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INTRODUCTION 

Artificial intelligence (AI) is a branch of computer science that has increasingly attracted the attention of 

academics and professionals. According to the perspective of Hosseini and Rossi (2024), “Artificial intelligence 

refers to programs, algorithms, systems, and machines that imitate human intelligence in tasks such as learning, 

planning, and problem-solving by generating higher-level and independent knowledge.” In recent years, AI 

systems have played an essential and significant role in organizational decision-making across various domains. 

These systems have created potential benefits for organizations, including workforce enhancement, cost 

reduction (Duann et al., 2019), increased human interactions (Makarius et al., 2020), and the creation of desirable 

job opportunities (Porter & Heppelmann, 2015). Moreover, AI systems include subfields such as machine 

learning (Jahan & Tripathi, 2021), natural language processing (Taniguchi et al., 2019), computer vision 

(Algendy & Alragal, 2014; Ikeuchi, 2014), and data learning (Howard, 2013), which are widely used by 

organizations to integrate AI into their decision-making processes. In AI-driven organizations, these 

technologies are not merely simple communication tools; rather, they serve as informative and empowering 

tools for managers and employees during decision-making (Caputo et al., 2019; Dwivedi et al., 2021). For 

example, such tools provide benefits such as accuracy, timeliness, efficiency (Ali et al., 2023), and improved 

accountability (Lenner et al., 2022) in decision-making processes. However, studies have identified fundamental 

challenges in adopting and collaborating with AI. One of these challenges relates to ethical concerns—such as 

security and privacy issues, transparency, lack of responsibility and accountability in AI systems, and distrust—

particularly in AI-based decision-making in organizational financial reporting (Papagiannidis et al., 2023; 

Booyse & Scheepers, 2024; Roumbanis, 2025). In this context, one appropriate strategy for organizational 

decision-makers to overcome such challenges is to improve their skills and develop sufficient capacity to better 

interpret AI explanations. The more managers are aware of the ethical issues surrounding AI, the more effective 

they will be in dealing with these challenges (Tuncalp, 2025; Barile et al., 2025). With the rapid growth and 

advancement of technologies, organizations are increasingly using AI systems in the workplace, which has led 

to greater collaboration between employees, managers, and these systems. This is because the combination of 

humans and AI can reduce risks, enhance efficiency, and enable more effective decision-making (Candrian & 

Scherer, 2022). However, conflicting attitudes exist regarding human–AI collaboration in decision-making 

processes and task execution. Traditionally, we believe that humans are always responsible for controlling and 
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supervising AI. Yet, with the widespread adoption of technologies in organizations, AI systems have reached a 

level of autonomy that allows them to make important organizational decisions even without human control or 

intervention (Murray et al., 2021; ServiceNow, 2020). This means that these technologies have been able to 

limit, complement, or even fully replace human capabilities (Schrage, 2017), indicating that some technological 

systems have surpassed humans in terms of productivity, efficiency, and safety (Kaasinen et al., 2015). AI has 

become embedded in organizational processes and in the ways employees and managers interact, and it has been 

widely accepted and collaborated with across organizations (Chowdhury et al., 2022; Kong et al., 2023). The 

more positively employees view AI-enabled work environments, the more they perceive such technologies as 

useful and reliable. Conversely, the more these technologies display human-like features and characteristics, the 

greater the level of collaboration between humans and AI becomes (Song et al., 2023; Singh & Chandra, 2024). 

Human–AI collaboration is defined as the interaction between employees and AI to enhance performance in the 

workplace (Kong et al., 2023; Pereira et al., 2023). One of the critical mechanisms for strengthening this 

collaboration is delegating responsibility or decision-making authority to AI systems (Freesinger & Schneider, 

2024; Spitzer et al., 2025). 

This thesis addresses the broader question of how the role and impact of AI in the decision-making 

process—by integrating both theoretical and empirical analyses— and shape human–AI collaboration. Despite 

extensive research on AI and its impact, significant gaps remain regarding its influence on organizational decision-

making and the ways in which it collaborates with humans. In particular, there are conflicting perspectives on the 

adoption of AI and on human–AI collaboration in decision-making processes and task execution. To address this 

gap, this thesis adopts a multi-study approach that progressively examines different dimensions of this phenomenon. 

The first study was designed to establish a foundational understanding of the current state and recent developments 

in research on AI and its impact on decision-making processes within organizational activities and strategies. 

Specifically, it investigates whether and how AI are rapidly growing and evolving within organizations through 

trends, themes, key concepts, and leading authors, and what role they play in decision-making. This study was 

conducted using a bibliometric analysis method. This initial step was essential for clarifying the fundamental 

relationships underlying this phenomenon. However, the first study aimed to provide a comprehensive overview of 
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the diffusion and development of AI and its impacts on decision-making processes, it did not explain the underlying 

factors through which these effects are generated . 

This limitation motivated Study Second, which focuses on identifying the positive and negative factors 

of AI in decision-making. Since decision-making is considered one of the most important challenges across various 

research domains, identifying these challenges is of great significance. Despite extensive studies in this area, 

contradictory findings still exist regarding the relationship between decision-making processes and AI. On the one 

hand, the adoption of AI can lead to more accurate and faster decision-making. On the other hand, fundamental 

challenges in adopting AI may negatively affect decisions. In this study, we employed a meta-synthesis method to 

evaluate and identify these factors. Based on these findings and the identification of key positive and negative 

factors linking AI and decision-making and considering that these factors in our model form a circular framework 

of human-AI collaboration, we were guided to examine how managers can collaborate with AI in organizational 

decision-making processes.  Therefore, the third study extends the research by examining the collaboration between 

humans and AI, regardless of the type of technological system involved. The aim was to develop a matrix for 

evaluating the overall collaboration between humans and AI. Based on the analyses conducted of the existing 

literature, the final model identifies four modes of collaboration between AI and humans, depending on who is 

responsible for decision-making and who executes the tasks. By identifying these modes, the study enables 

managers to better understand the role of AI in different business contexts. With a clearer understanding of AI’s 

role, managers can select the most appropriate form of collaboration between humans and AI. 

After identifying the different modes of collaboration between humans and AI, and drawing on prior 

literature and studies, it became necessary to ground the research in empirical investigation and provide stronger 

justification. Accordingly, we developed and empirically tested a research model proposing that trust beliefs, 

namely human-like trust and system-like trust, both play a significant role in shaping employees’ willingness to 

delegate tasks to AI and ultimately collaborate with it. We also examined the ambiguous role of delegating 

authority to AI in shaping perceptions of perceived usefulness (PU), perceived ease of use (PEOU), satisfaction, 

and collaboration. This investigation was conducted through a questionnaire administered to employees in 

French, Italian, British, and American companies, and the data were analyzed using PLS software. The findings 

suggest that organizations can enhance positive attitudes toward AI by providing appropriate training, 
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encouragement, and support for employees and managers. Such efforts can increase employees’ willingness to 

delegate tasks to AI, which in turn can foster greater collaboration with these systems and ultimately improve 

organizational performance. Overall, these studies follow a coherent and structured progression. The thesis 

begins by examining trends, themes, and key concepts related to AI in decision-making processes. It then moves 

toward identifying the fundamental positive and negative factors of AI in decision-making. Finally, building on 

the theoretical investigation, it explores the key factors of human–AI collaboration—both from a theoretical 

perspective, through the identification of different modes of collaboration, and from an empirical perspective, 

through the examination of the factors that may influence such collaboration.  

Based on the points discussed above, this dissertation aims to examine the role and impact of artificial 

intelligence in the decision-making process by integrating both theoretical and empirical analyses. Specifically, 

this dissertation seeks to address the following research questions: 

 

RQ1: How has academic discourse evolved in response to recent advancements in organizational 

activities and decision-making processes, and what key themes, concepts, and research gaps have 

emerged? 

RQ2: Which AI factors do managers and organizations use (under certain conditions and 

circumstances) in their decision-making processes, and how do these factors affect optimal 

decision-making?” “Under what conditions are Challenges Driven by AI (e.g., human resources, 

organizational goals, and ethics) likely to have a negative impact on individuals and 

organizations?” 

RQ3: Academic discourse on technological advancements has expanded the collaboration between 

humans and AI in the workplace. What themes related to modes of conjoined agency and what 

research gaps have emerged in this context? 

RQ4: How do different types of trust contribute to the decision to delegate tasks to AI, and how does this 

delegation, in turn, shape core technology perceptions and collaboration between employees and 

AI? 
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The research begins with an exploratory phase grounded in a comprehensive review of existing literature.  The 

primary chapters address the current state and recent developments in studies related to AI and its impact on 

decision-making processes in organizational activities and strategies. The initial analysis of our studies was 

presented in a bibliometrics course, meta-synthesis, and conjoined agency.  

The fourth chapter marks the beginning of the second part of the research project, which focuses on empirical 

research. In this study, a research model is developed and empirically tested that integrates trust beliefs 

(human-like and system-like), AI delegation, perceived ease of use (PEOU), perceived usefulness (PU), 

satisfaction, and employee–AI collaboration. 

Through this dual structure, the thesis aims to contribute both theoretically and practically to the 

ongoing discourse on AI and its impact on decision-making processes. 

This dissertation is part of a research project that began in January 2023 and concluded in January 

2025. It was jointly developed by my supervisor and me over the course of three years, with each chapter 

dedicated to one of the articles produced during the project. Each chapter distinctly reflects its corresponding 

article. The following paragraphs provide an overview of the progression of these articles. 

Chapter I: A Bibliometric Analysis of Artificial Intelligence and Decision-making 

The first chapter examines the current state and recent developments in studies related to AI and its impact 

on decision-making processes within organizational activities and strategies. Our preliminary analysis was 

presented in the Bibliometrics course. Subsequently, after completing the final data analysis, the full study 

was presented at the 5th International Conference on Decision Economics1 in July 2023. This research 

employs a bibliometric method using the Scopus database to provide a comprehensive overview of AI 

adoption and its vital role in organizational strategy and decision-making. Specifically, we analyzed articles 

published in journals listed in the AJG by conducting descriptive (performance) and conceptual (scientific 

mapping) analyses. This approach enables us to examine trends, identify key topics and concepts, analyze 

leading authors, and uncover research gaps, ultimately offering a holistic understanding of the role of AI in 

decision-making. The study highlights that AI systems are rapidly growing and evolving within 

organizations, offering solutions for achieving various organizational and managerial objectives. Our 

 
1 Javidan, A & Za, S. (2023). A bibliometric analysis of Artificial Intelligence and decision-making. 5th International 

Conference on Decision Economics, https://www.decision-economics.net. Portugal. 

https://www.decision-economics.net/
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findings indicate that the body of literature related to AI has experienced significant growth over the past five 

decades. This upward trend in publications reflects the increasing importance of AI in enhancing decision-

making. For example, organizational data analysis during the adoption and implementation of these systems 

may help explain this notable rise in publications. Furthermore, our study reveals that the impacts of AI on 

decision-making processes can be categorized into controlling factors (deep learning, sentiment analysis), 

facilitating factors (big data, forecasting), and supporting factors (trust and predictive orientation). In 

addition, AI is not only essential for improving efficiency and effectiveness from an organizational 

perspective, but it also offers precise diagnostic tools and faster data analysis in medical care. From an 

educational standpoint, AI is considered an important tool that supports students by enabling more accurate 

learning, reducing workload, and enhancing their skills. In summary, this study aims to provide a 

comprehensive picture of the diffusion and development of AI and its effects on decision-making processes. 

Our research contributes to enriching the existing literature and encourages further investigations into the 

various dimensions of the relationship between AI and decision-making. It also highlights the need for future 

studies in areas such as the impact of these technologies on human resource management and the examination 

of organizational strategies. This work has been published in Impresa Progetto – Electronic Journal of 

Management (IPEJM)2. 

 
2 Javidan, A., Smacchia, M., Cipriano, M., & Za, S. (2024). A bibliometric analysis of Artificial Intelligence and decision-

making. Impresa Progetto. Electronic Journal of Management, 2, 1-26. 
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Chapter II: Artificial Intelligence and Decision-Making Process: Meta-synthesis Literature 

Building on the findings of the initial research on AI and the decision-making process, the second chapter 

focuses on the discourse surrounding both the negative and positive factors of AI in decision-making. Decision-

making is one of the most important challenges in various fields, including finance and technology. Therefore, 

identifying these challenges, whether positive or negative, has become increasingly important. On the other 

hand, AI systems have been widely used in organizational decision-making over the years, leading to 

improvements in organizational decision quality, accuracy, and efficiency. Thus, the greater the collaboration 

between humans and AI, the more organizational decision-making can be improved. Despite extensive studies 

in this area, there are still conflicting results regarding the relationship between the decision-making process 

and AI. On the one hand, the adoption of AI can lead to more accurate and faster decision-making; however, 

fundamental challenges in accepting AI may negatively affect decisions. For example, ethical concerns (such 

as security and privacy issues, transparency, lack of accountability and responsibility in AI systems, and trust 

deficits) have become major challenges in AI-based decision-making in organizational financial reporting. In 

addition, other challenges—such as job security risks, lack of trust in AI, and the loss of control and power—

may also have adverse effects on organizational decision-making. Given the contradictory findings of previous 

studies on the relationship between AI and the decision-making process—findings that organizations, 

managers, and employees are not yet familiar with these new technologies- we decided to conduct a study to 

identify and explain these related factors. In this study, we collected our extracted data using the search engines 

Scopus, Google Scholar, and Web of Science, focusing on past articles from 1987 to 2025 and relying on the 

AJG list. After data extraction, we used the Critical Appraisal Skills Programme (CASP, 2018; Yan et al., 

2024) to assess the quality of the articles. Finally, after removing irrelevant articles due to mismatched 

abstracts, titles, content, or research methods, 15 articles were selected for review. The extracted data were 

thoroughly analyzed using MAXQDA software to derive codes and categorize them into subcategories. The 

findings of this study indicate that the relationship between AI and the decision-making process requires 

consideration of multiple factors that previous studies have addressed only partially. However, through our 

meta-synthesis approach, we identified several additional important factors that influence the decision-making 

process, including the enhancement of skills and capabilities, the decision scope, challenges driven by AI, and 

the improvement of organizational performance. 
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Given the increasing use of AI in organizations, the results of this study can be particularly valuable for 

decision-makers, especially managers seeking to use AI to improve their decision-making. AI can provide 

managers with solutions that enable faster and more accurate decisions. Moreover, researchers can gain a 

deeper understanding of the important factors affecting the decision-making process. An initial version of this 

study was presented at the Conference of the Italian Chapter of AIS (Association for Information Systems)3. 

Subsequently, an extended version—incorporating received feedback—was developed and published as a book 

chapter in Navigating Digital Transformation4. It is currently under review at Information Systems Frontiers. 

Chapter III: Exploring the forms of Human and AI collaboration in organizations  

The third chapter focuses on conceptual research, building the fourth form of human-AI collaboration. As the 

modern world moves toward transformation and advancement in digitalization and robotics, AI systems have 

become one of the key factors in collaborating with humans in the workplace. These systems have expanded 

due to their capabilities in more accurate analysis and prediction, increased efficiency, and improved decision-

making in work environments. In this study, we examined the relationship and collaboration between humans 

and AI, regardless of the type of technological system used. Our goal was to create a matrix for evaluating the 

overall relationship and collaboration between humans and AI. In this regard, based on Murray’s study (2021), 

collaboration between humans and technology is classified into four types of conjoined agency. Each type 

represents a different combination of human-technology collaboration, depending on who is involved in 

“protocol development” and “action selection.” Moreover, each combination requires a specific set of 

technological functions. In this context, conjoined agency refers to the shared capacity and ability of humans 

and non-humans (technology) to perform tasks more effectively to achieve specific organizational goals. 

Therefore, a conceptual model was developed focusing on collaboration between humans and AI. We 

distinguish between decision-making processes and execution processes. After reviewing the initial 

framework, we selected studies that examined human-AI collaboration and based on the analyzed literature—

which was reviewed multiple times—we developed the final model. The final model identifies four modes of 

 
3 Javidan, A., Za, S. (2023). AI and Decision-Making Process: A Meta-synthesis of the Literature. 20th conference of the Italian 

Chapter of AIS (Association for Information Systems – www.aisnet.org 
4 Javidan, A., Za, S. (2024). AI and Decision-Making Process: A Meta-synthesis of the Literature. In: Agrifoglio, R., Lazazzara, 

A., Za, S. (eds) Navigating Digital Transformation. Lecture Notes in Information Systems and Organisation, vol 73. Springer, 

Cham. https://doi.org/10.1007/978-3-031-76970-2_16 

 

http://www.aisnet.org/
https://doi.org/10.1007/978-3-031-76970-2_16
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collaboration between AI and humans, depending on who is responsible for decision-making and who executes 

the tasks. The first mode, called legacy mode, states that organizations rely less on AI and managers 

traditionally use their own experience and expertise to make decisions and perform tasks. In contrast, 

compliance mode indicates that organizations heavily rely on AI to make decisions and ensure accountability 

in decision-making. In the third mode, augmentation mode, organizations gradually anticipate and define 

operational changes, while AI acts as the agent responsible for executing the tasks. Finally, in autonomous 

mode, AI takes full responsibility for both decision-making and task execution due to features such as unlimited 

computational power and access to big data. The practical implications of this study relate to the field of 

business process management in organizations. Managers need to identify business processes along with the 

appropriate actions required for each process to design the best approach for human-AI collaboration. One way 

to improve collaboration is to understand the role of AI in each business process. Furthermore, from a strategic 

perspective, managers must carefully evaluate the opportunities and challenges associated with each AI process 

mode to choose the most suitable form of collaboration. If managers are not confident about which type of 

collaboration to adopt for their organization, they can rely on legacy or augmentation modes and gradually 

move toward mechanizing operations—namely, automated or compliance modes—to develop long-term 

organizational visions. This study was presented at the Conference of the Italian Chapter of AIS (Association 

for Information Systems) and published in AIS Electronic Library (AISeL)5.  

Chapter IV: Understanding factors influencing employee collaboration with AI in a work-related context 

The fourth chapter marks the second part of the research project, which focuses on empirical research. AI has 

increasingly taken on a significant and essential role in organizations by enhancing interaction and collaboration 

with humans. One of the key factors shaping acceptance and collaboration with AI systems is the central role of 

trust in these technologies. The more employees trust AI, the more positive their attitudes and engagement with 

AI-based work environments will be. On one hand, when AI systems exhibit human-like characteristics, delegate 

tasks to AI, and trust these systems increases. Therefore, in this study, we examine two forms of trust—human-

like trust and system-like trust—in relation to the delegation of authority to AI and, subsequently, collaboration 

 
5 Javidan, A., Za, S. (2024). "Exploring the forms of Human and AI collaboration in organizations". ITAIS 2024 Proceedings. 

4. https://aisel.aisnet.org/itais2024/4 

 

 

https://aisel.aisnet.org/itais2024/4
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with it. Human-like trust includes attributes such as benevolence, competence, and integrity, while system-like 

trust incorporates characteristics such as functionality, helpfulness, and reliability. Both forms of trust can play 

an important role in shaping employees’ willingness to delegate tasks to AI and ultimately collaborate with it. On 

the other hand, additional mechanisms can influence this collaboration, one of which is the delegation of tasks to 

AI, referring to the transfer of responsibility or decision-making authority from individuals to AI. In this study, 

we investigate the ambiguous role of delegating authority to AI in shaping perceptions of perceived usefulness 

(PU), perceived ease of use (PEOU), satisfaction, and collaboration. To address these gaps, this study develops 

and empirically tests a research model that integrates trust beliefs (human-like and system-like trust), AI 

delegation, PEOU, PU, satisfaction, and employee-AI collaboration. By analyzing 150 questionnaires from 

employees in French, Italian, UK, and US companies using PLS software. We examine how different types of 

trust influence the decision to delegate tasks to AI and how such delegation, in turn, shapes key technology 

perceptions and collaboration between employees and AI. Our findings indicate that both human-like and system-

like trust significantly influence AI delegation. Delegating authority to AI enhances perceived usefulness, 

perceived ease of use, and satisfaction. PU and satisfaction emerge as strong predictors of employee-AI 

collaboration, underscoring their importance for the successful integration of AI in organizational settings. PEOU, 

however, does not have an impact on employee-AI collaboration. This study provides valuable insights for 

employees working in organizations in France, Italy, the United Kingdom, and the United States. To further 

encourage employee collaboration with AI, organizations must continuously foster positive attitudes toward AI 

systems, as more favorable employee perceptions lead to higher satisfaction and perceived usefulness. As a result, 

organizations offering better support can enhance satisfaction and improve interaction between humans and AI. 

An initial version of this study was presented at the European Conference on Information Systems (ECIS). 

Subsequently, an extended version – incorporating received feedback – will be published in the top ISI journal. 
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A timeline of the research project, along with a brief overview of each chapter’s contribution to the 

overall study, is shown in Table 1 and Figure 1. 

Table 1. Summary of the development 

Period of 

the 

research 

project 

 

Chapter 

 

Paper 

 

Type of 

study 

 

Outcome 

 

 

 

 

 

 

 2023 

 

 

 

 

 

 

I 

• Javidan, A & Za, S. (2023). A bibliometric 

analysis of Artificial Intelligence and 

decision-making. 5th International Conference 

on Decision Economics, 

https://www.decision-economics.net. Portugal. 

 

• Javidan, A., Smacchia, M., Cipriano, M., & 

Za, S. (2024). A bibliometric analysis of 

Artificial Intelligence and decision-

making. Impresa Progetto. Electronic Journal 

of Management, 2, 1-26. 

 
 

 

 

 

 

Bibliometric 

analysis 

 

 

 

 

DECON 2023 

 

Electronic Journal 

of Management 

(2024) 

 

 

2023/2024 

 

 

II 

• Javidan, A., Za, S. (2023). AI and Decision-

Making Process: A Meta-synthesis of the 

Literature. 20th conference of the Italian 

Chapter of AIS (Association for Information 

Systems – www.aisnet.org 

 

• Javidan, A., Za, S. (2024). AI and Decision-

Making Process: A Meta-synthesis of the 

Literature. In: Agrifoglio, R., Lazazzara, A., 

Za, S. (eds) Navigating Digital 

Transformation. Lecture Notes in 

Information Systems and Organisation, vol 

73. Springer, Cham. 

https://doi.org/10.1007/978-3-031-76970-

2_16 

 

 

 

 

Meta-

synthesis 

 

 

 

 

ItAIS 2023 

 

Springer (Book 

Chapter) 

 

Under review 

(Information 

System 

Frontiers) 

 

 

 

 

 

 2024 

 

 

 

 

 

III 

• Javidan, A., Za, S. (2024). "Exploring the forms 

of Human and AI collaboration in 

organizations". ITAIS 2024 Proceedings. 4. 

https://aisel.aisnet.org/itais2024/4 

 

 

 

Conjoined 

agency 

framework 

(Literature 

review) 

 

 

 

 

ItAIS 2024 

 

 

 

   2025 

 

 

      IV 

• Javidan, A., Pallud, j., Za, S. (2025). 

"Understanding factors influencing employee 

collaboration with AI in a work-related context" 

.https://ecis2026.it/call-for-submissions/ 

 

 

Empirical 

study 

 

Under review 

(2025) 

    

 

 

 

 

https://www.decision-economics.net/
http://www.aisnet.org/
https://doi.org/10.1007/978-3-031-76970-2_16
https://doi.org/10.1007/978-3-031-76970-2_16
https://aisel.aisnet.org/itais2024/4
https://ecis2026.it/call-for-submissions/
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 Our study aims to examine how various factors—including two types of trust beliefs, human-like 

and system-like—shape employees’ interactions with AI, particularly in their collaboration with 

AI such as ChatGPT. We focus on factors influencing employee-AI collaboration, including AI 

delegation, perceived ease of use, perceived usefulness, and satisfaction.  

 
This study aims to investigate the relationship between AI and decision-making by reviewing the 

literature from 1971 to 2023 through a bibliometric analysis comprising 799 articles from the 

Scopus database. We conducted a co-word analysis to discover key topics and concepts within the 

documents of our dataset.  

In this study, we categorize four forms of human-AI collaboration: (1) conjoined agency with 

legacy mode, (2) conjoined agency with compliance mode, (3) conjoined agency with 

augmentation mode, and (4) conjoined agency with autonomous mode. We have developed a 
human-AI framework in which we discuss the most important characteristics. 

This study aims to investigate the debate on the influence of AI on the decision-making process by 

conducting a meta-synthesis of literature. To this end, 15 qualitative articles were analyzed in depth 
using MAXQDA software to extract codes and categorize them into subcategories. 

 

CH. III: Exploring the  

 forms of Human and  
AI collaboration in 

 organizations 

CH. IV: Factors influencing 

Employee-AI collaboration 

(Empirical study-PLS) 

CH. II: AI and Decision- 

Making Process: A 

 Meta-synthesis of the  
Literature  

CH. I: A bibliometric 

analysis of Artificial 

Intelligence and decision-

making 

RQ1: How has academic discourse evolved in response to recent advancements in organizational activities and decision-making processes, 
and what key themes, concepts, and research gaps have emerged? 

RQ2: Academic discourse on technological advancements has expanded the collaboration between humans and AI in the workplace. What 

themes related to modes of joint agency and what research gaps have emerged in this context? 
RQ3: How different types of trust contribute to the decision to delegate tasks to AI and how this delegation, in turn, shapes core technology 
perceptions and collaboration between employees and AI?  

Identifying the themes and key concepts related to the expansion of artificial intelligence systems in organizational processes and decision-

making, selecting the most appropriate type of collaboration between humans and AI, and addressing these research gaps. Furthermore, 
determining the factors and components that play a fundamental and constructive role in creating effective and beneficial human–AI 

collaboration within organizations. 
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  CHAPTER I 

 

A Bibliometric Analysis of Artificial Intelligence and Decision-making 

Abstract. Recent advancements in technological development are increasingly generating changes in 

organizational activities, as well as the decision-making processes. The employment of AI is significantly 

reshaping decision-making by providing advanced data analytics, predictive modeling, and real-time insights, 

highlighting its crucial role in organizational strategies. The present study aims to investigate the relationship 

between AI and decision-making by reviewing the literature from 1971 to 2023 through a bibliometric analysis 

comprising 799 articles from the Scopus database. We conducted a co-word analysis to discover key topics and 

concepts within the documents of our dataset. The results show an increasing interest in scientific literature 

exploring the role of AI in decision-making, highlighting its significance in healthcare, HR management, and 

education, among other fields. Beyond the comprehensive overview outlining the most significant topics of such 

a discourse, this work provides the groundwork for scholars and practitioners to further explore this field. 

Keywords: Artificial intelligence, Decision-making, Bibliometric analysis 

Introduction 

 

Artificial intelligence (AI) is one of the branches of computer science that is receiving increasing attention 

among academics and practitioners. In recent years, several studies have also considered this technology a 

possible cornerstone for decision-making in various domains such as finance (Baporikar, 2014), culture (Glazer 

& Karpati, 2018; Sofo et al., 2013), and society management (Atrill & McLaney, 2020). Some scholars have 

attempted to recognize the potential effects of its use in firms, such as improving the workforce, reducing costs 

(Duan et al., 2019), increasing human interactions (Makarius et al., 2020), or creating favorable employment 

opportunities (Porter & Heppelmann, 2015). Other studies focused on the use and implementation of AI-based 

technologies explore its subfields, such as machine learning (Jahan & Tripathi, 2021), natural language 

processing (Tangiuchi et al., 2019), computer vision (Elgendy & Elragal, 2014; Ikeuchi, 2014), and data learning 

(Howard, 2013). Moreover, given its computational capacity and the increasing availability of data and 

information, it is not surprising that AI can improve the skills and capabilities of decision-makers (Lawrence, 

1991). Accordingly, several scholars acknowledge AI as a communicative, informative, and decision-enhancing 

tool for managers and employees (Caputo et al., 2019; Dwivedi et al., 2021). For example, some research shows 
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that using AI in the decision-making process in organizations can lead to accuracy, timeliness, efficiency (Ali 

et al., 2023), and improvement in accountability (Lehner et al., 2022). Furthermore, the greater the transparency 

and understanding of AI-based decision-making, the better the decision-makers will gain an understanding of 

AI, which will lead to improved decision-making effectiveness (Chernov et al., 2020). However, besides the 

benefits that this technology could generate, there is also scientific evidence showing an opposing view about 

AI in the decision-making process. In particular, other studies discuss concerns about the potential risks of using 

AI, including job losses and data breaches on an organizational and personal level (Çalışkan et al., 2017). 

