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Abstract 

Artificial Intelligence (AI) applications are becoming increasingly important, simplifying daily life 
and supporting organizations across various applications. Despite the numerous positive 
attributes and the potential of AI, studies indicate that adoption rates, particularly within 
organizations, are still not as high as expected. To increase the utilization of AI, factors such as the 
user’s culture, industry-specific elements, willingness to pay, and psychological factors play a 
critical role. By leveraging factors that promote AI adoption and addressing barriers, it is possible 
to enhance the integration of AI technologies. This dissertation examines the factors influencing 
AI adoption from four perspectives: (1) social, (2) organizational, (3) individual, and (4) 
methodological. 

From the social perspective, one study included in this dissertation investigates the influence of 
culture on the adoption of AI as an emerging technology among others. A structured literature 
review (SLR) was conducted, focusing on Information Systems (IS) papers from the Basket of 
Eight that measure the effect of culture. The knowledge extracted from these papers was then 
condensed, with existing research categorized by research areas, data collection methods, and 
their assessments. The resulting concept matrix serves as a valuable summary and foundation for 
future research. A recommendation from the SLR is that future research should measure culture 
individually rather than making assumptions based on the country a person lives in. Additionally, 
the study explicitly provides a research agenda highlighting existing gaps in the literature. For 
instance, the cultural impact on the adoption of newer forms of AI, such as Generative AI (GenAI), 
should be measured. Thus, this study demonstrates the significant influence of culture as a social 
factor on AI adoption. 

For the organizational perspective, two studies were conducted. The first study utilizes a case 
study approach, consisting of seven interviews within the financial services and manufacturing 
industries. From these interviews, drivers and barriers of AI adoption were identified and 
categorized using the Technology-Organization-Environment (TOE) framework. The factors were 
also classified by industry and compared between the two industries. This leads to the 
identification of soft factors that are industry-specific and hard factors that are more general. For 
example, a soft barrier specific to the financial industry is the presence of legacy systems, while a 
general driver is the potential for cost reduction. The identified factors are particularly useful for 
organizations within these industries, but the more general factors can be applied to other 
organizations as well. The second study within the organizational perspective examined the 
willingness to pay (WTP) for machine learning-based software testing tools in organizations using 
a conjoint analysis. Initially, attributes important for these tools and their target audience were 
identified through a structured literature review and a Delphi study. Attributes such as accuracy, 
ease of use, and integration were found to be crucial for the adoption. The conjoint analysis, 
conducted with 119 software testers in Germany, revealed that they are willing to pay up to €120 
more per license per month for an increase in accuracy from 90% to 99%. This study highlights 
WTP as an adoption factor when introducing AI and identifies the essential attributes AI systems 
must possess to be successfully adopted. Thus, the organizational perspective uncovers various 
influencing factors examined within this dissertation. 

Also, two studies were conducted from the individual perspective. Both utilized online 
experiments to investigate the psychological factors influencing AI adoption. The first study in 
this perspective examined the impact of ChatGPT assistance on the performance and perceived 
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meaningfulness among programmers. The study involved 161 experienced coders who completed 
coding and debugging tasks with and without ChatGPT assistance. The results showed a 
significant increase in performance but a decrease in perceived meaningfulness due to the 
reduced difficulty of the tasks. As the results are depending on the tasks, the adoption of AI should 
be carefully considered as lower meaningfulness can result in less motivation for work. Another 
study in this perspective, involving 174 participants from Germany, demonstrated that the IKEA 
effect occurs when using Generative AI. This effect arises when individuals value an output more 
if they invested more effort in its creation. This suggests that instead of solely aiming for 
automation, which is often seen as the goal of AI, fostering collaboration could enhance AI 
adoption. These studies collectively demonstrate the significant influence of individual 
psychological factors on AI adoption. 

Finally, the methodological perspective emphasizes the importance of thorough and sound 
methodology. Using a Design Science Research approach, this study initially examines how 
previous research has conducted and reported cross-sectional surveys. Based on this analysis, 
focus groups were utilized to gain deeper insights. This results in eleven guidelines which serve 
as a foundation to allow particularly inexperienced researchers to conduct their (AI adoption) 
research in a reproducible and reliable manner. 

Overall, these studies show that various factors influence the adoption of AI, which must be 
considered from different perspectives. Only by examining these different angles AI can be 
successfully implemented. Thus, AI does not only simplify daily life but also supports 
organizations in improving or streamlining processes. Moreover, the role of society is also crucial, 
as well as a solid methodology to make research generalizable. 
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Abstract (German Version) 

Künstliche Intelligenz (KI) gewinnt zunehmend an Bedeutung und erleichtert nicht nur das 
tägliche Leben, sondern unterstützt auch Unternehmen in verschiedenen Anwendungsbereichen. 
Trotz der zahlreichen positiven Eigenschaften und des Potenzials von KI zeigen Studien, dass die 
Adoptionsraten, insbesondere in Unternehmen, noch hinter den Erwartungen zurückbleiben. Um 
die Nutzung von KI zu steigern, spielen Faktoren wie die Kultur der Anwender, 
industriespezifische Eigenschaften, die Zahlungsbereitschaft und psychologische Aspekte eine 
entscheidende Rolle. Durch die gezielte Nutzung von Treibern und die Beseitigung von 
Hindernissen kann die Adoption von KI-Technologien vorangetrieben werden. Diese Dissertation 
untersucht die Einflussfaktoren der KI-Adoption daher aus vier Perspektiven: (1) gesellschaftlich, 
(2) unternehmerisch, (3) individuell und (4) methodisch. 

Aus der gesellschaftlichen Perspektive beleuchtet eine der in dieser Dissertation enthaltenen 
Studien den Einfluss von Kultur auf die Adoption von KI als eine von vielen neuen Technologien. 
Dazu wurde eine strukturierte Literaturübersicht durchgeführt, die sich auf die 
Wirtschaftsinformatik-Forschung beschränkt und Artikel aus dem „Basket of Eight“ analysierte, 
die den Effekt von Kultur messen. Das aus diesen Artikeln gewonnene Wissen wurde 
anschließend kondensiert, wobei die vorhandene Forschung nach Forschungsbereichen, 
Datenerhebungsmethoden und deren Auswertung kategorisiert wurde. Die daraus entstandene 
Konzeptmatrix dient als Zusammenfassung und Grundlage für zukünftige Forschung. Eine 
Empfehlung aus der Literaturrecherche ist, dass zukünftige Forschung Kultur individuell messen 
sollte, anstatt Annahmen basierend auf dem Land, in dem eine Person lebt, zu treffen. Darüber 
hinaus liefert die Studie eine explizite Forschungsagenda, die bestehende Lücken in der Literatur 
aufzeigt. So sollte beispielsweise der kulturelle Einfluss auf die Adoption neuerer Formen der KI, 
wie generative KI, untersucht werden. Diese Studie zeigt somit den bedeutenden Einfluss der 
Kultur als gesellschaftlicher Faktor auf die KI-Adoption. 

Für die unternehmerische Perspektive wurden zwei Studien durchgeführt. Die erste Studie nutzte 
einen Case Study Ansatz, bei dem sieben Interviews in der Finanzdienstleistungs- und 
Fertigungsindustrie geführt wurden. Aus diesen Interviews wurden Treiber und Barrieren der KI-
Adoption identifiziert und mithilfe des Technology-Organization-Environment (TOE) 
Frameworks kategorisiert. Die Faktoren wurden außerdem nach Industrien geordnet und 
innerhalb der Industrien verglichen, was zur Identifikation von weichen Faktoren führte, die 
industriespezifisch sind, und harten Faktoren, die allgemeiner gelten. Ein spezifisches Beispiel für 
eine weiche Barriere in der Finanzindustrie ist die alte IT Infrastruktur (Legacy Systeme), 
während ein allgemeiner harter Treiber die potenzielle Kostenreduktion ist. Die identifizierten 
Faktoren sind besonders nützlich für Unternehmen innerhalb dieser Industrien, die 
allgemeineren Faktoren können jedoch auch auf andere Organisationen angewendet werden. Die 
zweite Studie innerhalb der unternehmerischen Perspektive untersuchte die 
Zahlungsbereitschaft für ML-basierte Software Testing Tools in Unternehmen mithilfe einer 
Conjoint-Analyse. Zunächst wurden durch eine strukturierte Literaturrecherche und eine Delphi-
Studie Attribute identifiziert, die für diese Tools und ihre Zielgruppe wichtig sind. Attribute wie 
Genauigkeit, Benutzerfreundlichkeit und Integration erwiesen sich als entscheidend für die 
Adoption. Die Conjoint-Analyse, die mit 119 Softwaretestern in Deutschland durchgeführt wurde, 
zeigte, dass die Teilnehmer bereit sind, bis zu 120 € mehr pro Lizenz pro Monat für eine Erhöhung 
der Genauigkeit von 90 % auf 99 % zu zahlen. Diese Studie hebt die Zahlungsbereitschaft als 
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Adoptionsfaktor bei der Einführung von KI hervor und identifiziert die wesentlichen 
Eigenschaften, die KI-Systeme besitzen müssen, um erfolgreich adoptiert zu werden. Die 
unternehmerische Perspektive deckt somit verschiedene Einflussfaktoren auf, die in dieser 
Dissertation untersucht wurden. 

Auch aus der individuellen Perspektive wurden zwei Studien durchgeführt. Beide nutzten Online-
Experimente, um psychologische Faktoren zu untersuchen, die die KI-Adoption beeinflussen. Die 
erste Studie in dieser Perspektive untersuchte den Einfluss der Unterstützung durch ChatGPT auf 
die Leistung und die wahrgenommene Sinnhaftigkeit bei Programmierern. Die Studie umfasste 
161 erfahrene Programmierer, die jeweils eine Codierungs- und eine Debugging-Aufgabe mit und 
ohne ChatGPT-Unterstützung durchführten. Die Ergebnisse zeigten eine signifikante 
Leistungssteigerung, jedoch auch eine Verringerung der wahrgenommenen Sinnhaftigkeit 
aufgrund der geringeren Aufgabenschwierigkeit. Da die Ergebnisse abhängig von den Aufgaben 
sind, sollte die Einführung von KI sorgfältig abgewogen werden, da eine geringere Sinnhaftigkeit 
zu einer geringeren Arbeitsmotivation führen kann. Eine weitere Studie in dieser Perspektive, an 
der 174 Teilnehmer aus Deutschland teilnahmen, zeigte, dass auch der IKEA-Effekt bei der 
Nutzung von generativer KI auftritt. Dieser Effekt tritt auf, wenn Personen einen Output mehr 
wertschätzen, wenn sie mehr Aufwand in dessen Erstellung investiert haben. Dies deutet darauf 
hin, dass anstatt allein auf Automatisierung, die oft als Ziel von KI angesehen wird, die Förderung 
der Zusammenarbeit die KI-Adoption erhöht werden sollte. Diese Studien zeigen insgesamt den 
erheblichen Einfluss individueller psychologischer Faktoren auf die KI-Adoption. 

Schließlich betont die methodische Perspektive die Bedeutung einer gründlichen und soliden 
Methodik. In einem Design Science Research-Ansatz untersucht diese Studie zunächst, wie 
bisherige Forschung Cross-Sectional Surveys durchgeführt und berichtet hat. Basierend auf dieser 
Analyse wurden Fokusgruppen durchgeführt, um tiefere Einblicke zu gewinnen. Dies führte zu elf 
Richtlinien, die als Grundlage dienen, um insbesondere unerfahrenen Forschern zu ermöglichen, 
ihre Forschung zur (KI-Adoption) reproduzierbar und zuverlässig durchzuführen. 

Insgesamt zeigen diese Studien, dass verschiedene Faktoren die Adoption von KI beeinflussen, die 
aus unterschiedlichen Perspektiven betrachtet werden müssen. Nur durch die Betrachtung dieser 
verschiedenen Blickwinkel kann KI erfolgreich implementiert werden, was nicht nur das tägliche 
Leben erleichtert, sondern auch Unternehmen unterstützt und deren Prozesse verbessert oder 
vereinfacht. Auch die Rolle der Gesellschaft ist entscheidend, und um Forschung generalisierbar 
zu machen, ist eine solide Methodik unerlässlich. 
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1 Introduction 

1.1 Overarching Motivation 

Artificial Intelligence (AI) has gained increasing significance in recent years, both in our daily life 
and in various professional contexts. From voice assistants and translations that assist us with 
everyday tasks (e.g., DeepL, 2023; McElheran et al., 2024; Subhash et al., 2020), to personalized 
recommendations in online shops (e.g., Krishnan & Mariappan, 2024), and advanced analytical 
tools in medicine (e.g., Ellenrieder et al., 2023; Pumplun et al., 2021)—the possibilities of AI are 
almost limitless (Dwivedi et al., 2023; Russell & Norvig, 2021). This rapid development is 
primarily driven by continuous advancements in key technologies. As early as the 2000s, machine 
learning laid the foundation for today’s AI revolution by enabling machines to learn from data and 
continuously improve their performance. A few years later, the breakthrough in deep learning, a 
specialized form of machine learning that utilizes neural networks allowed for deeper and more 
complex data analysis. This led to significant progress in areas such as image and speech 
recognition (Berente et al., 2021; Erik Brynjolfsson & Mitchell, 2017; Mitchell, 1997; Russell & 
Norvig, 2021).  

The next major step in the development of AI technologies occurred in November 2022 with the 
introduction of ChatGPT and the widespread public awareness of Generative AI (GenAI) (Dwivedi 
et al., 2023; OpenAI, 2022). GenAI systems and especially Large Language Models (LLMs), which 
are capable of generating new content, have fundamentally changed the way we interact with 
machines. These systems are not only used for automating routine tasks but also in creative 
processes, such as the creation of texts, images, or music (Dwivedi et al., 2023; Feuerriegel et al., 
2024; Teubner et al., 2023). Overall, these developments have led to AI being utilized in a wide 
range of industries today, whether in healthcare to support diagnosis, in finance for fraud 
detection, or in coding for software development (Bao et al., 2022; Dwivedi et al., 2023; 
Ellenrieder et al., 2023). The diversity and breadth of AI applications underscore its enormous 
potential to enhance efficiency and innovation across nearly all areas of economic and social life. 

However, before technologies like AI can fully realize their potential, they must first be integrated 
into the organizational processes and accepted by users (Radhakrishnan & Chattopadhyay, 2020). 
This process of adoption, which refers to the uptake and utilization of new technologies, is a 
complex and multifaceted phenomenon that occurs at the societal, organizational, and individual 
levels (Kumar et al., 2024; McElheran et al., 2024; Radhakrishnan & Chattopadhyay, 2020; Rogers, 
2003; Uzumcu & Acilmis, 2024). At the societal level, adoption can be influenced by frameworks 
such as regulatory adjustments and cultural changes. For example, regulations that facilitate the 
use of AI technologies or ensure their safety can accelerate the spread of AI (Alzebda & Matar, 
2024). At the organizational level, readiness for adoption is often reflected in investments in new 
technologies. Companies must not only allocate financial resources but also create the necessary 
infrastructure and organizational structures to effectively integrate the technology. This often 
requires changes to internal processes and adjustments to corporate strategy (Peters et al., 2020; 
Pumplun et al., 2019; Sturm et al., 2021). Finally, at the individual level, the adoption of end-users 
ultimately determines whether and how new technologies are actually utilized. The introduction 
of AI often requires users to acquire new skills and adapt their workflows. This individual 
adoption is influenced by various factors, such as trust in the technology, perceived usefulness, 
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and ease of use (Bedué & Fritzsche, 2022; Radhakrishnan & Chattopadhyay, 2020; Sturm & Peters, 
2020).  

Studies shows that the interest in AI has significantly increased in recent years, as evidenced by 
rising investments and a growing number of AI applications across various industries. From less 
than 1% in 2016 the market interest has grown to 17% (Goldman Sachs, 2023) with investments 
expected up to 826 billion US Dollars in 2030 (Statista, 2024). Also, AI can improve customer 
relationships or increase productivity and thus can counteract labor shortages (Haan, 2023; IBM, 
2022a). Nevertheless, the adoption rate of AI remains below expectations in many areas. For 
example in 2023 a survey in the EU only found an adoption rate of 8% among organizations 
(Eurostat, 2023). This is partly due to specific challenges associated with AI technologies, such as 
the lack of explainability in many AI models, often referred to as the “Black Box” problem (Berente 
et al., 2021). This opacity can undermine user trust, thereby hindering the acceptance and 
integration of the technology. Another obstacle is the high demand for high-quality data necessary 
for the successful deployment of AI (Polisetty et al., 2024; Pumplun et al., 2019). In data-scarce 
environments, this can significantly complicate the implementation and utilization of AI (Jiang et 
al., 2022; Korteling et al., 2021; Polisetty et al., 2024). In addition to these known challenges, there 
are numerous other factors that influence AI adoption and are thus critical to the success and full 
realization of this technology’s potential. These factors include technical infrastructure, 
organizational readiness for change, ethical and legal considerations, as well as the individual 
attitudes and skills of users (Pumplun et al., 2019). 

1.2 Research Questions  

This dissertation aims to systematically investigate and analyze various influencing factors to 
understand how they affect the adoption of AI technologies at different levels and from different 
perspectives. Through this analysis, the goal is to develop a deeper understanding of the 
conditions under which AI can be successfully integrated into organizations and societies, and to 
identify the strategies necessary to overcome existing barriers. The adoption of AI is a 
multifaceted process influenced by various factors that can either drive or hinder its integration. 
Moreover, AI adoption occurs at multiple levels, making it necessary to approach the topic from a 
comprehensive perspective. In this dissertation, four distinct perspectives are identified, which 
together form the overarching research objective: How is AI adoption influenced from (1) the 
social perspective, (2) the organizational perspective, (3) the individual perspective, and 
(4) the methodological perspective. Each perspective can be addressed through a specific 
research question (RQ). 

When considering the question of AI adoption, it is logical to begin with the broadest 
perspective—the social one. Using AI has a high impact on society, but the public also influences 
the adoption of AI (Floridi & Cowls, 2019) The adoption of emerging technologies, such as AI, is 
influenced by numerous factors, including national culture, which plays a critical role (e.g., D. J. 
Kim et al., 2016; Kumar et al., 2024; Shore & Venkatachalam, 1996). Emerging technologies like 
AI offer a competitive advantage for companies (Wulf et al., 2017) and can simplify both life and 
work (Berente et al., 2021; Dwivedi et al., 2023; Russell & Norvig, 2021; A. Stahl, 2021). Numerous 
studies have demonstrated that national culture is a decisive factor in the successful introduction 
of emerging technologies, making it crucial to investigate its impact (Ives & Jarvenpaa, 1991; 
Myers & Tan, 2002; Shore & Venkatachalam, 1996). Thus, the first research question: 



1 Introduction 3 

RQ1: How do social factors influence the adoption of artificial intelligence at the national 
level? 

AI adoption can also be examined at a more granular level, either from an individual perspective 
or from an organizational standpoint. Particularly in business, organizations can gain numerous 
benefits from the utilization of AI, such as enhancing efficiency, improving decision-making, for 
example through supporting software development (Ali et al., 2023; Bhalerao et al., 2022; 
Shrestha et al., 2019; Venkatesh, 2022). Moreover, new forms of AI, such as GenAI, are increasingly 
capable of supporting and taking over additional tasks like writing texts or generating images 
(Dwivedi et al., 2023). However, research has long recognized that the adoption of AI itself is often 
the primary obstacle to the effective utilization of these technologies (Brynjolfsson & McAfee, 
2017). Several studies have already identified factors that promote or hinder AI adoption within 
organizations (e.g., Kruse et al., 2019; Pumplun et al., 2019). These studies have also noted that 
industry-specific analysis can reveal specific adoption factors that organizations in particular 
industries should consider (Cubric, 2020; Kar et al., 2021; Pumplun et al., 2019; Zöll et al., 2022). 
On the other hand, the success of AI adoption within organizations also depends on how AI 
systems are implemented. Given the capabilities of pre-trained AI services like ChatGPT, the 
willingness of organizations to invest in these technologies is a critical factor that must be taken 
into account. This willingness is often dependent on the features and functionalities that the AI 
system offers (Peters et al., 2020). This leads to the second research question: 

RQ2: What organizational factors promote or hinder the successful adoption of artificial 
intelligence in companies? 

Whether in a corporate setting as an employee or as a private individual, psychological 
characteristics also play a role in AI adoption. Research in human-AI collaboration has shown that 
the cooperation between humans and machines is crucial for the successful adoption of 
technology (e.g., Abel-Karim et al., 2020; Boyacı et al., 2023; Fügener et al., 2022; Jussupow et al., 
2021). However, GenAI is increasingly taking over tasks that were once the exclusive domain of 
humans, such as creativity or empathy (Bryant, 2023). While this expansion of capabilities can 
free up human capacity for other tasks, it can also lead to perceptions of AI as a threat, thereby 
hindering its acceptance and adoption. Additionally, cognitive biases may influence decisions to 
adopt AI. For instance, research on algorithm aversion demonstrates that people are often 
reluctant to follow AI-generated recommendations or decisions (Jussupow et al., 2020). 
Conversely, biases can also have positive effects and can be leveraged to facilitate AI adoption. 
This leads to the third research question: 

RQ3: Which factors determine the willingness of individuals to adopt artificial intelligence 
in their professional and private lives? 

In addition to AI adoption itself, a robust methodological approach is crucial for any research 
endeavor. Only when research is conducted rigorously and systematically the results can be 
reliable and generalizable. This is particularly true for quantitative research, which forms the 
basis of several papers in this dissertation. Quantitative methods, especially surveys, allow for the 
observation of phenomena across a broad sample and the statistical validation of relationships, 
provided they are conducted properly (Dinev et al., 2013; Melnyk et al., 2012; Recker, 2021). 
However, these methods must be carefully developed and executed to ensure their added value. 
Therefore, the final research question aims to establish a foundation for AI adoption research 
using cross-sectional surveys. This is addressed by the fourth research question: 
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RQ4: How can methodological approaches be utilized to measure the adoption of artificial 
intelligence? 

In summary, these four research questions are interconnected and collectively address the 
multifaceted nature of AI adoption (see Figure 1-1). They provide a comprehensive framework 
for understanding how AI can be successfully integrated into various contexts and for identifying 
the strategies necessary to overcome the challenges associated with its adoption. 

  

Figure 1-1 – Overview of Relation Between RQs 

1.3 Structure of This Dissertation 

To address the research questions outlined above, this dissertation comprises six peer-reviewed 
conference papers, which are summarized in Table 1-1.  

Research Question Paper Citation 

RQ1:  
Social perspective 

Paper A Mehler, M., Turan Akdag, M., & Zöll, A. (2023). Exploring the 
Effect of National Culture on Emerging Technologies: A 
Glimpse into the Future. PACIS 2023 Proceedings.  

Methodology: Structured Literature Review 

VHB-Ranking 1: C 

RQ2:  
Organizational perspective 

Paper B Hoffmann, M., & Mehler, M. (2023). An Industry-Specific 
Investigation on Artificial Intelligence Adoption: The Cases 
of Financial Services and Manufacturing. PACIS 2023 
Proceedings.  

Methodology: Case Study 

VHB-Ranking: C 

Paper C Mehler, M. F., & Vetter, O. A. (2023). How Much Are Machine 
Assistants Worth? Willingness to Pay for Machine 
Learning-Based Software Testing. ECIS 2023 Proceedings.  

Methodology: Conjoint Analysis 

VHB-Ranking: A 

RQ3:  
Individual perspective 

Paper D Mehler, M., & Krautter, K. (2024). Productivity vs. Purpose: 
Generative AI Enhances Task Performance but Reduces 
Meaningfulness in Programming. ECIS 2024 Proceedings.  

Methodology: Online Experiment 

VHB-Ranking: A 

                                                             
1 This dissertation is based on the latest VHB ranking (see VHB, 2024) for assessing the quality of peer-reviewed papers. 
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Research Question Paper Citation 

Paper E Mehler, M., Ellenrieder, S., & Buxmann, P. (2024). The 
Influence of Effort on the Perceived Value of Generative AI: 
A Study of the IKEA Effect. ECIS 2024 Proceedings.  

Methodology: Online Experiment 

VHB-Ranking: A 

RQ4:  
Methodological perspective 

Paper F Mehler, M., Ellenrieder, S., Turan Akdag, M., Wagner, A., & 
Benbasat, I. (2023). A Framework for Developing Cross-
Sectional Surveys. ICIS 2023 Proceedings.  

Methodology: Design Science Research 

VHB-Ranking: A 

Table 1-1 – List of Publications Included in This Dissertation 

Paper A focuses on the first research question by examining the influence of national culture on 
the adoption of emerging technologies like AI from a social perspective. Through a structured 
literature review following the methodology of vom Brocke et al. (2009), this paper investigates 
how the effect of national culture on the usage and adoption of emerging technologies has been 
measured in information systems (IS) research. A total of 28 papers from the Basket of Eight 
journals were analyzed based on their application scenarios, the cultural theories employed, the 
methods of data collection, data analysis techniques, and other factors such as publication year. 
Based on this analysis, a research agenda was developed to identify existing gaps and suggest how 
future research should measure culture, emphasizing the need to assess culture at the individual 
level to capture different cultural influences and personal preferences. The findings demonstrate 
that culture is a significant factor in the adoption and usage of emerging technologies like AI, and 
it should be considered in future research, particularly with respect to Generative AI.  

Paper B addresses the second research question by exploring the organizational perspective of AI 
adoption. This paper examines the factors influencing AI adoption in the financial services and 
manufacturing industries. Through seven interviews conducted within a case study methodology, 
the paper analyzes which factors promote and hinder AI adoption. Using the Technology-
Organization-Environment (TOE) framework, the study identifies 20 drivers of AI adoption, such 
as cost reduction, competitive pressure, and curiosity, as well as 30 barriers, including legacy IT, 
data availability, and a lack of AI understanding, across both industries. These factors are further 
categorized into hard (generalizable) and soft (industry-specific) AI adoption factors. This paper 
provides valuable insights into the organizational factors that companies must consider when 
adopting AI and offers a transparent guide to the insights and knowledge of the AI industry. 

Paper C also relates to the second research question and focuses on an essential aspect of AI 
adoption: the willingness to pay. The premise is that organizations must be willing to purchase AI 
technologies at a price they perceive as fair in order to adopt and implement these technologies 
effectively. The paper explores this issue in the context of ML-based software testing. First, a 
Delphi study was conducted to identify the attributes and levels that influence users’ willingness 
to pay and, consequently, their adoption decisions. Following this, a choice-based conjoint 
analysis with 119 participants in Germany was carried out, explicitly targeting individuals in 
companies to gain an organizational perspective on adoption. The findings highlight that, in 
addition to the price of an AI product, accuracy—a typical measure of correctness in the ML 
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context—has a significant impact on the choice of AI service. Integration of the AI tool and ease of 
use also play crucial roles. Thus, three key factors influencing AI adoption in organizations are 
emphasized. 

Paper D focuses on the third research question, which examines the individual perspective of AI 
adoption. This paper investigates how the adoption of Generative AI influences both task 
performance and the perceived meaningfulness of tasks. The study takes a software engineering 
perspective, conducting an online experiment with 161 experienced programmers to assess the 
impact of ChatGPT assistance on programming and debugging tasks. The results indicate that 
ChatGPT facilitates tasks, leading to higher performance, which could positively influence AI 
adoption. However, the simplification of tasks also resulted in reduced perceived meaningfulness 
among individuals, potentially complicating or even preventing adoption. The type of task also 
influenced the successful use of Generative AI, highlighting the importance of considering 
individual psychological factors in AI adoption. 

Paper E also addresses the third research question by examining the personal perspective of AI 
adoption through the lens of the IKEA effect. Using an online experiment, the study investigates 
whether the IKEA effect—where greater effort invested in a task leads to higher appreciation and 
perceived value of the results—applies to Generative AI. This effect could potentially enhance AI 
adoption if AI tools are used correctly. In the experiment, 174 participants were asked to complete 
one task collaboratively with Generative AI and another task solely by the AI. The results suggest 
that the effect is task-dependent, with the IKEA effect being particularly evident in tasks related 
to image generation. These findings indicate that collaboration with AI is a critical factor in AI 
adoption, and while automation may be beneficial in some contexts, human-AI interaction holds 
greater promise. This further emphasizes the significant role of individual psychology in AI 
adoption. 

Finally, Paper F adopts the fundamental methodological perspective. In IS research, a solid 
methodological foundation is crucial for ensuring that research findings are transparent, 
replicable, and valid. Cross-sectional surveys, which are frequently used in AI adoption research 
(e.g., Abdalla et al., 2024; Mohr & Kühl, 2021; C. Wang et al., 2023), are a key methodology in this 
context. This paper adopts a Design Science Research approach, beginning with a structured 
literature review to identify best practices. Building on these insights, initial guidelines for 
developing cross-sectional surveys were created and then validated and refined through focus 
groups. This paper provides valuable guidance for future research on AI adoption, ensuring that 
cross-sectional surveys are conducted rigorously and scientifically, thereby enhancing the 
contributions of this dissertation. 

This dissertation is structured as follows (see Figure 1-2). After the introduction, Chapter 2 
provides an overview of the necessary foundations for this dissertation. Chapters 3 to 8 present 
the papers described above. The dissertation concludes with a discussion of the theoretical and 
practical contributions.  
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Figure 1-2 – Outline of This Dissertation 

In addition to the papers presented in this dissertation, I have also contributed to other peer-
reviewed conference papers, which are not part of this dissertation: 

• Ellenrieder, S., Mehler, M., & Turan Akdag, M. (2023). Design for Acceptance and Intuitive 
Interaction: Teaming Autonomous Aerial Systems with Non-experts. PACIS 2023 
Proceedings. 55. Methodology: Design Science Research, VHB-Ranking: C. 

• Ellenrieder, S., Ellenrieder, N., Hendriks, P., & Mehler, M. (2024). Pilots and Pixels: A 
Comparative Analysis of Machine Learning Error Effects on Aviation Decision Making. 
ECIS 2024 Proceedings. Methodology: Online Experiment, VHB-Ranking A. Claudio 
Ciborra Award First Runner Up. 
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• Gräf, M., Mehler, M., & Ellenrieder, S. (2024). AI Strategy in Action: A Case Study on Make-
or-Buy for AI-based Services. PACIS 2024 Proceedings. Methodology: Case Study, VHB-
Ranking: C. 

• Gräf, M., Mehler, M., & Ellenrieder, S. (2024). Crisis Management in the Metaverse: 
Designing Virtual Worlds for Real-Worlds Resilience. ICIS 2024 Proceedings. 
Methodology: Design Science Research, VHB-Ranking: A. 

• Hendriks, P., Sturm, T., Mehler, M., & Buxmann, P. (2024). The Impact of Artificial 
Intelligence on the Evolution of Culture. ICIS 2024 Proceedings. Methodology: Simulation, 
VHB-Ranking: A. 

• Jacquemin, P. H., Turan Akdag, M., Mehler, M., Wahl, N., & Buxmann, P. (2023). Are 
Organizations Ready for Metaverse? Identifying Influencing Factors for Initiating 
Metaverse in the Organizational Context. ICIS 2023 Proceedings. Methodology: 
Interviews, VHB-Ranking: A. 

• Jacquemin, P., Gräf, M., Mehler, M., Walenta, P., Hendriks, P., & Buxmann, P. (2025). 
Exploring Mental Workload Across Different Levels of Immersion: A Metaverse 
Perspective. HICSS 2025 Proceedings, VHB-Ranking: B. 

• Unzicker, D., Mehler, M., Kammholz, L., Sturm, T., Ellenrieder, S., & Buxmann, P. (2024). All 
Eyes on the Reviewer: Understanding the Impact of GenAI on Mental Workload and 
Performance in Code Reviews. ICIS 2024 Proceedings. Methodology: Online Experiment, 
VBH-Ranking: A. 

• Vetter, O. A., Mehler, M. F., & Buxmann, P. (2023). As Much Art as Science-Examining the 
Realization of Business Models Driven by Machine Learning Through a Dynamic 
Capabilities Perspective. ECIS 2023 Research Papers. Methodology: Interviews, VHB-
Ranking: A. 
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2 Related Work 

This chapter outlines the theoretical background of this dissertation and the included papers. In 
particular, it focuses on the fundamentals of AI, machine learning, and generative AI. In addition, 
the topic of AI adoption is considered, as well as influencing factors on the adoption of AI and the 
human-AI collaboration that results from that. Finally, the methodological foundations relevant 
to the papers are described. 

2.1 Artificial Intelligence, Machine Learning, and Generative AI 

Artificial Intelligence (AI) is currently one of the emerging technologies, as it is reaching a certain 
level of maturity with new developments such as ChatGPT, yet it continues to be permanently 
developed (Gartner, 2022; B. C. Stahl & Eke, 2024; Wheatley & Wilemon, 1999). Although AI is 
currently under continuous advancement, the term was coined as early as the 1960s, with initial 
approaches suggesting that AI enables machines to perform tasks that previously required human 
intelligence (Jiang et al., 2022). Thus, the aim of AI is to imitate human intelligence (Korteling et 
al., 2021; P. Wang, 2019). The concept of intelligence is crucial in defining AI. Intelligence is 
defined as the “ability to autonomously and efficiently achieve complex goals” (Korteling et al., 
2021, p. 3). 

Between the initial idea of artificial intelligence and today, there has been a constant fluctuation 
in the hype surrounding AI with the development of new approaches, increased computational 
power, and the availability of data and coding libraries (e.g., Brynjolfsson & McAfee, A., 2017; Jiang 
et al., 2022). In recent years, AI has become available as a ready-to-use product, making it easier 
for organizations to adopt (Russel & Norwig, 2021). AI can be defined as “intelligent agents that 
receive percepts from the environment and take actions that affect that environment” (Russell & 
Norvig, 2021, p. 7). Additional definitions exist, such as AI being the frontier of emerging 
technologies focusing on human intelligence for complex decision-making (Berente et al., 2021). 
Overall, it can be summarized that AI supports automation and information processing with 
constantly new approaches (Benbya et al., 2021; Berente et al., 2021). AI is particularly used to 
generate strategic advantages, encompassing all areas of an organization where efficiency can be 
increased to enhance performance and reduce costs (Bhalerao et al., 2022). 

The application areas of AI are diverse. AI can be used in all industries, altering their core 
processes and changing the value proposition or even business models (Brynjolfsson & McAfee, 
2017; Sjödin et al., 2021). Additionally, AI can facilitate work (Dwivedi et al., 2023) or reduce 
inequality (Noy & Zhang, 2023). For example, AI is used in medicine (e.g., in radiology (Rao et al., 
2023)), cybersecurity (Prasad et al., 2023), marketing or social media (Bhalerao et al., 2022; 
Chuma & De Oliveira, 2023), customer service (Bhalerao et al., 2022; Chuma & De Oliveira, 2023), 
logistics (Bhalerao et al., 2022), human resources, and administrative tasks (Korzynski et al., 
2023). AI also finds applications in software development, such as in software testing (Shafiq et 
al., 2021) or writing software code (E. Chen et al., 2023; Liu et al., 2017; Surameery & Shakor, 
2023). Furthermore, AI can be used in systems analysis and design, suggesting multiple IT 
architectural designs and swiftly adapting configurations (Russo, 2024). Overall, AI can lead to 
higher productivity if its potentials are utilized (Ebert, 2024; Russo, 2024). These diverse 
applications can be utilized by both large organizations and SMEs (Bhalerao et al., 2022).  
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AI possesses several unique characteristics compared to traditional software. These 
characteristics are well summarized by Berente et al. (2021) as autonomy, learning, and 
inscrutability. Autonomy implies that AI operates independently without human intervention. 
Using data, the AI algorithm learns autonomously (Berente et al., 2021). Additionally, AI can 
improve itself through the nature of its training (Y. S. Lee et al., 2022). However, this can lead to a 
certain level of inscrutability (Berente et al., 2021). This is mainly due to the statistical 
probabilities generated by self-learning (Brynjolfsson & McAfee, A., 2017). This results in the so-
called black-box property of machine learning, making it difficult for humans to comprehend the 
results and impossible to prove that a system works for all cases (Bauer et al., 2021; Brynjolfsson 
& McAfee, A., 2017). Errors are also challenging to detect and can already be present in the data, 
thus amplifying biases in the output (Brynjolfsson & McAfee, A., 2017; Lund, 2023b).  

Moreover, AI can be categorized into narrow and general AI. General AI is the ultimate goal as it 
can process comprehensive tasks. However, as of today, only narrow AI (also known as weak, 
specialized, and limited AI) functions effectively, meaning AI systems often outperform humans 
in particular, predefined tasks (Jiang et al., 2022; Korteling et al., 2021). Furthermore, AI 
encompasses several specific subcategories, such as machine learning (ML), see Figure 2-1. ML, 
as a subcategory of AI, involves learning from patterns found in data (Russel & Norwig, 2021). 
This means humans do not need to provide all explanations as in conventional software 
development; instead, the ML algorithm learns to perform a task from examples (Brynjolfsson & 
McAfee, A., 2017). The ML algorithm creates a model based on the data (Russel & Norwig, 2021). 
From this pattern recognition, relationships can subsequently be derived for recommendations 
or predictions (Brynjolfsson & Mitchell, 2017; Mitchell, 1997; Russell & Norvig, 2021). ML uses 
various algorithms to discover these relationships. The so-called deep learning (also known as 
deep neural networks) is a subcategory that uses neural networks (Brynjolfsson & McAfee, A., 
2017; Shinde & Shah, 2018). Neural networks consist of many layers and parameters modeled 
after the human brain (Korteling et al., 2021; Shinde & Shah, 2018). This structure allows it to 
process unstructured data such as text, images, or audio data in large quantities, as long as they 
are encoded accordingly (Brynjolfsson & McAfee, A., 2017; Jiang et al., 2022). Thus, the larger the 
dataset, the more examples the algorithm has to learn from (Brynjolfsson & McAfee, A., 2017). 
With sufficient data, the algorithm can generalize and autonomously provide outputs for new data 
(Jiang et al., 2022). Deep learning algorithms often output either a value in the context of a 
prediction or a classification into a predefined category (Jiang et al., 2022). However, a 
disadvantage of these deep learning algorithms is the difficulty in understanding how decisions 
are made, resulting in a lack of transparency and the need for explainability (Korteling et al., 
2021).  

ML algorithms can further be divided into supervised, unsupervised, and reinforcement learning. 
This classification describes both the data required and the potential output. In supervised 
learning, each row in the dataset needs a so-called label, which represents an assignment or result. 
Precise predictions and estimations can be provided as outputs. However, labels are not always 
available due to high costs from domain experts, the labor of labeling datasets, or the impossibility 
of labeling. In such cases, unsupervised learning algorithms like clustering can be applied to 
independently divide datasets into groups (Brynjolfsson & McAfee, A., 2017; Jiang et al., 2022; 
Russel & Norvig, 2021). Although humans are more akin to unsupervised learners, it is challenging 
to replicate this (Brynjolfsson & McAfee, A., 2017). The third type, reinforcement learning, differs 
significantly. Here, an agent can perform various actions within an environment. The agent is 
rewarded for performing actions well getting closer to the defined goal. This is useful for 
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applications where a goal is set, but the path to achieve it is not predefined (Brynjolfsson & 
McAfee, A., 2017; Jiang et al., 2022). 

Additionally, in recent years, Generative AI (GenAI) has developed. Unlike traditional machine 
learning, this form of AI generates new, meaningful data based on identified relationships instead 
of merely analyzing them (Dwivedi et al., 2023; Feuerriegel et al., 2024; Teubner et al., 2023). This 
can involve text, images, or even code, music, or videos (e.g., ChatGPT, GitHub Copilot, Dall-E, 
Suno). The rise of GenAI has mainly been attributed to the large language model (LLM) ChatGPT 
since November 2022. ChatGPT and other LLMs like Google’s Bard allow the generation of new 
texts using a prompt. GPT stands for Generative Pre-trained Transformer and utilizes transformer 
technology, which means neural networks that create predictions (Korzynski et al., 2023; Sauvola 
et al., 2024). The innovation lies mainly in the dialogue format, allowing follow-up questions while 
maintaining the same context (Chuma & De Oliveira, 2023). Other tools like Stable Diffusion or 
Dall-E 2 function similarly, except the output is an image. With these images and texts, a machine 
can now perform tasks that were previously assumed only humans could do, as they can now 
handle not only repetitive but also creative tasks (Bankins & Formosa, 2020; Sauvola et al., 2024). 

  

Figure 2-1 – Overview of the Relationship Between Artificial Intelligence, Machine Learning, Deep Learning, 
and Generative AI (Following Banh & Strobel, 2023) 

AI can be utilized privately and professionally in almost all areas (Brynjolfsson & McAfee, A., 2017; 
Russel & Norvig, 2021). Particularly with the rise of GenAI, numerous new applications have 
emerged, as AI can now perform also creative tasks (Korzynski et al., 2023; Sauvola et al., 2024). 
However, the challenge remains that AI needs to be implemented effectively to realize its full 
potential. 

2.2 AI Adoption  

AI adoption falls under the research domain of technology diffusion and is examined within an 
organizational context concerning increased productivity (McElheran et al., 2024). Adoption 
refers to the implementation of a new technology within an organization as well as its utilization 
and acceptance (Radhakrishnan & Chattopadhyay, 2020). 
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Numerous models, frameworks, and theories exist to depict or measure technology adoption, 
which can also be applied to AI. These frameworks can assess adoption at the organizational or 
individual levels (Radhakrishnan & Chattopadhyay, 2020). Notable frameworks include the, the 
Diffusion of Innovations theory (DOI), the Technology Acceptance Model (TAM), the Technology-
Organization-Environment (TOE) framework, and the Unified Theory of Acceptance and Use of 
Technology (UTAUT) (Ajzen, 1991; Davis, 1989; DePietro et al., 1990; Fishbein & Ajzen, 1975; 
Radhakrishnan & Chattopadhyay, 2020; Rogers, 2003; Venkatesh et al., 2003). 

2.2.1 Diffusion of Innovations Theory 

The Diffusion of Innovation (DOI) theory (see Figure 2-2) is recognized as a complex framework, 
primarily focusing on gathering information about the adaptation, innovation, and mitigating 
uncertainty (Agarwal et al., 1998). According to Rogers (2003), innovation is essential for 
generating alternative solutions, addressing both individual and institutional needs (Uzumcu & 
Acilmis, 2024). Rogers’ (2003) definition of innovation is an object, idea, or practice that is 
perceived as new.  

