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I 

Abstract 

Title: The Human Touch in Artificial Intelligence (AI) Decision-Making: Investigating 

Employee Fairness Perceptions of Human-AI Collaboration in the Workplace 

Author: Anna Pauline Gescher 
 
The future of work is seen as a collaboration between humans and machines, but the use of AI 

for management decision-making raises concerns about employees’ fairness perceptions. An 

experimental study investigated 797 employees’ perceptions of procedural, interpersonal, and 

informational fairness towards three proposed hybrid decision-making approaches. The 

results are compared to perceptions of fully automated decision-making in three common 

management contexts. The study shows that not all hybrid decision-making approaches are 

generally perceived as fairer than fully automated decision-making. The aggregated human-

AI decision-making approach, in which AI and humans collaborate by performing specific 

evaluation tasks based on their respective strengths, is perceived to be the fairest among 

employees. Fairness perceptions remained consistent across the decision contexts of the 

allocation of promotions, bonus payments, and career training, suggesting that the perceived 

fairness of hybrid approaches may not be context dependent. The qualitative responses shed 

light on employee satisfaction and concerns related to both AI and human involvement in 

hybrid decision-making. This thesis discusses the implications of these findings and future 

research directions. It contributes to understanding fairness perceptions in the context of 

human-machine collaboration and informs decision-makers on the most effective approach 

for implementing AI in the workplace. 

Keywords: Artificial Intelligence, Hybrid Decision-Making, Algorithmic Fairness, 

Organizational Justice Theory, Employee Perception 

 

 

 

  



II 

Resumo 

Título: O Toque Humano na Tomada de Decisão por Inteligência Artificial (IA): 

Investigando a Percepção de Justiça dos Trabalhadores sobre a Colaboração Humano-IA no 

Ambiente de Trabalho 

Autor: Anna Pauline Gescher 

O futuro do trabalho é visto como uma colaboração entre humanos e máquinas, mas o uso da 

Inteligência Artificial (IA) para a tomada de decisões de gestão levanta preocupações sobre as 

percepções de justiça dos trabalhadores. Um estudo experimental investiga as percepções de 

justiça processual, interpessoal e informacional de 797 trabalhadores face a três abordagens de 

tomada de decisão híbrida. Uma comparação é feita entre as percepções da tomada de decisão 

totalmente automatizada em três contextos de gestão comuns. O estudo mostra que nem todas 

as abordagens de tomada de decisão híbrida são geralmente percebidas como mais justas do 

que a tomada de decisão totalmente automatizada por IA. A abordagem de tomada de decisão 

agregada humano-IA, na qual IA e humanos colaboram realizando tarefas de avaliação 

específicas com base nas suas respectivas habilidades, é percebida como a mais justa pelos 

trabalhadores. As percepções de justiça permaneceram consistentes nos contextos de decisão 

referentes à alocação de promoções, pagamentos de bónus e treino profissional, sugerindo que 

a percepção de justiça das abordagens híbridas pode não depender do contexto. As respostas 

qualitativas lançaram luz sobre a satisfação e preocupações dos trabalhadores relacionadas 

tanto com o envolvimento da IA quanto ao dos humanos na tomada de decisão híbrida. Esta 

tese discute implicações dessas descobertas, bem como futuras direções de investigação. Ela 

contribui para a compreensão das percepções de justiça no contexto da colaboração entre 

humanos e máquinas e informa os decisores sobre a abordagem mais eficaz para implementar 

IA no local de trabalho.  

Palavras-chave: Inteligência Artificial, Tomada de Decisão Híbrida, Justiça Algorítmica, 

Teoria da Justiça Organizacional, Percepção do Trabalhadores  
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1 Introduction 

“It’s not about machines replacing humans, but machines augmenting humans.” 

- Robin Bordoli, former CEO of Figure Eight (2016) 

1.1 Opening Thought  

Artificial Intelligence (AI) is nothing new. In fact, AI has been around for more than six 

decades (Duan et al., 2019). What is new though are advances in computing power, the 

increasing availability of data, and new Machine Learning (ML) techniques (Haesevoets et 

al., 2021). These developments have fundamentally changed what AI is capable of, and, in 

turn, what it is used for today (Tolan, 2018). The rapid advances in AI technology have led to 

breakthrough successes in a variety of areas, ranging from improved fraud detection and 

forecasting in finance (Pallathadka et al., 2021), to more accurate medical diagnoses in 

healthcare (Shaheen, 2021), to autonomous vehicles and pathfinding in transportation 

(Medrano-Berumen & Akbaş, 2021). Each year, AI capabilities continue to expand, enabling 

systems to process larger volumes of data with remarkable speed and generate results with 

even greater accuracy (Sarker, 2021). According to McKinsey’s Global Survey on AI, AI 

adoption in 2022 has more than doubled compared to 2017 (Chui et al., 2022). Over 50% of 

responding companies report using AI in at least one business area (Chui et al., 2022). This 

year, AI seems to be everywhere – with generative AI such as ChatGPT making headlines – 

slowly but steadily establishing a relevant position for itself in people’s daily lives.  