Furthermore, from a decision-making perspective, AI does not always ensure outcomes aligned with ethical 

principles, such as objectivity (Trunk et al., 2020), privacy (Sahoh & Choksuriwong, 2023), transparency 

(Rajagopal et al., 2022), and accountability (Janssen et al., 2020). So, the lack of compliance with ethical 

principles could make employees reluctant to adopt this technology.  

From this perspective, the literature on AI applications in decision-making is expanding. However, to 

the best of our knowledge, existing studies typically consider specific aspects or discussions of sub-categories 

(of such a scientific discourse). This may not provide a comprehensive overview that delivers a holistic 

perspective of the current discourse. So, this paper aims to contribute to research by proposing a comprehensive 

bibliometric analysis that systematically maps trends, key themes, and influential authors in such a domain. 

Then, by using a bibliometric approach to investigate the adoption and implications of AI inside the realm of 

decision-making, we seek to answer the following research questions: 

What is the evolution of the discussion concerning AI and decision-making? And what are the most 

relevant trends in this field?  

In doing so, we carried out a bibliometric analysis that could offer several benefits, such as improving 

the scientific groundwork (Fabregat-Aibar et al., 2019) and increasing the systematicity and quality of research 

(Van Raan, 1999). As a way of explanation, we adopt the bibliometric approach based on performance analysis 

evaluation (Aria et al., 2020) to explore and describe the documents composing our dataset, examining the role 

of authors, sources, and scientific collaboration. Afterward, we adopt the bibliometric approach based on science 

mapping investigations (Cobo et al., 2011) to analyze specific thematic structures and research areas from 

conceptual and social perspectives (given the documents in our dataset).  
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This work contributes to the literature by proposing a comprehensive review of the discussions 

concerning the applications and the role of AI in the decision-making process (Fabregat-Aibar et al., 2019), 

providing an understanding of top-ranking authors, journals, and countries, as well as providing insights into the 

most trending topics in the field. The paper is structured as follows: the second section reviews the pertinent 

literature, the third section explains the research methodology for the bibliometric analyses, the fourth section 

presents the results, and the conclusions close the study. 

Theoretical Background: AI literature review 

Exploring the literature, it appears that AI plays a crucial role in contemporary organizations, especially 

concerning their decision-making processes, by providing advanced tools for data analysis, predictive insights, 

and effective problem-solving, thereby revolutionizing organizational strategies (Davenport & Ronanki, 2018). 

The use of AI in the decision-making process has increased dramatically since the introduction of decision 

support systems (DSS), computer tools, and programs designed to help decision makers (Mintzberg, 1975). 

Interestingly, the implementation and impact of AI-based systems on the decision-making process have been 

studied in the literature (over time) in various fields.  

Considering that decision-making has always been one of the central processes of our lives, in the 

organizational realm, the implementation and adoption of AI could significantly affect day-to-day activities and 

related decisions, impacting different areas or business units, as well as the efficacy of the entire organization. 

For example, managers who usually make decisions under high-risk contexts/situations should carefully 

understand DSS to make more effective and accurate decisions. Similarly, Intelligent Decision (ID) emerges as 

another way of automating decision-making that has attracted the attention of scholars. ID tools are usually 

based on predefined databases and don't require human intervention, enabling managers to make decisions 

independently (Chen et al., 2017), given the increasing availability and capacity to process information and data 

(Fogel et al., 1965). Besides, from the perspective of group decision-making, decisions in uncertain situations 

usually require the motivations and interests of a collaborative team of experts to find a common solution among 

the team. In this regard, the use and adoption of AI could help decision-making groups effectively manage 

complex situations to reach a consensual agreement (Cabrerizo et al., 2014; Heradio et al., 2020). Some 

examples are offered by research on green economy discussions (Govindan & Sivakumar, 2015), construction 

project management (He et al., 2019), and animal behavior management (Lu et al., 2008).  
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Further studies note that group decision-making using AI technology is one of the most important ways 

to facilitate decision-making in a digitalized industrial age (Yang et al., 2023). Furthermore, researchers from 

human resources (HR) and education domains show that AI in human resource management represents a 

dynamic and promising field with a growing future perspective in areas such as training, learning, and predictive 

analytics (Palos-Sanchez et al., 2022). In HR departments, the application of AI is still an evolving revolution 

(Bolton, 2018) that requires further action to achieve improvements and effective implementation (Vrontis et 

al., 2021). In comparison, Pan et al. (2021) noted that managers and researchers should deepen their 

understanding of how to apply AI in human resources and related decision-making practices by examining the 

scientific developments conducted in various departments, such as education or healthcare. The unprecedented 

growth of AI in higher education appears to reduce faculty workload and prioritize high-quality work for 

teachers (Akgun & Greenhow, 2021). AI algorithms such as chatbots and precision education (PE) can assist 

teachers with registration processes and identifying students at high risk for weaknesses (Greenhow et al., 2020; 

Luan et al., 2020).  

Similarly, AI is becoming increasingly important in health care to improve the prediction and diagnosis 

of diseases and help medical staff make more informed decisions. Guo et al. (2020) call for further examination 

of how researchers, practitioners, and decision-makers could progress knowledge to better implement AI 

technologies for decision-making in medical care. Enriching such a scientific discussion might support 

practitioners and physicians who could benefit from harnessing AI in healthcare systems to make better 

decisions in medical prediction, detection, and treatment of patients (Mesko et al., 2018; Sandstedt et al., 2019).  

In addition, although most studies in this field have addressed the positive outcomes of AI applications 

in decision-making processes, some studies have focused on “negative” consequences and drawbacks of 

incorporating AI into decision-making processes. In particular, concerns are discussed with regard to the 

potential risks associated with using sophisticated and integrated AI applications at technical and personal levels, 

such as privacy breaches and job losses (Caliskan et al., 2017). Moreover, concerning AI, research on the ethical 

challenges and risks associated with potential discrimination against people with disabilities suggests extending 

an understanding of strategy development that ensures the equitable expansion of AI (Tilmes, 2022). Other 

researchers are also concerned about how, using AI, the imbalance between accuracy and interpretability can 

negatively impact an organization’s performance and perspective. This imbalance could potentially erode trust 
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between managers and decision-makers (Sahoh & Choksuriwong, 2023). For instance, in the context of AI’s 

impact on gender inequality in the workplace, studies have shown that the absence of gender equality across 

various sectors, including healthcare, has diminished the efficacy of AI, concurrently exacerbating gender biases 

within AI systems (Young et al., 2023).  

Interestingly, it has been observed that a reduction in transparency in decision-making tasks based on 

AI leads to a reduction in trust among employees and teamwork, which challenges the effectiveness of AI. Then, 

to achieve high effectiveness, organizations need to motivate and empower employees to use AI in order to 

improve performance and accuracy (Yu & Li, 2022). For example, identifying vulnerable individuals, such as 

long-term unemployed foreigners, using both traditional methods and novel AI models often brings 

organizations toward a form of statistical discrimination. From this perspective, setting preconditions within 

predictive models could hinder their ability to classify individuals accurately. Specifically, as the precision in 

identifying unemployed individuals improves, the risk of discrimination escalates (Desiere & Struyven, 2020). 

Thus, organizations should carefully address the potential implications dependent on the accuracy of novel AI 

models, which could have significant impacts in terms of social justice.  

Aimed to support our assumptions, to conclude this section, we propose a comparative overview of 

some previous bibliometric analyses examining AI and decision-making in Table n. 1. 

Table 1. “Bibliometrics Reviews” on AI and decision-making comparison 

Authors Journal Tools Scope 
Heradio et al. (2020) Mathematics Bibliometrics Group decision-making 

Maphosa & Maphosa, 

(2022) 

Theoretical & Applied 

Info Technology 

Bibliometrics & 

VOS viewer 
Project Management 

Palos-Sa´nchez et al. 

(2022) 
Applied AI Bibliometrics 

Human resources management 

Li et al. (2022) Cognitive Computation 
VOS viewer, 

CiteSpace, Bibexcel & 

GPS visualizer 

Intelligent decision (ID) 

 

Yang et al. (2023) 

 

Systems 
GDM method & 

Bibliometrics 

Group Decision-Making in the 

Shipping Industry 
4.0 

Kaushal et al. (2021) 
Management 

Review 

Quarterly 

     Bibliometrics & 

Systematic 

Literature Review 

Human resource management 

Maphosa & Maphosa, 

(2023) 
Applied AI 

Bibliometrics, PRISMA, 

VOS viewer 
Higher education (HE) 

Jimma, (2023) 
Telematics and 

Informatics Reports 
Bibliometrics 

Health care 

Source: Authors’ own elaboration 
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Although the literature offers several reviews, as shown in Table 1, we argue that most of the existing reviews 

focus mainly on specific topics. From this perspective, we believe that a bibliometric study, as comprehensive 

research, could better map such a domain, considering the interdisciplinary nature of decision-making and the 

different implications it could generate in organizations and society. To this end, in the following sections, we 

explore the discussions on AI in decision-making by examining the main topics, fields, and challenges 

emerging across multiple sectors. 

   Method 

Among various statistical methods, bibliometric analysis is a quantitative technique useful for systematically 

analyzing scientific publications and evaluating the long-term development of a particular field of study (Cobo 

et al., 2018; Za & Spagnoletti, 2013). Scholars have extensively used this technique as a tool to examine the 

theoretical history of specific literature (Ellegaard & Wallin, 2015) and to better understand the related research 

groundwork (Van Raan, 1999). Bibliometric techniques consist of two main approaches to analysis. A 

descriptive approach based on performance explorations focuses on bibliometric data of the documents in a 

dataset, such as the authors, countries, and sources of publications (Aria et al., 2020). In comparison, a further 

approach is based on science mapping investigations, which support researchers in better comprehending and 

evaluating thematic densities and patterns concerning a particular topic (Cobo et al., 2011). 

Inclusion criteria 

To conduct a bibliometric analysis of the literature, we first focused on the study area to develop our research 

questions. Then, we identified the parameters for conducting the query search. In particular, we adopted the 

Academic Journal Guide released by the Association of Business Schools (ABS) to select suitable journals for 

our analysis. This guide is based on reputable and high-quality sources in various research areas, providing a 

rank according to several parameters, including the impact and credibility of research. Moreover, we used the 

Scopus database (as the data source) to collect articles published in scientific journals exclusively. Specifically, 

we performed a query restricting the search to the ISSN codes of journals ranked in the AJG and the keywords 

“artificial intelligence” and related technologies in “decision-making” (see Table n. 2). 
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Table 2. Search query terms 

Construct Search by terms 

AI-related terms (“artificial intelligence”) OR (“machine learning”) OR (“deep learning”) OR 

(“artificial neural network”) OR (“big data”) OR (“natural language processing”) 

OR (“internet of things”) OR (“data mining”). 

Decision-making related terms (decision-making) OR (“decision support system”). 
Document types Articles (we restricted the search by selecting all the ISSNs of the Journal in 

the AJG) 
Language English 
Period 1971-2023 (automatically established by the query search) 

Source: Authors’ own elaboration 

Exclusion criteria 

Furthermore, we also applied some exclusion criteria. In this study, we do not consider the Indexed Keywords 

(i.e., keywords automatically generated by Scopus) when performing the search, because oftentimes they could 

generate excessive noise during the data analysis. As a way of explanation, we ensured to run our search 

considering the title, abstract, and authors’ keywords exclusively. Accordingly, we decided to perform a co-

word analysis based only on the author’s keywords. We then examined the retrieved collection, searching for 

articles discussing unrelated subjects (eventually excluding such articles) to ensure the accuracy of the data. 

We applied no further restrictions, retrieving information from 896 articles in CSV format. The next phase 

involved data processing and dataset refinement. We ensured the compatibility of all articles with the selected 

topic of analysis. At the same time, we excluded all the articles with inaccurate or incomplete information (e.g., 

no author, erratum, or withdrawal). After completing this process, we obtained a dataset composed of 799 

articles. Lastly, the keywords were homogenized by all the authors who cross-checked and reviewed this 

process. Specifically, each keyword that referred to the same topic was associated with a unique keyword label 

(e.g., artificial intelligence, AI, artificial intelligence (AI) = artificial intelligence). Afterward, we added the 

authors’ keywords to the articles missing this information after carefully analyzing their titles and abstracts. 

Ultimately, we performed descriptive and science mapping analyses to examine the conceptual structure and 

the most important themes. 

  Visualization 

We employed the software Bibliometrix (an R package) and the Biblioshiny IDE (Aria & Cuccurullo, 2017) 

for the analysis. This open-source tool helps analyze bibliometric data from various databases (e.g., Scopus, 
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Web of Science, PubMed), supporting the development of various bibliometric analyses (Aria & Cuccurullo, 

2017). 

Figure n. 1 provides a graphical representation summarizing the research protocol we adapted from Za 

& Braccini (2017). In particular, such a research protocol is composed of three steps. The first step concerns a 

preliminary manual review of the available literature, the data collection process using the Scopus database –

given its suitability relating to research in the field of social sciences (Rahal & Zainuba, 2019)–, and the setting 

of the query search. In doing so, during the multiple reviews of the articles, we crafted our research questions 

and developed a comprehension of the papers strictly related to our research boundaries. In the second step, 

we identified the inclusion and exclusion criteria for performing the dataset refinement. In addition, we also 

focused on keyword cross-checking and removed non-pertinent articles as well as those with missing data. 

Lastly, the Bibliometrix tool (Aria & Cuccurullo, 2017) was utilized for data analysis in the third step. We first 

developed the performance analysis (Aria et al., 2020) to describe our dataset and provide insights concerning 

the most relevant statistics on authors, sources, countries, and trends in cited papers. Afterward, to gain a deeper 

understanding of the research topic, we thoroughly analyzed the most used authors’ keywords and examined 

their relations (Cobo et al., 2011). 

 

Figure1. Research protocol 

Source: Authors owns elaboration 

   Results 

This section presents the results of the bibliometric analyses. We first focus on the publication’s trends, relevant 

sources, geographical distribution of publications, and most cited articles. Afterward, we present the results of 
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the analysis of the authors’ keywords, examining the most important themes and the related evolution of the 

discourse. 

   Publication growth rate 

 

Figure n. 2 shows the trend of annual scientific publications from 1971 to 2023, based on the final dataset of 

799 articles distributed across 309 sources. From 1971 until 2008, the number of publications was consistently 

very low or non-existent, with slight peaks in 1992 and 2006. However, since 2009, the number of publications 

has increased due to significant advances in the development of AI techniques. In particular, between 2019 

and 2022, publications concerning AI in decision-making processes have increased significantly. 

 

Figure 2. Annual scientific production of AI in decision-making since 1971 

In this context, perhaps, it is possible that the increase in data volume, combined with the potential 

effects and impact of COVID-19 on the economy and society, has led to a rise in contributions highlighting 

increased applications of AI in decision-making. This is particularly evident in the healthcare sector, where AI 

is increasingly being used to manage the coronavirus crisis and assist in diagnosis (Adadi et al., 2022). As a 

matter of fact, in 2022, the number of articles published reached its highest peak, with 243 articles. In 2023, 

the number of articles is lower than in previous years, not representing the trend completely, as the data 

collection was performed in early June 2023. 

Source of publications 

After a detailed analysis of the refined dataset, it was found that the use of AI in decision-making represents 

multidisciplinary discussions examining technological, economic, social, and ethical issues. Focusing on the 
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sources of publications, 33 articles were published in the International Journal of Production Research and 32 

in the Annals of Operations Research journal. In addition, several other journals emerge among the top 16 

sources with the highest publication rate. Table n. 3 lists such journals, providing their name, the number of 

publications, and the related AJF subject area. From this analysis, it is possible to note that 15 sources cover 

33% of the dataset and are related to different AJG fields, emphasizing the multidisciplinary nature of such a 

discourse. Then, Table n. 3 shows that Operations and Technology Management (OPS&TECH), Information 

Management (INFO MAN), and Operations Research and Management Science (OR&MANSCI) are the fields 

in which researchers are most active, with 84, 76, and 67 publications, respectively. Social Sciences (SOC SCI) 

and Economics, Econometrics, and Statistics (ECON) follow with 15 and 12 publications, respectively. 

Table 3. Publications distributed by the top 15 sources 

Sources Articles AJG fields 

International Journal of Production Research 33 OPS&TECH 
Annals of Operations Research 32 OR&MANSCI 
Expert Systems 27 INFO MAN 
IEEE Transactions on Engineering Management 17 OPS&TECH 
Cybernetics And Systems 15 OR&MANSCI 
Journal of Decision Systems 15 INFO MAN 
Journal of Environmental Management 15 SOC SCI 
Decision Sciences 13 INFO MAN 
Computational Economics 12 ECON 
Journal of Intelligent Manufacturing 12 OPS&TECH 
Benchmarking 11 OPS&TECH 
Int. Journal of Computer Integrated Manufacturing 11 OPS&TECH 
International Journal of Human-Computer Studies 11 INFO MAN 
Ethics And Information Technology 10 INFO MAN 
IEEE Transactions on Cybernetics 10 OR&MANSCI 

Publications by country 

Focusing on the affiliation of the authors in our dataset, we were able to preliminarily explore the extent of 

collaborations of the publications in terms of the country of the authors and gain insights about the most active 

countries in the discourse on AI and decision-making. Figure n. 3 provides an overview of the most productive 

countries, distinguishing single-country publications (SCP – all the authors are affiliated with the same 

country) and multi-country publications (MCP– at least one author is affiliated with a different country than 

the corresponding one). The United States of America leads with 135 articles, including 113 SCPs and 22 

MCPs. China ranks second with 80 articles (56 SCPs and 24 MCPs). India is also notably active, with 48 

articles (38 SCPs and 10 MCPs). The United Kingdom demonstrates solid international collaboration, 

producing 36 articles, with half (18) being multi-country publications (MCPs). Additionally, countries such as 

Iran, Germany, Australia, Canada, Korea, and Spain contribute to a lesser extent. 
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Figure 3. Most productive countries 

Author productions 

Figure n. 4 presents the most productive authors over time. In the graph, the dot size represents the total number 

of publications, while the color intensity shows the total number of citations per year for each author. The most 

productive author, Edward Szczerbicki, published four articles between 1998 and 2016. His research focused 

on how decision-making processes can be applied to technologies like the Internet of Things and decisional 

DNA for structural decision-making. Michael I.C. Nwogugu published three papers in 2005. His work is 

divided into three parts, focusing mainly on multifactor risk and decision-making models. Between 2010 and 

2018, four authors, Ali H. Azadeh, Zhang Haoxi, Heboong Kwon, and Cesar Maldonado Sanin, published 

three papers. They primarily focused on medical research, the smartphone industry, and data-driven insights 

to make informed decisions (Azadeh et al., 2018; Kwon et al., 2016; Sanín et al., 2012). Sendhil Mullainathan, 

Keng Boon Ool, Jinil Persis, and V. Raja Sreedharan conducted similar research in recent years, between 2018 

and 2023, analyzing the changes in healthcare operations and financial technology, given the COVID-19 crisis 

(Devarajan et al., 2023; Yuan et al., 2022). Moreover, Sendhil Mullainathan gathered the most citations (TC = 

345) for his co-authored study published in the Quarterly Journal of Economics (Kleinberg et al., 2018). 
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Figure 4. Top authors’ production over time for the 11 authors 

Document citations 

Table 4 presents the top 16 most-cited papers, providing insights into the articles that garnered significant 

scholarly attention. For each paper, we report the number of total citations (TC), the percentage of total citations 

per year (TC per year), and the number of normalized total citations (Norm –TC–). The normalized metric 

offers an unbiased comparison between papers published in different years. That is, it compares the number of 

article citations with the global average of articles published in the same year. 

Then, while Table n. 4 provides information concerning the metrics gathered by all the 16 most cited 

papers, we briefly describe the first five most cited articles hereafter. As mentioned earlier, we focus on the 

most productive authors. In addition to Sendhil Mullainathan, the most cited paper (TC = 345) in our dataset 

(published in The Quarterly Journal of Economics) has been co-authored by four other authors, where 

Kleinberg J. is the first author. In particular, this article focuses on a use case concerning the application of 

machine learning algorithms in the law enforcement sector. XU Z. et al. (2009) is the second most cited article 

(TC = 286). This study improves similarity measures for intuitionistic fuzzy sets, enhancing group decision-

making analysis. A similar number of citations (TC = 281) is received by Zeng et al. (2020), emerging as the 

third most cited article and one of the most recently published. For this reason, it holds the highest value for 

TC per year. The paper explores the changes brought by COVID-19 in deploying robots inside the tourism 
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sector. Saaty T. L. (2013) is the fourth most cited paper, with a total of 278 citations. This study aims to 

summarize the application of the Analytic Hierarchy Process (AHP) and its generalization, the Analytic 

Network Process (ANP), in decision-making. In a different context, the study by Shin D. (2021), with 182 

citations, explores the impact of Explainable AI on user trust. The higher TC per year values of the five most 

cited papers may also indicate a sign of novelty in the topic or a renewed interest in the subject. 

Table 4. Most cited papers 

Paper Tot. Cit. 

(TC) 

TC per 

Year 

Norm. TC 

Kleinberg, J., Lakkaraju, H., Leskovec, J., Ludwig, J., & 

Mullainathan, S. (2018). Human decisions and machine 

predictions. The quarterly journal of economics, 133(1), 
237-293. 

345 49.29 11.22 

Xu, Z., & Yager, R. R. (2009). Intuitionistic and interval- valued 

intutionistic fuzzy preference relations and their measures of 

similarity for the evaluation of agreement 

within a group. Fuzzy Optimization and Decision Making, 8, 

123-139. 

286 17.88 6.68 

Zeng, Z., Chen, P. J., & Lew, A. A. (2020). From high-touch to 

high-tech: COVID-19 drives robotics adoption. Tourism 
geographies, 22(3), 724-734 

281 56.2 15.46 

Saaty, T. L. (2013). The modern science of multicriteria decision 

making and its practical applications: The 

AHP/ANP approach. Operations research, 61(5), 1101- 
1118. 

278 23.17 6.71 

Shin, D. (2021). The effects of explainability and causability on 

perception, trust, and acceptance: 

Implications for explainable AI. International journal of 

human-computer studies, 146, 102551. 

182 45.5 15.97 

Gosavi, A. (2009). Reinforcement learning: A tutorial 

survey and recent advances. INFORMS Journal on Computing, 

21(2), 178-192. 

169 10.56 3.95 

Min, H. (2010). Artificial intelligence in supply chain 

management: theory and applications. International Journal of 

Logistics: Research and Applications, 13(1), 13- 
39. 

156 10.4 3.87 

Athanassopoulos, A. D., & Curram, S. P. (1996). A 

Comparison of data envelopment analysis and artificial neural 

networks as tools for assessing the efficiency of 

decision-making units. Journal of the Operational Research 

Society, 47(8), 1000-1016. 

144 4.97 4.02 

Zhou, G., Zhang, C., Li, Z., Ding, K., & Wang, C. (2020). 

Knowledge-driven digital twin manufacturing cells towards 

intelligent manufacturing. International Journal of 
Production Research, 58(4), 1034-1051. 

139 27.8 7.65 

Shrestha, Y. R., Ben-Menahem, S. M., & Von Krogh, G. 

(2019). Organizational decision-making structures in the age of 

artificial intelligence. California management 
review, 61(4), 66-83. 

139 23.17 5.02 

Hochbaum, D. S., & Levin, A. (2006). Methodologies and 

algorithms for group-ranking decisions. Management 
Science, 52(9), 1394-1408. 

138 7.26 3.2 
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Bertsimas, D., & Kallus, N. (2020). From predictive to 

prescriptive analytics. Management Science, 66(3), 1025- 
1044. 

124 24.8 6.82 

Cui, G., Wong, M. L., & Lui, H. K. (2006). Machine learning 

for direct marketing response models: Bayesian networks with 

evolutionary programming. Management Science, 
52(4), 597-612. 

120 6.32 2.78 

Sannigrahi, S., Chakraborti, S., Joshi, P. K., Keesstra, S., Sen, S., 

Paul, S. K., ... & Dang, K. B. (2019). Ecosystem service 

assessment of a natural reserve region for 

106 17.67 3.83 

strengthening protection and conservation. Journal of 

Environmental Management, 244, 208-227. 

   

Kusiak, A. (2006). Data mining: manufacturing and service 

applications. International Journal of Production Research, 44(18-

19), 4175-4191. 

102 5.37 2.37 

Rout, J. K., Choo, K. K. R., Dash, A. K., Bakshi, S., Jena, S. K., & 

Williams, K. L. (2018). A model for sentiment and emotion 

analysis of unstructured social media text. Electronic 
Commerce Research, 18, 181-199. 

100 14.29 3.25 

 

Keyword analysis 

Moving on to the science mapping investigations, we first analysed the 42 most frequently used authors’ 

keywords to identify and determine important topics over the years (here, the interpretative logic is that a 

keyword represents a topic). Accordingly, in 

 

Figure 5. Top 42 used keywords 

Figure n. 5, the dot size represents the number of keyword occurrences. Over the time span of the 
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publications, Artificial Intelligence is the most used keyword, with 211 occurrences. Moreover, the most 

recurrent keywords appear to be used consistently throughout the years. The only exception is deep learning, 

which was used for the first time in 2016. Furthermore, keywords such as explainable AI, trust, sustainability, 

and fairness emerge among the most recently used by the authors, seemingly associated with the emerging 

trend concerning social and ethical aspects in AI over recent years. Concerning the research fields, the 

relevance of the healthcare and e-commerce sectors also emerges, as noted in the preliminary review of the 

literature and the descriptive analysis. Moreover, between 2019 and 2021, the use of keywords intensified 

significantly, considering the increase in the number of published articles in those years. 

Thematic map 

The thematic map is a further analysis useful to deepen an understanding of the most relevant themes in a 

discourse based on the most frequently used authors’ keywords (intended as themes). In this analysis, emerging 

clusters of keywords are distributed across a two-dimensional map according to two network parameters: 

density and centrality (Cobo et al., 2011). Density (strength of internal connection in the clusters), on the 

vertical axis, reflects the development process of a theme, while centrality (connections between clusters), on 

the horizontal axis, indicates the overall importance of a theme. Figure n. 6 shows the thematic map, which 

depicts different themes related to the interconnection between AI and decision-making discussions. The four 

quadrants of the map include Motor themes that are well-developed and central to the topic (high centrality, 

high density). Niche themes refer to topics that are isolated in the network and highly developed inside a single 

cluster (high density, low centrality). Topics with low centrality and density are classified as emerging or 

declining themes, characterized by their limited development and impact. Finally, theoretically important but 

not fully developed themes (high centrality, low density) are represented in the Basic themes. 

In the thematic map (i.e., Figure n. 6), each quadrant is characterized by its associated clusters and the 

defining keywords that provide context for each cluster. In this regard, the first quadrant (Motor themes) 

includes keywords such as machine learning, deep learning, decision support, big data, and COVID-19. This 

quadrant describes advanced technologies in organizational decisions that lead to value creation and improved 

efficiency and organizational performance. For example, Gupta et al. (2020) proposed a framework for 

technological developments in customer and market data. Specifically, according to their results, identifying 

changes in consumer behavior and AI developments leads to better decision-making and strategic insights. 
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Similarly, another study by Zhou et al. (2019) shows that with the development of information technologies, 

such as big data analytics, the Internet of Things, and AI, today’s traditional production moved to intelligent 

production. However, these technologies require more advanced decision- making, such as learning and 

cognitive capacities, due to their autonomy in decision- making. Besides, Bertsimas & Kallus (2020) show that 

the combination of machine learning techniques in management sciences leads to effective and optimal 

decisions in complex conditions. 

 

Figure 6. Thematic map 

The second quadrant (Niche themes) includes the keywords big data analytics, sentiment analysis, business 

intelligence, and natural language processing (among others). The most representative studies of this quadrant 

refer to the advancement of AI in decision-support systems. Sentiment analysis, deep learning algorithms, and 

multi- criteria decision-making techniques emerge as important applications in AI, leaving room for further 

research, suggesting that such investigations could be useful for supporting managers in the use of such 

technology in their decision-making processes (Rout et al., 2017; Wang et al., 2022). 