 

Figure 2-2 – Diffusion of Innovations Theory (Following Rogers, 2003) 

DOI posits that individuals do not adopt innovations simultaneously but rather over varying 
periods (Lampo, 2022). Rogers (2003) identifies five distinct categories of adopters (see Figure 
2-3): innovators, early adopters, early majority, late majority, and laggards. Innovators are 
characterized as creative, entrepreneurial individuals willing to take risks and embrace new ideas. 
Early adopters serve as role models for innovation adoption and are respected within their 
communities. The early majority are more cautious and deliberate in their adoption decisions. 
Conversely, the late majority are skeptical about innovations and typically adopt them only after 
a significant portion of society has done so. Finally, laggards are conservative and resistant to 
change, often exhibiting prejudice against new ideas (Uzumcu & Acilmis, 2024). 
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Figure 2-3 – Categories of Adopters According to DOI Theory (Following Rogers, 2003) 

The DOI theory has been applied in various contexts to measure the adoption of new technologies. 
For instance, Abdalla et al. (2024) utilized the theory to assess the adoption of ChatGPT among 
students. Similarly, the theory has been employed to study the diffusion of smartphones in India 
(Wani & Ali, 2015). These examples illustrate the theory’s applicability in understanding how 
different groups within a population adopt innovations over time. 

2.2.2 Theory of Reasoned Action and Theory of Planned Behavior 

The Theory of Reasoned Action (TRA), formulated by Fishbein and Ajzen in 1975, posits that the 
intention to perform a behavior is often automatic, consistent and reasonable from a set of beliefs 
about that behavior (Fishbein & Ajzen, 1975, 2011; Lampo, 2022). This theoretical framework has 
been extensively applied across various domains beyond technology to predict and explain 
virtually any human behavior. The core premise of TRA is that the performance of a behavior is 
the result of the intention to engage in that behavior. This intention is influenced by two primary 
predictors: attitude and subjective norm concerning the behavior in question (Fishbein & Ajzen, 
1975, 2011; Lampo, 2022; Momani & Jamous, 2017). 

Attitude refers to the evaluative positive or negative feelings associated with performing a 
behavior. For instance, if an individual believes that engaging in a particular behavior will lead to 
favorable outcomes, their attitude towards that behavior will be positive. On the other hand, the 
subjective norm pertains to the perceived expectations of significant others, such as family 
members, friends, or colleagues, regarding whether an individual should or should not perform a 
specific behavior. Thus, if significant others endorse or support the behavior, the individual is 
more likely to form a positive intention toward performing it (Fishbein & Ajzen, 1975). 

  

Figure 2-4 – Theory of Reasoned Action (Following Fishbein & Ajzen, 1975; Lampo, 2022) 

The TRA is recognized as one of the most fundamental theories of human behavior and has 
inspired extensive theoretical research. Its significance lies in its systematic approach to 
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understanding the motivational influences on behavior, emphasizing the role of intention as a 
central determinant (Lampo, 2022; Momani & Jamous, 2017). TRA was used, for example, to 
analyze the adoption of robo-advisors in fintech (Roh et al., 2023) or the use of the voice assistant 
on iPhones in the United Arab Emirates (Farhi et al., 2023). 

To address scenarios where behavior performance requires specific resources (e.g., time, money, 
skills, or cooperation from others), the TRA was extended into the Theory of Planned Behavior 
(TPB). The TPB incorporates an additional construct: perceived behavioral control. This construct 
represents the perceived ease or difficulty of performing a specific behavior, reflecting an 
individual’s assessment of the availability of resources and opportunities. Like TRA, the TPB 
suggests that behavioral intention is the strongest predictor of actual behavior. By acknowledging 
the role of perceived control, the TPB provides a more comprehensive understanding of the 
factors influencing behavior, particularly in contexts where resource constraints are significant 
(Ajzen, 1991). 

  

Figure 2-5 – Theory of Planned Behavior (Following Ajzen, 1991) 

TPD is also applied broadly. For example, Mohr & Kühl (2021) investigate the acceptance of AI 
among German farmers, as do Sohn & Kwon (2020) on the acceptance of AI-based products, both 
utilizing the TPD.  

2.2.3 Technology Acceptance Model 

To explain the determinants of computer acceptance, the behavior of computer users and user 
populations, the Technology Acceptance Model (TAM) was initially proposed by Davis in 1991 
adapted from the TRA (Theory of Reasoned Action) (Davis, 1989; Lampo, 2022). TAM uses the 
two technology-specific measures perceived usefulness and perceived ease of use, compared to 
the determinants of behavior in TRA. Perceived usefulness refers to the degree to which an 
individual believes using a particular system would enhance job performance. Conversely, 
perceived ease of use reflects the degree to which an individual believes that using a specific 
system would be free of physical and mental effort. The model posits that if users find a technology 
easy to use, they will also perceive it as more useful. Therefore, as perceived ease of use increases, 
it positively impacts perceived usefulness. Research in the context of IS has demonstrated that 
perceived usefulness and perceived ease of use directly influence behavioral intention, thus 
eliminating the need for the attitude construct that is central to both TRA and TPB (Davis, 1989). 
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Figure 2-6 – Technology Acceptance Model (Following Davis, 1989) 

TAM was later extended into TAM-2 to explain better the factors influencing perceived usefulness, 
one of the key predictors of behavioral intention to use a technology. TAM-2 incorporated social 
elements, such as subjective norm, voluntariness, and image, and cognitive elements, such as job 
relevance, output quality, and result demonstrability, as determinants of perceived usefulness 
(Venkatesh & Davis, 2000). Subsequently, the Technology Acceptance Model 3 (TAM-3) was 
adapted to study the determinants of perceived ease of use, the other crucial predictor of 
behavioral intention to use a technology. TAM-3 introduced four “anchor” variables (computer 
self-efficacy, perception of external control, computer anxiety, and computer playfulness) and two 
“adjustment” variables (perceived enjoyment and objective usability) (Venkatesh & Bala, 2008). 

These advancements in the TAM framework have provided a comprehensive understanding of 
the factors that influence user acceptance of technology. TAM was adopted in research, for 
example, to find out how AI can be more profitable and effective in e-commerce (C. Wang et al., 
2023). Also, Xu & Wang (2021) used TAM in relation to the acceptance of robot lawyers. And more 
recently TAM was utilized regarding the adoption of ChatGPT (Yee et al., 2023).  

2.2.4 Unified Theory of Acceptance and Use of Technology  

To synthesize existing research on technology acceptance, the Unified Theory of Acceptance and 
Use of Technology (UTAUT) was proposed in 2003, drawing inspiration from various models, 
including the Theory of Reasoned Action (TRA) and Technology Acceptance Model (TAM), among 
others. UTAUT identifies four key constructs—performance expectancy, effort expectancy, social 
influence, and facilitating conditions—that influence the behavioral intention to use a technology, 
predicting actual usage (Venkatesh et al., 2003). 
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Figure 2-7 – Unified Theory of Acceptance and Use of Technology (Following Venkatesh et al., 2003) 

Performance expectancy is defined as the degree to which technology benefits users in 
performing certain activities. Effort expectancy expresses the extent to which using a technology 
is free from effort. Social influence pertains to how an individual perceives that important others 
believe they should use the system. Facilitating conditions refer to the perception of the 
availability of resources and support to use the technology. Generally, the stronger each of these 
constructs, the stronger the behavioral intention to accept and use a technology. Additionally, 
UTAUT includes four moderating variables—age, gender, experience, and voluntariness of use—
which are theorized to influence the relationships within the model (Venkatesh et al., 2003). 

In 2012, the Unified Theory of Acceptance and Use of Technology 2 (UTAUT-2) was introduced to 
examine the acceptance and use of technology in a consumer context. UTAUT-2 added three 
predictors of behavior: hedonic motivation, price value, and habit. Hedonic motivation is the fun 
or pleasure of using a technology. Price value represents the consumers’ cognitive trade-off 
between the perceived benefits of the technology and the monetary cost of using it. Habit relates 
to the extent to which individuals tend to perform behaviors automatically due to learning. In this 
updated model, the voluntariness of use was removed to make the framework applicable in 
contexts where the use of technology is voluntary, such as in the marketplace (Venkatesh et al., 
2012). Further research based on UTAUT-2 extended the model by incorporating an additional 
independent variable, personal innovativeness in IT, initially tested in an educational context. 
While some have referred to this extended framework as UTAUT-3, it remains uncertain whether 
a UTAUT-2 model with one additional variable can formally be called UTAUT-3 (Farooq et al., 
2017). 

2.2.5 Technology-Organization-Environment Framework  

The Technology-Organization-Environment (TOE) framework is one of the most frequently used 
models to examine technology adoption and its influencing factors (Kinkel et al., 2021). The TOE 
framework focuses on the organizational level and considers external factors that may impact the 
organization (Oliveira & Martins, 2011). 

The TOE framework identifies three contexts influencing technology adoption within and around 
an organization: the technological context, the organizational context, and the environmental 
context (DePietro et al., 1990). The technological context includes internal and external 
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technologies that may be relevant to the firm. It focuses on how an innovative technology can 
influence the adoption process, encompassing AI, its technical requirements, sub-disciplines, 
alternative technologies, and the overall enterprise IT infrastructure. The organizational context 
covers a firm’s descriptive measures, such as firm size, managerial structure, and human 
resources. The environmental context refers to the external environment in which an 
organization operates, presenting opportunities and constraints for technological innovation 
(DePietro et al., 1990). The TOE framework is well-supported theoretically and empirically in IS 
research (Oliveira & Martins, 2011). 

In AI adoption research, the TOE framework has been frequently applied. For example, Kruse et 
al. (2019) utilized the TOE framework to analyze AI adoption challenges in the financial services 
industry. Kinkel et al. (2021) explicitly concluded that the framework is suitable for studying AI. 
Other applications include examining AI readiness factors (Jöhnk et al., 2021; Pumplun et al., 
2019). Thus, the TOE framework is expected to be useful in organizing findings, interpretations, 
and revealing connections.  

 

Figure 2-8 – Technology-Organization-Environment (TOE) Framework (Following DePietro et al., 1990) 

Additionally, other models have been developed specifically for AI adoption, such as the HACAF 
model, which directly addresses specific factors of AI adoption identified in the literature based 
on previous models (Russo, 2024). For instance, research has shown that at the individual level—
currently the focus of much research (Agrawal et al., 2024)—factors such as security, trust, 
intrinsic motivation, price, and social influence play significant roles. Individual factors such as 
culture also play a crucial role in technology adoption (Chang et al., 2014; Srite & Karahanna, 
2006). In contrast, at the organizational level, strategic factors such as top management support, 
technical competencies, and compatibility with existing development workflows are important 
(Brynjolfsson & McAfee, 2017; J. Chen et al., 2023; Horani et al., 2023; Radhakrishnan & 
Chattopadhyay, 2020; Russo, 2024). Conversely, factors like complexity and regulations can 
hinder the adoption of AI (Horani et al., 2023). Adequate investment in AI is also crucial for 
sustainably increasing an organization’s revenue (Y. S. Lee et al., 2022). 

In more detail, the following sections will examine several influencing factors used in this 
dissertation. 

Culture 
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Several studies emphasize the effect of national cultural dynamics in the organizational context. 
These studies reveal that various nations manage their organizations differently (Trompenaars & 
Hampden-Turner, 1997). Different theories have been developed to measure various cultures, 
with the most well-known being Hofstede’s definition of culture as “the collective programming 
of the mind that distinguishes members of one group […] from another” (Hofstede, 1991, p. 5). 
Many cultural theories categorize countries based on one or more dimensions. In the initial 
version of his theory, Hofstede categorized cultures into four dimensions (Power Distance, 
Uncertainty Avoidance, Individualism vs. Collectivism, Masculinity vs. Femininity), which later 
expanded to six dimensions (adding Long Term Orientation and Indulgence vs. Restraint) 
(Hofstede, 1980). Other theories, such as Fukuyama’s distinction between high-trust cultures 
(where larger organizations can exist) and low-trust cultures (where family is essential) 
(Fukuyama, 1995) or Hall’s differentiation between high context (implicit information and 
personal relationships) and low context (explicit communication and less importance on context) 
(Hall, 1976), provide additional perspectives. 

Willingness to pay 

Another essential factor influencing adoption and acceptance is price. Pricing often depends on 
willingness to pay (WTP), which describes the maximum amount a person is willing to pay for a 
product or service (Kalish & Nelson, 1991). At this price, the consumer is indifferent to buying the 
product (Moorthy et al., 1997). Understanding WTP allows for maximizing sales volume and profit 
margin, making it a critical concept for pricing (Le Gall-Ely, 2009). However, determining WTP 
can be challenging, with conjoint analysis emerging as a promising methodology (Breidert et al., 
2006). While WTP is often studied at the individual level, it is handled differently within 
organizations, though there is relevant research on this as well (Goebel et al., 2018). 

Bias 

Humans often deviate from optimal decisions because it is impossible to always think and act 
rationally. Several factors contribute to this: people usually cannot process all available 
information or do not have it; incorrect conclusions can be drawn due to emotional influences or 
existing prejudices; or heuristics are used for quick decisions (Kahneman, 2012). These influences 
on rational decisions are known as cognitive biases. Our limited cognitive processing capacity is 
not the only factor determining our cognitive intelligence. Human cognitive information 
processing also exhibits systematic distortions, manifested in many cognitive biases (Tversky & 
Kahneman, 1973, 1974). Cognitive biases are systematic, universally occurring tendencies, 
inclinations, or dispositions that skew or distort information processes, leading to inaccurate, 
suboptimal, or erroneous outcomes (e.g., Korteling et al., 2021; Lichtenstein & Slovic, 1971; 
Tversky & Kahneman, 1981). 

In IS research, there is substantial literature on cognitive biases in decision-making (e.g., Hristov 
et al., 2022; Ni et al., 2019) and biases in the adoption of emerging technologies (e.g., Balakrishnan 
et al., 2021; Frank et al., 2023; Piehlmaier, 2022). One notable bias is the IKEA effect, which 
suggests that people value objects more highly if they assemble or create them themselves 
(Norton et al., 2012). This effect can also influence AI adoption, as proper adoption of AI is 
essential for its potential to impact an organization (Agrawal et al., 2024; Chuma & De Oliveira, 
2023). The interaction between AI and humans is particularly relevant in this context (Henry et 
al., 2022). 

These factors highlight the multifaceted nature of AI adoption, emphasizing the importance of 
considering both individual and organizational influences. 
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2.3 Human-AI Collaboration  

The research stream on human-AI collaboration investigates the dynamics and outcomes of 
machines and humans working together (e.g., Boyacı et al., 2023; Fügener et al., 2022). Although 
AI systems now surpass humans in certain tasks (Jiang et al., 2022), the primary goal is not to 
replace humans but to enhance collaboration between humans and machines (Jiang et al., 2022; 
Korteling et al., 2021). Studies have shown that such collaboration can improve performance 
(Boyacı et al., 2023; Fügener et al., 2021). 

One advantage of human-AI interaction is that AI can support humans who do not always make 
rational decisions, and it can help maintain motivation by allowing task delegation (Fügener et al., 
2022). The collaboration can take various forms (Berente et al., 2021). Tasks can be delegated to 
AI, or AI can delegate and evaluate tasks (Kellogg et al., 2020; Möhlmann et al., 2021). 

Additionally, research has demonstrated that when decision outcomes differ between humans 
and AI, individuals respond differently. For example, experienced physicians often ignore AI 
advice, whereas novice physicians tend to question their own decisions and are less satisfied with 
the AI system (Jussupow et al., 2021). To foster effective collaboration, providing training can be 
beneficial (Korteling et al., 2021). It is also crucial that human knowledge is not lost in the 
interaction but is actively incorporated into decision-making (Fügener et al., 2021). Therefore, 
there should be a focus on developing systems that facilitate human-AI collaboration rather than 
AI making exclusive final decisions (Abel-Karim et al., 2020). This approach is particularly 
important for maintaining motivation, as humans prefer to engage in challenging tasks (Allan, 
2017; Fügener et al., 2022). 

2.4 Research Methodologies  

In the IS research domain, the accurate implementation and effective presentation of research 
methodologies are highly valued. A sound research design and its execution are essential for any 
publication. Given the importance of methodology in IS research, a significant body of literature 
provides detailed guidance on designing and executing research projects. Five overarching pillars 
of research methods and their respective guidance have emerged. 

Literature Review 

Literature reviews are crucial for interpreting and combining existing knowledge (vom Brocke et 
al., 2009). They aim to uncover relevant sources related to a topic under study, thus contributing 
to the relevance and rigor of research (vom Brocke et al., 2009). Systematic literature reviews 
(SLR) are a specific type of literature review, as Okoli and Schabram (2010) highlighted, providing 
a structured approach to synthesizing existing research. These reviews offer a theoretical 
background for subsequent research, help understand the breadth of research on a topic, or 
answer practical questions based on existing studies. Literature reviews are typically part of a 
research article. However, literature reviews can also constitute original and valuable research on 
their own, providing a solid starting point for other researchers in the field (Okoli & Schabram, 
2010). According to Webster and Watson (2002), a literature search involves querying scholarly 
databases using keywords and conducting backward and forward searches based on relevant 
articles. Comprehensive guidelines for performing literature reviews in a structured and reliable 
manner are provided by scholars such as Okoli and Schabram (2010), Schryen (2015), vom 
Brocke et al. (2009), and Webster and Watson (2002). 

Qualitative Research 



2 Related Work 20 

Qualitative research methods are essential for investigating various phenomena concerning IS 
through data from interviews, observations, archival materials, interventions, or design efforts 
(Conboy et al., 2012). Eisenhardt (1989), Myers and Newman (2007), and Urquhart et al. (2010) 
provide fundamental frameworks for conducting qualitative research, such as grounded theory, 
qualitative interviews, and case studies. Grounded theory, distinguished by its continuous 
interplay between data collection and analysis, aims to develop theory grounded in systematically 
gathered and analyzed data (Urquhart et al., 2010). Case studies also aim to develop theories, 
especially for complex social phenomena (Eisenhardt, 1989; Yin, 2014). Qualitative interviews are 
a critical data-gathering tool across different types of qualitative research, including 
interpretative, critical, and positivist studies, and are used in case studies, action research, 
grounded theory studies, and ethnographies (Myers & Newman, 2007). Content analysis is a 
widely used qualitative research technique for analyzing and extracting findings from qualitative 
data. It can follow three distinct approaches: conventional, directed, or summative, each 
interpreting meaning from text data while adhering to the naturalistic paradigm (Hsieh & 
Shannon, 2005).  

Design Science Research (DSR) 

Design Science Research (DSR) in IS involves constructing socio-technical artifacts such as 
decision support systems, modeling tools, governance strategies, methods for IS evaluation, and 
IS change interventions (Gregor & Hevner, 2013). The design-science paradigm achieves 
knowledge and understanding of a problem domain and its solution by building and applying 
designed artifacts (Hevner et al., 2004). While developing strong theory is a significant 
contribution of DSR, developing partial or incomplete theories or empirical generalizations in the 
form of new design artifacts is also valuable (Gregor, 2006). Frameworks and step-by-step 
guidelines can be found in (e.g., Hevner et al., 2004; Kuechler & Vaishnavi, 2008; Peffers et al., 
2007). 

Mixed Methods Research 

Mixed methods research combines quantitative and qualitative research methods within the same 
inquiry to develop rich insights into phenomena that cannot be fully understood using only one 
method (Venkatesh et al., 2013). Although the terms “mixed methods” and “multimethod” are 
often used interchangeably, there are significant conceptual differences between the two (see 
Venkatesh et al., 2013). Mixed methods research uses concurrently or sequentially quantitative 
and qualitative approaches to understand a phenomenon of interest. This approach values both 
quantitative and qualitative perspectives to develop a deep understanding. For instance, a 
researcher might use interviews and surveys to collect data about a new IS implementation or 
employ ethnography and field experiments to understand the same phenomenon. Mixed methods 
design strategies provide IS researchers with a powerful mechanism to address rapidly changing 
environments where existing theories and findings may not sufficiently explain a phenomenon 
(Venkatesh et al., 2013). 

Quantitative Research 

Quantitative research methods, such as surveys, experiments, and simulations, are integral to IS 
research. Often administered to broad samples, surveys result in generalizable conclusions using 
structured questionnaires (W. R. King, 2005; Mazaheri et al., 2020). They can be categorized into 
cross-sectional and longitudinal surveys, with the former involving one-time data collection and 
the latter surveying the same individuals multiple times to measure changes over time (Moorman, 
2008; Srivastava et al., 2015). Surveys have been a key element of IS research for decades, 
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allowing researchers to observe phenomena in broad samples and validate relationships 
statistically (Dinev et al., 2013; Melnyk et al., 2012; Newsted et al., 1998; Recker, 2021). 
Simulations, such as agent-based modeling (ABM), involve simulating large numbers of 
autonomous agents interacting with each other and their environment to observe emergent 
patterns (E. R. Smith & Conrey, 2007). Experiments are also a vital quantitative method for testing 
hypotheses and examining causal relationships. Here, often one or more variables are varied and 
thus manipulated which can be used as controls to derive relations and influences (Kirk, 2009; 
Novikov & Novikov, 2013). 

By employing these diverse research methodologies, IS researchers can enhance the robustness 
and validity of their studies, contributing valuable insights to the field. 
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usage and adoption of emerging technologies. To contribute to the existing body of knowledge, 
we conducted a structured literature review on how previous work measured national culture to 
provide a starting point for further theory development. For instance, our findings emphasize the 
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3.1 Introduction 

In recent decades, economic interdependencies have increased sharply worldwide. The scarcity 
of resources during the pandemic exemplifies how strong the international interdependencies are 
(OECD, 2020). International stakeholders operate across national borders and rely on many 
different cultures working together to ensure the organization’s success. Employees of various 
national cultures collaborate between different organizations. Expanding product and digital 
service offerings to an international market can greatly benefit organizations by increasing their 
potential sales market and enhancing overall organizational success (Wulf et al., 2017). At the 
same time, emerging technologies can support organizations in cross-border collaboration and 
sales. To effectively cater to customers from diverse cultural backgrounds, organizations must 
possess a comprehensive understanding of cultural differences (Moser & Deichmann, 2021). A 
deep cultural understanding plays a pivotal role in fostering teamwork for successful adoption of 
emerging technologies, as well as in retaining and attracting international customers, both of 
which are indispensable for organizational success (e.g., Fang et al., 2011). 

The challenges that emerge when crossing cultural boundaries primarily pertain to the 
diminished effectiveness of management processes. This issue arises when a multinational 
organization disregards national cultural differences and attempts to apply management 
practices developed by subsidiaries in their own cultural context, which have already proven 
effective within that specific culture. Recognizing and comprehending cultural variations is 
critical and it must be acknowledged that due to these differences, there is no one-size-fits-all 
approach for running an organization and adopting emerging technologies to push innovation 
forward (Trompenaars & Woolliams, 2003). Over the past decades, there has been a growing 
interest in Information Systems (IS) research literature on the impact of national cultural 
differences in IS research field (Myers & Tan, 2002). Previous studies have investigated the 
characteristics of various cultures that might systematically influence whether and for what 
reasons nations adopt available emerging technologies (e.g., D. J. Kim et al., 2016; Shore & 
Venkatachalam, 1996). In general, these studies agree that national culture is important as 
understanding culture and its impact can lead to a successful deployment of emerging 
technologies in a global environment (Ives & Jarvenpaa, 1991; Myers & Tan, 2002; Shore & 
Venkatachalam, 1996). To capture differences between national cultures, many authors have 
already investigated the effect of national culture and developed measurement instruments for 
national culture (e.g., Fukuyama, 1995; Hall & Hall, 1990; Hofstede, 2011). However, there is 
ongoing criticism regarding the application of Hofstede’s dimensions at both the individual and 
organizational levels, as these dimensions primarily reflect country-level analysis and fail to fully 
explain individual behavior (Srite & Karahanna, 2006; Venaik & Brewer, 2013). Furthermore, 
Hofstede’s concept of national culture assumes a correlation between cultural differences and the 
territorial boundaries of a nation, which seems unrealistic given that within a single nation or 
organization, many individuals from different national cultures work together (Myers & Tan, 
2002). Moreover, the notion that each nation has its own national culture considered is inherently 
not correct, and nations continue to change in their form and makeup, which means national 
culture has a dynamic component (Myers & Tan, 2002). Thus, the call of researchers is related to 
developing new theories and measurements in the field of the effect of national culture on 
emerging technologies (Myers & Tan, 2002). To take the first steps in this direction, we examine 
how previous literature has defined and measured the impact of national culture, and we aim to 
answer the following research question (RQ): How previous research has measured the influence 
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of national culture on emerging technologies, and what promising avenues exist for future research 
in this field? 

To answer this RQ, we conducted a structured literature review according to vom Brocke et al. 
(2009). This methodology allowed us to provide an overview of existing operationalization and 
to identify future research steps. To the best of our knowledge, Chu et al. (2019) are the only ones 
that dedicated their research on a structured literature review related to the measurement of 
national culture in IS. However, our study differs regarding three aspects: First, we considered 
recent work from the time period 2000-2022 (instead of 2006-2016). Second, we focused on the 
adoption and usage of emerging technologies in organizations, while Chu et al. (2019) examine 
general IS literature. Third, we focused on the effect of national culture and examined papers that 
adopted national culture as a moderator. Chu et al. (2019) also analyzed papers that address the 
influence of culture and considered national culture as an independent variable. However, 
according to Baron and Kenny (1986) the manipulation through personal or situational variables 
such as age or gender should be measured as moderators. Given that culture is inherently 
individualistic (Srite & Karahanna, 2006), our interest lies in comprehending the extent to which 
the connection between independent and dependent variables can be amplified or diminished by 
the moderating influence of culture. 

We contribute to research by providing a starting point for developing new theories in the field of 
national culture by first presenting a concept matrix of how the effect of national culture has been 
measured in IS research. In this matrix, we highlight which theories have been used in national 
cultural research. Second, we present a research agenda aimed at advancing the understanding of 
the influence of national culture on emerging technologies, thus paving the way for future 
research in this domain. 

The rest of this paper is structured as follows: Section 2 outlines the methodology chapter. We 
present the methodology early in the paper since the different identified theories in the structured 
literature review are also part of the results. In the third chapter, we describe the theoretical 
background. After outlining the most commonly used theories, we show the findings of our 
structured literature research in chapter four. Subsequently, we present the research agenda and 
conclude the paper with the contribution, limitations, and future research. 

3.2 Methodology 

To answer the RQ on how the effect of national culture was measured in IS research and 
influenced the adoption of emerging technologies, we conducted a structured literature review 
according to the approach of vom Brocke et al. (2009). As shown in Figure 1, this framework 
suggests five steps: 1) definition of review scope, 2) conceptualization of the topic, 3) literature 
search, 4) analysis and synthesis, and 5) research agenda. 
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Figure 3-1 – Approach According to vom Brocke et al. (2009) 

In step 1, we defined the scope and set up goals according to Cooper’s taxonomy, as shown in 
Table 1 (Cooper, 1988). The taxonomy consists of six characteristics that provide researchers with 
general guidance for a successful structured literature review. The categories comprise focus, 
goal, organization, perspective, audience, and coverage. We discussed the focus at the beginning 
of the research project, which primarily examines the effect of national culture on the adoption 
and usage of emerging technologies. In particular, we decided to concentrate on papers which 
used national culture as a moderator as culture is an individual trade (Srite & Karahanna, 2006) 
influencing existing relationships between independent and dependent variables, which should 
be measured as a moderator according to Baron and Kenny (1986). Therefore, out of scope are 
papers that consider culture as, e.g., an independent variable. The goal of this structured literature 
review is to develop a research agenda and pave the way for further research. Our paper is 
organized conceptually since we aim to develop a concept matrix that structures the previous 
literature according to the recommendation of vom Brocke et al. (2009). In general, we took a 
neutral perspective. The audience is either general researchers or scholars specializing in the 
impact of national culture on the adoption and usage of emerging technologies. Finally, we chose 
a representative coverage, i.e., we provide individual examples from literature to represent a 
larger amount of topics. 

Characteristics Categories 
Focus Research 

outcome 
Research methods Theories Applications 

Goal Integration Criticism Central issues 

Organization Historical Conceptual Methodological 

Perspective Neutral representation Espousal of position 
Audience Specialized 

scholars 
General scholars Practitioners General public 

Coverage Exhaustive Exhaustive/ 
selective 

Representative Central/pivotal 

Table 3-1 – Taxonomy According to Cooper (1988) 

In step 2, we conceptualized the literature review. Since our aim was to provide broad coverage 
of the previous literature on how the influence of national culture on emerging technologies is 
measured, we agreed on the general search term “culture” OR “cultural”. Since we focused on 
measuring the effect of culture on emerging technologies, we defined the following inclusion 
criteria: i) The paper examined national culture in organizations, ii) the paper compared different 
countries concerning their effect of national cultures on the adoption and usage of emerging 
technologies, iii) national culture was designed as a moderator, and iv) to ensure representative 
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coverage of high-quality papers, we considered papers of the basket of eight journals. In addition, 
we defined the following exclusion criteria: i) We do not consider papers published before 2000 
to focus on the more recent literature, ii) we do not consider papers where culture was designed 
as an independent variable, and iii) we exclude papers with a focus on organizational culture since 
our research subject concentrate on national culture. 

In step 3, we queried the databases Web of Science and specifically considered the basket of eight 
journals: European Journal of Information Systems, Information Systems Journal, Information 
Systems Research, Journal of the Association for Information Systems, Journal of Information 
Technology, Journal of Management Information Systems, Journal of Strategic Information 
Systems, and MIS Quarterly. The request revealed 279 results. We scanned the titles and abstracts 
of the papers and applied the inclusion and exclusion criteria. As a result, a total number of 72 
papers remained. Afterward, we read these papers carefully and applied the inclusion and 
exclusion criteria once again. In this step, we focused particularly on the papers in which the 
national culture was considered as a moderator variable, of which 24 papers remained. Backward 
and forward search were then carried out. The backward search revealed no relevant paper. 
However, the forward search identified four more papers which fulfilled the inclusion and 
exclusion criteria. The final selection consists of 28 papers which serve as the basis for further 
analysis.  

In step 4, we analyzed the papers and identified the used measurements for national culture. In 
particular, we classified the papers related to the following dimensions: application scenarios, 
culture-related theories and frameworks, data collection, data analysis, and the level of measuring 
culture. Concerning the research topic, we used VOSviewer to identify the relevant research 
contexts. VOSviewer is a tool to visualize the network of keywords based on bibliographic data 
(VOSViewer, 2023). We excluded keywords on national cultural differences such as “national 
culture”, “united-stated”, or “uncertainty avoidance” as those focus on the overall area of our 
literature review. 

In general, we coded the papers based on these dimensions and subordinary topics according to 
the recommendations of Schryen (2015). In particular, we followed the approach of vom Brocke 
et al. (2009) and developed a concept matrix considering these extracted dimensions. In this vein, 
we identified embedded national cultural theories that measure national culture. The three main 
theories are Hofstede’s Cultural Dimensions Theory, Fukuyama’s Theory of Trust and Social 
Capital, and Hall’s Context Theory (Fukuyama, 1995; Hall, 1976; Hofstede, 1980). Based on these 
theories, we developed a research agenda in step 5. 

3.3 Theoretical Foundation and Cultural Theories 

After outlining our methodology, we present the theoretical foundation on emerging technologies 
and especially on the measurement of national culture, which is also part of our concept matrix. 

3.3.1 Emerging Technologies 

Emerging technologies encompass technologies that are presently undergoing development or 
reaching a stage of maturation (Wheatley & Wilemon, 1999). As this definition is contingent upon 
the specific time period being considered, it will encompass distinct technologies accordingly. For 
instance, artificial intelligence (AI), particularly ChatGPT and the metaverse, are presently 
regarded as emerging technologies (Gartner, 2022). In recent years, notable examples of 
emerging technologies include autonomous driving, the Internet of Things, and wearables 
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(Gartner, 2015). To gain a competitive edge, organizations must invest in these novel technologies 
and effectively harness their potential. In the literature, the term “emerging technologies” is 
frequently utilized; however, it is seldom defined. For example, Conger et al. (2013) examined the 
impact of emerging technologies on privacy, and Bhattacherjee (1998) addressed the 
management of emerging technologies. Teams explore the potential of emerging technologies by 
developing proofs-of-concept and proof-of-value prototypes (Nunamaker Jr. et al., 2015). In doing 
so, they try to identify promising use cases for emerging technologies. Many organizations become 
successful by selling their products and services internationally. The products and services can be 
emerging technologies, but also products and services that have been manufactured using these 
technologies. 

However, there are also challenges concerning the usage and adoption of emerging technologies 
across different cultures. The acceptance of technologies and management or leadership 
approaches can vary across different countries due to cultural differences, socioeconomic factors, 
and regulatory environments (Chang et al., 2014; Srite & Karahanna, 2006). Each country has its 
own unique cultural norms, values, and beliefs that shape people’s attitudes and preferences 
towards technology. As a result, it cannot be assumed that high acceptability in one country 
translates to high acceptability in another. Socioeconomic factors, such as income levels, 
education, and infrastructure, significantly influence technology acceptance. Countries with 
higher levels of development and greater access to resources generally exhibit higher rates of 
acceptance and adoption compared to countries facing limited resources or infrastructure 
challenges. Additionally, the regulatory environment plays a crucial role in shaping the adoption 
of emerging technologies. For example, European countries have distinct data protection rules 
compared to the United States, which leads to different initial conditions. Consequently, the field 
of IS has developed a keen interest in measuring the impact of national culture to address these 
challenges (Myers & Tan, 2002). 

The rapid advancement of AI represents an excellent example that brings forth challenges in 
understanding the cultural implications related to the implementation and adoption of self-
learning algorithms. Awad et al. (2018) introduced an online experimental platform called Moral 
Machine. In this study, cross-cultural differences have been observed regarding ethical 
preferences. Particularly when AI algorithms are trained on a database from one specific culture 
and subsequently applied in a different culture, it can result in decision support that is 
incompatible with the target culture. To identify such disparities and cultural nuances, cultural 
studies play a vital role. These findings emphasize the importance for AI developers to pay 
attention to the general ethical preferences in different countries. 

3.3.2 National Culture 

Several studies emphasize the effect of national cultural dynamics in the organizational context. 
These studies reveal that various nations manage their organization differently (Trompenaars & 
Hampden-Turner, 1997). Even though scholars agree on the relevance of national culture in 
organizational research, there is still no clear consensus on which cultural theory is superior 
(Hofstede, 2001; Javidan et al., 2006; Venaik & Brewer, 2013). In the following, we present an 
overview of the identified theories in Table 2. 

 

  



3 Paper A: Exploring the Effect of National Culture on Emerging Technologies: A Glimpse Into 
the Future 

28 

Th
eo

-
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s Hofstede’s Cultural Dimensions 
Theory 

Fukuyama’s Theory of Trust 
and Social Capital 

Hall’s Context Theory 
O

ve
rv

ie
w

 Defines culture as “the collective 
programming of the mind that 
distinguishes members of one group 
[…] from another.” 

Focuses on the influence of 
social capital on economic and 
social development, which 
overall includes trust. 

Context dimension explains 
behavior in intercultural 
communication. 

D
im

en
si

on
s 

Four original dimensions: 
Power Distance, Uncertainty 
Avoidance, Individualism vs. 
Collectivism, Masculinity vs. 
Femininity. 
Additional dimensions: 
Long Term Orientation, Indulgence 
vs. (Self-)Restraint 

One dimension: 
High trust culture (larger 
organizations can exist) vs. Low 
trust culture (family is essential) 

One dimension: 
High context (implicit 
information and personal 
relationships) vs. 
Low context (communication 
is explicit, and context is less 
important) 

Table 3-2 – Cultural-Related Theories 

3.3.2.1 Hofstede’s Cultural Dimensions Theory 

One of the best-known theories of culture was developed by Geert Hofstede. From 1967 to 1973, 
Hofstede created his “cultural dimensions” theory based on an empirical study with more than 
110,000 IBM employees using factor analysis (Hofstede, 2011). He defines culture as “the 
collective programming of the mind that distinguishes members of one group or category of 
people from another” (Hofstede, 1991, p. 5). His theory explains culture on a national level and 
thus looks at cultural differences between different nations (Hofstede, 1980). The dimensions are 
measurable aspects of culture that can be compared across nations. The scores normally range 
from 0 to 100. However, later-added nations can also exceed the score of 100. The scores 
represent a relative and not an absolute position, meaning they are only measures of differences 
(Hofstede, 2001). 

The first version of Hofstede’s Cultural Dimensions Theory, published in 1980, consists of four 
cultural dimensions: “Power Distance Index (PDI)”, “Uncertainty Avoidance Index (UAI)”, 
“Individualism vs. Collectivism (IDV)”, and “Masculinity vs. Femininity (MAS)” (Hofstede, 1980). 
The Power Distance (PDI) dimension provides information about the degree of inequality in power 
relations between superiors and subordinates. It indicates the extent to which the less powerful 
expect power to be distributed unequally. People from cultures with higher power distance expect 
some degree of inequality in terms of power and wealth. The lower a nation’s scores on the scale, 
the more stable the cultural environment is expected to be and the higher the expected 
cooperative interaction between different power levels. At high power distance, hierarchy is 
tolerated and seen as legitimate. Low power distance indicates a desire for equality and 
justification (Hofstede, 1980). Uncertainty Avoidance Index (UAI) explains whether an uncertain 
future is generally seen as negative with a desire for more rules and security (high value) or 
whether it is relatively quickly accepted and thus increases the willingness to take risks. This 
dimension is related to the need for security. People from nations with high uncertainty avoidance 
try to avoid new and unknown situations (Hofstede, 1980, 2011). Another dimension, 
Individualism vs. Collectivism (IDV), defines to what extent individual self-determination or 
collectivistic integration is more critical. Nations that score high on this dimension are 
individualistically oriented. This means that people are self-oriented, constantly seek their own 
advantage, and put their needs above those of the group. In contrast, collectivist-oriented people 
pay more attention to the wishes of the group and the opinions of other group members (Hofstede, 
1991). They consider it very important to help and share within the group (Hofstede, 1980). 
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Finally, a distinction is made between Masculinity and Femininity (MAS), which should not be 
confused with gender, as only the characteristics assigned to men or women are meant. Nations 
that achieve a high score in this dimension have more masculine characteristics. This means that 
people focus on work and favor earnings and promotion. On the other hand, people from feminine 
cultures value caring and personal goals, such as a friendly environment (Hofstede, 1991). The 
fifth cultural dimension, Long Term Orientation (LTO), was added to Hofstede’s Cultural 
Dimensions Theory in 1991 (Hofstede, 2011). This dimension refers to the extent to which 
societies are geared towards focusing more on short-term success or long-term solutions. In long-
term cultures, the focus is on building long-term personal relationships or relationship networks. 
Furthermore, great respect is shown for persons of higher rank and older people and traditions. 
Contrary, short-term cultures prefer short-term wins and have guidelines about what is good and 
bad (Hofstede, 2001). The sixth cultural dimension of Hofstede, which was added to the theory in 
2010, is Indulgence vs. (Self-)Restraint (IVR) and is based on the research of Michael Minkov 
(Hofstede, 2011). Nations in the upper score attach great importance to joie de vivre and fun, i.e., 
enjoying life. They allow an instant satisfaction of basic human needs. Self-restraint means that 
the satisfaction of people’s needs is controlled by society and regulated by strict norms (Hofstede, 
2011). 

3.3.2.2 Fukuyama’s Theory of Trust and Social Capital 

Another national culture theory came from Francis Fukuyama in 1995, who considered cultural 
differences on a national level. Fukuyama studied the influence of a society’s social capital on the 
development of its economy. Social capital includes different characteristics of a society that 
improve its efficiency by facilitating collaboration. Above all, this contains mutual trust. Trust 
arises when people share the same moral values. It is the basis for a society’s economic and social 
development. In organizations, there are so-called transaction costs between organizations. 
According to Fukuyama, organizations with a high level of trust can work together more efficiently 
because, for example, transaction costs are low since economic actors trust each other and do not 
need detailed contracts. On the other hand, a low level of trust in a society makes market activities 
more difficult because transaction costs increase. Therefore, trust and social capital are essential 
prerequisites for a functioning economy and ensure social cohesion. In his theory, Fukuyama 
divided the nations into “high trust” and “low trust” groups. According to his assessment, family 
is essential in “low-trust cultures” as people can only trust their family and have a low level of 
trust towards others. Therefore, family organizations are predominant in low-trust cultures. In 
“high-trust cultures”, on the other hand, larger organizations exist. Fukuyama justifies this with 
his concept of spontaneous sociability, which is based on trust between people and means 
organizations can grow beyond the family (Fukuyama, 1995). 

3.3.2.3 Hall’s Context Theory 

The context dimension in Edward T. Hall’s Context Theory from 1976 is often used to explain 
behavior in intercultural communication (Hall & Hall, 1990). Like Hofstede and Fukuyama, Hall’s 
Context Theory describes the culture on a national level (Hall, 1976). The context dimension 
represents the information surrounding an event or conversation that is important to the meaning 
of that event (Hall & Hall, 1990). The term “context culture” describes how people in a culture 
treat each other or, for example, interact with each other in a conversation (M. S. Lee et al., 2007). 
Hall differentiated between “high context” and “low context” and classified the nations based on 
his criteria. In a “high-context culture”, there is little explicit information in a conversation since 
most of the relevant information is in the context of the conversation or has already been 
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internalized by the people. This makes the communication more personal, as the conversations 
are kept very simple but often have more profound, implicit meanings. Close personal 
relationships are essential in this culture. In a “low-context culture”, on the other hand, the 
information is explicitly communicated in a conversation. People are not closely related, and 
communication is more impersonal (Hall, 1976). Thus, people need to pay attention to the context 
of a conversation to understand the message. This is not the case in a low-context culture because 
the exchange of information is explicit. For this reason, people in a “high-context culture” do not 
expect any background information as they are always informed, especially about the people who 
are important to them in life. On the other hand, people from a “low-context culture” need this 
background information to understand what is happening. Since “high-context cultures” feel 
irritated by too much information and “low-context cultures” are at a loss when they do not get 
enough information, it makes intercultural communication challenging (Hall & Hall, 1990). 

3.4 Findings of the Structured Literature Review 

The 28 papers from the structured literature review, that measure the effect of national culture in 
IS research, are shown in Table 4. These are analyzed in more detail in this section by providing a 
context matrix consisting of their topics, culture-related theories, data collection, data analysis, 
and the level of measuring culture. Additionally, the papers provide details on the nations 
compared, along with the publication years and journals in which they were published. 
Interestingly, every paper except M. Zhang et al. (2013) found national cultural differences.  

Applications scenarios: Due to the heterogeneity of the papers, we used VOSviewer to extract 
the application scenarios. Figure 2 illustrates four categories regarding “application scenarios”: 
Management of organizational processes, privacy, technology adoption, and e-commerce (colors 
correspond to the papers in Table 4).  

• Management of organizational process: We identified twelve papers focusing on managing 
processes, including keywords such as software project management, knowledge sharing, or 
decision-making. Emerging technologies within this category are either used in organizational 
processes to improve or implement them. The effect of national culture is examined, for 
example, by Keil et al. (2000) on the influence of sunk costs on the decision to continue 
software projects. The findings indicate that individuals within a culture characterized by a 
low uncertainty avoidance score exhibit a higher tendency to persist with a project. In 
addition, scholars identified a difference between Chinese and American employees regarding 
the motivation for knowledge sharing (Chang et al., 2014). In contrast to American employees, 
Chinese employees can be motivated by rewards. M. Zhang et al. (2013) investigated the effect 
of culture on the use of IT capability—including emerging technologies—on export 
performance and found no difference between Chinese and American “born-global” 
organizations. 

