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ABSTRACT

Title: The impact of interacting with Al in the workplace on employees’ job and life satisfaction

Author: Olivia Metzger

Given that Al is being implemented in the workplace, it is crucial to understand its impacts on
employees’ well-being. While previous research has focused on the negative consequences of
Al related to stress and job insecurity, this thesis contributes to research by focusing on the
positive implications. Thus, this research aims to investigate the impact of interacting with Al
on employees’ job and life satisfaction while considering their attitudes towards Al and
applying the JD-R model. The proposed model was tested using a PLS-SEM analysis with 268
participants in a correlational research design. The results showed that interacting with Al is
positively and directly correlated with job satisfaction and indirectly influences life satisfaction
through the mediating role of job satisfaction. The same can be said about attitudes towards Al
and job resources which are positively directly correlated with job satisfaction and indirectly
with life satisfaction. No statistically significant effects regarding job demands were found.
Moreover, none of the moderation effects of attitudes towards Al, job demands, and job
resources could be supported. These findings provide valuable implications for organizations

and practitioners seeking to implement Al in the workplace.

Keywords: artificial intelligence, workplace, attitudes towards Al, interaction with Al, job

satisfaction, life satisfaction, job resources, job demands, JD-R model



SUMARIO
Titulo: O impacto da interacdo com a IA no local de trabalho na satisfagdo do trabalho e da

vida dos funcionarios

Autor: Olivia Metzger

Dado que a IA esta sendo implementada no local de trabalho, é crucial entender seus impactos
no bem-estar dos funciondrios. Este estudo investiga a interacdo com a IA sobre a satisfacao
do trabalho e da vida dos funciondrios, considerando suas atitudes em relagao a IA, demandas
de trabalho e recursos. O modelo proposto foi testado usando uma andlise PLS-SEM com 268
participantes em um projeto de pesquisa correlacional. Os resultados mostraram que a interagao
com a A estd positivamente e diretamente correlacionada com a satisfagdo no trabalho e
influenciam indiretamente a satisfac¢ao na vida através do papel mediador da satisfac¢do no
emprego. O mesmo pode ser dito sobre atitudes em relac@o a IA e aos recursos de emprego que
estdo positivamente diretamente correlacionados com a satisfacdo no trabalho e indiretamente
com a satisfaccdo na vida. Ndao foram encontrados efeitos estatisticamente significativos
relativamente as demandas de emprego. Além disso, nenhum dos efeitos de moderacdo das
atitudes em relacdo a IA, demandas de emprego e recursos de emprego poderiam ser suportados.
Essas descobertas fornecem implicacdes valiosas para organizacdes e profissionais que

procuram implementar a IA no local de trabalho.

Palavras-chave: inteligéncia artificial, local de trabalho, atitudes em relacdo a IA, interacao
com a A, satisfacdo com o trabalho, satisfeicio com a vida, recursos de emprego, demandas

de emprego Modelo JD-R



ACKNOWLEDGEMENTS

This thesis marks the end of my student life and time in Lisbon. The last 1.5 years were filled with
moments of laughter with friends, dancing to techno at the Who the f*** is Henry? train station, drinking
lots of Sangria and Somersby, eating Pastel de Nata, surfing and exploring the beaches and most of all
learning and studying for all the different courses. I had an amazing time at Catélica Lisbon, making

memories and friendships that will hopefully last a lifetime, for which I am deeply grateful.

First of all, I wish to express my sincere appreciation to my supervisor Filipa regarding her continuous
support and encouragement throughout the thesis process, from figuring out my topic, contemplating

various research designs to the in-depth feedback of my drafts.

Secondly, I want to express my deepest gratitude to my mum, for supporting me financially and

emotionally, and my sister for her motivational speeches that kept me going.

Thirdly, I want to thank my strategic marketing girlies Chica, Elana, Joana, and Sofia for being my core
support at Catélica, for suffering together through group projects and exams, for laughing and crying

together, eating all the good food and providing emotional support and hugs 24/7.

Another big thank you goes out to Jill, who motivated me a lot during the last sprint of the thesis. Thank
you for sitting with me for so many hours at the Starbucks on Langkawi, Malaysia until the baristas
knew our names and orders by heart — thank you as well for the amazing drinks prepared by Ekmal to

keep us going.

Last but not least, my heart goes out to the Lisbon Gang, for all the birthday dinners, parties, exploring
Lisbon, the Algarve spring break,.. . Thank you Chica, Elana, Elena, Emma, Jasmin, Jill, Jojo, Jules,
Linus, Mark, Mathieu, Robin, Sander, Sofia. I cannot wait for a reunion soon in Lisbon to graduate all

together in November !!



TABLE OF CONTENTS

ABSTRACT ... eeeeteetiercccsnerereeessissesssssnsesesssssssssssssnsesessssssssssssnnnesssssssssssssnsenessssssssssnnnneesssss 2
SUMARIO ......cvveeererereressesesesssessssesesesssesassesessssssssssesesesssassssssesessnssssesssssnsnssssesesesnsassesesesnsnses 3
ACKNOWLEDGEMENTS. ......ccctiiiiiiiiiriirererererssesesesesesesesssssssssssesssessssssssssssssssssssssssssssssssssasssannes 4
TABLE OF CONTENTS ....oiiiiiiiiiiiitititiettreterceceeeeeeeeeeeeeeseeeeesesesseesessessssssseseeeseeseesesesesssssssesessaees 5
LIST OF FIGURES .......c oo eeeiieeeciceereetrescscseseseeesesssesesesesesesssssesssssessassssessssssssssesssssassssssesssasesenanes 7
GLOSSARY ...oeeeiriiiiiiiccrnrennreeessissessssssnnneeessssssssssssssressessssssssssssssessssssssssssnnsesessssssssssssansessssssssssns 8
1 INTRODUCTION ....cuiiiiiiiiiiieiiirieeersesesesesesssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssns 10
1.1 TOPIC PRESENTATION ......cococtiitieuieieitieteeeesteeseetessestesssessessesssessessesssessessessesssensessessesssessessessenns 10
1.2 PROBLEM STATEMENT & RESEARCH QUESTIONS .........cooiiiieiiieeieeeireesireesreesseessessnsneensneenns 12
1.3 ACADEMIC & MANAGERIAL RELEVANCE ........cccceoiitiiiiitieieeteesteeteeiesseestessesnseeseessnessesnseens 12
1.4 RESEARCH IMETHODS ......ccoooitiitiitieieitieteetesteseeesestesteeseessessessaessassesseessessessesssensessessesssessessesssenns 13
LS STRUCTURE .......cotiitiiiiiieite ettt e eteeeetteestee e tae e staesateeasaeessseessseassteeasseesssesesseessseesssasanseeansesenssenns 13
2 LITERATURE REVIEW & CONCEPTUAL FRAMEWORK ........ieeeriiiiccrnneneneeennns 14
2.1 DEFINITION OF ARTIFICAL INTELLIGENCE .........ccceeiiiiieitientienieeiteesteeseeseesanessnesssessnesssesanennns 14
2.2 TYPES OF ARTIFICAL INTELLIGENCE .........ccccveitiiiieiteesieesteesseesteesseesseesseesseesseesssessssssssssssssesnns 14
2.3 INTEGRATION AND APPLICATION OF AT IN THE WORKPLACE ........cccccoitiiiiiieeeiieeeeeiee e 15
2.3.1 OPPORTUNITES OF ARTIFICAL INTELLIGENCE .........ccccveiiiiiiiiieeieeeieeeseeeseeeseeeesnseesseesnnes 16
2.3.2 THREATS OF ARTIFICAL INTELLIGENCE .......c.ccceecteiiiitieteeientesteeseestesteesaessessesseessessessnsssensens 16
2.4 EMPLOYEES’ ATTITUDES TOWARDS ARTIFICAL INTELLIGENCE ........cccceviiiieniieniee e 16
2.4.1 PREDICTORS OF ATTITUDES .......cceeiteiieitiiteeieitesteetestesteeseessessessesssessessesssessessessesssessessessesssens 17
2.5 SUBJECTIVE WELL-BEING........cccoittiitttinitenieesieesteessieeessseessseessseessseessseessssessssessssessssesssseessseen 18
2.5.1 LIFE SATISFACTION ......ocotiiiiieeteeeiteeestteesteestesasessssesassesessssesssessssessssessssessssesessssssssessnsesssseeen 19
2.6 JOB SATISFACTION .....ccecotiiuietieeeetiiteeseessesteeseessessessesssessessessesssessessesssessessessssssessessesssessessasssessens 19
2.6.1 DEFINITION OF JOB SATISFACTION .......ccccitiitiiiteeiteesteesseesseesseessesssaesssesssesssesssesssesssessessennns 19
2.6.2 HOW JOB SATISFACTION RELATES TO LIFE SATISFACTION ......ccccoceiieierierieiteeeeniesteenenens 20
2.6.3 PREVIOUS RESEARCH ON JOB SATISFACTION ........cccivitieueeientestieeessesseeeessessesseessessessessesssens 20
2.6.4 PREDICTORS OF JOB SATISFACTION ........ccccveitiiiieesieesieesseesseesseesseeseesseessssssessssessessssssessesnns 21
2.6.5 CONSEQUENCES OF JOB SATISFACTION.........ccceitetentesteereetestesseeseessessesseessessessesssessessesssnsens 21
2.6.6 VARIABLES INTERACTING WITH JOB SATISFACTION........c.ccciueeeiieeieeeereenereeneeeesnnessseesnnens 21
2.6.7 AT & JOB SATISFACTION .......cocotiitieieiueiteiteetestesteestessestesseesessesssessessessesssessessessesssessessesseensens 23
2.7 OVERVIEW OF HYPOTHESES ........cccceeitieitietieiteeiteeiteesteesteesteesteesteesteestaestaesssesssesssesssesssesssesssennns 24
2.8 CONCEPTUAL FRAMEWORK .......occiiiiiieitieiteesteesteesteesteesseesseesseesseessesssessssesssssssssssessssssesssssssssnns 25
3 METHODOLOGY ...cuuueereieriiiiecrrsennreeeesissssssssssssesssssssssssssssssessssssssssssnnssssssssssssssssannsessssss 26
3.1 RESEARCH STRATEGY AND DESIGN ........ooiiiiiiiiieiie ittt esteeseteesteesteeesreessseeesseessnsessnsaeennen 26
3.2 PROCEDURE ......ccuoeitiitiiteeteite st eete e ste et eaestesseessessesteestestesteeseessessesseessesseseessessessesseassansestesseansans 27
B3 PARTICIPANTS .....uveiutieie et eteeteeteeeteesteeste e beesbeeseeteebeastaessaassaeabeessaestaastsesssasssesssessaesteesssesssensns 28
3.4 MEASUREMENT OF VARIABLES ........ccceeiiiitieiteeiteeiteesteesteesteesseesseessesssesssesssssssssssssssssssesssssssesnns 29
4 RESULTS ...cooeeieeeiecccccrentreeesssssessssennreeesssssssssssssenesssssasssssssssssessssssssssssnnnasessssssssssnnnneesesss 31



4.1 DATA CLEANING AND PREPARATION .......ccccttiiiiiteeenteeniteesueestesssesssessnsesessesesssessnsessssessnsens 31

4.2 DESCRIPTIVE STATISTICS.......eeeiiittteeiiteeeiireeeeiitreeeeiseeeeeitresesisesessssesessssssesessesessssesesssssesssnsens 32
B3 IDATA ANALYSIS ...ttt ecttee e ettt e e ettt e e e rtteeeeetaeeeeatseeeeaabaeeessbaeeeasseaeeasbasesanssaseeansaeesansseeeansses 32
4.3.1 ASSESSMENT OF REFLECTIVE MEASUREMENT MODEL .........cccccoeiiiitiietieeiteeesieeeereeeveeeennens 33
4.3.1.1 CONSTRUCT RELIABILITY AND VALIDITY .....ccccoitieiiitiieeeiireeeeeireeeesreeeeeisreeeesnreeeessssesesnnnens 33
B3 0.2IMODEL FIT ..ottt ettt e et e et e e e tae e etbe e e beeebee e beeeetaeesseeesaseesabesenseean 34
4.3.2 ASSESSMENT OF THE STRUCTURAL MODEL .......ccccvvtiiiitiiieiiieeeenireeeeeireeeeeitreeeesnseeeeessesesnnnens 35
4.3.2.1 COLLINEARITY OF THE CONSTRUCTS ......cccutttiiiiteeeiitieeeeiteeeesitteeeessseeesaseessesssesesesssssssnnsns 35
4.3.2.2 MODELS EXPLANATORY AND PREDICTIVE POWER ........c.ccccuteiiiiieiieeireenireesneesreesreeeneeas 35
4.3.2.3 HYPOTHESIS TESTING — STATISTICAL SIGNIFICANCE AND RELEVANCE OF PATH
COEFFICIENTS ......ooiiitiiiieeeiteeeiteeeeteeeteesteesteeesteeeasaeestasesasaesnsessseeanseeesasensseesasassseesasasssesensseensseens 36
4.3.3 EXPLORATORY ANALYSES .......oootiiiiiiieiiiieeeiiteeeeiteeeeeitteeeeiaseeeessseesesssesesassessesssesesesssesennnes 40
5  DISCUSSION ... iiiiiiitticeretneereraneeretasessrerasssssenmsssssenssssssenssssssenssssssenssssssnnsssssenssssssennns 41
6  CONCLUSIONS AND LIMITATIONS.....ccottitittteiieiieinrernnnsssssisssneessnnssssssssssssssnnssssssssses 43
6.1 MAIN FINDINGS & CONCLUSIONS ......oooiiiiiiieeiiieeeeitreeeeaitteeeeareeeesisseeessssesesassesessssesessssessssnssnes 43
6.2 MANAGERIAL / ACADEMIC IMPLICATIONS.........ccctiiitiieitiieiieeireeeeteeeeteeesteeessseesaseesasesssesesees 44
6.3 LIMITATIONS / FUTURE RESEARCH..........c..uvtiiiiiiiieiiieeeectieeeecteeeeetteeeeeateeesenareesesnsaeeeensaeesennneas 45
REFERENCE LIST ... iiiiiiiititiiceeieneeetetassseeeeseeeeessnsssssssssssssssnnssssssssssessssssssssssssssssnnnssssssssses 47
APPENDICES ... iittiiitteeetteeneeteeaseeeteeaseessennssessssnsessesassessssnsssssssnsssssssnnsessssnnsessesnnsssssnnnns 67
APPENDIX 1: QUALTRICS SURVEY ......oooiiiiiiiiiiiiieeeeieeeeeciteeeeeteeeeeetteeessateeesesaeesenssesaenssesesansesssenssees 67
APPENDIX 2: DEMOGRAPHIC PROFILE OF PARTICIPANTS .......ccoiiiieitieeniiienieesieeeteeenteeesnreeseveesnnes 74
APPENDIX 3: MODIFICATION PROCESS TO IMPROVE CONSTRUCT RELIABILITY AND VALIDITY 75
APPENDIX 4: MEASUREMENT MODEL FOR REFLECTIVE CONSTRUCTS AND MODEL FIT.............. 76
APPENDIX 5: ASSESSMENT OF THE STRUCTURAL MODEL..........ccccceiiiiiiiieeeiieeeeireeeeereeeeeineeeeennees 77
APPENDIX 6: HYPOTHESIS TESTING ......ccccutiiiiiiieeieiieeeecieeeeetteeeetteeeesteeeeetaeesenteeeesasaeesesenesennsnns 78
APPENDIX 7: EXPLORATORY ANALYSES.......c.ceititiiitiieiitiesiteeeiteeeiteeenteeestseesseesseessasessssesssessasessnnes 79