1.2 Relevance of the Topic 

The fast development of AI comes with certain dilemmas, especially when it moves beyond 

its traditional role as a tool and into uncharted territory – such as the workplace. Traditionally, 

management decisions were just that: decisions made by managers based on experience, 

intuition, and an understanding of contextual factors (Agor, 1986). As companies leverage 

AI’s potential, there is a growing trend toward automating decision-making processes that 

were previously solely made by humans (Höddinghaus et al., 2021). Integrating AI into 

decision-making, such as hiring or performance evaluation, raises concerns, especially when 

it comes to the potential impact on employees’ perceptions and attitudes (Langer & Landers, 

2021), which should be considered in any organizational setting (Greenberg, 1990).  
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Although AI has the potential to outperform humans’ cognition with its greater computational 

information processing capacity (Jarrahi, 2018), most people believe that using AI for 

important decisions that affect their lives, such as decisions about their job, is unfair (Acikgoz 

et al., 2020; Binns et al., 2018; Starke et al., 2022). Some reasons for this aversion include the 

perception that AI lacks human intuition and emotion (Jussupow & Benbasat, 2020) and the 

potential for AI to inherit biases (Dietvorst et al., 2015). However, employees’ attitudes and 

behaviors in the workplace are significantly influenced by their perceptions of fairness (Lind 

et al., 1997), which makes it a critical value that organizations should enhance and foster. 

Considering this, scholars call for a more human-centric approach to AI decision-making. 

1.3 Problem Statement and Research Objective  

Research suggests that people view AI decisions more positively when humans are also 

involved in the decision-making process (Kern et al., 2022; Nagtegaal, 2021), often referred 

to as hybrid decision-making. Moreover, experts agree that AI should not make decisions 

without human oversight (European Commission, 2019; European Union Parliament, 2020), 

and there is a growing agreement that the future of work relationships lies in co-creation 

between humans and machines rather than relying solely on one or the other (Haesevoets et 

al., 2021). While different approaches to hybrid decision-making have been proposed by the 

literature (European Commission, 2019; Methnani et al., 2021; Shrestha et al., 2019), 

uncertainties remain regarding individuals’ preferred level of human involvement and the 

effective integration of human control versus system control in work-related AI-based 

decision-making (Langer & Landers, 2021; Schwemer, 2019). Additionally, studies indicate 

that people’s fairness perceptions of AI decision-making vary depending on the decision 

context at hand (Starke et al., 2022). Given the growing use of AI in supporting managerial 

decisions, it is crucial to determine the optimal approach of human-AI collaboration in these 

contexts to prevent employee dissatisfaction (Clay-Warner et al., 2005), reduced company 

loyalty (De Boer et al., 2002) or loss of talented employees (Hom et al., 1984) – all potential 

consequences of perceiving organizational unfairness. 

To fill this gap, this dissertation investigates different hybrid decision-making approaches in 

different decision contexts to identify the optimal role distribution between AI and humans, 

ensuring that employees feel fairly treated by their organization. Thus, this research intents to 

answer the following main research question: “How do different approaches to human 

oversight in AI decision-making affect employee fairness perceptions?” 
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This central research question was further divided into four related research questions:  

- RQ1: To what extent do employees perceive hybrid decision-making as fair? 

- RQ2: How does hybrid decision-making compare with employees’ fairness 

perceptions of fully automated decision-making? 

- RQ3: How do different hybrid decision-making approaches influence employees’ 

fairness perceptions? 

- RQ4: How does the decision context impact employees’ fairness perceptions of 

different hybrid decision-making approaches? 

To answer these questions, an extensive literature review and an experimental study were 

conducted. The experimental study examined participants’ fairness perception regarding three 

distinct hybrid decision-making approaches proposed by the literature compared to fully AI-

driven decision-making in three different managerial decision-making contexts. This research 

contributes to the existing literature on AI decision-making and algorithmic fairness, 

deepening the understanding of the role of the human in AI-involved decision-making. It 

sheds light on the most suitable human-AI collaboration perceived as relatively fairest by 

participants. Also, the study offers insights into participants’ rationales for their fairness 

perception of the studied decision-making processes, providing practical considerations for 

companies that plan to implement AI or hybrid decision systems. 