• Privacy: The privacy category includes five papers that have a common focus on privacy, in 
particular on the Internet, information privacy, and technology. On the one hand, various 
emerging technologies must fulfill privacy requirements (Conger et al., 2013). On the other 
hand, a diverse array of emerging technologies is employed to attain privacy. For example, 
Dinev et al. (2009) examined the national cultural difference in user attitudes and behavior 
toward technologies that are supposed to protect individuals against attacks. They find a 
difference between the US and South Korea, recommending that such emerging technologies 
should be designed depending on the national culture. Kim et al. (2016) investigated the 
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impact of web assurance seal services on trust in e-commerce and, in particular, found an 
effect of these services in the US but not in South Korea. 

• Technology adoption: The category technology adoption comprises four papers dealing with 
the adoption of emerging technologies that also relate to user acceptance. Both McCoy et al. 
(2007) and Srite and Karahanna (2006) found an effect of national culture on technology 
adoption using the Technology Acceptance Model. 

• E-commerce: The last category deals with e-commerce, trust, and behavior. Cyr (2008) 
concluded that the design of websites is influenced by national culture. Sia et al. (2009) 
identified that depending on the national culture, different web strategies should be used to 
influence the buying behavior of customers. 

Overall, an effect of national culture is demonstrated in the adoption, implementation, and use of 
emerging technologies in all four categories.  

 

Figure 3-2 – Network of Co-occurrence of Keywords 

Culture-related theories: In the next part, we present the used “culture-related theories” which 
we already described in detail in the chapter theoretical foundations and cultural theories. Our 
first finding is that Hofstede’s Cultural Dimensions Theory is the most prominent in recent years. 
They are applied in 23 out of 28 papers. It is worth noting that despite the existence of six distinct 
dimensions in Hofstede’s Cultural Dimensions Theory we identified only one paper that 
incorporates all of them, including the sixth dimension of Indulgence vs. Restraint (Guan et al., 
2022). Only three papers referred to Hofstede’s Cultural Dimensions Theory with six dimensions 
(Guan et al., 2022; Moser & Deichmann, 2021; Z. Zhou et al., 2015). Twelve papers referenced 
Hofstede’s Cultural Dimensions Theory with five dimensions, and six of those included all five 
dimensions. Another nine papers quoted the theory with four dimensions and only four used all 
of them. Thus, only 11 out of 23 papers that applied Hofstede presented the effect of all cultural 
dimensions. The dimensions Individualism vs. Collectivism and Uncertainty Avoidance were used 
most frequently, a total of 21 and 18 times, respectively, and Indulgence vs. Restraint only twice. 
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Hofstede’s Cultural Dimensions Theory offers several advantages: It is applicable at the national 
level, providing a framework to understand cultural differences across countries (Tuunanen & 
Kuo, 2015). Moreover, it considers multiple dimensions simultaneously, enabling a 
comprehensive analysis of cultural variations. However, there are significant disadvantages 
associated with applying Hofstede’s Cultural Dimensions Theory at the individual and 
organizational levels, as highlighted by Srite and Karahanna (2006). The theory overlooks the 
existence of cultural and ethnic groups that transcend national boundaries, failing to account for 
diversity within nations. Additionally, the theory relies on the assumption that cultural 
differences align strictly with the territorial boundaries of nation-states, which becomes 
problematic as the concept of nation-states itself is a recent phenomenon. Finally, researchers 
have found that the relationship between national cultural values and work-related values and 
attitudes is intricate and not fully explained by Hofstede’s model (Myers & Tan, 2002). 

Several other theories were applied in the papers. Fang et al. (2011) employed the GLOBE 
extension proposed by House et al. (2004). In this theory, Hofstede’s original dimensions are 
divided into nine dimensions In-group Collectivism, Uncertainty Avoidance, Institutional 
Collectivism, Gender Egalitarianism, Humane Orientation, Power Distance, Performance 
Orientation, Future Orientation, and Assertiveness by a collaboration of numerous researchers. The 
Globe study is an extension of Hofstede’s original cultural dimensions framework. The advantages 
of the Globe study include the inclusion of perspectives from various researchers and companies, 
which increases its reliability. However, it is important to note that the Globe study is still 
fundamentally based on Hofstede’s work, which means it shares both the advantages and 
disadvantages of his original framework. 

Dinev et al. (2006) used Fukuyama’s Theory of Trust and Social Capital, where nations are divided 
into “high-trust cultures” and “low-trust cultures”, depending on the level of trust between 
humans outside of their own family (Fukuyama, 1995). Fukuyama’s Theory of Trust and Social 
Capital highlights the significance of social capital for the effective functioning of modern 
economies and the stability of liberal democracies. Social capital serves as the cultural foundation 
of contemporary societies, contributing to various aspects of societal dynamics (Myers & Tan, 
2002). However, a disadvantage of Fukuyama’s Theory of Trust and Social Capital is its single-
dimensional approach, which may constrain its ability to provide a comprehensive understanding 
of the intricate dynamics of trust and social capital (Myers & Tan, 2002).  

Kim (2008) and Kim et al. (2016) both used the theory of context according to Hall (1976). Hall’s 
Context Theory has both advantages and disadvantages in understanding cultural dynamics. One 
advantage of Hall’s Context Theory is that it provides a theoretical foundation for researchers, as 
demonstrated by Afrouzi (2021) analyzing the influence of personal context culture on 
humanitarian behavior intention in different cultural contexts. However, a notable disadvantage 
of Hall’s Context Theory is its classification of cultures based on a single dimension (Myers & Tan, 
2002; Tuunanen & Kuo, 2015). This limited perspective may overlook the multidimensionality of 
cultures and the complexities involved. Furthermore, Hall’s Context Theory is primarily 
applicable to specific domains, particularly in relation to the context surrounding events or 
conversations. This narrow focus restricts its broader applicability in understanding cultural 
variations across different aspects of society.  

Last, Keil et al. (2007) included a Chinese concept dividing people into one of the two categories 
of “LIAN” and “MIANZI” which refers to face-saving. LIAN describes that a person is bound to rules 
of conduct and MIANZI that a person intends to keep a position in a social hierarchy (Earley, 
1997). Also, some papers, such as Tuunanen and Kuo (2015) and M. Zhang et al. (2013) compared 
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two or more nations with each other and used no theory at all. Interestingly, if two theories are 
considered, the Hofstede’s Cultural Dimensions Theory is always used as a baseline theory. 

Data collection: Furthermore, it is worth examining the methodologies used in the papers to 
understand what type of research has already been performed to measure the effect of national 
culture on emerging technologies. We generally identified the following data collection methods: 
Analysis of user-generated content, Delphi method, interviews, experiments, and surveys. Two 
papers derived insights from user-generated content (Guan et al., 2022; Yang et al., 2018) and one 
paper used a Delphi method (Schmidt et al., 2001). Two papers conducted interviews (Miltgen & 
Peyrat-Guillard, 2014; Tuunanen & Kuo, 2015), and overall, six experiments were carried out (e.g., 
Keil et al., 2000; Sia et al., 2009), including the two papers that also performed a survey (Cyr, 2008; 
Cyr et al., 2009). Most papers (19 out of 28) conducted a survey (e.g., Davison et al., 2009; Moser 
& Deichmann, 2021). In terms of survey participants, students were included as respondents in 
nine instances (e.g., Dinev et al., 2009; D. J. Kim et al., 2016). Furthermore, the surveys included a 
substantial number of individuals who are actively engaged in communities, such as social 
networks (e.g., Z. Zhou et al., 2015). The third large group of participants is IT professionals or 
managers (e.g., Davison et al., 2009; M. Zhang et al., 2013). Overall, the diversity of data collection 
methods shows that the data to measure the influence of national culture varies. On one hand, this 
approach offers the advantage of providing a more thorough and comprehensive overview. On 
the other hand, it poses challenges in accurately measuring the impact of national culture, making 
it a complex and nontrivial task. 

Data analysis: Papers that adopted the Delphi method or interviews as methodology present 
national cultural differences individually for each nation. For example, Tuunanen and Kuo (2015) 
counts the codes extracted from the interviews and provides the frequency per nation 
descriptively.  

The data analysis methods for surveys are more diverse. In general, we identified three 
approaches which are based on partial least square modeling (PLS) (e.g., Chang et al., 2014; Dinev 
et al., 2006; D. J. Kim et al., 2016). First, culture was multiplied by the respective variables as a 
moderator, resulting in an interaction term (e.g., Hoehle et al., 2015; Vance et al., 2008). Second, a 
multigroup analysis is performed to examine the significant difference between two or more 
national cultures (e.g., D. J. Kim, 2008; D. J. Kim et al., 2016; Sia et al., 2009). Third, they calculated 
the regression separately of the different national cultures and compared the results (e.g., the 
significances of the path coefficients) (e.g., Moser & Deichmann, 2021; Srite & Karahanna, 2006). 

Level: We identified two different types of measuring culture. First, on a national level, and second 
on an individual level. Historically, the measurement of culture has evolved through the 
development of Hofstede’s dimensions, leading to a rating of each nation’s scores on the six 
dimensions of Hofstede. Scholars used these dimensions to prove national cultural differences in 
their models (e.g., Sia et al., 2009; M. Zhang et al., 2013). The responses from one nation were 
grouped and evaluated together and compared with those from the other nations. However, Srite 
and Karahanna (2006) questioned the measuring of the effect of national culture on the 
acceptance of emerging technologies on a national level, as adopting technology is a personal 
construct, and individuals might not identify with a given culture. Consequently, they adopted an 
individual-level measurement of the dimensions from Hofstede’s Cultural Dimensions Theory, 
marking the first instance of this approach. However, six papers have followed them (Chang et al., 
2014; Yan Chen & Zahedi, 2016; George et al., 2018; Hoehle et al., 2015; McCoy et al., 2007; S. 
Sharma et al., 2022). The majority continue to adopt culture as a national construct.    
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Additional findings: Due to space limitations, we did not present the following findings in the 
concept matrix. Thus, a review of the nations observed in the 28 papers reveals that, on the one 
hand, often two nations were compared with each other, and, on the other hand, the United States 
was the most frequently compared nation. We present these findings in more detail in Figures 3 
and 4 such as other scholars (e.g., Chu et al., 2019). Figure 3 demonstrates that more than half of 
the papers compare two nations (e.g., Dinev et al., 2006; Keil et al., 2007). Six papers compared 
three nations (e.g., Cyr et al., 2009; Schmidt et al., 2001). One paper four nations (Hoehle et al., 
2015) and the remaining four papers seven (Miltgen & Peyrat-Guillard, 2014), 24 (McCoy et al., 
2007), 30 (Srite & Karahanna, 2006), 148 (Guan et al., 2022) and two papers did not specify the 
number of nations (S. Sharma et al., 2022; Z. Zhou et al., 2015). 

 

Figure 3-3 – Number of Nations Compared in the Papers 

Figure 4 illustrates that next to the United States, China was the second most compared nation. In 
fact, the United States was often compared directly with China (e.g., Chang et al., 2014; Fang et al., 
2011). In addition, the United States was also compared to South Korea four times (e.g., Dinev et 
al., 2009; D. J. Kim et al., 2016). The comparison between the United States and China or South 
Korea was usually based on the argument that the United States is very individualistic (91 on 
Hofstede’s scale) and China or South Korea are very collectivistic (20 and 18, respectively) 
(Hofstede Insights, 2010). Also, a comparison between the United States and European nations 
occurred several times (e.g., United States vs. Italy (Dinev et al., 2006) or United States vs. France 
(Vance et al., 2008)). A direct comparison between a European and an Asian nation only occurred 
in combination with a third or fourth nation—often North American (e.g., Canada vs. Germany vs. 
China (Cyr, 2008) or United States vs. Germany vs. China vs. India (Hoehle et al., 2015). 
Throughout all of these comparisons, the authors aimed to uncover significant cultural 
differences, considering the distinct nature of the cultures under consideration. However, of equal 
interest are comparisons between two nations with very similar cultures (China vs. Japan or 
Germany vs. the Netherlands, e.g., by Davison et al. (2009) or Moser & Deichmann (2021), 
respectively). As similar countries probably also have a similar infrastructure of emerging 
technologies, small cultural differences can be found. 

 

Figure 3-4 – Nations Compared in the Papers 
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Next, we turn to the years of publication and an overview of the journals (see Table 3). We 
identified that many papers on the topic of national cultural differences were published between 
2006 and 2009. Subsequently, further papers were published between 2013 and 2016. Since then, 
the number of publications has decreased. More recent papers were found primarily as a result of 
the forward search beyond the basket of eight. In general, it is visible that, especially in the 
European Journal of Information Systems and MIS Quarterly, many papers on cultural differences 
have been published. 
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European Journal of 
Information Systems 

   1 1    1   2 3 1    1  10 

Information Systems Journal     1  1    1         3 

Information Systems 
Research 

                   0 

Journal of the Association for 
Information Systems 

      1             1 

Journal of Information 
Technology 

                   0 

Journal of Management 
Information Systems 

 1    3              4 

Journal of Strategic 
Information Systems 

                   0 

MIS Quarterly 1   1   2       1  1    6 

Other                1  1 2 4 

 1 1 0 2 2 3 4 0 1 0 1 2 3 2 0 2 0 2 2 28 

Table 3-3 – Matrix Journal vs. Year of Publication 
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Table 3-4 – Concept Matrix 

3.5 Research Agenda 

In the following, we present a research agenda guiding the way of future national culture research. 
We recommend extending the application scenarios, challenge culture-related theories, 
recommend different types of data collection and analysis, the level of measuring culture, and 
additional cultural research regarding more and previously barely considered nations. 

Application scenarios: We identified four main literature streams concerning the effect of 
national culture on emerging technologies: Management of organizational processes, privacy, 
technology adoption, and e-commerce. But even beyond these four categories, several RQs remain 
unanswered. For instance, previous research identified different strategies for adopting emerging 
technologies and differences in managing organizational processes. Therefore, future research 
could investigate how to overcome national cultural differences in order to successfully 
implement emerging technologies (Fang et al., 2011). Especially with regard to the use of 
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emerging technologies, such as virtual reality, a possible RQ could be how users from different 
national cultures accept these emerging technologies. Moreover, the VOSviewer tool has proven 
to be very helpful in structuring the literature and identifying the contexts. Therefore, we propose 
to use it in further research projects as well. In addition, dealing with ethical issues is handled 
differently in various national cultures. For instance, Bellman et al. (2004) found a difference in 
privacy concerns related to cultural values which shape a nation’s regulations. Therefore, a future 
RQ could be how to design emerging technologies that can be used across national borders, 
although different data protection laws are in place and ethical preferences (HIPAA vs. GDPR) 
(Awad et al., 2018; Beens, 2020). 

Culture-related theories: Although many papers have adopted a similar approach by conducting 
a survey using Hofstede’s dimensions, many papers omit specific dimensions of Hofstede. Thus, 
some dimensions of national culture are not taken into account (Hoehle et al., 2015). For example, 
Chang et al. (2014) measured individualism and uncertainty avoidance between the United States 
and China as these differ among the culture dimensions (91 to 20 and 40 to 80, respectively). 
However, there is also a large difference in long-term orientation (26 to 87) and indulgence (68 
to 24) (Hofstede Insights, 2010), but using several dimensions in one study leads to a higher effort, 
especially for study participants. Thus, researchers should consider the exclusion of each 
dimension carefully and support their decision with literature. In this vein, conducting studies to 
determine which dimensions generally affect the adoption of emerging technologies might be 
interesting. In addition, it is worth noting that certain authors have raised critiques regarding the 
application of national culture theories, specifically Hofstede’s dimensions, at the individual and 
organizational levels. These criticisms highlight the limitation of using country-level analysis to 
fully explain individual level analysis (Venaik & Brewer, 2013). To overcome the shortcomings of 
national culture theories, we recommend the following four approaches. 1) Individual Level 
Analysis: Build the theory at an individual level, recognizing that not everyone perfectly aligns 
with a specific culture. Considering individual variations within cultures can provide a more 
nuanced perspective on cultural differences and their impact on behavior and attitudes. We 
suggest to involve individuals such as end-users or at least including them in the process of 
developing cultural models. By excluding organizational culture and focusing on end-users, a 
more representative view of culture can be achieved. However, it is important to remain focused 
on cultural influences rather than delving too much into individual personality traits. 2) Sub-
Cultural Considerations: By incorporating individual-level measurements, it is likely that sub-
cultural variations will be adequately accounted for. This approach allows for a more nuanced 
understanding of cultural differences within a broader national or regional context. 3) Dynamic 
Nature: It is important to recognize that cultures evolve, and incorporating this temporal aspect 
into the theories. 4) Balancing Complexity: While it is important to capture the complexities of 
cultures, it is crucial to strike a balance to ensure that the theories remain measurable. Finding a 
middle ground between comprehensiveness and practicality is necessary to maintain the 
applicability of the models. In addition, validating the dimensions across different countries 
would enhance the robustness of the framework.  

Data collection: We identified that surveys are the most commonly used method to collect data. 
Although some studies acquire individuals or IT managers, we noticed that many studies question 
students. This can be problematic since students might adopt international preferences and not 
behave according to the national culture measured by Hofstede (D. J. Kim, 2008). This may affect 
the assumed influence of national culture. In addition, this can be similar in online environments 
where individuals might adopt other preferences than the anticipated national culture. Therefore, 
we briefly point out that it should be carefully considered which participants are questioned. 
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Furthermore, as nearly all papers found national cultural differences, it would be interesting to 
use complementary research methods (Davison et al., 2009), for example, by conducting 
qualitative methods for finding reasons and solutions for problems such as misunderstandings 
generated from national cultural differences. Another data collection approach might be 
longitudinal approaches to identify the change of culture over time.  

Data analysis: As evident from the findings, three approaches based on the PLS model are 
commonly employed. Based on this result, we recommend a multi-group analysis to determine 
the differences between the national cultures. While this is a valid approach for further cultural 
research, we also call for using additional analyses. One recommendation for a different analysis 
approach would be hierarchical linear modeling to examine the influence of different cultural 
groups on the adoption of emerging technologies (Keil et al., 2000). In addition, Srite and 
Karahanna (2006) suggest that measuring the influence of the Hofstede dimensions with each 
other could contribute to research. As the impact of national culture has been overlooked in recent 
years, it would be interesting to include national culture as a moderator for the adoption of 
emerging technologies like artificial intelligence, virtual reality, and the metaverse since these 
technologies allow collaboration and working across borders.  

Level: Myers and Tan (2002) have already noted that culture is not a straightforward concept. 
For instance, a nation might have more than one culture (e.g., India), and culture changes over 
time. Thus, they conclude that national culture cannot be treated as an equivalent to a nation 
(Myers & Tan, 2002). Thus, Srite and Karahanna (2006) suggested that the culture dimensions 
should not be defined at the national level using the nation as a proxy but rather measured at the 
individual level. This has the advantage that if individuals do not entirely identify with their given 
culture or are part of an ethnic subgroup, it can be captured as an influence. Hoehle et al. (2015) 
also highlighted the difference between those two types of measuring culture by testing both 
approaches and discovering the differences. Although some followed this direction (Chang et al., 
2014; Yan Chen & Zahedi, 2016; George et al., 2018; Hoehle et al., 2015; S. Sharma et al., 2022), 
we emphasize continuing this approach in future research. In addition, the influence of groups on 
emerging technologies could be interesting in the context of national cultural research, thus, the 
individual is neither solely questioned nor is a national culture assumed (Keil et al., 2007). 

Additional Research Directions: In addition, comparing more than two nations could allow a 
more precise assessment of national cultural differences. Keil et al. (2000) provided a useful 
example in this context. They included Singapore (low uncertainty avoidance index), the 
Netherlands, and Finland (both medium UAI, according to Hofstede). An extension involving a 
nation characterized by a high uncertainty avoidance index could yield intriguing findings. 
Another comparison could be between similar nations that differ only in one dimension. This 
would replicate findings (D. J. Kim, 2008) and improve the quality of measuring all dimensions by 
keeping similar dimensions tight and only differences between the other dimensions become 
apparent. Furthermore, extending to rarely considered nations, such as the parts of Asia, Arab, or 
African region, could also provide further exciting details. Lastly, a quantitative analysis of the 
effect of culture on emerging technologies could reveal overarching findings (i.e., meta-analysis). 

3.6 Limitations and Contributions 

National culture is an important influencing factor on emerging technologies in managing 
organizations, privacy, technology adoption, and e-commerce. We identified several 
characteristics that are typical for the measurement of culture in IS literature which are presented 
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in a concept matrix in Table 4. For example, the majority of the papers applied Hofstede’s Cultural 
Dimensions Theory and used surveys in a similar way. In contrast, there are differences in the 
measurement of national culture, especially on the analysis level. Therefore, we attempt to 
decipher ways to measure the impact of national culture on emerging technologies. Finally, we 
present the results in form of a research agenda to guide future research to further topics, 
extending existing theories, and testing new data analysis methods.  

Although we have taken great care in reviewing the literature, this paper is subject to some 
limitations. Since we examined the RQ qualitatively, our study is subject to certain restrictions. 
First, the literature review results are significantly influenced by the keywords chosen. We have 
taken meticulous care in selecting a comprehensive set of keywords that encompasses a wide 
range of potential papers. However, it is important to note that alternative keywords might yield 
diverse outcomes. Second, our structured literature review was primarily based on the top IS 
journals, commonly referred to as the “basket of eight”. Nonetheless, it is worth considering the 
application of these keywords to other databases and across various disciplines in future 
research. Third, our particular focus was on measuring the impact of national culture as a 
moderator. However, it would be beneficial for future studies to broaden this scope and explore 
additional dimensions, such as investigating the measurement of national culture as an 
independent variable. Finally, although we used the VOSviewer tool to develop the categories in 
“application scenarios” (see Figure 2) to minimize the researcher’s subjective influence in the 
selection, the identified categories of the concept matrix can, of course, be extended with other 
elements or categories in further studies.  

Our theoretical contribution to IS research is providing an overarching IS-centric theory of how 
national culture influences the adoption of emerging technologies conceptualized by the concept 
matrix. This matrix offers comprehensive insights into the common utilization of culture-related 
IS theories, as well as the diverse research methods employed. Second, it also helps the IS research 
community to identify research gaps. Thus, we developed a research agenda to pave the way for 
further research. In this vein, we organize the previous literature and make implicit knowledge 
explicit. In particular, we highlighted potential research streams in regard to the effect of national 
culture on emerging technologies, expanding the theories, and finally emphasized the community 
to use novel empirical methodologies (e.g., hierarchical linear modeling). In particular, we call for 
examining national cultural differences and similarities between cultures on an individual level 
since collaborations are becoming more important due to globalization and more opportunities 
to work across borders (e.g., emerging technologies such as metaverse and AI). From a practical 
perspective, we first contribute to highlight the importance of national cultural understanding. 
Organizations operating across national borders and serving customers from diverse cultural 
backgrounds need to comprehend national cultural differences to effectively meet their needs. 
Recognizing and comprehending national cultural variations is crucial for fostering teamwork, 
successfully adopting emerging technologies, and retaining and attracting international 
customers. Organizations benefit from the presented knowledge to perform their own analyses 
with respect to introducing emerging technologies, i.e., new sales markets in other cultures or 
nations. Second, since it is difficult to manage globalized organizations, we contribute to practice 
by presenting that difficulties can arise when multinational organizations ignore national cultural 
differences and try to apply management formulas developed in their own cultural context. Thus, 
there is no one-size-fits-all approach for running an organization and adopting emerging 
technologies, considering the impact of cultural differences. Third, the organizations can explore 
the collected literature for relevant application scenarios to identify what cultural influences have 
already been observed and what recommendations are made by the respective authors. Thus, 
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they can tailor their plans and strategies according to the effect of national culture to maximize 
their competitive advantage. 
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4.1 Introduction 

Most companies know that Artificial Intelligence (AI) offers great potential for saving time and 
costs, thus increasing profits. For example, 34% of companies worldwide are already using AI in 
2022, and 42% are exploring AI (IBM, 2022b). AI is estimated to contribute $15.7 trillion to the 
global gross domestic product (GDP) in 2030 (PwC, 2017). AI embraces several disciplines and 
techniques in computer science, but business leaders’ focus has also shifted to how the 
technology’s capabilities can be leveraged to create economic value. Despite the many 
opportunities AI offers, many companies are—if at all—still exploring and have not yet adopted 
AI. Two reasons can explain this: First, barriers, if they exist, hinder the implementation, and 
second, potentially missing drivers will not support the adoption process of AI in organizations 
(Pumplun et al., 2019; Zöll et al., 2022). 

Research on organizational and individual technology adoption is not new. The most established 
frameworks are the Technology Acceptance Model (TAM) (Davis, 1989) and Technology-
Organization-Environment (TOE) (DePietro et al., 1990). In the last years, the investigation of the 
so-called ‘AI readiness factors’ has also become established, i.e., the organizational ‘chassis’ 
embracing all prerequisites for enablement of successful AI adoption. Respective contributions 
have been performed by Jöhnk et al. (2021) and Pumplun et al. (2019) with qualitative, interview-
based methods. Readiness factors can be seen as a preceding level before the organizational 
adoption of AI itself. However, the results were aggregated and generalized across all industries.  

Fundamental strategic management science, like Porter’s five forces (Porter, 1980), argues that a 
company’s industry structure is characterized by different, maybe even unique industry 
parameters. This is why technology adoption factors might also be affected and differ between 
industries, opening up the need to zoom in on selected industries. This need has also been 
recognized by authors of previous studies (Cubric, 2020; Kar et al., 2021; Pumplun et al., 2019; 
Zöll et al., 2022). However, industry-specific research on drivers and barriers to AI adoption only 
exists in a few cases, and a cross-industry comparison is missing. Kruse et al. (2019), for example, 
answered the question about the challenges and barriers of AI in banking and insurance by 
conducting interviews with AI experts from the German finance industry and supporting 
industries. Kinkel et al. (2021) defined a questionnaire-based survey and collected responses 
from over 600 industry stakeholders to investigate factors of AI adoption in the manufacturing 
industry. 

Thus, this paper seeks to contribute to the research on AI adoption in financial services and 
manufacturing from separate viewpoints. The financial services industry offers great potential 
(Hentzen et al., 2021). Manufacturing is very diverse and constantly in transformation and, 
therefore, has many use cases (de Propris & Bailey, 2020; United States Department of Labor, n.d.; 
X. Zhang et al., 2019). The holistic perspective on drivers and barriers in both industries intends 
to exert an industry-specific reality check of generalized, industry-aggregated research. 
Therefore, we seek to answer the following research questions (RQs): 

RQ1: What factors drive AI adoption in the financial services and manufacturing industries? 

RQ2: What factors curb AI adoption in the financial services and manufacturing industries? 

RQ3: How do drivers and barriers of AI adoption relate to each other across industries? 

To answer the research questions, we conducted an interview-based multiple-case study. The 
process of qualitative data collection aims to establish verified causal findings and explanations 
for the described phenomena. The TOE framework, a widespread theory in technology adoption 
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research, supports the research. With this paper, we urge future research on the adoption of 
technologies to consider industry-specific factors by showing that the financial service industry 
and manufacturing industry have different drivers and barriers and vary from known general 
factors.  

This paper is structured as follows: After the introduction with our motivation and research 
questions, we present the TOE framework, fundamentals of AI, and related work. We then 
describe our case study methodology in chapter three and provide the results of our research 
according to the TOE framework in the next chapter. Finally, we discuss the results, give 
theoretical and practical contributions and limitations, and conclude our paper. 

4.2 Theoretical Background 

4.2.1 Technology-Organization-Environment (TOE) Framework 

Technology adoption is not an isolated phenomenon but represents “a series of decisions that are 
not visible to all [involved] participants” (DePietro et al., 1990, p. 178). To ensure that all 
influencing factors are taken into account, it is established in research to use technology adoption 
frameworks, which can support a complexity-reducing abstraction. The TOE framework is one of 
the most common technology adoption frameworks in information systems (IS) research (Kinkel 
et al., 2021) focusing on firm-level and including firm-external influences (Oliveira & Martins, 
2011). It was utilized, for example, for adoption technologies such as Big Data (Bremser, 2018), of 
AI (Pumplun et al., 2019), but also for specific AI adoption barriers in finance (Kruse et al., 2019). 
The TOE framework identifies three different contexts in and surrounding a company that 
influence technology adoption: the technological context, the organizational context, and the 
environmental context (DePietro et al., 1990) (see Figure 1). 

    

Figure 4-1 – Technology-Organization-Environment (TOE) Framework, According to DePietro et al. 
(1990) 

The technological context embraces internal and external technologies that are or may be 
relevant to a firm. The focus is on how an innovative technology itself can influence a company’s 
adoption process. This includes AI and its technical requirements, respective sub-disciplines, but 
also alternative technologies, and the holistic enterprise IT infrastructure. The organizational 
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context covers a firm’s descriptive measures: e.g., firm size, managerial structure, or human 
resources. The environmental context is the ‘arena’ in which a company operates, bringing 
opportunities and constraints for technological innovation (DePietro et al., 1990). The TOE 
framework has a solid theoretical basis and consistent empirical support in IS research (Oliveira 
& Martins, 2011). In AI adoption research, the TOE framework was already applied multiple times: 
Kruse et al. (2019), for example, based their analysis of AI adoption challenges in the financial 
services industry on the TOE framework. Kinkel et al. (2021) even explicitly concluded that the 
framework was suitable for AI. Other applications can be found, for example, in the area of AI 
readiness factors (Jöhnk et al., 2021; Pumplun et al., 2019). Therefore, the TOE framework is 
expected to be useful also for this study in arranging the findings, interpretations and disclosing 
connections. 

4.2.2 Artificial Intelligence 

Artificial Intelligence (AI) is seen as a major innovative technology for businesses in almost every 
industry and will likely force companies to transform their core processes, value proposition, and 
business models (Brynjolfsson & McAfee, 2017; Sjödin et al., 2021). We follow Russell and Norvig 
(2021), describing AI as “intelligent agents that receive percepts from the environment and take 
actions that affect that environment” (Russell & Norvig, 2021, p. 7). They also define Machine 
Learning (ML) as a subcategory of AI which gives predictions based on experience. While 
companies mainly adopt ML, other types of AI should not be neglected here. Therefore, the term 
AI will be used in the following in order to remain more generic. 

To understand AI adoption as a transformational journey, drivers and barriers can be 
distinguished. Former research has already investigated these adoption factors but has left some 
gaps open: first, most research did not include an industry-specific focus (e.g., Pumplun et al., 
2019), leading to generalized findings. Second, the little existing industry-specific research has 
not produced a holistic view of both drivers and barriers (e.g., Kinkel et al., 2021; Kruse et al., 
2019). Third, specific ways of looking at at least two industries have not yet been brought together 
to reveal relations, interdependencies, and commonalities. This paper will analyze the financial 
service and manufacturing industries, as many AI use cases can be found (Hentzen et al., 2021; X. 
Zhang et al., 2019). Also, different use cases exist: While the financial services industry has a focus 
on customers and intangible products and services, the manufacturing industry focuses on 
physical products. Thus, different drivers and barriers are expected. 

Financial services companies are subject to special regulatory requirements (Freudenstein et al., 
2019; Kapsis, 2020). In addition, the IT infrastructure is dominated by technologies from the last 
decades, so-called ‘legacy IT’ systems (Freudenstein et al., 2019). Furthermore, the industry is 
characterized by strong competition among other FinTech start-ups offering personalized 
services and achieving lower costs through AI (Kruse et al., 2019; I. Lee & Shin, 2018; Sinn et al., 
2021). The potential of AI ranges from the back-end, noncustomer-facing operations to front-end, 
customer-facing scenarios, e.g., detecting consumer credit delinquencies (Khandani et al., 2010); 
assess customers’ credit-worthiness (Dastile et al., 2020); chatbots to automate customer 
interaction (Riikkinen et al., 2018) or as ‘robo-advisors’ for automated portfolio and investment 
management (Buchanan & Wright, 2021; Hentzen et al., 2021). 

Influencing effects on the adoption at the firm level have barely been analyzed in the industry 
alone and especially not as a comparison between industries. Kruse et al. (2019) assessed the 
challenges that financial services companies face when planning to adopt and implement AI. 



4 Paper B: An Industry-Specific Investigation on Artificial Intelligence Adoption: The Cases of 
Financial Services and Manufacturing 

45 

Strong similarities to generic barriers to AI adoption can be found, but challenges in the financial 
services industry seem more diverse (see Table 1). 

The manufacturing industry is in constant transformation, as ‘industrial AI’—mapping AI 
application scenarios onto manufacturing use cases (X. Zhang et al., 2019) —enables process 
optimization (Peres et al., 2020), quality control (Ding et al., 2020; Ojer et al., 2020), predictive 
maintenance and human-robot collaboration (Peres et al., 2020). Thus, just like in financial 
services, the question arises of how AI adoption is accelerated and hindered in the industry. Kinkel 
et al. (2021) analyzed manufacturing companies’ use of AI and TOE-classified adoption variables 
through a survey among more than 600 participants from the manufacturing industry.   

Table 1 shows generic drivers (D) and barriers (B) according to Kar et al. (2021), specific barriers 
for the finance industry according to Kruse et al. (2019), and specific factors in the manufacturing 
industry according to Kinkel et al. (2021) (G—General, FS—financial services and M—
manufacturing) that former research comprised. Additionally, these factors were clustered 
according to the TOE framework (T—Technology, O—Organization, and E—Environment). 

Variable Description Industry Factor TOE  
Accuracy Improved accuracy in decision-making and 

forecasting. 
G D O 

Cost-reduction Automated business processes, efficient 
decision-making, and reduction of human 
error. 

G D O 

Decision- 
making 

Automated, data-driven decision-making. G D O 

Productivity Improved productivity and efficiency in 
business processes. 

G D O 

Speed Improved time-to-decision due to 
automation. 

G D O 

Well-being Less workload and reduced stress for 
employees. 

G D O 

Sustainability Sustainable processes and supply chains. G D O, E 
Customer 
experience 

Service improvement by learning customer 
preferences. 

G D E 

Data Lack of data quality and data quantity. G, FS B T 
Infrastructure Infrastructure support is required for wide-

scale implementation. Legacy IT needs to get 
replaced. 

G B T 

Model reusability Reuse of the AI model for different problem 
scenarios is difficult. 

G B T 

AI strategy Lack of an AI strategy defining how AI should 
be used to meet business goals. 

G B O 

Job security Streamlining of routine-based job profiles. G B O 
Leadership  Lack of leadership commitment towards AI 

adoption. 
G B O 

Trust Lack of trust in AI-generated decisions. G B O 
Use case 
identification 

In some cases, AI solutions are less effective 
than traditional ones. Return on investment 
is at risk. 

G B O 

Know-how Labor market gap or lack of budget to attract 
AI talent. 

G B O, E 
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Variable Description Industry Factor TOE  
IT infrastructure Legacy IT needs to get replaced. FS B T 
Vague market Low availability of suitable AI software. FS B T 
AI characteristics Risk, compliance, ethical standards. FS B T, O 
Agility to adapt Adapt firm resources (financial, technical, 

human). 
FS B O 

Changing process 
competencies 

Change management, changing environment. FS B O 

Know-how Professional expertise regarding AI skills. FS B O 
Organizational 
hierarchy 

Lack of organizational agility. FS B O 

Top management 
support 

Lack of support by decision-makers. FS B O 

Competitive 
pressures 

Especially driven by FinTechs. FS B E 

Data protection Data protection is part of the core business. FS B E 
Governmental 
regulation 

Regulatory requirements (BCBS239, MiFID). FS B E 

Lack of customer 
support 

Moral concerns by customers. FS B E 

Company size Measured by the number of employees. M D O 
Design Role of product design as a competitive 

strategy. 
M D O 

Digital skills Corporate technological know-how. M D O 
Product quality Role of product quality as a competitive 

strategy. 
M B O 

TOE elements: T - Technology, O - Organization, E - Environment; 
Factor: D - Driver, B - Barrier; 
Industry: G - General, FS - Financial Services, M - Manufacturing 

Table 4-1 – Drivers and Barriers of AI Adoption From Literature 

Overall, drivers and barriers of adoption variables exist (see Kar et al., 2021; Kinkel et al., 2021; 
Kruse et al., 2019), but their focus is on general AI adoption instead of individual industries and a 
cross-industry comparison. The next chapter describes how the qualitative research design of this 
study intends to target this gap. 

4.3 Methodology 

As the research questions require the construction of an exploratory and explanatory model, 
interview-based case studies provide the best opportunity to analyze phenomena regarding their 
causality and inherent interrelationships. The structure is oriented on the combination of the five 
case study design components of Yin (2014) and the step-by-step chronological framework by 
Eisenhardt (1989).  

Getting started. A case study should have clear, predefined research questions to be used for 
theory-building (K. M. Eisenhardt, 1989), serving as the first out of five central case study design 
components (Yin, 2014). Therefore, the research questions were developed iteratively by 
reviewing existing literature in scientific databases and a forward and backward search. The state 
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of research on both generalized and industry-specific AI adoption was derived. These account for 
the so-called ‘theoretical study propositions’, the second design component (Yin, 2014). 

Selecting cases. A multiple-case study offers analytical generalization of the findings by deriving 
substantiated theories between cases (Yin, 2014). This results in external validity (Yin, 2014). 
While a case study cannot reflect variation in every possible dimension (Yin, 2014), some degree 
of environmental and characteristic variation should be considered while planning the 
investigated cases instead of applying random selection (K. M. Eisenhardt, 1989). Thus, the 
definition of the study’s unit of analysis (i.e., the ‘case’) was set up as the third research design 
principle (Yin, 2014). In this paper, a case is defined as an individual with expertise in topics 
related to organizational AI adoption, working for either a private company within a focus 
industry (manufacturing and financial services) or holding profound stakes and insights about it. 
This strategy makes use of potentially different perspectives on the topic and supports the idea of 
replication logic. A detailed list of cases in the data collection is presented in Table 2. This table 
includes information about the current role, overall job experience, experience in current role, 
location, and company size. The interviews were conducted in July and August 2022; the average 
duration was 27 minutes (min 24, max 32 minutes), and written answers were given for one 
interview. 

# Industry Role  Experience (in 
current role) 

Location Size 

Financial Services 
I.1 Management 

consulting 
Managing consultant—AI in 
financial services 

10 (4) years UK L 

I.2 Insurance Head of AI solutions 15 (5) years Germany M 
I.3 Insurance Head of AI and data 

development 
24 (1.5) years Germany S 

Manufacturing 
I.4 Management 

consulting 
Senior consultant—AI in 
manufacturing 

7 (5) years UK L 

I.5 Management 
consulting 

Senior consultant—digital 
operations 

4 (Unknown) UK L 

I.6 Management 
consulting 

Managing consultant—
intelligent automation and 
AI 

13 (2.5) years Germany S 

I.7 Mechanical and 
plant engineering 

Product manager—pre-sales 
digital solutions 

8 (3) years Germany M 

Size: S - < 5,000 employees, M - 5,000 - 50,000 employees, L - >50,000 employees 

Table 4-2 – Interview Partners 

Crafting instruments and protocols. The next steps are a clear definition of the sources for data 
collection, the types of collected data, and the number of investigators performing research (K. M. 
Eisenhardt, 1989). This paper’s data collection only included qualitative data without any 
additional case-related documents. One author performed the collection. 

Entering the field. All interviewees received the questionnaire in advance to ensure a smooth 
interview. In case study research, data collection and data analysis are not strictly separated (K. 
M. Eisenhardt, 1989). Thus, writing down field notes and impressions during the investigation is 
required to enable adjustments to the interview question protocol and provide flexibility to 
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respond to emerging trends (K. M. Eisenhardt, 1989). These adjustments in interview questions 
were essential in the early stages of data collection, as some optional questions turned out to be 
obsolete. In contrast, additional questions in the following interviews could deepen other 
emerging and surprising topics. 

Analyzing the data. The analysis was prepared by defining an analytical strategy and choosing 
analytical techniques. The setting of these parameters forms the fourth design component. An 
analytical strategy is important for the fair treatment of evidence and for producing logical 
analytical conclusions (Yin, 2014). Out of four common strategies in case study science (Yin, 
2014), three can be ruled out based on the scope of this study. The chosen strategy lets the 
theoretical propositions lead the study and is the most common one in research (Yin, 2014). This 
strategy uses the theoretical foundations as external sources of knowledge to relate the findings 
of this study. This makes it possible to fit new data into the findings from the literature. 
Conceptually, the pattern-matching technique has been applied as a guide for qualitative analyses. 
This technique relies on using codes, i.e., categories representing a piece of thematic content. First, 
the interview transcripts were divided into two groups according to the industry. Consequently, 
the following steps were performed for each group separately. Second, several deductive codes 
(main categories) were brought to the interview data, yielding a content-related structure and 
logical parts. This was followed by deriving inductive codes, born out of the specific content of the 
interviews, and breaking the main categories down into subcategories. These subcategories 
enabled mapping sets of cross-case interview statements onto sole findings within an industry 
group. However, starting this process again for each case resulted in new subcategories for each 
interview transcript. To ensure that no later-defined subcategory was missed in already-reviewed 
transcripts, steps 3-5 were repeated iteratively until the number of codes converged (Kuckartz & 
Rädiker, 2022). 

Shaping hypotheses. The explanation-building technique was applied to summarize and report 
the findings (Yin, 2014). Therefore, an iterative process was applied between adapting and 
comparing a statement with the qualitative data (Yin, 2014). The following order facilitated this: 
A list with all text segments within the group carrying the focal code was generated for each code. 
With this code-relevant overview, it was possible to analyze derivable key messages iteratively 
and identify to what extent summarizing was possible and where separation was needed. 

Closing research. Research is considered complete when saturation of results is achieved and 
incremental growth is minimal. Although only three (respectively four) interviews were 
conducted within the industries, hardly any new insights resulted from the last interviews (in 
both industries, only one, respectively two new inductive codes could be assigned in the analysis 
of the last interview in each case, and it became increasingly difficult to separate the content from 
existing codes), thus, saturation was achieved. 

Enfolding literature. Identifying and dealing with literature conflicting with one’s findings—so-
called ‘rival explanations’—is a central step in establishing internal validity and assessing its 
generalizability (K. M. Eisenhardt, 1989), yielding in the implementation of the fifth and last 
research design principle (Yin, 2014). Generalizability needs to be understood as the question of 
whether the study findings are scientifically complete. This was tested by using a two-sided 
strategy. First, an outside-in technique was used to identify previous research findings in this 
study’s results. Afterward, an inside-out technique was used to identify this study’s results in 
previous research findings. As a result, gaps and differences were disclosed and enabled a basis 
for critical reflection. 
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Besides the five fundamental design components, case study research should comply with four 
general quality tests (Yin, 2014). Each test can be complied with by realizing a set of techniques 
and tactics inside the research design (Yin, 2014). Table 3 gives a respective overview together 
with a summary of their implementation in this study. 