The emerging themes quadrant is composed of three clusters represented by keywords such as neural 

networks, explainable AI, and decision support systems. These clusters examine the impact of modern 

technologies such as machine learning, chatbots, and analytical software on the decision-making process in 
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various fields and industries. For example, Moriuchi et al. (2020b) state that emerging technologies such as 

chatbots are being recognized as a solution to attract customers' attention. In the retail environment, these 

technologies, developed using psychological and motivational theories, lead to a more effective and efficient 

customer experience and improve organizational performance. 

Kleinberg et al. (2017) showed how machine learning improves the quality of decisions made by judges 

in courts, which has relevant policy implications. Therefore, this technology uses available data to make real-

world predictions, although there are challenges, such as the broad decision preferences of judges. In other 

words, given a coherent economic framework, these predictions can be used effectively to improve court 

decisions. Furthermore, trading software can improve decision-making processes by helping non-conservative 

investors make predictions for the stock market and market movements (Braun, 2017). 

The basic quadrant is composed of two clusters. These clusters represent central themes in the 

discussions within this domain, such as artificial intelligence, artificial neural networks, and data mining, and 

their role in improving decision-making processes and organizational performance. For example, Shrestha et 

al. (2019) argue that, according to organizational needs, collaboration between AI and humans affects 

organizational members’ decisions. Then, the combination and cooperation of humans and AI could lead to 

better quality organizational decisions and more accurate interpretation and analysis. For example, Chatterjee 

et al. (2021) notice that organizations have recently adopted advanced business analytics tools, leading to 

innovation and competitive advantage in information and communication issues. 

   Conclusion 

This study draws on the assumption that AI can help achieve various economic, social, technological, and 

societal goals. This technology, which is growing and evolving rapidly, can be used to solve several problems 

within organizational and management functions. In this paper, we propose a bibliometric study that aims to 

integrate quantitative and qualitative insights to explore the role of AI in decision-making. Specifically, we 

reviewed papers published in journals belonging to the AJG list by performing descriptive (performance) and 

conceptual (science mapping) analyses. In the first part of the paper, we provided an outlook on the publication 

trend, the most relevant sources, documents, the most productive authors, and the most active countries. In the 

second part, we analyzed the most relevant themes in the field of AI and decision-making by qualitatively 

describing the most representative studies contributing to the development of the debate. According to previous 
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works, our results show the remarkable growth of the literature on AI over the last five decades. Specifically, 

this upward trend in the number of publications on AI and decision-making underscores the increasingly 

important role of AI in improving decision-making in various sectors and domains. The adoption and 

implementation of AI applications in organizational processes, such as data analytics, is likely the reason for 

the significant increase in the growth rate of papers from 2009 onwards. This growth is consistent with the 

high level of attention from practitioners during these years. 

In comparison, among the analyses based on the science mapping approach, reasoning emerging in the 

thematic map is that studies about the effects of AI on decision-making processes can be divided into 3 

categories: studies on controlling factors, studies on facilitating factors, and studies on supporting factors. In 

particular, it appears that machine learning, deep learning, sentiment analysis, and neural networks represent 

controlling factors of AI that affect decision-making processes. Big data, prediction, business intelligence, and 

natural language processing are considered the facilitating factors, while support systems, AI, decision support 

systems, trust, and prediction direction are considered the decision-support factors for decision-making 

processes. 

Some evidence appears with regard to the discussions about the health sector. From this perspective, 

we have found that healthcare professionals can provide more effective treatments with this technology 

because they are aware of newer and more accurate diagnostic methods (Jimma, 2023). From an organizational 

perspective, collaboration between humans and AI also appears to be central to improving the efficiency and 

effectiveness of decision-making. In this context, it is also important that HR departments address possible 

employee resistance to the introduction of this technology to achieve the best possible outcome (Palos-

Sa´nchez et al., 2022). Further evidence emerges with regard to the discussions examining how AI has 

revolutionized the fields of science and education. Among others, several studies discuss the beneficial use of 

AI to support the human workforce in the education sector, to benefit students in their learning and skills or 

academics by reducing workload, teaching with high accuracy, and tracking learners’ progress (Maphosa & 

Maphosa, 2023). 

To summarize, the development and spread of AI have led many researchers to investigate the 

relationship between AI and decision-making in various dimensions. Drawing on these studies, we attempted 

to systematize the dimensions that represent this relationship. Hence, this work contributes to supporting the 
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research community in the field of AI and its applications in organizational decision-making by i.) enriching 

existing groundwork and, at the same time, ii.) calling for further investigation that concurrently examines 

positive and negative factors affecting the various dimensions of the relationship between AI and decision-

making (and related implications for society). In addition, as this study underlined a significant connection 

between applications of novel resources and tools in human resource management (HRM), room for further 

research refers to the impact of AI on decision-making, focusing on exploring strategies, appropriate training, 

effective mechanisms to utilize this technology and methods to mitigate potential issues that could lead to the 

emergence of bias in the outcome of AI tools. 

Finally, this study has some limitations. First, the data set used in this study is exclusively composed 

of articles published in scientific journals. Future studies could consider a broader range of documents, 

including conference proceedings, to examine more recent data and related trends. Moreover, this analysis 

could be integrated with other techniques (e.g., citation and co-citation analyses) to advance an understanding 

of the intellectual and social structure of the AI and decision-making discourse. 
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CHAPTER II 

Artificial Intelligence and Decision-Making Process: Meta-synthesis 

Literature 

Abstract. Decision-making is one of the most significant challenges in various fields and has become 

an interdisciplinary endeavor. Therefore, it is crucial to identify the factors influencing decision-making 

in decision research. Although artificial intelligence is becoming increasingly important in decision-

making, there are contradictory results regarding the relationship between the decision-making process 

and artificial intelligence. This study aims to investigate the debate on the influence of AI on the 

decision-making process by conducting a meta-synthesis of literature. To this end, 15 qualitative articles 

were analyzed in depth using MAXQDA software to extract codes and categorize them into 

subcategories. The results show that a comprehensive understanding of the relationship between AI and 

the decision-making process requires consideration of multiple factors and their interplay. Given the 

increasing use of AI in organizations, the results of this study may be particularly helpful for decision-

makers, especially managers who intend to utilize AI to enhance their decision-making.  

Keywords: Artificial intelligence, Decision-making process, Machine learning, Deep learning, Meta-

synthesis approach 

 

 

Introduction 

Decision-making is one of the most common actions continuously performed by people and organizations in 

society (Nikoi, E. (ed.), 2013), economic (Ribbens et al., 2013), cultural (Fernandes et al., 2023), financial 

(Atrill, 2019), and technical (Chien et al., 2020) domains. Over the years, the multiple roles of digital 

technology and the factors that influence decision-making have been essential parts of decision research 

(Fernandes et al., 2023b). From the perspective of technologies used in decision-making, artificial intelligence 

is now widely used in organizational decision-making (Nalini, 2024) and can improve decision-making 

capabilities (Becker et al., 2022).  In recent years, significant attention has been given to social work 

environments, like team motivation and leader-follower bonds in the workplace. This suggests that AI could 

play a more augmentative role for human decision makers, as employees demonstrate stronger human 
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connection and identification with managers (Booyse & Scheepers, 2024). According to previous studies, AI 

has been shown to significantly improve accuracy, efficiency, enhance market competitiveness, and decision-

making in organizations (Tuncalp, 2025). Therefore, collaboration between AI and humans in various areas 

such as leadership, creativity, and analytical skills can lead to greater trust between AI and managers in 

organizations (Roumbanis, 2025; Booyse & Scheepers, 2024). On the other hand, AI can make faster, more 

accurate, and more powerful decisions compared to humans due to its powerful and flexible capabilities 

(Metcalf et al., 2019). In healthcare, for example, the advancement and proliferation of AI technologies, such 

as machine learning and deep learning, have led to improved patient outcomes (Jillahi & Iorliam, 2024; 

Ribbens et al., 2013b). Despite the growth of qualitative research in this area, there is still no comprehensive 

overview of the positive and negative aspects of using AI in decision-making. This study aims to synthesize 

qualitative evidence to identify key themes and conceptual patterns in this field. 

However, fundamental challenges in adopting AI may negatively affect employment. In countries, for 

example, with weaker economies, organizations face an ethical dilemma between increasing profits through 

AI and the resulting rise in unemployment and social impact on communities (Davenport & Harris, 2005; 

Booyse & Scheepers, 2024). Numerous studies have examined the lack of explainability and transparency in 

AI decision-making, which aligns with Babu et al. (2024), Papagiannidis et al. (2023), and Booyse & Scheepers 

(2024), finding that this leads to deep mistrust and even hostility.  

Similarly, ethical concerns (such as security and privacy concerns, transparency, absence of AI 

responsibility and accountability, and lack of trust) in AI-based decision-making in organizations’ financial 

reporting have become a significant challenge (Papagiannidis et al., 2023, et al, Booyse & Scheepers, 2024; 

Roumbanis, 2025). In this case, decision-makers in organizations must possess sufficient skills and potential 

to interpret AI explanations better and be aware of the ethical issues related to AI (Tuncalp, 2025; Barile et al., 

2025). On the other hand, some studies have focused on ethical AI factors.  For example, from an ethical 

consideration, organizational management has always been concerned about data privacy (Tuncalp, 2025; 

Papagiannidis et al., 2023), maintaining ethical standards. While significant concerns have been raised in the 

literature about the use of AI, such as job security risks, lack of confidence in AI, and loss of control and power, 

this evidence is presented at an individual level (D’Allura et al,2025; Jussupow et al., 2021; Daly et al., 2025). 
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In contrast, studies have shown that challenging aspects of AI at the organizational level, including data-led 

decision bias, costly infrastructure, and AI Biases and heuristics (Roumbanis, 2025; Booyse & Scheepers, 

2024), can have a negative impact on organizational decision-making. Therefore, managers need to apply the 

necessary knowledge and skills to solve problems and make high-risk decisions (Kolbjørnsrud et al., 2017). 

The contradictory results of previous studies on the relationship between AI and the decision-making 

process may affect the quality of decisions and limit the generalizability of AI applications, as companies, 

managers, investors, and society are not yet familiar with these new technologies. Therefore, this study uses a 

meta-synthesis approach to identify and explain the factors that lead to different outcomes. This framework 

can help managers select and implement a more appropriate form of AI to improve decision-making. Based 

on knowledge management theory, AI leads to accuracy, efficiency, and effectiveness in decision-making, 

which are the most effective characteristics of AI. However, previous studies have only used a one-dimensional 

approach to explain the relationship between AI and the decision-making process, while we have identified 

additional factors.  

The first theoretical contribution of this paper is to explore the complex relationship between AI and 

the decision-making process, which, to our knowledge, has not yet been comprehensively addressed in the 

literature, especially from an interdisciplinary perspective. Second, given the increasing use of AI in 

organizational decision-making by managers and employees, it is necessary to comprehensively investigate 

the relationship between AI and decision-making (Vasconcelos et al., 2023). Finally, using a meta-synthesis 

approach, this study identifies several factors, including the value of information in decision-making, the 

increase in skills and capabilities, the scope of decision-making, the challenges raised by AI, and the 

improvement of organizational performance, which affect the relationship between AI and the decision-making 

process and provide a multidimensional perspective. 

The structure of this paper is as follows: Section 2 provides an overview of various studies in the field 

of AI and their implications for decision-making. In Section 3, we outline the methods used for data collection. 

In Section 4, we discuss the AI factors and the conceptualization of the decision-making process in data, 

presenting the framework. Finally, in Section 5, we draw a three-part conclusion, outlining both theoretical 

and practical implications, as well as recommendations for future studies. 
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Theoretical Background 

Since the beginning of the third millennium, there have been ongoing promises about developing machines 

capable of outperforming humans in various tasks and domains (Pesapane et al., 2018). The use of AI for 

decision-making is one of the most significant applications of AI in its history. AI systems can generally be 

used to either assist or replace human decision-makers (Edwards et al., 2000), and can collect data, predict 

trends, and analyze patterns (Murray et al., 2020). To investigate the relationship between AI and decision-

making, Trunk et al. (2020) conducted a systematic literature review combined with content analysis to provide 

a comprehensive overview of the current research landscape characterizing AI in business decision-making. 

Their conceptual framework, developed under dynamic conditions, illustrates how humans can use AI 

capabilities effectively and efficiently despite challenges. 

The literature review reveals that the relationship between AI and decision-making has been studied 

one-dimensionally, and there is limited evidence regarding the various factors that comprise this relationship. 

In other words, the relationship between AI and decision-making is multidimensional. It consists of multiple 

factors, which are discussed below, including the value of information for decision-making, enhancement of 

capabilities and skills, decision scope, the improvement of organizational performance, and Challenges Driven 

by AI.  

From the data analysis, five main categories and thirteen subcategories were identified. Regarding the 

first theme, the improvement of organizational performance, we will review the following studies and discuss 

them in more detail in the results.  Studies have shown positive emotional reactions to AI, stating that these 

technologies facilitate innovation, increase productivity, and lead to the adoption of these technologies in 

organizations (Daly et al., 2025). On the other hand, in recent years, several studies have examined the 

integration of AI in decision-making and highlighted significant benefits. For example, these studies noted that 

AI systems can increase decision-making accuracy (Condé & Münch, 2025; Nouis et al., 2025) and improve 

rapid workflow. These technologies also simplify processes and reduce decision-making processes by 

providing access to reliable and credible sources (Gezdur et al., 2024). Reducing these decision-making 

processes leads to cost savings. (Nouis et al., 2025).  The more AI adapts to external conditions and complies 

with broader legal frameworks, the greater the organizational capabilities will be (Condé & Münch, 2025). 
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In the second category, the value of information in AI-supported decision-making has been discussed 

by several researchers (Gezdur et al ., 2024; Barile et al., 2025; Babu et al., 2024). Research indicates that AI 

enhances data processing, provides more accurate information, facilitates access to information, and improves 

the predictive value of information (Tuncalp, 2025). In other words, from a knowledge management 

perspective, AI is driven by process monitoring and control processes (Booyse & Scheepers, 2024) and 

information and knowledge sharing/exchange (Barile et al., 2025).  

Other studies explain the connection between AI and decision-making in terms of the skills of 

managers and employees. For example, AI in organizational settings can lead to a reduction in managerial 

errors and an increase in managers’ self-confidence (Jussupow et al., 2021). On the other hand, managers and 

employees of organizations, due to their cognitive abilities such as experience, critical thinking, intuition, and 

most importantly, creativity, empathy, and compassion, can play an important role in job satisfaction (Tunkalp, 

2024; D'Allura et al., 2024) and emotional intelligence (Das and Ranasinghe, 2025). As a result, collaboration 

between humans (due to cognitive characteristics and abilities) and AI systems (due to computational 

characteristics and fast decision-making) can lead to improved organizational performance, greater 

organizational commitment, and a positive work environment. 

The next theme refers to decision scope. To develop AI capabilities, organizations need to integrate 

different resources across different  conditions that are not transferable. In other words, organizations need to 

enhance their dynamic capabilities, such as data and information infrastructure (Young et al., 2024; Boys and 

Schippers, 2024) and human skills (technical skills, technology management ability, business know-how, and 

relational knowledge) (Yusupo et al., 2021). Another important issue that managers of organizations need to 

consider is organizational culture. 

Management leadership attitudes toward AI can significantly influence the development of a culture 

that includes all team members. Therefore, management should remove barriers to an AI culture throughout 

the organization at various stages of the decision-making process and implement formal measures to promote 

shared organizational learning. Additionally, managers need to establish strong procedures for searching, 

acquiring, assimilating, and utilizing new and emerging knowledge to enhance AI capabilities (Babu et al., 

2024). 
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Another part of the cycle derived from data analysis is the challenges driven by AI. According to the 

literature, these challenges, which include a lack of accountability and responsibility in decision-making, can 

undermine ethical standards (Booyse & Scheepers, 2024; Papagiannidis et al., 2023). In this case, organizations 

should develop mechanisms and strategies to identify, assess, and control these types of challenges in 

organizations.  Evidence also suggests that the personal concerns of managers can affect the behavior of 

managers and employees when using AI in organizations (Cao et al., 2021). To address these concerns, it is 

recommended that organizations take proactive measures, such as training managers and increasing their 

knowledge in line with the principles of socio-technical systems theory, especially Theory Y (Deniz Tuncalp, 

2025; Condé & Münch, 2025). Furthermore, the reduced transparency regarding AI-driven decision-making 

is a critical boundary condition for trust or accountability and affects the effectiveness of AI (Jussupow et al., 

2021; Papagiannidis et al., 2023). Put differently, organizations need to motivate and empower their employees 

to use AI technology to optimize efficiency and increase performance and accuracy.  

Research Design 

A meta-synthesis approach is used to explain the relationship between AI and decision-making. This approach 

is an evidence-based qualitative study in which the results of other studies are used as data to investigate a 

particular topic (Dixon-Woods et al., 2007). In contrast to meta-analysis, a meta-synthesis combines the results 

of qualitative studies to present a new interpretation of a phenomenon and to understand and describe key 

issues, points, and recurring themes within a research stream (Sim & Mengshoel, 2022). We draw on the seven-

step meta-synthesis method proposed by Sandelowski and Barroso (2007), which involves a sequence of steps 

to synthesize qualitative findings and create a process model. This method is outlined below. 

Step 1: Raising the research question/Determining the research purpose 

As a first step, this study examines the existing literature on AI and decision-making. To this end, the authors 

first reviewed theoretical research literature to identify the relevant factors. Our research question can, 

therefore, be formulated as follows: “Which AI factors do managers and organizations use (under certain 

conditions and circumstances) in their decision-making processes, and how do these factors affect optimal 

decision-making?” “Under what conditions are Challenges Driven by AI (e.g., human resources, 
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organizational goals, and ethics) likely to have a negative impact on individuals and organizations?” In meta-

synthesis research, the researchers formulate the research questions as shown in Table 1. 

Table 1. Parameters and main research questions (Sandelowski & Barroso, 2007). 

Parameters Questions 

What Concepts and themes of AI and the decision-making process 

How Content & text analysis and synthesis 

Who Scopus, Google Scholar, and Web of Science  

When From 1987 to 2025 

 

Steps 2 and 3: Searching and selecting relevant articles 

As search engines, we used Scopus, Google Scholar, and Web of Science to search for related articles published 

in journals belonging to the AJG (https://charteredabs.org/academic-journal-guide/academic-journal-guide-

2024) or in the SCImago (https://www.scimagojr.com/) Q1 ranking.  The resulting dataset was composed of 

297 papers published between 1987 and 2025. After that, we applied the specific CASP criteria (CASP, 2018; 

Yan et al., 2024). Using these criteria, 38 articles were excluded due to irrelevant titles, 31 articles due to 

irrelevant abstracts, and 79 articles due to irrelevant content; 113 articles were excluded due to irrelevant 

research method (literature review, conceptual papers, quantitative methodology). Thus, of the 36 studies 

assessed at the full-text review stage, 21 were excluded from the meta-synthesis because they did not provide 

sufficient qualitative data for code extraction and were not adequately aligned with the research question. In 

total, 15 studies met the inclusion criteria and were advanced to the coding and synthesis phase. Figure 1 shows 

a summary of our research protocol. 
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Fig. 1 Article selection algorithms 

Steps 4 and 5: Extracting relevant data and analyzing categories 

Extracting, coding, and classifying the data from the selected studies was the fourth phase of the meta-synthesis 
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methodology (Noblit, 1988; Wang et al., 2024). The relevant data were extracted from the articles using the 

following steps of Elo and Kyngäs’ comparative content analysis model (Elo & Kyngäs, 2008): 

Prepare. We carefully analyzed the data and understood each text as a whole. We selected the unit of 

analysis and decided whether to consider the explicit or implicit content of the data. We reviewed the full text 

of the selected papers several times until the data was theoretically saturated. The sentences in the articles were 

analyzed as indicators of the units of analysis and the manifest and latent content according to the theme and 

purpose of the study. 

 Organizing. In the second phase, open coding, a more general classification with main categories and 

subcategories was created. After reviewing the data, an initial list of indicators (main themes) was created in 

a second step, and subcategories were defined based on the relationships between the initial codes. In contrast 

to inductive content analysis, comparative content analysis begins with the identification of main themes (AI 

and its factors, the decision-making process), which are already known at the outset. A matrix of codes and 

subcategories is then created after this step. Table (2-6) shows a categorization matrix. The initially collected 

codes reveal specific patterns. We have linked the identified concepts and factors in the reciprocal relationship 

between AI and the decision-making process. Since the initial factors are primarily about (the value of 

information in decision-making, enhancement of skills and capabilities, decision scope, Challenges Driven by 

AI, and improvement of organizational performance), we iteratively explored the collected data to arrive at a 

generalizable set of themes (Strauss, 1990; Young et al., 2024). 

Reporting. There are various methods, including models, conceptual maps, conceptual categories, 

storytelling, etc., to report on the analysis process and results. We presented a conceptual model at the end of 

the meta-synthesis steps. 

   Step 6: Evaluating the quality of findings 

The next step is to summarize the findings from the previous steps to make the results meaningful and provide 

well-founded recommendations.  Once the relevant factors had been extracted and grouped into categories, the 

researchers repeated the coding extraction process to identify and minimize possible errors and biases (Miles 

& Huberman, 1994). 
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  Step 7: Presenting findings and the conceptual research model 

In the final phase, the meanings of the codes were similarly categorized based on their analysis. The factors 

obtained are then classified into more general categories. In this study, 268 codes were extracted from the 

analyzed sources. These codes were summarized into 13 subcategories and finally grouped into five main 

categories, as shown in Tables 2–7. Figure 2 shows a summary of these seven steps. 

 

Fig. 2 The seven steps of the Meta-synthesis method of Sandelowski and Barroso (2007). 

AI and the decision-making process conceptualization  

Before examining the process model, we will discuss the AI factors and the conceptualization of the decision 

process in the data. Refer to Table 2-7 for a detailed categorization of the AI and decision-making process factors. 

Below, we summarize the characteristics of the top five factors in each subsection, namely (the value of 

information in decision-making, enhancement of skills and capabilities, decision scope, Challenges Driven by 

AI, and improvement of organizational performance). 

In the meta-synthesis process, each reviewed study was assigned a specific code (S1 to S15). These codes 

were used in the analysis tables (2-7) to refer to the sources. A complete list of articles and their corresponding 

codes is provided in the appendix. 

Improvement of Organizational Performance 

One of the impacts of AI on decision-making is on organizational performance. Based on knowledge 

management theory, AI in organizations affects the decision-making process in two valuable ways: by enhancing 
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the qualitative characteristics of information and by optimizing activities. The results of the meta-synthesis show 

that the main theme of this research is improving organizational performance, which encompasses other themes, 

including improvement of performance evaluation, criteria, developing business plans, and investments, creating 

a competitive advantage. 

Based on a meta-synthesis, we therefore concluded that AI-based decisions lead to improvements in 

fairness (Roumbanis, 2025), cost efficiency (Babu et al., 2024), productivity  (D’Allura et al., 2025; Das & 

Ranasinghe, 2025), Transparency (Booyse & Scheepers, 2024; Tuncalp, 2025; Condé & Münch, 2025), 

accountability, and responsibility (Nouis et al., 2025; Negash et al., 2025) in organizational activities, being 

increasingly emphasized by managers. Similar to previous findings in the literature (Negash et al., 2025; Nouis 

et al., 2025), our results showed that although decision makers are recognized as the primary stakeholders in 

decision-making, AI developers are also expected to be responsible for key decisions using diverse data sets, 

ensuring technical robustness, and minimizing bias. As a result, the precise allocation of responsibilities and 

liabilities remains unresolved. 

  The analysis of results shows that AI in the decision-making process leads to greater flexibility (Condé 

& Münch, 2025) and adaptability (Condé & Münch, 2025) for managers and employees by facilitating leadership, 

aligning goals (Roumbanis, 2025), driving innovation in organizational activities, and promoting effective 

communication. In this regard, these factors represent a shift in direction from traditional criteria for assessing 

organizational flexibility and sustainability to more intelligent criteria. In recent years, many studies have 

examined the benefits of adopting technologies in businesses. As Deniz Tuncalp (2024) states, AI has the 

potential to revolutionize business operations, customer interactions, and strategic decision-making, long-term 

sustainability, optimizing operations, and fostering innovation. This interpretation is consistent with the results 

of (Barile et al., 2025), which state that enabling companies to compete effectively in the market and stay updated 

with the latest technological advancements. These results may indicate the importance of these technologies in 

business and commercial fields. For example, these technologies significantly improved efficiency (Barile et al., 

2025; Condé & Münch, 2025; Babu et al., 2024; Yang et al., 2024) for businesses by reducing and improving 

process times (Gezdur et al ., 2024; Nouis et al., 2025), optimizing AI productivity (D’Allura et al., 2025; Das & 

Ranasinghe, 2025), and enhancing profitability (Tuncalp, 2025). 
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It is worth noting that from the perspective of creating innovative businesses, these technologies can 

develop new business models (Barile et al., 2025; Tuncalp, 2025), enhance market opportunities and create 

sustainable competitive advantages (Tuncalp, 2025), and lead to improved customer satisfaction (Tuncalp, 2025). 

For example, in the medical field, AI has positive applications such as improving the accuracy of disease 

diagnosis and providing personalized treatments for each patient (Jussupow et al., 2021; Condé & Münch, 2025; 

Negash et al., 2025). Doctors also emphasize that AI systems should be used with speed and discretion so that 

their professional autonomy is not compromised. They emphasize that technology is effective, safe, and ethical 

when supported by strong scientific evidence and should not operate in isolation but rather should be monitored 

and controlled by experts and regulatory bodies (Negash et al., 2025). A key factor for organizations in making 

effective strategic choices for innovation and adoption of technologies is social responsibility, as it increases 

energy efficiency and environmental sustainability (Barile et al., 2025; D’Allura et al., 2025). For example, 

organizations that prioritize social responsibility often use automation to protect the environment and increase 

energy efficiency. However, the social responsibility that drives innovation towards automation for sustainability 

can also have drawbacks, such as job losses or a lack of social responsibility commitments, leading many 

managers to hesitate to automate their operations (D’Allura et al., 2025). The findings of Jussupow et al (2021) 

showed that augmented intelligence is better than automation alone and emphasized that both human and 

technological aspects should be considered. 

In recent years, there has been significant attention on AI in innovation cycles, as these technologies 

improve information sharing and maximize the impact of sustainable projects (Barile et al. 2025). These 

opportunities give AI a vital role in organizations, including facilitating data-driven decision-making, automating 

critical innovation processes, using predictive analytics to identify new market opportunities (Barile et al., 2025), 

and offering tailored advice to accelerate business growth (Barile et al., 2025; Condé & Münch, 2025; Yang et 

al., 2024). On the one hand, AI-based simulation models provide innovative solutions for organizations that 

enhance and accelerate the innovation process and increase product alignment with market needs (Tuncalp, 2025; 

Barile et al., 2025). In addition, innovative policies and strategies can significantly lead to the adoption of AI in 

organizations (D’Allura et al., 2025; Yang et al., 2024). The adoption of AI systems in organizations leads to 

increased innovation, productivity, and sustainable value creation (Barile et al., 2025; Booyse & Scheepers, 2024; 
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Tuncalp, 2025). On the other hand, by using technologies in organizations, managers can strengthen and promote 

environmental sustainability, social responsibility, and ethical governance. In other words, any initiative or 

collaboration between managers and AI is evaluated not only based on innovation, but also on environmental, 

social, and ethical impact (Barile et al., 2025)  (See Table 2). 

