code produced by Copilot has inferior quality when compared to the 

code produced by human pair-programming. 

 

2.3. GENERATIVE AI 

With the development of Gen-AI assistants, many students and educational professionals 

have shown increased interest in using these tools for educational proposes. In so, most 

researchers focused on the importance of this field in education. 

Almufarreh (2024) presented insights about which factors affect students’ general satisfaction 

with AI tools. Wang et al. (2023) studied how AI can improve learning efficiency and provide 

educational support. The study also identified possible risks and limitations as privacy and 

ethical concerns. (Yilmaz & Yilmaz, 2023) stated that by using ChatGPT for programming 

learning, students can deliver faster and mostly corrected answer, however, it also triggered 

laziness and anxiety among students. L. Chen et al. (2020), affirmed that instructors have been 

more effectively and efficiently in their job since they use AI tools. Also, as AI enables a more 

personalized content the learning process of students have been improved. Chatterjee & 

Bhattacharjee (2020) chose to study, based on the UTAUT model, the factors that influence 

the adoption of AI in higher education in India.  

However, though these studies deliver appreciated considerations on how users perceive 

Gen-AI tools, these insights are about students or education professionals. For this master 

thesis, the main focus is to study how programmers use and adopt Gen-AI tools, more 

specifically Copilot. 

 

2.4. ADVANTAGES AND CONCERNS 

Analyzing the studies presented above, there is not a unanimous conclusion of the advantages 

and benefits that Copilot offers, also due to the difficulty to measure productivity and code 

quality (Murphy-Hill et al., 2021). 

Based on 2000 responses of developers about their experience using Copilot, GitHub 

identified that 88% of surveyed respondents felt more productive, 74% were able to focus on 

more satisfying work, and 88% claimed to complete tasks more quickly (Kalliamvakou, 2022; 

Maslej et al., 2023). Developers who use Copilot reported to be 55% more productive at 

coding than the developers who did not use GitHub Copilot, and up to 75% more fulfilled with 

their jobs. 
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On the other hand, one of the major problems and concerns is regarding the security of this 

tool. Since the Copilot is trained on public code repositories of GitHub, there is a high 

probability of problems and vulnerabilities (Asare et al., 2023), for example, there is a 

possibility that the model was learned on buggy and biased code.  

Pearce et al. (2022) chose to investigate if Copilot generates insecure code. For that, there 

were created diverse scenarios on high-risk cybersecurity problems. The conclusions show 

that Copilot produces insecure code about 40% of the time, and for that reason, developers 

should remain “awake” when using this tool. Furthermore, according to the 2023 Open Source 

Security and Risk Analysis report by Synopsys, 84% of the 1703 codebases examined contained 

at least one vulnerability, and 48% contained high-risk vulnerabilities (Open Source Security 

and Risk Analysis 2023, 2023). 

Liang et al. (2024) analyzed 410 developers’ responses to understand the usability challenges 

related to the use of AI programming assistants. The conclusions of this study express that 

despite the participants appreciating the autocompletion capabilities, as well as the fact that 

help them to finish tasks faster, they generally have concerns about privacy and security 

problems. AI programming assistants can produce code that may infringe on intellectual 

property and this AI tools can have access to users’ code. 

To summarize, there are different conclusions about the impacts of Copilots in software 

engineering. If, on one side, there are possible advantages, such as improving productivity and 

the output quality of code, that can revolutionize developers’ experience. On the other side, 

there exist some ethical aspects, as privacy and security concerns, that leverage the 

consideration of users to implement this tool. 
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3. THEORETICAL MODEL BUILDING 

Over the years, many models and frameworks have been developed with the aim to study 

information technology (IT) acceptance. Some examples of these models are the technology 

acceptance model (TAM), the diffusion of innovative theory (DIT), and the unified theory of 

acceptance and use of technology (UTAUT) (Taherdoost, 2019). 