Test  Theoretical case study 
tactic  Tactic implementation in this paper 

Construct 
validity 

Use multiple sources of 
evidence. 

Cases included internal and external industry 
stakeholders to use different perspectives. 

Establish chain of evidence. Detailed, chronological description of the method 
enables to trace back all steps and conclusions. 

Have key informants review 
the draft case study report. 

Transcript review was optionally offered for review 
to the interviewees, but the offer has not been used. 

Internal 
validity 

Pattern matching. Iterative text coding.  
Explanation building. Iterative shaping of conclusions out of the data. 
Address rival explanations. Addressing former research and identifying gaps. 
Use logic models. Not applicable. 

External 
validity 

Use replication logic in 
multiple-case studies. Iteratively shaping conclusions out of the data. 

Reliability 
Use case study report. See Results chapter. 

Develop case study database. Composition of case overview, interview transcripts 
and case study report. 

Table 4-3 – Case Study Quality Tests According to Yin (2014) 

4.4 Results 

This chapter is divided into four parts. First, the interviewees’ perspectives on AI adoption and 
use cases are assessed for both the financial and manufacturing industries. In the second and third 
sections, the drivers and barriers of each industry are presented and categorized according to the 
TOE framework. In the fourth section, the drivers and barriers of both industries are compared. 

4.4.1 State of AI Adoption and Use Cases 

4.4.1.1 Financial Services Industry 

Financial services companies seem to be aware of AI’s business potential, as I.2 and I.3 both are 
the heads of official AI-specialized organizations within their company. Also, I.1 believes that most 
companies at least state to target AI capabilities in their corporate strategy. However, the actual 
state of implementation seems to be in its infancy. Many financial services companies are 
experimenting with AI in so-called ‘sandbox environments’ (I.1), that is, in isolated systems where 
software can be tested safely. Only one respondent mentions that his company is leading in AI 
adoption compared to others he is in touch with through several cross-company AI committees 
(I.2). 

AI use cases can be classified into two categories: ‘Offensive’ use cases transform the way business 
is run, e.g., how market interaction looks like and which services are being offered (I.1). In 
contrast, ‘defensive’ use cases target improving existing processes and due diligence activities and 
making them more secure (I.1). Overall, many use cases focus on customer analytics and customer 
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behavior, such as risk management, or business operations, such as algorithmic trading (I.1; I.2; 
I.3). 

4.4.1.2 Manufacturing Industry 

The manufacturing industry structure is more diverse compared to financial services. As a result, 
the identified use cases and process applications are wide-ranging. Some interview partners state 
that the use of AI is in its infancy and is treated cautiously—including large, established companies 
that are still completely at the beginning (I.5). Here, AI is applied only in selected individual cases, 
which may even be separate from one another (I.6). Others have witnessed a wide range of AI in 
various use cases (I.4; I.6). The most common scenario is the field of quality control by combining 
hardware, software, and intelligent algorithms to automate the manual and labor-intensive 
inspection of manufactured parts (I.4). Besides that, the respondents presented applications of 
predictive maintenance or scheduling tasks on shop floors (I.4; I.7). However, a holistic approach 
of extracting, processing, analyzing, and using data along the entire value chain is hardly found in 
any manufacturing company (I.6). 

4.4.2 Drivers of AI Adoption 

Next, the drivers of AI adoption derived from the interviews shown in Table 4 are presented. 
Eleven drivers are found for the financial services industry and nine for the manufacturing 
industry. In the following two sections, these factors are categorized and explained according to 
the TOE framework. 

4.4.2.1 Financial Services Industry 

Technological drivers. As financial services providers are confronted with extensive demands 
on their data management, these regulatory requirements do naturally exist as part of their 
business models and significantly increased after the global financial crisis of 2008/2009 (I.1). 
However, they transparently highlight possibilities of automation and other uses of AI, making its 
application easier (I.1). AI adoption is also driven by standardizing processes for scalable, 
reusable, and flexible AI systems (I.3). That means building a technological baseline in the form of 
a system that can be used again in another context. Hand-in-hand with this effect is the 
opportunity of realizing leverage effects (I.3), which occur when the implementation of a single 
use case offers the ability to have a disproportionately bigger advantage to the organization 
compared to the development effort. 

Organizational drivers. Almost all organizational drivers can be summarized as business 
decisions aimed at either growth or cost reduction. According to the interview partners, the 
organizational intention to reduce costs can primarily be found in defensive use cases. This can 
be achieved by optimizing, automating, and streamlining existing processes (I.1; I.2; I.3), for 
example, by using intelligent recommendation systems to minimize search times in internal 
systems for clerks (I.2). A company’s effort to maximize profits, in particular, is reflected in the 
offensive applications of AI (e.g., customer analytics, recommendations and cross-selling, 
algorithmic trading). Moreover, AI adoption is accelerated by the trend toward data-driven 
decisions. Forecasting models, in particular, can serve as decision support systems in order to 
help executives back up their decisions with numbers and facts rather than relying on belief and 
gut feeling (I.3). 

Environmental drivers. Compared to the organizational context, environmental drivers are far 
more diverse, as they originate from several actors within the market. First, the use of AI is 
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accelerated by the desire to improve customer experience (CX) (I.2). Again, a kinship with 
defensive use cases can be noticed, as these can be leveraged to optimize CX journeys by 
improving or automating processes and reducing execution times. Besides the customers, the 
market environment and competition could be identified as having accelerating effects on AI 
adoption. However, this aspect must be considered from two perspectives: On the one hand, the 
respondents referenced competitive pressure within the market (I.2; I.3). On the other hand, 
cross-company exchange (e.g., through committees and conferences) allows theoretical ideas to 
bear fruit (I.2; I.3). Surprisingly, also regulatory requirements imposed by the legislator have an 
accelerating effect on AI adoption. These requirements can be so overwhelming that companies 
hope to be able to handle them by using AI (I.1). “For example, there is a large bank […] [facing the 
problem] of money laundering. They are hoping to get a better handle on their money laundering 
problem by using AI because they realize that it’s just too gigantic. These are too gigantic of an 
undertaking for humans to do.” (I.1) 

4.4.2.2 Manufacturing Industry 

Technological drivers. Not a single technological driver for AI adoption could be identified in the 
manufacturing industry. 

Organizational drivers. Implementing AI started with curiosity a few years ago. In fact, curiosity 
towards AI and its hype as a revolutionary technology with value-adding potential was and still is 
one main driver for AI adoption (I.5; I.7). This is intertwined with the sheer will to become digital 
leaders, resulting in a high degree of intrinsic commitment to AI (I.7). One of the effects that 
manufacturing companies hope to achieve when applying AI is increasing productivity (I.4). This 
is accompanied by other factors that have a similar impact on business operations. These include 
efforts to reduce or automate labor-intensive, repetitive, manual, complex, and expensive 
operations (I.4; I.6). For example, the application of predictive maintenance falls into this 
category, as downtimes, and thus costs can be reduced (I.7). In addition, manufacturers also strive 
for consistent quality of the products produced (I.6), which again can also be simplified or 
improved with the help of AI—as described earlier in the quality inspection use case. “Maybe 
another driver here is to look at ‘what are the low-hanging fruits?’ And I will assume to some 
extent that this is one of the reasons why AI is used so often in quality control. You are not actually 
designing the process. All you are doing is adding an intermediate station, so to speak, that takes 
a quick look with a camera to see if everything looks okay. That does not affect the business and 
can only be a win.” (I.6) In conclusion, organizational drivers stem almost entirely from economic 
intentions. As a rule, a business case serves as the basis, which in the case of a positive return on 
investment (ROI) is the clear leader among the AI adoption drivers (I.7). 

Environmental drivers. Surprisingly, competitive pressure and the goal of achieving competitive 
advantages seem to play a minor role when it comes to AI adoption in manufacturing (I.5). 
However, the company’s ambition to become part of a circular economy (CE) is crucial for the 
transformation to a data-driven company with a holistic AI approach (I.6). 

4.4.3 Barriers of AI Adoption 

In this section, the barriers to AI adoption derived from the interviews shown in Table 4 are 
presented. 13 barriers are found for the financial services industry and 17 for the manufacturing 
industry. 
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4.4.3.1 Financial Services Industry 

Technological barriers. Adopting AI and implementing use cases starts with creating the 
technological conditions in the first place. In the financial services industry, I.1, I.2, and I.3 all 
mentioned being confronted with problems related to legacy IT as being highly self-contained and 
written in ancient programming languages. These systems are not suitable for integration with 
modern AI applications based on programming languages like Python, as they do not meet the 
novel idea of microservices architecture and therefore are a blocker for free and dynamic data 
flows (I.2). Also, cloud-based technologies, which can facilitate AI deployment, have not gotten 
through to financial services companies either (I.1). This, but also the cultural influence (see 
organizational barriers), might be the reason why the interviewees experienced a lack of tools to 
develop intelligent applications as another barrier of adopting AI (I.1; I.3). Data is also the central 
requirement for training AI. One problem is data processing into a desirable state regarding their 
form and quality (I.1). In addition, AI projects are hard to plan due to the unpredictability of 
training processes. (I.2). This makes it more difficult to forecast project milestones and estimate 
governance, approval, and coordination processes (I.2). I.2 argued that the technical 
implementation itself does also hold its challenges, but still is more plannable and forecastable 
than project timelines. Moreover, after implementation, it is still possible that an AI model does 
not live up to its expectations due to a lack of accuracy (I.2). What also hinders financial services 
companies from implementing highly autonomous intelligent decision-making systems is the 
issue of explainability (I.1; I.2). An AI system is defined to be ‘explainable’ when it can explain the 
rationale behind its decision (Samek et al., 2017). It is important for humans to verify the system, 
improve it, and learn from it, but also comply with legislation regarding the exact context of the 
application (Samek et al., 2017) instead of being treated as a black box algorithm. However, 
implementing explainability can be complex (I.2). 

Organizational barriers. In the organizational context, the status quo of a risk-averse corporate 
culture is not only a barrier itself but also a root for several other challenges (I.1). “So when you 
are working with a new technology like […] [AI], then maybe you also have to try things out a bit 
faster, i.e., fail-fast, also fault tolerance. Banks and insurance companies work with data, figures, 
and risks every day. Rough generalization, but they tend to be more risk-averse than many other 
companies” (I.1). This might be a reason why outdated but reliable legacy IT is hardly getting 
replaced and using open-source software standards for AI development is a hurdle. Also, the 
collision of work types is a barrier, as data scientists and IT professionals tend to move in an agile 
environment, which is unfamiliar to many executives and business teams (I.1). The corporate 
culture may also cause a barrier to AI adoption on an even higher level, as I.1, I.2 and I.3 have 
experienced a lack of leadership commitment toward AI. In general, the organizational approach 
to the topic and identifying the strategic value of AI are key to successful adoption, which 
necessitates the need for an AI strategy to find company-specific answers to a variety of questions 
(I.1). Smaller companies, in particular, tend to struggle with answering these questions (I.2) and, 
above all, with answering the question of the sense of using AI at all (I.1). Finally, there are also 
challenges regarding the field of corporate know-how (I.1). Especially in banks, there is a trend of 
outsourcing most AI projects, which may be a strategic maldevelopment, as it will keep data 
science and AI know-how excluded from the firm (I.1). 

Environmental barriers. In financial services, the biggest hurdle regarding the implementation 
and use of AI software consists of government-imposed regulatory requirements and compliance 
standards (I.1). EU-based banks and insurance providers face additional complexities regarding 
their data management in order to comply with European General Data Privacy Regulation 
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(GDPR) and to make data protection processes efficient (I.2; I.3). For this reason, financial 
institutions have set up entire units within the company to deal with data management (I.1). 

4.4.3.2 Manufacturing Industry 

Technological barriers. A special issue for manufacturing companies is the development of AI 
applications near physical infrastructure, such as machines or robots in the real world. This also 
has organizational implications, as intra- or even inter-organizational collaboration is required 
(I.7). Another issue is the procurement of complete smart systems. In particular, such systems 
apparently would be either very expensive or very inflexible (I.4). Moreover, in order to make AI 
models work in the first place, manufacturing companies face the issue of data availability (I.7). A 
lack would result in low accuracy in the model and might even make the application of the model 
completely useless for the specific use case (I.4). Moreover, AI may not even be the best solution 
for certain problems. This follows the plea of I.6 for thoughtful use of AI. Separately from this, one 
of the interviewees also feels that the revolutionary speed of technological developments can be 
too much for companies to cope with (I.4). Beyond AI algorithms, this applies above all to 
complementary technologies, such as hardware (I.4). Lastly, the development of AI through the 
use of cloud services—especially through infrastructure-as-a-service solutions—“has become so 
easy thanks to the existing tools. As a result, I no longer believe that this will be a major hurdle in 
the future” (I.6). However, the realization via the cloud becomes more difficult when robots 
generate high-resolution data (e.g., one data frame at a rate of four to eight milliseconds), yielding 
such large volumes of data that transferring them to the cloud and processing them there is hardly 
feasible in these cases (I.7). I.7 has an even more drastic view on the issue of cloud governance 
and user security concerns: The lion’s share of his customers (mainly automotive companies and 
suppliers) do not want to deploy via the cloud and therefore are rather looking for on-premise 
and on-edge solutions. In conclusion, deployment seems to remain a challenge for AI adoption in 
the manufacturing industry. 

Organizational barriers. The cautious approach to AI models running outside of the own 
organization (i.e., on cloud servers) likely stems from data sovereignty and internal privacy 
policies in manufacturing companies (I.7). In particular, a lack of standards can influence the 
internal development of a wide variety of solutions without transparent communication channels, 
resulting in a heterogeneous landscape of different AI solutions (I.6). There are also challenges at 
the management level. The statements here are mixed: I.4 emphasized the digitization efforts of 
international companies in particular, while I.7 experienced skepticism towards AI, especially 
among elderly and experienced managers. The unpredictability mentioned above of the success 
and accuracy of an AI model in the technological context has even significantly greater effects in 
the organizational context. These deployment imponderables are perceived as a risk and 
disruption to the operational process, as—in the worst case—a faulty AI system results in physical 
damage (e.g., “defective/damaged/useless” (I.5) goods) and thus in higher costs than in intangible 
application areas (I.5). In addition to this, a certain lack of failure culture is also the reason why 
manufacturing companies seem to be not more advanced in the field of AI (I.4). This means that 
executives tend to be reluctant to make an investment in the development of an AI system if the 
success of this system cannot be assessed from the outset (I.6). Moreover, non-acceptance or even 
fear from the workforce whose activities are the target of automation or workload reduction 
arises (I.7). This fear may be justified in some cases, but may also be due to a misunderstanding 
of AI itself in other cases (I.6). This concerns extreme cases in which there is no understanding of 
AI as a technology at all, but people rather have an undifferentiated conception (similar to science 
fiction) of what AI is capable of today (I.6). On the other hand, sometimes the wrong problems are 
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solved with AI because decision-makers are unaware of which method is best suited for what (I.6; 
I.7). The latter again concerns the previously mentioned case of over-engineering. In conclusion, 
the lack of correct understanding, together with the need to build up respective know-how in the 
form of a data science workforce (I.7) that is merged into cross-functional, transparently 
communicating teams (I.4; I.7), can be an additional hurdle to adopt AI in the first place. 

Environmental barriers. External regulation also seems to play only a small role for 
manufacturing companies. Still, regulatory requirements do affect AI adoption, but mainly in the 
areas of personal and customer data privacy policies—again due to the European GDPR (I.4; I.6). 
World affairs such as the war in Ukraine and the Covid-19 pandemic with their effects regarding 
sanctions on gas supply, materials shortages, drops in demand, worker unavailability, and 
reduced IT budgets seem to play a larger role in the environmental context (I.7). However, I.7 
states that IT budgets seem to open up again soon. 

4.4.4 Comparison Between Industries 

The sole presentation of the individual factors in Table 4 is not intended to suggest that each 
driver and barrier should be considered separately. It is clear from the results how related and 
correlated they can be. However, breaking them down into individual parts not only eases the 
understanding of AI adoption but also makes cross-industry differences and similarities apparent. 
This leads back to RQ3 from the first chapter. 

Financial Services Manufacturing 
Drivers 
# 
(FS-) 

Driver TOE  # 
(M-) 

Driver TOE  

D1 Regulated data 
management 

T D1 Curiosity O 

D2 Scalability, reusability, 
flexibility 

T D2 Commitment to digitalization O 

D3 Realization of leverage 
effects 

T D3 Productivity and process efficiency O 

D4 Cost reduction O D4 Labor-intensity reduction O 
D5 Productivity and process 

efficiency 
O D5 Cost reduction O 

D6 Profit maximization O D6 Improving quality control O 
D7 Data-driven decision 

making 
O D7 AI ‘quick wins’ O 

D8 Improving CX E D8 ROI through AI investment O 
D9 Competitive pressure E D9 Sustainability / circular economy E 
D10 Cross-company knowledge 

exchange 
E 

   

D11 Achieving regulatory 
compliance 

E 
   

Barriers 
# 
(FS-) 

Barrier TOE  # 
(M-) 

Barrier TOE  

B1 Legacy IT T B1 AI development intertwined with 
physical infrastructure 

T 

B2 AI development tools T B2 Inflexibility, expensiveness of 
buyable AI solutions 

T 
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Financial Services Manufacturing 
B3 Data T B3 Data T 
B4 Unpredictability of AI 

projects 
T B4 AI model accuracy T 

B5 AI model accuracy T B5 ‘AI overengineering’ (AI not the best 
solution) 

T 

B6 Explainability T B6 Speed of technical development T 
B7 Industry culture and risk 

aversion 
O B7 Cloud-isolated deployment of AI 

solutions 
T, O 

B8 Cross-functionality and 
agility 

O B8 Internal data privacy policies O 

B9 Leadership commitment O B9 Lack of standardization O 
B10 AI strategy O B10 Leadership commitment O 
B11 Company and workforce 

size 
O B11 AI deployment as a risk of 

operational disruption 
O 

B12 Know-how O B12 Industry failure culture O 
B13 Regulation and 

compliance 
E B13 Fear and change management O 

   
B14 AI understanding O    
B15 Cross-functionality and agility O    
B16 External data privacy regulations E    
B17 World affairs (war, Covid-19) E 

TOE elements: T - Technology, O - Organization, E - Environment 

Table 4-4 – Industry-Specific Drivers and Barriers of AI Adoption 

Drivers of AI adoption. In both industries, it turns out that technological factors do not primarily 
drive AI adoption. There are no drivers in the manufacturing industry (the experts did not provide 
an explanation), while there are a few in financial services. Therefore, we can conclude that AI 
does not serve an end in itself. Considering both the quantity but also their scope, the lion’s share 
of all drivers can be found in the organizational context—for both sectors. Here, it is noteworthy 
that AI in the manufacturing industry is driven by curiosity and commitment to digitalization. 
Even though these do not seem to be the strongest drivers, such aspirations in top-level 
management could not be found in the financial services sector. This circumstance could be 
related to financial services companies’ corporate cultures, meaning that technology curiosity and 
risk aversion are presumably negatively correlated. In addition, this is an example that not only 
drivers among themselves but even drivers and barriers are interrelated with each other. 
Moreover, strong similarities in the areas of productivity, cost reduction, and efficiency can be 
found between the industries. These factors, in particular, can be almost completely derived from 
economic aspirations, as in most cases, companies will just seek to achieve a positive ROI with 
single AI investments (I.7). This is relatively unsurprising, as a profit motive is the nature of a 
private company operating in the market. Other differences include the strive for data-driven 
decision-making (financial services) and AI-based quality control (manufacturing). The 
environmental context also reveals no further similarities regarding the drivers. These differ in 
terms of improving CX, competitive pressure, achieving regulatory compliance, and cross-
company knowledge exchange on the one hand (financial services) and sustainability on the other 
(manufacturing). 
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Barriers to AI adoption. In contrast to the drivers, significantly greater heterogeneity can be 
observed in the barriers for both industries. One explanation could be that challenges are not 
decision-based but usually stem from many sources. Here, in particular, the TOE framework 
provides a plausible basis for classification. Second to witness is the high volume of technological 
barriers in contrast to the drivers. Similarities in this context only concern the challenge of lacking 
data, unsatisfactory AI model accuracy, and a lack of complementary tools, albeit with divergent 
manifestations of this barrier. In financial services, people tendentially shy away from new types 
of open-source technologies for development. In manufacturing, organizations often avoid using 
cloud technologies to simplify solution deployment. Strong correspondences in the organizational 
context only exist in the fields of know-how and AI understanding, and cross-functionality and 
agility. However, any similarities in leadership commitment and industry culture should be drawn 
carefully. In the manufacturing industry, in particular, this result must be viewed from two sides: 
Some companies have a low level of AI adoption due to a lack of commitment. Other companies, 
however, are characterized—as described in the drivers—by a strong desire for curiosity and 
digitization at the management level. Finally, the largest industry-specific differences can be found 
in the environmental context. Even if high data protection regulations exist, especially in Europe, 
the strict requirements for financial institutions cannot be compared with any other industry. It 
is precisely these compliance regulations that probably represent one of the biggest hurdles for 
financial services providers. 

4.5 Discussion 

First, the findings of drivers and barriers for financial services and manufacturing are discussed 
and connected to the literature. Then theoretical and practical contributions, limitations, and 
future research follow. 

4.5.1 Theorizing and Generalization of Drivers and Barriers 

In the results, one could be taken aback by the almost complete absence of technical drivers. In 
order to find a presumed explanation, we first take a look at the theoretical cross-industry 
generalization of drivers in the other two contexts. Productivity, accuracy, speed, and cost 
reduction are industry-independent drivers and, therefore, can be interpreted as ‘hard’ economic 
factors. This finding supports the findings of general factors from Cubric (2020) that value-related 
incentives primarily drive AI adoption. From an outside-in perspective (i.e., mapping the generic 
drivers/barriers from the theoretical background onto this study’s findings), other drivers can be 
interpreted as ‘soft’ determinants since these could not be found at all (e.g., increasing well-being) 
or not to the same extent for both industries (e.g., decision-making, sustainability, CX). This stands 
under the proviso that some factors (e.g., sustainability) could not yet be verified as AI adoption 
drivers. From an inside-out perspective (i.e., mapping this study’s findings onto the generic 
drivers/barriers from the theoretical background), the data of this study also show that, beyond 
the generic drivers, there are novel industry-specific factors that cannot be generalized to other 
industries (e.g., regulated data management as a driver, enhanced quality control, sustainability). 
The strong economic orientation of the drivers discussed could represent a possible causality for 
the absence of technical drivers. Conceivable drivers are presumably still too detached from 
organizational and environmental factors at present, so that at least the conscious existence of 
such technical drivers is not given. 

In the context of barriers, generalization becomes much more difficult. Here again, a few ‘hard’ 
barriers can be found that apply to both industries. These primarily concern the technological 
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context (e.g., data and tool availability, AI models’ accuracy) and the organizational context (e.g., 
required expertise and know-how, cross-functionality, agility). Nevertheless, significantly more 
‘soft’ barriers can be found—i.e., those challenges that are not universally applicable. A look into 
the environmental context shows that one who wants to infer from the generic challenges (see 
Table 1) to those of the specific industry will likely miss out on the industry’s key AI adoption 
determinants. The role of regulation and compliance for financial services companies, for 
example, cannot be generalized over all industries. 

4.5.2 Contributions, Limitations and Future Research 

If a company adopts AI, it has great potential for saving time and costs, thus increasing profits. 
Therefore, many general drivers and barriers to AI adoption have been identified in the last years 
(e.g., Zöll et al. (2022); Kar et al. (2021); Cubric et al. (2020) and Pumplun et al. (2019)). However, 
these general factors cannot indicate why AI is utilized in some industries more than others. While 
AI offers great possibilities in the financial service and the manufacturing industries, and some 
use cases are already implemented in both, they still differ significantly. Thus, we first gave an 
overview of existing factors in AI adoption and clustered them according to the TOE framework. 
We then conducted interviews to identify industry-specific drivers and barriers to AI adoption. 
Those were again clustered into the three TOE categories and compared across industries. It was 
possible to derive hard (generalizable) and soft (non-generalizable) AI adoption factors. 

Our case study provides several theoretical contributions. First, we present an overview of the 
drivers and barriers to AI adoption in financial services and the manufacturing industry. 
Comparing these determinants resulted in a classification into soft factors (industry-specific) and 
hard factors (generalizable). Soft drivers in the manufacturing industry are, for example, the 
curiosity of companies, while an exemplary barrier in the financial service industry is their legacy 
IT. More generalizable factors are especially technological barriers such as available data and AI 
model accuracy, i.e., factors that are specific to AI. By conducting interviews, it was possible to 
draw a picture beyond correlated AI adoption variables and identify dynamic cause-and-effect 
relationships. As a result, a holistic view close to organizational structures could be given. Second, 
by demonstrating unique factors (soft factors) and general drivers and barriers (hard factors), we 
extend the TOE framework by including industry-specific determinants in technology adoption. 
In addition, initial evidence suggests that these drivers and barriers influence the adoption of AI 
to a varying degree. Therefore, we contribute to the industry-specific research of AI adoption and 
provide a basis for the future development of AI applications. This is likely transferable to the 
adoption of other technologies as well. Third, to the best of our knowledge, we are the first to 
combine Eisenhardt (1989) and Yin (2014) into one methodology that can guide future research. 
The methodology allowed a deep insight into the industries to derive the different factors of AI 
adoption. 

Besides that, we have practical implications for industry stakeholders, business decision-
makers, and AI executives. First, having the research designed as a multiple-case study, all results 
can serve as a form of anonymized, cross-company knowledge-sharing, enabling market and 
technology transparency in several ways. Identifying use cases and the state of AI adoption 
provides the necessary information to understand the current industry situation and consider the 
underlying context. Second, the study can serve both as a starting point for market analyses and 
technological investigation of AI adoption. Any industry stakeholder in financial services or 
manufacturing who seeks to advance their organization in the direction of AI adoption will find a 
detailed summary of drivers and barriers in this study. Lastly, AI specialists or consultants can 



4 Paper B: An Industry-Specific Investigation on Artificial Intelligence Adoption: The Cases of 
Financial Services and Manufacturing 

58 

benefit from understanding their customers’ needs, challenges, and motivating influences behind 
their AI adoption journeys. 

This study is also subject to limitations. Due to the limited number of interviews, only two 
industries in Germany and UK were investigated, with only three/four interviews per industry. In 
addition, regarding the use of the TOE framework, it is not possible to separate the drivers and 
barriers strictly according to the three contexts, as many factors are intertwined, e.g., having 
enough data is considered a technological barrier, but a data-driven culture would support getting 
them as part of organizational context. Pumplun et al. (2019) classified the AI readiness factor 
‘data’ into the organizational context with the argument that data must be available and accessible 
within a corporate organization in order to adopt AI. 

Among other thoughts, these limitations provided the basis for the following proposals for 
further research. Thus, the same research design can also be applied to other industries. 
Thereby, the theoretical industry-specific contributions of this study may be extended, and 
valuable practical insights could be given. The investigation of AI adoption in the public sector is 
highly recommended, as respective drivers for AI adoption may differ from economic aspirations 
in business. In addition, qualitative methods can focus on overcoming adoption barriers, 
contributing to developing corporate AI strategy frameworks. Finally, just like in previous 
research patterns, future studies are recommended to use quantitative methods to verify this 
study’s findings and determine each factor’s importance. 

4.6 Conclusion 

In this paper, we draw a holistic picture of AI adoption in the financial services and manufacturing 
industries. The research design enabled the elaboration of advanced and dynamic influences on 
AI adoption. The viewpoint has shifted from general AI readiness factors to an industry-specific 
perspective. The main point to emphasize here is that the driving factors for AI adoption are 
mostly economic aspirations. In contrast, barriers are heterogeneous, and different conclusions 
can be drawn for every TOE context. In the technological context, they exhibit many generic 
patterns across the sectors. However, the organizational context consists of a significant amount 
of industry-specific variations. Environmental barriers could be identified as specific and hardly 
generalizable. In the next step, additional industries will be added to our research to provide even 
more insights. 
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5.1 Introduction 

An enormous amount of novel machine learning (ML) services has recently gained traction in the 
market. However, pricing these services is notoriously difficult and how much users are willing to 
pay is uncertain, especially since it is not clear which attributes are important to the users of ML 
services. Various use cases of ML services exist that support users in their day-to-day tasks and 
support independent decision making (Berente et al., 2021; Peters et al., 2020; von Wedel & 
Hagist, 2022). A so far rarely explored use case of a ML-infused service supporting decision 
making, which shows high potential, is the application of ML in the context of software testing. 
Software testing is an essential part of the software development process as it ensures the quality 
of the software (Zhao et al., 2021). Due to the high share of human labor in form of experience and 
knowledge, software testing consumes a lot of time and hence leads to high costs (Enoiu et al., 
2020; Guveyi et al., 2020). According to a survey among CIOs, 23% of the annual IT expenditure 
is spent yearly on software quality assurance. Although the costs decreased slightly in recent 
years (cf. 35% in 2015), approximately a quarter of the budget remains a significant percentage 
(Walgude & Natarajan, 2019). One approach for reducing time and costs while ensuring high 
quality is the use of technologies based on machine learning (in the following referred to ML-
based software testing tools) (Hourani et al., 2019).  

As software becomes more complex in general and the range of available software increases, the 
number of tests required also increases and needs to be more comprehensive. Costs and effort 
increase especially towards the end of the development process and even after the software has 
been deployed (Madera & Tomoń, 2017). In addition, safety-critical software and ML software 
make testing more complicated (Ebert et al., 2022). Furthermore, software companies aim to be 
cost-efficient and rapid in the development of software (Storey et al., 2022). These objectives 
reveal great potential for providers of respective tools (Durelli et al., 2019). Although some ML-
based software testing tools already exist in practice and many algorithms have been presented 
and tested in theory (Shafiq et al., 2021), they still do not seem to be established on the market. 
For example, algorithms that generate test data, select test cases, or even estimate the duration of 
tests can be found in theory. In addition, these algorithms have been proven to be profitable based 
on individual use cases (Rathore & Kumar, 2021), especially since traditional testing—i.e., without 
the use of ML-based tools—is prone to human error (Durelli et al., 2019). Nevertheless, this 
emerging technology does not yet seem to have been adopted by companies, possibly because of 
their heterogeneous needs and individual requirements that such a tool must fulfill.  

However, companies seem to have a considerable amount of budget available, which is already 
being spent on testing (Ebert et al., 2022). Therefore, a solution for low-cost, fast, and still high-
quality testing would be ML-based tools that relieve the software testers and thus their respective 
companies (Shen et al., 2018). The objective of this paper is to provide first insights into the 
willingness to pay for ML services used in their day-to-day work. This leads to the following 
research questions:  

1. Which attributes of ML-based software testing tools determine the willingness to pay of users? 

2. How much are users willing to pay for ML-based software testing tools? 

Our study can thus contribute by identifying attributes for ML-based software testing tools 
besides those already existing in the literature and rank them according to their importance for 
potential users. In addition, specific prices are linked to the attributes and the resulting product 
combinations. Those attributes and prices can then be generalized and used for ML services. 
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The remainder of the paper is structured as follows: First, an overview of willingness to pay for 
ML is given and the fundamentals and the most researched types of ML-based software testing in 
the literature are explained in section two. Then, in section three, the methodology of the conjoint 
analysis is presented, whereby a focus is on the literature search and Delphi study necessary for 
the determination of the characteristics. This is followed by the analysis of the results in section 
four, focusing on the results of the conjoint analysis as well as providing insights on possible user 
segments, which are then discussed in section five. Finally, the paper ends with a conclusion in 
section six. 

5.2 Theoretical Background 

In the following, first, an overview of previous research on the willingness to pay in the field of ML 
is shown. Then, ML-based software testing is introduced by presenting existing literature and 
defining the use case of test case generation.  

5.2.1 Willingness to Pay for ML 

Willingness to pay (WTP) describes the maximum amount a person is willing to pay for a product 
or service (Kalish & Nelson, 1991). The consumer is indifferent to buying the product for this 
amount (Moorthy et al., 1997). Knowing the WTP, both the sales volume and the profit margin can 
be maximized, and the concept is therefore used for pricing (Le Gall-Ely, 2009). Since the needs of 
individuals are subjective and influence WTP, determining the WTP remains challenging. Several 
approaches, such as experiments, direct surveys, or indirect surveys like conjoint analyses, exist 
to quantify consumers’ willingness to pay (Breidert et al., 2006).  

Before several approaches are pointed out how WTP for ML has already been addressed, it is 
important to define and frame the term ML first. In this paper, artificial intelligence (AI) is 
understood as an overarching term for ML, and ML makes decisions based on experiences (Russell 
& Norvig, 2021). In this paper, we restrict ourselves to the term ML.  

In the field of ML, only a few papers examined the willingness to pay. One cluster addresses ML-
designed products: Although people were first willing to pay more for t-shirts with an ML-
generated print, the willingness to pay decreases slightly when people are informed that the print 
was created by a ML algorithm instead of a human (Sohn et al., 2021). H. Zhang et al. (2022) obtain 
a similar result: Consumers are willing to pay more for t-shirts designed by a ML algorithm. Most 
similar to our focus are the papers regarding the willingness to pay for ML in the medical context. 
For example, von Wedel and Hagist (2022) examine the experience and willingness to pay for ML-
based assistance systems in the medical field. Due to the absence of adequate tools, they first 
identify fundamental characteristics such as the provider as key attributes for the willingness to 
pay. Afterward, they were able to show that the willingness to pay for such tools exists. However, 
due to the specific context and possible regulations in the medical context, these papers provide 
initial insights, and we are expanding to consider a novel use case. Other papers on WTP for ML 
in a broader sense are Peters et al. (2020) who can demonstrate in their study that consumers are 
particularly willing to pay more for transparency features in intelligent systems. In addition, 
Morita and Managi (2020) can show that consumers in Japan are willing to pay more for an 
autonomous vehicle, but the willingness remains lower than in the U.S. Finally, a research area on 
ML used for the calculation of the WTP exists (e.g., (Nguyen et al., 2022; Ramsey & Bergtold, 
2021)). 
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One important method for determining WTP is a conjoint analysis. Conjoint analysis has been 
successfully applied for many years and was continuously improved (Green & Srinivasan, 1978). 
The choice-based conjoint analysis as an extension has been applied to many contexts in the lasts 
years like smartphone mobile operating systems (Böhm et al., 2015), platform as a service 
solutions (Giessmann & Stanoevska-Slabeva, 2013), content preferences of newspaper readers 
(Kanuri et al., 2014), web identity management systems (Roßnagel et al., 2014), augmented 
reality in production environments (Schuir & Teuteberg, 2021), smart meters (Albani et al., 2017), 
digital assistants (Ebbers et al., 2021), in-vehicle assistants (Mihale-Wilson et al., 2019). Similar 
to our use case, most of these papers first identify attributes, and then determine the WTP using 
choice-based conjoint analysis. While WTP is usually measured for consumer products, the 
considered product of our use case is intended for employees. Goebel et al. (2018), for example, 
examined the WTP of purchasing managers successfully, but noted that WTP methods are mostly 
applied to consumers. Since our aim is to determine the preferred features of the product, we 
perform a choice-based conjoint analysis with employees.  

5.2.2 Machine Learning-based Software Testing 

Software testing is a crucial part of the process of software development. It is a way of measuring 
and determining the quality of an IT system (referred to as a system under test). Depending on 
the project phase, single functional parts are tested as part of a unit test, or the integration of 
several parts, or even the entire system is tested. The primary goal is to uncover errors in order 
to improve and correct them. An error or bug occurs when the software does not meet the 
requirements or expectations of the users (Pandey et al., 2020). It is important to emphasize that 
a system can never be fully tested, especially only relying on human resources (Ahmed & Zamli, 
2011). Therefore, it is recommended to perform diverse and as many tests as possible (Segura & 
Zhou, 2018). To support the software testers in their day-to-day work, numerous ML-based 
software testing tools have been developed in theory (e.g., (Dejaeger et al., 2013; Kesri et al., 2021; 
Tahvili et al., 2018)). In the context of this paper, ML-based software testing can support manual 
testing, but especially improve automated testing. 

Both in literature and practice, two concepts should be distinguished (Gezici & Tarhan, 2022): 
Software testing, where ML provides support—this is the focus of this paper—and the testing of 
ML algorithms. The latter may also be facilitated by ML and could utilize the same algorithms, but 
the use case is highly specific and could lead to confusion in the survey conducted as part of this 
paper. In the following, ML-based software testing is thus referred to as the testing of ordinary 
software with the support of ML. 

There is neither a single nor a standardized solution for ML-based software testing since the 
variety of different tests and testing approaches is matched by the variety of algorithms and tools 
that exist or have been proposed in the literature. They differ, for example, in terms of the applied 
AI algorithms—neural networks, clustering such as kNN or decision trees are commonly utilized 
(Lima et al., 2020). In the context of this paper, the available ML-based software testing tools are 
categorized according to their areas of application (Durelli et al., 2019; Hourani et al., 2019; Shafiq 
et al., 2021). The following exist:  

• Test Case Generation—Generation of test cases from requirements or code using Natural 
Language Processing (NLP) (Dadkhah et al., 2020; Kesri et al., 2021; Memon et al., 2001).  

• Test Data Generation—Generation of test data, meaning the automatic identification of input 
data for test cases, e.g., through specific ML algorithms like backtracking, AI planning, or 
swarm intelligence (Gupta et al., 2004; Rabbi et al., 2018; Xing et al., 2014).  
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• Test Oracle Generation—Test oracles are the set of program results depending on the input 
data (Barr et al., 2015); these can also be extracted automatically using classification, support 
vector machines, or neural networks (Gholami et al., 2018; Khatibsyarbini et al., 2021).  

• Test Case Selection/ Prioritization—To save time and costs, it is convenient to perform only 
certain tests or to begin with the most important ones. The selection or prioritization can be 
supported by ML algorithms in the areas of classification, clustering, or swarm intelligence 
(Kazmi et al., 2017; Khatibsyarbini et al., 2021; Pan et al., 2022).  

• Test Estimation—ML can also be integrated into secondary tasks such as estimating the 
remaining duration of tests, e.g., using regression. This can support managers in their planning 
of the remaining software project or test case selection/prioritization (Tahvili et al., 2018).  

• Software Fault Prediction/ Bug Prediction/ Defect Prediction—All terms are used 
synonymously and describe the prediction in which modules of the software errors are likely. 
Algorithms such as dimensionality reduction, Naive Bayes, or neural networks are applied 
here (Catal & Diri, 2009; Dejaeger et al., 2013; Gondra, 2008; Z. Li et al., 2018). 

Throughout this paper, the focus is primarily on test case generation, since this use case is a 
common task for software developers and software testers. Additionally, the adoption of ML for 
test case generation is considered to be the most suitable use case by the experts in our—later 
described in detail—Delphi study. Therefore, this use case will be presented in more detail.  

It is extremely time-consuming to manually generate test cases from requirements, as these often 
do not match a given standard since they are written by several domain experts. Thus, natural 
language processing (NLP) algorithms can support software testers by reducing time and costs, 
as well as producing results without human errors (Kesri et al., 2021). In addition, test cases can 
be derived directly from code. Since many dependencies exist between the system modules, the 
generation of test cases can become very complex. Therefore, a form of knowledge management 
is often applied during the generation of test cases (Dadkhah et al., 2020; Kesri et al., 2021). 
Furthermore, automated planning for graphical user interfaces was utilized for test case 
generation (Memon et al., 2001).  

ML appears to have arrived in software engineering research, especially in software testing 
(Shafiq et al., 2021) and numerous opportunities exist to reduce software testing costs and time 
and minimize errors. However, although many tools assist programmers, human testers are not 
obsolete and will not be replaced. Many tasks, such as defining the test objectives or analyzing the 
test results, remain the responsibility of individuals, which means that the focus of ML-based 
software testing tools is on providing support (Itkin et al., 2019; T. M. King et al., 2019; Marselis, 
2020). 

Although a substantial amount of literature on potential algorithms already exists and an 
increasing number of tools are being developed, the economic aspects of ML-based software 
testing have hardly been examined. Most papers present a new algorithm that is evaluated based 
on ML-specific criteria such as accuracy (e.g., (Dejaeger et al., 2013; Kesri et al., 2021; Tahvili et 
al., 2018)). Little literature can be found on whether ML-based software testing is profitable. 
Rathore and Kumar (2021) perform a cost-benefit analysis on their algorithm and can 
demonstrate for almost all datasets that the application of their algorithm for fault prediction can 
reduce software testing costs. Herbold (2021) addresses the costs and profit of software defect 
prediction in his paper. He presents a cost model which includes different aspects such as the 
costs for software defects which are discovered after the release of the software. To the best of 
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our knowledge, no research goes beyond the focus on costs and investigates the willingness to 
pay for such solutions. 

5.3 Methodology 

To answer the research questions, we conducted a conjoint analysis, as such analysis is used “to 
measure the joint effects of a set of independent variables on the ordering of a dependent variable” 
(Green & Rao, 1971, p. 355). This involves determining the preferences of (future) users and 
generating predictions about purchasing behavior (Green & Rao, 1971). In this paper, we apply a 
choice-based conjoint analysis, originally by Louviere and Woodworth (1983), which differs from 
the traditional conjoint analysis by presenting respondents with different product combinations 
several times in a row and asking the respondents to decide between them (see Figure 5-1) and 
thus selecting the product with the highest personal utility (Ebbers et al., 2021). This results in 
more realistic data through the questioning of potential users, since the method of questioning 
leads to real preferences (Mihale-Wilson et al., 2019).  

Before conducting a choice-based conjoint analysis, the product attributes and their 
characteristics (levels) must be defined. To determine the attributes and levels, a two-step 
approach is chosen: First, a structured literature search according to vom Brocke et al. (2009) is 
conducted, followed by a Delphi study according to Skinner et al. (2015) to determine additional 
attributes and levels and eventually select them. 

5.3.1 Literature Review 

The literature search was conducted during the first quarter of 2022. In the first phase 
(“definition of review scope”) we follow Cooper’s taxonomy as suggested by vom Brocke et al. 
(2009) (see Table 5-1). We focus on the research outcome of the considered papers. Our goal is the 
integration of our results. We take a neutral perspective. The coverage is representative and the 
organization is conceptual. Our audiences are specialized scholars and practitioners (Cooper, 1988; 
vom Brocke et al., 2009).  

Characteristic Categories 

Focus Research outcome Research methods Theories Applications 

Goal Integration Criticism Central issues 

Organization Historical Conceptual Methodological 

Perspective Neutral Perspective Espousal of position 

Audience Specialized 
scholars 

General scholars Practitioners/ 
politicians 

General public 

Coverage Exhaustive Exhaustive and 
selective 

Representative Central/ pivotal 

Table 5-1 – Taxonomy of Literature Review Following Cooper (1988) 

For the second phase (“conceptualization of topic”) we got an overview of the different concepts 
of ML-based software testing using a general Google search and Google Scholar. We started by 
using the terms “artificial intelligence” and “machine learning” as synonyms in combination with 
“software testing”. We quickly realized that there is not one, but many different approaches on 
the one hand regarding the ML algorithms used, on the other hand regarding the different possible 
applications of ML in software testing. Overviews provided by Durelli et al. (2019), Hourani, 
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Hammad and Lafi (2019) and Shafiq (2021) were used for the background section of ML-based 
software testing. Our search also revealed that besides “software testing”, the terms “quality 
assurance” and “quality management” are often used. However, the combination of “quality 
assurance” and “artificial intelligence” or “machine learning” also results in many articles on 
quality assurance in manufacturing using AI. To limit the search, we added “software” to our 
search term.  