Table 2. Categorization matrix with first–order categories, second–order themes, and Aggregate dimensions 

(Improvement Organizational Performance) 

First–order categories Second-order themes                      Aggregate dimensions 

AI Efficiency Improvement (S1) (S2) (S6) (S7) 

 (S8) (S11) (S14) (S15) 

Improving effectiveness (S1) (S15) 

Optimizing AI productivity (S2) (S3) (S14) 

Enhancing profitability (S2) 

Improving cost-effectiveness (S8) 

Improving decision-making processes (S2) (S7) 

 AI’s scalability (S10) 

Social responsibility (S3) (S6) 

Transparency Enhancement (S1) (S2) (S7) (S13) 

Reduces uncertainty (S4) 

AI alignment (S9) 

Enhancing human accountability and responsibility 

(S13) (S2) (S15) 

Flexibility (S7) 

Adaptability (S7) 

Promoting fairness (S9) 

Promoting explainability (S9) (S4) 

The prevention of harm (S9) 

AI integration boosts accuracy (S4) (S7) (S13)  

(S15) 

Early Detection and Diagnosis (S4) 

Augmented Intelligence (S4) 

Enhancing sustainable value creation (S6) 

Promoting environmental sustainability (S6) 

Improvement in audit quality (S11) 

Facilitating trust in AI (S5) (S12) 

Non-profit-oriented development  

and financing (S15) 

Voluntariness regarding the use of AI (S15) 

Ensuring technical functioning (S15) 

Reducing time processes with the ability  

of AI systems (S13) (S2) (S5) 

Saving time and costs (S5) 

Cost efficiency (S14) 

 

Improvement of 

performance evaluation 

criteria 

 

 

Improving Organizational 

Performance 

 

Upgrading the business model (S2) (S6) 

Accelerating the pace of investment (S2) 

Legacy preservation (S2) 

Incremental integration (S2) 

Accelerate business growth (S6) 

Improving product-market alignment (S) 

 

Developing business plans 

and investments 

 

Creativity and innovation strategies and 

policies (S3) (S11) 

Enhance co-innovation initiatives (S6) 

Improving innovation efficiency (S6) (S1) 

(S2) (S6) 

Responsible Innovation (S9) 

 

 

 

Creating a competitive 

advantage 
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Expanding market opportunities (S2) (S6) 

Creating sustainable cash flows(S2) 

Dynamic business environment (S1) 

 Gain a competitive edge (S2) (S3) (S6) (S7) 

(S11) 

Enhancement of the capabilities and skills 

Improving human resource skills and capabilities is one area in which organizational performance has undergone 

significant evolution. The results of the meta-synthesis reveal that the primary theme of this research is enhancing 

the capabilities and skills, which encompasses other key themes, including managerial decision-making, 

cognitive characteristics of managers, and characteristics of an Employee. By reviewing the literature, we found 

that organizations can increase the skills and expertise of their employees by applying one of the principles of 

organizational development (Jussupow et al., 2021; Babu et al., 2024). AI systems in organizations have a 

significant impact on organizational decision-making through better support for strategic decision-making 

(Tuncalp, 2025), digital literacy (AI) (Tuncalp, 2025; Yang et al., 2024), team motivation (Booyse & Scheepers, 

2024; Barile et al., 2025), and the ability to detect errors (Jussupow et al., 2021). Also, managers increase their 

self-confidence in performing tasks by recognizing their skills and abilities (Jussupow et al., 2021). In this case, 

the more self-confidence in managers, the fewer management errors are reduced and the more cooperation 

between colleagues increases (Barile et al., 2025; Papagiannidis et al., 2023; Nouis et al., 2025). Consequently, 

this shows that AI systems have a potential impact on organizational performance. 

Much research has shown that economic factors alone do not influence organizations' decisions to 

automate; other factors, such as emotions and ambivalence (conflicts in goals or perspectives), also play an 

important role.  These conflicting goals can affect organizations’ strategic decisions regarding automation 

(D’Allura et al., 2025). To be more precise, ambivalence can lead to narrow thinking, indecisiveness, uncertainty, 

risk perception, and poor decision-making (Rothman et al., 2017). In opposition to the perspective outlined above, 

several researchers contend that it may also foster cognitive flexibility, divergent thinking, situational awareness, 

and adaptive decision-making, thus facilitating the management of demanding situations (Randerson & Radu-

Lefebvre, 2021). 

In today's digital world and market, AI is no longer just a tool; its use and application are now inevitable 

for continued progress and success. Inevitability is recognized as a social ability that individuals and 
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organizations must understand and engage with. One of the most important aspects is understanding of AI 

principles, which includes elements such as open-mindedness and ongoing education. They should also be 

realistic about its use. Understanding the capabilities and limitations of AI helps people avoid the common 

misconception that it can detect and solve every problem, especially rare or random anomalies (Condé & Münch, 

2025). 

The results of data analysis indicate that (Condé & Münch, 2025), neutrality as a social ability refers to the idea 

that, unlike humans, AI is not affected by internal organizational sensitivities or personal preferences and always 

remains impartial, focusing instead on improving and achieving defined objectives.  The social ability of 

flexibility is the ability of AI to adapt to changing conditions. For example, AI-driven tools can help organizations 

achieve greater accuracy and efficiency in tasks such as systematic scanning and analysis of a vast array of 

external data sources. This results in operational efficiency and improved decision-making processes (Condé & 

Münch, 2025). Another social skill is adaptability, which refers to the ability of AI to learn independently, adapt 

to new situations, and not be limited to predetermined data (Condé & Münch, 2025). The third social ability is 

reliability, which must be designed as a sustainable and reliable operational tool for utilizing AI. This ability has 

four main considerations: the first of which is the ability of AI systems to acquire all necessary data 

independently, that is, trust in the system and access. Second, it must be integrated seamlessly into the existing 

infrastructure. 

In recent years, much attention has focused on how combining different resources leads to the 

development of organizational capabilities.  These capabilities are essential strategic tools for any organization 

formed in response to environmental conditions (Booyse & Scheepers, 2024; Tuncalp, 2025). To achieve this, 

AI capabilities require organizations to pay sufficient attention to their dynamic capabilities, such as the 

infrastructure (which encompasses the systems and tools collecting, storing, processing, and managing data, 

serves as the prerequisite for adoption of AI (Yang et al., 2024), database, skills (technical skills, capability to 

manage technology, business know-how and relational knowledge) (Babu et al., 2024), and relevant technology, 

and intangible factors such as the organizational culture for technology orientation, employees' skills, and 

knowledge sharing. Focusing on these capabilities increases operational efficiency, cost effectiveness, and data 

management and processing technology (Babu et al., 2024). 
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One of the important characteristics of managers in organizations is a positive attitude towards AI, 

meaning that they are receptive to the use of AI and consider it a useful and efficient tool. What is more, a positive 

attitude among managers can improve efficiency, enhance the quality of their work, and create organizational 

advantages (future orientation) (Daly et al., 2025). Users with a positive attitude toward AI, however, are not 

always willing to share their knowledge because they feel it would take away their personal advantage and put 

their contractual payments at risk (Daly et al., 2025). On the other hand, negative attitudes toward AI have been 

described as concerns about threats to future employment, livelihood, happiness, personal privacy, and a loss of 

agency and control. For example, one of the main concerns among employees is the fear of losing their jobs due 

to the increasing use of AI systems. Threats to job security can be one of the barriers to trust and acceptance of 

these technologies by employees in organizations (Daly et al., 2025). In this case, negative attitudes of employees 

about job threats, privacy, or loss of control can limit the adoption of AI. Despite these challenges, AI offers 

organizations numerous opportunities and capabilities, the most important of which are improving audit quality 

and increasing work productivity (Yang et al., 2024).  In addition, studies have shown that AI offers immense 

benefits for managers, including risk management (Das & Ranasinghe, 2025; Booyse & Scheepers, 2024), 

personalization of customer experience, enhanced decision-making, risk assessment, and fraud detection (Das & 

Ranasinghe, 2025) (See Table 3).  

Table 3. Categorization matrix with first–order categories, second–order themes, and Aggregate dimensions 

(Enhancing the capabilities and skills) 

First–order categories  Second-order themes                      Aggregate dimensions 

Problem-solving skills and abilities (S4) (S8) 

Extrapolating a reasonable judgment (S1) 

Enhancing employees' capabilities (S1) (S2) 

Strategic decision-making (S2) 

Risk management (S14) (S1) 

Decision maker training (S7) (S13) 

Accelerated and effective collaboration (S6) 

Inevitability (S7) 

 Open-mindedness (S7) 

Hybrid intelligences (S9) 

Meta-algorithmic discretionary (S9) 

Human oversight authority (S15) (S13) 

(S14) 

 

Managerial decision-making 

 

 

Enhancing the capabilities and skills 

 

Digital (AI) literacy (S2) (S11) 

Increasing self-confidence (S4) 

Reducing the personal concerns of the 

manager (S1) 

Reskilling of employees(S1) (S5) (S6) 

Increasing collaboration, interaction, and 

teamwork (S1) (S6) (S10) (S13) 

 

 

 

Cognitive characteristics of 

managers  
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Team motivation (S1) (S6) 

leader-follower bonds (S1) 

Ability to detect errors (S4) 

Emotions and ambivalence (S3) 

Continuous improvement of employee 

participation (S1) 

Social interactions and norms (S1) 

Employees' training (S2) (S4) (S6) (S7) (S15) 

Neutrality (S7) 

Employees’ satisfaction and well-being (S3) 

(S4) 

Improving Employees' Digital Skills (S8) 

(S11) 

Reduce employees' overload (S10) 

Positive attitudes towards AI (S12) 

Negative attitudes towards AI (S12) 

Openness towards incorporating AI systems 

(S15) (S12) 

 

Characteristics of an Employee 

The value of information in decision-making  

The value of information in decision-making is another part of the results that show that data processing 

techniques, e.g., machine learning (ML), contribute to improvements in relevance and reliability (Gezdur et al ., 

2024), the predictive value of information (Tuncalp, 2025), and the accuracy of information (Gezdur et al ., 2024). 

In other words, based on the management information systems frameworks, the use of information technology 

tools leads to improving monitoring and control processes (Booyse & Scheepers, 2024; Jussupow et al., 2021), 

improving collaboration, interaction, and teamwork (Mikhaylov et al., 2018; Yu & Li, 2022b). Even if these 

effects have been noticed and highlighted by the internal side of the organizations. On the contrary, there is 

evidence of external effects, such as the timeliness of information (Condé & Münch, 2025), and information and 

knowledge sharing/exchange (Barile et al., 2025; Babu et al., 2024). In general, the findings related to information 

processing can be analyzed using a meta-synthesis approach, considering both internal and external 

organizational aspects, and data processing can be regarded as influencing the understanding of external users. 

(see Table 4). 

Table 4. Categorization matrix with first–order categories, second–order themes, and Aggregate dimensions (The 

value of information decision-making) 

First–order categories Second-order themes                      Aggregate dimensions 

Information reliability (S5) 

Improving the accuracy of 

information (S5) 

Information and knowledge 

sharing/exchange (S6) (S8) (S7) 

(S12) 

Timeliness of information (S7) 

Information issues 

 
The value of information in decision-making 
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Shortening development timelines 

(S6) 

Improving monitoring and 

controlling processes (S1) (S4) 

Predictive value of information (S2) 

 

  Information goals 

Challenges driven by AI 

The results of the meta-synthesis show that the main theme of this research is challenges driven by AI, which 

encompasses other themes, including human resources, professional and organizational ethics, and organizational 

goals. Although the findings have highlighted the positive impact of AI on decision-making, the use of AI also 

harbors risks. One of the most prominent challenges in traditional hiring methods is the lack of efficiency (Booyse 

& Scheepers, 2024; Roumbanis, 2025) and human bias (Roumbanis, 2025). The time and energy spent evaluating 

backgrounds and reading CVs make the process immensely inefficient and prone to cognitive biases and gut 

feelings, which can unintentionally lead to discrimination and the neglect of qualified candidates (Roumbanis, 

2025). Decision makers play a crucial role in mitigating the biases in AI-based systems and transferring AI 

insights into concrete actions (Jussupow et al., 2021). Therefore, managers in organizations need to ethically 

assess transparency and accountability by conducting regular audits of AI systems (Tuncalp, 2025). However, 

successful decision-making occurs when decision-makers use both system-monitoring and self-monitoring 

cognition. This cognition enables managers to gain confidence in AI systems (Jussupow et al., 2021). This leads 

to improved information accuracy (Gezdur et al., 2024) and information confidence (Gezdur et al., 2024). 

One of the main challenges to AI adoption is the lack of resources and expertise (Tuncalp, 2025; Babu 

et al., 2024). These include infrastructure and the talents of employees and managers. In other words, high costs 

for accessing reliable sources (Booyse & Scheepers, 2024; Tuncalp, 2025; Babu et al., 2024) and a lack of internal 

expertise and skills (Tuncalp, 2025) for implementing and managing these technologies are considered to be the 

most important barriers. Other barriers that can be mentioned here are fear of losing family heritage (Tuncalp, 

2025), low self-confidence (Booyse & Scheepers, 2024; Jussupow et al., 2021), and low employee satisfaction 

(Jussupow et al., 2021). This can create barriers to the adoption of innovative technologies. 

The analysis shows that the challenges of algorithm aversion have been addressed in qualitative studies.  

Senior managers and HR professionals in organizations often fear the consequences of using AI, leading to 

something bad, which generates ‘algorithm aversion’. However, this fear is not solely due to aversion to 
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algorithms; it can also reflect managerial motivation when using AI (Roumbanis, 2025). On the other hand, there 

is always a potential risk associated with over-reliance on AI recommendations (i.e., “algorithm appreciation”), 

as following them blindly may unintentionally mislead human decision-makers (Booyse & Scheepers, 2024; 

Roumbanis, 2025). 

Some studies focus on the social and cultural aspects of AI.  One of the major problems and challenges 

in implementing AI technologies is having unrealistic expectations (AI false expectations). Expecting too much 

from these technologies can result in a lack of business value and sometimes unexpected outcomes. Therefore, it 

is necessary to use alternative methods and manual mechanisms to correct and prevent errors (Papagiannidis et 

al., 2023). Over-reliance on AI-enabled employees leads to loss of their competence and deskilling, ultimately 

reducing their abilities over time (Papagiannidis et al., 2023). Studies have also shown that organizations' use of 

AI can cause employees to lose interest in their jobs and reduce their motivation.  

Data analysis shows that security and ethical challenges have been addressed in qualitative research. 

Therefore, another important challenge is cybersecurity (Papagiannidis et al., 2023; Das & Ranasinghe, 2025), 

which can cause financial and reputational damage to the company if a security breach occurs. However, many 

organizations are trying to use AI systems to develop and create new strategies and tactics that would be 

impossible without the use of AI (Papagiannidis et al., 2023).  From an ethical consideration, organizational 

management has always been concerned about data privacy (Tuncalp, 2025; Papagiannidis et al., 2023), 

maintaining ethical standards, and potential bias in AI algorithms (Tuncalp, 2025). In the adaptation of AI, three 

main areas of ethical concerns have emerged: Life-or-death decisions and the principles on which they are based; 

potential discrimination against certain groups embedded in the design of AI; and the replacement of humans 

with machines, and resulting employee unemployment, which is considered an ethical issue within organizations 

(Tambe et al., 2019; Booyse & Scheepers, 2024).  

Unemployment is considered one of the main factors preventing the adoption of technologies in 

organizations. Some governments, such as South Africa, generate revenue from the use of AI but still face ethical 

and negative social dilemmas, including rising unemployment. The work of Davenport and Harris (2005), Booyse 

& Scheepers (2024) is thus supported by our research.  Another important theme, like creativity (Booyse & 

Scheepers, 2024), remains a defining characteristic that sets humans apart from AI. This shows that humans are 



51  

still the main decision makers in organizations. As a result, managers are encouraged to provide training to 

develop and expand the skills of employees (Gezdur et al., 2024). By creating this training, employees strengthen 

their creative and imaginative abilities, which AI systems lack (Schoemaker and Tetlock, 2017; Booyse & 

Scheepers, 2024). 

AI is described as a “black box” due to the difficulty in analyzing and understanding the logic and 

decisions behind it for managers and employees of organizations (Booyse & Scheepers, 2024). In this case, the 

lack of transparency and understanding in AI decisions can undermine employee trust. As a result, organizations 

can reduce this uncertainty and potential hostility and bias by regularly auditing AI algorithms (Booyse & 

Scheepers, 2024) and monitoring and controlling AI systems (Yang et al., 2024). In addition to creating an 

environment that facilitates the adoption of AI, organizations should reduce barriers and challenges through 

appropriate management practices and provide necessary training. With this management approach, not only will 

the acceptance of AI by employees increase, but hostility towards these technologies will also decrease 

(Ransbotham et al., 2018; Booyse & Scheepers, 2024). 

Regarding responsibility and accountability (Booyse & Scheepers, 2024; Papagiannidis et al., 2023), 

there is considerable confusion about who should be held accountable for the outcomes and use of AI: on one 

hand, AI developers, and on the other, the users who primarily supervise AI systems. In this context, the lack of 

explainability of these technologies (Booyse & Scheepers, 2024; Jussupow et al., 2021; Babu et al., 2024; Nouis 

et al., 2025) may increase concerns about transparency and bias (Nouis et al., 2025; Papagiannidis et al., 2023). 

Studies have shown that the dualities of using and designing AI can be summarized as follows: the ability to 

predict depends on the internal structure of these technologies, which is very important but often has poor 

accuracy, while explainability and interpretability are important features for building trust. However, these 

dualities indicate which of these two aspects should be prioritized by users of AI systems. This creates an ethical 

dilemma, as users are not willing to sacrifice accuracy to maintain a certain level of interpretability (Nouis et al., 

2025).  

AI systems also face challenges and limitations, such as a lack of emotional intelligence (Das & 

Ranasinghe, 2025), an inability to make judgment-based decisions, an inability to analyze problems in depth, 

limited situational analysis, data bias, and low adaptability (Das & Ranasinghe, 2025). Studies have shown that 
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AI cannot replace human intelligence in judgment-based decision-making and emotional cognition, as these 

require contextual and situational awareness for proper evaluation. Furthermore, from an ethical perspective, AI 

systems cannot take responsibility for the ethical aspects of the decision-making process (Das & Ranasinghe, 

2025) (see Table 5). 

Table 5. Categorization matrix with first–order categories, second–order themes, and Aggregate dimensions 

(Challenges Driven by AI) 

First–order categories  Second-order themes                        Aggregate dimensions 

Job security risks (S1) (S3) (S8) (S10) (S12) 

(S15) 

Need for continuous learning (S1) 

Lack of confidence in AI (S1) (S4) 

Lack of trust (S1) (S9) (S10) 

Safely Concern (S3) 

Costly Infrastructure (S1) (S2) (S8) 

Lack of creativity (S1) 

Loss of control and power (S1) (S12) 

Decision complexity and ambiguity (S1) 

Lack of resources (S2) (S8) (S11) 

Lack of in-house expertise (S2) 

Lack of skills (S2) 

Insufficient cognitive control (S4) 

Realistic use of AI (S7) 

Shortage of skilled human resources (S8) (S7) 

Negative perception (S8) 

Deskilling (S10) 

Losing interest in work (S10) 

Concerns about overreliance on AI (S13) 

New work organization (S15) 

Irreplaceability of interpersonal relationships 

(S15) 

Possible extinction of specialist areas (S15) 

Algorithm Aversion (S1) (S9) 

Algorithm appreciation (S9) 

   Human Resources 

 

 

Challenges driven by AI 

 

 

 

Traceability in an AI system (S15) 

Lack of accuracy (S1) 

Lack of transparency (S1) (S4) (S10) 

Lack of emotional intelligence (S14) 

Cyber security concerns (S10) (S14) 

Absence of AI responsibility and 

accountability (S1) (S10) 

Ethical AI (S1) (S2) (S14) (S6) (S9) (S10) 

Lack of judgmental decision making (S14) 

Preventing discrimination(S1) 

AI Biases and heuristics (S1) (S2) (S10) (S13) 

(S4) (S8) 

Human biases (S9) 

Cognitive biases and gut feelings (S9) 

Lack of Efficiency (S1) (S9) 

Lack of explainability (S1) (S4) (S8) (S13) 

(S10) 

Security and Privacy Concerns (S2) (S10) 

Data-led decision bias (S11) (S14) 

Regulatory and liability concerns (S1) 

Restrictive regulatory environments (S1) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Professional and 

Organizational Ethics 
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 Compliance with regulations (S7) 

Economic concerns (S1) 

Protection of intellectual property (S1) 

Reputation damage (S1) 

AI false expectations (S10) 

Lack of AI decision (S10) 

Negative developments of superintelligence 

(S10) 

Need for simplified AI outputs (S13) 

Lack of understanding context (S14) 

Lack of analysis of the problem deeply (S14 

Lack of situation analysis (S14) 

Less adaptability (S14) 

Reservation about AI autonomy (S15) 

AI-based confirmation (S4) 

Establishing a robust regulatory and 

governance framework (S13) 

Human resistance (S1) (S2) 

Lack of data management policy and culture 

(S1) 

AI governance (S2) 

Lack of data availability (S8) 

Ethical compliance (S2) 

Financing of AI systems (S15) 

 

 

 

 Organizational goals 

      

     

         

Decision Scope 

Decision scope is a comprehensive process that encompasses information on social and organizational dynamics, 

as well as data. Thanks to AI, organizations simplify problems, improve data collection (Booyse & Scheepers, 

2024; Babu et al., 2024), and enhance data quality (Booyse & Scheepers, 2024; Babu et al., 2024). What is more, 

decision makers use available data and information to manage data and process technologies (Babu et al., 2024), 

regulate data governance (Yang et al., 2024), analyze large datasets (Das & Ranasinghe, 2025), and make more 

informed decisions (Liao et al., 2015). Thereby, one of the most critical factors for the success of collaboration 

and interaction between decision-makers and AI is facilitative leadership (Booyse & Scheepers, 2024) (see Table 

6). 

Table 6. Categorization matrix with first–order categories, second–order themes, and Aggregate dimensions 

(Decision Scope) 

First–order categories Second-order themes     Aggregate dimensions 

Enhancing Data Collection (S1) (S8) 

Enhancing data quality (S1) (S8) 

Facilitating value co-creation (S6) (S10) 

Data protection (S7) 

Leveraging predictive analytics (S6) 

Optimal resource allocation (S6) (S11) 

Enhancing the data infrastructure (S8) (S11) 

Organizational culture (S8) 

 Data management and processing technology 

 (S8) 

Data sovereignty regulation (S11) 

    Performance Dynamics 

 

 

 

 

 

 
 

Decision Scope 
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 Bulk data analysis (S14) 

Data-based confirmation (S4) 

Facilitative Leadership (S1) 

Mitigating the agency problem (S1) 

Societal and Organizational             

Dynamics 

 

A model explaining the role of Artificial Intelligence and the Decision-making Process  

To clarify how AI influences the decision-making process and to define the underlying patterns identified in 

qualitative research, it is essential to model a series of events, including what happens in specific situations and 

the effects that result. Table 2-6 summarizes the factors discovered in each study that influenced the integration 

of AI into the decision-making process. Table 7 provides an overview of the AI used in decision-making. 

Specifically, “Improvement of organizational performance” refers to the implementation of AI technologies that 

can lead to significant improvements in decision-making processes in organizations (e.g. increasing efficiency, 

effectiveness, transparency and accuracy); “Enhancement of skills and capabilities” includes improving the skills 

and capabilities of managers and employees in organizations (e.g. increasing managerial participation, trust, 

continuous improvement of employee participation and learning process); “value of information in decision-

making” refers to the usefulness and impacts awareness of information on decision making (e.g., information 

reliability, information and knowledge sharing/exchange an improving monitoring and controlling processes); 

“Challenges Driven by AI” refers to a kind of interruptions of the decision-making process due to various types 

of noise related to ethical issues, organizational goals, and human resources associated with the implementation 

of this technology (e.g. job security risks, trust challenges, reducing transparency, responsibility and 

accountability, discrimination, bias, and security and privacy concerns); the term “Decision scope” alludes to the 

strengthening of the decision dynamics, which is a comprehensive process that includes data and information, as 

well as social and organizational aspects (e.g. Improving data collection and recording, data protection, 

facilitative leadership). A meta-synthesis that combines and organizes these factors from different studies reveals 

underlying trends (see Table 7). This method, applied to our dataset, provides a comprehensive understanding of 

the decision-making process, contextual elements, and outcomes that organizations experience when using AI. 
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Table 7. AI and decision-making process factors and their codes for each study 

 

Based on the coding performed and the review of the meta-synthesis, the conceptual model shows two 

types of relations among the main categories. The first type of direct relation we examine is the relationship 

between "value of information in decision making" and "enhancement of capabilities and skills," followed by 

the direct relationship between "enhancement of skills and capabilities" and "decision scope." Additionally, 

"decision scope" has a direct relationship with "improvement of organizational performance," which ultimately 

leads to "improvement of organizational performance" through the "value of information in decision making." 

The impact of these direct relations is explained in detail in the following section. However, it should be noted 

that Challenges Driven by AI also have direct (in terms of the value of information in decision-making and the 

enhancement of skills and capabilities) and indirect (in terms of decision scope and the improvement of 

organizational performance) relationships. We will explain these direct relationships to the main categories in 

tables 8-13. (see Fig. 3). 

 

Paper Improvement 

Organizational Performance 

Enhancement Capabilities & Skills 

 

The value of information in 

decision-making 

 

Challenges Driven by AI Decision scope 

(Tuncalp, 2025) Performance evaluation 

criteria 

Developing business plans and investments 

Creating a competitive advantage 

 

Managerial decision-making 
Cognitive characteristics  

of managers  

Characteristics of an Employee 

 

Information goals Human Resources 
Organizational Ethics 

Organizational Goals 

N/A 

(Barile et al., 2025) Performance evaluation 

criteria 

Developing business plans and investments 

Creating a competitive advantage 

Managerial decision-making 

Cognitive characteristics  
of managers  

Characteristics of an Employee 

 

Information issues 

Information goals 

Organizational Ethics 

 

Performance dynamics 

(Condé & Münch, 2025) Performance evaluation 

criteria 

Creating a competitive advantage 

Managerial decision-making 

Characteristics of an Employee 
 

Information issues Human Resources 

Organizational Ethics 
 

Performance dynamics 

Babu et al., 2024) Performance evaluation 

criteria 

 

Managerial decision-making 

Characteristics of an Employee 

Information issues Human Resources 

Organizational Ethics 

Organizational Goals 

Performance dynamics 

 (Yang et al., 2024) Performance evaluation 

criteria 

Developing business plans and investments 

Creating a competitive advantage 

Cognitive characteristics  

of managers  
Characteristics of an Employee 

N/A Organizational Ethics 

 

Performance dynamics 

(Das & Ranasinghe, 2025) 

 
 

Performance evaluation 

criteria 

 

Managerial decision-making 

 

N/A Organizational Ethics 

 

Performance dynamics 

(Negash et al., 2025) Performance evaluation 

criteria 

 

Managerial decision-making 

Characteristics of an Employee 

N/A Human Resources 

Organizational Ethics 

Organizational Goals 

N/A 

(Booyse & Scheepers,  
2024) 

 

Performance evaluation 

criteria 

Developing business plans and investments 
Creating a competitive advantage 

Managerial decision-making 
Cognitive characteristics  

of managers  
Characteristics of an Employee 

 

Information issues 
Information goals 

Human Resources 
Organizational Ethics 

Organizational Goals 

Performance dynamics 
Societal and Organizational             

Dynamics 

(D’Allura et al., 2025) 
 

Performance evaluation 

criteria 

Creating a competitive advantage 

Cognitive characteristics  
of managers  

Characteristics of an Employee 

 
 

N/A Human Resources 
 

N/A 

(Jussupow et al.,2021) Performance evaluation 

criteria 

 

Managerial decision-making 

Cognitive characteristics  
of managers  

Characteristics of an Employee 

Information goals Human Resources 

Organizational Ethics 
 

N/A 

(Gezdur et al., 2024) 

 

Performance evaluation 

criteria 

 

Cognitive characteristics  

of managers  

 

Information issues 

 

N/A N/A 

(Roumbanis, 2025 

.,2025) 

 

Performance evaluation 

criteria 

Creating a competitive advantage 

Managerial decision-making 

 

N/A Human Resources 

Organizational Ethics 
 

N/A 

(Papagiannidis et al., 

2023) 

Performance evaluation 

criteria 

 

Cognitive characteristics  

of managers  

Characteristics of an Employee 

N/A Human Resources 

Organizational Ethics 

 

Performance dynamics 

 (Daly et al., 2025) Performance evaluation 

criteria 

Characteristics of an Employee Information issues 

 

Human Resources 

 

N/A 

(Nouis et al., 2025) Performance evaluation 

criteria 

Managerial decision-making 

Cognitive characteristics  
of managers  

N/A Human Resources 

Organizational Ethics 
Organizational Goals 

N/A 
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Fig. 3 Conceptual Mode 

 

Direct and indirect connections 

In this section, we examine the direct and indirect relationships between the challenges of AI, the value of 

information for decision-making, skill and capability improvement, the scope of decision-making, and its 

impact on enhancing organizational performance. These relationships have an impact on organizational 

decision-making and are discussed in more detail below. 