LIST OF FIGURES

Figure 1 Overview of HYPOthESes. .....ccueviiiririeieiinieeiesiesieetese sttt sttt 24
Figure 2 Proposed conceptual MOdel..........coiueiiiiiiiiiiieiieiieieeniesee ettt sttt 25
Figure 3 Structural Model with path estimates and p-values (ObJECtiVE).....ccueervveeriiirrrieiniieeriee e 36
LIST OF TABLES

Table 1 Valid observations from the Online SUIVEY........cccocvvereeririniesineneeese et 32
TADIE 2 F-SQUATE LIS ...eeiirieiiieiiieeiie ettt sttt et e et e st e e sbeesabeesbeesbaeesabeesabeesabeesabaesabaeensneesaseesases 36
Table 3 Hypotheses analysis .......cccveriiriiiniiiiieiieieiceeene et s s s 40
Table 4 Direct effects — Hypothesis tEStINE.....cccueeiueeieerieerieneeiiesieree ettt ettt seee s 39
Table 5 Indirect effects — Hypothesis teStING ......cevverierierierienieneeeereere e 39
Table 6 Total effects — Hypothesis tEStING ......eevueeieiiierieerienee sttt ettt st 40
Table 7 Specific Indirect effects — Hypothesis teStiNg ......cccveervveeriiiiriiiiriieeriee et 40



GLOSSARY
&

a

Al

AIAS

AGI

ANI

ASI

AVE

CR
DV
DRM
2
JICQ
JD-R
HAI
H1
HRM
HTMT
v

NFI
NHI

p
PLS-SEM
R2
RPA
SD
SEM
SES
SRMR
SWLS

And

Cronbach’s alpha

Artificial Intelligence

Al Attitude Scale

Artificial General Intelligence
Artificial Narrow Intelligence
Artificial Super-Intelligence

Average Variance Extracted
Beta-Coefficient (Regression Coeffiient)
Composite Reliability

Dependent Variable

Day Reconstruction Method

Effect Size

Job Content Questionnaire

Job Demands-Resources
Human-Centered Artificial Intelligence
Hypothesis 1 (2-7 respectively)
Human Resource Management
Heterotrait-Monotrait ratio of correlations
Independent Variable

Sample Mean

Total number of cases

Normed Fit Index
No-Human-Interaction

p-value

Partial least squares structural equation modelling

R-squared; coefficient of determination; measure of variance explained

Robotic Process Automation

Standard Deviation

Structural equation modelling
Self-Esteem Scale

Standardised Root Mean Square Residual

Satisfaction with Life Scale



t t-statistic (t-value)

VA Virtual Assistant

WDRM Work Day Reconstruction Method
x2 Chi-square



1 INTRODUCTION

1.1 Topic Presentation

"In the future, I believe we will see more collaboration between humans and Al, with
machines taking on tasks that are repetitive and mundane, freeing humans to focus on

problem-solving, creativity, and empathy."

- Fei-Fei Li, Computer Scientist, and Co-Director of Stanford Institute for Human-Centered

Artificial Intelligence (HAI).

Artificial Intelligence (AI) in the workplace indicates the beginning of a revolutionary era
where human-machine collaboration is redefining the nature of work (Wang & Krishnan,
2020). The way businesses run and how employees interact with their jobs has undergone a
profound transformation as a result of this transition (Lee et al, 2022). According to Fei-Fei Li,
Al will enhance human labour rather than replace it, allowing people to overcome the
constraints of monotonous work and focus more on creative, compassionate, and strategic

endeavours (Dengel et al, 2021).

According to the World Economic Forum's "Future of Jobs Report 2020," it is projected that
by 2025, automation and a new division of labor between people and machines will disrupt 85
million jobs worldwide in medium and large-sized enterprises across 15 industries and 26
economies. Over 50% of employers anticipate accelerating the automation of certain roles in
their organisations, and over 80% of corporate executives are accelerating plans to implement
innovative technologies and digitise work processes. However, it is expected that the robot
revolution will create 97 million new jobs better suited to the new division of labor between
humans, machines and algorithms (World Economic Forum, 2020). Moreover, the State of the
Global Workplace 2022 report by Gallup revealed that 19% of workers globally are miserable
and 60% feel emotionally detached at work, demonstrating the urgent need of exploring ways
of enhancing job satisfaction and general well-being (Gallup, 2022). The level of stress
employees feel at work has been steadily increasing over the past years as well, reaching record

levels of 44% (Gallup, 2023).
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Numerous advantages are linked to Al technologies, ranging from increased productivity,
quicker and more precise outcomes, and a lower error rate at the process level to more
successful and enhanced strategic outcomes at the organisational level (Davenport et al., 2020,
Paschen et al., 2020). Evidence suggests that this is not always the case, even while Al has the
ability to produce outcomes that are valued by organisations (Canhoto & Clear, 2020). Several
businesses put time, money, and resources into artificial intelligence (Al), but they rarely see
the results they had hoped for, leading them to declare Al projects a failure (Fountaine,
McCarthy, & Saleh, 2019). As a survey of executives by BCG and MIT discovered, seven out
of ten Al projects generated little impact and Al implementation plans dropped from 20% in
2019 to 4% in 2020 (The Economist, 2020). Similarly, in a study of senior managers working
on 152 Al projects, Deloitte (2017) reports that 47% of respondents find it difficult to integrate

Al with existing people, processes, and systems.

Thus, it is clear that in order for Al to be successful, employees must embrace, interact with,
and integrate their behavior with Al systems (Glikson & Woolley, 2020, Lichtenthaler, 2018).
The significance of Al and employee integration is clear, especially in practitioner literature
and anecdotal evidence (Shrestha, Ben-Menahem, & von Krogh, 2019); yet the investigation
of this integration is less developed in the management and organizational academic literature,
with few Al related articles published in top management journals that are even “remotely
connected” to people and work (Phan, Wright, & Lee, 2017). Moreover, much of the existing
research on Al focuses on its technical application (e.g., Barrett, Oborn, Orlikowski, & Yates,
2012). Scholars have started to acknowledge the benefits and risks from the use of Al at work
and the impact that smart computer-based technologies can have for people and organizations
alike (Ibarra et al., 2018; Miiller et al., 2020). Unlike prior technology, AI will have the
capability to collaborate, learn from, and adapt to employee interactions (Davenport et al., 2020,
Murray et al., 2020). Thus, to successfully bring and integrate Al into the organization, it is
important to consider its social aspects. Given the increasing prevalence of Al systems in the
workplace, it is crucial to understand how these systems impact job satisfaction (Huang & Rust,
2018). The way that work is done and the experiences that employees have at work might be
drastically changed by incorporating Al technologies into various organisational processes.
Gaining insight into the ways in which Al affects job satisfaction can be quite beneficial in
analysing the changing nature of the contemporary workplace. Furthermore, job satisfaction is
an important determinant in employee well-being, productivity, and retention (Abdullah, 2021).

By examining the effects of Al on job satisfaction, businesses may better understand the
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opportunities and problems that come with implementing Al, which will help them create plans

that will improve both employee happiness and overall business performance.

1.2 Problem Statement & Research Questions
The scope of this research is to explore how the interaction with Al in the workplace impacts
employees’ job satisfaction and to what extent it influences their life satisfaction. This problem

statement substantiates itself into the following research questions:

RQ1: Does interacting with Al in the workplace affect employees' job satisfaction?

RQ2: Does interacting with Al in the workplace affect employees' life satisfaction?

RQ3: Do employees' attitudes towards Al impact their job and life satisfaction?

RQ4: How does interaction with Al in the workplace influence job satisfaction within the
framework of the JD-R model, particularly when considering the moderating effects of

perceived job demands and resources?

1.3 Academic & Managerial Relevance

Academically, this study contributes to the growing field of knowledge in HRM literature by
exploring how workplace dynamics are evolving in the age of Al. Even though previous work
has examined the influence of Al on organizational outcomes, a knowledge gap exists
concerning the individual level, which this research wants to bridge (Pereira et al, 2023). This
dissertation explores the emotional and social side of interacting with Al in the workplace,
while previous research has concentrated on the technical aspects. Obtaining insights how Al
is affecting job and life satisfaction will prove valuable for educational institutions and
policymakers since they design curricula and policies that align with the demands of an Al-
driven economy. Last but not least, this study offers an abundant setting for theoretical
advancement by examining the complex relationships among artificial intelligence, job

satisfaction, and general well-being.

This study provides managers and organisational leaders with a data-driven understanding of
the effects of integrating Al in the workplace. Knowledge of the way Al may positively or

negatively impact job satisfaction and work-life balance can inform decisions regarding Al

12



adoption and implementation strategies. Additionally, managers can utilise the findings to
create employee-centric strategies that promote a more harmonious work environment.

For instance, identifying factors that improve job satisfaction and well-being in Al-assisted
work environments can lead to targeted interventions, such as training programs or Al
implementation adjustments. Moreover, businesses that put their workers' well-being first and
successfully use Al to raise job satisfaction may find themselves at a competitive advantage.
The results of a meta-analysis of 312 research studies conducted by Judge et al. (2001) indicated
a significant and positive correlation between job satisfaction (a key component of employee
happiness) and job performance. Thus, happier employees are typically more committed and
productive, which may enhance organisational performance (Judge et al, 2001). Understanding
the capabilities and limitations of Al also helps managers in strategically deploying Al tools to

complement human skills, rather than solely automating jobs.

1.4 Research Methods

Primary data was collected through an online survey which was created using the platform
Qualtrics and distributed via email and WhatsApp, social media channels including Instagram
and Facebook, the professional networking sites LinkedIn, the survey sharing platform
SurveyCircle, and the website Prolific to reach a wide variety of potential participants. This
research consisted of a correlational research design, investigating whether there is a
relationship between the interaction with Al and job and life satisfaction. The advantage of
correlational research is that it is usually high in external validity, which means that the findings
can be generalized to real life settings (Brewer & Crano, 2014). However, a downside is that
the internal validity tends to be low, making it difficult to causally connect changes in one

variable to changes in another variable (Brewer & Crano, 2014).

1.5 Structure

Following this introductory chapter, Chapter 2 consists of a literature review of the key research
on Al, Applications of Al in the workplace, life satisfaction, and job satisfaction as well as the
conceptual model. While the methodology and research design of the underlying study are
explained in detail in Chapter 3, Chapter 4 provides a summary of the study's main analyses
and results. These findings are further discussed in Chapter 5. Finally, Chapter 6 covers the
main findings and answers the research questions, discusses theoretical and practical

implications, the limitations of the study, and recommendations for future research.
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2 LITERATURE REVIEW & CONCEPTUAL FRAMEWORK

This section presents an introduction and overview of Al and its applications in the workplace,
addresses life satisfaction and job satisfaction, and explains the JD-R Model as the conceptual
model a literature review on the topics related to the main research questions and purpose of

the study.

2.1 Definition of Artifical Intelligence

The research field now known as Al was founded by McCarthy, Minsky, Newell, and Simon
(Wang, 2019). Al, a term first coined by John McCarthy in 1956, is a multifaceted concept that
has evolved significantly (McCarthy, 2006). Today, Al is defined as a system's capacity to
comprehend and learn from external data and to achieve specific objectives through flexible
adaptation (Feng et al., 2021). This entails employing computers to simulate human brain
capabilities such as reasoning, identification, comprehension, learning, and problem-solving
(Gu & Hua, 2021). Furthermore, Al can be understood as the creation of intelligent computer
programmes and machines that can carry out creative tasks that are typically performed by
humans, or as a collection of technological advancements that mimic human cognitive functions
like self-learning and problem-solving without the need for predetermined algorithms (Batin &
Turchin, 2017). There is no consensus on a universally accepted definition of AI, however, the
EU has recently adopted a new definition that wishes to be relevant in the years to come, which
defines Al as “An Al system is a machine-based system that, for explicit or implicit objectives,
infers, from the input it receives, how to generate outputs such as predictions, content,
recommendations, or decisions that [can] influence physical or virtual environments. Different
Al systems vary in their levels of autonomy and adaptiveness after deployment.” (OECD,

2019).

2.2 Types of Artifical Intelligence
The field of Al consists of numerous types of systems and technologies, each with distinctive
capabilities and functions but can be categorized into narrow AI, general Al, and

superintelligence (Batin & Turchin, 2017) which will be explored in more detail in this chapter.

Artificial Narrow Intelligence (ANI) is designed to perform a specific task or a set of closely
related tasks and can thus be utilized in various fields (Manasa & Devi, 2022). Examples
include the medical sector for image analysis and disease detection (Hosny et al., 2018), self-

driving cars or the gaming technology (Spector & Ma, 2019).
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Artificial General Intelligence (AGI) possesses a wider range of skills as the name might
suggest. AGI describes systems capable of replicating human cognitive capacities as they can
comprehend, learn, apply, and adapt intelligence to a variety of tasks (Manasa & Devi, 2022).
While most applied systems used in organisations today are ANI, focusing on specific work-
related tasks, AGI is being implemented increasingly as it is capable of handling complex and
diverse data sets (Raj & Kos, 2022). Specifically in the workplace the application of AGI is
beneficial to increase corporate efficiency and effectiveness through technology integration
(Hamada & Kanai, 2021). Having said this, Al has the potential to fundamentally transform the
workplace and how people work (Bednar & Welch, 2020).