1.4 Structure of the Dissertation 

This thesis is divided into five chapters. After this introduction, Chapter 2 follows with a 

literature review discussing 1) AI and its role in decision-making, along with its potential 

benefits and drawbacks; 2) the significance of employees’ perception of AI and existing 

findings on their fairness perception; 3) the importance of human oversight in decision-

making and three distinct approaches of hybrid decision-making; and 4) the relevance of 

decision contexts for fairness perception. Chapter 3 will outline the research strategy and 

design, describe the participant selection process and study procedure, and will define the 

measurement variables. Next, Chapter 4 will present the experimental study’s results. Chapter 

5 concludes this thesis with the research findings’ discussion, related academic and practical 

implications, the study’s limitations, suggestions for future research, and a conclusion.  
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2 Literature Review 

2.1 AI in Decision-Making 

In simple terms, AI refers to the use of digital technology to carry out tasks that would require 

human intelligence (Wamba-Taguimdje et al., 2020). The concept of AI initially emerged in 

the 1950s, and, since then, research in this field has been making consistent progress 

(Perifanis & Kitsios, 2023). Today, AI encompasses various theories and techniques for 

developing machines that can simulate intelligent behavior (Wamba-Taguimdje et al., 2020). 

Leveraging big data and ML, AI systems can now learn to autonomously perform tasks with 

human-like capabilities, without explicit human instructions (Zhu et al., 2021). These ML-

based systems, trained on extensive datasets, can identify unknown patterns, and make 

optimal decisions within a specific context or framework (Zhu et al., 2021). These 

developments have started a debate about the potential replacement of domain experts by AI 

in the future (Hemmer et al., 2021), including decision-making traditionally carried out by 

leaders in the workplace. 

2.1.1 Potential of AI for Organizations 

In the workplace, AI developments have resulted in increasing automation of leadership 

functions (Höddinghaus et al., 2021). Computers can assign tasks to workers (M. K. Lee, 

2018), evaluate work outcomes (Luo et al., 2021; Tong et al., 2021), determine compensation 

(Höddinghaus et al., 2021), or screen and recruit talent (Kaibel et al., 2019); all based on 

algorithms. For example, the consumer goods company Unilever uses AI in its hiring process 

(Marr, 2018). Their ML model filters respondents, invites potential prospects to participate in 

online games that assess skills, such as concentration under pressure, and top applicants 

proceed to complete a video interview where they respond to workplace challenges. Only 

afterwards are applicants forwarded to the HR department. Unilever claims that this approach 

makes their process more human, giving more applicants a chance (Marr, 2018). AI decision-

making is believed to surpass human decision-making in terms of speed, information 

processing capacity, and cost reduction (Tolan, 2018), and practitioners argue that AI leads to 

improved decision outcomes (Angerschmid et al., 2022). The underlying idea is that machines 

“base decisions solely on facts, uninfluenced by human biases, discriminatory tendencies, or 

emotions” (Tolan, 2018, p. 1). Unilever, for instance, believes that, by removing human 
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judgment from a portion of the hiring process, they can attract both better and more diverse 

talent (Marr, 2018). 

2.1.2 Drawbacks of AI  

Despite its advantages, the downsides of relying solely on AI for decision-making must be 

acknowledged. There is evidence that algorithms can inherit or even perpetuate human biases 

in decision-making since ML models are trained on data provided by humans (Tolan, 2018). 

Besides biased training data, reasons for unfair AI include flawed algorithms and inadequate 

implementation (Tolan, 2018), or the initial transfer of decision authority from humans to AI, 

especially in sensitive matters (Starke et al., 2022). As an example, Amazon developed a 

computer program to automate talent searches in technical fields (Dastin, 2018). The ML-

based algorithm assigned applicants scores from one to five stars. However, the system 

exhibited gender bias (Dastin, 2018). The bias originated from the model being trained with 

resumes primarily submitted by male applicants over the past decade, reflecting the industry’s 

male dominance (Dastin, 2018). Thus, resumes containing terms like “women” or “female” 

were penalized by the algorithm (Dastin, 2018). This is one among several incidents that have 

raised concerns about the fairness of AI systems (i.e., the COMPAS algorithm or the PredPol 

algorithm). Consequently, fairness has become a core objective in developing AI to 

counteract such issues and enable the considerate use of AI in decision-making (Köchling & 

Wehner, 2020). 

2.1.3 Algorithmic Fairness 

According to Starke and colleagues (2022), algorithmic fairness refers to the principle that 

“decisions made by AI should not result in unjust, discriminatory, or disparate outcomes” (p. 