From the existing frameworks, UTAUT is one of the most significant adoption models used in 

information systems, and for that it will be used as a guiding framework to help provide a 

better understanding of developer’s adoption and use behaviors towards Copilot. UTAUT 

resulted from the combination of eight different frameworks, and proposed four main factors 

(performance expectancy, effort expectancy, social influence, and facilitating conditions) 

(Venkatesh et al., 2003). Years later, three other constructs were incorporated to this model 

(hedonic motivation, price value, and habit), extending UTAUT into UTAUT 2 (Venkatesh et al., 

2012). 

For this work, despite the standard constructs, four more were added (user satisfaction, code 

quality, perceived learning and age) with the aim of completing the model. Being UTAUT itself 

developed based on a review of existing technology acceptance models, it offers a flexibility 

to incorporate other factors that may help to deliver a more comprehensive understanding of 

the model (Venkatesh et al., 2016). 

Additionally, thirteen hypotheses were settled to further investigate how they influence the 

developer’s intention to use Copilot. The proposed model for this study was design, as 

illustrated in Figure (1). 

 
Figure 1 - Research Model 
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3.1. PERCEIVED PRODUCTIVITY 

Perceived Productivity (PP), or Performance Expectancy as it is called in the original model of 

UTAUT, is designated as the level to which a person considers that using a system will help to 

achieve additional benefits in job performance (Venkatesh et al., 2003). This factor relates to 

the advantages that developers would achieve from using a new tool, in this case, Copilot, in 

their daily work. By being able to complete more tasks, or tasks more quickly, productivity will 

be affected. 

The literature showed that PP has been significantly impacting the individual’s satisfaction and 

continued use in IS field (Joo et al., 2017; Li & Fang, 2019; Niu & Mvondo, 2024). In addition, 

it is expected that Copilot can provide advantages and positive outcomes related to perceived 

productivity. In so, this hypothesis is proposed: 

Hypothesis 1: Perceived Productivity has a positive effect on user satisfaction. 

 

3.2. EFFORT EXPECTANCY 

Effort Expectancy (EE) states the level of ease related with using a system (Venkatesh et al., 

2003). It is concerned about the ease of using Copilot or, with other words, the effort 

employed by developers when using the tool to resolve programming tasks. It is likely that 

effort expectancy will have an impact on the satisfaction of users with a new technology once 

it may require some extra effort to learn how to operate the tool. Previous studies assumed 

contradictory findings. Hong et al. (2011) identified a connection between effort expectancy 

and users’ satisfaction on Agile Information Systems. In the context of m-commerce, Chong 

(2013) found EE impact to be insignificant on consumer satisfaction, and S. Chen et al. (2009) 

also determined that satisfaction is positively influenced by ease of use. Thus, the following 

hypothesis was settled: 

Hypothesis 2: Effort Expectancy has a positive effect on user satisfaction. 

 

3.3. SOCIAL INFLUENCE 

This factor reflects the importance that a person gives to what others consider he/she should 

use the new tool (Venkatesh et al., 2003). In the context of this thesis, social influence 

addresses the extent to which the society, friends and most important work colleagues, accept 

and incentive using Copilot. Thus, as social influence can explain certain choices and attitudes, 

this can be considered one key variable when exploring developer’s aim to use Copilot. Hsiao 

et al. (2016) researched and confirmed that social ties have a meaningful influence on 

satisfaction. Consequently, the following hypothesis was developed: 

Hypothesis 3: Social Influence has a positive effect on user satisfaction. 
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3.4. FACILITATING CONDITIONS 

Facilitating conditions (FC) refer to the level a person considers that exists an organizational 

and technical foundation to assist the use of Copilot (Venkatesh et al., 2003). This measure 

addresses the developers’ aptitude to use Copilot, as well as the conditions related to 

infrastructure, such as internet and computer. Studies using the UTAUT framework, support 

the facilitating conditions may positively affect intention to use and actual use (Chauhan & 

Jaiswal, 2016; Palau-Saumell et al., 2019). The facilitating conditions also reflect the 

compatibility with work tools, lifestyle and methods, in so, as it also represents user 

evaluations of the usage environment it is important to test the connection between FC and 

user satisfaction (Chan et al., 2011).  