Eventually, we could arrive at a “novel form of life” called Artificial Super-Intelligence (ASI)
where Al might be able to create better Al systems than humans and Al will have surpassed

humans in all aspects (Jiang et al., 2022).

2.3 Integration and Application of Al in the workplace

Al-based tools are not only being integrated into daily activities, but are also being implemented
in various fields, including education, entertainment, healthcare, security, service,
transportation, and the workplace (Frank et al. 2019; Stone et al., 2020).

Early applications of Al technology concentrated on automating repetitive, rule-based tasks
such as data entry, scheduling, and basic customer care to improve efficiency. Administrative
and routine tasks have been mostly taken over by robotic process automation (RPA) technology,
enabling employees to focus on more complex and strategic tasks (Moraes et al., 2022). Over
the past few years, Al technology has advanced to the point where it can now handle tasks that
are getting progressively more complex. Machine learning algorithms have made it possible for
systems to learn from data and get better over time without requiring explicit programming. As
a result, there are now more possibilities to use Al in the workplace including personalised
learning and development plans, sophisticated CRMs, and predictive analytics used in HR for
hiring and retention (Pishgar et al., 2021).

HRM is one key area where Al is being used, and it is transforming the way how people are
managed in the workplace (Bohmer & Schinnenburg, 2023). Research has shown that Al
applications in the workplace have an impact on both job-related and well-being outcomes,
demonstrating the wide-ranging effects of Al on employees (Yu et al., 2022). Al systems are

utilised to facilitate data analysis and decision-making and are thus replacing traditional IT
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features in the workplace like Excel computations, to increase efficiency and productivity

(Mirbabaie et al., 2021).

2.3.1 Opportunites of Artifical Intelligence

On the one hand, Al can be viewed as an opportunity. Al technologies can boost productivity
across several organisational functions by optimising resource allocation, streamlining
processes, and improving operational efficiency (Lu & Zheng, 2020). Furthermore, employees
are assisted in the decision-making process and human-Al collaboration frees people from
routine tasks, enabling them to embrace strong economic opportunities (Dellermann et al.,
2019). According to a study, using Al in the form of computer-based support systems called
virtual assistants (VAs) can help employees with work-related tasks as it is firstly, more

efficient, and secondly, VAs decrease the workload for employees (Brachten et al., 2020).

2.3.2 Threats of Artifical Intelligence

On the other hand, Al can be viewed as a threat which might have a stronger effect on the
perceptions of employees toward Al (Grundner & Neuhofer, 2021). For instance, a
straightforward financial choice like cutting expenses by reducing the number of employees in
a company could cause the underlying fear of being replaced by Al (Ztotowski et al., 2017).
Another topic involves ethical considerations, such as bias in Al algorithms and the
repercussions of monitoring in the workplace (Samek et al., 2021; Rabe et al., 2023).
Additionally, there is an increasing demand for new skills and abilities to effectively collaborate
with Al, prompting concerns regarding workforce development and lifelong learning (Roche &
Nicholas, 2017). Employees will need to adapt new skills and redefine employment
responsibilities as Al moves beyond transactional tasks to more complex problem-solving roles

(Ramchurn et al., 2021).

2.4 Employees’ Attitudes towards Artifical Intelligence

Perhaps for this reason, attitudes towards Al are not uniform. Depending on how employees
perceive Al and weigh its advantages and disadvantages, employees may hold both positive
and negative attitudes towards Al at the same time (Lichtenthaler, 2019). Employees’ attitudes
towards Al technology vary across industries. In the healthcare sector, nursing students who
use Al health technologies extensively in clinical practice, for example, have more positive
attitudes towards Al because of their expectations and experience with the technology (Kwak

et al., 2022). Likewise, healthcare professionals have favourable views towards Al, indicating
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excitement and interest in Al as a diagnostic tool to improve pathology workflow quality and
efficiency (Abdullah & Fakieh, 2020). On the contrary, more negative attitudes can be found
in the hospitality industry, specifically towards humanlike robots as they are often perceived as
a threat to human identity and uniqueness (Huang et al., 2021). In the business context,
employees' attitudes towards Al may vary, with certain situations eliciting positive attitudes,
particularly regarding technology acceptance and usability (Na et al., 2022). The acceptability
of technology can be influenced by employees' attitudes towards Al; those with more positive
attitudes are more likely to use the technology (Lee & Chang, 2011). On the contrary, some
studies point out potential apprehension or negative attitudes towards Al. Chen (2022) referred
to the so called no-human-interaction (NHI) attitude, which is defined by Lichtenthaler (2020)
as a negative attitude toward engaging with artificial intelligence. Such, the hesitation to accept
Al in the workplace can, for example, stem from concern of job displacement, because of the
technology’s power of substituting human labour (Lichtenthaler, 2019). But other concerns can
play a role too. Loureiro et al. (2022), for instance, noted that human employees worry about

Al taking away their interpersonal relationships at work.

2.4.1 Predictors of Attitudes

When evaluating predictors of Al attitudes, it is beneficial to include individual variations like
technological readiness and openness to adapt. Previous research indicates that employees who
are more technologically ready—that is, who are at ease and know how to use technology—are
more likely to have positive attitudes towards Al (Chin et al.,, 2022). Additionally,
organizational factors such as communication strategies and leadership support play a
significant role in shaping employees’ perceptions of Al (Chin et al., 2022). This aligns with
studies that have explored the impact of organizational factors on innovation adoption
(Damanpour & Schneider, 2006). Moreover, age seems to influence employees' acceptance of
new technology, with younger employees generally being more receptive to technological

advancements (Kashive et al., 2020).

Relatedness Issue

Exploring how employees perceive the relatedness of Al to their job tasks and responsibilities
is crucial for understanding their acceptance of Al in the workplace (Presbitero & Teng-Calleja,
2023). Moreover, understanding how employees perceive the implementation of Al in the

workplace can impact their job satisfaction, job security, and employability (Presbitero & Teng-
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Calleja, 2023). Employees' perceptions of Al's transparency and usefulness can influence their

trust in Al systems (Yu et al., 2023).

Familiarity

Familiarity and trust have a significant impact on employees’ attitudes towards Al. The study
by Malik et al. on the impact of AI on employees in Industry 4.0-led organizations explores the
effects of Al on originality, knowledge management, and creativity among employees (2021).
Findings include both positive and negative impacts of the adoption of Al. On the one hand,
the changes of digital transformations include information security, data privacy, and job risk
as well as job insecurity, and even leading to technostress, negatively affecting employees. On
the other hand, the introduction of Al in the workplace can lead to work-related flexibility and
autonomy, creativity and innovation, and enhancement of job performance (Malik et al., 2022).
Another study found that employees with familiarity and expertise with Al were more accepting
and likely to support the autonomous applications in the experiment than those with a limited

understanding of the technology (Horowitz et al., 2023).

Displacement fears

The Al identity threat in the workplace, indicating the potential psychological impact of Al on
employees, can contribute to job displacement fears (Mirbabaie et al., 2021). Employees who
perceive greater responsibilities and the heightened significance of their job roles are more
likely to experience increased identity threat due to AI (Mirbabaie et al., 2021). This highlights
the psychological implications of Al integration in organizations, emphasizing how employees
view their roles and the potential concerns arising from Al technologies, such as fears of job

displacement.

2.5 Subjective Well-being
In understanding the broader implications of workplace changes, specifically those driven by

Al it is crucial to explore the concept of subjective well-being and life satisfaction.

Diener et al. define subjective well-being as a person’s cognitive and affective evaluations of
his or her life as a whole, including experiencing high levels of positive emotions, low levels
of negative emotions, and a high life satisfaction (2002). The five item Satisfaction with Life

Scale (SWLS) has been used extensively as a measure of the life satisfaction component of
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subjective well-being (Pavot & Diener, 2008) and is often employed to study life satisfaction
and technology acceptance or Al (Jun et al., 2021). Therefore, in the context of this thesis it is

vital to explore the concept of life satisfaction in more depth.

2.5.1 Life Satisfaction

Life satisfaction is defined as an individual's general evaluation and cognitive judgement of
their life as a whole or over a certain period of time (Diener et al., 2002). It is a crucial part of
subjective well-being and serves as a broad indicator of the quality of a person's life. The
concept of life satisfaction is complex, consisting of multiple elements that influence people's
general perception of wellbeing. Furthermore, life satisfaction is influenced by numerous areas
of life including job, leisure, family, and health which each have mixed perception of
satisfaction (Ferreira et al., 2020). It has been discovered that life satisfaction contains short-,
moderate-, and long-term components that may be influenced by factors (Pavot & Diener,

2008).

The study of life satisfaction is crucial, particularly considering the modern workplace, as it
both impacts and is influenced by social relationships, physical and mental health, work-life
balance, and job performance (Rode, 2004). This interdependence emphasises how important
itis to view life satisfaction within the broader context of people's experiences at work and their
general well-being. In the age of Al, understanding life satisfaction becomes even more
necessary. Al is unintentionally modifying work-life balance, career opportunities, and sense
of job security for employees as it transforms employment structures, work processes, and

organisational dynamics. These factors are all critical to an individual's life satisfaction.

2.6 Job Satisfaction

2.6.1 Definition of Job Satisfaction

Even though various definitions of job satisfaction exist, the one most widely used in
organizational research is by Locke who define job satisfaction as “a pleasurable or positive
emotional state resulting from the assessment of one's job or job experiences” (1969). This
definition encompasses the emotional and subjective aspect of job satisfaction, reflecting the
individual's perception and contentment derived from their work. However, others argue that
job satisfaction does not only consist of positive feelings but also of the absence of negative
feelings. Moreover, not only the psychological but also the environmental circumstances play

a vital role. Thus, it might make more sense to consider job satisfaction as a multifaceted
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construct as it is influenced by numerous factors including the nature of work, pay, benefits,

professional opportunities and relationships with colleagues and managers (Ravari et al., 2012).

2.6.2 How Job Satisfaction relates to Life Satisfaction

Job satisfaction is a factor that contributes significantly to life satisfaction and well-being as it
plays a vital role in shaping individuals' overall happiness and contentment (Ray, 2021).
According to Williams et al., job satisfaction is a key factor in determining how people view
their overall quality of life, as well as how they feel about their experiences and emotional well-
being (2017). People who are happier and more satisfied with their jobs also tend to be less
stressed and have better psychological health, which adds to their overall sense of well-being
(Tian et al., 2022). Moreover, BOZBAS and Giil discovered that the social aspect, including
social support from colleagues, contributes to overall life satisfaction (2022). Within the
educational context, self-esteem has proven to play a mediating role between teachers' job
satisfaction and life satisfaction, highlighting a complex interplay between individual

psychological factors and work-related satisfaction (Sarpkaya & Kirdok, 2019).

2.6.3 Previous Research on Job Satisfaction

The concept of job satisfaction has been extensively studied across various professions and
contexts including work-life balance, job characteristics and automation. For instance, remote
work and work-life balance has been a concept of interest specifically since the Covid-19
pandemic and has also been researched in the context of job satisfaction. In their research,
Bellmann and Hiibler did not find clear effects of remote work on job satisfaction, however, the
impact on work-life balance is generally negative (2021). Moreover, employees working from
home were found to be happier than those who want to work at home, job satisfaction is higher
and work-life balance is not worse (Bellmann & Hiibler, 2021). Karlita et al. also explored the
influence of work-life balance on employee satisfaction and performance and highlighted the
interconnectedness of personal well-being and job-related factors in their research (2020).
Concerning the topic of automation, Schwabe and Castellacci (2020) found that 40% of the
Norwegian workers in their sample think that their working tasks might be replaced by a
machine and this fear of replacement leads to a lower job satisfaction. Specifically lower-skilled
workers and routine tasks are at risk. Since ChatGPT and similar Al tools have been made
publicly available in 2023 and used in various contexts, including the workplace (Jo & Park,
2023), it becomes clear to analyse the impact of integrating Al tools into the workplace and

their effect on employees and their job satisfaction.
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2.6.4 Predictors of Job Satisfaction

Previous research has demonstrated that job characteristics successfully predict job satisfaction
(Thomas et al., 2004; Loher et al., 1985). Hackman and Oldham’s (1976) job characteristics
model has been widely applied for various job enrichment efforts. The model consists of five
dimensions including skill variety, task identity, task significance, autonomy, and feedback that
are linked with psychological stated which enrich a role and increase employee motivation,
satisfaction, and performance (Loher et al., 1985). Another model often employed in the
workplace to assess employee engagement or burnout is the Job Demands-Resources (JD-R)
Model which assumes that job characteristics can be categorized as either job demands or job
resources (Schaufeli & Bakker, 2004). The JD-R model will be explained in more detail in the

Methodology section of this thesis.

2.6.5 Consequences of Job Satisfaction

Job satisfaction is a significant indicator of the quality of work life as it influences employee
well-being, commitment, and performance (Moser & Schuler, 2004). It has been linked to
organizational commitment and loyalty, with perceptions of a firm's ethics, values, and social
responsiveness shaping employees' attitudes towards their job and the organization, with higher
job satisfaction correlating with improved job loyalty and reduced turnover intentions (Waqas
et al., 2014). Understanding the components of job satisfaction is essential for fostering a
positive work environment as well as for designing effective personnel programs to engage and

motivate employees (Rodriguez et al., 2017).

2.6.6 Variables interacting with Job Satisfaction

Common variables which contribute to job satisfaction or dissatisfaction are age, salary, work
environment, recognition, and interpersonal relationships, among others (Pandita & Domnic,
2016). The following variables explained in more details are those relevant to this research.
Various researchers have identified that there is a strong correlation between the age and the
level of job satisfaction. Typically, young professionals show lower levels of job satisfaction,
which increases with age as an employee moves to higher responsibility positions and along

with promotions (Kacmar & Ferris, 1989).