Finally, the search string “((“software testing” OR “quality assurance” OR “quality management”) 
AND (“artificial intelligence” OR “machine learning”) AND “software”)” resulted, which is used in 
the third phase (“literature search”). The search term gives 827 results in Web of Science and 
158 results in Ebscohost Business Source Premier, respectively. After removing duplicates, 953 
papers are left. In the next step, the titles and abstracts of those papers were analyzed. In this 
process, we excluded papers with 1) very specific use cases such as medicine, farming, 
manufacturing, etc. as those mainly utilize ML algorithms to increase the quality in general, not 
software quality. In addition, we excluded papers that 2) focus on only the testing of ML 
algorithms as those are—as already argued in the section on ML-based software testing—out of 
our scope. This resulted in 468 peer-reviewed papers. While reading these papers we noticed that 
they primarily focus on the application, implementation, or benchmarking of a specific or new 
algorithm (e.g., (Bouktif et al., 2014; Rabbi et al., 2018; Tahvili et al., 2018)) and thus 3) are not 
focusing on economic aspects and user demands of ML-based software testing. After excluding 
those papers, 18 papers are left; mainly literature reviews.  

In the fourth phase (“literature analysis and synthesis”), all remaining papers were read and 
analyzed for possible attributes for the conjoint analysis. However, the papers rarely outlined 
attributes, which might be essential for ML-based software testing tools. The following features 
could be extracted: 

• Accuracy, as a measure of the correctness of the tool (Briand, 2008)  

• Additional training data needed to implement the tool successfully in the company (Arora et 
al., 2015; Durelli et al., 2019) 

• Ease of use of the tool, e.g., with a user-friendly interface (Arora et al., 2015; Dejaeger et al., 
2013) 

• Explainability, as the ability to explain the predictions (Bouktif et al., 2014; Schieferdecker, 
2020)  

• Possibility for users to intervene during the calculations of the tool (Durelli et al., 2019)  

• ML skills needed to use the tool (Poth et al., 2019)  

The last phase (“research agenda”) is addressed in the discussion (see section 5.5).  

5.3.2 Delphi Study 

However, the above-mentioned factors are not sufficient to perform a conjoint analysis as levels 
and prices are missing. Therefore, a Delphi study based on Skinner et al. (2015) was conducted in 
June and July 2022. A Delphi study is useful when the opinion of a panel of independent experts is 
needed on a specific topic, as it is required to determine attributes, levels, and prices. The fifteen 
experts selected were software testers, in particular test/ quality assurance automation engineers 
including six experts with decision-making responsibilities. Half of the fifteen experts have 
between three months and five years of experience with ML-based software testing, particularly 
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in the areas of test case generation, test data generation, and fault/bug/defect prediction. The 
other half were experienced software testers without specific knowledge of ML. This gives a good 
mix of both experts in the field of ML-based software testing and experts in general software 
testing, but inexperienced users regarding ML-based software testing. 

In sequential rounds, the experts were asked via emails to participate in an online survey about 
features, their importance, possible levels, and prices. For the specific case of test case 
generation—as this was most familiar to the experts—attributes such as accuracy, adaptability, 
cost-saving, community, documentation, ease of use, explainability, flexibility, integration, 
reliability, security, and test case coverage were listed. The three which ranked highest (~10% of 
all mentioned attributes following Skinner (2015)) were accuracy, integration, and ease of use. 
The derived levels are shown in Table 5-2. Willingness to pay for one license per month indicated 
by the participants ranged from €0.99 to €2000. Here the median of €150 was chosen and the 
prices of €50, €150, and €250 were derived. In addition to the statements of the experts, pricing 
of existing tools was referred to for comparison. The tools available on the market are quite 
comprehensive and vary in terms of what they offer, so only a rough price range can be given here. 
Since ML-based software testing tools are still new, many companies do not state their pricing on 
the website, possibly because they are determining their customers’ willingness to pay. Thus, for 
example, Github offers the open source tool Github Copilot, which is available for business users 
for $19 per month per user. Here, the focus is on the completion of code in particular (GitHub 
Copilot, 2023). Perfecto offers a license starting from $125 per month which provides in particular 
automatic debugging (Perfecto, 2023). Sofy offers for $549 per month, among other things, test 
case selection/prioritization (Sofy, 2023). Thus, the pricing of existing tools confirms the prices 
from the experts. In the last round of the Delphi study, the consensus of the participants was 
confirmed.  

Attributes Attribute Levels 

Accuracy Low (90%) 

 Moderate (95%) 

 High (99%) 

Integration The tool is separated from the programming environment. 

 The tool is integrated into the programming environment. 

Ease of Use The tool takes some time to get used to and requires some 
familiarization. 

 The tool is simple to use with a user-friendly interface. 

Price per license per month €50 

 €150 

 €250 

Table 5-2 – Attributes and Attribute Levels for the Conjoint Analysis 

5.3.3 Conjoint Analysis 

After determining the attributes and levels through the iterative questioning of experts in the 
Delphi study, the choice-based conjoint analysis was designed using the software tool Conjointly 
(Conjointly, 2022) and integrated into an online survey. The survey is structured as follows: First, 
an introduction to ML-based software testing and in particular to the use case of test case 
generation was presented with a focus on the attributes and their levels (see Table 5-2). Then, the 
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participants were randomly assigned 12 combinations according to the scheme in Figure 5-1 with 
the task of selecting the best combination for them or none at all. This “none” option is a special 
design choice that leads to a balanced response behavior (Gensler et al., 2012). Finally, we 
collected demographic data such as age, gender, and software testing experience, as well as 
company size.  

After developing the questionnaire, we conducted a pretest among IS researchers independent of 
this project for clarity, framing, and the time needed to participate. Subsequently, small details 
were added for better understanding, such as a visual representation of the levels. Finally, the 
participants were approached by a research institute, as the target group is very specific. It was 
ensured that the participants had experience in software testing. 

Integration The tool is integrated 
into the programming 
environment 

The tool is integrated 
into the programming 
environment 

The tool is separated 
from the programming 
environment 

None of 
them 

Accuracy Low (90%) High (99%) Moderate (95%) 

Ease of use The tool is simple to 
use with a user-
friendly interface 

The tool takes some 
time to get used to 
and requires some 
familiarization 

The tool is simple to 
use with a user-
friendly interface 

Price per 
license per 
month 

€150 €250 €50 

Figure 5-1 – Sample Choices for Conjoint Analysis 

A total of 119 software testers participated in the survey conducted in September 2022. 
Participations that seemed unrealistic due to a short response time and duplicates were 
eliminated directly by the survey tool. On average, the duration of the survey took a little over 7 
minutes. By recruiting the participants through a market research institute, it was ensured that 
all the participants work in the quality assurance unit of an IT department, i.e., software testing, 
in Germany, which is important for the price range. 
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  # %    # % 

Gender Male 66 55.
5 

 Number of 
Employees 

Less than 100 29 24.
4 

Female 53 44.
5 

 100-499 36 30.
3 

Divers 0 0.0  500-999 20 16.
8 

Age 18-25 10 8.4  1000-2499 21 17.
6 

26-35 50 42.
0 

 2500-9999 7 5.9 

36-45 32 26.
9 

 Over 10000 6 5.0 

46-55 19 16.
0 

 Experience Test 
Case Generation 
in years 

Less than 1 29 24.
4 

56-65 6 5.0  1-2 45 37.
8 

Over 66 2 1.7  3-5 22 18.
5 

     More than 6 23 19.
3 

Experience 
Software Testing 
in years 

Less than 1 18 15.
1 

 Years employed 
in current 
company 

Less than 1 9 7.6 

1-2 31 26.
1 

 1-2 34 28.
6 

3-5 38 32.
0 

 3-5 36 30.
3 

More than 6 32 26.
9 

 More than 6 40 33.
6 

Table 5-3 – Demographic Data and Control Variables 

The gender distribution is balanced with 55.5% of participants identifying as male, and the 
remaining as female. Almost half (42%) of the participants are between 26 and 35 years old; a 
quarter (26.9%) are in the range of 36-46 years and the remaining participants are split among 
the other age groups (see Table 5-3). A third (32%) of the participants have three to five years of 
experience in the field of software testing; only 15% have less than one year of experience. As 
expected, experience in the area of test case generation is slightly lower with about 40% having 
one to two years of experience and about a quarter (24.4%) having less than one year of 
experience. The respondents have also been employed in their current company for quite a long 
time (63.9% at least three years). Regarding the size of the company, expressed as the number of 
employees, no clear trend can be observed; only large (> 2,500 employees) and very large 
companies (> 10,000 employees) are hardly represented.  
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5.4 Results 

Figure 5-2 shows the relative importance of the attributes. Besides the most important attribute, 
price per license per month, participants tend to have a special interest in the accuracy of the tool. 
Integration and ease of use seem to be similarly relevant to the participants. 

 

Figure 5-2 – Relative Importance of the Attributes 

The respective level part worth (often referred to as level values, conjoint analysis utilities, or 
attribute importance scores) are shown in Figure 5-3, which reflect the preferences of an average 
consumer. More preferred levels receive a higher rating than less preferred levels. The individual 
levels per attribute add up to zero. The most preferred level is an accuracy of 99%; the second 
most is a price of €50 per license per month. The least preferred level is an accuracy of 90% and 
the second least preferred is a price of €250. 

 

Figure 5-3 – Level Part Worth 

Next, Figure 5-4 gives the distribution of preferences for the respective levels. For both integration 
and ease of use, respondents are nearly indifferent overall with about half selecting “yes” and half 
“no”. In addition, half of the participants chose €50 per license per month as the preferred level, 
and also half 99% as the most preferred accuracy. 

 

Figure 5-4 – Distribution of Preferences for the Respective Levels 

Combining the attributes and respective levels into products, it can be observed that the most 
preferred product has the following attributes: A simple-to-use tool with a user-friendly interface, 
an accuracy of 99%, and possible integration into the respective programming environment for 

12%
35%

39%
13%

0% 5% 10% 15% 20% 25% 30% 35% 40% 45%

Ease of Use
Accuracy

Price per licence per month
Integration

-06%
06%

-23%
04%

19%
18%

03%
-21%

-04%
04%

-25% -20% -15% -10% -5% 0% 5% 10% 15% 20% 25%

Ease of Use: No
Ease of Use: Yes
Accuracy: 90 %
Accuracy: 95 %
Accuracy: 99 %
Price per licence per month: € 50
Price per licence per month: € 150
Price per licence per month: € 250
Integration: No
Integration: Yes

No; 40,2%

90%; 15,7%

€50; 52,3%

No; 44,6%

Yes; 59,8%

95%; 29,9%

€150; 29,5%

Yes; 55,4%

99%; 54,4%

€250; 18,2%

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Ease of Use

Accuracy

Price per licence per month

Integration



5 Paper C: How Much Are Machine Assistants Worth? Willingness to Pay for Machine 
Learning-Based Software Testing 

70 

€50 per license per month. This combination could generally be described as the “best” product, 
since all attributes achieve the highest level, while the price is the lowest. 

Based on this result, the marginal willingness to pay is determined. It describes the amount that 
participants are willing to pay for a certain level of an attribute, i.e., the additional amount they 
are willing to pay to switch from level A to a superior level B (see Figure 5-5). 

 

Figure 5-5 – Marginal Willingness to Pay 

To the median user, an easy-to-use tool is worth as much as a price reduction of €24.39. To a 
median person, an increase in accuracy from 90% to 95% or 99% is worth as much as a decrease 
in price from €85.26 and €117.87, respectively. And to the median person, the possible 
integration of the tool into a programming environment is worth as much as a reduction of the 
price by €17.21.  

Finally, the marginal willingness to pay will be examined by dividing the participants into 
customer segments according to the demographic data gender, age, experience in software testing 
and the control variable size of the company as these provide the most interesting results. 
However, the findings must be interpreted with caution, as they are derived from a smaller 
number of data points. Figure 5-6 shows the marginal willingness to pay according to gender. The 
baseline willingness to pay is omitted, as it is always zero. Interestingly, women are willing to pay 
more for ease of use, but less for integration. They are also willing to pay almost twice as much as 
men for 99% accuracy.  
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Figure 5-6 – Marginal Willingness to Pay According to Gender 

Likewise, the segmentation by age (see Figure 5-7) shows large differences. The age group 
between 36 and 45 is particularly willing to pay a great amount for high accuracy. When it comes 
to integration, it can be seen that people over 56—participants between 56 and 65 and over 65 
were grouped as the small number is not representative—have a negative willingness to pay.  

 

Figure 5-7 – Marginal Willingness to Pay According to Age 

Lastly, the segmentation according to the years of experience and to the number of employees 
cannot be included as a figure due to page limitations, but show interesting results. First, 
regarding the experience: It shows that experienced employees in particular are willing to pay 
more for integration (€73.51 compared to around €10). With more experience, the WTP for 
accuracy increases and the WTP for ease of use is balanced throughout the years of experience. 
Second, regarding the size of the company: Software testers from smaller companies are willing 
to pay less for the attributes, except for companies with 100 or less employees, here the 
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willingness increases. The WTP increases with the size of the company with two exceptions: 
Employees of companies with between 2500 and 9999 employees are willing to pay the most for 
99% and 95% accuracy with €386.25 and €345.92, respectively. Small companies with 100 or 
fewer employees would pay least for integration with only €8.74, and the WTP for integration 
also drops to €17.21 for companies with 1000-2499 employees. 

5.5 Discussion 

Although software testing is an essential part of software development and a large budget is spent 
on it, many organizations seem hesitant to develop suitable ML-based software testing solutions. 
The adoption of such a ML-based tool would not only reduce the cost but also decrease the time 
required and prevent human errors. Therefore, this paper examined the ideal design of ML-based 
software testing tools by evaluating the willingness to pay of potential users using a choice-based 
conjoint analysis. A two-step process was adopted to determine the required attributes, levels, 
and prices: First, a structured literature review and subsequently, a Delphi study with experts in 
the field of ML-based software testing.  

This approach provides several theoretical contributions. First, many concepts and algorithms 
utilizing ML exist in the literature to support software testers and developers in their daily work. 
However, hardly any economic aspects or characteristics that are essential when selling these 
tools to users are considered (Barney et al., 2012). Some attributes such as accuracy (Briand, 
2008), ease of use (Arora et al., 2015; Dejaeger et al., 2013), or explainability (Bouktif et al., 2014; 
Schieferdecker, 2020) were gathered as part of the literature review. In addition, we determined 
new attributes, as well as their levels and prices as part of our Delphi study. In particular, accuracy 
was identified as an important attribute by the experts. It is not only used by most of the papers 
from the literature review to evaluate the quality of their algorithm or tool (e.g., (Dejaeger et al., 
2013; Kesri et al., 2021; Tahvili et al., 2018)), but is also identified by the experts as a key attribute. 
Similarly, ease of use of the tool was rated as essential by the experts, thus this attribute from the 
literature is confirmed in practice. The additional attributes identified in the literature, such as 
ML skills or the extension of the tool with own test data, however, were rated as having less 
influence on the purchasing behavior of a user in the Delphi study. Instead new attributes such as 
flexibility, integration, and reliability were identified. Peters et al. (2020), for example, showed 
that the attribute transparency is important for intelligent systems, which was also identified in 
the Delphi study. Thus, these attributes are not limited to just software testing tools but can also 
be applied to other ML-based tools, especially accuracy, which is a typical measure for ML. In 
addition, the attribute ease of use is generalizable for tools, since they should especially be easy 
to use in order to be adopted. Furthermore, the results of the conjoint analysis demonstrate the 
users’ view on ML-based software testing tools which results in price as the most important 
attribute for the participants. Besides price, accuracy is considered to be the most essential 
attribute for potential users. The participants are willing to pay up to €120 per license per month 
more for an increase in accuracy from 90% to 99%. Integration and ease of use are also perceived 
by the participants as being relevant as the second and third most important attributes and they 
both receive a marginal willingness to pay of around €20. This implies that future research should 
focus on explainability. Although the high willingness to pay indicates the users’ preference for 
exceptionally high accuracy, the increase from 95% to 99% is very costly in the development. This 
leads to the question of whether other attributes should be emphasized instead of such a high 
increase in accuracy during the development. From this some practical contributions follow. 
First, as only a limited number of tools exist on the market, but a lot of research is already 
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conducted on how to develop ML-based software testing tools, we encourage the implementation 
of these tools from theory into practice, especially as many companies have a relative high budget 
available. Due to the focus of the participants on price, a specific price strategy by gaining market 
shares via initially low prices and bounding users by lock-in effects can be recommended. The 
price can then be increased over time and, above all, the willingness to pay of different user types 
can be skimmed off by offering different product combinations. In addition, it is possible to 
integrate additional use cases to test case generation into one tool or platform. Second, users can 
be segmented especially according to number of employees as licenses for ML-based software 
tools are mainly sold to companies. The analysis of user segments revealed a negative willingness 
to pay for the attribute integration among the oldest participants. Thus, the integration should be 
optional, i.e., users should be able to choose whether they want to integrate the ML-based tool 
into their existing programming environment.  

However, our contributions are also subject to limitations, which must be considered when 
identifying and adopting the results or for the design of similar studies. First, the willingness to 
pay determined in the conjoint analysis depends on the attributes and levels selected and 
presented. Although these have been developed and tested by experts, an additional attribute or 
level can alter the analysis. In addition, the marginal willingness to pay is only within the range of 
the predetermined prices. However, different prices would only change the level of the 
willingness to pay and should not lead to a different result. Therefore, the conclusions drawn only 
apply to the selected combination. Second, since there are currently not many ML-based software 
testing tools on the market, it can also be assumed that most participants in the conjoint analysis 
have little or no experience so far. Hence, it can only be derived that the attributes in the order 
accuracy, integration, and ease of use are important to our participants. This might also change 
over time as users become familiar with ML-based tools. Finally, the focus on price must be 
interpreted with caution, since the respondents usually get the tools paid by their employers. 
Thus, if the prices of the tools are eventually within the budget, the exact price is presumably not 
important to a single user, but to the company.  

Therefore, we can derive further research from the contributions and limitations. We want to 
focus on three: First, examining the WTP of other ML-based services, and thus other attributes, 
could lead to additional insights. Especially comparing the WTP of traditional services and ML-
based services could lead to fascinating results. Second, it would be interesting to offer users a 
real tool to determine their willingness to pay. Third, to the best of our knowledge, we are one of 
the first to conduct choice-based conjoint analysis in a corporate context. This could lead to 
develop new methods for future research. 

5.6 Conclusion 

In summary, it was shown that machine learning has entered the software testing literature and 
offers great potential in practice. Not only can time and costs be saved through the automatic 
development of test cases, but human errors can also be reduced. In particular, high accuracy, an 
easy-to-use tool, and integration into the programming environment are important to users and 
lead to an increase in willingness to pay. The most preferred product combination for the users is 
99% accuracy, high usability for example through a user-friendly interface, and the ability to 
integrate the tool into an existing programming environment for a price of €50 per month for a 
license. Other interesting attributes such as transparency or availability of documentation were 
identified which might be relevant for other ML-based services. However, as such tools and 
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especially ML-based software testing tools are hardly available in practice, it will be worth 
developing them with a focus on accuracy, ease of use, and integration.  
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6.1 Introduction 

In an era where technology has become an integral part of our daily lives, artificial intelligence 
(AI) facilitates various aspects of work (Berente et al., 2021; Brynjolfsson & Mitchell, 2017; Russell 
& Norvig, 2021). For example, AI is expected to create new roles with new tasks requiring skills 
such as creativity, problem-solving, or empathy (Bryant, 2023). As AI evolves, advances in 
Generative AI (GenAI), especially in Large Language Models (LLMs) over the course of the last 
year, have resulted in tools such as ChatGPT, which are expanding the potential applications and 
fostering a new era of collaboration between AI and humans. In areas like customer service, where 
ChatGPT can provide responses, in marketing, where GenAI can be used to produce content such 
as images with Dall-E 3 (Northwest Executive Education, 2023; OpenAI, 2023a) or GitHub Copilot 
in supporting coders in their daily work (GitHub Blog, 2023) new possibilities arise. So far, AI has 
been effective at performing routine tasks (e.g., translating (DeepL, 2023), freeing up human 
capacity for more engaging, creative and meaningful tasks. However, the introduction of content 
creation tools—GenAI—using LLMs such as ChatGPT and image generation tools like Dall-E 3 is 
changing the landscape and raising intriguing questions about the extent to which AI can now 
handle tasks that were once considered the exclusive domain of human creativity (Dwivedi et al., 
2023).  

Thus, the main objective of this paper is to examine whether individuals (i) improve their 
performance in complex activities with GenAI assistance (hereafter referred to as task 
performance) and (ii) how the usage of (generative) AI impacts how they feel about their work 
(hereafter referred to as perceived meaningfulness). Specifically, we are interested in how 
employees perceive their work as meaningful, given that finding passion and meaningfulness in 
their work is a top priority for many employees (Cech, 2021; Jachimowicz & Weisman, 2022). 
Academic research has supported the notion that finding one’s work meaningful can increase 
motivation and, consequently, job performance (Allan, 2017; Jachimowicz et al., 2018). To better 
understand the interaction between AI and human employees, it is thus crucial not only to 
consider how people perform at work but also how they feel about their work. 

We test our research questions in the context of programming—an area within corporate 
organizations that stands to derive significant advantages from the assistance of GenAI. In 
addition, a fusion of technical expertise and creative problem-solving is paramount in this domain. 
Specifically, ChatGPT can aid in various aspects, such as code generation, error detection, and 
testing (Perkel, 2023). While many possibilities to adopt ChatGPT and ease work exist (Dwivedi 
et al., 2023), ChatGPT cannot serve as a substitute for the primary contributions of programmers. 
Still, it can effectively streamline and enhance their work processes (Larson, 2023). Therefore, we 
examine whether AI assistance can increase task performance in programming tasks and whether 
it affects how people feel about their work (i.e., how meaningful they perceive their work). In an 
online experiment we asked 161 participants to either complete coding or debugging tasks with 
or without ChatGPT’s assistance. We observed that partly due to less difficulty higher task 
performance could be attained with the assistance of ChatGPT. Conversely, the use of ChatGPT 
resulted in partially viewing the tasks as less effortful and thus lower perceived meaningfulness 
was found among participants. However, as both tasks results are slightly different, various 
contextual factors may influence our observed effects. Consequently, our results suggest that 
ChatGPT’s assistance influences individuals’ perceptions of their work, a factor that should be 
taken into consideration in future decisions regarding human-AI collaboration. 
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The paper is structured as follows: In the next chapter, we outline the background and address 
the development of AI into GenAI. We also focus on how task performance and perceived 
meaningfulness have been measured and used in prior research. In the third chapter, we derive 
our hypotheses for our online experiments. The fourth chapter presents our methodology, where 
we describe the design of the experiment and the data collection process. This is followed by the 
analysis of the results in the fifth chapter, and a discussion concludes this paper with the findings, 
our contributions, limitations, and future research in the last chapter. 

6.2 Theoretical Background and Hypotheses Development 

This chapter is divided into two parts. First, we provide a definition and overview of AI, focusing 
on the characteristics of GenAI and ChatGPT, as well as the influence of GenAI on programming. 
Then, we will present an overview of the measurements of work engagement: task performance, 
i.e., how people perform at work, and perceived meaningfulness, i.e., how they feel about their 
work. Additionally, we point out previous work on both aspects in combination with ChatGPT. 

6.2.1 Artificial Intelligence 

In the field of AI, the emergence of GenAI, exemplified by systems like ChatGPT, has introduced in 
a paradigm shift in the perception and interaction with AI technologies. Previously, AI and its 
subcategory, machine learning (ML), were learning algorithms making decisions or predictions 
based on recognized patterns in the data (Brynjolfsson & Mitchell, 2017; Mitchell, 1997; Russell 
& Norvig, 2021). However, with GenAI and LLMs, tools such as ChatGPT, Bing Chat, or, specifically 
for programming tasks, GitHub Copilot, it became possible to generate new data from identified 
patterns rather than solely analyzing the data (Dwivedi et al., 2023; Teubner et al., 2023). Tasks 
that were once assumed to be exclusively within the realm of human capability were already being 
replaced before the advent of GenAI (Bankins & Formosa, 2020), and this trend may further 
intensify now. 

Prior research on human-AI collaboration has primarily operated under the assumption that AI 
can make decisions but not generate content (e.g., Fügener et al., 2021; Jussupow et al., 2021). It 
has been demonstrated that when the AI is correct, it can enhance human performance (Boyacı et 
al., 2023; Fügener et al., 2021), emphasizing the potential benefits of humans and AI working 
together on tasks. However, this research also indicates that humans tend to prefer challenging 
tasks and are hesitant to delegate them to AI systems, even though this delegation could improve 
performance (Fügener et al., 2022). These initial findings suggest that how humans feel about 
their work is often more important to them than how they perform. 

With regard to programming, ChatGPT or more specific tools such as GitHub Copilot offer 
programmers the means to simplify their daily work with high-quality output (GitHub Copilot, 
2023; Perkel, 2023). Programmers can now use AI to draft code, debug it, run tests, or receive 
explanations (E. Chen et al., 2023; Liu et al., 2017; Surameery & Shakor, 2023). As a result, these 
new possibilities are reshaping the way programmers work, which, in turn, impacts their 
performance and how they perceive the meaningfulness of their work. Consequently, ChatGPT 
has the potential to fundamentally transform how humans interact with technology (Haleem et 
al., 2022). 
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6.2.2 Engaging in Work 

Engagement in daily work is twofold. On the one hand, it needs to be measured by employers 
which is mainly done through performance measurements. On the other hand, the work is 
assessed by how employees feel towards it—finding meaning in their work. 

6.2.2.1 Performance 

Task performance can be defined as the effectiveness with which a person carries out an activity, 
often pertaining to a task related to their job (Borman & Motowidlo, 1993, 1997). These activities 
have a direct connection to organizational outcomes, as they either transform resources into 
products and services or support such processes (Motowidlo & Scotter, 1994). Performance can 
generally encompass various aspects, such as the quality, quantity, and relevance of service 
(Makki & Abid, 2017). The specific interpretation of performance may vary based on the 
particular field or area of interest. In our context, we define task performance based on the quality 
of execution of a programming assignment. This can be subjectively evaluated by the person 
performing the assignment (Goodman & Svyantek, 1999), but it can also be assessed more 
objectively by analyzing the individual task output (see Benlian, 2015), which in our case refers 
to the final code snippets. Since measuring performance is very complex (Ramos-Villagrasa et al., 
2019), we decided to use both. 

In AI research, performance measurements, such as accuracy, are frequently used to demonstrate 
the effectiveness of algorithms (Russell & Norvig, 2021), similar to research in human-AI 
collaboration, where performance is measured to indicate its improvement when AI is employed 
(e.g., Boyacı et al., 2023; Fügener et al., 2021). Noy and Zhang (2023) have presented a working 
paper demonstrating that productivity can be enhanced when ChatGPT is used. They also find 
evidence that ChatGPT can boost job satisfaction. Gilardi et al. (2023) went one step further and 
demonstrated that ChatGPT outperforms crowd workers by an average of 25 percentage points 
for annotation tasks. Nonetheless, the measurement of performance using GenAI is still in its early 
stages. For instance, Chen et al. (2023) conducted an empirical study for evaluating text quality, 
and they identified asking ChatGPT for an explicit score as the most reliable and effective one. 

Assessing how well a person performs in a programming assignment can be done by evaluating 
code quality. Various metrics, such as complexity, can be used for this purpose (Baggen et al., 
2012). More specifically, there are many metrics falling into several categories. For example, the 
code’s degree of complexity can be measured through code comprehensibility, while the absence 
of errors can be assessed through software bug prediction (Nuñez-Varela et al., 2017). 
Additionally, coding standards and code reviews can enhance quality (Boogerd & Moonen, 2008; 
Kononenko et al., 2016; X. Li & Prasad, 2005; Stegeman et al., 2014). GenAI opens up new 
possibilities in supporting these efforts. For example, it has been demonstrated that ChatGPT can 
match other models and is even superior to standard program repair techniques in debugging 
(Surameery & Shakor, 2023).  

Thus, the following hypotheses address the research question of whether AI affects task 
performance. It is not a novelty that others, for example via outsourcing (e.g., Elmuti et al., 2010), 
or nowadays AI can support humans and take over work. Research has shown, for example, that 
when AI is correct, it can enhance human performance (Boyacı et al., 2023; Fügener et al., 2021). 
In this context, AI can also handle very complex tasks, such as assisting with programming (e.g., 
E. Chen et al., 2023; Y. Liu et al., 2023; Surameery & Shakor, 2023). Therefore, we assume that the 
code quality of a programming task will improve if GenAI is used to support it. This can be 
assessed in two ways. Firstly, through changes in the interaction with technology (Haleem et al., 
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2022), we assume that participants will perceive an increase in their own task performance (self-
reported). Secondly, we aim to demonstrate this by measuring code quality using more objective 
metrics. Based on previous research on the use of ChatGPT in programming (e.g., Perkel, 2023) 
and in the evaluation of texts (Yi Chen et al., 2023), we expect that ChatGPT itself should be able 
to evaluate the task performance from participants’ code snippets (AI-rated). Therefore, we 
hypothesize: 

H1: Task performance increases in tasks with assistance of generative AI. 

6.2.2.2 Meaningfulness 

In addition to task performance, it is important to consider how people feel about their work 
concerning a programming use case. Nowadays, people aim to find meaning in their daily work 
(Cech, 2021; Jachimowicz & Weisman, 2022). Meaningfulness, or meaningful work, is defined as 
work that is worthwhile to oneself or personally significant (Allan, 2017). The benefits of 
meaningful work tasks can result in more motivation and, thus, higher performance of individuals, 
from which organizations can profit (Allan, 2017). 

However, within the context of Information Systems (IS) research, the concept of meaningful 
work has often been relegated to describing results or emphasizing the significance of research 
findings. A structured literature review in the field of IS reveals a gap in the consideration of 
meaningfulness as a distinct construct. Despite the plethora of research in IS on well-being, only 
a limited number of studies have delved into the conceptualization and measurement of 
meaningfulness. Barkhi and Kao (2011) explore the psychological dimension of meaningfulness 
in the context of decision-making within Group Decision Support Systems (DSS). They find that 
users with higher levels of psychological meaningfulness make better decisions when they clearly 
understand the goal. Ke and Zhang’s (2011) investigation into Open-source Software projects 
demonstrates that meaningfulness has a slightly negative influence on performance. The work of 
Kisekka and Goel (2022) introduces the concept of job meaningfulness as a factor influencing job 
performance, particularly during extreme events. Finally, Liu et al. (2017) see meaningful 
engagement in the gamification context as consisting of two elements, experiential and 
instrumental outcomes, thus also not directly measuring meaningfulness. 

Therefore, it is essential to note that the term “meaningfulness” has not been consistently defined 
and utilized across various studies within the IS domain. The heterogeneity in the 
conceptualization of perceived meaningfulness underscores the need for a comprehensive and 
unified understanding of this construct to facilitate more coherent and comparable research 
outcomes.  

Nonetheless, there have been ongoing discussions across disciplines about whether AI can 
increase or decrease perceived meaningfulness. AI, in general, can either replace human work, 
create new forms of collaboration, or amplify workers’ skills (Bankins & Formosa, 2023). If AI 
automates human labor, the question arises whether humans lose the meaning in their work 
(Lysova et al., 2023) or if AI can relieve humans from repetitive or even dull tasks, thus increasing 
perceived meaningfulness (Bankins & Formosa, 2023). Especially with regard to the issue that 
people cannot always maintain the same passion for their work every day (Bredehorst et al., 
2023), GenAI might either support individuals by reducing cognitive load or decrease perceived 
meaningfulness because the work feels less meaningful for them (Gielnik et al., 2015). As a result, 
the question remains about how the interaction changes when GenAI performs tasks that 
previously triggered creativity and added meaning to the job (Bankins & Formosa, 2023). We will 
aim to examine these questions in the current research.  
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Thus, the following hypotheses address the research question of whether AI affects the perceived 
meaningfulness of work concerning a programming use case. As concluded by Noy and Zhang 
(2023), the use of GenAI can impact job satisfaction. On the other hand, GenAI will automate 
human work, thus, meaning in their work might be lost (Lysova et al., 2023). In addition, 
programming is a rather creative task and not a repetitive one that can be automated to relieve 
humans (Bankins & Formosa, 2023). Although existing research does not provide a clear 
direction, we anticipate that the use of GenAI will generally have a negative effect on the 
perception of meaningfulness in programming. Therefore, we hypothesize: 

H2: Perceived meaningfulness decreases in tasks with assistance of generative AI. 

Finally, the next two hypotheses pertain to the mediation of our direct effects through perceived 
effort and task difficulty. It should logically follow that tasks that are easier to complete would 
also result in higher task performance. However, the concept of perceived meaningfulness adds 
complexity to the scenario. As technology can take over mundane task, it should feel more 
meaningful for individuals as they need to exert less effort to complete the same task (Bailey et 
al., 2019; Bankins & Formosa, 2023). However, research in psychology has indicated that the 
exertion of increased effort can sometimes make tasks feel more meaningful for individuals 
(Campbell et al., 2022; Gielnik et al., 2015; Inzlicht & Campbell, 2022; Mortimer, 2023). 
Additionally, research on human-AI collaboration suggests that humans prefer challenging tasks 
and do not delegate them to AI systems (Fügener et al., 2022). Thus, if AI can relieve humans from 
repetitive or even monotonous tasks (Bankins & Formosa, 2023), lower task difficulty and 
reduced effort invested may actually increase performance but decrease perceived 
meaningfulness as challenging tasks are reduced. Therefore, we hypothesize: 

H3: Assistance of generative AI predicts higher performance by reducing task difficulty. 

H4: Assistance of generative AI predicts lower perceived meaningfulness by reducing perceived 
effort.  

6.3 Methodology 

To obtain our data, we conducted an online experiment on Prolific Academic involving 
experienced Python programmers. Our primary goal was to examine (i) the performance of 
programmers and (ii) the perceived meaningfulness of their work when instructed to complete 
tasks with the assistance of AI. Online experiments are well-suited for manipulating specific 
conditions, enabling us to evaluate our measures of interest after each task. This approach is 
commonly employed in comparable contexts within the field of IS (e.g., Turel et al., 2008). 

6.3.1 Research Design and Measurements 

To assess the effect of GenAI on task performance and perceived meaningfulness, we instructed 
participants to undertake two basic programming tasks in Python, one with AI assistance and one 
without AI assistance (randomly assigned). We chose ChatGPT as the GenAI that assists our 
participants, as it is well-known by them. We hypothesized that engaging in everyday work tasks 
with AI, such as programming, would alleviate task difficulty, thereby enhancing task 
performance (Boyacı et al., 2023; Fügener et al., 2021). However, it also reduces the required 
effort, decreasing participants’ perceived meaningfulness (Gielnik et al., 2015). 

For higher levels of external validity, we created two groups with different types of typical 
programming questions and randomly assigned participants to one of them. They were either 



6 Paper D: Performance vs. Purpose: Generative AI Enhances Task Performance but Reduces 
Meaningfulness in Programming 

81 

asked to write code from scratch (coding group) or instructed to find mistakes in existing code 
(debugging group). The tasks within each group were typical for learning programming, such as 
writing code for Fibonacci sequences or finding anagrams (see Figure 1). All tasks were developed 
in collaboration with a computer science professor and an experienced computer science student. 
Afterward, we piloted the tasks and the survey with five Ph.D. students in IS with substantial 
programming experience. Based on their feedback, we adjusted the wording of the tasks and 
survey questions to enhance the study’s comprehensibility. 

  

Figure 6-1 – Example Task in Debugging Group With ChatGPT 

The experiment was structured as follows (see Figure 2): After participants agreed to a privacy 
policy, each participant was randomly assigned to one of the two groups: either coding from 
scratch or finding mistakes. Participants were asked to submit their code (completely new code 
for the coding group or improved code for the debugging group). If applicable, participants had to 
provide their prompts and the output of ChatGPT. Following each task, participants answered 
questions concerning their task performance (adapted from Goodman & Svyantek, 1999), 
perceived meaningfulness (adapted from May et al., 2004), perceived effort (adapted from Paas, 
1992), perceived difficulty (on a 5-point Likert scale; adapted from Ribeiro and Yarnal, 2010), and 
the extent to which they utilized ChatGPT or other tools (e.g., Google or similar search engines) in 
the task (as a manipulation check). These measures were adapted from existing surveys to ensure 
validity and reliability. Finally, after completing the two tasks, participants answered 
demographic questions regarding their age and gender (see Table 1), as well as control variables 
related to their attitude toward AI, experience with coding, and coding enjoyment (see the 
Appendix for the constructs and items). Most variables were assessed on a 7-point Likert scale 
ranging from 1 = Completely Disagree to 7 = Completely Agree. All variables were integrated into 
an online survey tool and were marked as mandatory. 
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Figure 6-2 – Experiment Structure (Double Arrow Indicates Random Allocation) 

In addition to assessing task performance based on the subjective responses from participants, 
we also evaluated task performance by reviewing the code and identifying errors in the task of 
error detection. Consequently, similar to Chen et al. (2023) for text quality, we requested ChatGPT 
to rate the quality of the code on a scale from 1 to 10, considering various aspects of code quality, 
such as whether the code fulfills the task, its efficiency, adherence to coding standards, and so on. 
After ChatGPT rated all 322 coding snippets, the authors randomly reviewed the code and ratings 
and generally concurred with the assigned scores. 

6.3.2 Data Collection 

After developing and testing our experiment, we administered it and collected data via Prolific 
Academic, allowing us to filter for our target group, which consisted of individuals fluent in 
English and experienced software developers in Python. We successfully collected the intended 
sample size of 160 participants. We excluded and replaced three participants who did not have 
access to ChatGPT, which resulted in a final sample size of 161. The participants were rewarded 
with about 10 €/h and completed the experiment in a mean time of 16 minutes. Most participants 
fell within the range of 18-34, and the gender distribution was balanced, as we had specified 
during the recruitment process on Prolific (see Table 1). Additionally, participants in our sample 
were relatively experienced coders (M = 5.26, SD = 1.12) who also enjoyed coding (M = 5.58, SD = 
1.16). Furthermore, participants had favorable attitudes toward AI (M = 5.57, SD = 1.18).  

Demography Categories Frequency Demography Categories Frequency 

Age 18-24 61 (38%) Gender Female 79 (49%) 

 25-34 72 (45%)  Male 79 (49%) 

 35-44 18 (11%)  Non-Binary 3 (2%) 

 45-54 8 (5%)    

 <55 2 (1%)    

Table 6-1 – Demographic Data (Age and Gender) of the Participants 
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6.4 Results 

In the following section, we will first present the results for the coding group, followed by the 
results for the debugging group. For both groups, we calculate Cronbach’s alpha, composite 
reliability (CR), and average variance extracted (AVE) to confirm the internal consistency of our 
measures (Fornell & Larcker, 1981). Afterward, we will conduct paired t-tests to examine whether 
participants performed better and reported higher levels of perceived meaningfulness in the tasks 
with the assistance of ChatGPT. Finally, we will perform a mediation analysis to assess whether 
the relationship between the manipulation (task completion with and without ChatGPT’s 
assistance) and task performance, as well as perceived meaningfulness, is mediated by perceived 
task difficulty and the effort invested in the task. 

6.4.1 Coding Group  

6.4.1.1 Reliability and Validity 

Table 2 depicts the factor loadings for each variable, which are higher than the factor loadings on 
all other constructs, indicating convergent and discriminant validity. In addition, discriminant 
validity is verified, as the square root of AVEs (bold on the diagonal) is greater than all inter-
construct correlations (Fornell & Larcker, 1981). All constructs’ values for Cronbach’s alpha, CR, 
and AVE were above the thresholds of 0.7, 0.7, and 0.5, respectively, thus confirming internal 
consistency (Hair Jr. et al., 2006, 2017). For this group, no significant correlation between task 
performance and perceived meaningfulness was found. 

Construct Factor 
loadings 

Cronbach’s 
Alpha 

CR AVE 1 2 

1. Self-reported Performance 0.835-0.901 0.888 0.920 0.743 0.862  
2. Perceived Meaningfulness 0.834-0.925 0.964 0.959 0.800 -0.026 0.893 

Table 6-2 – Reliability, Validity, and Correlation Matrix (Bold Numbers Are the Square Root of Aves; 
Significant Correlations (p < .05) Are Marked With *) 

6.4.1.2 Hypotheses Test 

We conducted paired t-tests between our manipulation (task completion with and without 
ChatGPT’s assistance) and self-reported task performance and AI-rated task performance (H1), 
as well as perceived meaningfulness (H2). In line with H1, our results indicate that the use of 
ChatGPT predicted a higher self-reported task performance for participants (M = 6.25, SD = 0.87) 
compared to self-reported task performance without the assistance of ChatGPT (M = 6.09, SD = 
1.01), t(77) = 1.8, p < .050. To measure the effect size, we also calculate Cohen’s d. Here, the effect 
size d = 0.20 indicates a small effect. Also, our results indicate that the use of ChatGPT predicted a 
higher AI-rated task performance for participants (M = 7.47, SD = 0.66) compared to AI-rated task 
performance without the assistance of ChatGPT (M = 6.47, SD = 2.14), t(77) = 3.9, p < .001 with an 
effect size of d = 0.44, indicating a medium effect. Thus, H1 was supported by our data. In line with 
H2, our results indicate that the use of ChatGPT predicted a lower perceived meaningfulness for 
participants (M = 3.88, SD = 1.58) compared to perceived meaningfulness without the assistance 
of ChatGPT (M = 4.35, SD = 1.49), t(77) = -3.7, p < .001 with an effect size d = 0.42, indicating a 
medium effect. Thus, H2 was also supported by our data.  

Next, we conducted a structural model analysis based on our hypotheses H3 and H4 using a 
bootstrapping procedure involving 5,000 subsamples in SmartPLS 4 (Kushary et al., 2000) (see 
Figure 3 for the complete model). In particular, we estimated a mediation model from our 
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manipulation (the assistance of ChatGPT or not) to our outcome variables, including self-reported 
and AI-rated task performance, as well as perceived meaningfulness, through the two mediators 
perceived task difficulty and effort. Our model demonstrates that the independent variables and 
the mediation account for a significant portion of the variance in the dependent variables (see R² 
for each construct). We assessed all hypotheses by examining the path coefficient and its 
significance using p-values. 

First, we found a significant relationship between the use of ChatGPT and task difficulty (b = -
0.630, p < .001), indicating that using ChatGPT resulted in decreased task difficulty for the 
participants. Similarly, they perceived their tasks as less effortful when they used ChatGPT (b = -
0.786, p < .001). 