Hypothesis 4: Facilitating Conditions has a positive effect on user satisfaction. 

Hypothesis 5: Facilitating Conditions has a positive effect on actual use. 

 

3.5. USER SATISFACTION 

This factor refers to users’ overall experience of using a system (Hong et al., 2011), and it plays 

an essential role in determining users' attitudes toward and continued use of a technology. 

The meeting of expectations is an essential requirement to achieve user satisfaction, then, 

when users accept the tool, there is a high probability they integrate it into their routine. User 

satisfaction plays an important role in motivating technology continuous use (Delone & 

McLean, 2003; Hong et al., 2011; D. Jaiswal et al., 2022; Urbach & Müller, 2012). Thus, the 

following hypothesis was settled: 

Hypothesis 6: User satisfaction has a positive effect on actual use. 

 

3.6. CODE QUALITY 

Code quality contributes to users' intention to use Copilot. When the tool consistently 

generates high-quality and accurate code suggestions, users are more likely to rely on it for 

assistance in their coding tasks. For instance, this dimension addresses if the output generated 

by the tool is as reliable as the average human code. 

We can see code quality, as the quality of the output generated by Copilot. TAM 3 posits that 

output quality is related to the level of a person considers that the system performs job tasks 

well (Venkatesh & Bala, 2008; Venkatesh & Davis, 2000). Additionally, the information systems 

success model posits that user satisfaction is explained by the quality of information as an 

output of an IS (Laumer et al., 2017). When the retrieved information is not pertinent to a task 

or is hard to comprehend, individuals might follow substitute techniques to obtain the 
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information needed, otherwise, if Copilot performs human like tasks in an accurate, reliable 

and understandable manner, this will probably increase the user satisfaction with the tool. 

Therefore, this aims to examine the following hypothesis. 

Hypothesis 7: Code quality has a positive effect on user satisfaction. 

 

3.7. PERCEIVED LEARNING 

Assessing whether developers recognize Copilot as a tool for learning and skill enhancement 

is important. Jaiswal et al. (2021) operationalized upskilling as a process of learning new skills, 

this concept is similar to the proposed of perceived learning. If users see Copilot as a mean to 

improve their coding proficiency and learn new concepts and new ways of writing code, it can 

positively influence users’ satisfaction and intention to use the tool. This construct pretends 

to measure the programmers’ perception of Copilot as a learning tool. Copilot can generate 

code and provide explanations about it, which allow users to receive constant feedback. It also 

opens a door to obtain more knowledge and discover different ways to achieve the same 

output. Consequently, the succeeding hypotheses were established: 

Hypothesis 8: Perceived learning has a positive effect on user satisfaction. 

Hypothesis 9: Perceived learning has a positive effect on actual use. 

 

3.8. AGE 

Even though technology is more present than ever in everything we do, older users are less 

likely to enjoy and adopt new technologies. This happens because of the difficulty that is to 

start learning something new from scratch. Additionally, older users might limit the 

information they use in their decision-making and mostly rely on their personal opinions and 

knowledge (Chattaraman et al., 2019). Younger users are more technologically enthusiastic 

compared to older users (Venkatesh et al., 2003). In so, as older users might not be disposed 

to use Copilot and learn with it, the study aims to investigate if the age impacts the code 

quality opinion and the perceived learning. The association among age and technology is 

typically negative, denotation that as the age of users’ increases, their negative approaches 

concerning technology also rise. Therefore, the following hypotheses were settled: 

Hypothesis 10: Age has a negative effect on code quality. 