Another important variable is gender which is commonly studied variable due to the previously
gender based jobs and even today gender based discriminations are very common, leading often
to higher stress levels and greater dissatisfaction among women. A study conducted by

Marasinghe and Wijayaratne observed the role of gender on job satisfaction among university
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library professionals in Sri Lanka, considering the factors of work, co-workers, compensation,
promotion, and supervision (2018). The findings indicate that the mean of job satisfaction of
all parameters is higher for women, however, regarding supervision equal treatment of both
both genders would lead to higher job satisfaction. Job Security is one of the most important
aspects associated with job satisfaction (Pandita & Domnic, 2016). Supervision plays an
important role in evaluating and enhancing the performance of each employee. Their role is to
constantly monitor the workforce and provide feedback about their performance and are
available. If these conditions are met, a positive correlation with job satisfaction can be

observed (Churchill et al., 1976).

Ejiogu argues that interpersonal relationships are important for an employee’s social and
psychological well-being, which leads to his/her job satisfaction (1980). Overall, job
satisfaction cannot be explained by one or two factors but rather is the interplay between a range
of variables contributing either to job satisfaction or dissatisfaction. Generally, it can be
assumed that employees who are satisfied with a greater number of job variables tend to show

overall job satisfaction and vice versa (Pandita & Domnic, 2016).

With regards to the technological disruption, it is important to analyze the impact of automation
and Al on employment. Brougham and Haar discovered that employees’ perceived threat of
technological disruption has a significant effect on job insecurity and turnover intentions
(2020). The researchers argue that technology is able to complete various parts of jobs and
many lines of work can be impacted by technology, likely leading to future automation, and
could have vast number of employees suddenly out of work. Another longitudinal study of job
insecurity found that high job insecurity affects employees’ well-being, stress, job satisfaction

and organizational efficiency (Kinnunen et al., 2000).

A recent study conducted by Jacobs et al. analysed how automatability impacts job satisfaction
(2023). The research suggests that job satisfaction is impacted by the task content of
automatable occupations. It highlights that occupations with higher automatability are less
satisfying due to their lower requirement for originality, and this disparity in task composition
between less and more automatable occupations differs based on educational level. Moreover,
the study suggests that for lower-skilled workers, occupations with higher automatability entail
more routine manual tasks, leading to a stronger negative association between automatability

and job satisfaction within lower-educated labour market segments (Jacobs et al., 2023).
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2.6.7 AI & Job Satisfaction

Recent Al research has concentrated on the technological understanding of AI adoption rather
than the organisational problems connected with its implementation (Enholm et al., 2022).
Although several studies have explored key factors in being able to leverage Al technology
(Mikalef & Gupta, 2021) and identified research gaps (Dwivedi et al., 2021), there is still a lack
of a comprehensive understanding of how Al is adopted and deployed in organisations.
Potential societal impacts of Al, including the effects on mental health and social interaction,
due to changes in the nature work and human-AlI interaction, have not been a focus of research
yet (Dwivedi et al., 2021). Furthermore, Bankins et al.'s multilevel review of Al in organisations
highlighted the significance of workers' attitudes and perceptions towards Al and how these
influence their responses to its use (2024). Future studies could potentially extend the
application of the job demands-resources model (Demerouti et al., 2001). This model suggests
that jobs are defined by two types of factors: resources (such as physical, psychological, and
other aspects of the job that encourage achievement of goals and foster growth) and demands
(including physical, psychological, and other aspects of the job that require effort and might
result in negative outcomes like job overload and burnout). Thus, this thesis intends to close
this research gap by uncovering the effects of Al interaction on employees’ job and life

satisfaction.

As mentioned in the previous chapter, Al technologies are being implemented into the
workplace bringing along challenges as well as opportunities. Al has the potential to automate
physically and psychologically demanding job tasks (Jetha et al., 2023). On the one hand, some
studies have argued that automating routine tasks might lead to higher job satisfaction since
automation leads to a decrease in the workload and employees are able to focus on more creative
tasks (Stamate et al., 2021). On the other hand, employees job satisfaction can be negatively
affected through performance pressure caused by Al and intensification of work. Al has the
potential to increase efficiency and productivity with the effect that the pace of work to keep
up with the Al increases for employees, resulting in a potentially higher business outcome but
at the expense of the employees (Jetha et al., 2023). An increase Al implementation can further
lead to loss of job autonomy with Al taking control over the performance of job tasks as well
as stress and fear of employees to keep up with the pace of Al or else losing the job to Al
(Howard, 2022). For instance, in the service industry, Loureiro et al. explored the impact of
working with Al algorithms and agents on employee happiness and engagement (2023). The

main findings were ambivalent; integrating Al in the workplace can generate stress and affect
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human well-being negatively, however it can also be a motivational factor instead of a concern,
leading to increased productivity, reduced workload, decreased stress and anxiety, and
heightened commitment (Loureiro et al., 2023). Yet again the results are not distinct, which

might be due to the nature of different industries, the nature of the job or other reasons.

Organisations try to understand the influence of Al on humans, particularly how Al may be
used in the workplace to interact with employees (Mirbabaie et al., 2021). Ghani et al. claim
that implementing Al will benefit all workers indirectly and directly as Al evolves (2022).
However, this requires companies to educate employees properly about the technology and its
implications, so they are capable to adapt to the changing work environment, cultivate new
skills, and effectively collaborate with AI technologies, contributing to improved job

satisfaction and performance (Ghani et al., 2022).

2.7 Overview of Hypotheses

After reviewing the relevant literature, the following hypotheses can be derived, which are
displayed in Figure 1.

Figure 1 Overview of Hypotheses

H1: Higher interaction with Al in the workplace leads to higher life satisfaction.
H2: Higher interaction with Al in the workplace leads to higher job satisfaction.

H3: Higher interaction with Al in the workplace leads to higher job satisfaction, which in turn

leads to higher life satisfaction.

H4: Attiludes towards Al moderate the positive relationship between interaction with Al in the
workplace and job satisfaction, such that the relationship is stronger when attitudes towards Al

are more favourable,

H5: Attitudes towards Al moderate the positive relationship between interaction with Al in the
workplace and life satisfaction, such that the relationship is stronger when attitudes towards Al

are more favourable.

H6: Interaction with Al in the workplace leads to higher job satisfaction when job demands are

perceived as low.

H7: Interaction with Al in the workplace leads to higher job satisfaction when job resources are

perceived as high,
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2.8 Conceptual Framework

To explore how interacting with Al in the workplace impacts employees’ job and life
satisfaction, I decided to apply the JD-R model which has been widely applied in research
contexts concerning job satisfaction and well-being (Ahmad et al., 2020). The JD-R model has
been widely applied in a number of organisations, prompting multiple studies and meta-

analyses (Bakker et al., 2014; Bakker and Demerouti, 2017).

On the one side, job demands require both mental and physical effort and involve elements
related to the physical, psychological, social, and organisational components of employment
(Bakker & Demerouti, 2017). Workplace stress, work-family conflict, job insecurity, role
ambiguity, conflict, task complexity, work overload, and pressure are examples of elements
that contribute to job demands (Bakker & Demerouti, 2017). On the other side, job resources
take the form of physical, psychological, and organisational environments that support the
accomplishment of goals linked to the job (Bakker & Demerouti, 2017). Elements include

workplace conditions and organisational support (Bakker & Demerouti, 2017).

Researchers have employed quantitative approaches to examine the effects of the JD-R model
on work engagement and job satisfaction. Studies conducted by Awwad et al. (2022) and
Manuaba & Hidayat (2019) have investigated the relationships within the JD-R model. They
have looked at how job demands impact job satisfaction and how job demands and resources
interact to predict work engagement. The idea of job crafting was incorporated into the JD-R
theory by Bakker et al. (2014). They claimed that employees' proactive adaptations to their
work anticipate future job demands and resources, which in turn affects work engagement and

job satisfaction.

Figure 2 Proposed conceptual model
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3 METHODOLOGY

The aim of this chapter is to describe how the proposed hypotheses were tested. First, the overall
research strategy and design is outlined, followed by the procedure and a description of the
participants. Moreover, details are given regarding the measurement of variables and applied

scales.

3.1 Research Strategy and Design

Previous research analysed the JD-R model and job satisfaction or Al in the workplace or work-
related well-being and adopted different methods for their research purposes, ranging from a
systematic literature review and outlook, a mixed-method approach using semi-structured
interviews and a questionnaire analysing the data using structural equation modelling (SEM),
and an online survey where the data was analysed using partial least square-structural equation
modelling (PLS-SEM) (Bakker & Dermerouti, 2017; Loureiro et al., 2022). Since prior research
mostly opted for a quantitative approach, I chose a quantitative methodology for data collection
to gain insights into employees’ perception of Al and its influence on their job and life
satisfaction. Thus, I created an online survey via the platform Qualtrics to facilitate distribution
and data gathering. Qualtrics is a user-friendly web-based data collection tool that allows users
to design customized surveys (Howell et al., 2023). Using Qualtrics is consistent with current
trends in academic data collection (Mharapara et al., 2022). Additionally, it has been

demonstrated that Qualtrics offers high-quality data collection (Douglas et al., 2023).

I wanted the study to be set in a naturalistic setting to capture the complexity of real-world
phenomena of employees’ attitudes towards Al who interact with Al in their job. No controlled
changes or stimuli were introduced, and no variables were manipulated. Even though this

enhanced the external validity of the findings, there was limited control over extraneous
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variables, which made it challenging to establish causation. Non-experimental studies do not
involve random assignment; thus, they may not be able to fully account for all potential
variations among participants that might affect the relationship between my main variables of
interest, leading to potential biases in the results (Heinsman & Shadish, 1996). Therefore, 1
included control variables, which will be explained in depth in section 3.4.5., to account for
variations and isolating them impact of those from my main variables of interest to improve the

internal validity of the study.

In line with prior research, I used PLS-SEM as it is a statistical technique that tests hypothesized
relationships within a conceptual model by examining both direct and indirect effects (Al-
Sharafi, 2022). Furthermore, PLS-SEM allows for the incorporation of mediation and
moderation effects, which enables researchers to investigate the ways in which variables
influence one another conditionally or through intermediary factors (Nazir et al., 2023). Since
my conceptual model tested moderation and mediation effects, applying PLS-SEM seemed

suitable for the underlying research.

3.2 Procedure

In order to test the hypotheses and the conceptual model, I created an English version of the
online survey via Qualtrics and shared the link with employees of my personal and professional
network via social media (Instagram and LinkedIn), WhatsApp, and via email. Moreover, I
shared my survey on SurveyCircle, a platform with 2.5 million study participants that is free of
charge and works on an “exchange basis” — you fill out other people’s surveys to gain points
putting you higher in the ranking and more likely for people to find you and fill out your survey.
Additionally, to recruit even more professionals who interact with Al on a day-to-day basis, I
recruited participants on the platform Prolific. Participants were awarded 7.58£ per hour for a
survey lasting less than 10 minutes (median time: 4:45 min). Participants could voluntarily
decide if they wanted to contribute to the study or not. Furthermore, the survey was only aimed

at people currently interacting with Al daily in their workplace.

Once people opened the survey link, they were redirected to Qualtrics and a brief introduction
was provided, informing participants about the purpose of this study, the duration as well as
their guaranteed confidentiality and anonymity of their provided answers. After participants
agreed to the informed consent, they were asked about their attitudes towards and given a

definition of Al as well as some everyday life examples for clarification purposes. Next, a
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longer list of examples of Al applications in the workplace was provided, followed by an
objective and subjective question asking about the number of interactions with Al about the
previous day. The questions that followed were about the workplace specifically, addressing
job demands and job resources. After that, participants agreed or disagreed to statements
assessing self-esteem. Next, participants were asked to answer questions about their job
satisfaction while keeping in mind their work alongside Al. Lastly, statements were shown
about life satisfaction. Before debriefing and thanking participants for their participation,
general demographic questions were presented regarding their age, their gender, their
education, and employment status, as well as their English language skills. Additionally, an
attention check was included, asking participants how much attention they paid when answering
the questions. For a full description of the questions and the complete Qualtrics survey, see

Appendix 1.

3.3 Participants

Between December 14th, 2023 and February 20th, 2024, a total of 303 responses were
collected. I have a non-random sample as I chose convenience sampling by spreading my
survey through my private and professional network, at least for the majority of the answers
obtained. Furthermore, not everyone could answer this only survey, since it was aimed at people
interacting with Al directly or indirectly in their workplace regardless of their position or
industry. Analysing the responses, three responses were removed, as participants did not
consent, another five were removed because the survey was previewed or tested, one response
was omitted due to “paying little attention” to the survey, another nine responses had to be
deleted since participants selected they are “extremely uncomfortable” with the English
language, and another 17 did not complete the survey, leading to a total of 268 valid responses

that were taken into consideration for further analysis.

In order to calculate the required sample size needed for my conceptual model, I employed the
"10-times-rules" method that researchers frequently use to estimate the minimum sample size
needed for PLS-SEM analysis (Hair et al., 2014). This method states that the minimum sample
size for the underlying research model should be at least 10 times the maximum number of
arrows pointing at any latent variable in the model (Hair et al., 2014). In my model this would
result in a minimum sample size of 40 = 10 x 4 considering the direct and indirect relationships

between the latent constructs. Since my final sample size is 268 participants, this rule is met.
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1The total valid sample of 268 participants includes 138 women (51%) and 125 men (47%).
Five participants (2%) decided to self-describe or preferred not to respond to this question.
Their age ranged from 18 to 73 years old (M=33.76, SD=11.46) and 15% finished secondary
education, 35% completed a bachelor’s degree, 43% a master’s degree and 5% a doctoral
degree. Analysing the current employment status, 65% are employed, 7% work as freelancers,
13% working students, 10% are students and 2% are either looking for work or retired. For

further details on the demographic descriptive statistics, refer to Appendix 2.

3.4 Measurement of Variables

The measures and corresponding scales (e.g., question items) were adapted from prior studies,
and all the items were measured using a Likert-type scale from 1 (Strongly disagree) to 5
(Strongly agree). The measurement for the independent variable was the only exception — since
I did not find a prior study testing the interaction of Al, I phrased the two questions in a similar

style to the Work Day Reconstruction Method (WDRM).

3.4.1 Independent Variable

Interaction with Al (objective and subjective): The independent variable consisted of two
questions; one was a scale variable asking about the number of times the participant had
interacted with Al which he/she could indicate on a slider from O to 100 interactions. The
second variable was ordinal and assessed how often the participant felt he/she interacted with
Al Both questions were self-developed and inspired by the Work Day Reconstruction Method
(WDRM), which was adapted from the Day Reconstruction Method (DRM) to gain insights
into individuals’ daily activities, emotional experiences, and well-being in the workplace

context (Gaucher, 2022).