  

Figure 6-3 – Results of the Structural Model for the Coding Group (* p < .05, ** p < .01, *** p < .001) 

Second, task difficulty was negatively related to self-reported task performance (b = -0.297, p < 
.010) but showed no significant connection with AI-rated task performance (b = -0.023, p > .050). 
Task difficulty was also not significantly related to perceived meaningfulness (b = 0.007, p > .050). 
On the other hand, perceived effort did not have a significant effect on self-reported task 
performance (b = -0.190, p > .050) or AI-rated task performance (b = -0.062, p > .050) but had a 
positive effect on perceived meaningfulness (b = 0.489, p < .001). As a result, the indirect effect 
between the use of ChatGPT and outcome variables through task difficulty was only significant for 
self-reported task performance (b = 0.186, p < .050). In contrast, the indirect effect between the 
use of ChatGPT and outcome variables through perceived effort was only significant for perceived 
meaningfulness (b = -0.382, p < .001). Thus, H3 was partially supported and H4 was supported by 
our data. Finally, when including the mediating variables, the direct effect between the use of 
ChatGPT and self-reported task performance became non-significant (b = -0.168, p > .050). 
Likewise, the direct effect between the use of ChatGPT and perceived meaningfulness was also 
non-significant (b = 0.093, p > .050). However, the direct effect between the use of ChatGPT and 
AI-rated task performance remained significant (b = 0.543, p < .001), as we did not identify a 
significant mediator for this relationship. Taken together, the effect of the use of ChatGPT on self-
reported task performance was fully mediated via perceived task difficulty, and the effect of the 
use of ChatGPT on perceived meaningfulness was fully mediated via perceived effort.  

6.4.2 Debugging Group 

6.4.2.1 Reliability and Validity 

Again, Table 3 shows the factor loadings for each variable, which are higher than the factor 
loadings on all other constructs, indicating convergent and discriminant validity. In addition, 
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discriminant validity is verified as the square root of AVEs (bold on the diagonal) are greater than 
all inter-construct correlations (Fornell & Larcker, 1981). All constructs’ values for Cronbach’s 
alpha, CR, and AVE were above the thresholds of 0.7, 0.7, and 0.5, respectively, thus confirming 
internal consistency (Hair Jr. et al., 2006, 2017). Here, a positive and significant correlation 
between task performance and perceived meaningfulness can be found. 

Construct Factor 
loadings 

Cronbach’s 
Alpha 

CR AVE 1 2 

1. Self-reported Performance 0.828-0.915 0.910 0.930 0.769 0.877  
2. Perceived Meaningfulness 0.864-0.916 0.965 0.976 0.785 0.202* 0.886 

Table 6-3 – Reliability, Validity, and Correlation Matrix (Bold Numbers Are the Square Root of Aves; 
Significant Correlations (p < .05) Are Marked With *) 

6.4.2.2 Hypotheses Test 

In line with our procedure for the first group, we conducted paired t-tests between our 
manipulation (task completion with and without ChatGPT’s assistance), self-reported task 
performance and AI-rated task performance (H1), and perceived meaningfulness (H2). In contrast 
to the first task, our results indicate that the assistance of ChatGPT is not significant regarding a 
higher self-reported task performance for the participants (M = 5.99, SD = 0.92) compared to self-
reported task performance without the assistance of ChatGPT (M = 5.98, SD = 1.03), t(82) = 0.1, p 
> .050 with an effect size of d = 0.01, indicating a very small effect. However, our results indicate 
that the use of ChatGPT predicted a higher AI-rated task performance for participants (M = 5.20, 
SD = 2.72) compared to AI-rated task performance without the assistance of ChatGPT (M = 3.77, 
SD = 1.93), t(82) = 3.6, p < .001 with an effect size of d = 0.40, indicating a medium effect. Thus, H1 
is only partially supported by our data. In contrast to the first group, H2 was not supported by our 
data, given that the assistance of ChatGPT did not indicate a higher perceived meaningfulness for 
the debugging group (M = 4.69, SD = 1.66) compared to perceived meaningfulness without the 
assistance of ChatGPT (M = 4.75, SD = 1.59), t(82) = -0.7, p > .050 with an effect size of d = 0.08, 
indicating a very small effect.  

Again, we conducted a structural model analysis based on our hypotheses H3 and H4 (see Figure 
4 for the complete model). Our model demonstrates that the independent variables and the 
mediation account for a portion of the variance in the dependent variables (see R² for each 
construct). We assessed all hypotheses by examining the path coefficient and its significance using 
p-values. 

First, we found a significant relationship between the use of ChatGPT and task difficulty (b = -
0.293, p < .050) again, indicating that using ChatGPT resulted in decreased task difficulty for the 
participants. Similarly, participants perceived their tasks as less effortful when they used ChatGPT 
(b = -0.301, p < .050). 
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Figure 6-4 – Results of the Structural Model for the Debugging Group (* p < .05, ** p < .01, *** p < .001) 

Second, the task difficulty had no significant effect on either the self-reported task performance 
(b = -0.141, p > .050), AI-rated task performance (b = -0.110, p > .050), or perceived 
meaningfulness (b = 0.165, p > .050). Thus, the indirect effect of ChatGPT assistance via task 
difficulty to self-reported task performance is not significant (b = 0.041, p > .050). Also, the 
perceived effort did not have a significant effect on self-reported task performance (b = 0.153, p > 
.050) or AI-rated task performance (b = 0.000, p > .050) but had a positive significant effect on 
perceived meaningfulness (b = 0.355, p < .001). However, the indirect effect of ChatGPT assistance 
via perceived effort to perceived meaningfulness was not significant (b = -0.107, p = .099). Since 
the effect between ChatGPT assistance and perceived effort and perceived effort and perceived 
meaningfulness are quite small, the indirect effects between the use of ChatGPT and the outcome 
variables through the mediators were non-significant. Thus, H3 was not supported and H4 was 
partially supported by our data. Finally, when including the mediating variables, the direct effect 
between the use of ChatGPT and self-reported task performance was still non-significant (b = 
0.010, p > .050). Likewise, the direct effect between the use of ChatGPT and perceived 
meaningfulness was also not significant (b = 0.115, p > .050). However, the direct effect between 
the use of ChatGPT and AI-rated task performance remained significant (b = 0.618, p < .001). 
Taken together, our results for the second task were descriptively similar to those in the first task. 
However, we did not observe as many significant effects, suggesting that contextual factors 
between the two different tasks may either amplify or mitigate the effects we observed. 

In summary, we can support H1 with the coding task and partially with the debugging task. We 
can accept H2 for the coding, but not the debugging task. H3 is partially supported by the coding, 
but not the debugging task and finally, we can accept H4 for coding and partially for the debugging 
task. 

6.5 Discussion 

AI has become an integral part of everyday life (Berente et al., 2021; Brynjolfsson & Mitchell, 2017; 
Russell & Norvig, 2021), especially with the emergence of GenAI tools such as ChatGPT (Dwivedi 
et al., 2023; Teubner et al., 2023). While the enhancement of decision-making and task 
performance through human-AI collaboration is well-documented (e.g., Boyacı et al., 2023; 
Fügener et al., 2021), the psychological well-being and perceptions of its users also can have an 
influence on the adoption of such technologies. Therefore, it is important to understand what 
influences the use of GenAI beyond task performance. Surprisingly, limited attention has been 
directed towards psychological constructs such as perceived meaningfulness in the context of AI. 
Initial studies, like those by Noy and Zhang (2023), suggest a positive correlation between 
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ChatGPT use and job satisfaction, which we intend to delve deeper into. After all, higher perceived 
meaningfulness can lead to greater motivation and, therefore, higher organizational performance 
(Allan, 2017). In line with this, our primary goal of this experiment was to examine the evaluation 
of coders’ task performance and their perception of meaningfulness when engaged in tasks with 
AI support. Such insights can pave the way for more holistic strategies in AI adoption, ensuring 
that technological advancements are harmoniously aligned with human well-being and purpose. 
To address our research question and test the subsequent hypotheses, we divided our 
participants into two groups with two different assignments. This allows us to test our research 
questions with two different scenarios, reflecting ChatGPT’s multifaceted programming potential. 
Thus, the coding group had to solve coding tasks, and the debugging group had to perform error 
detection tasks. Both groups had to fulfill one task with and the other without ChatGPT assistance, 
which served as our primary manipulation in this experiment. 

The first part of our research question centered around the task performance augmentation with 
AI assistance. Task performance was measured in two ways: self-reported by the participants of 
the experiment and AI-rated with ChatGPT. Consistent with previous studies on human-AI 
collaboration (Boyacı et al., 2023; Fügener et al., 2021) we found that participants performed 
higher in their tasks when they had assistance from ChatGPT. This was shown in both groups 
through significant t-tests between the tasks solved with ChatGPT and without its assistance. In 
addition, in our structural model, a direct effect was particularly strong for the more objective AI-
rated task performance, but we also found an indirect effect via task difficulty for self-reported 
task performance in the coding group. Furthermore, participants reported reduced effort and task 
complexity when assisted by ChatGPT. These observations underscore the potential of GenAI in 
simplifying tasks. Thus, we conclude that the assistance of ChatGPT improves the performance in 
complex activities such as coding.  

Regarding the second part of our research question on how AI assistance impacts the sense of 
perceived meaningfulness in people’s work, we identified significant differences with t-tests only 
for the use of ChatGPT in the coding group, indicating that participants reported lower levels of 
perceived meaningfulness when they used ChatGPT; the t-test in the debugging group, on the 
other hand, was not significant. However, the mediating effect through perceived effort emerged 
as significant for both groups, suggesting that for employees to rate a task as meaningful, they also 
need to feel that they have invested effort in it. This is intriguing because task performance is only 
mediated by task difficulty. Importantly, our findings are in line with emerging research in 
psychology that has indicated that increased effort can sometimes make tasks feel more 
meaningful for individuals (Campbell et al., 2022; Gielnik et al., 2015; Inzlicht & Campbell, 2022; 
Mortimer, 2023). Thus, our findings suggest that when people perceive tasks with ChatGPT 
assistance as less effortful, the meaningfulness decreases accordingly. 

It is noteworthy that we also found nuanced differences between the two programming tasks. 
While not conclusive, the directionality of the relationship between perceived effort and self-
reported task performance varied between the groups. For instance, a negative relationship was 
found in the coding group, whereas in the debugging group, a positive one was observed. 
Additionally, the influence of task difficulty on self-reported task performance in the second group 
is no longer significant. This may be attributed to the perception that the task is easier, as the 
ChatGPT support has a slightly less pronounced impact on the task difficulty and perceived errors. 
Consequently, the support of the GenAI no longer makes as significant a difference for the 
participants. Alternatively, it is plausible that coding is perceived as more creative, and thus, the 
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use of GenAI has a greater influence than in debugging, in particular error-finding, which might 
be more repetitive and mundane.  

6.5.1 Contributions 

With our experiment, we can offer various theoretical contributions. As technology exceeds its 
traditional function of automating routine tasks and enters areas of creativity, it is crucial to assess 
the relationship between AI and human work. First, we align with the existing literature on 
human-AI collaboration and show that the use of AI results in higher task performance (e.g., 
Boyacı et al., 2023; Fügener et al., 2021). This is especially relevant for the specific coding tasks 
that have been investigated to a lesser extent in the past, as previous literature has mainly focused 
on AI for decision-making. We can, therefore, extent existing human-AI research with showing 
that this is also relevant for GenAI in coding tasks thus generalize on the one hand that GenAI leads 
to higher task performance and, on the other hand, that AI has a positive influence on these coding 
tasks. Second, our study aims to bridge the gap between the IS literature and meaningful work. 
Our paper addresses this void by systematically examining the role of perceived meaningfulness, 
particularly in the context of programming tasks. Thus, we also assess the psychological outcomes 
of how GenAI changes the way we work combining IS research with known phenomena from 
psychology (see Bailey et al., 2019). This is especially relevant as Gen Z, for example, rate 
meaningfulness as one of the main factors to take a new job (McKinsey, 2022). Depending on the 
task, we observed a decrease in perceived meaningfulness with ChatGPT assistance. It is possible 
that AI reduces the effort we have to invest in our work, leading to a perception of our work as 
less meaningful. Since these results are mixed, we can only provide an initial assessment of the 
influence of GenAI on perceived meaningfulness. Third, in the past, AI has been less capable of 
handling highly creative tasks (Dwivedi et al., 2023). This is now changing with GenAI. It was 
previously assumed that creative tasks, in particular, lead to a higher level of perceived 
meaningfulness, which is also demonstrated here to some extent. Thus, our research indicates 
that the focus should be on replacing or collaboratively solving relatively easy, boring, or 
repetitive tasks with (generative) AI, while leaving complex or creative tasks to humans that allow 
them to find meaning in their work (Cech, 2021; Jachimowicz & Weisman, 2022). Perhaps even 
new areas of work that are complex and particularly suitable for humans to take responsibility in 
the future will develop. 

In addition to theoretical contributions, we also provide several practical ones. Firstly, companies 
should ensure that employees’ perceived meaningfulness remains intact when working with 
GenAI. After all, perceived meaningfulness leads to more motivation, which, in turn, results in 
higher company performance (Allan, 2017). To achieve meaningfulness, it is important to 
consider which tasks can be performed collaboratively with AI, such as replacing routine tasks 
while jointly working on complex tasks or letting humans perform creative tasks. Additionally, 
the literature on job crafting offers models that can provide valuable guidance. Secondly, 
companies should allow and promote the use of GenAI within the company due to the increase in 
task performance caused by human-AI interaction. This is because higher individual performance 
contributes to higher company performance. Finally, while we recommend that employees be 
encouraged to use AI, companies should consider and evaluate which tools are most beneficial. 
ChatGPT can be utilized for texts or coding, but more specialized AI systems, such as GitHub 
Copilot for coding or DALL-E 3 for generating images, exist. In this way, GenAI can potentially 
reduce cognitive load and, therefore, create benefits for employees using such technologies. 
However, questions about the privacy and security of data entered into GenAI tools remain, as 
well as concerns about extending existing models with the company’s own data. 
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6.5.2 Limitations and future research 

Like any research, our study is not without limitations. First, our sample size is quite young, 
although software engineers are in general younger this is a limitation where future research 
might look into the effect on the effect on older people. While we utilized two different 
programming assignments in our experiment, they were still very specific. Thus, future research 
should aim to replicate our findings with additional (programming) tasks and different GenAI 
tools. Tools like Microsoft 365 Copilot might be interesting as it can change the entire scope of 
work, even the administrative area. In addition, we suggest exploring contextual effects that may 
either enhance or diminish the strength of our observed effects. Furthermore, although ChatGPT’s 
responses were artificially predetermined in the debugging group, enhancing comparability 
might not accurately represent the interaction and, therefore, could impact the perceived 
meaningfulness. However, in the coding group, participants were required to interact with 
ChatGPT in real time during the coding task. The interaction, however, could only be assessed 
through control questions on the prompts and the output of ChatGPT. Finally, a high level of 
perceived meaningfulness might be attributed to the novelty of the situation. Although we made 
sure that the participants had experience with ChatGPT the novelty may diminish influencing the 
perceived meaningfulness—similar to experiences on outsourcing—if interactions with GenAI 
become routine. For instance, the literature on passion demonstrates significant fluctuations 
throughout daily work (Bredehorst et al., 2023). Therefore, future studies could potentially 
benefit from a later time of measurement and should be duly conducted. 

6.6 Appendix 

Table A shows the constructs, items, and control variables measured during the experiment: 

Construct Item Description Source 

Task 
Performance 
(self-reported) 

I achieved the objectives of the task. 
I met criteria for performance. 
I fulfilled all the requirements of the task. 
I performed well in the overall task by carrying out tasks 
as expected. 

Goodman and Svyantek 
(1999) 

Perceived 
Meaningfulness 

This task was very important to me. 
Completing this task was personally meaningful to me. 
The task I just did was worthwhile. 
This task was significant to me. 
The work I did on this task was meaningful to me. 
I feel that the work I did on this task was valuable. 

May et al. (2004) 

Perceived 
Effort 

Please choose the level of effort that applied to you 
during this task. 

Paas (1992) 

Task Difficulty How did you perceive the difficulty of this task? Ribeiro and Yarnal 
(2010) 

Attitude 
toward AI 

How would you assess your attitude towards ChatGPT 
(or similar systems)? 

- 

Experience 
with Coding 

How would you rate your coding experience (e.g., writing 
code for similar tasks like in our study)? 

- 
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Construct Item Description Source 

Coding 
Enjoyment 

How enjoyable do you find coding (e.g., writing code for 
similar tasks like in our study)? 

- 

Table 6-4 – Constructs, Control Variables, and Their Items Measured in the Experiment 
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7.1 Introduction 

Cognitive biases have been shown to influence decision-making in various instances (e.g., Hristov 
et al., 2022; Ni et al., 2019), including the IKEA effect, which states that people tend to value self-
assembled physical objects more than identical objects that were assembled by others (Norton et 
al., 2012). Attributing a higher perceived value to objects into which personal effort has been 
poured during development or assembling already significantly impacts how companies shape 
customer experiences today (Franke et al., 2010). Adidas, for instance, enables their customers to 
customize clothing through their online platform (Adidas, 2023). Similar design choices for 
customers are offered by the popular backpack brand Fjällräven (Fjällräven, 2023)(Fjällräven, 
2023), and Build-A-Bear provides customers with the chance to design stuffed animals online and 
even participate in the stuffing process at their physical stores (Build-A-Bear, 2023). As a result, 
customers are evolving into active co-creators rather than merely passive consumers of products 
(Mochon et al., 2012).  

Advancements in data availability, training techniques, and scale of model parameters have made 
Generative Artificial Intelligence (GenAI) models more versatile, capable, and applicable to a wide 
range of tasks and domains such as text or image creation (Dwivedi et al., 2023). Recent industry 
reports show that modern GenAI promises to automate tasks that currently consume 60 to 70 
percent of employees’ daily work hours. This heightened potential for technical automation 
primarily stems from the advancements in GenAI’s proficiency in comprehending natural 
language—a critical requirement for tasks constituting 25 percent of the overall work hours 
(McKinsey, 2023). The automation goals pursued with the use of intelligent technologies are a 
paradox with the trend of allowing customers to participate in the product development process. 

While the primary goals of the deployment of (generative) AI are the automation of tasks and 
minimization of human effort to successfully accomplish tasks (Berente et al., 2021; Brynjolfsson 
& Mitchell, 2017; Russell & Norvig, 2021), challenges for the success of this technology arise as 
psychology and behavioral research has already taught us that “labour leads to love” (Norton et 
al., 2012). While many studies have proven the IKEA effect for physical objects such as origami, 
food, or furniture (e.g., Dohle et al., 2014; Ling et al., 2020; Mochon et al., 2012; Norton et al., 2012), 
we see a clear lack of research for non-physical objects or content in general. Thus, we do not yet 
understand to what extent the IKEA effect also affects the perceived value of non-physical goods. 
At the same time, the research stream of human-AI collaboration investigates how humans and 
intelligent machines can work together synergistically to enhance problem-solving and decision-
making processes (e.g., Abel-Karim et al., 2020; Boyacı et al., 2023; Fügener et al., 2022; Jussupow 
et al., 2021). However, several unique challenges and characteristics make it uncertain whether 
and how the IKEA effect could manifest. In previous research on the IKEA effect, humans could 
always estimate what activity and skill was needed to assemble or create goods such as furniture 
or food. Missing transparency (often known as black box behavior) in the AI algorithms increases 
the difficulty of comprehending how the AI makes decisions or creates results (Bauer, Hinz, van 
der Aalst, et al., 2021; Dwivedi et al., 2023). It is also unclear which influence humans have on the 
results through prompting and how the AI processes human inputs; only the results can be 
evaluated (Dwivedi et al., 2023; OpenAI, 2023b).  

In this context, it is crucial to understand the impact that the takeover of human tasks by AI will 
have on the perceived value of the final results. Regarding the IKEA effect, it can be assumed that 
the perceived value of AI-generated content and users’ behavioral intention to use GenAI tools 
increase, especially when they have the opportunity to put effort into the collaboration. Thus, we 
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seek to answer the following research questions: (1) Does human effort invested in collaboration 
with generative AI promote overvaluation of AI-generated solutions, and (2) does this heightened 
perceived value also increase the behavioral intention to use GenAI technology? 

To answer these research questions, we conducted an online experiment with 174 people who 
interacted with GenAI tools to perform work tasks with a high vs low level of effort in the 
collaborative creation of content. We hereby assess the impact that effort poured into the 
collaboration with the AI has on the perceived value of the generated content and the behavioral 
intention to use the technology. We contribute to research by examining how humans and AI 
should collaborate in the future to value the content created through collaboration. The results of 
our online experiment reveal that the IKEA effect is prevalent in the collaborative creation of 
content by humans and GenAI. Humans tend to overvalue AI-generated content if effort is invested 
into collaboration with the technology. Future research can build on this study to derive design 
guidelines for GenAI tools and strategies for human-AI collaboration that ensure users value 
results. 

7.2 Theoretical Background 

The following section outlines the unique characteristics of GenAI. It then provides an overview 
of cognitive biases, focusing on the IKEA effect and its impact on the perceived value of self-
created objects so we can hypothesize the impact of the IKEA effect on human-AI collaboration 
afterward. 

7.2.1 Artificial Intelligence 

Berente et al. (2021) describe AI as the frontier of emerging technologies that is focused on human 
intelligence for complex decision-making. There are several subcategories of AI, such as machine 
learning (ML), which are learning algorithms that recognize patterns in data to make decisions or 
predictions (Brynjolfsson & Mitchell, 2017; Mitchell, 1997; Russell & Norvig, 2021). Or, more 
recently, the advances in GenAI such as ChatGPT, Google’s Bard, or other Large Language Models 
(LLMs), which differ from ML in creating new data from recognized patterns and not only analyze 
existing data (Dwivedi et al., 2023; Teubner et al., 2023). However, these language models are not 
the only novelty in this area. AI image creation tools like Stable Diffusion, Dall-E 2, or Midjourney 
also prove the capabilities of AI as generated images are very realistic and appealing (Göring et 
al., 2023). The use of ChatGPT is currently being discussed in radiology (Rao et al., 2023), for 
cybersecurity (Prasad et al., 2023), and in a wide range of business areas. Although such systems 
can already facilitate work today, especially in the future (Dwivedi et al., 2023), caution must be 
taken that jobs are not destroyed and that users accept the outcomes of AI. 

AI is characterized, in particular, by the three properties autonomous, inscrutable, and self-
learning (Berente et al., 2021). In addition, the potential for bias in training data, the ownership 
of the training data as well as the output, and the potential of wrong outputs are concerns in GenAI 
(Lund et al., 2023). In particular, the “black box” characteristic of AI makes it difficult for humans 
to follow the decision of AI and thus understand and adapt the given output (Bauer, Hinz, Aalst, et 
al., 2021). This characteristic remains applicable in GenAI as well (Dwivedi et al., 2023). The 
research stream on human-AI collaboration investigated the influence of machines and humans 
working together (e.g., Boyacı et al., 2023; Fügener et al., 2022). It was shown that humans want 
to decide rationally but often cannot, e.g., due to a misjudgment of the task’s difficulty (Fügener et 
al., 2022). The research also shows that people are reluctant to perform simple tasks and enjoy 
demanding tasks themselves, which makes delegation to AI problematic (Fügener et al., 2022) . In 
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addition, it was demonstrated that when the results of decisions differ between humans and AI, 
people have different approaches to dealing with it. For example, experienced physicians tend to 
ignore AI advice, while novice physicians question their own decisions and are less satisfied with 
the AI system (Jussupow et al., 2021). It is also essential that human knowledge is not lost in the 
interaction between humans and AI but should be actively incorporated into decision-making 
(Fügener et al., 2021). Hence, there should be a focus on developing systems that allow humans 
and AI to work together rather than AI exclusively reaching final decisions (Abel-Karim et al., 
2020). 

7.2.2 Cognitive Bias 

Humans often deviate from optimal decisions since always thinking and acting rationally is 
impossible. This is due to several factors: People usually cannot process the entire amount of 
information or do not have it available; when processing the information, incorrect conclusions 
can be drawn, for example, due to interpretation influenced by emotions or existing prejudices; 
or heuristics are used when making quick decisions (Kahneman, 2012). These influences on 
rational decisions are called cognitive biases. They can be grouped into four categories: First, 
information and perception biases can occur, such as the anchoring bias, which refers to the 
tendency to rely on the first information that comes to mind when making decisions (Kahneman, 
2012). Second, decision biases exist, such as the overconfidence bias, which is the tendency to 
overestimate one’s own judgment. It leads to a misplaced sense of certainty in decision-making, 
making decisions riskier (Odean, 1998). In addition, social and emotional biases are prevalent, 
such as the self-serving bias, which is the tendency to make decisions that benefit one’s own 
interests (Miller & Ross, 1975). Lastly, technology and change biases affect decisions, such as the 
status quo bias, which describes the tendency to prefer the current state of affairs and resist 
change. This can lead to rejecting new technologies, ideas, or practices even if they offer 
improvements (H.-W. Kim & Kankanhalli, 2009). 

Especially in IS research, there is a lot of literature on cognitive biases in decision-making (e.g., 
Hristov et al., 2022; Ni et al., 2019) or biases in the adoption of emerging technologies (e.g., 
Balakrishnan et al., 2021; Frank et al., 2023; Piehlmaier, 2022). For example, Phillips-Wren et al. 
(2019) show that overconfidence bias is an inhibitor in adopting and using decision aids. 
However, Piehlmaier (2022) finds that overconfident investors are more likely to use Robo 
advisors. In consumer adoption, another exemplary bias, the negativity bias, is evident (Frank et 
al., 2023) or individuals do not always choose the best algorithm for their decisions (Dietvorst & 
Bharti, 2020). In addition, Kim and Kankanhalli (2009) illustrate that user resistance to 
information systems is related to status quo bias. Similarly, Balakrishnan et al. (2021) show status 
quo bias as a factor in accepting AI-powered voice assistance. Furthermore, a focus on 
organizations can often be found. In this regard, Ni et al. (2019) show that anchoring bias occurs 
in a corporate context when making decisions using a BI system. More generally, Hristov et al. 
(2022) show what possible cognitive biases occur within decisions about performance 
management systems. Once biases are known, they can be prevented or exploited to force rational 
or reasonable decisions.  

7.2.3 Understanding the IKEA Effect 

One bias that can be best categorized as a decision bias and is widely studied to explore the impact 
of user participation on the success of products or services is the so-called IKEA effect. The IKEA 
effect states that people value objects higher if they assemble or create them on their own (Norton 
et al., 2012). Norton et al. (2012) named this phenomenon after the Swedish manufacturer whose 
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products are particularly likely to involve a high level of assembly effort. Higher effort means a 
person must invest more work in a task (see Marsh et al., 2022). While the IKEA effect is 
unsurprising for some products such as art, studies have demonstrated the IKEA effect for a 
variety of physical objects such as food, Lego, clothing, or simple IKEA cardboard boxes (e.g., Dohle 
et al., 2014; Ling et al., 2020; Mochon et al., 2012; Norton et al., 2012; Radtke et al., 2019). In fact, 
the value of self-created objects is estimated even higher than the value of objects created by 
experts (Norton et al., 2012) and the IKEA effect also remains prevalent in collaborative creation 
(Marsh et al., 2022). In addition, the effort that goes into the creation of the objects does not have 
to be associated with fun for consumers to overvalue their creations (Mochon et al., 2012; Norton 
et al., 2012). However, successfully completing a task is necessary for the IKEA effect to emerge 
(Norton et al., 2012). 

Evidence that “labour leads to love” (Norton et al., 2012) can also be derived from the success of 
past product launches. When instant cake mixes were introduced to minimize the manual labor 
required for baking, the initial success failed as the preparation of a cake was now perceived as 
too simple. The recipes were changed so that the addition of eggs was required. Although other 
influences may have been at work here, the subsequent adoption success is often attributed to the 
IKEA effect, as the customer puts additional work into the product (Norton et al., 2012; Shapiro, 
2004). Today, multiple companies take advantage of the IKEA effect to shape customer experience 
by providing opportunities to customize and create products online through configurators, tool-
kits and choice menus (Franke et al., 2010). Therefore, customers can increasingly be described 
as co-creators instead of passive recipients of goods (Mochon et al., 2012). Providing ideas, 
thoughts, feelings, and, most importantly, actions to participate in the co-creation process leads 
to a higher perceived value, which has been shown to increase the willingness to pay (WTP) for 
these products (Mochon et al., 2012; Norton et al., 2012). 

Although the bias has been successfully demonstrated in many studies (e.g., Dohle et al., 2014; 
Ling et al., 2020; Marsh et al., 2022; Norton et al., 2012), uncertainty exists regarding the actual 
cause. Psychology and behavioral research suggest three primary mechanisms that cause the 
IKEA effect: (a) signal of competence, (b) effort justification, and (c) ownership (Marsh et al., 
2018). First, self-created objects can express the competence of the creator and can be used as a 
trophy to show off, increasing the perceived value of the object for the creator (Mochon et al., 
2012). Second, within the concept of effort justification, creations reflect the investment of effort 
rather than signal competence (Norton et al., 2012). Thus, the increased value of a created object 
may reflect the effort invested. Lastly, the creation of an object can lead to ownership claims in 
some scenarios or promote the sense of ownership of the person who created the object 
(Kanngiesser et al., 2010; Marsh et al., 2022). Since people tend to place a higher value on their 
personal belongings compared to equivalent items that they do not own, this can further enhance 
the IKEA effect (Kahneman et al., 1990). Nevertheless, there is disagreement about the underlying 
mechanisms and it remains difficult to adequately explain the IKEA effect (Marsh et al., 2018).  

A related research stream can also be found in the area of mass customization (MC), where 
customers are provided with easy-to-use configurators to design products themselves online, 
which are then produced by the manufacturer (Franke et al., 2010; Ling et al., 2020). Research on 
MC toolkits, however, is based on two assumptions: firstly, that preference fit is the essential 
benefit for customers, while design effort represents costs for the customer and should therefore 
be kept to a minimum (Franke et al., 2010; Randall et al., 2007). These two goals are consequently 
in conflict with each other, and MC toolkits should balance them optimally to gather enough 
information from customers to customize products according to their preferences while keeping 
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the effort low. However, the IKEA effect contradicts these assumptions, suggesting that regardless 
of personal preferences, effort alone leads to a perceived increase in value (Norton et al., 2012). 
The so-called “I designed it myself” effect has also been shown in the context of MC toolkits, 
indicating that a feeling of accomplishment arises from creating a self-designed product, 
challenging the existing concept (Franke et al., 2010). While it is important in research on virtual 
co-creation tools for customers to contribute their own preferences in the development process, 
the IKEA Effect also occurs independently of this, even with simple products like IKEA cardboard 
boxes (Norton et al., 2012). 

Furthermore, to the best of our knowledge, the IKEA effect has only been studied for physical 
products (e.g., Dohle et al., 2014; Norton et al., 2012) even though labor can also be invested into 
the creation of non-physical products or general content. In addition, the IKEA effect has been 
explored by comparing if people value their own creations more than similar objects created by 
others. However, the creation of physical as well as non-physical objects and content can also be 
performed by machines. Thus, we are interested if this will affect the perceived value of the results 
and whether the human effort involved in creating content or objects through extensive 
prompting will continue to be of great importance in the future.  

7.3 Hypothesizing the IKEA Effect in Human-AI Collaboration 

Our study combines insights from psychology on the IKEA effect (e.g., Norton et al., 2012; Radtke 
et al., 2019) with the research fields of human-AI collaboration in the context of GenAI and 
suggests that contrary to current efforts to replace human activities by GenAI (Dwivedi et al., 
2023; Teubner et al., 2023), humans need to contribute effort to collaborative development in 
order to fully value results (e.g., Marsh et al., 2022). Although the black box nature of GenAI makes 
it difficult for humans to assess how much of an impact they have on the final outcome and how 
the AI works (Berente et al., 2021; Dwivedi et al., 2023; Lund et al., 2023), we hypothesize that the 
IKEA effect will occur, increasing WTP as shown in other IKEA effect studies on physical products 
(e.g., T. Liu et al., 2023; Marsh et al., 2022; Norton et al., 2012). Norton et al. (2012) showed, for 
example, that the WTP for origami symbols was significantly higher for self-created symbols 
compared to ones created by experts. In addition to studies showing that WTP increases for self-
made objects, Walasek et al. (2017) further demonstrated that the price at which one would sell 
self-made products (in this case, assembling various science kits) is also significantly higher 
compared to the identical objects assembled by someone else. The fact that effort can increase 
WTP has already been shown for various physical products (e.g., Marsh et al., 2022; Walasek et 
al., 2017) and can also apply to content collaboratively created with GenAI if a lot of personal effort 
has been put into the collaboration. Moreover, a debate on WTP for GenAI arose with the 
introduction of ChatGPT (Capgemini, 2023), which we hope to contribute to. Thus, we propose: 

H1: Willingness to pay for AI-generated solutions increases when effort is put into collaborating 
with generative AI. 

Other studies have also shown that people often find it difficult to describe why they prefer a self-
created product over the same product created by someone else and that this is often described 
as a personal feeling of liking or appreciating the self-created product or solution more (Dohle et 
al., 2014; T. Liu et al., 2023; Norton et al., 2012). Since we expect personal feelings to arise even 
with solutions that can be created by GenAI, such as images or texts, we propose: 

H2: Appreciation for AI-generated solutions increases when effort is put into collaborating with 
generative AI. 
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Although research around the IKEA effect measures the perceived value of self-created products 
through WTP or abstract constructs such as Liking, Niceness, or Appreciation (e.g., Dohle et al., 
2016; T. Liu et al., 2023; Norton et al., 2012), marketing and IS research proposes four dimensions 
that are positively associated with the overall perceived value, namely quality value, emotional 
value, value-for-money and social value (Turel et al., 2007). To measure whether the perceived 
value of AI-generated solutions increases as a result of investing effort, we build on the hypotheses 
of Turel et al. (2007). Within the realm of service-oriented marketing, research has demonstrated 
that superior quality assessments contribute to greater overall value (Baker et al., 2002; Brady & 
Robertson, 1999). Second, emotional components such as joy can enhance the formation of an 
overall value that individuals perceive, and third, users are price sensitive when evaluating the 
trade-off value-for-money (Turel et al., 2007). Lastly, individuals have the potential to improve 
their self-concept through the utilization of modern technologies, such as GenAI. This is because 
such technology can be perceived as cutting-edge and innovative, thereby signaling the user’s 
affiliation with a specific social class (Schewe & Dillon, 1978). Thus, social value is also positively 
associated with the overall perceived value (Turel et al., 2007). Consistent with the IKEA effect 
(Norton et al., 2012), we propose that overvaluation of AI-generated solutions occurs when 
humans invest effort in collaborative development. This results in a higher perceived value (H3) 
which is driven by quality value (H3.a), emotional value (H3.b.), value-for-money (H3.c), and 
social value (H3.d): 

H3: Perceived value of AI-generated solutions increases when effort is put into collaborating with 
generative AI. 

H3.a: Quality value of AI-generated solutions increases when effort is put into collaborating with 
generative AI. 

H3.b: Emotional value of AI-generated solutions increases when effort is put into collaborating 
with generative AI. 

H3.c: Value-for-money of AI-generated solutions increases when effort is put into collaborating 
with generative AI. 

H3.d: Social value of AI-generated solutions increases when effort is put into collaborating with 
generative AI. 

Based on this, Turel et al. (2007) demonstrated—without reference to the IKEA effect—that 
higher perceived value is a key determinant of behavioral usage intentions. They conclude that 
only if the benefits of a technology are clear, it will be utilized. Similarly, Kamtarin (2012) 
demonstrated that perceived value as a positive effect on online purchase intention. As we expect 
that people perceive a higher value of content generated through the interaction with GenAI, they 
will learn about the benefits and thus have a higher intention to reuse it. Therefore, we 
hypothesize that with a higher perceived value of AI-generated content, behavioral usage 
intentions for generative AI will increase: 

H4: Behavioral intention to use generative AI increases when effort is put into collaborating with 
the technology.  

7.4 Methodology 

To answer our research question of whether the IKEA effect increases the perceived value of 
content created in collaboration with GenAI tools, such as ChatGPT or Stable Diffusion, we 
conducted an experiment, which is often utilized in IS research on human-AI collaboration (e.g., 
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Fügener et al., 2022) as well as IKEA studies (e.g., Norton et al., 2012). Our goal is to investigate 
whether the IKEA effect exists for GenAI, meaning that people overvalue AI-generated content 
when they have put their own effort into a collaborative development process. We defined our 
target group as (working) individuals in Germany who might use GenAI now or in the future for 
their daily life/ work. 

7.4.1 Research Design and Measures 

For the experiment, we developed two tasks to collaboratively generate content with AI: one task 
where participants had to generate a text about a company mission statement for a drone start-
up in the healthcare sector using ChatGPT and one task where the participants had to generate an 
image for advertising sustainably packaging apples using Stable Diffusion. GenAI can be used to 
create different types of content such as audio, code, images, text, simulations and videos. IKEA 
studies have already shown that the IKEA effect can occur with physical objects when creating 
pictures (Raghoebar et al., 2017). We decided to choose images and text for the overall design of 
the experiment because, firstly, both are content that humans can generate without the addition 
of technology and it is easier to assess the effort and value of the end result without specialist 
knowledge. Secondly, there are powerful solutions for generating both types of content on the 
market that are already widely used in everyday professional life. We have explicitly excluded 
code here, as functionality and lean implementation are the main focus when generating code and 
individual preferences are often given less importance. For both tasks we created an IKEA group, 
which allowed participants to put effort into the collaboration with the AI, and a control group 
respectively, which was confronted with the final results of the GenAI tools immediately after 
reading the problem definition. Participants were randomly assigned to the IKEA group for one 
task and then assigned to the control group for the other task. Therefore, each participant solved 
one task (image or text) for the IKEA group and the other task for the control group. Task I (text) 
and task II (image) and thus the sequence of participation in the IKEA and control group were 
randomized in order for each participant. The interaction part for the IKEA group of both tasks 
was structured the same (see Figure 1a).  

First, participants were given the assignment, and then they were given a first, poor fitting output 
from the respective AI. Then, they were asked to adapt it which requires effort and were given 
four input options—two of them suggested improvements in relation to the problem definition, 
and the other two did not. Exemplary input options for the second round of the image task are 
provided in Figure 1b. The next output would better fulfil the problem definition but would still 
miss some crucial details. Thus, the participants could improve the output again. If they chose one 
option that did not make sense, they failed the attention check and were excluded from the 
experiment. Overall, they adapted the output three times until a final output was given. In 
addition, both tasks (text and image generation) were implemented in a version where no input 
selection for iteratively adapting the output was possible for the control group. Instead, the 
identical, final AI output was shown to the participants immediately after reading the problem 
definition. All images and text excerpts provided to participants throughout the experiment were 
created with Stable Diffusion and ChatGPT respectively, and pre-selected for this experiment by 
IS researchers to ensure equal experimental conditions for all participants. 

The questionnaire was set up with Unipark, a survey tool emphasizing privacy and allowing us to 
include many different types of questions. After agreeing to a privacy policy and reading their 
rights according to GDPR, the experiment started with information on the task. Then, the 
participants were randomly assigned to one of the two groups for Task I. After each task, the 
participants were asked follow-up questions to measure the IKEA effect. We chose to leverage 
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existing constructs and therefore conducted a structured literature review on the “IKEA effect” 
following vom Brocke et al. (2009). Consequently, we first defined the review scope. Here, we 
focus on research methods, especially their used constructs to measure the IKEA effect. Our goal 
is to summarize them. The organization is conceptual and the perspective neutral. Our audience 
are general and specialized scholars, and our coverage is representative. In the second step, we 
conceptualized the topic by reading some general literature on the IKEA effect (e.g., Marsh et al., 
2022; Norton et al., 2012). Here, we also set our inclusion criteria—a quantitative study was 
conducted with a measurement of the IKEA effect; and exclusion criteria—no measurement of the 
IKEA effect. Third, we conducted the literature search. To remain as broad as possible and also 
include papers, especially from IS, we used the search term “IKEA effect” in WebOfScience and AIS 
eLibrary. This resulted in 133 and 122 papers, respectively, with one duplicate. We also conducted 
a backward search to find the first paper and especially the definition of the IKEA effect (resulting 
in 247 publications) and a forward search which resulted in one additional paper (Turel et al., 
2007). Fourth, we analyzed and synthesized the literature by first excluding all papers which did 
not include a quantitative measurement of the IKEA effect according to their title and abstract, 
resulting in 33 papers. We then carefully extracted the constructs used in the papers to measure 
the IKEA effect.  

 

Example task:  
You asked the AI to adjust the image and focus only 
on one type of fruit. The AI generated the following 
image: 
 
 
 
 
 
 
 
Again, you can further modify the image. Please 
specify how you want the AI to change the image. 
Please select the most suitable customization for 
your company and use case. 

a. “Please add additional vegetables to the 
image.” 

b. “Please make it explicit that the plastic is 
recyclable.”  

c. “Please cut the apples.”  

d. “Please generate less plastic by not 
packaging the apples individually.”  

Figure 7-1 – a) Experimental Setup for the Image Task and b) Example Task With AI Collaboration; 
Participants Followed the Same Procedure for the Text Generation Task 

This resulted in measuring the willingness to pay (one item “Are you willing to pay for the output 
of the AI? If yes, how much?”; T. Liu et al., 2023; Marsh et al., 2022; Norton et al., 2012), the 
appreciation (one item on a 7-point Likert scale: “How much do you appreciate the AI-generated 
output?”; Radtke et al., 2019), the perceived value (four constructs each four to five items on a 7-
point Likert scale; e.g., “The quality of the AI-generated output is convincing.”; Turel et al., 2007), 
and the behavioral intention to use the technology (two items on a 7-point Likert scale; e.g., 
“Assuming that I have access to this GenAI, I would use it in the future.”; Turel et al., 2007). In 
addition, the effort is measured to prove effort manipulation between the groups was successful 
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(one item on a 7-point Likert scale: “How much effort did you invest in creating the output with 
GenAI?”; Raghoebar et al., 2017). We adapted the constructs slightly to our context and translated 
them into German. Finally, the demographic data (age and gender) and control variables (AI 
experience (five items on a 7-point Likert scale, e.g., “Compared to most people, I know more about 
AI”) following Flynn and Goldsmith (1999) and AI attitude (seven items on a 7-point Likert scale, 
e.g., “A majority of society will benefit from AI in the future”) following Schepman and Rodway 
(2020)) were asked. In addition, we ensured privacy, chose high-quality constructs, and 
randomized the options for the participants to prevent common method bias (CMB). Also, during 
the experiment, validity was ensured by using existing constructs and testing the survey and 
reliability by using multi-item constructs if possible. In addition, we will check for both later in 
the analysis. 