Hypothesis 11: Age has a negative effect on perceived learning. 
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4. METHODOLOGY 

4.1. PROCEDURES 

In order to collect the necessary data to evaluate the research model, an online questionnaire 

was developed within the Qualtrics platform. As seen in Appendix A, before distribution, the 

questionnaire was submitted to the NOVA IMS Ethics Committee, and therefore approved. It 

was assured and informed to all participants that the collected data was exclusively treated 

for academic purposes, in a totally anonymous approach. The questionnaire was available in 

two versions: English, and Portuguese. 

The constructs presented in the survey were mostly adapted from the literature and measured 

using a seven-point numerical scale, ranging from “1 – Strongly disagree” to “7 – Strongly 

agree”, according to the participants’ level of understanding about each statement, except for 

the User Satisfaction construct that was measured from “1 – Extremely Negative” to “7 – 

Extremely Positive” and the Actual Use construct, whose scale was ranged from “1 – Never” 

to “7 – Always”. 

For the purpose of this study, a total of 237 answers from developers with different 

programming experience levels were examined. The survey consisted mainly of questions 

associated with the general attitude of developers to the use of Copilot, their perceived 

productivity and perceived learning about this tool and their satisfaction by using it. 

As mentioned before, some of the measurement items were slightly modified from the 

literature considering the goals and context of this study, while others were self-developed. 

The constructs with the respective sources are exhibited in the table below. 

 

Table 1 - Measurement items and sources 

Construct Statement Reference 

Perceived 

Productivity 

PP1. Using Copilot is useful in my work 

PP2. Using Copilot improves my job performance 

PP3. Using Copilot improves my productivity 

PP4. Using Copilot enables me to accomplish tasks 

more quickly 

(Martins et al., 

2014; Venkatesh et 

al., 2003) 

Effort 

Expectancy 

EE1. I find Copilot easy to use 

EE2. My interaction with Copilot is clear and 

understandable 

EE3. It would be easy for me to become skillful at 

using Copilot 

EE4. Learning to operate the system is easy for me 

(Venkatesh et al., 

2003) 
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EE5. I understand the suggestions Copilot gives me 

Social 

Influence 

SI1. My colleagues think I should use Copilot 

SI2. I use Copilot because my coworkers use it 

SI3. My peers use Copilot frequently 

SI4. In general, the organization I work for has 

supported the use of Copilot 

(Venkatesh et al., 

2003) 

Facilitating 

Conditions 

FC1. I have the resources necessary to use Copilot 

FC2. I have the knowledge necessary to use 

Copilot 

FC3. Copilot is compatible with other 

systems/tools I use 

FC4. Using Copilot fits into my work style 

(Venkatesh et al., 

2003) 

Code Quality 

CQ1. Copilot code quality is better than the 

average human code 

CQ2. Copilot code is consistent 

CQ3. Copilot code is reliable 

Personal 

development 

User 

Satisfaction 
US1. My overall satisfaction of Copilot is: 

Extremely Negative to Extremely Positive 

(Chan et al., 2011; 

Hong et al., 2011) 

Perceived 

Learning 

PL1. I learn programming when using Copilot 

PL2. I learn more programming by using Copilot 

rather than with peers 

PL3. My programming skills have improved since I 

use Copilot 

Personal 

development 

Actual Use AU1. How frequently do you use Copilot? Never to 

Always 

(S. A. Brown et al., 

2010) 

 

4.2.  DATA COLLECTION 

To ensure the success and viability of the survey, it was shared across different social media 

platforms, namely in Facebook groups and LinkedIn. In total, 237 individuals participated in 

the survey, that was opened between April and the end of June 2024. Around 39% of the 

responses were deleted due to incompleteness, remaining 144 (about 61%) valid responses. 

Approximately 61% of the participants were men, 23% aged between 22 and 25 years old. 

Furthermore, 7% of the respondents admitted that they never use the tool. More detailed 

characteristics about the respondents are shown in Table 2. 