3.4.2 Dependent Variable

Life Satisfaction: To assess life satisfaction as the dependent variable, I used the abbreviated
three item version of the Satisfaction with life (SWL) scale. The original five item scale was
introduced in 1985 and has been extensively used to assess the life satisfaction component of
subjective well-being (Diener et al., 1985). Kjell and Diener proved that the three-item version
yields as strong psychometric properties as the five-item scale and demonstrate measurement

invariance across time and gender (2020).

3.4.3 Mediator Variable
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Job Satisfaction: As demonstrated in section 2.6 of the Literature Review, job satisfaction has
a significant impact on life satisfaction and well-being (Ray, 2021). The Satisfaction with Work
scale, derived from the Satisfaction with Life Scale, is a reliable tool for assessing job
satisfaction (Saks, 2006). Job satisfaction has been found to play a significant role in influencing
organizational commitment, intention to quit, and other important outcomes (Saks, 2006). In
the context of Al's influence on job satisfaction, it is essential to consider how Al tools and
applications impact employees' satisfaction and job satisfaction (Nguyen & Malik, 2022).
Therefore, participants were shown five items from the Satisfaction with Work scale with the

introduction “When I work with Al...”, connecting Al and job satisfaction.

3.4.4 Moderator Variables

Attitudes towards Al: Attitudes towards Al are crucial in shaping individuals' interactions with
Al systems and technologies. The Al Attitude Scale (AIAS) is a valuable tool for assessing
individuals' attitudes towards Al, focusing on the acceptance and willingness to use Al
technologies in specific contexts (Grassini, 2023). Additionally, the scale assesses how these
attitudes can impact the relationship between Al interaction and various variables of interest
(Grassini, 2023). Furthermore, prior research has demonstrated that attitudes towards Al can
act as a moderator variable, influencing outcomes in different contexts (Ciuchita et al., 2023).
The scale included four items and was taken from research conducted by Grassini (2023).
Before the AIAS was presented, participants were provided with a definition of Al as well as

workplace applications from the OECD website for clarification purposes (Lane et al., 2023).

Job Demands & Job Resources: The JD-R model suggests that the interaction between job
demands and job resources plays a crucial role in determining job strain and motivation levels
(Xanthopoulou et al., 2007). To assess the JD-R model, five items were selected for each
variable inspired by Karasek’s Job Content Questionnaire (JCQ) to capture relevant aspects of
job demands and resources across various work environments (Bouillon-Minois et al., 2023;
Dutheil et al., 2022). Furthermore, as outlined by previous research, it is essential to consider
both job demands and resources to understand their combined effects on employee well-being

and performance (Crawford et al., 2010).

3.4.5 Control Variables
Control variables are essential in research studies to enhance accuracy and reliability of

findings. Therefore, based on prior research I included variables such as self-esteem, age,
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gender, and education. According to Bernerth et al. the quality of research significantly
improves when control variables are integrated into hypotheses, and when standard descriptive

statistics and correlations are provided for these variables (2018).

Self-esteem: As discussed in section 2.6 of the literature review within “variables interacting
with job satisfaction) self-esteem has been proven to play a mediating role between job and life
satisfaction (Sarpkaya & Kirdok, 2019). In this research, self-esteem was assessed through five
items adapted from the Rosenberg Self-Esteem Scale (SES) (Rosenberg 1965), disregarding
the reverse items as the literature suggests that negatively oriented items have a minor impact
on instrument quality but influence measurement model and path coefficients (Dueber et al.
2022). Similar to the rest of the survey, participants indicated on a 5-point Likert scale their

disagreement (1) or agreement (5) with the statements.

Demographics: In line with previous studies, participants’ age, gender as well as their
educational and employment status were included (Kacmar & Ferris, 1989). Age was collected
in years. Gender was collected as either female, male, prefer not to say or other. Education was
assessed asking participants to select their highest level of education ranging from less than
secondary education up to doctoral degree, also offering the option “other” for participants to
self-describe. Lastly, for employment type several options were provided, with the option to

self-describe by selecting “other”.

4 RESULTS

The chapter will begin with describing the cleaning and preparation of the data, followed by a
sample characterization using descriptive statistics. Afterwards, the PLS-SEM data analysis
will be presented which was completed via the data analysis tool SmartPLS 4 to test the

hypotheses.

4.1 Data Cleaning and Preparation

After pausing the data collection on Qualtrics, the data was exported as an SPSS file. The first
step for the data analysis was to clean the data. Initially, a total of 303 responses were collected.
Survey answers were removed from further analysis if they were previewed or tested by the
researcher and if participants did not give consent to participate in the survey, failed to complete
the survey, and did not pass the English level or attention check question, leaving 268 valid

responses. Table 1 represents the final valid observations.
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Table 1 Valid observations from the online survey

Number of
Observations Observations
Initial Observations 303
Preview/Testing 5
Failed Consent 3
English level too low 9
Failed Attention check 1
Incomplete responses 17
Total Valid Observations 268

4.2 Descriptive Statistics

In order to describe the sample, the demographic statistics were analysed using descriptive
statistics in the data analysis tool SPSS and the overview can be found in Appendix 2. As
mentioned in the methodology section, the participants were between the age of 18 to 73 (M =
33.76, SD = 11.49), 47% were male, 51% identified as female and 2% decided to self-describe
or preferred not to reveal their gender. Regarding the level of education, 15% completed
secondary education, 35% had a bachelor’s degree, 43% hold a master’s degree and 5% have a
doctoral degree. Finally, 65% of participants are currently employed, 7% work as a freelancer,

1.5% are unemployed, 10% are students, 13% are working students and less than 1% is retired.

4.3 Data Analysis

After the data file was cleaned from any missing data points and simplified to only contain the
questions and answers in numeric format, it was uploaded to SmartPLS 4, a data analysis tool
suitable for complex structural models (Hair et al., 2012). I chose to use SmartPLS 4 as it is a
balanced model well suited for data analysis using PLS-SEM according to researchers (Hair et
al., 2012). Furthermore, SmartPLS requires smaller sample sizes than other tools and allows
users to easily create complex models (Hair et al., 2014). As recommended by previous
research, a two-step validation of PLS-SEM was carried out (Hair et al., 2019; Sarstedt et al.,
2023). Considering the minimum required sample size as well as the data preparation, the
measurement model was assessed considering the factor loadings, composite reliability (CR),
and average variance extracted (AVE) (Hair et al., 2019). After determining the overall model

fit, the structural model was evaluated. Therefore, path coefficients, standardised path
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coefficients, and associated statistical significance tests, were included. Lastly, the indirect
effects were examined. an examination was conducted into the mediations, or indirect effects.
Examining the hypotheses, bootstrapping resampling was conducted with a two-tailed test type,
a significance level of .05, a percentile bootstrap as a confidence interval method, and 20,000

subsamples.

4.3.1 Assessment of reflective measurement model

A measurement model is a part of the general model that specifies latent constructs that are
typically defined as reflective or formative (Hair et al., 2019). In formative constructs the
arrows point from the indicators to the construct and each indicator represents important
meaning for the construct, which means that changing or removing an indicator will change the
meaning of the construct (Hair et al., 2019). On the contrary, in reflective constructs the arrows
point from the construct to the indicators, and indicators can be adapted or removed as long as
other indicators are representative of the construct (Hair et al., 2019). Since my underlying
research model is reflective, the indicator loadings, cross-loadings, Cronbach’s alpha (a)
composite reliability (p) values were investigated to determine internal consistency reliability.
To measure convergent validity, the AVE estimates were determined, and the Fornell-Larcker
criterion and heterotrait-monotrait ratio of correlations (HTMT) were used to assess

discriminant validity (Hanafiah, 2020).

4.3.1.1 Construct reliability and validity

Regarding the indicator loadings, prior research suggests to only include loadings above the
threshold value of .708 to ensure item reliability (Hair et al., 2019). Consequently, five
indicators (Q2_3 for the construct attitudes towards Al, Q5_4 and QS5_5 for the construct job
demands, Q6_1 for the constructs job resources, and Q8_4 for the construct job satisfaction)
were not considered appropriate in the initial model since the loadings were below .708 and
excluded from the modified model. Considering the internal consistency reliability, Cronbach’s
alpha was investigated and deemed too low for the construct of job demands (e.g., below the
threshold of .70) but all composite reliability values ranged from .70 to .90 and were considered
“satisfactory to good” (Hair et al., 2019). The convergent validity was determined looking at
the AVE, and items must be higher than .50 for a construct to be able to explain more than half
of the variance of its measuring items, which was not the case for the construct of job demands
with an AVE of .442 (Hair et al., 2019). An overview of the initial model can be found in Tables
A-B in Appendix 3.
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After removing these five constructs, the adjusted model demonstrated satisfactory values for
all construct reliability and validity measurements. Subsequently, the discriminant validity,
which assesses the extent of how a construct distinguishes itself from other constructs in the
structural model, was examined with the Fornell and Larcker criterion (Fornell & Larcker,
1981). It states that each construct’s AVE should be higher than its squared correlation with
any other construct, which is the case for my model. Additionally, researchers have proposed
to look at the HTMT values to assess discriminant validity as the HTMT can achieve higher
specificity sensitivity rates compared to the cross-loadings and Fornell-Larcker criterion
(Henseler et al., 2015). Looking at the HTMT in the modified model, all values are below .85,
indicating no discriminant validity problems as well as no collinearity problems among the
latent constructs. Finally, no issues were identified regarding the collinearity statistics for the
outer model, as all VIF’s were below 3.3 (Sarstedt et al., 2023). An overview of all relevant
matrices and tables of the modified measurement model of the reflective constructs can be

found in Appendix 4, Tables C-G.

4.3.1.2 Model Fit

Prior to examining the PLS-SEM structural model results, the model fit was examined. Several
fit metrics are available with SMART PLS, including y2 (Chi-square), squared Euclidean and
geodesic distances, NFI (Normed Fit Index), and SRMR (Standardised Root Mean Square
Residual). Nevertheless, since these metrics have not yet undergone a comprehensive
examination, researchers ought to apply great caution when using them for PLS-SEM (Sarstedt
et al., 2021). The SRMR was examined for the underlying model, which measures the
difference between the correlation matrix that is actually observed and the correlation matrix
that the model implies, acting as an absolute indication of the goodness-of-fit criterion (Becker
et al., 2023). Hu & Bentler (1999) defined a satisfactory fit as a value less than 0.10 or 0.08
which this model is since the value of the saturated model is .061 and .072 for the estimated
model. However, the NFI criteria, which stipulate that values above 0.9 and closer 1 imply a
better fit could not be fully reached (NFI for the saturated model = 0.789; NFI for the estimated
model = 0.782). Since there is no unanimous goodness-of-fit measure, I deemed the model fit
as satisfactory for the continuation of assessing the structural model. For the overview of the

model fit please refer to Table H in Appendix 4.
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4.3.2 Assessment of the structural model

After this initial assessment and modification of the measurement model, the structural model
was assessed by analysing the standard assessment criteria including collinearity, coefficient of
determination (R2), the blindfolding-based cross-validated redundancy measure (Q2), as well
as the statistical significance and relevance of the path coefficients as suggested by Hair et al.

(2019). Please refer to Tables I-K in Appendix 5 for all relevant details.

4.3.2.1 Collinearity of the constructs

Before the structural relationships were assessed, collinearity was investigated to ensure that
there is no bias in the results of the regression. Therefore, the VIF values were calculated with
the latent variable scores of the predictor constructs. As demonstrated in Table L in Appendix
6, all VIF values of the inner model were below 3, meaning that no collinearity issues were

detected among the predictor constructs (Hair et al., 2019).

4.3.2.2 Models explanatory and predictive power

Next, the R2 values of the endogenous constructs were assessed in order to measure the model’s
explanatory power (Sarstedt et al., 2021). R2 measures the variance explained by the
endogenous constructs which reflects how much change in the dependent variables can be
accounted for by the independent variables (Hair et al., 2019; Sarstedt et al., 2021). The closer
the R2 value is to 1, the higher is the explanatory power and R2 values of .75, .05, and .25 are
considered substantial, moderate, and weak (Hair et al., 2014). The R2 values for both job (R2
= .233) and life satisfaction (R2 = .126) were considered weak (see Table M in Appendix 6).
Overall, the model explains 23.3% of the variation on job satisfaction and 12.6% of the variation

on life satisfaction.

Additionally, the effect sizes (f2) were calculated, which represents the impact of each
independent variable on the dependent variable, or in other words, the strength of the
relationship between latent variables (Sarstedt et al., 2021). According to Cohen, effect size
values below .02 indicate that there is no effect, .02, .15 and .35 illustrate a small, medium and
high effect (1988). As demonstrated in the following Table 2, for most variables there is no
effect, a small effect exists for attitudes towards Al on job satisfaction, interaction with Al
(objective) on job satisfaction and job resources on job satisfaction. A close to medium effect

size can be identified with job satisfaction on life satisfaction.
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Table 2 F-square list

Direct effects f-square
Attitudes Al -> Job Satisfaction 0.096
Attitudes Al -> Life Satisfaction 0
Interaction Al obj -> Job Satisfaction 0.051
Interaction Al obj -> Life Satisfaction 0.002
Job Demands -> Job Satisfaction 0.011
Job Resources -> Job Satisfaction 0.068
Job Satisfaction -> Life Satisfaction 0.122
Attitudes Al x Interaction Al obj -> Job Satisfaction 0.008
Attitudes Al x Interaction Al obj -> Life Satisfaction 0.004
Job Resources X Interaction Al obj -> Job Satisfaction 0
Job Demands x Interaction Al obj -> Job Satisfaction 0

4.3.2.3 Hypothesis testing — statistical significance and relevance of path coefficients

Figure 3 Structural Model with path estimates and p-values (objective)
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The bootstrapping process was used to determine the statistical significance (p-values) and

relevance of the route coefficients, which represent the strength of the effect, as shown in Figure
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3 (Hair et al., 2019). For an effect to be considered significant, Hair et al. (2019) state that the
p-values must be below the.05 threshold and the path coefficients' significance values typically
range from -1 to +1. Figure B in Appendix 6 displays the comprehensive structural model with

all path coefficients, including the indicator variables.