The results show that the AI-driven challenges in the main categories are directly and indirectly related 

to other factors in the conceptual model. On the one hand, the Challenges driven by AI are directly related to 

the "value of information in decision making," which leads to a weakening of the planning process and the 

personal concerns of managers and employees. On the other hand, there is a direct relationship with the 

"enhancement of skills and capabilities," which leads to a decrease in the participation and coordination of 

managers and employees in decision-making, as well as a decline in training. There is also an indirect 

relationship with “decision scope,” which leads to a weakening of leadership and a reduction in data collection 

and recording. Ultimately, this results in a decrease in “improvement of organizational performance,” 

characterized by a decline in efficiency, effectiveness, and accountability. 

Table 8 provides examples of the relationships between the challenges posed by AI and the skills and 

capabilities of managers and employees, as well as their direct impact on the value of information in decision-

making. Although the papers did not report on a direct relationship between these concepts, this relationship 

Decision scope

Improvement

Organizational

 erformance

Enhancement the

capabilities and skills

The value of information in

decision making

Challenges driven by AI

 erformance dynamics

Societal and

Organizational dynamics

Information issues

Information goals

Improvement of

performance evaluation

criteria

Characteristics of

Employee

Cognitive characteristics of

managers

Managerial decision 

making

Creating a competitive

advantage

Developing business plans

and investments

Direct

Indirect
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was obtained through interpretive and comparative analysis in the meta-synthesis. As Booyse & Scheepers 

(2024) state, the limitations of AI creativity can lead to an increased importance of human judgment. 

Furthermore, the weakness of AI in creativity and the biases and discoveries of AI can highlight the importance 

of the human role in improving the quality of information, because the inability of AI in creative decision-

making requires organizations to establish monitoring and control mechanisms to compensate for these 

limitations and weaknesses of AI. From the perspective of ethical considerations in the use of AI (Tuncalp, 

2024) – which include issues such as privacy protection, transparency, and accountability – organizations are 

required to increase human oversight, improve data quality, and strengthen accountability and trust through 

human participation. This requires increasing the skills of employees and managers when using AI and 

providing them with the necessary training. By improving employee skills, investing in training, and using 

external technical experts, the predictive value of information is strengthened and ultimately leads to improved 

information quality. Our analysis of the codes showed that the more negative attitudes there are towards AI, 

the more trust in AI decreases. This distrust among employees reduces their willingness to adopt the technology 

and limits the effective use of AI systems. As these negative attitudes and distrust persist, employees develop 

concerns about job turnover, threats to their well-being, and risks to their privacy. In such a situation, increasing 

the quality of data and information and ensuring the effective use of AI requires a strong emphasis on data 

exchange and knowledge sharing between employees and managers in organizations (Daly et al., 2025). 

Furthermore, based on the study conducted by Condé & Münch (2025), we found that organizations should be 

aware of the capabilities and limitations of AI and should not expect AI to perform beyond its actual capacity. 

The lack of AI-related expert staff and the lack of clear regulations require organizations to provide the 

necessary training to decision makers. In this case, it is essential to create mechanisms to increase the adoption 

of innovation and new technologies and prevent bias in data. 

Table 8. Challenges driven by AI, enhancement of skills and capabilities, and improvement of organizational 

performance 

        paper Challenges Driven 

by AI 

        Enhancement skills & 

                capabilities 

    The value of information in 

       decision-making 

(Booyse &  

Scheepers, 2024) 

 

-A machine cannot 

be 

 creative  

-The human mind can 

extrapolate  

reasonable judgment and 

understanding of multiple 

debates  

-Improving monitoring and  

control processes 
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(Booyse &  

Scheepers, 2024) 

 

-AI Biases and 

 Heuristics  

-Needs continuous 

improvement of employee 

participation 

-Improving monitoring and 

controlling processes  

(Deniz  

Tuncalp, 2024) 

-Ethical 

considerations in AI 

adoption 

- Risk of bias in AI  

algorithms  

- leveraging external 

partnerships for  

technical expertise 

-Investing in training,   

-Seeking external expertise 

and  

fostering a culture of 

innovation 

-Predictive value of information  

(Daly et al., 2025) -Negative attitudes 

to 

Wards AI decreases 

trust in AI 

-Threat to the user’s 
livelihood, happiness, or 
personal privacy, and a lack 
of agency 

-Information and knowledge 

sharing/exchange  

(Lansiné Condé & 

Christopher Münch,  

2025) 

-Realistic use of AI  

-Shortage of skilled 

human resources  

-Compliance with 

regulations  

-Decision maker training  

-Open-mindedness  

-Employees' training  

-Neutrality  

 

-Information and knowledge 

sharing/exchange  

-Timeliness of information  

 

 

Another part of the results shows that the challenges posed by AI are indirectly related to the scope of decision-

making and indirectly related to improving organizational performance, as explained in Table 9. One of the 

challenges and limitations identified in this study is the lack of transparency and complexity of AI systems. 

The lack of transparency and the inability to explain AI systems can cause confusion among employees about 

the use and application of AI. In such cases, organizations should increase the quality of their data and the 

accuracy of their information and clearly state the logic and basis of AI-based decisions to increase the trust 

of decision-makers. The greater the transparency, monitoring, and continuous evaluation of AI performance 

during the data collection stages, the more bias and errors will be reduced. One effective way to improve 

productivity and prevent decision-making biases and errors is to combine human capabilities with AI. In this 

case, organizations do not necessarily need to invest in technical infrastructure and training of skilled 

professionals (Booyse & Scheepers, 2024). Moreover, other challenges, such as insufficient financial and 

human resources, a lack of appropriate and high-quality data, and biases in data, can undermine the 

performance of AI systems. Organizations need to process and manage data using appropriate tools to 

eliminate these biases and provide more accurate and transparent data. What is more, to adopt new 

technologies, organizations need to create a supportive organizational culture. By creating such an 

organizational culture and ensuring the availability of high-quality data, AI systems can perform tasks more 

efficiently. By increasing this efficiency, costs are reduced, leading to resource savings and improved 
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productivity in the organization (Babu et al., 2022). From the perspective of ethical issues in AI systems - such 

as transparency, fairness, and privacy protection - organizations can make more transparent, fair, and informed 

decisions by analyzing data, trends, and allocating sufficient resources to support employees and managers. 

Also, by analyzing these data and trends, organizational leaders can enter new markets and compete with their 

competitors faster and at lower costs, thereby achieving a competitive advantage. Adopting and applying AI 

in organizations can accelerate business operations and increase the organization's competitive advantage in 

the market (Baril et al., 2025). 

Table 9. Challenges Driven by AI, the Value of Information in Decision-Making, and Improvement of 

Organizational Performance 

        paper Challenges driven 

by AI 

Decision scope       Improvement of organizational 

                       performance 

(Booyse & 

Scheepers 

, 2024) 

-Lack of trust due to  

unknown AI 

algorithm. 

-Lack of 

transparency  

-High-end systems  

cannot be explained. 

 

-Mitigating the agency 

problem  

-Data Collection  

-Disclose reasoning behind decisions  

-Need transparency Enhancement 

-Audits required 

-Creativity, spontaneity, and intuition  

are required in environments 

 -Funding human-machine teams 

-Change management process 

-Capital investment in web space, programming, 

and AI talented programmers 

(Babu et al., 

2022) 

-Lack of resources  

-AI Biases and 

heuristics  

-Lack of 

explainability  

-Lack of data 

availability  

 

-Data Collection  

-Data quality  

-Organizational culture  

-Data management and 

processing technology 

-AI Efficiency 

-cost-effectiveness  

 

(Barile et 

al., 2025) 

-Ethical AI  -Predictive analytics  

-Optimal resource 

allocation  

 

-Upgrading the business model  

-Accelerate business growth  

-Enhance co-innovation initiatives  

-Expanding market opportunities  

-Gain a competitive edge  

 

In the following table (10), we discuss studies that examine the direct relationship between the value of 

information in decision-making and the enhancement of skills and capabilities. According to data analysis, 

organizations should rely on human analysis – not just on recommendations generated by AI – when making 

managerial and organizational decisions. Overreliance on AI suggestions can increase decision-making errors 

and reduce human oversight. As decisions are supported by human analysis and monitoring, assessments 

become more accurate and reliable. Which in turn reduces decision-making uncertainty and increases 

managers' trust and satisfaction with their decisions (Yusupo et al., 2021). Also, managers can make more 
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effective organizational decisions by having more reliable and valid information. Which leads to increased 

collaboration between managers and AI systems in different parts of the organization. This is because trust in 

data and its output increases coordination and knowledge sharing among employees during organizational 

decision-making. With high-quality data and enhanced collaboration, employees are encouraged to develop 

their skills to analyze data more effectively when working with others. In an effort to gain a competitive 

advantage and make accurate decisions, employees strive to acquire new competencies and enhance their 

capabilities (Gezdur et al., 2024). As qualitative data analysis showed, the less knowledge and experience is 

shared among employees, the more their ability to learn and understand AI systems decreases. Knowledge 

sharing is essential to improve the quality of decision-making and eliminate information gaps among 

employees. Lack of knowledge exchange in organizations can reduce employees’ competitive advantages and 

erode their personal professional leverage. It may also threaten employees' job security, as a lack of 

collaboration and knowledge sharing with other colleagues leads to job and professional vulnerability (Daly 

et al., 2025). In this regard, organizational decisions are valid when the information provided to decision 

makers is accurate and reliable. As a result, organizational decision-making performance improves. In this 

context, one of the key strategies for organizations to ensure the correct use and full understanding of accurate 

and reliable information is to provide employees with the necessary training to upgrade their skills and create 

a comprehensive understanding of the situation and data analysis. Such training and new skills increase 

employees' trust in information and strengthen their ability to recognize which data is valid and appropriate 

for decision-making (Gezdur et al., 2024). 

Table 10. The value of information in decision-making & Enhancement of skills and capabilities 

        paper The value of information in 

decision-making 

Enhancement of skills & 

capabilities 

(Jussupow et 

al.,  

2021) 

-Managers and employees need to focus on  

extensive data analysis (AI-based 

confirmation) instead of AI advice  

 

-Reduces uncertainty 

-Increasing self-confidence 

-Employees’ satisfaction and well-being  

(Gezdur et 

al ., 2024) 

 

-Information reliability -Increased collaborative discussions among our 

departments  

-Facilitating greater trust in the forecasting process  

-Expanding skillset  

(Daly et al., 

2025) 

-Lack of sharing knowledge -Take away the employee’s personal advantage and 

place their contract payments at risk 

(Gezdur et 

al., 2024) 

 

-Information reliability  

-Accurate and relevant information improves  

Predictive value enhances information  

 -Promote reskilling of employees and offer a  

A comprehensive understanding of the situation 
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accuracy, and timely access to information 

 

 

Another issue considered in improving organizational performance is enhancing the skills and capabilities of 

the organization's human resources. In this context, Table 11 presents results related to increasing skills and 

capabilities in direct relation to the decision scope. One of the main ways to create creativity and innovation 

in organizational decision-making is to foster an entrepreneurial mindset among future generations in the 

organization. To make employees more enthusiastic about adopting new technologies, organizations should 

encourage creativity and innovation and provide employees with solutions to adapt to organizational changes. 

The more employees and future leaders are aligned with technological advances, the greater the business 

growth, sustainability, and competitive advantage (Deniz Tonkalp, 2024). Factors that improve data quality 

and integrity in organizations include employees' problem-solving skills and increased digital competencies. 

With these skills and abilities, employees can evaluate the information and recommendations provided by AI 

and make appropriate decisions by interpreting these recommendations more effectively.  As qualitative data 

analysis shows, improving data quality, along with strengthening employees’ digital and problem-solving 

skills, ultimately increases the speed and effectiveness of the decision-making process (Babu et al., 2024). An 

important factor that employees in organizations pay special attention to is satisfaction and well-being. 

Increasing satisfaction, reducing work-related stress, and improving work experience can increase AI 

productivity. As AI productivity increases, employees’ willingness to cooperate with and accept AI systems 

also increases. Organizations are required to avoid discrimination and bias to create more effective interactions 

between humans and AI systems. Also, they should maintain their social responsibility when implementing 

such technologies, as these practices create more trust. In addition, organizations should adopt creative and 

innovative strategies to encourage employees to accept and collaborate with AI. The more these strategies and 

policies are implemented, the more supportive, innovative, and safe the environment for employees will be, 

which ultimately creates a competitive advantage (D’Alara et al., 2025). 

Table 11. Enhancement of skills and capabilities, & Decision scope 

        paper              Enhancement of skills & 

                      capabilities 

                            Decision scope 
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(Deniz 

Tuncalp,  

2024) 

-Fostering an entrepreneurial mindset 

among the next generation 

(encouraging innovation, 

experimentation) 

 

-Facilitate a smoother transition of leadership and 

ensure that the business’s strategic direction remains 

aligned with evolving technological landscapes. 

(Babu et al., 

2024) 

-Problem-solving skills and abilities  

-Improving Employees' Digital Skills  

 

-Improve the quality and integrity of data that  

 eventually enhances the speed and efficacy  

 of the decision-making process 

(D’Allura et al., 

2025) 

 -Employees’ satisfaction and well-

being  

 

-Optimizing AI productivity  

-Social responsibility  

-Creativity and innovation strategies and policies  

-Gain a competitive edge  

 

 

Decision-making scope is a comprehensive process involving organizational performance and information 

dynamics. As shown in Table 12, decision-making scope is directly related to improved organizational 

performance. One key factor that all decision-makers, including physicians, rely on to build trust and increase 

satisfaction with their final decision or diagnosis is the use of data and accurate information analysis. When 

decision-makers use reliable and valid data, the likelihood of making incorrect decisions or encountering errors 

in the decision-making process is significantly reduced (Jussupow et al., 2021). Our data analysis showed that 

improving the efficiency and effectiveness of AI in organizations depends on increasing data collection, 

enhancing data quality, and strengthening data infrastructure. The more data comes from trusted, high-quality, 

and relevant sources – and the stronger the supporting security and storage infrastructure – the better AI 

systems will perform, resulting in more effective and accurate decision-making (Babu et al., 2022). 

Additionally, data protection strengthens the trust of employees and managers when making organizational 

decisions. This trust in data and confidence in information confidentiality led to improved decision-making 

processes and more accurate and timely analyses. Advanced decision-making also contributes to greater data 

transparency, clearer justification of decisions, and reduced uncertainty about AI-generated results. Moreover, 

secure and protected data encourages investors and decision-makers to pursue competitive advantages and 

respond more effectively and quickly to market changes, ultimately improving service quality and overall 

organizational performance (Condé & Münch, 2025). 

Table 12. Decision Scope and Improvement of Organizational Performance 

        paper                      Decision scope 

 

                  Improvement of organizational 

                              performance 

(Jussupow et 

al., 2021) 

-Data-based confirmation -Reduces uncertainty, increases physicians’ final  

confidence in their diagnosis, and their satisfaction 
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(Babu et al., 

2022) 

-Enhancing Data Collection  

-Enhancing data quality  

-Enhancing the data infrastructure  

-AI Efficiency Improvement  

-Improving effectiveness  

(Condé & 

Münch,  

2025) 

-Data protection  -Improving decision-making processes  

-Transparency Enhancement  

-Gain a competitive edge  

 

 

Table 13 shows that the value of information in decision-making is directly related to improved organizational 

performance. According to data analysis, information accuracy is one of the most important factors in 

enhancing the decision-making process. The more accurate, reliable, and trustworthy the information – and 

the more credible the predictions for employees and managers – the higher the quality of decision-making, 

ultimately reducing errors in organizational decisions (Gezdur et al., 2024). As previously noted, sharing 

information and knowledge among colleagues and managers leads to transparency, greater collaboration, and 

the generation of new ideas. These new ideas form the foundation for improving innovation efficiency, 

identifying new opportunities, and transforming traditional business models into advanced digital models. This 

transformation ultimately increases organizational productivity and performance (Barile et al., 2025). 

Table 13. Improvement of Organizational Performance and the Value of Information in Decision-Making 

        paper Improvement of organizational 

Performance 

 

The value of information in 

decision-making 

 

(Gezdur et al.,  

2024) 

-Enhancing decision-making  

 

 

 -Information reliability  

-Improving the accuracy of information  

 

(Barile 

et al, 2025) 

-Upgrading the business model  

-Improving innovation efficiency  

-Information and knowledge sharing/exchange  

 

Discussion and conclusion 

In this study, we aimed to summarise the findings from qualitative studies in a process model. In this model, 

AI and the decision-making process play a dual role: on the one hand, they shape the value of decision 

information and promote management development, and on the other hand, they can effectively overcome the 

challenges driven by AI. We have identified the following categories: value of information in decision-making, 

enhancement of skills and capabilities, decision scope, Challenges Driven by AI, and improvement of 

organizational performance. With the meta-synthesis, we aim to enrich the literature on AI and decision-

making by highlighting the particular and extensive contextual knowledge gained through qualitative studies. 
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The following section discusses the theoretical insights, future research directions, study limitations, and 

practical implications. 

Theoretical Contributions 

The results of the meta-synthesis of this research show a new interpretation of the original studies on the 

relationship between AI and decision-making, and several important factors were identified. Based on 

knowledge management theory, implementing AI leads to accuracy, efficiency, and effectiveness in decision-

making through the qualitative characteristics of information. However, meta-synthesis has identified several 

additional factors to improve the decision-making process. For example, AI influences the decision-making 

process by increasing the capabilities and abilities of managers and employees, the scope of decision-making, 

and organizational performance. However, previous studies have only used a unidimensional approach to 

explain the relationship between AI and the decision-making process. In this study, additional factors suggest 

that the relationship between AI and the decision-making process is multidimensional and not unidimensional. 

Moreover, most of the papers examined in this study adopted a qualitative interview approach to address the 

qualitative characteristics of information in the decision-making process (e.g., AI efficiency improvement 

(Booyse & Scheepers, 2024; Tuncalp, 2025), transparency enhancement (Condé & Münch, 2025; Nouis et al., 

2025), employees' training (Tuncalp, 2025; Jussupow et al., 2021; Barile et al., 2025),  and job security risks 

(Booyse & Scheepers, 2024; D’Allura et al., 2025; Babu et al., 2024). Accordingly, the findings on managerial 

capabilities, decision scope, and organizational performance improvement confirm that organizational 

performance and efficiency are critical elements in explaining the relationship between AI and decision-

making.  

Our findings indicate that, in addition to self-monitoring by managers and decision-makers in 

organizations, another factor that can affect decision-making outcomes is the monitoring of technology system 

performance by decision-makers. These distinctions between self-monitoring and system monitoring can be 

influenced by the decision-maker and lead to better decision-making (Jussupow et al., 2021). These decisions 

by managers can be influenced by AI-based systems, causing human decision makers to lose much of their 

power and control without even noticing it. Specifically, this leads to the indirect replacement of human 

decisions by AI-based systems, which play a vital role in organizations. Therefore, human decision makers 
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must explicitly consider cognitive factors such as self-monitoring and system-monitoring, Biases (actual 

completeness of the data (Yang et al., 2024), and heuristics (which lead to over-reliance on AI or overlooking 

AI), the ability to detect errors and critically assess data without relying on their intuitive judgment when 

making decisions with AI-based systems (Jussupow et al., 2021). For example, during the COVID-19 

pandemic, AI played a significant role in responding to patients and processing medical information (Condé 

& Münch, 2025). In other words, as new data and updates become available to AI systems, these systems will 

be able to adapt to new and critical situations (Condé & Münch, 2025). However, one of the key ways 

organizations can address the challenges of AI is to establish legal and regulatory frameworks. These 

frameworks require organizations to effectively manage challenges such as bias, transparency, and 

accountability. By establishing these guidelines, organizations can specify who is responsible for AI decision-

making, how transparency in decision-making is maintained, and how biases should be identified and mitigated 

(Nouis et al., 2025). 

One key feature of AI in decision-making is impartiality or neutrality, which  refers to the absence of 

human sensitivities in AI-driven decision-making. Unlike humans, AI systems are not influenced by 

departmental biases or interpersonal dynamics. However, because AI algorithms are trained on biased data, 

their results may not always be impartial or unbiased (Condé & Münch, 2025). Other studies in social 

psychology have shown that AI can play an important role in reducing human biases. However, AI cannot 

replace humans in soft skills such as social understanding; instead, complementary interactions between 

humans and AI are necessary to establish an augmented decision-making process (Roumbanis, 2025). To 

achieve effective collaboration between humans and AI and to pave the way for new forms of ‘hybrid 

intelligences’, algorithms should first perform the necessary screening. In the second stage, human judgment 

can then make the required evaluations. Incorporating human judgment at this stage can help reduce 

discrimination and bias (Roumbanis, 2025). If these future hybrid intelligences are developed through mutual 

augmented human-AI learning processes, they could significantly impact meta-algorithmic discretionary 

judgments in the years to come (Roumbanis, 2025). 

Integrating AI into organizations has become an inevitable necessity, requiring substantial educational 

effort by managers for the successful implementation of AI systems. These efforts and training prepare 
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managers and decision-makers to integrate AI into organizations and increase their awareness of its capabilities 

and limitations (Daly et al., 2025). However, the absence of such training programs can result in organizations 

not accepting AI and falling behind their competitors (Condé & Münch, 2025). One of the most important 

challenges employees face in adopting AI in organizations is the risk of being replaced by AI, leading to higher 

unemployment rates. Organizations and governments need to reduce the impact of technology on job security 

and employment levels by upskilling and diversifying employee skills (Babu et al., 2024).  

To address challenges such as (cost of establishment, lack of explainability, legislation, negative 

perception, data availability, and data), organizations should support not only tangible resources but also 

intangible resources, such as employee skills, organizational culture, knowledge, and change management 

ability, when developing the dimensions of AI capabilities. Additionally, to address the challenges of 

technological complexity, organizations should focus on developing talent resources, as having the best 

resources and infrastructure requires skilled people to implement successful projects (Babu et al., 2024). In 

addition, the lack of transparency of AI-based systems makes it difficult to determine whether decision makers 

are using appropriate explanations. Therefore, to reduce decision-making errors, human decision makers can 

use explainable AI to understand the reasons behind AI explanations. To benefit from new insights gained by 

analyzing system patterns, decision makers should actively review and evaluate AI explanations (Babu et al., 

2024).  

Equally important for research is that the benefits of AI, such as AI can add value through co-creation, 

are significant; it is also important to examine its negative implications and co-destruction. Co-destruction in 

aspects that range from job loss to privacy concerns, machine ethics, security issues, and negative 

developments of superintelligence. Negative implications such as AI-related fear, deskilling, and 

unemployment have raised concerns for organizations, requiring them to establish the necessary procedures 

and mechanisms. These processes must be aligned with the business goals and broader objectives of 

organizations to effectively develop and integrate AI applications (Papagiannidis et al., 2023). Therefore, 

organizations need to effectively govern AI because AI governance bridges the gap between accountability 

and ethics in technological advancements and ensures that AI aligns with business goals (Papagiannidis et al., 

2023). 
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Practical Implications 

As can be seen from the meta-synthesis model, the relationship between AI and decision-making is 

multidimensional and cannot be explained from only one aspect. In other words, as the results show, AI-based 

decision-making can be categorized into different groups, including the value of information in decision-

making, the enhancement of skills and capabilities, the decision scope, Challenges Driven by AI, and the 

improvement of organizational performance. This framework can help managers select and implement a more 

appropriate form of the various factors of AI to improve decision-making in their organization. 

The findings of this study have several practical implications. AI algorithms can provide managers in 

organizations with solutions based on data relevant to a specific issue or task. These algorithms are not a magic 

solution but serve as an augmentation and reinforcement tool to achieve greater accuracy and speed in decision-

making (Booyse & Scheepers, 2024; Jussupow et al., 2021). Therefore, one important key factor that managers 

should consider when implementing AI is whether there is a willing need among employees and sufficient 

support from top-level management. Additionally, Managers also need to be aware that implementing AI is 

considered expensive because it requires human resources, which increases costs (Booyse & Scheepers, 2024). 

The deployment and use of AI in organizations must be accompanied by a careful cost-effectiveness 

assessment to determine whether these systems provide operational benefits and added value (Nouis et al., 

2025). 

 Moreover, by understanding the role of emotions and ambivalence in decision-making, managers can 

learn from the complex processes involved in innovation and automation within organizations. In other words, 

by understanding this perspective and these roles, managers can make decisions that benefit both the 

organizational well-being and economic goals (D’Allura et al., 2025). In addition, as mentioned, the successful 

implementation of AI requires managers to have access to large amounts of data. Therefore, organizations with 

a data-driven policy and culture will achieve greater success than their competitors (Ransbotham et al., 2020). 

For successful AI adoption, managers must be aware of organizational laws and regulations and follow quality 

control procedures (Yang et al., 2024), as a lack of awareness of the legal and regulatory environment and 

unsupervised managers can lead to negative and ethical consequences for employees, including unemployment 

and loss of control (Booyse & Scheepers, 2024). The findings by Yang et al. (2024) indicate that the 
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comprehensiveness of policies and the diversity of linking agents are important measures of innovation 

management. In this regard, regulatory bodies help align AI with ethical standards by developing guidelines 

that reduce inequalities and injustices among vulnerable groups (Nouis et al., 2025).    

 Another important consequence of the barriers organizations face in adopting AI is resource 

constraints (Yang et al., 2024), digital literacy gaps (De Massis et al., 2015; Tuncalp, 2025), and resistance to 

change. Leaders must adopt strategic approaches, including investing in training, seeking external expertise, 

and fostering a culture of innovation. Importantly, it is essential that human decision makers become aware of 

the different steps of decision-making, as this helps them identify errors and benefit from AI-based systems. 

In other words, unawareness of the decision-making steps can lead to failing to recognize the benefits of AI 

advice. Therefore, raising awareness of decision-making processes can lead to reaping more benefits in AI-

based systems (Jussupow et al., 2021).  

Furthermore, many scholars have emphasized the need for “ethical AI” (Booyse & Scheepers, 2024; 

Tuncalp, 2025; Barile et al., 2025), “responsible innovation,” and “AI alignment,” which require stricter rules 

and regulations. However, despite new laws, there is no guarantee that AI will be used with care and caution 

(Roumbanis, 2025). Finally, AI developers should use explainability tools to make AI decisions transparent, 

as these tools foster a greater sense of accountability among employees and help them feel safer when using 

AI in the decision-making process. This approach leads to a better understanding of the technology, establishes 

public trust among employees, and makes it easier to monitor AI. By doing this, instead of causing 

unemployment and job losses, employees can be transferred to areas where AI is not involved. What is more, 

by creating appropriate infrastructure for the use of AI systems, inequality can be reduced and promote social 

empowerment, allowing individuals in society to benefit from these advancements (Papagiannidis et al., 2023). 

Study Limitations 

This research project has certain limitations. First, we used a limited number of articles in this study, which 

may limit the generalizability of the results.  Extending the dataset to a broader range of articles will help future 

research. Second, we attempted to ensure the completeness and relevance of the study by searching electronic 

databases. However, our focus on journal articles may overlook valuable findings from other sources. In other 

words, a broader range of literature could improve the robustness of the conceptual framework. 
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Furthermore, we employed a systematic, explicit, and transparent search process to ensure the accuracy 

of article selection and evaluation based on relatively objective criteria. We followed the criteria proposed by 

Sandelowski and Barroso (2007) for evaluating the qualitative data to determine whether the article was 

relevant to the synthesis. Furthermore, both researchers evaluated each article to validate the conceptual model. 

Although we applied transparent search processes in this paper, conducting qualitative studies remains a 

challenging endeavor. Therefore, researchers should consider these limitations in their studies as they will 

make an essential contribution to the development of future research efforts. 