The data evaluation and analysis were made throughout the use of partial least squares-

structure equation modeling (PLS-SEM), which is a common approach in the information 
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systems field. PLS-SEM is a causal modeling method aimed to test and explain the association 

between dependent and independent variables (Hair et al., 2011).  

 

Table 2 - Sample Characteristics 

Sample Characteristics Percentage (%) 
Frequency 

(n=144) 

Gender 

Male 

Female 

Prefer not to say 

 

61,1 

37,5 

1,4 

 

 

88 

54 

2 

Age 

18 - 21 

22 - 25 

26 - 29 

30 - 33 

34 - 37 

38 - 41 

42 or more 

 

15,3 

29,9 

10,4 

11,8 

8,3 

4,9 

19,4 

 

22 

43 

15 

17 

12 

7 

28 

Programming Experience (Years) 

0 - 1 

1 - 2 

2 - 3 

3 - 4 

5 or more 

 

19,4 

17,4 

22,2 

5,6 

35,4 

 

28 

25 

32 

8 

51 
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The participants were questioned about which programming languages they normally use. 

They could choose more than one option and write additional languages not listed. By 

analyzing Figure 2, it is observed that Python and SQL are the most used languages by 

programmers, followed by JavaScript and Java. 

 
Figure 2 - Programming Languages 

 

4.3. MEASUREMENT MODEL RESULTS 

The SEM-PLS method was used to examine the model proposed in this thesis. The 

measurement model was performed and tested to evaluate the reliability and construct 

validity. In the succeeding paragraphs, the results of this analysis will be presented in detail. 

Table 4 presents an overview of the reliability measures (Cronbach’s alpha and composite 

reliability) and validity measures (average variance extracted) to each item. Cronbach’s alpha 

was used to measure the internal consistency reliability of the constructs. According to the 

literature, the values of cronbach’s alpha must be bigger than 0.70, that criteria was 

accomplished for all the variables. Additionally, the composite reliability coefficients, rho_a 

and rho_c, also fulfill the recommended threshold of 0.70, therefore, the indicator reliability 

is satisfied (Hair Jr. et al., 2021). The average variance extracted (AVE) was analyzed to 

measure the convergent validity of the constructs, once the AVE value is greater than 0.50 for 

all measures, which is in accordance with the literature, it indicates convergent validity of the 

measurement model. 
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Table 3 – Construct Reliability and Validity 

 Cronbach's 

alpha 

Composite 

reliability (rho_a) 

Composite 

reliability (rho_c) 

Average 

variance 

extracted (AVE) 

Code Quality 0.810 0.813 0.887 0.724 

Effort Expectancy 0.824 0.853 0.876 0.587 

Facilitating 

Conditions 
0.877 0.889 0.915 0.729 

Perceived Learning 0.858 0.861 0.913 0.779 

Perceived 

Productivity 
0.930 0.934 0.950 0.825 

Social Influence 0.758 0.830 0.836 0.569 

 

To access and evaluate the discriminant validity (if a construct is different from the other 

constructs in the model), three measures were used: Fornell-Larcker criterion, indicator’s 

loadings and heterotrait-monotrait (HTMT) ratios. The Fornell-Larcker principle establishes 

discriminant validity if the square root of the AVE of each item (the diagonal value) exceeds 

its maximum association with any other construct (Fornell & Larcker, 1981). Table 4 confirms 

this criterion. An analysis of the cross-loading table ensures that each item demonstrates 

stronger loadings on the related construct, compared with all of its cross loadings (Hair et al., 

2011). As shown in Appendix B, all of the indicators primarily measure its intended construct, 

which demonstrates a strong discriminant validity. Lastly, the HTMT ratio was conducted, and 

as seen in Table 5 all values are beneath 0.90, which means that the constructs differ from 

one another. To summarize, as the three criteria are satisfied, it is possible to confirm the 

discriminant validity of the constructs. 
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Table 4 - Fornell-Larcker Results 