7.4.2 Data Collection and Sample 

Before administering the experiment, we conducted a pretest with four experienced IS 
researchers. We changed some wording to make the questions easier to understand and improved 
some spelling mistakes. In addition, we asked three potential participants from our target group 
to review the experiment to get insights into unclear task descriptions and improvements. 
Afterwards, our target group was contacted through Prolific, a market research institute, and paid 
to participate in our experiment 16 €/hr. We therefore calculated the sample size following the 
formula that assuming the effect is small (d = 0.35), we require 72 participants to show the effect 
at 90% for both groups. Thus, we contacted 200 people in our target group, assuming that at least 
10% would fail the attention check and choose an option to improve the text or image that does 
not make sense. 

Overall, the experiment was expected to take 15 minutes, and the participants required, on 
average, 9:34 minutes. 26 participants failed the attention check and were excluded. Other data 
was not excluded as the attention check was comprehensive enough, every question was marked 
as mandatory and no straight-liners were detected. Thus, we had a final sample size of 174 
participants from Germany, of whom 89 were assigned to the IKEA group and 85 to the control 
group for the text task and vice versa for the image task. In our sample, most participants (n = 
128) were between 18 and 33 years old (74%), 32 participants were between 34 and 44 years old 
(18%) and the rest above 45. The gender was more balanced. We had 87 females, 84 males, and 
three participants identifying as divers. 68 participants are working full-time, 40 part-time, 5 are 
not in paid work (e.g., homemaker or retired) and 15 are unemployed but job-seeking. The other 
participants did not reveal their working status. Finally, participants reported an average prior AI 
experience (measured with five items on a 7-point Likert scale, Cronbach’s alpha = .932) of 4.07 
(SD = 1.45) and an average attitude towards AI (measured with seven items on a 7-point Likert 
scale, Cronbach’s alpha = .874) of 5.19 (SD = 1.27). 

7.4.3 Data Analysis and Results 

We begin with checking the effort manipulation because only a perceived increase of effort can 
cause the IKEA effect (Mochon et al., 2012; Norton et al., 2012). For both tasks, the participants 
were asked about their own perceived effort (on a 7-point Likert scale) in creating the text and 
the image. Regarding the task of creating a company mission statement for a start-up in the 
healthcare sector using ChatGPT, the effort manipulation was not successful, as the IKEA group 
perceived the effort of the collaboration through four rounds of prompting was only slightly 
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higher on average (M = 2.77, SD = 1.06) than the control group (M = 2.68, SD = 1.15), t(169.02) 2 = 
-0.56, p = .290, with an effect size of d = 0.08, indicating a very small effect. The effort manipulation 
regarding the image creation for advertising sustainably packaging apples using Stable Diffusion 
on the other hand was successful, as the IKEA group reported significant higher perceived effort 
on average (M = 3.14, SD = 1.22) than the control group (M = 2.52, SD = 1.17), t(170.81) = 3.41, p 
< .001, with an effect size of d = 0.52, indicating a medium effect. Thus, in the following, we will 
only present the results of the image creation task for which effort manipulation was successful 
and not the text creation task. 

To assess convergent validity, we evaluated that all latent variables are above the recommended 
threshold of .5 for average variance extracted (AVE) and composite reliability and Cronbach’s 
alpha exceeded the threshold of .7 (Hair Jr. et al., 2017). Table 1 further outlines that all item 
loadings surpass the threshold of .7 and all constructs fulfil reliability and convergent validity. 

 Factor Loadings Composite 
Reliability 

AVE Cronbach’s alpha 

Perceived Effort .768-.839 .785 .647 .850 

Appreciation 1.000 1.000 1.000 1.000 

Quality Value .926-.968 .971 .894 .963 

Emotional Value .829-.921 .946 .779 .938 

Value-for-Money .879-.943 .951 .830 .950 

Social Value .761-.849 .891 .671 .894 

Behavioral 
Intention to Use 

.948-.955 .950 .905 .938 

Table 7-1 – Assessment of Reliability and Convergent Validity (Values Are 1.000 for One-Dimensional 
Constructs) 

The results of our discriminant validity analysis are shown in Table 2. We verified that the square 
root of AVE (pictured on the diagonal; is 1.000 for one-dimension constructs) is greater than the 
interconstruct correlations (Gefen et al., 2000) and thus conclude that all constructs indicate 
sufficient discriminant validity (Fornell & Larcker, 1981). 

 

  

                                                             
2 As shown later, we first performed Levene’s test for homogeneity of variances. If homogeneity of 
variances cannot be assured, instead of a t-test a robust Welch test is performed. To ensure significant p-
values the degrees of freedom are automatically adapted in the Welch test. 
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 Appreciation Quality 
Value 

Emotional 
Value 

Value-for- 
Money 

Social 
Value 

Behavioral 
Intention to 

Use 

Appreciation 1.000      

Quality Value .871 .945     

Emotional 
Value 

.801 .856 .882    

Value-for-
Money 

.694 .744 .762 .911   

Social Value .519 .526 .574 .524 .819  

Behavioral 
Intention to 
Use 

.713 .657 .713 .661 .600 .952 

Table 7-2 – Discriminant Validity 

First, homogeneity of variances was asserted using Levene’s test. If equal variances could be 
assumed, unpaired t-tests were performed to test for differences between the IKEA group that 
invested effort into collaboration through the selection of appropriate prompts and the control 
group. Otherwise, Welch tests were performed. Due to the sample size of 30 or more for each 
group, the normal distribution of the data obtained can be assumed so that unpaired t-tests can 
be used as a robust measure (Stone, 2010). 

H1: Willingness to pay. We found a significant difference in WTP (yes or no) for the group that 
collaboratively created images through prompting and the control group, t(172) = 3.98, p < .001, 
d = 0.48. While this effect is of small size, we further explored differences in the WTP for a monthly 
license. The results showed that the average price (in Euro) participants were willing to pay was 
significantly higher in the group that iteratively interacted with GenAI (M = 18.58, SD = 62.58) 
compared to the control group (M = 5.01, SD = 10.68), t(172) = 2.02, p = .045 with an effect size of 
d = 0.30, indicating a medium effect. Thus, we conclude that H1 is supported by the findings of 
this study, and WTP for images generated by AI is significantly higher if effort is invested into 
collaborating with the GenAI. 

H2: Appreciation. As shown by Norton et al. (2012), it is to be expected that with higher effort, 
the appreciation or liking of created objects increases. The findings of this study show that this 
bias also applies to the collaborative creation of content, such as images with a GenAI. Participants 
of the IKEA group reported a significantly higher average appreciation of the final image (M = 4.88, 
SD = 1.35) than the control group (M = 3.71, SD = 1.60), t(172) = 5.18, p < .001, with an effect size 
d =0.79, indicating a medium effect, even though they evaluated the same image. Therefore, we 
successfully demonstrated the IKEA effect in our online experiment, and the result supports H2. 

H3: Perceived value. While appreciation or liking of an object or content would rather be 
described as a personal feeling, perceived value, which is a key determinant for behavioral 
intentions, can be measured more objectively through four constructs (quality, emotional, value-
for-money, and social value) as proposed by Turel et al. (2007). We first examine H3.a through 
H3.d before deriving an overall assessment of whether perceived value increases with effort. 

H3.a: Quality value. Participants of the IKEA group report a significantly higher quality value for 
the generated solution (M = 4.77, SD = 1.32) than the control group (M = 3.70, SD = 1.55), t(172) 
= 4.90, p < .001. In addition, this effect is d = 0.74, indicating a medium effect. We thus conclude 
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that H3.a is supported, and the quality value of an AI-generated solution increases if effort is put 
into collaborative creation.  

H3.b: Emotional value. Besides the quality value, participants of the IKEA group further reported 
a significantly higher emotional value, which they attached to the created final image (M = 4.94, 
SD = 1.19) than the control group (M = 3.76, SD = 1.40), t(169.71) = 5.97, p < .001, d = 0.91, 
indicating a large effect. This finding supports H3.b and the emotional value significantly 
increased with effort in our experiment. 

H3.c: Value-for-money. We further asked all participants how they would rate the value-for-
money if a monthly license would cost 15 euros. Value-for-money received significantly better 
ratings by the IKEA group (M = 4.46, SD = 1.48) than the control group (M = 3.50, SD = 1.48), 
t(171.61) = 4.29, p < .001, d = 0.65, indicating a medium effect which supports H3.c.  

H3.d: Social value. Lastly, the social value of the created solution was assessed. Participants of 
the IKEA group attributed a significantly higher social value to their creation (M = 4.21, SD = 1.23) 
than the control group (M = 3.72, SD = 1.26), t(171.95) = 2.80, p = .006, d = 0.39, indicating a small 
effect. Therefore, in conclusion, we can say that the social value has also increased with effort, and 
the finding thus supports H3.d.  

Hypothesis t-Value p-Value Cohen’s d Outcome 

H1: Effort—WTP 2.02 .045 0.30 Supported 

H2: Effort—Appreciation 5.18 < .001 0.79 Supported 

H3: Effort—Perceived Value - - - Supported by 
H3.a - H3.d 

H3.a: Effort—Quality Value 4.90 < .001 0.74 Supported 

H3.b: Effort—Emotional Value 5.97 < .001 0.91 Supported 

H3.c: Effort—Value-for-Money 4.29 < .001 0.65 Supported 

H3.d: Effort—Social Value 2.80 .006 0.39 Supported 

H4: Effort—Behavioral Intention to Use 3.88 < .001 0.59 Supported 

Table 7-3 – Hypotheses Testing 

Since all four core determinants of perceived value are significantly higher for the IKEA group that 
invested effort in generating the image with the AI, we conclude that perceived value increases 
with effort, and H3 is supported. 

H4: Behavioral intention to use. Perceived value is seen as a driver for the adoption of a system 
or a general technology (e.g., Turel et al., 2007). We therefore examined if the behavioral intention 
to use the technology (GenAI for image creation) increases if participants put effort into 
collaborating with the technology. Interestingly, the behavioral intention to use GenAI also 
significantly increased for the IKEA group and thus with effort (M = 4.95, SD = 1.52) compared to 
the control group (M = 4.08, SD = 1.45), t(170.49) = 3.88, p < .001, d = 0.59, indicating a medium 
effect. We thus conclude that H4 is supported. 

7.5 Discussion 

Previous research on the IKEA effect does not address whether the IKEA effect can also be 
observed for non-physical content and, in particular, GenAI. Especially as the results of AI are 
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unpredictable and, to some extent, cannot be generated by humans in the same way (Berente et 
al., 2021; Dwivedi et al., 2023), findings from the literature are not transferable. With our 
experiment, we aim to determine if the IKEA effect can be found in order to be considered in the 
design and adoption of AI systems. Although AI seeks to automate processes, customer experience 
strategies of companies such as Adidas show that the contribution of effort by the customer or 
end user is essential so that collaboration produces valuable results, solutions, or products. 

In order to determine the IKEA effect in collaborative content creation with GenAI, we divided our 
online experiment participants into two groups. The IKEA group was able to co-create solutions 
in an iterative development process that required human effort using the AI tool. In contrast, the 
control group received the generated AI solution immediately. Participants were randomly 
assigned to one of the two groups (IKEA or control group) for the image task and then assigned to 
the other group for the text task. The tasks were presented in a way that both groups received the 
identical final output, regardless of whether the task was solved for the IKEA or the control group. 
Unfortunately, we did not notice any difference in effort in the text generation task, which led to 
the IKEA effect not being evident, a finding that has also been made for physical products (Mochon 
et al., 2012; Norton et al., 2012). Based on feedback from the participants, we assume that the 
difference between the effort collaborating with AI and receiving the final output was not 
observed here is simply due to the fact that it is significantly more exhausting for humans to read 
and evaluate texts than images. Therefore, we focused our evaluation on the image generation 
task where effort manipulation was successful. 

Various methods can be found in the literature to measure the IKEA effect. One of the most popular 
is the measurement of the WTP. We found a strong significant difference between the IKEA and 
the control group, so that H1 is supported. Thus, we can explain to a certain degree that the WTP 
for tools like ChatGPT is so high, because people can invest effort in the collaboration and create 
their own output. Likewise, we can assume H2—the appreciation of the output since a significant 
difference exists in the fact that the participants prefer the final version, where they themselves 
have invested more effort in the development process. We believe this can be due to the labor 
invested, causing either a signal of competence, effort justification, or feelings of ownership. 
Finally, we measured the perceived value of generated content through the four constructs: 
quality value, emotional value, value-for-money, and social value proposed by Turel et al. (2007). 
Also, these four constructs show a significant difference between the IKEA and the control group, 
so we can answer our first research question with human effort invested in collaboration with 
GenAI increases the perceived value of AI-generated solutions. Furthermore, RQ2, whether 
perceived value also increases the behavioral intention to use GenAI technology can be confirmed 
with H4. The behavioral intention to use GenAI tools, as in our example Stable Diffusion, can thus 
increase over time if the IKEA effect is exploited. 

7.5.1 Contributions 

With our experiment, we are able to make several theoretical contributions: First, by confirming 
the hypotheses, we can show that the IKEA effect can occur not only for physical products such as 
origami, food, or furniture (e.g., Dohle et al., 2014; Ling et al., 2020; Mochon et al., 2012; Norton et 
al., 2012), but also for content produced by GenAI. As (generative) AI has unique characteristics 
(Bauer, Hinz, van der Aalst, et al., 2021; Dwivedi et al., 2023), this effect is not self-evident. 
However, a sufficient difference in perceived effort must exist for the IKEA effect to manifest in 
using GenAI. The IKEA effect only occurs when people perceive that they have achieved and 
contributed to something. This can most likely also be generalized to former AI use and leads to 
our second theoretical contribution. With the ability of GenAI to create new content instead of 
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solely making decisions, we show with our findings that human-AI collaboration needs to be 
rethought, and we add to the goals that should be pursued in human-AI collaboration. Humans 
now find themselves in a new role: Rather than just receiving final content or decisions, they can 
participate in the outcome and co-develop the result with their input. While it remains unclear 
what effect a prompt has on the output of GenAI, we show that collaboration is essential for human 
end users to value results. Here, new XAI approaches may gain importance, which face new 
challenges, especially with regard to image generation for example. This also changes the way 
humans are considered in research: With regard to the black box character, it is important to 
explore how humans can cooperate with AI although they may not fully understand the 
functionality. Even though bias is often perceived as negative, thirdly, we believe that the IKEA 
effect can also be leveraged. To increase the value of the outcome for users, they could be 
integrated artificially into the process. The IKEA effect can be utilized by developing suitable 
interfaces and interaction opportunities.  Furthermore, our research offers practical 
contributions: First, we can find a higher WTP and behavioral intention to use for GenAI with 
human participation. This can be exploited by the providers of such services. It may also explain 
to some extent the high WTP for the monthly license of ChatGPT and the rapidly growing number 
of users. Therefore, (generative) AI providers should adapt strategies of customizing from brands 
like Adidas and Build-A-Bear instead of exclusively selling automation solutions to customers. 
These remain necessary for many tasks, especially when monotonous or dangerous tasks can be 
substituted. Still, also due to legal reasons, creative work or decisions in high-stakes environments 
are likely to remain with humans in the foreseeable future. But our findings are also valuable for 
the users of GenAI. Organizations planning to implement such solutions should primarily choose 
tasks that require collaborative approaches. Otherwise, employees might fear losing their jobs 
and the acceptance of these solutions could decrease significantly. By exploiting the IKEA effect, 
we anticipate the opposite: In collaboration between humans and machines, the perceived value 
of the end product increases so that the behavioral intention to use increases, which can lead to 
higher acceptance. Finally, we can recommend potential users of GenAI to give it a try and discover 
new ways of facilitating work by contributing to and shaping the outcome of AI. 

7.5.2 Limitations and Future Research 

While our study has added surprising insights into the realm of the IKEA effect in the context of 
GenAI, a few limitations must be acknowledged and further provide a basis for future research. 
First, the online experiment was conducted exclusively with German participants, and respective 
cultural norms, attitudes, and experiences may influence individual perceptions and biases. In 
addition, the majority of participants were between 18 and 33 years old, and the results on the 
IKEA effect may not be transferable to children and older people. While the results are thus 
relevant for most of the current users of GenAI, it is still interesting to understand how and 
whether the IKEA effect affects human-AI collaboration at different stages of users’ lives. Second, 
our experimental design did not allow participants to have a “real” interaction with Stable 
Diffusion. While this was intentionally done to ensure uniformity in the results across participants 
and to trigger the IKEA effect, it is worth noting that the interaction was simulated. Nevertheless, 
the feedback from participants indicates that they believed they were indeed interacting with an 
actual GenAI, which speaks to the validity of our design. Third, the experiment focused on image 
generation. The realm of GenAI spans far beyond image creation, including outputs like code, 
music, etc. The occurrence of the IKEA effect in these contexts poses a topic for future research. 
Lastly, while the phenomenon of the IKEA effect was observed in the context of GenAI, the reasons 
for its occurrence remain unclear. Previous research on the IKEA effect has pointed to factors like 
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the signal of competence, effort justification, and feelings of ownership as potential underlying 
causes. Also, simple factors such as the amount of time spent on a task could influence the 
perceived effort. Future research could delve deeper into understanding the specifics of why this 
effect is manifested, especially in the context of AI-generated content. In addition, future research 
should investigate whether the IKEA effect, in the context of GenAI, varies across different 
cultures. Moreover, our findings underline the potential influence of the IKEA effect on user 
perceptions. Future research should focus on how this effect can be factored into the design of 
GenAI tools. Incorporating psychological insights might enhance the perceived value of AI-
generated solutions and human-AI collaboration in the future. In conclusion, we encourage 
scholars to build on this work, further unraveling the intricate relationship between humans and 
GenAI. 
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8.1 Introduction 

The Information Systems (IS) research domain highly values the accurate implementation and 
effective presentation of research methodologies. Ultimately, a sound research design and its 
execution are essential for any publication. Given the importance of methodology in IS research, 
a great body of literature exists that provides detailed guidance on how to design research 
projects and execute them properly. In this body of work, five overarching pillars of research 
methods and their respective guidance have emerged. Regarding literature reviews, Okoli and 
Schabram (2010), Schryen (2015), vom Brocke et al. (2009), and Webster and Watson (2002), for 
example, offer step-by-step instructions on how to perform literature reviews in a structured and 
reliable manner. For conducting qualitative research and its underlying grounded theory, 
Eisenhardt (1989), Myers and Newman (2007), or Urquhart et al. (2010) form the basis for almost 
every qualitative research project; independently of whether researchers are novices or 
experienced. Design science research (DSR) goes even further here, offering established papers 
that detail the steps a successful DSR project must go through to be relevant and rigor (e.g., Hevner 
et al., 2004; Kuechler & Vaishnavi, 2008; Peffers et al., 2007). Finally, Venkatesh et al. (2013), as 
an example, provide guidelines for mixed methods research in IS.  

As a fifth research method, quantitative research, and especially cross-sectional survey studies, 
have been a key element of IS research for decades (Newsted et al., 1998). They allow to observe 
a phenomenon in a broad sample and to validate relationships statistically relatively inexpensive 
and easily if done right (Dinev et al., 2013; Melnyk et al., 2012; Recker, 2021). Surveys can be used 
for exploration—to become familiar with a topic; for description—to study behavior, opinions, 
processes or situations; or for explanation—to test theoretical and hypothetical relationships 
(Recker, 2021). To better define the scope of our framework, it is important to clarify our 
understanding of the term “survey” within the context of IS research. Compared to other 
quantitative methods, such as experiments, surveys are often administered to a broad sample, 
resulting in generalizable conclusions by using structured questionnaires (W. R. King, 2005; 
Mazaheri et al., 2020). In general, surveys can be categorized into cross-sectional and longitudinal 
surveys. The former is defined as a one-time data collection (Srivastava et al., 2015). Longitudinal 
surveys are characterized by surveying the same individuals at least twice, resulting in the 
measurement of differences over a longer period of time (Moorman, 2008). This paper refers 
primarily to cross-sectional surveys as they typically are part of almost every quantitative 
research and are regularly adopted by IS researchers. The data can originate from heterogeneous 
sources, nowadays especially online surveys (Che et al., 2022; Ciolkowski et al., 2003; Kranz, 
2021; Mazaheri et al., 2020).  

Despite its wide usage (Mazaheri et al., 2020), the literature on quantitative research (in IS) has 
primarily focused on two aspects: the development of constructs (e.g., Compeau et al., 2022; 
MacKenzie et al., 2011; Moore & Benbasat, 1991) and the statistical analysis of survey results, 
especially ensuring the quality of data through validity or reliability measures (e.g., Hair Jr. et al., 
2017; W. R. King, 2005; Podsakoff et al., 2003; Schmitz et al., 2020), which is also the focus of the 
well-known website of Straub et al. (2022). However, the survey development process involves 
multiple steps, including constructing survey questions, designing the survey and administering 
the survey, before analyzing the data. To the best of our knowledge, no paper in IS has yet focused 
on “bridging the gap” between a researcher choosing to conduct a survey and the statistical 
analysis of survey data by providing detailed guidance on the steps involved in survey 
development, thus ensuring that the data collected is valid, reliable, and accurate. Although this 
process might be known by experienced researchers, providing an explicit framework can 
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significantly improve data collection and therefore the quality of future research output. As such, 
the current state of the literature on quantitative research in IS remains insufficient in providing 
a comprehensive understanding of the research process, as the actual steps involved in the survey 
development process have received relatively little attention. In addition, despite surveys being 
used in various research fields, there also seems to be a dearth of research on the development of 
surveys. Since IS research is strongly methodology-driven, as many other fundamental 
methodology papers on, for example, structured literature review or DSR have been successfully 
published and IS is an interdisciplinary research area, we consider the development process of 
cross-sectional surveys in IS in this paper. Thus, the primary objective of this paper is to provide 
a framework consisting of a comprehensive set of guidelines to standardize the survey 
development process, thereby enhancing comparability and reproducibility across research. 
Especially for beginners in survey development, the framework offers a detailed and structured 
approach for conducting surveys, which ensures high-quality surveys that deliver accurate and 
reliable data. But although the concepts underlying the derived guidelines are probably known by 
advanced researchers, they may also benefit from this paper by using the proposed framework as 
a checklist that their surveys are developed to the highest standards. Finally, this paper aims to 
provide support to reviewers, offering a common framework for evaluating and providing better 
feedback to cross-sectional survey research papers. By approaching this broad range of 
researchers, we seek to support at all stages of the survey development process to enhance the 
rigor and quality of research.  

We follow the DSR approach by Peffers et al. (2007) to derive a framework for the survey 
development process. To this end, we conduct a structured review of existing literature for the 
derivation of guidelines proposed in this paper to aggregate and synthesize the best practices 
currently available in IS research. The guidelines were first presented as part of a research project 
presentation to other IS researchers and then evaluated by three focus group discussions. They 
also expanded the framework with IS-specific tangible knowledge. Deriving the guidelines from 
the literature and then evaluating them through focus groups ensures that the framework is not 
only based on existing literature but is also practical and useful for researchers in the field of IS 
research. In addition, our guidelines are not intended to be prescriptive or restrictive. Instead, 
they provide a flexible framework that can be adapted to different research contexts and can be 
tailored to specific research questions that are suitable for quantitative research. For example, 
telephone- or face-to-face surveys can also benefit from these guidelines, but some of the 
guidelines may need to be adapted minimally for use in other types of survey approaches. 

This paper is structured as follows: After the Introduction, which contains the problem statement 
and motivation of this paper as well as existing work, the Methodology is described, where the 
DSR approach, including the literature review and the focus groups, are described. This is followed 
by our framework in the results section. The paper concludes with a Discussion of contributions, 
limitations, and future research. 

8.2 A Design Science Research Approach 

To derive a structured framework for the standardized development of surveys that allows 
comparability and reproducibility, we chose a DSR approach similar to vom Brocke et al. (2009) 
or Nickerson et al. (2013). DSR allows us to iteratively derive guidelines first from literature and 
then improve them through a focus groups of IS researchers. Thus, we apply the DSR approach 
suggested by Peffers et al. (2007). First of all, following this well-established, concise approach 
ensures the rigorousness of the derived solution (Hevner et al., 2004). Second, while we aim to 
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deepen our understanding of survey development in the IS research community, it is a key 
objective to ensure comprehensibility as well as broad practicability of the derived guidelines 
underlying our framework. As many surveys investigate real-world problems, the applied DSR 
methodology is suitable for developing an artifact in the form of a framework that allows for broad 
applicability (Baskerville et al., 2015; Venable & Baskerville, 2012). The derived framework 
defines clear guidelines for each step in the development process of a survey and thus provides a 
Level 2 contribution in terms of the DSR contribution types by Gregor and Hevner (2013). 
Example artifacts for Level 1 contributions are specific solution instantiations, while Level 2 
contributions are, e.g., constructs, methods, models, design principles, and technological rules, 
and Level 3 contributions include the derivation of new design theories (Gregor & Hevner, 2013). 

 

Figure 8-1 – DSR Methodology for Our Study in Accordance With Peffers et al. (2007) 

Figure 8-1 visualizes our approach, which consists of six distinct phases, namely 1) problem 
identification & motivation, 2) objectives of solution, 3) design & development, 4) demonstration, 
5) evaluation, and 6) communication with possible starting points at 1) to 4) (Peffers et al., 2007). 
We began the design cycle in phase 3) by first reviewing existing literature on surveys in the 
Basket of Eight journals (European Journal of Information Systems, Information Systems Journal, 
Information Systems Research, Journal of the Association for Information Systems, Journal of 
Information Technology, Journal of Management Information Systems, Journal of Strategic 
Information Systems, and MIS Quarterly) to account for rigor in the design process (Hevner et al., 
2004). A detailed description of the performed journal review is provided in the next section. 
Besides identifying the lack of clear guidance for developing surveys for phase 1, we were able to 
define the key objectives for the framework in process phase 2. Based on the surveys that were 
published in the Basket of Eight journals, guidelines for all process phases of the development 
phase of surveys were derived. Standardization and broad applicability of guidelines were the key 
objectives during this phase 3. Peffers et al. (2007) suggest demonstrating the artifact in phase 4 
before evaluating it in phase 5. We demonstrate and subsequently evaluate the guidelines in 
different settings to ensure comprehensibility and effectiveness while also obtaining in-depth 
qualitative feedback from IS researchers. In a presentation of our research project with 21 IS 
researchers the identified research gap as well as derived guidelines were shown before an open 
discussion was conducted on the relevance, comprehensibility, and completeness of the 
framework. The main focus of the research presentation was to demonstrate the guidelines to a 
large group of researchers, who were then asked about previous their experiences with surveys 
and then were invited to participate in several focus groups according to their level of expertise. 
Focus groups allowed us to evaluate how selected groups of researchers with different prior 
experiences evaluate the derived guidelines (O’Nyumba et al., 2018). The DSR approach by Peffers 
et al. (2007) requires communication (phase 6) of the results obtained to appropriate audiences. 
As we primarily focus on surveys conducted in IS research, this paper allows us to present the 
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conducted design cycle and final framework to IS researchers who can build their future research 
on the blueprint provided in this paper. 

8.2.1 Literature Review 

To derive the initial set of guidelines, we conducted a literature review following the five steps 
according to the approach suggested by vom Brocke et al. (2009). First, we defined our review 
scope using Cooper’s (1988) Taxonomy which consists of six characteristics guiding researchers 
to specify their scope. Our focus is on research methods, as it is the case with quantitative surveys, 
and our goal is to integrate and combine the literature into a framework. We organize our review 
conceptually and take a neutral perspective. Our audience are both specialized and general 
scholars in IS and we provide representative coverage by focusing on articles in the Basket of 
Eight journals that ensures high quality as they have already passed an extensive review process. 
Second, we conceptualized the topic. We agreed on the most general search string “survey” 
to remain as broad as possible. Since we focus on cross-sectional surveys, we chose the following 
inclusion criteria: 1) At least one cross-sectional survey was conducted in the paper, and 2) the 
paper provides sufficient insights into the survey itself or its development process. We did not 
consider papers that focus on research methodologies for the literature review but read them to 
substantiate our framework. Third, in our literature search, we used the search string “survey” 
in WebOfScience which allowed us to specifically selecting only articles from the Basket of Eight 
journals as they are extensively reviewed and accepted as high-quality journals (Polites et al., 
2012). This resulted in 741 articles. We read and applied the inclusion and exclusion criteria on 
the papers according to the publication year by first screening the titles and abstracts before 
reading them (Schryen, 2015). To reach saturation we analyzed and synthesized papers 
according to their publication year adding more papers until no paper provide any new 
information on the survey development process. Thus, we started with the 23 papers from 2022 
by scanning the titles and abstracts. We excluded three papers that were not conducting a survey. 
The remaining 20 papers were then read carefully. Based on them, we developed a list of coding 
categories, such as used constructs, included control variables, measurements against biases, and 
types of testing the survey, which we then applied to the selected papers. Afterward, we used the 
categories to derive a first draft of guidelines. We already noticed saturation in the guidelines after 
analyzing the papers from 2022. We then extended our guidelines with articles from 2021, 
applying the same procedure as before, again excluding seven papers as they did not conduct a 
survey, resulting in 27 articles. As hardly any new aspects for the guidelines emerged, we chose 
as representatives two random articles from each of the last 10 years to finalize the guidelines. 
Finally, we used a backward search to include relevant methodology papers—which are not 
counted here as they are only used in the guidelines and not to derive them—and we did not 
perform a forward search as we only needed a representative set of survey papers. Overall, we 
included 65 (20 from 2022, 27 from 2021, 2 each from 2012-2020) papers in the literature review. 
A research agenda as the last step will be included in the discussion as an outlook on future 
research ideas. 

8.2.2 Focus Groups 

To evaluate the framework, ensure the relevance and correctness of the guidelines, and for 
additional input, we conducted three focus groups. A qualitative methodology is beneficial, as the 
knowledge collected is not shared in public in the form of papers but is anchored in the 
interviewees based on their experience. The main advantage of focus groups compared to 
interviews is that a discussion takes place between the participants and different opinions 
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influence the result (Gibson & Arnott, 2007). In addition, Gibson and Arnott (2007) recommend 
focus groups for evaluating the utility, quality, and efficacy in DSR. The three focus groups took 
place in March 2023 and consisted of five to six IS researchers who knew each other at least to 
some extent and with different research interest such as privacy, AI or healthcare. Six experts (one 
postdoc and five researchers at the end of their Ph.D. studies) with at least four (mean 10) already 
conducted surveys were invited to the first focus group, since we expected the highest amount of 
input here. The participants were asked to speak openly about their experiences and advice with 
surveys along the survey development process (see Figure 8-2) to improve and expand our 
guidelines. Following this, we asked five proficient researchers (in the middle stages of their Ph.D. 
studies) who had conducted at least one, but maximum two surveys to give input to each guideline 
by its title, hoping to gather in particular their difficulties and learnings to gain feedback on the 
usefulness, completeness and clarity of our guidelines. Finally, we evaluated the guidelines for 
ease of use, understandability and practicality with five inexperienced (no surveys conducted) 
researchers at the beginning of their Ph.D. studies by summarizing the guidelines. Between each 
focus group, the guidelines were adapted to the new insights. Following Tremblay et al. (2010), 
we conducted an exploratory focus group with the six experts (“Ex”) and a confirmatory focus 
group with the five inexperienced participants (“I”). The focus group in between them consisted 
of five proficient participants (“P”) was both exploratory and confirmatory. In order to maximize 
the feedback from the participants and to minimize the length of the interviews to avoid fatigue, 
we chose relatively small groups compared to Tremblay et al. (2010)’s suggestion of 6-12 
participants. The same author moderated the focus groups and afterwards transcribed them for 
analysis. The discussions were, on average, 59 minutes. Finally, the focus groups were coded 
during content analysis using MAXQDA software (VERBI Software, 2022) by the authors to 
minimize the influence of individual researchers and to ensure objectivity. For this purpose, we 
applied the guidelines derived from the literature to the transcripts (deductive) and 
simultaneously identified new, context-specific aspects for the framework through an inductive 
approach (Mayring, 2000). From the focus groups we were able to refine the guidelines regarding 
tacit knowledge, for example how to order the questions in a survey or that it is important and 
normal to iterate back anytime during the development of a survey. 

8.3 A Framework for Cross-Sectional Survey Development 

In the following, the guidelines of the survey development process derived from the literature and 
enriched and validated by the focus groups are presented. In order to clearly distinguish the 
results of the literature search and the focus groups, the sources are always provided. As our focus 
is on the methodological part of a paper, the guidelines start after the research question has been 
defined and a theory—used synonymous with model or framework and describes the presumed 
relationships between the constructs—has been selected. The theory can be self-developed, e.g., 
derived from interviews, or it can be an established theory that has been extended by self-selected 
variables. Thus, the finding of a theory and the development of hypotheses are not included in this 
paper. However, especially guidelines 1, 2a, 3 and 4 (in Figure 8-2) are dependent on the chosen 
theory. In addition, as many papers exist on how to analyze data and this is depending on the 
specific research questions, our guidelines end before the analysis. 
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Figure 8-2 – Framework for Cross-Sectional Survey Development 

Figure 8-2 gives an overview of the framework, including the guidelines and their order for the 
development of a survey. 

Guideline 1—Define the Target Group and the Sample Size 

First, the target group must be determined, because elements of other guidelines such as the type 
of attention check (see Guideline 6) or the phrasing of the items (see Guideline 2) are based on it 
(Expert 5—Ex5). The target group depends on the research question and chosen theory and, in 
particular, three alternatives are used: A representative group (e.g., according to age and gender 
in a country (J. Wang et al., 2016)), a specific group (such as employees of companies (Kranz, 
2021), managers of different companies (Liang et al., 2022), or members of a platform (Abhari et 
al., 2022)) or a student sample as a convenient sample (Serenko & Turel, 2021). In the IS literature, 
all three variants are used, but mainly specific groups. 

The sample size ranges from 100 (J. Zhou et al., 2022) to 1281 (Rai et al., 2022) across the papers. 
Rules of thumb and formulas exist to calculate the minimum numbers; however, no paper includes 
them or any rationale on the number of participants. As the sample size is also depending on the 
requirements during the analysis, we will only give the suggestion to follow Maier et al.’s (2023) 
recommendation of the website from Wang and Ji (2020, http://riskcalc.org:3838/samplesize/) 
to calculate the sample size for cross-sectional surveys.  

Furthermore, the researchers must consider the form of recruitment. Market research institutes 
are frequently approached for this purpose, as they offer representative samples and Steelman 
and Hammer (2014) did not find a statistical disadvantage in acquiring participants through 
platforms such as online crowdsourcing markets. However, these can quickly become very 
expensive (Steelman & Hammer, 2014). If a specific target group is being surveyed, researchers 
often have to recruit participants via contacts, e-mails, LinkedIn, etc. A student sample, on the 
other hand, is easy to recruit, as students can be asked to participate in courses, but has the most 
issues including low heterogeneity thus low representativeness (Ex1). In this context, also the 
question of compensation arises. At a market research institute, participants are often paid a fixed 
amount depending on the duration of the survey, a few dollars/euros. Students or members of 
platforms often receive an incentive in the form of a fixed amount or the prospect of a possible 
prize in gift cards or even products such as iPads to increase response rate (Feng et al., 2022; 
Melnyk et al., 2012). Employees or managers of companies often do not receive an incentive. 
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Therefore, we propose: Document (Guideline 1.1—G1.1) the target group and why it was 
chosen. State (G1.2) how many potential participants exist, the sample size calculated and 
according to which formula or rule of thumb, how many participants have been contacted, and 
how many have participated in order to calculate the response rate. Specify (G1.3) which type of 
recruitment was chosen and (G1.4) whether incentives were offered. 

Guideline 2a—Leverage Existing Constructs and Variables 

From the chosen or developed theory measures for the survey must be derived. The existing, often 
abstract constructs from the theory are operationalized through specific variables (Lund 
Research Ltd, 2012). Overall two approaches exist: First, leveraging existing variables, including 
their items—variables are usually measured through multiple similar questions, which have the 
same scales, and second, developing new constructs and variables (see Guideline 2b). Relying on 
established constructs and variables has the advantage that their validity has already been proven 
and results can be compared across several papers (Ex1; Ex3; P1; P2; P3; P4; P5). If multiple 
variables exist for the selected construct, we recommend choosing the best known, most suitable 
and most recent one. Here, the relevance should be assessed (Compeau et al., 2022). Picking 
individual items from various existing variables is not recommended. Often, variables need to be 
adapted to the survey context. If only minor changes are needed, the items can be modified. For 
example, Cichy et al. (2021) chose the privacy concern collection measurement from Smith et al. 
(1996). Originally the item is “It usually bothers me when companies ask me for personal info.” 
which is adapted to “It usually bothers me when the company asks me for personal driving data.” 
The adaptation should not result in a completely new item (P4). To determine whether more 
substantial changes are required, Compeau et al. (2022) describe a four-step approach.  

Existing (occasionally also self-created) items have to be translated sometimes. Based on Brislin 
(1970), the following procedure has been used by many researchers (e.g., Maier et al., 2021): The 
questions are translated into the target language by a bilingual individual and then translated back 
by a second bilingual individual. If both versions in the original language are now considered to 
be without differences in meaning, a pretest should be carried out in the target language. 
Afterward, the questions should be re-evaluated by bilingual persons, one group seeing only the 
original, one group seeing the translation, and one group seeing both. In case no differences in the 
results are detected, the translation can be adopted (Brislin, 1970). This process is often carried 
out in a condensed version, for example by relying on professional translators to translate the text 
into the target language and then re-translating the text back into the original language (e.g., 
Hovav et al., 2021; L. Wang et al., 2022; E1). 

Therefore, we propose: Document (G2a.1) the source of constructs and variables, (G2a.2) their 
relevance, e.g., following Compeau et al. (2022), (G2a.3) the extent to which they have been 
adapted to the new context and (G2a.4) how there were translated. Best practice is to report all 
constructs, variables and their items in the paper. 

Guideline 2b—Develop Own Constructs and Choose Scales 

Adequate constructs and variables may not always exist in the literature. However, developing 
constructs should be the exception as it is a time-consuming process (Ex2; Ex3; Ex5). The 
development of new constructs usually follows MacKenzie et al.’s (2011) ten steps scale 
development process from the definition of the construct over the generation of items, the 
collection of data for testing, the elimination of items, and the validation of the development of 
norms (e.g., Hoehle & Venkatesh, 2015; Riemenschneider & Armstrong, 2021). They also 
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elaborate on the difference between formative and reflective measurement models and thus 
provide a solid guideline for the development of constructs. 

Variables can consist of multiple (preferred) or a single item, but can be also answered through 
open-ended, ranking or many more types of questions. Churchill (1979) recommended the use of 
multiple items because this results in higher reliability (see Guideline 8a) and is suitable for 
structural equation modeling. But it is also possible to use single items, often done by practitioners 
because of their simplicity. They are accepted in marketing research if they are doubly concrete 
constructs (Bergkvist & Rossiter, 2007). To measure items, in IS and related areas, mostly Likert 
scales have been adopted. Here, an item is given as a statement and the respondents have to give 
their attitude on a range from “strongly disagree” over “neutral” to “strongly agree” (Flamer, 1983; 
Likert, 1932). Commonly the range has seven steps (e.g., Cichy et al., 2021; Lin et al., 2021), but 
also five (e.g., Ke et al., 2021) and ten (e.g., Rai et al., 2022) are used. Regarding the choices of the 
best length and whether the scales should be even or odd, no clear direction is given (Leung, 
2011). For the length, the literature argues in favor of long scales because of the larger variety of 
options for the participants so they are supposed to find their true value more likely (Joshi et al., 
2015). On the other hand, an overly fine scale can be overwhelming (Matell & Jacoby, 1971). 
Sometimes it can be beneficial to change the wording and use semantic differential scales (Chin et 
al., 2008). This results in more variable and flexible scales and shorter items, e.g., instead of “Using 
the system enhances my effectiveness” on a scale from strongly disagree to strongly agree the 
item would be “This system is …” ranging from efficient to inefficient (Chin et al., 1996, p. 690). In 
addition, there are other scales that can be used, such as the Stapel scale or the Thurstone 
differential scale (Albaum, 1997). If an item comes with a scale, we recommend using it. Other 
types of questions are depending on the variable. Open-ended questions can, for example, be used 
to find reasons in participants behavior and analyzed qualitative or ranking, for example, in 
conjoint analyses. 

Therefore, we propose: Document (G2b.1) which constructs are newly developed and (G2b.2) 
the process of their development. In addition, we recommend describing this process in a new 
paper or at least as detailed as possible including testing of the new constructs in the current 
paper. Additionally, (G2b.3) list which scale was used for all variables. 

Guideline 3—Use Appropriate Control Variables 

Control variables or if they refer to a person demographic data are included to account for effects 
that may confound the relationship between independent and dependent variables and thus to 
rule out alternative explanations (Atinc et al., 2012). This also allows identifying potential group 
differences (Kung et al., 2015). Furthermore, demographic data can be used to determine whether 
certain quotas are already met, e.g., age distribution in the country under consideration (E1; P1). 

If the survey focuses on individuals, in particular, age and gender are included in the survey, as 
well as income, employment status, work experience, and sometimes marital status and the 
number of children. Depending on the topic, more specific variables can be utilized (e.g., Che et al. 
(2022) measured the experience in online shopping). Demographic data is often presented in the 
methodology section. When collecting demographic data, privacy must be ensured to avoid 
individuals being identifiable (see Guideline 5). For surveys focusing on companies, control 
variables such as size and industry are measured in particular. In addition, as such surveys require 
one person to respond on behalf of the company, demographic data for this person is often 
included as well “because the demographic data are always collected” (Ex3; P1; P3; P4). 
However, measuring every control variable that might have an influence is not the solution. 
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Carlson and Wu (2012) even recommend omitting control variables if there is a lack of evidence 
to support their inclusion. Bernerth and Aguinis (2016) presents a decision tree: Only if the 
variable is likely to have an influence that has already been examined and confirmed by other 
researchers and offers an alternative explanation, the inclusion of the control variable is 
reasonable. However, the focus group participants stated that they prefer to measure more 
control variables than to realize later that they missed one (P1; P4).  

Therefore, we propose: Document (G3.1) all control variables and demographic data that are 
collected during the survey. Include if possible (G3.2) a valid rationale why the control variable 
is measured and (G3.3) show an overview of the values and their influence on the model in the 
analysis. 

Guideline 4—Order of the Survey 

After defining the measurements, they must be arranged within the questionnaire “for the quality 
(...) of the survey” (Ex6; Drury & Farhoomand, 1997). Regarding the order of the survey, no 
explicit statements can be found in the examined literature. A survey should start with a privacy 
policy focusing on confidentiality and anonymity and information about the survey (see Guideline 
5). In addition, important definitions  should be included at the beginning to achieve a common 
understanding by using not only plain text, but also images (Kranz, 2021; P4). The variables can 
be structured based on the relationship between the constructs from in the theory, placing 
mediators at the end (Ex6; P2; P5). However, sometimes it is useful to measure the dependent 
variable first to avoid influence by other questions (e.g., questions about actual behavior can be 
influenced if people are asked how they handle privacy) (Ex1; P3). Regarding control variables, 
they are often included as first (e.g., Wiener et al., 2021), which makes it possible to check directly 
if quotas (e.g., balanced sample size according to gender) have to be met (P3), or last part of the 
survey (e.g., Abhari et al., 2022), “because it’s something that tends to bore the participants” 
(P3). Finally, it is useful to offer an open feedback box in the end (Ex2). 