2). So far, research on fairness in AI and ML covers technical aspects of fairness, including 

the evaluation of existing AI applications for fairness implications (X. Wang et al., 2022), 

establishing fairness metrics (Pagano et al., 2023), and developing approaches to correct 

unfair systems (Kern et al., 2022). An example of correcting unfair systems is fairness 

through awareness, which includes removing data that may introduce unfair considerations, 

such as ethnic origin (Tolan, 2018). Additionally, legal prerequisites for responsible AI use 

have been examined (e.g., Hagendorff, 2020; Sanderson et al., 2022). Yet, there is a 

difference between technical and legal research on non-discriminatory ML and the behavioral 

studies that investigate why people perceive AI as fair or unfair (Starke et al., 2022). As 

humans are ultimately impacted by AI decisions, there is a call for human-centric approaches 
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to studying algorithmic fairness to ensure the AI system’s legitimacy. A body of literature has 

emerged, examining how individuals assess AI usage empirically.  

2.2 The Importance of People’s Perception 

People’s perceptions and attitudes significantly impact technology adoption (Lichtenthaler, 

2020). For AI to be embraced in decision-making, acceptance is important from two groups: 

a) users who rely on AI to automate or augment their decision-making processes, and b) 

individuals that are directly impacted by these decisions in their lives, work, and well-being 

(Langer & Landers, 2021). This research focuses on the latter’s perception, of employees. 

Decision-makers can typically challenge or override AI recommendations in favor of their 

judgment. However, employees have limited agency to escape or influence decisions made by 

AI or based on its results, unless they remove themselves entirely from the decision-making 

context, such as by quitting their job (Langer & Landers, 2021).  

Research on AI decision-making shows that employees exhibit resistance toward AI, 

primarily driven by a lack of trust in such systems and perceived unfairness (Lichtenthaler, 

2020; Starke et al., 2022). However, wanting to be treated fairly is a fundamental human 

desire (Konradt et al., 2020), and fairness perception strongly influences people’s beliefs, 

attitudes, and behaviors (Greenberg, 1990). Upholding fairness principles is vital for 

organizational effectiveness and employee satisfaction (Greenberg, 1990). Perceiving the 

organization as fair can increase employees’ organizational commitment and elicit positive 

behaviors, benefitting organizations’ performance (Clay-Warner et al., 2005; Colquitt & 

Zipay, 2015). In contrast, if employees perceive the actions of the organization or supervisor 

as unfair, they are likely to act against their organization (Zoghbi-Manrique-de-Lara & 

Suárez-Acosta, 2014). Thus, to prevent negative consequences, such as increased employee 

turnover (Hom et al., 1984), managing employees’ fairness perceptions is crucial for 

determining the appropriate use of AI in the workplace (Kern et al., 2022).  

2.3 Organizational Justice Theory and the Perception of AI Decision-Making 

For effective implementation of AI systems, it is important to understand why employees 

perceive AI decisions as unfair (Starke et al., 2022). The study of fairness in the workplace is 

known as Organizational Justice (OJ) (Greenberg, 1990). OJ theory assesses employees’ 

fairness perceptions across four dimensions: distributive, procedural, interpersonal, and 

informational fairness (Colquitt, 2001).  
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Distributive fairness captures the extent to which the distribution of outcomes such as rewards 

and other resources is perceived as fair. It assumes that individuals perceive decision 

outcomes as fair if they are allocated equally and in proportion to their efforts (Leventhal, 

1976). Distributive fairness can impact employee attitudes and behaviors, including job 

satisfaction and motivation (Greenberg, 1990). AI can promote equality in decision outcomes 

in situations where human bias and error are likely, owing to the system being fact-based, 

data-driven, and objective (Morse et al., 2022). Additionally, people tend to view algorithms 

as fairer when they produce positive outcomes for themselves (Shulner-Tal et al., 2022; R. 

Wang et al., 2022). Wang and colleagues (2020) show that this outcome favorability has a 

greater impact on people’s fairness perception than disclosing biased predictions across 

demographic groups. Thus, perceived distributive fairness of AI decisions significantly hinges 

on people’s self-interest. This aligns with earlier findings from OJ research that emphasize the 

importance for people to have control over processes and outcomes (Greenberg, 1990). To 

eliminate potential biases stemming from outcome favorability and to focus solely on the 

overall impact of using AI-based decision-making on fairness perception, distributive fairness 

has been excluded from further research. 

Procedural fairness refers to people’s fairness perception of the decision-making process 

(Greenberg & Tyler, 1987). It has seven components: process control (i.e., ability to voice 

one’s views during the process), decision control (i.e., ability to influence the outcome), 

consistency (i.e., everyone is treated equally), accuracy (i.e., process is based on valid, high-

quality information), ethicality (i.e., process does not violate personal standards of ethics and 

morality), bias suppression (i.e., process prevents favoritism), and correctability (i.e., people 

can challenge or correct decisions) (Colquitt, 2001). AI may increase procedural fairness 

perception by performing more consistently than humans. Human decision-making can be 

influenced by factors such as stereotypes and subjective judgment (Tversky & Kahneman, 

1974), and AI may improve procedural fairness perception by following standardized 

procedures and being unaffected by biases and emotions (Starke et al., 2022). For instance, 

Kaibel and colleagues (2019) show that AI enhances standardization in selection processes, 

leading participants to perceive AI-driven application processes as more consistent. Similarly, 

Lee (2018) reveals that AI-involved decision processes are perceived as more accurate, 

objective, and thus, less biased. However, AI decision-making has limitations when it comes 

to allowing people to express their thoughts or emotions about the procedure. (Acikgoz et al., 

2020; Langer & Landers, 2021). The absence of human interaction hinders people to appeal 
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final decisions, contributing to higher perceptions of procedural unfairness (Langer & 

Landers, 2021).  