 AU A CQ EE FC PL PP SI US 

Actual Use (AU) 1         

Age (A) -0.103 1        

Code Quality (QC) 0.302 -0.171 0.851       

Effort Expectancy 

(EE) 
0.496 -0.044 0.230 0.766      

Facilitating 

Conditions (FC) 
0.675 -0.100 0.298 0.656 0.854     

Perceived Learning 

(PL) 
0.377 -0.178 0.476 0.292 0.284 0.883    

Perceived 

Productivity (PP) 
0.592 0.053 0.273 0.641 0.691 0.215 0.909   

Social Influence (SI) 0.490 -0.073 0.303 0.455 0.548 0.381 0.426 0.754  

User Satisfaction 

(US) 
0.633 0.032 0.425 0.506 0.572 0.475 0.596 0.418 1 

 

Table 5 - HTMT Ratios 

 AU A CQ EE FC PL PP SI US 

Actual Use (AU)          

Age (A) 0.103         

Code Quality (QC) 0.334 0.184        

Effort Expectancy 

(EE) 
0.537 0.146 0.277       

Facilitating 

Conditions (FC) 
0.710 0.107 0.350 0.759      

Perceived Learning 

(PL) 
0.407 0.190 0.560 0.339 0.317     

Perceived 

Productivity (PP) 
0.614 0.062 0.311 0.726 0.752 0.238    

Social Influence (SI) 0.531 0.129 0.422 0.515 0.629 0.487 0.439   

User Satisfaction 

(US) 
0.633 0.032 0.472 0.541 0.602 0.512 0.615 0.420  
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Finally, the variance inflation factor (VIF) measures the collinearity of predictor constructs. To 

avoid collinearity issues the threshold should be bellow 5 for all variables. As observed in Table 

6, as all values are bellow 3. In so, the predictor variables are not correlated, which suggests 

that collinearity is not a problematic issue. 

 

Table 6 - Variance Inflation Factor (VIF) 

 VIF 

Age -> Code Quality 1.000 

Age -> Perceived Learning 1.000 

Code Quality -> User Satisfaction 1.364 

Effort Expectancy -> User Satisfaction 2.062 

Facilitating Conditions -> Actual Use 1.488 

Facilitating Conditions -> User Satisfaction 2.521 

Perceived Learning -> Actual Use 1.292 

Perceived Learning -> User Satisfaction 1.431 

Perceived Productivity -> User Satisfaction 2.197 

Social Influence -> User Satisfaction 1.581 

User Satisfaction -> Actual Use 1.766 

 

To conclude, the analysis evidence positive outcomes through all measures, which proves that 

the model is valid, reliable as well as robust. 

 

4.4. STRUCTURAL MODEL 

After validating the conceptual model, it is necessary to analyze and validate the structural 

model. This second phase of the PLS-SEM method is calculated using bootstrapping technique 

to compute the p-values with a subsample of 5000. Bootstrapping is a resampling technique 

that generates numerous subsamples with replacement from the original sample (Hair et al., 

2011). Both table 7 and Figure 3 provide a summary of the outcomes of the model estimation, 

namely the path coefficients and the 𝑅2 values. 
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Table 7 - Research Hypothesis Results 

Hypothesis 

Original 

sample 

(O) 

Sample 

mean 

(M) 

Standard 

deviation 

(STDEV) 

T statistics 

(|O/STDEV|) 