First, the direct effects were analysed (as shown in Table 4), which represent the immediate
influence that one variable has on another variable in the model (Becker et al., 2023). A
statistically significant positive effect of interaction with Al on job satisfaction (H2: 3 =.214, t
= 3.433, p = .001) and a statistically significant positive effect of job satisfaction on life
satisfaction (3 = .359, t = 5.456, p = .000) was revealed. The effect of job satisfaction on life
satisfaction is stronger than interaction with Al on job satisfaction. This shows that H2 was
supported. However, the effect of interaction with Al on life satisfaction was not found to be

significant (H1: B =-.042, t = .681, p = .496) and thus, H1 was not supported.

Table 3 Direct effects — Hypothesis testing

Direct effects Original sample (0) Sample mean (M) Standard deviation (STDEV) T statistics (|O/STDEV|) P values

Attitudes Al -> Job Satisfaction 0.285 0.287 0.062 4617 0
Attitudes Al -> Life Satisfaction -0.004 -0.001 0.087 0.058 0.954
Interaction Al obj -> Job Satisfaction 0.214 0.2 0.062 3.433 0.001
Interaction Al obj -> Life Satisfaction -0.042 -0.044 0.062 0.681 0.496
Job Demands -> Job Satisfaction 0.095 0.108 0.057 1.673 0.094

Job Resources -> Job Satisfaction 0.236 0.245 0.081 3.877 0

Job Satisfaction -> Life Satisfaction 0.359 0.36 0.066 5.456 0
Attitudes Al x Interaction Al obj -> Job Satisfaction -0.076 -0.074 0.058 1.317 0.188
Attitudes Al x Interaction Al obj -> Life Satisfaction 0.051 0.055 0.048 1.062 0.288
Job Resources X Interaction Al obj -> Job Satisfaction 0.008 0.017 0.081 0.134 0.893
Job Demands x Interaction Al obj -> Job Satisfaction 0.005 0.011 0.063 0.075 0.941

Secondly, the indirect effects were examined (found in Table 5), which occur when one variable
does not affect another variable immediately but operates through other variables in the model
(e.g., mediation) (Becker et al., 2023). The indirect effect for interaction with Al on life
satisfaction, being mediated by job satisfaction is statistically significant and has a positive

effect (H3: B =.077, t=3.01, p =.003), indicating support for H3.

Table 4 Indirect effects — Hypothesis testing

Total Indirect effects Original sample (O) Sample mean (M) Standard deviation (STDEV) T statistics (|O/STDEV|) P values
Attitudes Al -> Life Satisfaction 0.102 0.103 0.029 3.539 0

Interaction Al obj -> Life Satisfaction 0.077 0.072 0.026 3.01 0.003
Job Demands -> Life Satisfaction 0.034 0.038 0.021 1.603 0.109
Job Resources -> Life Satisfaction 0.085 0.089 0.03 2.869 0.004
Attitudes Al x Interaction Al obj -> Life Satisfaction -0.027 -0.027 0.022 1.246 0.213
Job Resources x Interaction Al obj -> Life Satisfaction 0.003 0.006 0.022 0.132 0.895
Job Demands x Interaction Al obj -> Life Satisfaction 0.002 0.005 0.023 0.073 0.942

Thirdly, the interaction effects were analysed (refer to Table 6), which reflect moderation,

where the effect of one variable on another is moderated upon the value of a third variable
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(Becker et al., 2023). For the moderation effects both the direct effects as well as the total effects
were analysed, to not only see the immediate influence that one variable has on another variable
but to also assess the total influence of one variable on another, accounting for both direct and
mediated effects. Regarding Attitudes towards Al, both the interaction effect with interaction
with AT on job satisfaction (H4: 8 =-.076, t = 1.317, p = .188) as well as life satisfaction (H5:
$=.051,t=1.062, p =.288) was not found to be significant. Continuing the analysis with job
demands (H6: B =.005, t =.075, p =.941) and job resources (H7: 8 =.008, t = .134, p = .893)
acting as moderators between the interaction with Al and job satisfaction, no statistically
significant interaction effect could be found. Overall, none of the moderating hypotheses (H4,

HS, H6 and H7) were supported.

Table S Total effects — Hypothesis testing

Total effects Original sample (0) Sample mean (M) Standard deviation (STDEV) T statistics (|O/STDEV|) P values

Attitudes Al -> Job Satisfaction 0.285 0.287 0.062 4617 0
Attitudes Al -> Life Satisfaction 0.098 0.103 0.072 1.373 0.17
Interaction Al obj -> Job Satisfaction 0.214 0.2 0.062 3.433 0.001
Interaction Al obj -> Life Satisfaction 0.034 0.028 0.064 0.54 0.589
Job Demands -> Job Satisfaction 0.095 0.108 0.057 1.673 0.094
Job Demands -> Life Satisfaction 0.034 0.038 0.021 1.603 0.109

Job Resources -> Job Satisfaction 0.236 0.245 0.061 3.877 0
Job Resources -> Life Satisfaction 0.085 0.089 0.03 2.869 0.004

Job Satisfaction -> Life Satisfaction 0.359 0.36 0.066 5.456 0
Attitudes Al x Interaction Al obj -> Job Satisfaction -0.076 -0.074 0.058 1.317 0.188
Attitudes Al x Interaction Al obj -> Life Satisfaction 0.023 0.028 0.06 0.388 0.698
Job Resources x Interaction Al obj -> Job Satisfaction 0.008 0.017 0.061 0.134 0.893
Job Resources X Interaction Al obj -> Life Satisfaction 0.003 0.006 0.022 0.132 0.895
Job Demands x Interaction Al obj -> Job Satisfaction 0.005 0.011 0.063 0.075 0.941
Job Demands x Interaction Al obj -> Life Satisfaction 0.002 0.005 0.023 0.073 0.942

Additional results were identified, apart from the analysis of the hypothesis testing. Regarding
the direct effects, there is a statistically significant positive effect of attitudes towards Al on job
satisfaction (B = .285, t = 4.617, p = .000) and a statistically significant positive effect of job
resources on job satisfaction (B = .236, t = 3.877, p = .000). This further holds true when
analysing the indirecte effects: Looking at the specific indirect effects, there is a statistically
significant positive effect for the influence of attitudes on life satisfaction mediated through job
satisfaction (B = .102, t = 3.539, p = .000) as well as the impact of job resources on life
satisfaction mediated through job satisfaction (8 = .085, t = 2.869, p = .004). Lastly, assessing
the total effects attitudes towards Al influence job satisfaction in a statistically significant
positive way (3 = .285,t=4.617, p = .000) and job resources affect job and life satisfaction in
a statistcially significant positive way (8 = .236, t = 3.877, p = .000; 8 = .085, t = 2.869, p =
.004) .These results can be found in Tables 4 — 7.
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Table 6 Specific Indirect effects — Hypothesis testing

Specific Indirect Effects Original sample (0) Sample mean (M) Standard deviation (STDEV) T statistics (| O/STDEV|) P values
Attitudes Al -> Job Satisfaction -> Life Sati i 0.102 0.103 0.029 3.539 0

Interaction Al obj -> Job -> Life 0.077 0.072 0.026 3.01 0.003
Job Demands -> Job Satisfaction -> Life Satisfaction 0.034 0.038 0.021 1.603 0.108
Job -> Job Satisfaction -> Life fi 0.085 0.089 0.03 2.869 0.004
Attitudes Al x Interaction Al obj -> Job Sati ion -> Life Sati: i -0.027 -0.027 0.022 1.246 0.213
Job Resources x Interaction Al obj -> Job Satisfaction -> Life Satisfaction 0.003 0.006 0.022 0.132 0.895
Job Demands X Interaction Al obj -> Job Sati ion -> Life Sati: i 0.002 0.005 0.023 0.073 0.942

For simplification purposes, the hypothesis testing was analyzed in detail for the objective

interaction with Al but the structural model regarding subjective interaction with Al has also

been created and calculated with PLS-SEM. An overview with the detailed path coefficients

and p-values can be found in Appendix 7 Figure C. In a nutshell, results remained largely

similar to the structural model addressing the objective interaction with Al. There were slight

differences regarding the strength of the path coefficients as well as the p-values. The biggest

difference was for the direct effect between interaction with Al and job satisfaction as this effect

was only marginally statistically significant (3 =.112, p = .066) in comparison to the objective

interaction with AI model, where it was fully statistically significant (8 = .214, p =.001).

The full overview of the hypothesis support can be found in Table 3.

39



Table 7 Hypotheses analysis

Hypothesis analysis
Total effect Direct effect
H1: Interaction Al obj -> Life satisfaction H1: Interaction Al obj -> Life satisfaction
B t P B t ]
0.034 0.54 0.589 -0.042 0.681 0.4%6
Total effect Direct effect
HZ: Interaction Al obj -> Job s atisfaction HZ: Interaction Al obj -> Job satisfaction
B t P B t ]
0.214 3.433 0.001 0.214 3.433 0.001

il
0.077

Indirect effects on Life Satisfaction
H3: Interaction Al obj -> Job satisfaction-> Life satisTaction

o

3.01 0,003

Total Interaction effect

B t P
-0.076 1.317 0.188

H4: Attitudes Al x Interaction Al obj -> Job Satisfaction

Direct Interaction effect
H4: Attitudes Al x Interaction Al obj -> Job Satisfaction
B t ]
-0.076 1.317 0.188

Total Interaction effect

B t P
0.023 0.388 0.698

H5: Attitudes Al x Interaction Al obj-> Life Satisfaction

Direct Interaction effect
HE5: Attitudes Al x Interaction Al obj-> Life Satisfaction
B t ]
0.051 1.062 0.288

Total Interaction effect

B t P
0.005 0.075 0.941

Hé&: lob Demands x Interaction Al obj -> Job Satisfaction

Direct Interaction effect
Hé: lob Demands x Interaction Al obj -> Job Satisfaction
B t ]
0.005 0.075 0.941

Total Interaction effect

B t P
0.008 0.134 0.823

H7:lob Resources X Interaction Al obj -> Job Satisfaction

Direct Interaction effect
H7:lob Resources x Interaction Al obj -> Job Satisfaction
B t ]
0.008 0.134 0.893

Naote: & = Beta-Coefficient; t = t-value; p = p-value; 30 = Standard Deviation

4.3.3 Exploratory Analyses

In addition to the primary analysis, the suggested conceptual model was refined to account for

the effects of age, gender, education, and self-esteem on life satisfaction. Despite the addition

of these control variables to the original proposed model, the results stayed mostly the same,

some values improved or worsened but nothing changed with regards of being statistically

significant. Assessing the control variables, age, gender, and education did not have a

statistically significant effect on life satisfaction. However, self-esteem had a strong positive

statistically significant effect on life satisfaction (8 =.542, t = 10.12, p = .000). In Appendix 7,

Figure C represents the structural model including control variables with path coefficients and

p-values, and Table N show the respective direct and indirect effects of the exploratory

analyses. The same holds for the analysis conducted of the structural model regarding the

subjective interaction with Al and the results can be found in Appendix 7, Figure D.
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S DISCUSSION

The underlying research sought to investigate the interaction with Al and its impact on
employees’ job and life satisfaction. PLS-SEM was applied as the statistical method to explore
the structural relationships between the variables. The research model investigated whether
interacting with Al leads to higher job satisfaction as well as life satisfaction and how attitudes

towards Al, job demands, and job resources moderate this relationship.

The results indicated that interacting with Al in the workplace significantly and positively
impacts job satisfaction, supporting H2. Furthermore, job satisfaction does have a significant
and positive influence on life satisfaction, which is in line with previous research (Rode, 2004).
Additionally, the study found that job satisfaction mediated the relationship between interacting
with Al in the workplace and life satisfaction, thus supporting H3. Interestingly, no support was
found for H1, which proposed that interacting with AI would impact life satisfaction. The p-
value was not statistically significant, but if it had been, a negative impact could have been
observed between interacting with Al and life satisfaction. Maybe if a simple model had been
run to test the effect of the IV on the DV there would have been a statistically significant effect.
There may be additional factors at play that influence the relationship between interacting with
Al and life satisfaction that were not considered in this research model. Further research is
needed to fully understand the impact of Al on life satisfaction in the workplace. As proposed
by previous researchers, there is a complex interplay of Al in the workplace that can have both

positive and negative effects on employee well-being (Loureiro et al., 2022).

Additional variables that were included in the structural model and that acted as moderators
were attitudes towards Al, job demands, and job resources. When assessing their influence on
job satisfaction and life satisfaction, different results were found, considering if the direct effect
of the variable was measured or if the interaction effect was measured. Attitudes towards Al
influenced job satisfaction directly and influenced life satisfaction indirectly through the
mediating role of job satisfaction in a positive way. However, when considering the interaction
effect with interaction with Al, the relationship between attitudes towards Al and job as well as
life satisfaction was found to be more complex, and thus, H4 and H5 could not be supported.
The results of the study suggested that attitudes towards Al may not have a straightforward
impact on job and life satisfaction. Moving on to job demands, no statistically significant
relationships were found, regardless of whether assessing the direct, indirect, or interaction

effects, and therefore, H6 was not supported. This suggests that either job demands do not play
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a significant role in the relationship between interacting with Al and job and life satisfaction,
that the question design was insufficient or not appropriate, or other factors may be at play.
Surprisingly, the outcomes of job resources support a variety of conclusions. In this research
model, job resources have a significant and positive direct effect on job satisfaction and an
indirect effect on life satisfaction, mediated through job satisfaction. These results suggest that
job resources are crucial in enhancing employees' overall well-being. Nonetheless, when
assessing the effect in combination with interacting with Al, no statistically significant
interaction effects are observed, and hence, no support was found for H7. Thus, it might be
interesting to analyse this relationship further to discover if there is truthfully no impact in
regard to interacting with Al or if there are other factors at play that were not considered, such
as question development or assessment rubrics. To conclude, although attitudes towards Al and
job resources do significantly and positively influence job and life satisfaction when measured
independently, no interaction effects can be found, and H4, HS5, H6, and H7 cannot be

supported.