In online surveys, the number of questions on a page should be limited so that participants only 
have to scroll once (P1; P4). Each page should consist of approximately the same number of 
questions or take the same amount of time (P2; P3). In addition, a page should be thematically 
independent (Ex5; P1). A progress indicator helps the participants to maintain an overview and 
remain motivated (P3; P4). Furthermore, a back button should not be included if the participant 
should not change their original opinion (Ex5; P1; P2). Moreover, making questions mandatory 
has the advantage that users must not be eliminated at the end because of missing data (see 
Guideline 11), but should be avoided with private questions (P1; P2). Finally, it is useful to block 
questions of one variable with Likert scales in a matrix (P1), but reversed questions in a matrix 
should be placed carefully to avoid that participants overlooked them (Ex2; E4). Finally, the 
questions should also not be overly complex and long (P3). 

At the variables’ and items’ levels, a further question arises whether they should be asked in the 
same order or randomly for each participant as it can influence the reliability and construct 
validity (see Guideline 8a). To reduce common method bias, a recommendation is to randomize 
the order of the survey questions (Podsakoff et al., 2003; P. N. Sharma et al., 2022; L. Wang et al., 
2022). Wilson et al. (2021) recommend not to use intermixed approaches (mixing items from 
different variables), but to order the variable blocks randomly.  

In this context, the length of the survey needs to be briefly addressed. Although no specific rules 
exist, the length of the survey has an impact on the response rate and can therefore threaten the 
validity of the survey (Chin et al., 2008; Melnyk et al., 2012). Additionally, the reliability of later 
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questions may decline as participants become increasingly fatigued. The experts from our focus 
groups recommend a survey length of 10 to 20 minutes.  

Therefore, we propose: Document (G4.1) in which order the survey components were arranged. 
If an online survey was conducted, (G4.2) describe the settings in the tool used to set up the 
survey. If the order of questions is random, (G4.3) describe how it was set for different 
participants, and indicate (G4.4) how long the survey takes on average. 

Guideline 5—Privacy Policy & Approval of Ethical Review Board 

To ensure privacy, it is important to include information about the storage and use of the collected 
(demographic) data for the participants and inform them about their rights (e.g., GDPR and that 
the survey is voluntary so they can leave anytime) (P1; P2). Often, universities provide 
information on how to implement privacy policies on their website (P3). Especially in psychology, 
ethical principles are ensured by the approval of an ethical review board. This should be 
considered depending on the topic and questions, e.g., when collecting sensitive such as medical 
data from the participants. 

Therefore, we propose: Document (G5.1) if a privacy policy is provided and (G5.2) if an ethical 
board approves the survey. 

Guideline 6—Include Attention Checks 

Since participants may become inattentive during surveys, we recommend including at least one 
attention check to improve data quality. A specification on which attention check was included 
was rarely provided in the literature. Only the following example was found: Participants are 
asked to “please select strongly disagree” (Wiener et al., 2021). 

Abbey and Meloy (2017) provide an overview of different types of attention checks along with the 
simplicity of implementation and objectivity of these checks: Logical statements, directed queries 
(including the example above), manipulation checks, open-ended queries, infrequency, response 
pattern/ time, honesty check, reverse scaling, memory recalls, and outlier detection. Except for 
response pattern/ time and outlier detection, attention checks must already be planned during 
survey creation. An attention check should be placed in the middle of the survey (P4). It should be 
noted that if you ask a “Please check strongly disagree” question, it is possible that the questions 
surrounding it will be influenced by the strong statement (Ex3). The advantage of attention checks 
is that they can be used to easily eliminate data sets where participants have made little effort 
(see Guideline 11), thus ensuring high data quality and that the survey reflects the true behaviors, 
attitudes, and beliefs of the participants (Abbey & Meloy, 2017). Especially in the context of online 
surveys using tools like Amazon Mechanical Turk, the inclusion of attention checks is 
recommended (Paas & Morren, 2018). However, Hauser and Schwarz (2016) discovered that 
Amazon Mechanical Turk respondents learned how to answer these attention checks. 

Therefore, we propose: Document (G6.1) which type of attention check was used and (G6.2) 
how many participants failed it and were thus eliminated. 

Guideline 7a—Test for and Reduce Common Method Bias 

Often, surveys are checked for the common method bias (CMB or common method variance) 
(Fuller et al., 2016; Podsakoff et al., 2003). CMB can occur when data are collected from the same 
source. A faulty measurement caused by a bias can lead to incorrect results and thus flawed 
conclusions. Different causes for the CMB exist: “a common rater, a common measurement 
context, a common item context, or from the characteristics of the items themselves” (Podsakoff 
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et al., 2003, p. 885). An overview of options for control in design or in statistics, i.e., after the survey 
has been conducted is provided by Podsakoff et al. (2003). The focus here will be on the options 
in the design: Whenever possible, the independent and dependent variables should be collected 
from different sources in order to minimize the common influence on them, but collecting data 
from the same respondents does not automatically result in CMB. When conducting longitudinal 
surveys, it is possible to query the two types of variables in different surveys (Gong et al., 2021; L. 
Wang et al., 2022). In case it is not possible to collect the data from different sources, a 
separation—temporal by ordering the survey questions (see Guideline 4), psychological by cover 
story, methodological or proximal by different response formats—can be arranged. Another 
possibility to reduce CMB is to guarantee anonymity to the participants (see Guideline 5) and to 
assure that there are no right or wrong answers. Especially to reduce priming effects it is 
recommended to vary the order of questions. Using a marker variable (e.g., “Coffee is important 
in my life”) in the research model could also support determining CMB. If no high correlation with 
other variables can be found, the possibility for CMB is low (Maier et al., 2021; Ex2; Ex3; P3). 
Finally, by ensuring high quality constructs and testing them, CMB can be reduced (P3) (see 
Guideline 2). Cram et al. (2022, p. 440f.) summarize “keeping questions simple, focused, and 
concise; avoiding double-barreled questions and conceptual dependence between dependent and 
independent variables; using randomized items and reiterating respondent anonymity along with 
the exclusive research purpose of our study”. This is extended by Jordan and Troth (2020) with 
higher item clarity and including reverse items or balancing positive and negative items. 

After the data collection, the data can be additionally tested for CMB. As these tests are usually 
part of the analysis rather than the methodology, only two will be mentioned and briefly described 
here (Maier et al., 2021): First, Harman’s single factor test, which indicates whether the majority 
of the variance can be explained by one single factor. Second, extremely high correlations (r > 
0.90) are an indicator of CMB.  

Therefore, we propose: Document (G7a) how the survey was protected against common method 
bias. 

Guideline 7b—Reduce Additional Biases 

Surveys are vulnerable to other types of biases as well. Therefore, again, the survey should be 
protected against certain biases in the survey design: 

Social desirability bias: When the survey is distributed, social desirability bias can be reduced by 
assuring anonymity (see Guideline 6) or by sharing the survey on a survey website (Gong et al., 
2021). 

Non-response bias (or response bias): When conducting surveys, usually not all of the requested 
participants respond, which results in a subsample of the total sample. Those who do not 
participate may differ from the responding participants in important aspects. Especially the 
attractiveness of the study can increase the number of respondents (Ex4). Also, Armstrong and 
Overton (1977, p. 396f.) suggest the following options: Comparison with known values for the 
population, subjective estimates, or extrapolation methods. However, the literature shows mostly 
a-posteriori methods as test for significant differences using t-tests between early respondents 
and late respondents or ANOVA on the measurements and control variables (e.g., Kranz, 2021). 
Furthermore, sometimes it is the intention that only certain groups participate: “It’s completely 
reasonable that some groups won’t be included. If you’re measuring AI acceptance, it doesn’t 
make much sense to ask people who don’t use the Internet, because they’ll never be in touch 
with AI” (Ex2). 
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Other biases, such as self-selection bias, exist, however, we could not find protections against 
them. 

Therefore, we propose: Document (G7b) how the survey was protected against the respective 
biases. 

Guideline 8a—Improve Validity and Reliability 

Similar to the common method bias, validity and reliability are often checked after the data has 
been collected, but some approaches exist to ensure them while implementing the survey. For 
more information on validity and reliability, we recommend Straub et al. (2022). 

Validity is achieved if a measure is equal to the true value (Churchill, 1979). Different types of 
validity can be found in the literature: Conclusion validity indicates the extent to which a 
relationship between two constructs is random (Schmitz et al., 2020). Construct validity indicates 
to what extent the construct measures what it is supposed to measure (Peter, 1981; Voorhees et 
al., 2016). Content validity indicates the extent to which the variable captures what it is supposed 
to measure (Schmitz et al., 2020). Convergent validity indicates the extent to which the items of a 
variable positively correlate and discriminant validity if a variable is empirically distinct from 
different variable (Hair Jr. et al., 2017). External validity indicates to what extent the results are 
generalizable “across different measures, persons, settings, or times” (W. R. King, 2005, p. 882). 
In general, surveys provide high external validity (Ciolkowski et al., 2003) and are therefore easily 
generalizable. Internal validity indicates to what extent causality is present (Schmitz et al., 2020). 

When creating the survey, the following is important to improve validity: Internal validity can be 
ensured by using well-established measurements and collecting data carefully (Maier et al., 2021; 
P2; P3). Content validity requires careful development of the constructs, especially by using card 
or Q sort during the scale development (Moore & Benbasat, 1991). In addition, it can be enhanced 
by pre-testing the instruments and receiving professional advice from experts (Hovav et al., 2021; 
Schmitz et al., 2020). Construct validity can also be increased by testing the survey (see Guideline 
9). Many tests and procedures exist that can be performed a posteriori to check if the measures 
are valid. Such as the average variance extracted (AVE) for convergent validity of reflective 
constructs with a threshold of 0.50 (see Fornell & Larcker, 1981; Hair Jr. et al., 2006, 2017; and 
e.g., Srivastava et al., 2015; J. Zhou et al., 2022). For discriminant validity first the cross-loadings 
can be compared, where higher loadings for another variable would violate validity (e.g., Abhari 
et al., 2022); second the Fornell-Larcker criterion where the square root of AVE should be higher 
than the variables’ correlations (e.g., Srivastava et al., 2015) or third—as both measures have 
weaknesses—the heterotrait-monotrait ratio (HTMT) where the value should be below the 
threshold of 0.90 to suggest discriminant validity (Hair Jr. et al., 2017; Henseler et al., 2015; e.g., 
Maier et al., 2021). 

Reliability “describes the extent to which a measurement variable or set of variables is consistent 
in what it is intended to measure across multiple applications of measurements” (Straub et al., 
2022). To ensure reliability prior to the data collection, only one action could be identified: Use 
multi item variables (Bergkvist & Rossiter, 2007; Churchill, 1979). To test reliability of the 
variables after data collection in general two measures are used: Cronbach’s alpha with a 
threshold of 0.70 (see (Hair Jr. et al., 2006)—(e.g., Cichy et al., 2021; Dinev et al., 2013; Hoehle & 
Venkatesh, 2015) or composite reliability (CR) also with a threshold of also 0.70 (see (Hair Jr. et 
al., 2006) and (e.g., Abhari et al., 2022; L. Wang et al., 2022)). Both indicate internal reliability if 
the value exceeds the threshold, but Cronbach’s alpha is more likely to underestimate and CR to 
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overestimate the internal reliability (Hair Jr. et al., 2017). Therefore, it is best to calculate and 
report both. 

Therefore, we propose: Document (G8a.1) how validity and (G8a.2) reliability were ensured, 
improved and tested. Be careful to differentiate between reflective and formative constructs. 

Guideline 8b—Prevent Multicollinearity and Endogeneity 

Multicollinearity indicates a correlation between several variables. Multicollinearity is 
problematic for formative constructs, but desired for reflective constructs (Petter et al., 2007). 
When selecting variables (see Guideline 2), it is important to consider whether there is conceptual 
redundancy. Multicollinearity can be determined afterwards, for example, by calculating the 
variance inflation factor (Lin et al., 2021; Maier et al., 2021). Here the rule of thumb is that if the 
factor is > 5 moderate or > 10 high multicollinearity is present (see Craney & Surles (2002)). 

Endogeneity results if an independent variable and the regression’s disturbance term are 
correlated which can bias the collected data and reduce validity (Sande & Ghosh, 2018). 
Endogeneity arises from measurement errors, simultaneity, or omitted variables (Sande & Ghosh, 
2018). The following four options are recommended to address endogeneity: First, control 
variables (see Guideline 3) can reduce bias due to omitted variables. Second, when possible, 
binary variables can also be adopted as independent variables instead of Likert scales. Third, 
collect instrumental variables from other data sources if common method bias is the cause of 
endogeneity (see Guideline 7a). Fourth, measure the instrumental variables at an earlier time 
point than the endogenous independent variable if simultaneity is the issue (see Guideline 4) 
(Sande & Ghosh, 2018). From the literature review a Durbin-Watson test (e.g., Rai et al., 2022) is 
one approach to determine endogeneity after data collection. Others can be found in Sande and 
Ghosh (2018). 

Therefore, we propose: Document (G8b.1) how multicollinearity and (G8b.2) endogeneity 
were prevented. 

Guideline 9—Test the Survey 

Every survey must be tested to identify flaws before administering, as small errors can quickly 
occur, such as a question being phrased unclear in meaning, because it was translated incorrectly. 
In addition, the flow, order of the questions (see Guideline 4), and timing are also factors that can 
be improved with testing a survey (Bolton, 1993). When preparing a pretest, five steps are stated 
by Hunt et al. (1982): First, determine which parts of the survey should be tested. We recommend 
testing the whole survey. Second, the method for the pretest must be determined. Depending on 
the type of pretest, it can be performed qualitatively or quantitatively (Kranz, 2021). Third, it must 
be specified who will conduct the pretest. Fourth, decide who will participate in the pretest. The 
following procedures were found in the reviewed literature: (1) Pretest with colleagues, who are 
not part of the research team, but experts in the research area (e.g., Cram et al., 2022; Wiener et 
al., 2021). Here, especially the wording and survey flow (Wiener et al., 2021), readability, 
understandability, and realism of the instrument (Trinkle et al., 2021) can be adjusted. (2) Pretest 
with students as a convenience sample  to check the validity and reliability of the scales (e.g., 
Serenko & Turel, 2021; P. N. Sharma et al., 2022; Trinkle et al., 2021; L. Wang et al., 2022). (3) 
Pretest with potential participants (e.g., Hovav et al., 2021), for example, with a purchased sample 
(Seymour et al., 2021). The focus group participants preferred a combination of academic experts 
followed by potential participants (Ex1; P1; P2; P4). And fifth, how large the sample should be. 
Depending on the previous four steps and the sample size, a pretest sample between 5—for 
feedback from researchers (e.g., Cram et al., 2022) or qualitative feedback (e.g., Kranz, 2021)—
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and 50 participants for a more convenient sample (e.g., L. Wang et al., 2022) or for the target group 
of the main survey (e.g., Abhari et al., 2022), should be sufficient (Hunt et al., 1982).  

Quickly forgotten during testing is to ensure that basic aspects such as all branches are functioning 
(P1), the survey works on every common device, multiple languages are equivalent (P2), but also 
that the variables are properly implemented (Ex1; Ex2; Ex6). This can be achieved for example 
via a comment function of the tool (Ex1; P2) or open feedback in the survey (Ex6). Furthermore, 
self-developed constructs should always be tested extensively (see Guideline 2b). 

Therefore, we propose: Document (G9.1) which part of the survey was tested and (G9.2) how. 
Specifically address (G9.3) which test group was contacted, (G9.4) how many participants 
tested the survey, (G9.5) in which order and (G9.6) with which focus. In addition, (G9.7) 
provide information on the changes after each test. 

Guideline 10—Iterate Back 

In particular after testing the survey, but also any time before administering the survey, it is 
possible to iterate back and adjust previous decisions, e.g., to adapt items if they are difficult to 
understand (P4). Iterating back into the survey development is not a one-time step, but should be 
repeated several times. P2 believes this guideline is the most important: “You should take as 
much time as possible to optimize the survey before you start to collect the data, because it 
hurts less than if you haven’t done it and then collected data that you can’t use because you 
have to throw everything away and then start all over again.” (P2). 

Therefore, we propose: Document (G10) what adjustments were made when iterating back in 
the survey development process. 

Guideline 11—Eliminate Inadequate Data 

Some data sets need to be removed to avoid altering the results of the survey, since surveys are 
prone to human mistakes. The following data sets can be removed or are removed automatically 
by survey tools (e.g., Lin et al., 2021): Data sets that are incomplete (e.g., if single items have not 
been answered (P2)), where the attention check was failed (see Guideline 6) (P4), that do not 
meet a requirement (e.g., Riemenschneider and Armstrong (2021) eliminated 29 data sets of 
individuals who are not in the IS field, as this is the target participant group; however, it is 
recommended to sort these persons out with a question at the beginning), containing inconsistent 
information (e.g., years in IT > age (Riemenschneider & Armstrong, 2021)), where the response 
time is too short or too long (e.g. Wiener et al. (2021) sorted out if the minimum time (based on 
preliminary testing) is not met (L. Wang et al., 2022; Ex6)), or that have been identified as so-
called straight-liners (P3). This describes data sets where the participant almost always gives the 
same answer on the same response scale. All previous types of outliers can be summarized under 
“error outliers” which can be removed or corrected. However, some outliers might also be 
authentic answers which provide important or unexpected insights which should not be removed 
but studied (Aguinis et al., 2013; P4). For an overview of approaches for identification and 
handling, see Aguinis et al. (2013) and Kim et al. (2019).  

Therefore, we propose: Document (G11) which data sets are eliminated and why by defining 
exclusion criteria (P2) and handling strategies to ensure transparency. 
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8.4 Contributions, Limitations and Future Research 

This paper presents a framework consisting of 11 guidelines which describe the survey 
development process. The guidelines begin after deciding on a theory to be evaluated and include 
choosing variables, arranging them, ensuring quality, testing the survey, and end before the data 
is analyzed. A focus is on the information that should be provided when writing the paper. This 
framework was derived from a structured literature search among the papers of the last ten years 
in the Basket of Eight journals to ensure high quality in the IS field and validated by three focus 
groups. Thus, we combine existing knowledge to create a standardized process for survey 
development. The framework is addressed to beginners who need support in developing a survey, 
but also more experienced researchers can benefit from a standardized approach, as well as to 
experts, as open issues regarding the survey development process are identified, and to reviewers 
in order to give them an overview of the most important aspects of a survey for their feedback. To 
ensure this, the three focus groups were conducted among experts, proficient, and inexperienced 
researchers, who all agree that this framework will be helpful in the development process to have 
an “overview” (Ex6) to “go through the process from front to back” (IP4) and “having the 
requirements for a survey all at a glance, so that you don’t have to gather them from different 
sources” (P1). 

We provide several contributions for IS research, especially with regard to quantitative 
research methodology. First, with our framework, we present a development process that can be 
applied to the creation of surveys and thus lead to high quality surveys by standardizing them in 
order to achieve comparability and reproducibility. This is increased at the same time through the 
focus on the documentation. Thus, we especially enable novice researchers to face the challenge 
of quantitative data collection and to deliver rigor results. Second, our framework provides a 
structure that can be used to standardize other methodologies such as experiments or 
longitudinal surveys. Although DSR is most commonly used to derive design for (IT) artifacts, we 
adopt it to derive our framework. This is common in research on methodologies (e.g., Nickerson 
et al., 2009; vom Brocke et al., 2009). Thus, we would like to emphasize with our paper that the 
DSR approach is very versatile. Third, while our framework focuses primarily on cross-sectional 
survey development, it can be applied to longitudinal surveys and to some extent to experiments. 
However, they may not be suited for published statistics because we prioritize the design and data 
collection phase of survey development and neither cover the process of analyzing the collected 
data set nor reporting of the results. In addition, we assume that the framework is to some extent 
transferable to related research areas. The framework for the survey development process can 
also be utilized in practice, as surveys are regularly conducted here as well, which will be of 
higher quality after applying the guidelines. This could also lead to surveys created in practice 
being interesting and relevant for research. 

Our paper is subject to some limitations. As we focus our literature search on high quality 
papers from the Basket of Eight journals, we exclude a large number of papers that are published 
at conferences. However, since the aim is to provide the most comprehensive framework possible, 
we assume that more of the survey development process is documented and reported in the 
considered papers. In addition, the number of participants in the focus groups is limited, but we 
tried to include different levels by dividing them according to their knowledge. Finally, our 
framework cannot guarantee internal validity, even if all guidelines are followed as this also 
depends on the selection of the theory and the analysis and interpretation of the results. But our 
framework is not intended to be prescriptive or limiting. Since IS is a very interdisciplinary field, 
we cannot present all possible issues. Moreover, to some aspects such as the length of the survey, 
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there is no consensus neither in the literature nor among the participants of the focus group. This 
leads to future research. For example, open topics like how to decide for a theory, how to derive 
hypotheses, the number of participants depending on the sample and the outlet, especially also 
for pretesting, the optimal length of a survey, or additional methods to prevent biases or ensure 
validity and reliability during the survey development process should be explored. Also, a 
comparison between the requirements of a survey and the final implementation and reporting is 
interesting. We will follow up the paper with a validation of the framework by conducting a 
sample survey where all guidelines are applied and described in detail. 
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9 Discussion and Conclusion 

The rapid advancement of AI technologies has led to their increasing significance in both everyday 
life and various professional contexts. From voice assistants aiding with daily tasks to 
personalized recommendations in online shops and sophisticated analytical tools in medicine, the 
potential applications of AI are extensive and continuously expanding (Dwivedi et al., 2023). 
These developments are primarily driven by key technological innovations such as machine 
learning and deep learning, which have laid the foundation for today’s AI revolution. More 
recently, the introduction of Generative AI (GenAI), exemplified by systems like ChatGPT, has 
further transformed the landscape, enabling AI to play a role not only in automation but also in 
creative processes (OpenAI, 2022; Dwivedi et al., 2023). 

AI as a general-purpose technology is here to stay (Berente et al., 2021; Brynjolfsson & McAfee, 
2017). AI is not just a technological trend but a transformative force with the potential to 
revolutionize industries, enhance productivity, and fundamentally alter the way individuals and 
organizations operate. However, these benefits cannot be fully realized without a comprehensive 
understanding of the adoption process. The complexity of AI technologies, including issues related 
to the explainability of AI models (often referred to as the “Black Box” problem) and the 
requirement for large volumes of high-quality data, poses significant challenges that need to be 
addressed to facilitate broader adoption (Berente et al., 2021; Polisetty et al., 2024; Pumplun et 
al., 2019). Additionally, the societal implications of AI, such as ethical concerns and the need for 
regulatory frameworks, further complicate the adoption (Alzebda & Matar, 2024; Floridi & Cowls, 
2019).  

Thus, for AI technologies to fully realize their potential, they must first be adopted by users across 
various levels—social, organizational, and individual. At the social level, cultural attitudes 
towards technology, the presence of supportive legal and regulatory environments, and the 
overall societal readiness to embrace AI play critical roles in determining the pace and extent of 
AI adoption (Floridi & Cowls, 2019; Kumar et al., 2024; Sharma et al., 2022). At the organizational 
level, factors such as leadership support, strategic alignment, and the availability of technical 
expertise are crucial for integrating AI into business operations (Pumplun et al., 2019; 
Radhakrishnan & Chattopadhyay, 2020; Russo, 2024). On the individual level, personal attitudes 
towards technology, perceived usefulness, ease of use, and trust in AI systems significantly 
influence whether and how AI technologies are adopted (Henry et al., 2022; Radhakrishnan & 
Chattopadhyay, 2020; Venkatesh, 2022). Furthermore, only a sound methodological basis for 
research on AI adoption can provide a deeper understanding of the various dimensions of AI 
adoption (Recker, 2021). 

By examining AI adoption from multiple perspectives—(1) social, (2) organizational, (3) 
individual, and (4) methodological—this dissertation aims to contribute to the broader discourse 
on how to harness the transformative potential of AI in a way that maximizes its benefits while 
mitigating associated risks.  

The following sections include the theoretical and practical contributions of this dissertation. 
Limitations and suggestions for future research arising from the six papers in this dissertation are 
provided in the respective publications. 
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9.1 Theoretical Contributions 

Paper A addresses RQ1 and explores national culture as an important influencing factor on 
emerging technologies such as AI in managing organizations, privacy, e-commerce, and especially 
technology adoption. The structured literature review identified several characteristics that are 
typical for the measurement of culture in IS literature, as well as a research agenda to guide future 
research to further topics, extending existing theories, and testing new data analysis methods. 
With this, Paper A provides an overarching IS-centric overview on the influence of national culture 
on the adoption of emerging technologies such as AI conceptualized in a concept matrix. It 
contains comprehensive insights on the culture-related IS theories and diverse research methods 
are utilized regarding research on the adoption of emerging technologies. Furthermore, we 
provide a research agenda, which supports the identification of research gaps for future research 
by combining and merging existing knowledge especially by showing potential research streams 
regarding the effect of national culture on technologies. Our focus and main findings are that, more 
diverse theories should be utilized and attention must be given to the importance of measuring 
national culture at an individual level (e.g., Srite & Karahanna, 2006), especially since 
collaboration between humans and machines is crucial when using emerging technologies such 
as AI. New empirical methods can also be used for this purpose, as long as they promise sound 
and reliable insights. Thus, the social perspective regarding the influence of culture on the 
adoption of AI is on important factor to consider. 

Paper B focuses on the organizational perspective and thus on RQ2. The paper derives drivers and 
barriers of AI adoption for the two industries financial services and manufacturing. Although 
some general drivers and barriers to AI adoption have been identified in the last years (e.g., Zöll 
et al. (2022); Kar et al. (2021); Cubric et al. (2020) and Pumplun et al. (2019)), they cannot explain 
why AI is utilized in some industries more than others. Thus, resulting from a case study including 
seven interviews, drivers and barriers of AI adoption were categorized in the TOE framework and 
included several into soft factors (industry-specific) and hard factors (generalizable). Our results 
indicate a lack of technological drivers, presumably as those are independent of the industry. In 
addition, regarding the hard factors (e.g., available data and AI model accuracy), we can support 
existing literature such as Cubric (2020) regarding AI adoption. In the context of barriers, 
generalization becomes much more difficult as more soft factors and thus industry-specific 
barriers are found. Thus, this paper contributes with an overview of the drivers and barriers to AI 
adoption in financial services and the manufacturing industry and a comparison between those 
lead to a classification into soft factors (industry-specific) and hard factors (generalizable). These 
extend existing research on AI adoption (e.g., Zöll et al. (2022); Kar et al. (2021); Cubric et al. 
(2020) and Pumplun et al. (2019)). Also, initial evidence suggests that these drivers and barriers 
influence the adoption of AI to a varying degree, which can be important for future AI development 
or the adoption of other technologies. In addition, due to the combination of Eisenhardt (1989) 
and Yin (2014) into one methodology, we were able to have a deep insight into the industries to 
derive the different factors of AI adoption. Furthermore, by conducting interviews, it was possible 
to draw a picture beyond correlated AI adoption variables and identify dynamic cause-and-effect 
relationships. Thus, Paper B contributes to the organizational perspective by providing industry-
specific factors of AI adoption. 

Paper C also relates to RQ2 and the organizational perspective. Focusing on the willingness to pay 
for ML-based software testing solutions, this paper considers an important factor in the adoption 
of AI. Although ML-tools can reduce costs, decrease the time required and prevent human errors, 
some organizations seem to be hesitant in adopting AI. One reason could be the pricing of these 
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tools. Thus, following a two-step process first a structured literature review and subsequently, a 
Delphi study with experts in the field of ML-based software testing was conducted to determine 
the required attributes, levels, and prices of such tools. Afterwards, a choice-based conjoint 
analysis revealed that especially the attribute accuracy is a key element to adopting AI next to the 
price. With this paper we contribute to the adoption of AI by pointing out economic aspects—
especially with the WTP—that are essential when selling these tools to users are considered 
(Barney et al., 2012). Price is the most important attribute from the users’ view on ML-based 
software testing tools. Although attributes such as accuracy (Briand, 2008), ease of use (Arora et 
al., 2015; Dejaeger et al., 2013), or explainability (Bouktif et al., 2014; Schieferdecker, 2020) are 
already mentioned in literature to have an influence on the adoption of AI, we can put a price on 
it. For example, accuracy is the second most essential attribute for potential users after the price 
itself. The participants are willing to pay up to €120 per license per month more for an increase 
in accuracy from 90% to 99%. In addition, integration and ease of use are also perceived by the 
participants as being relevant and they both receive a marginal willingness to pay of around €20. 
Thus, we not only determined new attributes, as well as their levels and prices as part of our 
Delphi study, but also examined their value for users. Thus, with Paper C we can make an 
important contribution regarding the purchase and thus the adoption of AI tools in organizations. 

Paper D focuses on the individual perspective (RQ 3) by examining the influence of GenAI on the 
performance and meaningfulness of having ChatGPT as an assistance for coding. By conducting 
an online experiment with two types of tasks—coding and debugging, we were able to show that 
consistent with previous studies on human-AI collaboration (Boyacı et al., 2023; Fügener et al., 
2021) participants performed higher in their tasks when they had assistance from ChatGPT. This 
was especially due to an indirect effect via task difficulty, thus ChatGPT can simplify tasks. 
Regarding meaningfulness we only found a significant decrease for the coding task, mediated by 
task difficulty. These findings are in line with research in psychology that has indicated that 
increased effort can sometimes make tasks feel more meaningful for individuals (Campbell et al., 
2022; Gielnik et al., 2015; Inzlicht & Campbell, 2022; Mortimer, 2023). Finally, our findings are 
depending on the differences of the two programming tasks, which indicates that AI adoption is 
also depending on the types of tasks. With these findings, this paper offers several contributions 
regarding AI adoption. Due to the increase in task performance and thus a successful human-AI 
collaboration, the adoption of AI can be improved. However, as the assistance of ChatGPT decrease 
perceived meaningfulness, we combined IS literature and a known phenomenon from psychology 
(see Bailey et al., 2019). This is especially relevant as Gen Z, for example, rate meaningfulness as 
one of the main factors to take a new job (McKinsey, 2022). Depending on the task, we observed 
a decrease in perceived meaningfulness with ChatGPT assistance. It is possible that AI reduces the 
effort we have to invest in our work, leading to a perception of our work as less meaningful. Since 
these results are mixed, we can only provide an initial assessment of the influence of perceived 
meaningfulness on AI adoption. Lastly, the adoption of AI is also depending on the type of task. 
Replacing creative or challenging tasks might lead to less willingness to adopt AI compared to 
replacing or collaboratively solving relatively easy, boring, or repetitive tasks with (generative) 
AI. Such insights can pave the way for more holistic strategies in AI adoption, ensuring that 
technological advancements are harmoniously aligned with human well-being and purpose.  

Paper E also addresses RQ3 and examines the individual perspective of AI adoption. Utilizing an 
online experiment, we examined if the IKEA effect, a bias that states that humans perceive the 
value of outcomes higher, if they poured more effort into it (Mochon et al., 2012; Norton et al., 
2012), can also be found when using GenAI. The IKEA effect can influence the AI adoption as 
human-AI interaction can result in higher WTP, appreciation and value of the final outcome 
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compared to the automatization of processes. Therefore, our participants had to solve a text and 
an image task once in co-creation with a GenAI tool and once received the GenAI solution 
immediately. Our findings show the presence of the IKEA effect for the image generation task, 
where the effort manipulation was successful. Thus, this paper contributes to the individual AI 
adoption by showing that although AI has unique characteristics such as being a black box (Bauer, 
Hinz, van der Aalst, et al., 2021; Dwivedi et al., 2023), it can appear if individuals perceive a 
significant difference in the achievement and contribution to an output. In addition, with the 
ability of GenAI to create new content instead of solely making decisions, we show with our 
findings that human-AI collaboration needs to be rethought as they now participate in the 
outcome and co-develop the result with their input. Thus, it is important for the adoption of AI 
that humans and AI collaborate, even though humans might not fully understand the functionality 
of the AI. Therefore, the IKEA effect should be leveraged and could be integrated artificially into 
the collaboration of humans and machines. This could increase the adoption rate of AI.  

Finally, Paper F uses a design science research approach consisting of a structured literature 
review and focus groups to derive a framework consisting of 11 guidelines which describe the 
survey development process and thus addressing RQ4 to provide a sound research methodology 
for research on the adoption of AI. The guidelines focus on the information that should be 
provided when writing a paper which utilized a cross-sectional survey and begins after deciding 
on a theory to be evaluated and includes choosing variables, arranging them, ensuring quality, 
testing the survey, and ends before the data is analyzed. With Paper F we provide several 
contributions by providing a framework that is addressed to beginners who need support in 
developing a survey, but also more experienced researchers can benefit from a standardized 
approach, as well as to experts, as open issues regarding the survey development process are 
identified, and to reviewers in order to give them an overview of the most important aspects of a 
survey for their feedback. Thus, with our guidelines researchers can develop cross-sectional 
surveys on topics regarding the AI adoption. But our procedure can also be applied to standardize 
other methodologies for AI adoption research as a sound methodology is an important factor in 
IS research. 

In summary, the six papers in this dissertation present new insights into AI adoption. By 
examining AI adoption from multiple perspectives—social, organizational, individual, and 
methodological—this research aims to contribute to the broader discourse of influencing factors 
on AI adoption.  

9.2 Practical Contributions 

In addition to the theoretical contributions, the six papers included in this dissertation also have 
practical contributions, especially for organizations, but also for individuals and the society. These 
practical contributions contribute to successful AI adoption.  

Paper A addresses RQ1 and gives insights in the influence of culture on emerging technologies 
such as AI by conducting a structured literature review, thus a social perspective. Knowing the 
influence of culture, organizations operating across national borders and serving customers from 
diverse cultural backgrounds can foster teamwork, retain and attract international customers and 
most importantly successfully adopt emerging technologies. Thus, organizations can benefit from 
the presented knowledge to perform their own analyses with respect to introducing emerging 
technologies. Also, we point out that organizations should not ignore cultural differences when 
applying e.g. management formulas from their cultural context. Especially when adopting 
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technologies such as AI, there is no one-size fits all approach. We support this by guiding 
organizations with the identified and collected literature which include previously examined 
cultural influences and derived recommendations. Thus, including a social perspective regarding 
national culture can improve the adoption of AI.  

Paper B focuses on RQ2 and has an organizational perspective, thus especially include 
implications for industry stakeholders, business decision-makers, and AI executives. By deriving 
industry-specific drivers and barriers for AI adoption for financial service and manufacturing 
from seven interviews as a multiple-case study, the factors provide cross-company knowledge, 
enabling market and technology transparency. They provide information to understand the 
current industry situation and the underlying context. Thus, this can serve both as a starting point 
for market analyses and technological investigation of AI adoption. Stakeholders in those 
industries can utilize these drivers and barriers for their AI adoption. Also, AI specialists or 
consultants can benefit from understanding their customers’ needs, challenges, and motivating 
influences behind their AI adoption journeys. Thus, organizations can profit from these factors for 
their AI adoption. 

Paper C also relates to RQ2 and has an organizational perspective on AI adoption. By conducting 
a literature review, a Delphi study and a conjoint analysis, we identified factors and examined the 
willingness to pay for AI regarding ML-based software testing tools. The findings not only provide 
insights to the organizations adopting AI, but also the developers and suppliers of AI. We 
especially recommend to develop more AI tools, especially as many companies have a relative 
high budget available. The pricing strategy here could be gaining market shares via initially low 
prices and bounding users by lock-in effects and increasing the price over time. In addition, the 
willingness to pay of different user types can be skimmed off by offering different product 
combinations. Furthermore, segmentation of the customers could increase the number of licenses 
sold, e.g., by making the integration feature optional, as older participants revealed a negative 
WTP. Thus, knowing the WTP and the desired features as a developer of AI can increase the 
adoption of these tools. 

Paper D addresses the individual perspective, thus RQ3, but still has important implications for 
organizations. The results from an online experiment with experienced coders show that GenAI 
assistance leads to higher performance but lower meaningfulness due to facilitation of the tasks. 
Thus, organizations should ensure that employees’ perceived meaningfulness remains intact 
when working with GenAI as perceived meaningfulness leads to more motivation, which, in turn, 
results in higher company performance (Allan, 2017). Therefore, it is important to consider which 
tasks can be performed collaboratively with AI, such as replacing routine tasks while jointly 
working on complex tasks or letting humans perform creative tasks. Also, job crafting could be a 
solution to generate more meaningfulness. In addition, our findings suggest that organizations 
should promote the use of GenAI due to the increase in task performance, as higher individual 
performance will lead to higher organizational performance. However, while allowing the use of 
such tools, organizations should evaluate which tools are most beneficial, especially also 
regarding privacy and security of the organization’s data. Therefore, considering the 
psychological influences of the usage of AI can increase the adoption in organizations and by 
individuals. 

Paper E also focuses on the individual perspective and thus RQ3 by conducting an online 
experiment to assess the influence of the IKEA effect when using GenAI. Our results can be utilized 
by developers of AI tools and organizations adopting AI. As we found a higher WTP and behavioral 
intention to use for GenAI with human participation and thus the IKEA effect, developers can 
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exploit this by adapting strategies of customizing instead of exclusively selling automation 
solutions to customers. This is especially useful for high-stakes environments where humans are 
likely to remain the final decision makers in the foreseeable future. But also, organizations 
adopting AI can utilize the IKEA effect by implementing AI solutions that require collaboration 
between humans and AI. This can result in employees being less afraid of losing their jobs, 
resulting in higher acceptance of those solutions. In addition, the collaboration between humans 
and machines can increase the perceived value of the end product which increases the behavioral 
intention to use and thus higher acceptance and adoption rates. Thus, organizations should utilize 
biases in human behavior to increase the adoption of AI and recommend potential users of AI to 
give it a try and discover new ways of facilitating work.  

Finally, Paper F addresses the methodological perspective and therefore RQ4. Although having 
sound methodologies is mainly important for research, the framework for the survey 
development process derived from a DRS approach utilizing a structured literature review and 
focus groups can also be utilized in practice. Organizations also conduct surveys regularly, which 
will be of higher quality after applying the guidelines. Utilizing the guidelines and ensure a sound 
research approach might even result in surveys being interesting and relevant for research. 

Overall, the papers included in this dissertation provide several practical contributions to support 
organizations, but also society and individuals in their AI adoption. By identifying and analyzing 
different factors that influence the adoption of AI, the power of AI can be exploited. 

9.3 Concluding Remarks 

As AI has become an integral part of everyday life (Berente et al., 2021; Brynjolfsson & Mitchell, 
2017; Russell & Norvig, 2021), this dissertation explores the multifaceted process of AI adoption. 
Despite the rapid advancements in AI, as evidenced by the emergence of GenAI and tools like 
ChatGPT, the widespread adoption of AI remains low. Thus, this dissertation aimed to investigate 
the factors that influence AI adoption from a social, organizational, and individual perspective, as 
well as to provide a sound methodological approach. To answer the research questions, this 
dissertation includes six papers, one structured literature review, one case study, one conjoint 
analysis, two online experiments and a design science research approach investigating different 
factors affecting the AI adoption. 

Although the included papers already present specific directives for future research, the following 
suggestions for future research derive from the four perspectives of this dissertation. First, 
regarding the social perspective (RQ1) we showed that culture is an important influence on the 
adoption of emerging technologies such as AI. Future research can build on these findings and 
expand research regarding newer developments of AI such as GenAI. While Paper A focuses on 
the cultural influence, other important factors of a society such as their norms and values, which 
leads to their regulations and laws, but also their technological development can play a role in AI 
adoption. Thus, expanding the social perspective by including more factors can help societies, 
organizations and individuals in their AI adoption. 

Second, from the organizational perspective (RQ2) this dissertation included Paper B and C. Paper 
B derived industry-specific drivers and barriers of AI adoption. This can especially be expanded 
for other industries such as healthcare and for newer technological developments such as GenAI 
as drivers and barriers can be influenced. In addition, quantitative research on the intensity of 
these factors and on how to overcome these barriers and exploit drivers can assist organizations 
in AI adoption. Also, Paper C, which examines the WTP for AI tools, can be a starting point for 
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future research. Additionally, to the attributes of accuracy, integration and ease of use we 
identified as the most important, more characteristics of AI tools can be considered. As this paper 
explores one specific type of AI—ML-based software testing tools, this can be broadened by 
measuring the WTP for other types of AI, which can help to generalize these results. Furthermore, 
not only nations have their respective culture, which was followed from Paper A, but also 
organizations, which might influence their adoption rate. Thus, research regarding organizational 
adoption of AI can consider culture as an influencing factor. Overall, many more specific factors 
for AI adoption in organizations can be part of future research to assist the adoption process.  

Third, considering the individual perspective (RQ3) Paper D and E examined psychological factors 
as influencing factors for the AI adoption. While Paper D examines the influence of GenAI 
assistance on the performance and perceived meaningfulness, many more factors are important 
to individuals to use these tools. Future research could therefore consider factors such as attitude 
towards technologies or experience with AI. But also, the usability and explainability of AI tools is 
important when adopting AI. Here, theories such as the “task-technology-fit” theory (see Sturm & 
Peters, 2020) can be utilized by future research. In addition, while national culture is important, 
a key finding of Paper A was that culture should be measured on an individual level, including 
characteristics and psychological factors into the adoption process. In an organizational context 
this could be the ease of use or the WTP from Paper C, which are important factors not only for 
organizations to adopt AI, but also individuals and needs further research. Paper E finds that the 
IKEA effect, a bias where outputs generated with more effort are considered to have more value, 
also leads to future research. Showing that biases that are so far only considered for physical 
products or interactions can be transferred to human-AI collaboration, opens new possibilities 
regarding future research. These psychological factors either can be prevented to increase AI 
adoption or exploited. Future research should examine not only which biases can have an effect, 
but also how to utilize or block them. Thus, individual factors and biases are important when 
considering AI adoption. 

Finally, Paper F adopts the methodological perspective (RQ4) and provides a sound research 
approach to support AI adoption research. Future research can on the one hand use this to find 
influencing factors on AI adoption and analyze their importance. On the other hand, this paper 
can be used as a template to standardize and facilitate other research approaches. 

Overall, society, organizations and individuals face different influencing factors when adopting AI. 
In this dissertation, I aim to provide some of them to guide underlying research regarding the 
adoption of AI. Future research can build on these identified factors and various stakeholders can 
use the findings to better adopt AI. Thus, this dissertation contributes to a deeper understanding 
of the conditions necessary for successful AI adoption. By analyzing the various dimensions of AI 
integration, it provides valuable insights into how AI can be effectively adopted by individuals, 
incorporated into organizations and society, ultimately maximizing its potential by utilizing a 
sound research methodology. 
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