P 

values 
Significance 

H1 PP -> US 0.335 0.335 0.084 3.983 0.000 *** 

H2 EE -> US 0.061 0.067 0.084 0.720 0.471 NS 

H3 SI -> US 0.005 0.008 0.074 0.069 0.945 NS 

H4 FC -> US 0.182 0.180 0.114 1.603 0.109 NS 

H5 FC -> AU 0.464 0.465 0.064 7.304 0.000 *** 

H6 US -> AU 0.324 0.323 0.078 4.150 0.000 *** 

H7 CQ -> US 0.136 0.138 0.071 1.921 0.055 NS 

H8 PL -> US 0.267 0.261 0.058 4.604 0.000 *** 

H9 PL -> AU 0.092 0.091 0.061 1.491 0.136 NS 

H10 A -> CQ -0.171 -0.174 0.086 2.004 0.045 * 

H11 A -> PL -0.178 -0.176 0.086 2.069 0.039 * 

Note: NS = not significant; * significant at p < 0.05; ** significant at p < 0.01; *** 

significant at p < 0.001 (Cohen, 1992) 

 

 

 
The structural model presented in Figure 3 provides the tested hypothesis results. The model 

explains 52% of the variation in user satisfaction. Perceived productivity (β = 0.335, p < 0.001) 

and perceived learning (β = 0.267, p < 0.001), are both statistically significant to explain user 

satisfaction with Copilot, providing support to H1 and H8. Notably, perceived productivity has 

a stronger impact, which insinuates that user satisfaction is better explained by this construct 

than by perceived learning. Moreover, the model explains 55% of the variance in actual use, 

being it impacted by facilitating conditions (β = 0.464, p < 0.001) and user satisfaction (β = 

Perceived Productivity

Effort Expectancy

Social Influence

Facilitating Conditions

Perceived Learning

0.032

Actual Use
0.553

User Satisfaction

0.521

Code Quality

0.029

Age

H7
0.136

H1
0.335***

H2
0.061

H3
0.005

H4
0.182

H5
0.464***

H6
0.324***

H10
-0.171*

H8
0.267***

H9
0.092

H11
-0.178*

Figure 3 - Structural Model Results 
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0.324, p < 0.001). Thus, the hypothesis H5 and H6 are confirmed. The hypothesis H10 and H11, 

despite having a negative coefficient, does not mean that they do not have a significant 

impact. In fact, it only suggests that an increase in age is related with a decline in the code 

quality/ perceived learning variable. In so, code quality and perceived learning are negatively 

impacted by age (β = -0.171, p < 0.05) and (β = -0.178, p < 0.05), respectively. 

It is equally important to recognize the non-significant findings that add to the overall 

understanding of the model. As observed in the model, H2, H3, H4, H7 and H9 did not have a 

significant impact on their independent variables. Therefore, effort expectancy (β = 0.061, p > 

0.05), social influence (β = 0.005, p > 0.05), facilitating conditions (β = 0.182, p > 0.05) and 

code quality (β = 0.136, p > 0.05) do not significantly impact user satisfaction. It is important 

to mention that despite code quality did not have a significant impact, it was very closed to 

have (p-value = 0.055). Also, perceived learning (β = 0.092, p > 0.05) does not impact the actual 

use of Copilots. 
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5. DISCUSSION 

The proposed research model uses UTAUT framework as a reference model to study the 

classical variables that moderate the impact of user satisfaction on the acceptance and use of 

Copilots for programming. Other particular variables, which have rarely been used in prior 

literature, were added to the model in order to analyze how they could affect and influence 

it. From the eleven hypotheses tested, six showed significant results, while the five non-

significant findings offered insights into the limits of certain variables. 

The results of this study reveal that perceived productivity has a significant impact on user 

satisfaction, which specifies that one of the reasons for programmers being satisfied with the 

tool is because they feel more productive when using it (Lee & Kim, 2022; Maillet et al., 2015; 

Tam et al., 2020). 