Future Research Directions 

We coded the data extracted from the qualitative articles and then examined the role of AI in improving 

decision-making outcomes, optimizing resource allocation, and facilitating strategic planning. Otting and 

Maier (2018) argue that factors such as job satisfaction, emotional intelligence, and employee trust in the work 

environment can enhance employee performance, improve employee-organization relationships, and improve 

management ability. These elements also help reduce management errors and motivate employees to utilize 

AI to solve problems and capitalize on various opportunities. However, efficient distant collaboration between 

managers and staff through AI tools is a crucial component that has not been adequately addressed in this 

research. Furthermore, by comparing the perspectives presented in the theoretical literature with the reality of 

the workplace, researchers can gain a deeper understanding of how AI influences the decision-making process.
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CHAPTER III 

 

Exploring the form of Human and AI соllabоratiоn in an organization 

Abstract. Technological advances have expanded the collaboration between humans and artificial intelligence 

(AI) in the workplace, driven by the use of large data sets that enable more accurate analysis and predictions. 

In this study, we categorize four forms of human-AI collaboration: (1) conjoined agency with legacy mode, 

(2) conjoined agency with compliance mode, (3) conjoined agency with augmentation mode, and (4) conjoined 

agency with autonomous mode. We have developed a human-AI framework in which we discuss the most 

important characteristics. We then explain each one of the conjoined agency modes by reviewing the literature. 

In doing so, we discuss in detail the different ways in which organizations can select depending on the type(s) 

of conjoined agency they use in their organizational decision-making. 

Keywords: Decision Delegation, AI Delegation, Conjoined agency, Human-AI Collaboration Matrix 

 

Introduction 

Advances in technology have expanded collaboration between humans and artificial intelligence (AI) in the 

workplace, driven by the use of extensive datasets that enable more accurate analysis and forecasting. This 

integration reduces risks, enhances efficiency, and offers more effective decision-making (Candrian & Scherer, 

2022). Based on Husairi and Rossi's (2024) perspective,” AI refers to programs, algorithms, systems, and 

machines that imitate human intelligence in tasks such as learning, planning, and problem solving through 

higher-level, autonomous knowledge creation.” (Ahmad Husairi & Rossi, 2024). In today's world, as we move 

towards a remarkable transformation in digitalization and robotics, the implementation of AI and its various 

aspects, including machine learning, deep learning, neural networks, natural language processing, and rule-

based expert systems, can have a significant impact on the economic, social, cultural, and financial sectors 

(Brynjolfsson & McAfee, 2014). Despite this broad spectrum, we have aimed to describe the relationship 

between humans and AI at a general level, without distinguishing between different classifications of AI. 

Studies such as Crowston and Bolici (2019) have specifically addressed the relationship between humans and 

AI by focusing on machine learning with an emphasis on human jobs and discussing three different types of 
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automated tasks, including decision support, blended decision-making, and complete automation. In contrast, 

our study focuses on a broader analysis of the relationship between humans and AI in different modes. Our 

goal in this study is not to analyze the relationship between each classification of AI and humans. Therefore, 

we developed a matrix to examine the overall relationship between humans and AI. 

Existing studies reveal contrasting attitudes towards the collaboration of AI and human agents in 

decision-making processes and their execution. On the one hand, it has been traditionally held that humans are 

responsible for controlling and supervising AI. However, some technologies have achieved a level of autonomy 

in decision-making that has significantly reduced the need for human intervention (Murray et al, 2021; 

ServiceNow, 2020). In other words, these technologies may limit, complement, or completely replace human 

performance, genuinely possessing capabilities surpassing human intelligence in business and investment do- 

mains (Schrage, 2017). Conversely, an opposing viewpoint asserts that recent advancements in AI have 

outperformed human intelligence in terms of productivity, efficiency, and safety (Kaasinen et al., 2015). 

However, in fields such as medicine, human experience, and knowledge management, particularly with access 

to sensitive data that AI cannot comprehend, this often results in higher predictive accuracy (Hemmer et al., 

2023). From a human-centric perspective, employees consider satisfying work experience and job satisfaction 

significantly more valuable [9, 10]. While previous studies have explored contrasting viewpoints, collaboration 

between humans and AI can significantly improve decision-making performance. AI is capable of processing 

large, time-consuming datasets, contributing to increased job satisfaction among employees (Pink, 2011). On 

the other hand, managers, endowed with extensive experience (Fügener et al., 2021) and capable of actively 

rethinking decisions, can achieve greater decision-making accuracy, reduce biases (Lu & Zhang, 2024), and 

enhance employee motivation and career prospects (Pink, 2011). The collaboration between humans and AI 

results in improved operational efficiency and economic performance compared to what either AI systems or 

humans could achieve alone (Fügener et al., 2021). 

Previous studies have documented both acceptance and resistance among human decision-makers 

when integrating AI into their processes (Kleinmuntz, 1990; Dawes, 1979). However, further research has 

challenged this perspective by focusing on individuals’ responses to algorithmic errors (Dietvorst et al., 2014). 

Although the exploration of collaboration between humans and AI, as well as the factors influencing 
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individuals’ trust in delegating tasks to AI, remains limited, a few studies have addressed the motivations for 

delegating decision-making to AI. For example, a recent study (Hemmer et al., 2023) explores how task 

delegation to AI could enhance job satisfaction and self-efficacy. The authors investigate how algorithms 

delegate tasks to humans based on the evaluation of their skills and expertise. Furthermore, they examine the 

impact of this task delegation, highlighting a reduction in repetitive and tedious work, increased job satisfaction 

among employees, and enhanced long-term organizational success (Hemmer et al., 2023). 

Factors contributing to humans' distrust in delegating decision-making to other humans (human agents) 

or algorithms (AI agents) have not been fully explored. For instance, studies have shown that even when 

accepting lower expected outcomes, individuals display less inclination to delegate decision-making to another 

person (Dominguez-Martinez et al., 2014). Additionally, other studies have shown that managers often exhibit 

a reluctance to delegate tasks to humans for several reasons, such as risk aversion (Di Vaio et al., 2022) or to 

AI systems, since managers perceive inadequacies in AI expertise and knowledge (Soni et al., 2020). 

This paper aims to shed some light on the forms of collaboration between AI and Humans in decision-

making. Starting from the conceptual framework of the conjoined agency proposed by Murray et al. (Murray, 

Rhyme, & Sirmon, 2021), we develop a similar framework focused on Human-AI collaboration. Based on the 

literature review, we identify four different collaboration modes based on who, between AI and Humans, 

makes the decision or executes the decided action. The matrix developed in this study can serve as a basis for 

academics to uncover deeper and more complex relationships between technology and humans, as the 

relationship between AI and humans becomes increasingly important. Furthermore, this matrix can provide 

the basis for technology experts to consider human characteristics when modeling and programming AI by 

being aware of the different dimensions of technology. 

In the following sections, we will examine some theoretical studies used to initiate the framework 

describing the four scenarios. The third section provides a detailed description of each collaboration mode. 

Ultimately, the discussion and conclusion close this manuscript. 

Research Protocol Theoretical Background 

In recent years, companies and organizations have used AI to create efficient and trustworthy workplaces, 
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helping employees prioritize the selection between human or automated management agents (Höddinghaus et 

al., 2021). In this regard, based on Murray’s study (Murray, Rhyme, & Sirmon, 2021), collaboration between 

humans and technology is categorized into four types of conjoined agency. Each type is based on a different 

combination of technology-human collaboration, considering who is involved in the “protocol development” 

and the “action selection”. Moreover, each combination requires a specific set of technological functionalities. 

In this context, a conjoined agency refers to the shared capacity and capability of humans and non-humans 

(technology) to perform tasks more effectively to achieve specific organizational goals. In other words, the 

collaboration between humans and technology involves the ability to perform tasks with a specific intent, 

meaning that each has a role with defined purposes and goals in decision-making. 

Table 1. The human-AI collaboration Matrix. 

Decision-making 

 Human AI 

Legacy mode Compliance mode 

D
ec

isio
n

 E
x
ecu

tio
n

 

H
u

m
a
n

 

-Delegation of tasks to human agents for higher 

performance accuracy. 

-Algorithm aversion and trust in human actors. 

-Experience, flexibility, and Deep human 

thinking in handling cases with low frequency. 
-Desire for control and resistance to new 
technologies. 

-Participative decision-making. 

-Impact on Job Satisfaction and Self-Efficacy. 

-Decision-making by AI based on predefined data and 

rules. 

-Collaboration between humans and AI reduces 

tedious tasks and improves overall performance. 

 Augmentation mode Autonomous mode 
A

I 

- The role of AI in decision execution and 

workload reduction. 

- The use of AI for delegation and recognition 

based on partners' suitability and uncertainty. 

- Meta-Knowledge's Impact on Delegation 

Decisions. 

- Inversion can drive for better performance. 

-AI's unbiased, less self-interested, and less 

intentional nature. 

-AI perceives less intentional capacity and fewer 

perceived social risks. 

-Development of computational autonomy. 

- AI learns from large amounts of training instead of 

relying on defined rules. 

 

Building on the conjoined agency framework proposed by Murray et al. (Murray, Rhyme, & Sirmon, 

2021), we develop a conceptual model that focuses specifically on collaboration between AI and humans. We 

distinguish between decision-making processes and execution processes. After developing the initial 

framework, we reviewed the literature and selected studies that describe and analyze cases of each of the 
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mentioned forms of collaboration between AI and humans. The framework was refined several times based on 

the analyzed literature, leading to the final version shown in Table 1. 

Our framework identifies four modes of collaboration between AI and humans, depending on who is 

responsible for decision-making and who executes the actions. In legacy mode, organizations rely less on AI, 

with managers using their expertise and experience to make decisions and execute tasks. In contrast, in 

compliance mode, organizations rely heavily on AI to ensure accountability in decision-making. Augmentation 

mode is characterized by companies gradually anticipating operational changes, with AI increasingly taking 

the lead in executing tasks. Finally, autonomous mode requires ubiquitous connectivity, unlimited computing 

power, and big data, allowing AI to dominate both decision-making and execution, providing a competitive 

advantage. 

The following section provides further details about each form of human-AI collab- oration supported 

by the selected literature. 

The four Human-AI collaboration Modes 

The collaboration between humans and AI substantially influences organizational processes. This complex 

collaboration requires specialized human expertise on the one hand and specific AI capabilities for data 

analysis on the other. The collaboration between humans and machine agents in the decision-making and 

executive processes creates a shared capacity called conjoined agency (Murray, Rhyme, & Sirmon, 2021). This 

study discusses four modes of conjoined agencies. The first mode assesses the human aspect, where managers 

are responsible for making decisions and executing the decided actions. In this scenario, managers are 

responsible for making and implementing decisions using their knowledge and expertise. In the second mode, 

managers are accountable for making organizational decisions, while AI is responsible for executing the 

actions. According to the third mode, AI is accountable for making final decisions. On the other hand, managers 

are responsible for executing the actions. In the fourth mode, AI is responsible for making decisions and 

executing the corresponding actions. 

Legacy mode 

Economic theory posits that the concept of risk aversion motivates investors to seek out the highest expected 
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payoffs because of inherent risk. However, capital investors avoid doing so when they face unintentional 

outcomes stemming from the actions of third parties. Betrayal aversion will thus make people less willing to 

take risks when decision-making is delegated to the agent (Bohnet et al., 2008). In fact, human intention and 

betrayal aversion are crucial factors in the growing concern and avoidance of social risk. This social risk results 

in betrayal and untrustworthy conduct as a result of individuals’ negative motivations and intentions (Butler & 

Miller, 2018). In this regard, social preferences, as a component of individual tendencies and attitudes, involve 

considering the benefits and advantages of others in decision-making processes (Bohnet et al., 2008). When 

making the decisions to delegate, it is important to consider all aspects related to cost-benefit analysis. 

However, the decision-making process is often suboptimal because this is not always the case (Bobadilla-

Suarez et al., 2017). Studies indicate that individuals are less likely to entrust decision-making to another 

person, even if it means accepting lower expected payoffs (Dominguez-Martinez et al., 2014). There are 

multiple factors contributing to this behavior. Firstly, individuals are intentionally willing to incur significant 

financial expenses to retain authority over decision-making, a phenomenon referred to as premium control. 

This willingness affects not only individual choices but also the way economic and managerial behaviors are 

interpreted and analyzed (Owens et al., 2014). Consequently, people's desire for control appears to stem 

primarily from loss aversion, fear of others making mistakes and losing something, as well as irrational fear 

resulting from biased and false intentions (Dominguez-Martinez et al., 2014). These factors outweigh 

overconfidence and subjective beliefs (Owens et al., 2014). Many studies have explored humans' propensity 

to control decision-making from a psychological perspective (Benjamin et al., 2012), but the economic 

implications of this tendency have not received as much attention. Uncontrollable social risk is created by the 

desire to maintain control over decision-making even in the face of unknown or ambiguous situations 

(ambiguity aversion). This can be attributed to a variety of reasons, including the agent’s inferior knowledge, 

inconsistent organizational priorities and objectives, conflict between personal interests and investor interests 

(self-interest) (Bobadilla-Suarez et al., 2017), and the human capacity for intentional action (Butler & Miller, 

2018). Many investors engage in the micromanagement of their subordinates due to their inherent desire for 

self-reliance in decision-making, which prevents the development of employees and demotivates them, despite 

their high levels of expertise and skills (Owens et al., 2014). 
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The theory proposed by (Kőszegi & Rabin, 2006) posits that employees' irrational behavior and 

tendency to be loss-averse can result in managers losing control, even if such decisions lead to lower payoffs. 

The purpose of this is to exert managerial control and mitigate the risk of unforeseen losses or irrational conduct 

by employees. Social risk is another factor that discourages managers from handing over control. According 

to Butler & Miller (2018) Social risk does not arise from human actions but rather depends on the intentional 

ability of the counterparty. In other words, there will be an increased social risk premium when control is not 

delegated to an agent whose interest conflicts with the principal (Butler & Miller, 2018). Studies show that 

objectivity, being in control, and subjectivity, feeling in control, are two separate issues; this means that the 

desire to assign decision-making authority to others grows even though there is still a sense of control 

(Friedland et al., 1992). In other words, the subjective perception of control holds greater significance than the 

objective reality of decision-making authority. This sense of control diminishes uncertainty by relying on the 

decision-maker's past performance as well as intentions and motivations (Spreitzer & Mishra, 1999). The third 

factor contributing to the unwillingness to delegate decisions, which can result in reduced efficiency or 

negative consequences for the organization, is the inherent utility of authority (Bartling et al., 2013). Put 

differently, the authority and ability to make decisions create a sense of contentment and self-value in 

individuals (Benz et al., 2005). Power is one of the fundamental human needs, according to the motivation 

theory (McClelland, 2006). Additionally, the self-determination theory states that autonomy and freedom in 

decision-making promote psychological development, integrity, and well-being (Deci, 1985). 

Research in the fields of psychology and organizational economics suggests that managers’ strict 

control tendencies may cause behavioral biases among employees and decrease their willingness to cooperate 

(Dominguez-Martinez et al., 2014; Falk & Kosfeld, 2006). In this regard, apart from managers’ desire for 

control despite its hidden expenses, centralization is another factor that diminishes employee motivation and 

undermines organizational efficiency (Dominguez-Martinez et al., 2014). Nonetheless, strategic ignorance—

also referred to as real authority—is a fundamental component of assigning decision-making authority to 

subordinates. In other words, when managers in an organization possess excessive information and make 

decisions unilaterally, the employees will be less motivated to engage in the decision-making process (Aghion 

& Tirole, 1997). However, delegating tasks to employees results in job satisfaction and reveals the natural 
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value of that job, which leads to a sense of accomplishment and responsibility, dedication to the organization's 

objectives, and ultimately, long-term organizational success (Hemmer et al., 2023). In this regard, Candrian & 

Scherer (2022) showed that users tend to delegate to AI agents when they face losses. In other words, managers 

employ AI to enhance security measures and achieve cost-efficiency. Operational transparency is another 

strategy that enhances the delegation of decision-making authority to human agents. Put differently, rather than 

prioritizing the explainability of AI, it is crucial to provide clear explanations for the actions and decisions 

made by human agents. This decision-making transparency can reduce social risk, uncertainty, and potentially 

malignant intentions (Candrian & Scherer, 2022). 

AI exhibits higher levels of accuracy and efficiency as a result of its ability to leverage vast quantities 

of data. Nevertheless, it faces difficulties in areas characterized by random and uncertain scenarios (Guo & 

Wang, 2015). By contrast, managers possess side information and exhibit greater adaptability in challenging 

and unfamiliar situations, depending on their personal experiences and tacit knowledge. They excel at 

identifying uncommon or low-frequency cases and demonstrate superior performance with greater precision. 

Accordingly, they will generate novel ideas and enhance organizational growth (Hemmer et al., 2022; Lou & 

Wu, 2021). Therefore, humans’ hesitance to utilize AI algorithms and predictions in decision-making stems 

from the superior adaptability and advancement of human progress in contrast to algorithms (Einhorn & 

Hogarth, 1975), as well as their lower tolerance for algorithmic errors (Dietvorst et al., 2014). In this regard, 

studies show that the collaboration between humans and AI has two main benefits. Firstly, it provides managers 

with access to internal data, which enhances their decision-making abilities (Kaplan & Haenlein, 2020; Sun et 

al., 2019). Secondly, AI contributes to the generation of diverse innovative ideas (Zhang et al., 2023). 

Conversely, the poor transparency of information caused by the intricacies of machine learning algorithms and 

the inadequate knowledge and expertise of employees due to insufficient training or the rapid advancement of 

technology reduces the trust in AI-made predictions (Lu & Zhang, 2024). Therefore, the challenges of 

cooperation between humans and AI that result in reduced performance and efficiency include human distrust 

of machines (Jacovi et al., 2021), over-reliance on machines (Fügener et al., 2021), over-cautiousness (Lu & 

Zhang, 2025), and hyper-focus on details (Wang et al., 2023). With the rapid development of technology, it 

has become essential for organizations to provide ongoing training and improve training procedures, even for 
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experienced employees and managers. Therefore, managers need data literacy training programs and decision-

making improvement loops to increase organizational productivity and efficiency (Hvalshagen et al., 2023). 

Compliance mode 

Modern organizations need to delegate tasks to subordinate decision-makers who have higher expertise and 

external commitment to the tasks to achieve higher efficiency (Sengul et al., 2012). Unlike delegating tasks, 

which involve transferring decision-making authorities to another person (Lupia, 2015), participatory decision-

making involves the active involvement of two groups. Based on the agency theory, the principal delegates the 

responsibility of decision-making to a trusted individual known as the agent (Lupia, 2015). When delegating 

tasks to subordinates, two important factors should be taken into account. Firstly, the person should possess 

the necessary skills, knowledge, ability, competence, and high efficiency (Sengul et al., 2012). Secondly, there 

should be no conflict of interests or goals that would hinder progress in the same direction (Lupia, 2015). It is 

also noteworthy that managers' motivations in decision-making differ from those of shareholders and owners 

when they are given delegated authority. This is because managers are more committed to their decisions due 

to their access to more information and specific skills. As a result, they can engage in more effective 

interactions with competitors and enhance the overall performance of the organization (Sengul et al., 2012). 

Managers refrain from delegating tasks to AI for various reasons, as indicated by research on 

organizational behavior. These reasons include the manager's aversion to taking risks (Di Vaio et al., 2022), 

inadequate understanding and familiarity with systems from a managerial standpoint (Hemmer et al., 2023), 

and distrust in AI designers' ability to handle additional responsibilities (Leana, 1986). Consequently, this leads 

to both intrinsic and extrinsic job dissatisfaction among employees (Hemmer et al., 2023). Self-efficacy is a 

crucial factor in understanding and explaining the impact of delegating tasks to AI on performance and job 

satisfaction. Self-efficacy, defined as the belief in one's ability to effectively accomplish a task, is a crucial 

factor in empowering and motivating employees (Bandura, 1977). Although a few studies have reported the 

positive effects of delegation on self-efficacy, its role in improving organizational performance has been 

proven (Lunenburg, 2011). In this regard, the employees' awareness of the fact that tasks are delegated by AI 

does not affect their job performance and satisfaction. In other words, awareness of delegation neither increases 

nor decreases the performance of human tasks (Hemmer et al., 2023). 
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Previous studies have not addressed the ability of humans and AI in situations where tasks are 

delegated to AI (Fügener et al., 2021; Bondi et al., 2022). (Hemmer et al., 2023) posits that the collaboration 

between AI and humans will result in enhanced team performance. AI will analyze and recognize human skills 

and expertise, and then offer them suitable opportunities, resulting in enhanced human task performance. 

Conversely, this collaboration reduces the repetitive and tedious tasks performed by humans. Although the 

delegation of tasks by AI enhances employee performance, humans often struggle to effectively delegate tasks 

due to their limited ability to recognize and comprehend complex tasks. Nonetheless, despite humans' poorer 

delegating performance, they are still willing to work with AI (Fügener et al., 2021). Due to the inability of 

humans to evaluate complex tasks and their incomplete understanding of AI's capabilities, humans entrust 

decisions to AI, which leads to false self-confidence and arbitrary and illogical decision-making (Fügener et 

al., 2021). 

Because of technological advancements and the abundance of data, these systems have become more 

accurate, less explainable (Zhu et al., 2021; Huang et al., 2021), and capable of faster analysis and processing 

(Lu & Zhang, 2024). Since users typically prioritize accuracy over transparency, managers should focus on 

enhancing the efficiency and accuracy of AI systems while reducing the emphasis on procedural transparency. 

In fact, complex explanations regarding the internal functioning of systems are of little importance (Candrian 

& Scherer, 2022). Collaboration between humans and augmenting technology takes place when the technology 

analyzes vast quantities of data and subsequently offers humans the anticipated recommendations and 

suggestions to address the problem. In other words, humans are the ones who ultimately make decisions based 

on their expectations (Jordan & Mitchell, 2015). Machine learning algorithms have recently been employed in 

courts to forecast and furnish judges with information regarding various aspects of cases, such as the length of 

the sentence and the conditions of care for the defendants. Nevertheless, these predictions fail to account for 

all the details associated with the crime, rendering them unhelpful for judges who should not indiscriminately 

rely on these technologies without considering each case individually (Berk, 2019; Berk & Bleich, 1992). 

Other technologies, such as arresting technology, cannot establish their guidelines, norms, or protocols. 

However, it can choose actions automatically under specific conditions or based on predefined conditions 

without the need for human intervention, in contrast to other technologies. In other words, humans cannot 
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change protocols and rules due to the limitations of this technology (Murray, Rhyme, & Sirmon, 2021). For 

example, blockchain-based smart contracts autonomously carry out actions upon fulfillment of predetermined 

conditions, resulting in higher levels of security, transparency, and changeability (Murray et al., 2019). 

Augmentation mode 

In recent years, AI models have outperformed human intelligence in some areas. For example, algorithmic 

management is a prominent characteristic of the platform economy, wherein it assumes the responsibility of 

transferring management tasks (Benlian et al., 2022). This concept involves the utilization of intelligent 

algorithms to play the role of both managers and employees, as opposed to traditional management methods 

(Zuboff, 1985). An important application of algorithmic management systems is in the gig economy; for 

example, online platforms such as Uber delegate tasks to these systems to make decisions in place of traditional 

managers (Benlian et al., 2022). Previous studies have examined algorithmic management from two 

contrasting perspectives. Algorithmic management methods have been highlighted for their ability to enhance 

decision-making accuracy, improve efficiency, and facilitate the scalability of business activities (Kellogg et 

al., 2020). In other words, delegating tasks to AI can lead to job satisfaction and self-efficacy, which is 

consistent with the findings of Hemmer et al. (2023). However, these systems present challenges such as 

distrust, dissatisfaction stemming from the absence of human interaction and automated decision- making, lack 

of transparency, and ongoing monitoring (Henfridsson, 2019). Nevertheless, predictive accuracy in high-risk 

fields like medicine is enhanced by human knowledge and experience, which is influenced by factors such as 

access to information and the patient's family history (Hemmer et al., 2023). AI models may have limited 

capacity to process and analyze data. Moreover, insufficient access to training data and exposure to outliers or 

unknown data can reduce decision-making accuracy and performance (Hemmer et al., 2023). From a 

humanistic perspective, AI technologies prioritize efficiency, effectiveness, and safety over spiritual aspects 

such as pleasure and a sense of usefulness (Kaasinen et al., 2015). On the other hand, enjoyable and spiritual 

work experience for people with higher values is not a way to avoid unpleasant work (Hassenzahl et al., 2013). 

Complementary knowledge is a fundamental requirement for successful human-AI collaboration. A 

combination of humans and AI can outperform either of them alone in terms of efficiency or economy (Fügener 

et al., 2021). AI is beneficial in two ways. Firstly, it fosters innovation in problem-solving by effectively 
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processing and analyzing vast and monotonous datasets. Secondly, it enhances job satisfaction in the 

workplace. Conversely, working in a dynamic and challenging environment motivates employees and 

increases job opportunities (Pink, 2011). Managers who have a wide range of experiences struggle to clearly 

articulate their decision-making rules, a phenomenon referred to as Polanyi's paradox, can greatly enhance 

organizational efficiency and productivity (Fügener et al., 2021). Managers who have access to abundant and 

detailed information, as well as algorithmic explanations (machine explanations), can actively evaluate 

decisions. This leads to enhancing the overall accuracy of decision-making and mitigating various biases, such 

as gender biases. In other words, these factors are the necessary prerequisites for active rethinking (Lu & 

Zhang, 2024). Managers may find the machine explanations to be inadequate and unhelpful during the 

rethinking process. Therefore, they employ relevant features to communicate with them (Lu & Zhang, 2024). 

As stated earlier, managers with different levels of experience and knowledge analyze the AI 

recommendations. Experienced managers may overlook machine recommendations, but even if they do not 

directly utilize them, these recommendations stimulate a process of rethinking that ultimately enhances 

organizational performance (Lu & Zhang, 2024). In these cases, humans and AI must understand and recognize 

each other’s capabilities. For example, after evaluating and recognizing its own ability, AI delegates a task that 

requires human expertise and knowledge (Fügener et al., 2021). Metaknowledge is an essential tool for 

complement identification. This concept entails assessing the abilities and capabilities of each partner (AI or 

human) and recognizing when and how to delegate extremely important tasks. In other words, meta-knowledge 

allows individuals to recognize their abilities and effectively delegate tasks to humans or AI (Yzerbyt et al., 

1998; Evans & J.G.F., 2011). An essential subject in metal knowledge pertains to individuals' capacity to 

effectively assess their knowledge and competencies in the face of intricate and challenging tasks. The lack of 

meta-knowledge can also lead to incorrect decisions about the difficulty of tasks, over- or under-confidence, 

and ineffective strategies (Russo & Schoemaker, 1992). An effective way to address the absence of meta-

knowledge is formal education in schools and universities, which helps individuals identify their strengths and 

weaknesses and also encourages teamwork by acknowledging errors and ensuring logical and procedural 

coherence (Fügener et al., 2021). 

Advisory algorithms are known as decision-support systems (Alter, 1977). These tools provide 
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managers with the necessary information and suggestions for decision-making, which is called augmenting 

human decision-making. Nevertheless, the managers are responsible for the ultimate decision (Önkal et al., 

2009). The utilization of advisory algorithms by investors has increased as a result of their superior decision-

making capabilities (Cardillo & Chiappini, 2024). Advantages of these advisory systems include reduced 

biases, more timely financial forecasts, lower financial consulting costs, and increased productivity (Baker & 

Dellaert, 2017). Advisory algorithms are more accurate than managers in evidence-based prediction. This 

contradicts the decision-making literature known as algorithm aversion, which suggests that people tend to 

distrust algorithms (Dietvorst et al., 2014). Hence, the contrasting notions of human engagement with 

algorithms vary based on the circumstances and nature of the tasks at hand. (Dietvorst et al., 2018) asserts that 

although algorithms perform better and make fewer mistakes than humans, humans are more sensitive to 

algorithmic errors. In other words, the tendency of most individuals to react to algorithmic errors causes a loss 

of trust in algorithms, which is known as algorithm aversion. In contrast, (Logg et al., 2019) demonstrated that 

humans are more willing to utilize the capabilities and predictions of algorithms, a phenomenon referred to as 

algorithm appreciation. 

Autonomous mode 

In this case, these systems can process and analyze huge and varied data without human intervention. 