Upon reflection, there could be several improvements in the methodology of this study, which
would have allowed me to gather more information to test the hypotheses. First, the
questionnaire design might have had a greater number of questions to assess the interaction
with AlL. This would have enabled a more thorough examination of participants' experiences
and perspectives. Second, the survey should have either included a question regarding the
industry a person works in, a list of industries to choose from, or been directed towards a
specific industry to gather more specific and meaningful data. Since survey participants had the
option to leave feedback at the end of the survey, the feedback suggested that participants
thought similarly about the differences in use and interaction with Al across different industries
and positions. Furthermore, additional feedback was received concerning the job satisfaction
question. A number of respondents expressed confusion regarding the formulation of the
question itself, as the satisfaction with work scale was not utilised in isolation, as was the case
in previous studies. Instead, it was combined with the statement, "When [ work with AL..." This
introduced an extra level of complexity to the responses and was likely unsuitable for statement

1 (Q8_1), "I feel close to people at work."

In sum, this research sheds light on whether interacting with Al influences employees' job and
life satisfaction. According to the findings, interacting with Al increases employees' job

satisfaction, which in turn increases life satisfaction when job satisfaction is higher.
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Nonetheless, the additional influence of attitudes towards Al, job demands, and job resources
was not proven to be statistically significant in relation to interacting with Al and its influence

on job and life satisfaction.

6 CONCLUSIONS AND LIMITATIONS

This study assessed whether interacting with Al has a significant impact on job and life
satisfaction. Moreover, additional factors, including attitudes towards Al, job demands, and job
resources, were included in the analysis to provide a comprehensive understanding of the
relationship. Quantitative research was conducted in the form of an online questionnaire created
with Qualtrics, and 303 responses were collected. Subsequently, the data was analysed by
conducting PLS-SEM via the data analysis programme SmartPLS 4, by creating and assessing

the reflective measurement model, the structural model, and exploratory analyses.

6.1 Main Findings & Conclusions

RQ1: Does interacting with Al in the workplace affect employees' job satisfaction?

This study found that interacting with Al in the workplace has a positive impact on employees'
job satisfaction. Further analysis revealed that this positive impact was particularly significant
for employees who had more frequent interactions with Al in their daily tasks. Overall, these

results indicate that implementing Al in the workplace can increase employee job satisfaction.

RQ2: Does interacting with Al in the workplace affect employees' life satisfaction?

The findings suggest ambiguous outcomes. The coefficient from the PLS-SEM model failed to
achieve statistically significant results regarding the direct relationship between interacting with
Al in the workplace and employees' life satisfaction, meaning that interacting with Al does not
have a direct influence on life satisfaction. Looking at the model, if the p-value were significant,
it would even suggest a negative relationship between the two variables. However, the results
support a moderated relationship, meaning that employees interacting with AI who experience
higher job satisfaction also reported higher life satisfaction. This suggests that while the direct
relationship may not be significant, there may still be a positive impact on employees' overall

well-being when they feel more at ease with Al technology.

RQ3: Do employees' attitudes towards Al impact their job and life satisfaction?
There is a two-fold answer to this question. In general, the results indicated that attitudes

towards Al have a positive impact on job satisfaction and influence life satisfaction indirectly
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through the mediating role of job satisfaction. However, in light of the hypothesis and
considering attitudes towards Al as a moderator, the results were not statistically significant.
Thus, in this research model, it could not be verified whether employees' attitudes towards Al
impact their job and life satisfaction. In conclusion, the results of the study suggested that

attitudes towards Al may not have a straightforward impact on job and life satisfaction.

RQ4: How does interaction with Al in the workplace influence job satisfaction within the
framework of the JD-R model, particularly when considering the moderating effects of
perceived job demands and resources?

The findings show no evidence of a significant relationship between interaction with Al in the
workplace and job satisfaction within the framework of the JD-R model. When analysing the
effects of the variables separately, the findings are still not statistically relevant for job demands.
However, job resources have a significant and positive effect on job satisfaction as well as on
life satisfaction, indicating that job resources contribute positively to both work and personal
life outcomes. Therefore, even though the moderated relationship of the JD-R model could not

be confirmed, job resources still have a beneficial impact on overall well-being.

6.2 Managerial / Academic Implications

Academically, this research contributes to the emerging literature on Al-technology integration
in the workplace (Pereira et al., 2023). Research has been conducted in various fields, ranging
from multilevel reviews of Al in organizations (Bankins et al., 2024), to multi-country studies
regarding technological disruption and employment (Brougham & Haar, 2020), to AI’s impact
on work stress and job insecurity (Ghani et al., 2022). While previous work has addressed the
impact of Al on employees’ well-being and more often burnout and stress, this study wants to
contribute to research by focusing on the positive side of Al. Academically, this work is one of
the first to use the JD-R model as the underlying model to test the interaction with Al on job
and life satisfaction and thus offers relevant insights. Even though the structural model did not
offer statistically significant support for the moderated effects of job demands and job resources
and their impact on interacting with Al on job and life satisfaction, job resources were indeed
supported to have a positive impact on job and life satisfaction. Future research should
investigate these effects further by applying the JD-R framework with more questions to find

stronger effects.
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This study offers managers and organizational leaders a data-driven understanding of the
impacts of implementing artificial intelligence in the workplace. The results of the study
showed that employees who work with Al generally report an increase in job satisfaction, which
in turn can contribute to a higher life satisfaction. Understanding the potential effects of Al on
job satisfaction and life satisfaction can help managers make more informed decisions about
implementing Al in the workplace and create strategies to ensure a smooth transition for their

teams. This can ultimately lead to a more positive and productive work environment.

6.3 Limitations / Future Research

Despite the insights provided by this study, there are several limitations to consider. First, the
data was mostly collected through a non-probability sampling technique, which was reasonable
given the time and resource constraints, however it led to a non-representative sample. As the
survey was addressed to anyone interacting with Al in the workplace regardless of the industry
or position, this limits the generalizability of the results, as people who work extensively with
Al may have different experiences and attitudes to those who are less involved with Al. Future
studies should rather target a specific industry or industries where Al is prevalently employed
or focus on specific positions associated with high Al usage to better capture the impacts of Al

in the workplace.

Another limitation of this research arises regarding the research design. It is possible that
important concepts or variables were not sufficiently addressed, which could affect the internal
validity of the results. Regarding job demands and resources the questions chosen only reflected
some aspects but did not include all questions from the original scales, which could have led to
biased results. Future studies should therefore be carefully planned and consider the length of
the questionnaire and the scope of topics covered to create a more comprehensive and
meaningful data set. Furthermore, the wording of the question assessing interaction with Al
must be viewed critically. As this question was self-formulated, there is a possibility that it was
not clear or meaningful enough to capture the desired information. Future studies could
therefore use standardised questionnaires or validated measurement tools to increase the

reliability and validity of the data collected.

Finally, it would have been interesting to not only touch on some aspects of job and life
satisfaction but to go into more depth on how Al affects employees in their day-to-day working

lives. Future research could employ the complete satisfaction with work scale or other
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appropriate scales that measure more extensive aspects of job satisfaction. This would provide

a more comprehensive understanding of the impact of Al on employee well-being.
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APPENDICES
Appendix 1: Qualtrics Survey

Intro

Welcome and thank you for taking your time to participate in this study!

I, Olivia Metzger, am conducting this survey as part of my Master’s thesis at the Catolica Lisbon School
of Business and Economics under the supervision of Dr. Filipa de Almeida. The purpose of this survey
is to investigate the interaction with artificial intelligence (Al) at the workplace.

Your participation holds significant value for my research and takes around 5 minutes to complete. All
answers will be treated confidentially and anonymously and the data collected will be used for

research purposes only. | kindly ask you to answer the survey in one go, without interruptions.

If you have any questions or comments please do not hesitate to contact me:
s-ometzger@ucp.pt

Do you consent to participate in this study?

O Yes, | consent
(O No, | do not consent

Attitudes towards Al

Artificial Intelligence - or Al in short - is what enables smart computer programs and machines to carry

out tasks that would typically require human intelligence. This includes learning from data, making
decisions based on information, solving complex problems, understanding and responding to

language, recognizing patterns, and adapting to new situations.

Some examples where Al can be found in your everyday life include:
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« Siri, Alexa and other smart assistants,

* Netflix or YouTube recommendations, and

» Self-driving cars

To begin, | would like to learn more about your attitudes towards Al.

Strongly
disagree
| believe that Al will O
improve my life
| believe that Al will )
improve my work
| think | will use Al
technology in the O
future
| think Al technology
is positive for O

humanity

Interaction with Al at work

Next, | would like to learn more about your interaction with Al at your workplace.

Somewhat
disagree

O

O

Neither
agree nor
disagree

O

O

Some examples where Al Can be found in the workplace include:

1. Customer Service: Al-powered chatbots and virtual assistants that can handle customer requests,

provide product information and offer support

2. Human Resources: Automated screening of job applications, chatbots for HR-related requests, Al-

driven employee engagements tools

Somewhat
agree

O

O

Strongly

agree

O

O

3. Marketing and Sales: Al tools to optimize marketing campaigns, personalize customer experiences,

to analyze sales data for better targeting potential customers

4. Manufacturing and Logistics: Software that predicts prices and demands, Al that can tell when

machines should be serviced, robots that use cameras to check items for flaws

5. Data Analysis and Decision Making: Al algorithms to analyze large sets of data, generating insights,

making predictions and guiding decision making
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6. Finance: Robo-advisors, chatbots used for customer service, fraud detection software

7. Healthcare: Al tools for analysing medical images, diagnosing diseases and personalizing patient
care plans

8. Creative Industries: Al-driven content creation tools for writing, graphic design and music production
9. Code Generation: Al that helps developers write code, either by analyzing a code-base or
generating code itself (GitHub CoPilot, Replit Code LLM, etc)

Your interaction with Al at your workplace might include using these technologies directly, working in
environments enhanced by these technologies, or making decisions influenced by insights provided by
Al systems.

Keeping this information in mind, please refer to the following questions.

Thinking back to yesterday, can you recall and count the number of times you used Al-enabled tools
or systems during your workday? Please consider each separate interaction with Al in software, tools
for data analysis, customer service bots, etc.

Example: You use ChatGPT to help you out with your code and it gives you one line. You then ask it
something else and it gives you another line. This counts as 2 interactions.

0 20 40 60 80 100

0 times :I

Reflecting on your workday yesterday, how often do you feel you interacted with Al-enabled tools or
services?

O Very little
QO Abit
O A moderate amount

QO Alot

O Almost constantly

Job Demands and Resources
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MNow, | would like to learn more about how you experience your workplace.

My job requires me to
work very fast

My job requires me to
work very hard

| need a lot of effort in
my job

| have enough time to
do my tasks

| have conflicts in the
team

MNever

O

© O Q O

Sometimes

O

0 O & QO

About half
the time

O

g O @ ©

Most of the
time

O

O O O O

MNow, | would like to learmn more about how you experience your workplace.

| get on well with my
co-workers

| can ask my co-
workers for help if

necessary

My co-workers
understand if | have a
bad day

| get on well with my
supervisors

| can ask my

supervisors for help if
necessary

Self-Esteem

MNever

O

O

Sometimes

O

O

About half
the time

O

O

Most of the
time

O

O

Always

O

o O & O

Always

O

O
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Now, | would like to learn more about how you view yourself.

| take a positive
attitude toward
myself

| feel that | have a
number of good skills

| am able to do things
as well as most other

people

| feel that | am a
person of worth

Overall, | am satisfied
with myself

Job Satisfaction

Strongly
disagrea

O

Somewhat
disagree

o

@)

Please answer the questions below keeping in mind your work alongside Al.

When | work with Al, ...

... | fesl close to
people at work

... | feel good about
working at the
company

... | feel secure about
my job

... | believe
management is
concermed about me

... | am satisfied with
my job overall

Strongly

disagree

O

O

Somewhat
disagree

O

O

Meither
agree nor Somewhat
disagree agree
O O
O O
O (@)
O
O
Neither
agree nor Somewhat
disagree agree
O 0]
@] O
@] O
O O
O O

Strongly

agree

@)

@)

Strongly
agree

&
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Life Satisfaction

Lastly, please answer the questions below about how satisfied you are with your life.

Meither

Strongly Somewhat agree nor
disagree disagree disagrea
In most ways my life
is close to my ideal O o o
The conditions of my
life are excellent O O O
| am satisfied with my 0 @) ®

life

Demographic Questions

Thank you for your answers!

To end, | kindly ask you to answer a few demographic questions.

How old are you?

L]

How do you describe yourself?

O Male

O Female

(O Non-binary / third gender

O | JPrefer to self-describe

O Prefer not to say

Somewhat Strongly

agree agree
o @]
@) @]
0 O
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What is your highest level of education?

O Less than Secondary education
(O Secondary education

QO Bachelor's Degree

O Master's Degree

QO Doctoral Degree

O [ [other

What is your current employment status?

@] Employed

O Freelancer

O Unemployed
O Student

(O Working Student
O Retired

O | jother

How comfortable are you with the English language?

O Extremely uncomfortable

(O somewhat uncomfortable

(O Neither comfortable nor uncomfortable
O Ssomewhat comfortable

O Extremely comfortable

How much attention did you pay during this survey?

O Mone at all
O Alittle
(O A moderate amount

O Alot
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QO A great deal

Do you have any comments you would like to share with the researcher? If so, please write them in the
box below. Otherwise, just leave blank

Debriefing

Thank you for your participation in this study. In this study | actually wanted to find out how interacting
with Al affects satisfaction with work and in broader terms satisfaction with life. My hypothesis is that
interacting more with Al leads to higher satisfaction with work and higher overall life satisfaction.
However, other factors play into this as well, which is why | asked you about your attitude towards Al,
guestions about how you view yourself (self-esteem) as well as your workplace (job demands and
resources). | did not disclose the full goal of the tasks you were exposed to as doing so would render

the results of the current study not informative.