On the other hand, the remain standard variables of UTAUT, effort expectancy, social 

influence and facilitating conditions, in contradiction with most of the results observed across 

different studies, are not statistically significant to the model. This means developers do not 

consider these three factors important for their level of satisfaction with Gen-AI tools, more 

specifically, Copilot. As effort expectancy is related to the ease of using Copilot, it may have a 

less significance for programming tools, once that programmers typically have advanced 

technical skills as well as a higher tolerance and willing to learn new tools. Despite 

contradicting the findings of Venkatesh et al. (2012), there are other papers that align with 

the findings of this study, namely Kosiba's (2022). Aligned with Magsamen-Conrad et al. (2015) 

and Russo (2024), social influence also presented to not be significant. A possible reason for 

this might be because currently, technology is adopted massively and rapidly by everyone at 

the same time, other reason can rely on the individual-centric that programming is. Facilitating 

Conditions also do not impact user satisfaction, which is aligned with Lee & Kim (2022) 

previous study. However, in conformance with several studies such the Venkatesh et al (2003) 

study, facilitating conditions exhibit significance on actual use, which informs that FC only 

impact the use of Copilot, not the general satisfaction with the tool.  

Furthermore, the notable impact of the variable age on code quality and perceived learning 

implies that younger users perceive to learn more code by using Copilot, and that younger 

users, in contrary to older ones, understand that the quality of the code is good. Code Quality 

has a non-significant impact on user satisfaction, while perceived learning has a positive 

influence. Nevertheless, it is important to refer that that perceived productivity proves a 

higher impact on user satisfaction compared to perceived learning, settling that the main 

reason users value Copilot is due to the fact it enhances their productivity. 

Finally, user satisfaction impacts positively on actual use, once satisfied users are more 

probable to continue using Copilot. Several authors studied how satisfaction impacts 

continuous using of a tool (Tam et al., 2020). 
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6. CONCLUSIONS AND FUTURE WORK 

Based on the UTAUT framework, this thesis aimed to investigate the factors motivating the 

satisfaction of developers with Copilot, as well as explore which factors influence the adoption 

of the tool and understand the relationship between user satisfaction and use of Copilots. To 

achieve these objectives, a primary analysis was made to identify the determinants influencing 

user satisfaction and actual use. Consequently, it was developed a questionnaire and a 

conceptual model that was tested using PLS-SEM. 

The results of the study reveal significant theoretical implications. Perceived productivity 

posits a strong positive impact on user satisfaction, which promotes the potential of the tool 

in completing more tasks in a period of time or helping to perform tasks more quickly. The 

study’s findings suggest that in the context of Gen-AI tools for programming, and more 

specifically Copilot, perceived learning expresses a significant impact, influencing user 

satisfaction rather than actual system use. This notable impact of perceived learning on user 

satisfaction suggests possible outcomes in the education field. It also suggests that users may 

not adopt the tool because learning matters but appreciate the fact they could learn post-

adoption. The more developers think they learn from the tool, the more satisfied they are. 

Also, the impact of user satisfaction on use and adoption of Copilot suggests that it is 

important to adjust the UTAUT model to better access the predictors of technology 

acceptance. The greater the satisfaction of users, the higher their likelihood of using Copilot. 

Regarding the practical implications, as the results specify that perceived productivity has a 

significant impact on satisfaction, providers should put effort on advertising and sharing the 

usefulness and potential of the Gen-AI tool, while organizations and individuals should 

incorporate the tool in their work basis. 

This study, like any other, faced several limitations, however, these limitations provide 

opportunities for further research. The sample size was narrow and may not be representative 

of the IT population, consisting in 144 valid answers, most of them given by male participants, 

which may limit the generalizability of the findings. Furthermore, the conducted study only 

focused on the context of software professionals’ use of Copilot. Future research should 

consider a larger sample size and study the validity of the results in broader or distinctive 

contexts. Additionally, the moderating variables presented in UTAUT framework were not 

contemplated, neither was the connection between behavioral intention and actual use. 

The study only reflects a limited temporal scope, which can narrow the results of the study. 

This can occur because Gen-AI is always evolving, and perceptions of users can be different. 

Future studies are needed to verify the generalization of the model. Lastly, the data collection 

of this research was made through a questionnaire, future research could explore alternative 

approaches, such as qualitative methods. 
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