Moreover, they are constantly discovering and learning more optional methods through data analysis 

techniques and exposure to new data and modifications in the algorithmic framework. These technologies have 

minimized the need for human interventions because they are self-sufficient and independent in making 

decisions and implementing protocols (Murray, Rhyme, & Sirmon, 2021). For instance, unstructured machine 

learning programs, like videos and audio files, autonomously analyze data, establish rules, and subsequently 

execute them (Murray, Rhyme, & Sirmon, 2021). The rapid advancement in computational autonomy 

(Shrestha et al., 2019) and its ability to match or surpass human capabilities (ServiceNow, 2020) have made it 

a key focus in technology for gaining a competitive edge (Schrage, 2017). Some of the unique capabilities of 

these systems include fraud detection, traffic planning (Shrestha et al., 2019), and autonomous driving 

(Dowling et al., 2020). Other technologies, such as agent technologies, select rules and guidelines based on 

their capabilities in the development of protocols. In other words, these technologies restrict, enhance, or 
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supplant human capabilities. The emergence of these technologies has caused a shift in the focus of agency 

from humans to AI and the collaboration between them (Murray, Rhyme, & Sirmon, 2021). The emergence of 

big data and data processing advancements has transformed AI into a superpower system with immense 

capabilities. Nevertheless, these advancements have resulted in a dearth of transparency, particularly in deep 

learning models, and the incomprehensibility of the decision-making procedure (Rai, 2020). The absence of 

transparency poses various problems, such as diminished user trust and substantial expenses associated with 

elucidating the underlying logic of algorithms (Candrian & Scherer, 2022). In a study conducted by Dietvorst 

et al. (2014), participants demonstrated a strong inclination to exclusively depend on their own decisions. 

Therefore, a subject recently analyzed by domain experts is the provision of clear and comprehensible 

explanations generated by machine learning models (Alufaisan et al., 2017). These techniques not only provide 

managers with AI recommendations understandably and reliably but also improve decision-making 

performance (Adadi & Berrada, 2020). In other words, the shortage of explanations provided by these models 

diminishes managers' confidence in them (Siau & Wang, 2018). In this way, providing managers with detailed 

information on AI-made decisions (Lu et al., 2020), using post-hoc explanation methods, and limiting AI's role 

to a mere consultant (Dietvorst et al., 2018) all make these models work better and attract managers' trust 

(Mohseni et al., 2021). However, all aspects of explanations should be evaluated by AI. For example, 

unintuitive and unfamiliar explanations (Schmidt & Biessmann, 2020) or incomplete and biased information 

(Rudin, 2019) reduce managers’ trust and cause the dissemination of false information. 

Recent advancements in AI, particularly in deep neural networks (DNNs), have facilitated innovations 

in areas such as generic perception AI tasks and medicine (Kononenko, 2001; LeCun et al., 2015). The main 

objective of AI is to imitate human decision-making. However, limitations such as the lack of a comprehensive 

description of idiosyncratic decision-making rules and the existence of implicit and unconscious knowledge 

and abilities (known as Polanyi's paradox) restrict the application of AI technologies (Autor, 2014). Instead of 

relying on explicit human rules, DNNs use huge datasets to discover and extract data in order to overcome 

these limitations (Schmidhuber, 2015). According to the construal level theory (Trope & Liberman, 2010), 

humans believe that AI has both general and more realistic (specific) goals. The majority of people believe 

that, unlike humans, AI technologies such as robots or computer programs with predetermined thoughts or 
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goals are incapable of performing intentional actions or voluntary tasks (Candrian & Scherer, 2022). In other 

words, AI agents lack self-driven goals (Kim & Duhachek, 2018), have less intentional capacity (Harbers et 

al., 2017), are less interested and less biased (Cardinaels et al., 2018; Fogg, 2009), and are less likely to perceive 

social risks (Candrian & Scherer, 2022). On the other hand, Gray et al. (2007) argue that humans are able to 

experience emotions such as pride, shame, fear, hunger, and desire, and possess capabilities such as reasoning, 

planning, and self-control. The theory of behavioral economics states that people's decisions are influenced by 

behavioral biases such as preference for certainty, social factors, and emotions that do not function rationally 

(Thaler, 2016). This is in contrast to the standard economic theory, which assumes that people's preferences 

are unchanging and unaffected by social values and emotional states (Dowling et al., 2020). 

Discussion 

Understanding how the relationship between technology and humans affects each other has always been one 

of the controversial topics of the scientific community. For this reason, it is necessary to examine a set of 

human-AI factors in more detail. In this context, we have summarized four forms of these factors in a matrix 

in which the relationship between humans and AI divides the ability for purposeful implementation differ- 

ently. This matrix influences the scope and predictability of change and the interplay between the individual 

factors. There are contradictory findings about human collaboration with assistive technology, including 

cardiac surgery machines (Pisano, 2015), virtual collaboration tools (D’Adderio, 2001), and PowerPoint 

software (Kaplan, 2011). Assistive technologies have beneficial effects on organizational performance; for 

example, they provide previously unavailable information (Leonardi, 2013), prompt changes in consulting 

approaches to foster new collaborations (Leonardi, 2013) and facilitate organizational transformations and 

novel procedures (Desanctis & Scott, 2015). Conversely, the drawbacks of these technologies include the 

failure to adjust to the adopted emerging technologies and a reluctance to embrace them (Leonardi, 2013), as 

well as skepticism regarding the efficacy of utilizing such technologies (Lapointe & Rivard, 2005). Stimulating 

human deep thinking is one of the fundamental elements of promoting the benefits of collaboration between 

humans and AI. In other words, when collaborating with machines, humans can use deep thinking to make 

better decisions and improve their performance (Fügener et al., 2022). Researchers have examined dual-

process theories of reasoning to accomplish these objectives. This theory encompasses two cognitive systems. 
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System 1 rapidly and instinctively processes information to arrive at a prompt decision, whereas System 2 

requires logical reasoning and analysis (Kahneman, 2011). Two basic conditions must be provided to motivate 

individuals to use System 2 processing. The first condition states that tasks requiring critical thinking, problem-

solving, and challenging situations (Amit & Shapiro, 2013) not only improve decision-making accuracy but 

also encourage cooperation and participation in decision-making (Oskamp, 1965). Useful cues are crucial in 

enhancing the decision-making process as part of the second requirement for promoting deep thinking. These 

cues necessitate a more thorough evaluation of decisions, which involves reexamining information and 

decisions, comparing decisions to the previous or traditional decision scheme to identify strengths and 

weaknesses, and coming up with original and creative solutions (Hollnagel, 1987). 

Studies that have discussed the collaboration between humans and AI indicate that two groups of 

people resist the adoption and use of machines (Allen & Chen, 2022). The first group consists of people who 

use and act on AI advice but do not fully trust AI tools and technologies (Tang et al., 2023; Commerford et 

al., 2022). The second group comprises ordinary consumers who reject AI services for various reasons. For 

instance, consumers may refuse to accept services offered by chatbots because of their inadequate knowledge 

of these computer programs. Another reason for this resistance is the lack of empathy and the fact that chatbots 

are unable to fully comprehend and address consumers’ needs and problems (Lou & Wu, 2021). In addition, 

consumers perceive AI robots as a threat to humans due to their superior performance in repetitive, low-skilled, 

and dangerous tasks, leading to the loss of many jobs (Autor & Dorn, 2013; Lu et al., 2017). The negative 

consequences of resistance to AI adoption can be mitigated by improving the knowledge, experience (Tong, 

2021), and flexibility of managers and consumers, and encouraging them to adjust themselves to AI advice 

(Dietvorst et al., 2018; Tong, 2021). Overconfidence in AI has the potential to impair the capabilities of 

managers and impede the development of effective collaboration between managers and AI (Fügener et al., 

2021). Despite the overall distrust in algorithms, algorithmic advising has gained popularity in recent years 

because it is less expensive than hiring human experts (Foltice & Ilcin, 2019). However, measuring algorithm 

appreciation and human decisions is a difficult task. For example, anticipating the outcomes of some 

decisions— such as how climate change and political events will turn out—years or even decades in advance 

is very hard (Logg et al., 2019). The advancement of AI has enabled managers to easily access various data 
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and evaluate the effects of internal and external factors on corporate performance (Richtel, 2013). However, 

organizations would be deprived of the advantages of algorithmic advice if they solely focus on data collection 

and analysis (Logg et al., 2019). 

To enhance their efficiency and organizational performance, organizations and expert managers need 

to delegate authority to AI (Schrage, 2017). AI agents can improve the speed and accuracy of decisions in 

high-risk investments by avoiding behavioral investments—i.e., decisions based on emotions, instinctive 

behaviors, and prejudices—and improving the quality of decisions made during evaluations (Herrmann et al., 

2015). On the other hand, training algorithms with a set of biased data (including prejudices and false 

preconceptions) poses serious challenges to the decision-making process (ServiceNow, 2020). Accordingly, 

overconfidence in AI in the decision-making process raises behavioral biases related to the quality of input 

data, decreases reliance on managers' knowledge and experience (Dowling et al., 2020), and increases the 

likelihood of accepting incorrect preferences and beliefs (Dowling et al., 2020). To avoid any conflict or 

interference, managers need to clearly define the authorities and duties of AI and humans. However, it can be 

very complicated and challenging to distinguish between human and AI authorities when making decisions 

(Schrage, 2017). Furthermore, AI systems continue to analyze data under human supervision using data 

provided by humans. Nevertheless, as technology advances, human supervision is becoming less stringent, 

making it harder for AI to detect biased data. Stated differently, for a successful implementation of AI, 

managers need to supervise and train AI algorithms to avoid various biases (ServiceNow, 2020). 

Conclusion 

The Conjoined Agency Framework aimed to develop a conceptual model that focuses on collaboration between 

AI and humans. We reviewed the literature to identify the individual dimensions of Cojoined Agency. We 

developed a framework that divides decision-making into two parts: the decision process and the decision 

execution. This framework identifies four modes of collaboration between AI and humans, each of which 

describes who is responsible and who executes the actions. In the next section, we provide the theoretical 

findings, practical implications, limitations, and future research directions. 
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Theoretical contributions 

The first theoretical contribution concerns the proposed framework that extends the Conjoined Agency 

proposed by Ahmad Husairi & Rossi (2024), focusing on the decision-making process and considering a 

specific technology, Artificial Intelligence. Our goal is to contribute to the body of knowledge on human-AI 

collaboration by highlighting the wide range of detailed characteristics found in the literature, combining 

different theoretical perspectives, that allow us to better understand various nuances of the collaboration 

between humans and AI in decision-making processes and executions. For example, in economic theory, 

betrayal aversion makes people less willing to take risks when decision- making is delegated to the agent 

(Bohnet et al., 2008). In addition to economic theory, behavioral theory (Kőszegi & Rabin, 2006) states that 

the irrational behavior of employees and their tendency to avoid losses can cause managers to lose control, 

even if such decisions lead to lower profits. Likewise, motivation theory plays a crucial role in understanding 

human motivation in decision-making, where power is one of the basic human needs (McClelland, 2006). 

Again, self-determination theory notes that autonomy and freedom in decision-making promote psychological 

development, integrity, and well-being (Deci, 1985). Furthermore, Construal Agency helps organizations 

better understand the goals of humans and AI in the various forms of conjoined agency. According to this 

theory (Trope & Liberman, 2010), people believe that AI has both general and more realistic (specific) goals. 

The majority of people believe that AI technologies, such as robots or computer programs with predetermined 

thoughts or goals, are incapable of performing intentional actions or voluntary tasks, unlike humans (Candrian 

& Scherer, 2022). With the proposed framework, we seek to provide a holistic overview of the possible 

Human-AI collaboration forms concerning decision-making, providing a first attempt to combine different 

theoretical perspectives. 

Practical implications 

As can be seen from the conceptual framework, the collaboration between AI and decision-making is based on 

two dimensions, namely, the decision-making process and the execution process. In other words, as the results 

show, the collaboration between AI and humans can be categorized into different groups (legacy mode, 

compliance mode, augmentation mode, and autonomous mode). This framework can help managers select and 

implement the most appropriate form of human-AI collaboration to improve decision-making and task 
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execution in their organization. It also provides managers with a better understanding of the different modes 

of human-AI collaboration. 

One of the practical implications could relate to the area of managing business processes in an 

organization. Managers need to map business processes with the appropriate support or actions required for 

each process and identify the most efficient ways for AI and humans to work together. To improve 

collaboration, managers need to understand the role of AI within each business process. Managers could use 

the knowledge of AI to optimize each mode of work by analyzing the different business processes. In the area 

of algorithmic management, for example, platforms such as Uber show how managers can use chatbots to 

respond to customer requests. In this context, managers use the most effective methods of collaboration 

between humans and AI to solve customer problems (Benlian et al., 2022). On the other hand, in the field of 

product design, which requires human expertise and knowledge to create innovative designs, managers can 

optimize product design through human-AI collaboration (Das et al., 2023). 

A second practical contribution is that, from a strategic perspective, managers need to carefully 

consider the opportunities and challenges associated with each mode of AI process. Depending on how 

managers decide which approach to take, this will shape the company's attitude towards the use of AI and 

emphasize the importance of investing in specific AI solutions according to one of the specific forms of human-

AI collaboration. Managers who have doubts about adopting AI can focus on the training or augmentation 

mode and gradually use AI solutions in their operations in an automated or compliance mode to build long-

term prospects. In industries such as self-driving cars, the transition from legacy to an automated mode depends 

on technological advances. Managers need to assess whether their approach is conservative or innovative. 

Another crucial point in the field of AI that needs to be carefully considered for appropriate investment 

decisions is the analysis of market needs. In this context, investment decisions should not only be based on 

personal or corporate experience but rather on the needs of the market, the decisions of competitors, and the 

expectations of customers. In other words, the selection of suitable modes should be based on a market analysis 

and the objectives of the stakeholders. 

Limitations and Future Research Directions 

The limitations we encounter in this study, by focusing exclusively on papers published in journals, are the 
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possibility that valuable insights from other sources may be overlooked. Considering a broader range of 

literature could therefore improve the robustness of the conceptual framework. 

Since our study is mainly theoretical, in a further step, we can investigate and refine the framework with some 

empirical studies. In this regard, researchers and managers can better understand how human-AI collaboration 

works and how it affects organizational decisions by comparing the perspectives presented in the theoretical 

literature and the workplace. In other words, can managers and employees with human expertise assess the 

capabilities of AI? Do managers improve their employees' job satisfaction when they delegate tasks to AI? 

Does collaboration between humans and AI lead to a reduction in repetitive and boring tasks and a reduction 

in gender bias? These and other questions can help determine the exact outcomes of human-AI collaboration 

in business decision-making. As decision-making is an interdisciplinary topic, future researchers should also 

consider the social, ethical, and cultural implications of human-AI collaboration to pave the way for future 

research. 

As each specific AI category is expected to influence the AI-human relationship individually and affect 

each dimension of the matrix, it is suggested that future research explore the AI-human relationship based on 

different AI categories and their role in the four possible configurations of AI-human collaboration. 
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CHAPTER IV 

 

Understanding Factors Influencing Employee Collaboration with AI in a Work-

Related Context  

Abstract. Artificial intelligence is becoming deeply embedded in organizational processes, reshaping how 

employees work and interact with technology. Our study aims to examine how various factors—including 

two types of trust beliefs, human-like and system-like—shape employees’ interactions with AI, particularly 

in their collaboration with AI such as ChatGPT. We focus on factors influencing employee-AI collaboration, 

including AI delegation, perceived ease of use, perceived usefulness, and satisfaction. By analyzing 150 

questionnaires from employees in French, Italian, UK, and US companies, we show that human-like trust is 

slightly more likely than system-like trust to lead to employees’ willingness to delegate tasks to AI. Our 

findings also show a significant impact of the AI delegation variable on PEOU, PU, satisfaction, and 

employee engagement with AI. Our findings clarify the key factors that influence collaboration with AI, 

which can be highly important for AI-driven organizations. 

Keywords: AI Delegation, Employee AI Collaboration, System Trust, Human Trust. 

Introduction 

Artificial intelligence (AI) is becoming deeply embedded in organizational processes, reshaping how 

employees work and interact with technology. Prior research consistently highlights the central role of trust 

in shaping technology adoption and collaboration (Chowdhury et al., 2022; Kong et al., 2023). Employees 

who perceive AI as trustworthy and beneficial tend to develop more positive attitudes toward AI-enabled 

work environments. Nevertheless, organizations continue to face hesitations regarding AI use, driven by 

concerns about privacy, job replacement, and uncertainty about employees’ willingness to embrace AI 

systems (Dwivedi et al., 2023; Paluch & Wittkop, 2023). At the same time, studies show that when AI 

systems display human-like cues, they tend to evoke greater trust and cooperation from users (Song et al., 

2023; Singh & Chandra, 2024). These contrasting dynamics underscore the growing need to understand what 

truly drives employees to collaborate with AI. 

One area receiving increasing attention is human–AI collaboration, defined as the intentional 

interaction between employees and AI systems to enhance workplace performance (Kong et al., 2023; Pereira 
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et al., 2023). A critical mechanism within this collaboration is task delegation, which refers to the extent to 

which individuals transfer responsibility or decision-making authority to AI (Freisinger & Schneider, 2024; 

Spitzer et al., 2025). As AI becomes more autonomous and capable of performing complex tasks, it can 

function not merely as a tool but as an agentic collaborator (Spitzer et al., 2025). This evolution raises 

essential questions about how employees choose to delegate tasks to AI—and whether such delegation 

strengthens or weakens their willingness to collaborate with AI systems. 

Despite its relevance, existing research provides an incomplete understanding of the psychological 

mechanisms behind employees’ decisions to collaborate with AI. First, studies have not jointly examined 

how two distinct forms of trust—human-like trust and system-like trust—influence AI delegation and, 

subsequently, collaboration. Prior literature emphasizes that trust may stem from either human-like quality 

(benevolence, competence, and integrity) (McKnight et al., 2002; Vance et al., 2008) or system-focused 

attributes (e.g., functionality, helpfulness, and reliability) (McKnight et al., 2011). Both forms of trust can 

shape employees’ expectations, reduce uncertainty, and influence their behaviours toward AI (Lankton et al., 

2015; Singh & Chandra, 2024). However, no study has assessed their distinct and joint impacts on delegation 

to AI and ultimately on employee collaboration with AI. 

A second gap concerns the ambiguous role of AI delegation in shaping perceptions of usefulness, 

ease of use, satisfaction, and collaboration. While some studies argue that delegating tasks to AI can improve 

performance and satisfaction (Hemmer et al., 2025; Westphal et al., 2025), evidence remains mixed. In 

organizational contexts, delegating authority traditionally strengthens trust, cooperation, and performance 

when directed toward humans (Kærnested & Bragadóttir, 2012). Whether these benefits translate to 

delegating tasks to AI remains unresolved. Moreover, existing research has not clarified how delegation 

influences key technology-related perceptions—such as perceived usefulness (PU), perceived ease of use 

(PEOU), and satisfaction—which are known to shape individuals’ attitudes and collaboration with 

technology (Davis, 1989). 

To address these gaps, this study develops and empirically tests a research model that integrates trust 

beliefs (human-like and system-like), AI delegation, PEOU, PU, satisfaction, and employee–AI 

collaboration. We examine how different types of trust contribute to the decision to delegate tasks to AI and 

how this delegation, in turn, shapes core technology perceptions and collaboration between employees and 



92 
 

AI. Our findings reveal that both human-like and system-like trust significantly influence AI delegation. AI 

Delegation increases perceived usefulness, ease of use, and satisfaction. PU and satisfaction emerge as strong 

predictors of employee–AI collaboration, underscoring their importance for successful integration of AI in 

organizational contexts. PEOU has no impact on employee-AI collaboration. 

By examining these mechanisms simultaneously, our study contributes to a more comprehensive 

understanding of what leads employees to collaborate with AI. The rest of the paper is organized as follows. 

Section 2 reviews the literature and presents the research model and our set of hypotheses. Section 3 

introduces our methodology, while Section 4 presents the results. Section 5 discusses our findings, develops 

our contributions and research limitations, and offers suggestions for future research. Last, Section 6 

concludes this paper. 

  Literature review and hypotheses development 

Employee–AI collaboration refers to the joint behaviors through which employees and AI systems work 

together (Sowa et al., 2021). Sowa et al. (2021) identify four levels of human–AI proximity: working 

separately, supplementing one another, interdependence, and fully hybrid or fused collaboration between 

humans and AI. Recent studies, such as Li et al. (2025), show that employee-initiated collaboration with AI 

is becoming increasingly common in the workplace and significantly shapes employees' perceived usefulness 

of AI. In other words, the more employees trust these technologies, the more likely they are to engage in 

collaborative behaviors, which in turn reinforces their perception of AI’s usefulness. 

Such collaboration can generate outcomes that exceed what human workers can achieve alone, 

particularly when tasks require analytical or computational capabilities that surpass human limitations. In 

these settings, employees and AI systems jointly pursue shared goals and achieve collective intelligence 

(Kong et al., 2023). In digital organizations, human–AI collaboration has become a critical driver of 

productivity (Sowa et al., 2021; Marvi et al., 2025; Wang et al., 2024) and employee well-being (Kong et al., 

2023). For example, Sowa et al. (2021) demonstrate through an experimental study involving a virtual 

assistant that effective collaboration with AI significantly increases the productivity of white-collar workers. 

More broadly, collaboration between humans and AI provides benefits such as effective and secure 

integration of employees and AI (Sowa et al., 2021), improved employee performance, and a competitive 
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advantage for organizations (Chowdhury et al., 2022). It also supports the execution of more complex tasks 

and stimulates organizational innovation (Cabrera et al., 2023). For instance, AI-enabled systems can enhance 

production accuracy and improve the quality of decision-making (Wu et al., 2025).  

Against this backdrop, the present study reviews the existing literature to examine how trust beliefs 

shape employee–AI collaboration. We develop a research model based on structural equation modelling to 

analyze these relationships directly and indirectly through the mediating variables of AI delegation, perceived 

ease of use (PEOU), perceived usefulness (PU), and satisfaction (see Figure 1). Delegating tasks to AI 

represents one important form of collaboration: when employees assign tasks to AI, their performance and 

job satisfaction may improve, which in turn reinforces more effective collaboration with AI. This 

collaborative dynamic is strengthened when employees hold higher levels of trust in AI. 

 

Figure 1.Research model. 

Trust beliefs (Human-like and system-like trust) 

Trust beliefs refer to individuals’ willingness to rely on a technology based on their perceptions of its 

attributes. In the context of AI, these beliefs can be directed toward human-like characteristics or system-like 

qualities (Lankton et al., 2015). Human-like trust emerges when users attribute social or human 

characteristics to technological artifacts—for example, through features such as voice, animation, or 

interactive behaviours that make technologies appear more human (Lankton et al., 2015). In this study, 
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human-like trust is operationalized through the beliefs of integrity, competence, and benevolence, which 

reflect the extent to which the AI is perceived as acting ethically, possessing adequate skills, and having 

positive intentions toward the user (McKnight et al., 2002). 

System-like trust, in contrast, is based on perceptions of the technology’s functional and 

performance-oriented attributes. To capture this form of trust, we rely on the beliefs of functionality, 

helpfulness, and reliability, which represent the extent to which AI is viewed as dependable, useful, and 

capable of performing tasks effectively (McKnight et al., 2011). Because AI systems often demonstrate high 

reliability, consistency, and transparency, they can strengthen employees’ cognitive and emotional trust in 

their technical capabilities. 

Prior research highlights that trust in AI is foundational to human–technology interactions, shaping 

employees’ perceptions, behaviours, and openness to future engagement (Singh & Chandra, 2024; Campagna 

et al., 2022; Kong et al., 2023). When employees trust AI—whether due to its human-like qualities or its 

functional performance—they are more likely to hold positive attitudes toward it, engage collaboratively 

with AI, and respond more flexibly to evolving job requirements (Kong et al., 2023; Wohlgemuth et al., 

2019). Trust, therefore, plays a central role in facilitating technology acceptance and collaboration in AI-

driven work environments. 

Building on this literature, we expect that both forms of trust influence employees’ willingness to 

transfer responsibility or decision-making authority to AI systems. When employees perceive AI as socially 

trustworthy (human-like) or functionally competent (system-like), they are more likely to delegate tasks to 

it. Hence, we hypothesize the following:  

H1: Human-like trust is positively related to AI delegation. 

H2: System-like trust is positively related to AI delegation. 

AI Delegation 

AI delegation refers to situations in which specific task instances are assigned to an AI system rather than 

being completed by humans, to reduce human effort and improve overall performance (Hemmer et al., 2025; 

Westphal et al., 2025). Prior research shows that when AI selects or structures tasks for users, individuals 

often experience improved performance and higher task satisfaction, partly because delegated tasks tend to 
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align more closely with their capabilities (Westphal et al., 2025). This improvement is explained by increases 

in self-efficacy, as individuals feel more capable and confident when they work on tasks that have been 

appropriately matched to their skill level (Hemmer et al., 2025; Westphal et al., 2025). Research in 

organizational behaviour highlights that effective delegation—when aligned with employee capability—

supports satisfaction, motivation, and task mastery (Kærnested & Bragadóttir, 2012). Conversely, lack of 

confidence or inadequate assessment of one’s own skills can create barriers to effective delegation and lead 

to poorer decisions (Kærnested & Bragadóttir, 2012; Fügener et al., 2022). Studies in human–AI 

collaboration further show that individuals who struggle to evaluate their own capabilities relative to AI tend 

to delegate poorly and produce suboptimal decisions (Fügener et al., 2022).  

AI delegation has been shown to reduce human workload (Hemmer et al., 2025), increase perceived 

task suitability (Westphal et al., 2025), and enhance confidence in both personal and system capabilities 

(Spitzer et al., 2025). Taken together, this evidence suggests that delegation from humans to AI may influence 

how employees perceive the AI system. When AI takes responsibility for executing or selecting tasks, 

individuals may find the system easier to work with (higher perceived ease of use), more valuable (higher 

perceived usefulness), and more aligned with their expectations (higher satisfaction). Accordingly, we 

hypothesize the following: 

H3: AI delegation is positively related to perceived ease of use. 

H4: AI delegation is positively related to perceived usefulness. 

H5: AI delegation is positively related to satisfaction. 

Perceived Ease of Use and Perceived Usefulness 

Perceived usefulness (PU) and perceived ease of use (PEOU) originate from the Technology Acceptance 

Model (TAM) (Davis, 1989) and are widely recognized as primary determinants of technology adoption in 

organizational settings.  U refers to employees’ beliefs that using technology will enhance their job 

performance, while PEOU reflects their perception of how effortless the technology is to use. The more 

employees believe that a technological system can help them achieve higher-quality work, the more willing 

they are to adopt and engage in it. 

Empirical studies support these associations in AI-related contexts. For instance, Mouakket (2015) 
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found that employees who perceive AI technologies as useful demonstrate a stronger intention to use them. 

Similarly, Bilquise et al. (2024) show that perceived usefulness is positively correlated with individuals’ 

intention to adopt AI tools. Building on this evidence, it is reasonable to expect that both PU and PEOU will 

enhance collaboration between employees and AI. We therefore propose the following hypotheses: 

Accordingly, it is reasonable to posit that PEOU and PU will strengthen employee - AI collaboration.  

We hypothesize the following: 

H6:  EOU increases employees’ intention to collaborate with AI. 

H7:  U increases employees’ intention to collaborate with AI. 

Satisfaction  

As reported by Bhattacherjee (2001), satisfaction can be considered as an evaluation of an emotion 

(i.e., if the IS usage was as pleasurable as expected). Based on this statement, an individual could have a 

pleasant experience with the usage of a specific AI technology, but at the same time can feel dissatisfied if 

the experience is below expectations. In this way, satisfaction can be considered an effect (satisfied, 

dissatisfied, or neutral) feeling. This effect was deeply investigated in IS literature in the last 40 years, and it 

is considered an important predictor of intention concerning IS use, often related to the continuance intention 

to use (e.g., Davis et al. 1989; Karahanna et al. 1999; Taylor and Todd 1995; Carillo et al. 2017). In this 

paper, considering the anthropomorphism in AI-enabled technology (Li and Suh, 2022), we intend to 

investigate how a pleasant or unpleasant experience of a specific AI system can affect the intention to 

collaborate with it. Accordingly, we hypothesize the following: 

H8: Satisfaction increases employees’ intention to collaborate with AI. 

Kærnested and Bragadóttir (2012) define delegation attitude as users’ beliefs, perceptions, and emotional 

dispositions toward the act of assigning tasks to others. It captures how positively or negatively users view 

delegation, including whether they consider it useful, efficient, risky, or problematic. Delegation attitude 

reflects whether users perceive delegation as an opportunity for efficiency, teamwork, and professional role 

fulfilment or, conversely, as a source of risk, dissatisfaction, or loss of quality control. Recently, some studies 

investigated the effect of AI delegation on human-AI collaboration (Hemmer et al, 2023). Hence, following 

this stream of research, we hypothesize the following: 
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H9: AI delegation increases employees’ intention to collaborate with AI. 