Interpersonal fairness involves the extent to which employees are treated with respect, 

dignity, and consideration by the decision-making authority (Colquitt, 2001). It plays a crucial 

role in shaping employee behavior because of the frequent interpersonal encounters in 

organizations (Blodgett et al., 1997). People’s interpersonal fairness perception seems to be 

harmed by AI (Langer & Landers, 2021), with the notion that AI is dehumanizing (Dietvorst 

et al., 2015) and impersonal (Binns et al., 2018). People believe that AI suffers from 

reductionism, oversimplifying things and breaking them down into simpler parts (Langer & 

Landers, 2021). Hence, they think that AI may miss important details (i.e., unique situations 

or qualitative information) and reduces decision-making to a number (Langer & Landers, 

2021). For example, Kaibel and colleagues (2019) found that applicants with a non-standard 

professional background feel that AI cannot evaluate them fairly based on predefined 

standards in selection processes. Also, Bankins and colleagues (2022), who studied 

employees’ perception in the Human Resource Management (HRM) context, observed that 

interpersonal fairness perception among employees is lower when decision outcomes were 

generated by AI compared to humans. The absence of human interaction in AI decision-

making is seen as a drawback, making AI less appropriate as a decision-maker (Bankins et al., 

2022). 

Lastly, informational fairness relates to the fairness of communicated information, in terms of 

its completeness, truthfulness, and justification (Cropanzano & Ambrose, 2015). Moreover, 

transparency of AI systems has been identified as a crucial indicator for the fulfillment of this 

dimension (Starke et al., 2022). Informational fairness of AI decision-making is generally 

perceived as low (Langer & Landers, 2021; M. K. Lee et al., 2015). As noted by Holzinger 

and colleagues (2022), the methods used in AI are often “so complex that it is difficult for a 

human to re-trace, to understand, and to interpret how a certain result was achieved” (p. 13). 

Thus, transparency, interpretability, and explainability are important to ensure that algorithms 

are understandable to those affected by them (Renjith et al., 2020; Shin, 2020). Research 

suggests that technical design decisions prioritizing these aspects can influence the perceived 

fairness of AI. For example, Vallejos and colleagues (2017) found that young people perceive 

AI as fairer if they receive more information about it and the data it uses. Other studies (e.g., 

Angerschmid et al., 2022; Binns et al., 2018; Shin, 2020) support this, emphasizing that 

providing decision explanations improve perceived fairness. Also, Wang and colleagues 
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(2020) note that transparency about the AI developer impact people’s fairness perceptions, 

with outsourced teams being perceived as less fair than in-house developers. 

Concluding, individuals impacted by the adoption of AI in decision-making often meet it with 

skepticism. Consequently, organizations should consider all OJ dimensions when considering 

implementing and using AI, ensuring it is perceived as fair by both users and those affected 

by AI. Research proposes hybrid approaches that incorporate human control within AI 

decision-making processes (Starke et al., 2022). 

2.4 Hybrid Decision-Making and the Role of Human Control 

Hybrid decision-making combines human intelligence and AI, solving problems using the 

thoughtful allocation of tasks among algorithmic and human agents (Dellermann et al., 2019). 

Hybrid decision-making is considered more realistic because, in real-life tasks, humans are 

involved in the decision-making process and AI does not decide autonomously; yet (Kern et 

al., 2022). Indeed, studies that account for some sort of hybrid decision-making show that it is 

perceived as fairer than pure AI decisions. For example, Nagtegaal and colleagues (2021) 

found that in complex tasks, decision-making involving both humans and AI is considered 

more procedurally fair than algorithmic decision-making. Similarly, Kern and colleagues 

(2022) discovered that combining automated recommendations with a human’s final decision 

is perceived as fairer than decisions made entirely by an AI. Also, Newman and colleagues 

(2020) revealed that decisions allowing humans to only consult AI are seen as fairer than fully 

automated decisions. Thus, by including human oversight and intervention in AI decision-

making, fairness perception may be improved while still leveraging AI’s capabilities. Based 

on this and considering individuals’ concerns regarding AI-driven decisions mentioned in 

section 2.3, I hypothesize that employees will view hybrid decision-making processes as 

fairer than those based solely on AI owing to the additional human element. 