For any comments or questions please contact: s-ometzger@ucp.pt

Appendix 2: Demographic profile of participants

Age
5td.
N Minimum = Maximum Mean Deviation
How old are you? 268 18 73 33.76 11.485
Valid N (listwise) 268 | E T
Gender
Cumulative
Frequency  Percent  Valid Percent Percent
Valid Male 125 46.6 46.6 46.6
Female 138 SLS 515 98.1
Prefer to self-describe . 3 1.1 | 1.1 [ 99.3
Prefer not to say i 2| T 7| 100.0
Total ' 268  100.0 100.0
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Highest level of Education

Cumulative

Frequency Percent Valid Percent Percent
Valid Secondary education 40 14.9 14.9 14.9
Bachelor's Degree 94 35.1 35.1 50.0
Master's Degree 114 42.5 42.5 92.5
-Docmral Degree 1-.3 . 49 4.9 91:'.4
Other 7 2.6 2.6 100.0

Total 268 100.0 100.0
Current Employment S5tatus
Cumulative
Frequency  Percent  Valid Percent Percent

Valid _Employed 174 649 64.9 64.9
Freelancer 19 7.1 7.1 72.0
Unemployed 4 1.5 1.5 735
Student 27 101 10.1 83.6
Working Student 35 13.1 13.1 96.6
Retired 1 | ol 4 97.0

Other 8 30 3.0 100.0
Total 268 100.0 100.0 '

Appendix 3: Modification Process to improve construct reliability and validity

Table A Initial factor cross-loadings analysis of constructs

Al Alobj Job Demands Job Resources lJob Lite Satisfaction desAlx Alaobj Job Xl Alobj Job Demands xInteraction Al obj
Q2.1 0.883 0.083 0.087 D72 D0.322 0129 0114 0.102 0187
Q22 0.855 0.135 0.0832 0.218 0.289 0139 0.032 0.087 0153
Q2.3 0.649 0a21 0.097 on 0.209 0.104 0031 0.084 0.064
Q2.4 0.782 0.189 0.091 0.131 0.315 0.056 .11 0.138 0146
Q3 0.185 1 07N 0.044 0.26 0.054 0.37 0.043 0.318
Q5.1 0.083 0.183 0.843 0.018 013 0.085 0.138 0.023 0.035
052 0.09 0.077 0.89 0.011 03 <0.009 D.139 013 0.035
Q5.3 0103 0.109 o.gog 0.01 0.093 0.004 0.181 0.097 0.037
05 4 -0.024 0.082 0.14 D.198 D.054 017 0018 0.032 0.14
Q5.5 0.014 0.095 0.193 -0.41 0.013 -0.083 0.035 0.073 0.184
081 0a7 0.028 -0.032 D.E75 0179 0.272 0.014 0.181 40.033
6.2 0.134 “0.05 0.043 0.775 0.181 0.289 0.108 0.004 0.0BE
063 0114 0.053 0.013 0.732 D193 0174 0.094 “0.04 o014
Q6.4 0113 -0.026 0.002 072 0,188 0.287 0.04 0.025 0.164
085 0.201 0.053 0.085 o7 0.248 0.249 0.155 0.014 0124
Q81 0.218 0.188 0.22 0.204 0.713 0.186 0.02 0.122 0123
08 2 0.388 0.258 0.081 0.218 0.84 0.318 0.12 0.151 0188
Q8.3 0.242 0.134 0,187 0.224 0.726 0.22 0.017 0.038 0.078
Q8 4 0.047 0.153 0.023 D.085 0.309 0.092 0.168 0.074 0.155
Q8.6 0.288 0.207 0.074 0.215 0.835 0.357 0.043 0.028 0.054
e 0.088 0.055 n.014 0.283 0.345 091 0.024 0.032 0114
ez 0.148 0.037 0.094 0.329 0.302 0.846 0.109 0.028 D.094
Q9.3 0113 0.043 0.004 0.283 0.267 0.883 0.038 0.011 0.2
Attitudes Al xInteraction Al obj 0.073 0137 0178 0.117 D.058 0.084 1 0.333 0353
Job Resources xInteraction Al obj 0.129 0.043 0108 0.05 D.074 0.007 0.338 1 0zn
Job Demands ¥ Interaction Al ob] 0.178 0.318 0.073 0.101 0.148 0.124 0.353 027 1

Table B Initial Construct reliability overview
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Construc-t Crl:;nbach*s alpha Composite reliability (rho_a) Composite reliability (rho_c) AVE

Attitudes Al
Job Demands
Job Resources

Job Satisfaction
Life Satisfaction

0.805
0.444
0.783
0.735
0.855

0.827
0.702
0.802
0.814
0.867

0.873
0.707
0.857
0.826
0.911

0.636
0.442
0.547
0.507
0.775

Appendix 4: Measurement model for reflective constructs and model fit

Table C Factor cross-loadings analysis of constructs after modification

Attitudes Al InteractionAlobj Job Job Job Life Al xInteraction Al obj Job X ion Alobj Job X Al obj
Q2.1 0.897 0.083 0.081 0.167 0.326 0.13 0.125 011 0.18
Q22 0.868 0.135 0.06 0.198 0.2%6 0.139 0.048 0.098 0.156
Qz4 0.813 0.189 0.086 0.126 0.317 0.056 0121 0.142 0.156
Q3 0.158 1 0.145 -0.06 0.25 0.054 0123 0.035 0.302
Qs.1 0.066 0.189 0.849 0.025 0.126 0.065 0.14 0.035 a.m
Q52 0.073 0.077 0.904 0.015 0132 -0.002 0.14 0.156 0.009
Q5.3 0.092 0.108 0.833 0.003 0.106 0.005 0.187 0115 0.001
Q6.2 0.135 -0.05 0.033 0.783 0.1 0.269 0.088 0.041 0.076
Q6.3 0.132 -0.053 -0.041 0.741 0.1%2 0.174 0.096 -0.02 0.02
Q6.4 0.095 -0.026 0.012 0.705 0.185 0.287 0.048 0.008 0.161
Q6.5 0.207 -0.0563 0.037 0.845 0.252 0.25 0145 0.05 0.117
Q8.1 0.226 0.168 0.211 0.205 0.718 0.166 0.01 0.088 0.101
Q8.2 0.353 0.258 0.047 0.208 0.831 0.318 0101 0.147 0177
Q8.3 0.255 0.134 0.178 0.219 0.744 022 0.009 0.058 0.082
Q8.5 0.292 0.207 0.054 0.221 0.843 0.357 0.051 -0.047 0.047
Qa1 0.103 0.055 -0.006 0.247 0.339 0.908 007 0.04 0.104
Qa2 013 0.037 0.086 0.32 0.305 0.848 0112 -0.007 0.097
Q93 0.102 0.043 -0.019 0.271 0.269 0.883 0.033 0.032 0.115
Attitudes Al x Interaction Al obj 0.115 0.123 0178 0.127 0.024 0.061 1 0.35 0.373
llob Resources x Interaction Al obj 0.135 0.035 0119 0.028 0.044 0.025 0.35 1 0.318
Job Demands x Interaction Al obj 0.196 0.302 0.008 0.123 0.126 0.119 0.373 0.318 1
Table D Construct reliability overview after modification
Construct Cronbach's alpha Composite reliability (rho_a) Composite reliability (rho_c) AVE
Attitudes Al 0.823 0.826 0.895 0.739
Job Demands 0.828 0.838 0.897 0.744
Job Resources 0.771 0.789 0.853 0.593
Job Satisfaction 0.794 0.813 0.865 0.617
Life Satisfaction 0.855 0.864 0912 0.775

Discriminant validity:

Table E Fornell-Larcker criterion after modification

Fornell-Larcker Attitudes Al

Interaction Al obj JobDemands

Job Resources Job Satisfaction Life Satisfaction

Attitudes Al 0.86
Interaction Al obj 0.158 1
Job Demands 0.088 0.145 0.863
Job Resources 0.191 -0.06 0.018 0.77
Job Satisfaction 0.364 0.25 0.141 0.269 0.786
Life Satisfaction 0.127 0.054 0.024 0.316 0.349 0.88
Table F HTMT analysis of constructs after modification
HIMT — Attitudes Al Interaction Alobj Job Job Job Life: Attitudes Alx Alobj JobResources xInteractionAlobj Job x Interaction Al obj
Attitudes Al
Interaction Al obj 0177
Job Demands 0.108 0.159
JobResources 0232 0.067 0.054
Job Satisfaction 0.444 0274 0.201 0343
Life Satisfaction 0.15 0.058 0.072 0.394 0.408
Attitudes Alx Interaction Al obj 0.126 0.123 0199 0.14 0.081 0.066
Job Resources x Interaction Al obj 0.15 0.035 0.13 0.044 0.121 0.033 0.35
Job X Al obj 0215 0.302 0.00% 0.139 0.138 0129 0.373 0.318
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Table G Collinearity (VIF) Outer Model after modification

Collinearity (VIF) Outer model VIF

Q2.1 2.286

Q22 2.095

Q2 4 1.58
Q3 1

Q5.1 1.759

Q5.2 2.312

Q5.3 1.889

Q6.2 1.669

Q6.3 1.482

Q6_4 1.379

Q6_5 1.732

Q8.1 1.462

Q8 2 1.778

Q8.3 1.526

Q8.5 1.883

Q9.1 253

Qe 2 1.775

Qa3 2.488
Job Resources x Interaction Al obj 1
Attitudes Al x Interaction Al obj 1
Job Demands x Interaction Al obj 1

Table H Model fit after modification

Model fit measures

Saturated model

Estimated model

SRMR
d_uLs
d.G
Chi-square
NFI

0.061
0.639
0.242
396.209
0.789

0.072
0.893
0.253
409.109
0.782

Note: SRMR = Standardized Root Mean Square Residual; d ULS = squared Euclidean distance;
d_G = geodesic distance; y2 = Chi-square; NFI = Normed Fit Index

Appendix 5: Assessment of the structural model

Table I Collinearity Statistics (VIF) — Inner Model — Matrix

Construct Attitudes Al

Alobj JobDemands Job Life Attitudes Al Alobj Job Alobj JobDemands x Al obj
Attitudes Al 1.0 1172
Interaction Al obj 1.165 1.086
lob Demands 1073
lob Resources 1073
Job Satisfaction 1.208
Life Satisfaction
Attitudes Al x Interaction Al obj 1284 1.027
Job Resources xInteraction Al obj 1222
Job Demands x Al obj 1.379

Table J R-square Overview

Construct R-square R-square adjusted
Job Satisfaction 0.233 0.213
Life Satisfaction 0.126 0.113
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Table K F-square Matrix

Attitudes Al Alobj Job Job Life. Attitudes Alx Alobj Job Alobj Job X I obj
Attitudes Al 0.026 o
Interaction Al obj 0.051 0.002
Job Demands 0.011
JobResources 0.088
Job Satisfaction 0122
Life Satisfaction
Attitudes Alx Interaction Al obj 0.008 0.004
Job Resources x Interaction Al obj o
Job x Alobj [

Appendix 6: Hypothesis Testing

Figure A Detailed structural Model with path estimates and p-values (objective)
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Table L Path-Coefficients (Direct effects)
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Direct effect Original sample (0) Sample mean (M) Standard deviation (STDEV) T statistics (]O/STDEV|) P val
Attitudes Al -> Job Satisfaction 0.285 0.287 0.062 4617 0
Attitudes Al -> Life Satisfaction -0.004 -0.001 0.067 0.058 0.954
Interaction Al obj -> Job Satisfaction 0.214 0.2 0.062 3.433 0.001
Interaction Al obj -> Life Satisfaction -0.042 -0.044 0.062 0.681 0.496
Job Demands -> Job Satisfaction 0.095 0.108 0.057 1.673 0.084
Job Resources -> Job Satisfaction 0.236 0.245 0.061 3.877 0
Job Satisfaction -> Life Satisfaction 0.359 0.36 0.066 5.456 0
Attitudes Al x Interaction Al obj -> Job Satisfaction -0.076 -0.074 0.058 1.317 0.188
Attitudes Al x Interaction Al obj -> Life Satisfaction 0.051 0.055 0.048 1.062 0.288
Job Resources X Interaction Al obj -> Job Satisfaction 0.008 0.017 0.061 0.134 0.883
Job Demands x Interaction Al obj -> Job Satisfaction 0.005 0.011 0.063 0.075 0.941
Table M Support of structural model assessment hypothesis
Hypothesis Supported
H1: Higher interaction with Al in the workplace leads to higher life satisfaction
Not Supported
H2: Higher interaction with Al in the workplace leads to higher job satisfaction
Supported
H3: Higher interaction with Al in the workplace leads to higher job satisfaction,
which in turn leads to higher life satisfaction Supported
H4: Attitudes towards Al moderate the positive relationship between interaction with Al in the workplace and job satisfaction,
such that the relationship is stronger when attitudes towards Al are more favourable Not Supported
H5: Attitudes towards Al moderate the positive relationship between interaction with Al in the workplace and life satisfaction,
such that the relationship is stronger when attitudes towards Al are more favourable Not Supported
H6: Interaction with Al in the workplace leads to higher job satisfaction when job demands are perceived as low Nt Siiprioied
H7: Interaction with Al in the workplace leads to higher job satisfaction when job resources are perceived as high Nt Siipriniad

Appendix 7: Exploratory Analyses

Figure B Structural Model including control variables with path estimates and p-values

(objective)
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Note: *p-values are displayed in the brackets after the respective path coefficients (= Beta-

Coefficients)

Table N Path-Coefficients including control variables (Direct effects)

Direct effect Original sample (O) Sample mean (M) Standard deviation (STDEV) T statistics (| O/STDEV]) P values
Age -> Life Satistaction -0.012 -0.011 0.051 0.24 0.81
Attitudes Al -> Job Satisfaction 0.285 0.288 0.062 4,619 0
Attitudes Al -> Life Satisfaction -0.025 -0.025 0.059 0.434 0.664
Education -> Life Satisfaction 0.002 0.002 0.053 0.036 0.971
Gender -> Life Satisfaction 0.074 0.073 0.058 1.271 0.204
Interaction Al obj -> Job Satisfaction 0.214 0.201 0.062 3.433 0.001
Interaction Al obj -> Life Satisfaction -0.02 -0.02 0.058 0.332 0.74
Job Demands -> Job Satisfaction 0.095 0.108 0.057 1.67 0.085
Job Resources -> Job Satisfaction 0.236 0.245 0.061 3.876 0
Job Satisfaction -> Life Satisfaction 0.182 0.182 0.062 2:92 0.004
Self-esteem -> Life Satisfaction 0.542 0.544 0.054 10.12 0
Attitudes Al x Interaction Al obj -> Job Satisfaction -0.076 -0.074 0.058 1.315 0.188
Attitudes Al x Interaction Al obj -> Life Satisfaction 0.041 0.042 0.04 1.009 0.313
Job Resources x Interaction Al obj ->Job Satisfaction 0.008 0.017 0.061 0.135 0.893
Job Demands x Interaction Al obj -> Job Satisfaction 0.005 0.011 0.063 0.075 0.94

Figure C Detailed structural Model with path estimates and p-values (subjective)
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Figure D Structural Model including control variables with path estimates and p-values

(subjective)
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