Methodology 

Sample and Data Collection 

To construct our empirical dataset, we first designed a questionnaire and administered it through Qualtrics 

Inc. Before launching the full study, we conducted a pilot test with 15 individuals (approximately 15% of the 

target sample) using Google Forms. Based on their feedback, we made minor adjustments to improve clarity 

and reliability. The finalized questionnaire was then distributed in November 2025 via an online survey to 

participants from France, Italy, the United Kingdom, and the United States. 

Data collection was carried out through Prolific, an online platform known for providing higher-

quality participant responses than many other crowdsourcing alternatives (Albert & Smilek, 2023). We 

specified detailed sampling criteria (employment status is full-time or part-time) and set a target sample size 

of 150 respondents. To ensure data quality, we included an attention-check item to identify inattentive 

participants (select which response is not a month of the year).  

The final sample consisted of 58.8% female and 40.5% male respondents, with 70.6% holding a 

college degree or equivalent. The average age was 43 years. Additional demographic details are reported in 

Table 1. 

 

  Table 1. Sample demographics. 
(%) Sample demographics (n =150) (%) Sample demographics (n =150) 

 Task categories with AI use  Gender 

46 Planning and organizing 58.8 Female 

06 Coordinating and supervising 40.5 Male 

55 Information processing (e.g., 

recording, checking, reporting) 

22-64 Age (in years) 

50 Problem-solving and decision-making  Education Level 

53 Communication and interaction (e.g., 

meetings, emails, collaboration) 

27.9 Post-secondary non-tertiary education 

(Vocational/Technical training, Diploma) 

49 Creative and idea generation 46.1 Bachelor’s degree (BA, BSc, or equivalent) 

47 Learning and knowledge sharing 20.7 Master’s degree (MA, MSc, MBA, or equivalent) 

05 Physical or manual activities .03.8  Doctoral degree (PhD, EdD, or equivalent) 

13.9 Supporting or assisting others  Occupation 

 Amount of time spent using AI 

tools/applications for professional 

activities (per day) 

12.3 Self-employed / Entrepreneur 

14 - Less than 15 minutes 17.5 Employee – Entry level / Junior staff 
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18 - 15–30 minutes 29.8 Employee – Professional / Specialist 

21 - 30 minutes – 1 hour 37 Employee – Manager / Supervisor 

20.7 - 1–2 hours .03 Executive / Senior management (e.g., Director, 

CEO) 

17.5 - 2–4 hours  AI tools used 

.05 - More than 4 hours 96.7 ChatGPT (OpenAI) 

.03  - I do not use AI tools daily 55 Google Gemini (Bard) 

  60 Microsoft Copilot (in Word, Excel, Teams, etc.) 

  17.5 Claude (Anthropic) 

  11 Perplexity AI 

  .05 MidJourney (image generation) 

  10  DALL·E (image generation) 

  16.8 DeepSeek 

 
 

Measurement Model 

The items used in this study for human-like trust and system-like trust were adapted from prior studies 

(McKnight, 2002; McKnight, 2012; Lankton, 2015). All items were measured on a 7-point Likert scale, 

where 1 indicates “strongly disagree,” and 7 indicates “strongly agree.” In this study, the 7-point Likert scale 

was chosen because it provides sufficient options and allows for finer distinctions between adjacent responses 

compared to a 5-point scale (Joshi et al., 2015). To measure AI delegation, we adapted items from Poteet 

(1984), which were later refined and validated by Kærnested and Bragadóttir (2012). These items are reverse-

coded, as they measure employees’ reluctance to delegate tasks to AI.  erceived ease of use ( EOU) and 

perceived usefulness (PU) were assessed using the original scales developed by Davis (1989). Satisfaction 

was measured using a validated scale from Bhattacherjee (2001), and employee–AI collaboration was 

captured using the scale developed and validated by Kong et al. (2023). 

Results 

Measurement model validity assessment 

To conduct structural model analysis, we used partial least squares structural equation modelling (PLS-SEM) 

with SmartPLS 4.0 software in this study (Ringle 2024). This approach combines factor analysis and path 

analysis and is well-suited for examining relationships among multiple dependent variables (Hair et al., 

2011). Furthermore, PLS-SEM does not require a specific data distribution, is not limited to a normal 

distribution, and is valid for small sample sizes and complex models (Hair et al., 2016).  
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Each measurement scale had both good Cronbach's alpha (Cronbach, 1951) and composite reliability 

(CR) measures. Cronbach's alpha coefficients ranged from 0.899 to 0.966, exceeding the recommended 

threshold of 0.70, indicating acceptable reliability (Nunnally, 1978). To assess the convergent validity of the 

constructs, we used the average variance extracted (AVE). As shown in Table 2, the AVE values for all 

constructs were greater than 0.5, confirming their convergent validity (Fornell & Larcker, 1981). The factor 

loadings for most variables were greater than 0.70, with only a few constructs having factor loadings between 

0.40 and 0.70. However, the AVE values for all instruments were acceptable, indicating strong convergent 

reliability. 

Table 2. Measurement and validity assessment. 
Construct   Cronbach's 

alpha 

Composite 

reliability 

(rho_a) 

Composite 

reliability 

(rho_c) 

Average 

variance 

extracted 

(AVE) 

AI Delegation 0.902 0.938 0.915 0.502 

Employee AI collaboration 0.899 0.904 0.917 0.530 

Human-Trust 0.951 0.961 0.958 0.677 

PEOU 0.953 0.956 0.962 0.809 

PU 0.946 0.954 0.961 0.862 

Satisfaction 0.966 0.966 0.975 0.907 

System-Trust 0.936 0.941 0.946 0.662 

 

 

Discriminant validity assessment  

We use the Fornell–Larcker criterion to assess the discriminant validity of the model constructs as part of the 

measurement model evaluation  (Fornell & Larcker, 1981). Examining discriminant validity allows us to 

determine which constructs in the proposed model are conceptually distinct from each other. The correlations 

between variables were relatively strong, ranging from 0.218 to 0.953. According to the results in Table 3, 

the square root of the AVE for each variable was usually larger than its correlations with other constructs in 

the corresponding row and column. In this regard, according to the Fornell–Larcker criterion, discriminant 

validity was established. However, we observed that the correlation value between human-like trust and 

system-like trust (0.814) was larger than the square root of the AVE for human-like trust (0.823), indicating 

that discriminant validity was not established for these constructs. These results can be explained by the fact 

that system trust and human trust are conceptually related, as they represent two complementary facets of 

trust. 
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Table 3. Discriminate validity assessment. 

 
AI 

Delegation 

Employee AI 

collaboration 

Human-

Trust 

PEOU PU Satisfaction System-

Trust 

AI Delegation 0.708             

Employee AI 

collaboration 

-0.218 0.728           

Human-Trust -0.522 0.489 0.823         

PEOU -0.328 0.441 0.389 0.899       

PU -0.454 0.596 0.590 0.497 0.928     

Satisfaction -0.528 0.588 0.686 0.633 0.727 0.953   

System-Trust -0.514 0.537 0.833 0.473 0.533 0.706 0.814 

 

  Structural model validity 

First, we checked our inner model for multicollinearity. The results of this assessment, using the variance 

inflation factor (VIF), are presented in Table 4. According to Hair et al. (2011), the VIF value for each 

construct should be less than 5, and this condition was met for all our latent variables.  

Table 4. Collinearity assessment (VIF). 

 
VIF 

AI Delegation -> Employee AI collaboration 1.407 

AI Delegation -> PEOU 1.000 

AI Delegation -> PU 1.000 

AI Delegation -> Satisfaction 1.000 

Human-T -> AI Delegation 3.259 

PEOU -> Employee AI collaboration 1.676 

PU -> Employee AI collaboration 2.163 

Satisfaction -> Employee AI collaboration 2.936 

System -T -> AI Delegation 3.259 

 

Second, in order to test the relationship between variables, we completed a Bootstrap analysis with 5,000 

resamples through SmartPLS 4. The model explains the variance of the dependent variables at respectively 

R²= 0.303 and R²= 0.430 for AI delegation and Employee- AI collaboration, which demonstrates a moderate 

effect according to Hair et al. (2011).  

Table 5 provides information about the path coefficients, sample mean, and t-statistics. Human-like trust has 

a stronger effect on AI delegation (β = -0.306, p < 0.006) compared to system-like trust (β = -0.259, p < 

0.032). This indicates that the more employees trust AI systems, the more they are willing to delegate tasks 

to AI. AI delegation has a positive and significant effect on  U (β = -0.454, p < 0.000),  EOU (β = -0.328, p 

< 0.000), satisfaction (β = -0.528, p < 0.000), and employee-AI collaboration (β = -0.528, p < 0.000). There 
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is also a significant relationship between PU and employee-AI collaboration (β = 0.159, p < 0.042) and 

satisfaction (β = 0.344, p < 0.002). In contrast, there is no significant relationship between  EOU and 

employee-AI collaboration (β = 0.091, p < 0.345).  To summarize, H1, H2, H3, H4, H5, H7, H8, and H9 were 

supported at the p < .05 significance level, except for H6 related to PEOU, which is non-significant.  The 

results of the PLS-SEM analysis are presented in Table 5 and can be visualized in Figure 2. 

Table 5. Path coefficients and hypotheses assessments. 

 Path Original 

sample 

(O) 

Sample 

mean 

(M) 

Standard 

deviation 

(STDEV) 

T statistics 

(|O/STDEV|) 

P 

values 

Supported 

H1 Human-Trust -> AI 

Delegation 

-0.306 -0.317 0.112 2.731 0.006 Yes 

H2 System-Trust -> AI 

Delegation 

-0.259 -0.261 0.121 2.144 0.032 Yes 

H3 AI Delegation -> 

PEOU 

-0.328 -0.334 0.086 3.807 0.000 Yes 

H4 AI Delegation -> PU -0.454 -0.463 0.061 7.448 0.000 Yes 

H5 AI Delegation -> 

Satisfaction 

-0.528 -0.538 0.055 9.601 0.000 Yes 

H6 PEOU -> Employee 

AI collaboration 

0.091 0.094 0.097 0.944 0.345 No 

H7 PU -> Employee AI 

collaboration 

0.374 0.375 0.111 3.378 0.001 Yes 

H8 Satisfaction -> 

Employee AI 

collaboration 

0.344 0.346 0.112 3.077 0.002 Yes 

H9 AI Delegation -> 

Employee AI 

collaboration 

0.164 0.159 0.081 2.029 0.042 Yes 

 

 

Figure 2. Assessment of the structural model. 
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Note: Dashed lines indicate non-significant paths. Standardized path coefficients. *p < 0.05, **p < 0.01, ***p 

< 0.001. 

Discussion and Limitation  

This research aimed at assessing the distinct and joint impacts of system and human trust on delegation to AI 

and ultimately on employee collaboration with AI. The results show that trust beliefs significantly affect task 

delegation to AI. Specifically, human-like trust indicates that the more employees trust AI with human-like 

characteristics, the more likely they are to delegate tasks to AI. Our findings are consistent with those of 

Kong et al. (2023), who found that the closer this trust is to human-like characteristics, the more willing 

employees are to delegate tasks to AI. When employees’ trust in AI with system and functional characteristics 

increases, they are also willing to delegate tasks to AI. Furthermore, the results show a significant relationship 

between AI delegation and  EOU,  U, and satisfaction. Considering the β values obtained from these three 

variables, which are -0.328, -0.454, and -0.528, respectively (because AI delegation is reverse-coded), these 

findings indicate that as employees delegate more tasks to AI, their satisfaction, perceived usefulness, and 

perceived ease of use of AI increase.  

Our findings align with those of Hemmer et al. (2025). Similarly, a study by Westphal et al. (2025) 

shows that delegating tasks to AI can increase task satisfaction and improve human performance by 

increasing self-efficacy. Another set of results shows no significant relationship between perceived ease of 

use and employee-AI collaboration. However, according to Table 5, the path coefficient is around 0.09, 

indicating that as perceived ease of use increases, employee collaboration with AI also increases.  There is 

also a significant and positive relationship between perceived usefulness, satisfaction, and employee-AI 

collaboration. These findings indicate that greater ease of use and satisfaction with AI lead to increased 

employee collaboration with AI. Our findings are consistent with those of Bilquise et al. (2024) and Andreas 

Fügener et al. (2022), who state that the higher the perceived usefulness, the greater the employees’ intention 

and willingness to use AI. 

Based on these findings, this research leads to two main contributions: First, this study examines trust 

beliefs by focusing on human and system characteristics, AI delegation, PEOU, PU, and satisfaction, and 

their distinctive impacts on human-AI collaboration. This approach helps develop employees' understanding 

of AI in the context of their collaborative interactions with AI. As Pitts & Motamedi (2025) state, trust beliefs 
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may lead to different results regarding the impact of trust on various factors due to measurement differences. 

In this context, employees in organizational work environments tend to prioritize human-like systems for 

delegating tasks because these systems exhibit human characteristics such as benevolence and integrity. This 

can reduce cognitive pressures on employees. Future research should examine other factors, including digital 

literacy, which is considered one of the most important elements for the formation of trust and cooperation 

with AI systems, across a wide range. 

Second, although the path coefficient for PEOU (0.091) is positive and associated with employee-AI 

collaboration, this effect is not significant, and the hypothesis is not supported in this study. Chen et al. (2025) 

show that perceived ease of use positively affects behavioral intention. However, in our study, perceived ease 

of use was examined in relation to AI collaboration. Although the effect was in the expected direction, there 

is insufficient evidence to support it. One possible explanation is that employees’ perceptions of the difficulty 

or ease of using AI systems are strongly influenced by their immediate emotional experiences—such as 

frustration, stress, or joy—during the interaction. These momentary emotional states may affect their 

willingness to collaborate with AI (Lan et al., 2025). 

Moreover, this study has two main managerial implications: Our findings indicate that PEOU does 

not affect employees’ collaboration with AI. However, it also shows that, on one hand, employees recognize 

the benefits and usefulness of PEOU, but on the other hand, some concerns or factors hinder this effect. This 

situation creates an opportunity for organizations to design and develop AI systems in a way that enhances 

employees’ sense of ease and comfort, thereby promoting a better and more balanced human-AI interaction 

and collaboration. 

Second, our findings provide valuable insights for employees working in organizations in France, 

Italy, the United Kingdom, and the United States. Research shows that PU and satisfaction are important 

factors in shaping employees’ interactions with AI. This indicates that these factors serve as important 

motivational factors to encourage greater employee collaboration with AI. Therefore, organizations should 

continuously foster a positive attitude toward AI, as this positive perception leads to job satisfaction and 

perceived usefulness of AI systems. In this way, by providing better services, organizations can enhance 

employees’ enjoyment of work and increase the likelihood that they will interact and collaborate with 

technologies, including AI, to perform their tasks. 
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Third, collaboration between humans and AI in organizations can occur through trust in AI. The 

more employees trust systems with human-like characteristics, the more effective and harmonious this 

collaboration becomes. Therefore, it is necessary for organizations to continuously incorporate digital skills, 

digital literacy, and training on working with AI systems into their educational programs. 

This study also presents several limitations.  First, although our sample was collected from multiple 

countries, including France, Italy, the UK, and the US, we still relied on a relatively small group of 

organizational employees. Therefore, future studies should increase sample sizes to obtain more robust, 

generalizable results. Second, our study did not account for other important factors, such as human laziness, 

which may moderate the relationships between certain constructs. Finally, since this study examined the 

effects of various factors on employee-AI collaboration specifically within organizational work 

environments, future researchers may explore human–AI collaboration in other domains—such as 

healthcare—where practitioners, like physicians, increasingly rely on AI systems to support accurate 

decision-making and prediction. 

Conclusion 

Artificial intelligence systems are considered among the most important tools for interacting with employees 

in organizational processes. Trust beliefs play a key role in delegating tasks to AI. Systems with human-like 

characteristics can foster greater employee trust, which may result in more employees assigning tasks to AI. 

This delegation of tasks can, in turn, lead to increased satisfaction, perceived usefulness, and perceived ease 

of use. Beyond having a positive and direct effect on these factors, task delegation can also directly influence 

employee-AI collaboration. Additionally, perceived usefulness and satisfaction can significantly affect 

employee collaboration with AI systems. However, perceived ease of use is not the only variable influencing 

collaboration with AI. By understanding the effects of these factors on employee collaboration with AI, this 

study offers a broader perspective on acceptance and collaboration, which can expand the research field and 

improve understanding of how organizational employees can achieve better collaboration with AI systems.
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Concluding Insights on AI-Driven Decision-Making and Human–AI 

Collaboration 

This thesis examined the role of AI in decision-making and collaboration with humans using various 

methodological approaches. More specifically, the results consistently indicate that, given the rapid growth 

and evolution of AI in organizations, these systems can be used to achieve diverse organizational goals and 

enhance managerial performance. Across the four studies, a central pattern emerges: from an organizational 

perspective, the more managers provide employees with the necessary training, the less resistance employees 

show toward adopting and using AI. As a result, human–AI collaboration becomes stronger and ultimately 

improves the efficiency and effectiveness of decision-making . 

The first question was: How has academic discourse evolved in response to recent advancements in 

organizational activities and decision-making processes, and what key themes, concepts, and research gaps 

have emerged? 

Based on the results obtained from this analysis, we found that the literature on AI has shown 

significant growth over the past five decades. This indicates a rising trend in publications on AI and decision-

making across different sectors and domains. The adoption and implementation of AI applications in 

organizational processes—such as data analytics—has likely contributed to the considerable increase in the 

growth rate of publications since 2009. From an organizational standpoint, the less resistance employees show 

toward adopting and using AI, the stronger the collaboration between humans and AI becomes, ultimately 

improving the efficiency and effectiveness of decision-making. 

Beyond organizational contexts, AI has also achieved remarkable progress in healthcare. Our review 

of studies revealed that AI systems have secured a significant position in diagnosing and recommending more 

effective treatments. In summary, the development and expansion of AI have led many researchers to 

investigate the relationship between AI and decision-making from multiple dimensions. Ultimately, for proper 

adoption and implementation of AI systems in organizations, managers must provide adequate training, 

encourage employees to utilize these systems, and reduce issues related to biases in AI-generated outcomes. 

The second question was: Which AI factors do managers and organizations use (under certain 
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conditions and circumstances) in their decision-making processes, and how do these factors affect optimal 

decision-making?” “Under what conditions are Challenges Driven by AI (e.g., human resources, 

organizational goals, and ethics) likely to have a negative impact on individuals and organizations ”? 

After examining the role of AI in the decision-making process from a bibliometric perspective, we 

used the meta-synthesis method to obtain a more accurate and comprehensive estimation of the effects of AI-

related factors on decision-making. In this method, we analyzed the multidimensional aspects and factors 

shaping the relationship between AI and decision-making. In other words, as the results indicate, AI-based 

decision-making can be categorized into several groups, including the value of information in decision-making, 

the enhancement of skills and capabilities, the scope of decision-making, challenges arising from AI, and the 

improvement of organizational performance.  

Based on the findings, we concluded that AI serves as powerful tools for achieving greater accuracy 

and speed in decision-making. Therefore, managers need to ensure that employees receive the necessary 

training to effectively implement AI. Moreover, organizations aiming for successful AI adoption require access 

to large amounts of data, as such access can create competitive advantages. Additionally, for the successful 

adoption of AI, managers must be aware of organizational rules and regulations and adhere to quality control 

procedures (Yang et al., 2024), because a lack of awareness of the legal and regulatory environment—as well 

as unsupervised managerial practices—can lead to negative and ethical consequences for employees, including 

job loss and diminished control (Boyes & Schippers, 2024). 

Furthermore, organizations face challenges in adopting AI, such as limited resources, resistance to 

change, and job security risks. To overcome these barriers, organizations need to provide proper training for 

employees, develop creative talent, and foster an innovative-oriented workplace culture. This is important 

because even with new regulations, there is no guarantee that AI will always act accurately or responsibly. 

Therefore, it is emphasized that meaningful interaction between employees and AI occurs only when adequate 

training, time, and resources are provided to ensure full understanding and integration of AI. Such interaction 

leads to optimized organizational performance and more effective collaboration between AI systems and 

human decision-makers. Training programs can update employees’ understanding of the capabilities and 

limitations of AI—such as potential biases and lack of transparency in their work contexts—and help minimize 
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misconceptions that hinder AI adoption. Moreover, increasing transparency in AI-generated decisions through 

the use of explainable AI tools enables employees to develop a better understanding of the technology and 

make decisions with greater confidence and certainty. 

The third question was: Academic discourse on technological advancements has expanded the 

collaboration between humans and AI in the workplace. What themes related to modes of conjoined agency 

and what research gaps have emerged in this context? 

After conducting a meta-synthesis and identifying the factors influencing how AI affects decision-

making and the elements that contribute to human-AI collaboration in this process, we sought to determine 

how the roles of humans and AI operate within different frameworks of AI system use, and to specify the 

responsibilities of each. Therefore, we developed a co-joined agency framework. By creating this framework, 

we aimed to examine in which modes humans take on the roles of control, supervision, and execution, and in 

which modes they take responsibility for decision-making—and vice versa for AI. The purpose of the “co-

joined agency” framework was to develop a conceptual model focusing on collaboration between AI and 

humans. 

We adopted the “co-joined agency”, encompasses various forms of collaboration (Murray, Rhyme, & 

Sirmon, 2021). We created a framework that divides decision-making into two parts: the decision-making 

process and the implementation of the decision. This framework identifies four modes of collaboration between 

AI and humans, each describing who is responsible and who performs the actions. 

As the findings show, collaboration between AI and humans can be classified into four categories: Legacy 

Mode, Compliance Mode, Augmented Mode, and Autonomous Mode. This framework can help managers 

choose and implement the most appropriate form of human–AI collaboration to improve decision-making and 

task execution within their organizations. It also provides managers with a better understanding of the different 

modes of human–AI interaction. 

In Legacy Mode, organizations rely minimally on AI, and managers depend on their own expertise 

and experience for decision-making and task execution. In contrast, in Compliance Mode, organizations 

heavily rely on AI to ensure responsiveness and support in decision-making. The Augmented Mode is 

characterized by companies gradually anticipating operational changes, with AI increasingly taking the lead 
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in task execution. Finally, the Autonomous Mode requires pervasive connectivity, unlimited computational 

power, and big data, enabling AI to dominate both decision-making and execution, thereby creating 

competitive advantage. 

In the domain of business process management, managers need to understand and identify the role of 

AI within each business process and propose the most efficient approaches for human–AI collaboration. From 

a strategic perspective, managers must offer specific solutions to the organization based on the opportunities 

and challenges associated with each mode. Managers may initially use the Legacy Mode to train their 

employees and gradually move toward the Autonomous Mode, depending on market needs, competitor 

strategies, and customer expectations. 

The fourth question was: How do different types of trust contribute to the decision to delegate tasks to 

AI, and how does this delegation, in turn, shape core technology perceptions and collaboration between 

employees and AI? 

After thoroughly and comprehensively examining the factors influencing AI in decision-making and 

developing a framework to conceptualize the initial foundations of human–AI collaboration, we needed to 

reach an empirical conclusion using the data collected through a questionnaire. To achieve this, we gathered 

data from a survey administered to employees of French, Italian, UK, and US companies through Prolific and 

analyzed the data using PLS software. 

This study aimed to assess the distinct and shared effects of system-like trust and human-like trust on 

delegation to AI and, ultimately, on employees’ collaboration with AI. The results show that trust beliefs 

significantly influence the delegation of tasks to AI. Specifically, human-like trust indicates that the more 

employees trust AI with human characteristics, the more likely they are to delegate tasks to it. Furthermore, 

the results reveal a significant relationship between AI delegation and PEOU (Perceived Ease of Use), PU 

( erceived Usefulness), and satisfaction. Based on the β values obtained for these three variables (-0.328, -

0.454, and -0.528, respectively, since AI delegation was reverse-coded), these findings indicate that as 

employees delegate more tasks to AI, their satisfaction, perceived usefulness, and perceived ease of use of AI 

increase. 

Another set of findings shows no significant relationship between perceived ease of use and 
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employee–AI collaboration. However, according to Table 5, the path coefficient is approximately 0.09, 

suggesting that as perceived ease of use increases, employee collaboration with AI also increases. 

Additionally, there is a significant and positive relationship between perceived usefulness, satisfaction, and 

employee–AI collaboration. These findings suggest that greater ease of use and higher satisfaction with AI 

lead to increased employee collaboration with AI. Research shows that PU and satisfaction are important 

factors in shaping employees’ interactions with AI. This indicates that these factors serve as important 

motivational factors to encourage greater employee collaboration with AI. Therefore, organizations should 

continuously foster a positive attitude toward AI, as this positive perception leads to job satisfaction and 

perceived usefulness of AI systems. Moreover, employees in organizational work environments tend to 

prioritize human-like systems for delegating tasks because these systems exhibit human characteristics such 

as benevolence and integrity. This can reduce cognitive pressures on employees. Future research should 

examine other factors, including digital literacy, which is considered one of the most important elements for 

the formation of trust and cooperation with AI systems, across a wide range. 

 

This thesis aims to enhance the understanding of the impact of AI on decision-making process and 

human–AI collaboration using various methods. Previous studies have addressed certain specific aspects of 

this topic; however, the research appears fragmented and not well integrated. To address this gap, this thesis 

brings together three theoretical studies that collectively examine the trends, key themes, and factors and 

modes related to the impact of AI on decision-making and collaboration with humans. Figure 1 presents a 

summary of these studies . This thesis is structured around four complementary studies. The first study 

examines the theoretical foundations of the impact of AI on decision-making processes using a bibliometric 

method. Based on the results, it can be stated that keywords and major themes are mainly related to AI, 

decision making, decision support systems, human–machine interaction, data analytics, innovation, big data, 

automation, explainable AI, and trust. Building on these insights and the key themes identified, the second 

study theoretically examines the relationship between AI and decision-making processes from another 

perspective—namely the positive and negative factors influencing this relationship—using a meta-synthesis 

method. In this study, the factors and codes extracted from the literature address topics such as Improvement 

of Organizational Performance, Enhancement of Capabilities and Skills, The Value of Information in 



 110  

Decision-Making, Challenges Driven by AI, and Decision Scop. In the third Study, considering the main 

factors and codes identified in the previous studies, we directed our research toward the topic of human–AI 

collaboration. One of the key advantages of collaboration between humans and AI is the improvement of 

human decision-making, increased human productivity in performing tasks, and more effective processing 

of big data, which is often impossible for humans to analyze on their own. This complex collaboration, on 

the one hand, requires human expertise, and on the other hand, it depends on the specific analytical 

capabilities of AI for data processing. Collaboration between humans and machine agents in decision-making 

and execution processes creates a shared capacity known as Conjoined agency (Murray, Rhyme, & Sirmon, 

2021). Initially, we theoretically identified, evaluated, and discussed four modes of Conjoined agency, which 

include Legacy mode, Compliance mode, Augmentation mode, and Autonomous mode . Finally, based on 

the theoretical insights obtained from the first three studies, we were able to achieve a broader understanding 

of human–AI collaboration by collecting data through a questionnaire. In this study, considering the key 

factors and concepts identified earlier, we examined variables such as AI Delegation, Employee–AI 

Collaboration, System-like Trust, Human-like Trust, Perceived Ease of Use (PEOU), Perceived Usefulness 

(PU), and Satisfaction. An important point is that these four theoretical and empirical studies are designed to 

build upon one another and collectively address the main research question of this thesis. The first study 

identifies the major trends, concepts, and keywords that guide the subsequent empirical research. The second 

study examines the fundamental positive and negative factors influencing the impact of AI on decision-

making and provides theoretical insights into this relationship. By identifying these factors, which relate to 

human–AI collaboration, the third study shifts its focus toward human–AI collaboration and examines the 

different modes of this collaboration. Finally, the last study expands this framework using real-world data 

collected through questionnaire surveys from employees in organizations. Taken together, these studies 

provide a coherent and progressive contribution to the literature on AI, decision-making, and human–AI 

collaboration . 
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               Figure 1. Overall Conceptual Framework of the Dissertation 
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