H1: Employees who are exposed to hybrid decision-making procedures will perceive higher 

levels of procedural, interpersonal, and informational fairness compared to those who are 

exposed to full AI decision-making procedures.  

Regulatory bodies and guidelines stress the importance of human control in AI decision-

making (European Commission, 2019; European Union Parliament, 2020; UNIDIR, 2014). 

According to the European Commission, AI systems should enhance and complement human 

abilities – not replace them (European Commission, 2019). The General Data Protection 
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Regulation states the right not to be subject to completely automated decisions significantly 

affecting a data subject (European Union Parliament, 2020), and the United Nations Institute 

for Disarmament Research highlights the need for human oversight to prevent algorithmic 

harm (UNIDIR, 2014).  

However, existing studies on human-AI collaboration in decision-making have not yet 

provided details about the specific roles of humans and AI in the process (Schwemer, 2019; 

Starke et al., 2022), and evidence concerning the control exerted by humans versus the system 

in work-related decisions is lacking (Langer & Landers, 2021). An exception is Jiang and 

colleagues’ research (2022), which examined the impact of the order of decision-makers (i.e., 

AI-human or human-AI) on procedural fairness perceptions in multistage decision-making. 

The human-AI order resulted in lower procedural fairness perception (Jiang et al., 2022), 

indicating that the specific placement of humans in collaboration with AI influences fairness 

perception.  

2.5 Hybrid Decision-Making Approaches 

Shrestha and colleagues (2019) present three approaches to combining human and AI 

decision-making in organizations: full human-to-AI delegation, hybrid sequential decision 

structures, and aggregated human-AI decision-making (Shrestha et al., 2019). The first 

approach involves autonomous decision-making by AI. The other approaches are explained 

below. 

Hybrid sequential decision-making offers two approaches where humans and AI make 

decisions sequentially (Shrestha et al., 2019), similar to the order of decision-makers 

investigated by Jiang and colleagues (2020). In the first approach, AI output serves as input 

for human decision-making. AI filters out inappropriate alternatives and passes suitable 

alternatives to the human decision-maker who makes a final decision based on these 

alternatives (Shrestha et al., 2019). This structure is comparable to the judge-advisor system, 

where the advisor gives the judge recommendations for decisions, which the judge then 

evaluates and considers in the final decision (Sniezek & Buckley, 1995). Here, the AI acts as 

the advisor, allowing the final decision-maker to effectively handle situations with many 

alternatives, such as reviewing job applications (Shrestha et al., 2019). Using AI to narrow 

down alternatives saves resources, and the algorithm can provide confidence levels for its 

suggestions, enabling the human to weigh the presented alternatives (Shrestha et al., 2019). 

However, AI decisions could lead to omission bias, potentially missing important information 
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or reporting it incompletely (Chanda & Banerjee, 2022). This can hide viable alternatives 

from human decision-makers unknowingly. Moreover, AI is trained with historical data and 

can reproduce human biases, impacting the choices in alternatives forwarded to the human 

decision-maker (Kordzadeh & Ghasemaghaei, 2022), as seen in the Amazon incident. 

In the second approach, AI and humans switch roles. This structure allows for human control 

in the first phase, in which the human decision-maker can include personal expertise and 

intuition (Shrestha et al., 2019). AI then uses its predictive power and data analysis 

capabilities to make an informed final decision (Shrestha et al., 2019). An example where 

such a decision-making approach is already used is sports analytics (Millington & Millington, 

2015). However, AI-based decision-making in the second phase requires careful selection of 

potential alternatives by the human in the first phase (Shrestha et al., 2019). As mentioned 

before, research on human decision-making indicates that humans are prone to biases. 

Meaning, irrational choices by humans can result in unfair final decisions made by AI. Also, 

the AI decision may lack comprehensibility for people due to the complexity of the 

algorithms used (Schoeffer et al., 2022). This in turn can hinder explanations of outcomes and 

prevent human decision-makers from learning from past decisions (Shrestha et al., 2019).   

In aggregated human-AI decision-making, AI and humans get assigned specific aspects of the 

decision based on their strengths. Their outcomes are then combined into a collective decision 

(Shrestha et al., 2019). This approach allows the simultaneous, but independent, consideration 

of input and expertise from both sources (Oksana et al., 2022). Thus, this approach can 

prevent the reinforcement of human error or AI bias. Also, it could aid in avoiding irrational 

decisions, as the AI could cover decision-making aspects that humans may be incapable of 

noticing (Shrestha et al., 2019). For example, in the recruitment process, human decision-

makers can use their intuition and experience to assess subjective factors that are important 

for a successful hire, while AI can evaluate the objective or numeric factors (Shrestha et al., 

2019). However, this approach faces challenges in interpreting the AI component and 

replicating the human element too, impacting explainability, and consistency (Shrestha et al., 

2019). 

Concluding, these hybrid decision-making approaches have human intervention at different 

stages of the decision process, demonstrating advantages and disadvantages. Haesevoets and 

colleagues (2021) investigated managers’ acceptance of human-machine partnerships in 

managerial decisions. Although their study focused on managers, it has implications for 
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employees’ fairness perceptions. Their findings revealed that 5% of managers preferred 

machines to have the upper hand, 15% preferred an equal partnership, 50% preferred humans 

to have the upper hand, and 30% preferred humans to have complete control in decision-

making (Haesevoets et al., 2021). Based on this, I hypothesize that employees’ perception of 

hybrid decision-making may align with the observed preferences among managers, resulting 

in a similar distribution of fairness perception.  

H2: Employees’ fairness perceptions in hybrid decision-making will vary depending on the 

specific stage of human intervention. Specifically, employees will perceive decision-making 

procedures where humans have the last say as the fairest, followed by procedures with an 

equal partnership between humans and machines, and finally, procedures where AI has the 

last say will be perceived as the least fair. 

2.6 Decision-Making Contexts 

Fairness perception of AI also seems to be context-specific (Starke et al., 2022). When 

comparing people’s perceptions and reactions to AI in different decision contexts, research 

suggests that task characteristics (human skills vs. mechanical skills) (Lee, 2018), task stakes 

(high-stakes vs. low-stakes) (Araujo et al., 2020; Langer et al., 2019), and task complexity 

(low complexity vs. high complexity) (Nagtegaal, 2021) may cause differences.  

Previous research has explored various ways in which employers use AI in decision-making. 

Kellogg (2021) identified three main groups of AI use: directing employees, evaluating 

employees, and disciplining employees. Bankins and colleagues (2022) further associated the 

groups with specific HRM functions, including task allocation, training recommendation, 

promotion, firing, and performance management measures such as bonus payment. They 

examined employees’ interpersonal fairness perceptions of AI decision-making compared to 

human decision-making in these six functions, along with other factors. However, their 

findings indicate consistent fairness perceptions, irrespective of the decision context involved 

(Bankins et al., 2022).  

While these results could be explained by arguing that all HRM decisions may carry high 

stakes due to their potential consequences for employees, other studies emphasize distinctions 

among certain decision contexts in people’s reactions. For example, Langer and colleagues 

(2019) compared people’s reactions regarding AI decision-making in personnel selection 

(considered high-stakes) versus training recommendation (considered low-stakes) and found 
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that people reacted more negatively to the first. Höddinghaus and colleagues (2021) 

considered both promotions and vocational training as high-stake decisions and found that the 

automation of the first was perceived more positively than the latter. In contrast, Ötting and 

Maier (2018) found no significant difference in employees’ procedural fairness perceptions 

between task allocation (considered low-stakes) and vocational training decisions (considered 

high-stakes). Thus, how decision contexts are defined and perceived seems to differ greatly 

across studies.  

Due to these inconsistent findings, exploring potential discrepancies in fairness perception 

across different managerial decisions is important to account for any impact that different 

contexts may have on employees’ perceptions of hybrid decision-making.  

H3: Employees’ fairness perceptions will vary depending on the decision context, with some 

contexts potentially leading to higher fairness perception of hybrid decision-making 

compared to others.  
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3 Methodology 

3.1 Research Strategy and Design 

This study investigated how different approaches to human oversight in AI decision-making 

affect employee fairness perception. For this, an experimental survey study using vignette 

methodology was designed (Malhotra et al., 2017, p. 80). Experimental survey studies enable 

researchers to assess causality in hypothetical scenarios by manipulating factors believed to 

impact individuals’ judgments (Malhotra et al., 2017, p. 81). Building upon prior findings 

regarding the influence of AI decision-making on fairness perception (Bankins et al., 2022; 

Lee, 2018; Ötting & Maier, 2018), I used a quantitative approach with an online study 

implemented in the survey platform Qualtrics.  

The study employed a two-way 4 (decision-making type: full AI vs. sequential AI-human vs. 

sequential human-AI, vs. aggregated human-AI) x 3 (decision context: promotion vs. bonus 

payments vs. career training) between-subjects design, with fairness perception as the 

dependent variable. This design resulted in 12 scenarios, to which participants were randomly 

and evenly assigned, with each participant only being exposed to one level of each factor. The 

between-subjects design was chosen to compare participants that were exposed to different 

scenario conditions, avoiding knowledge spillover and order effects (Aguinis & Bradley, 

2014).  

3.2 Participants 

The sample size was determined beforehand by running a power analysis in G*Power (Faul et 

al., 2007). G*Power indicates that at least 225 participants are required for a two-way 

factorial ANOVA with 80% power, α = .05, and a medium effect size (f = 0.25) for analyzing 

interaction effects. However, as this study had 12 conditions, this would result in each 

condition having only approximately 18 participants. With such a sample size, the power to 

detect medium-sized differences (d = 0.5) in planned contrasts would be limited to 32%. 

When comparing two groups, with 80% power, α = .05, two-tailed, with a medium-sized 

effect (d = 0.50), 64 participants per condition are recommended. Thus, with 12 conditions, 

the desired sample size amounted to 768 participants. 

The recruitment of participants was done in several steps. First, personal and professional 

networks were used. Second, participants were invited via social media platforms such as 

LinkedIn, Instagram, and Facebook. Additionally, two online platforms - SurveyCircle and 
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SurveySwap - were used to reach participants outside of my personal network. Also, to reach 

people who are inactive on social media, flyers including a QR-code leading to the survey 

were distributed in Münster, Germany. Finally, a gender-balanced sample of 65 participants 

was recruited from the crowdsourcing platform Profilic, with participants being paid 1.30€ for 

taking part in the survey.  

Between May 2nd and May 22nd, a total of 1,095 survey responses were collected. Out of 

these, 8 responses were from participants who declined to consent to participate and 272 

participants did not complete the survey. After excluding those, 810 responses remained. 

However, 18 of these failed the attention check and were eliminated from the analysis. The 

valid sample consisted of 797 participants, with 47.9% being male and 51.2% female. 

Participants’ age ranged from 18 to 81 years old (M = 31.00, SD = 11.67), and most possessed 

a bachelor’s or master’s degree (N = 581). Also, most participants were full-time employed (N 

= 299), part-time employed (N = 188), or students (N = 253), with the majority working in the 

computer or IT (N = 97), consulting or management (N = 84), marketing or PR (N = 58), and 

engineering or manufacturing (N = 51) sectors. Most participants were European (N = 715), of 

which most were from Germany (N = 544), followed by Portugal (N = 31) and Austria (N = 

31). Besides, participants originated from Asia (N = 9), America (N = 13), and Africa (N = 

15). 83% of the participants somewhat or strongly agreed to be familiar with the term AI, and 

66% reported that completing the survey was slightly, moderately, or extremely easy.  

3.3 Procedure 

Participants voluntarily and anonymously started the study after giving informed consent. 

Next, they had to indicate their familiarity with the term AI. To ensure a common 

understanding among participants, a standardized definition of the term was provided 

afterwards.  

Then, participants were randomly assigned to one of the 12 hypothetical vignettes (see 

Appendix B). These depicted them as employees in a fictitious company, providing 

information about their roles, and the company’s decision plans. All vignettes followed a 

consistent structure, were of similar length, and included the same information aspects: 1) the 

specific decision to be made (i.e., allocation of promotion, bonus payments, or career training; 

depending on the condition), 2) the employee data gathered (i.e., one subjective and one 

objective data point to suit both the human and AI decision maker), 3) the decision-making 

type applied (i.e., full AI, sequential human-AI, sequential AI-human, or aggregated human-
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AI; depending on the condition), and 4) a detailed explanation of the decision-making 

process. A process flow diagram following business process model notation was provided to 

enhance comprehension of the process. 

After reading the vignette, participants rated the decision-making procedure and provided a 

brief explanation for their rating. Two manipulation check questions followed, assessing the 

decision-making procedure and context. Next, participants were presented with statements 

concerning their procedural, informational, and interpersonal fairness perception. Then, trust 

in technology, trust in automation, and trust in people were measured as covariates. An 

attention check question was included (“I have never used a computer”), based on Curran and 

Hauser’s proposal (2019). Demographic questions were asked at the end. See Appendix A for 

the entire survey. 

3.4 Variable Measurement 

3.4.1 Main Variables 

Employee fairness perception: This study’s dependent variable was employees’ fairness 

perception, measured using an adaptation of Colquitt’s organizational justice scale (Colquitt, 

2001). It has been used in parts or complete by researchers to measure fairness perception in 

organizational contexts (Blodgett et al., 1997; Cropanzano & Ambrose, 2015), including AI-

related fairness perception (Lee et al., 2019; Morse et al., 2022). The scale originally includes 

20 items, of which the 4 items on distributive justice were neglected, to avoid outcome 

favorability bias. Thus, 16 items were included: 7 items for procedural fairness (e.g., “Have 

those procedures been free of bias?”), 4 items for interpersonal fairness (e.g., “Has (he/she) 

treated you with dignity?”), and 5 items for informational fairness (e.g., “Has (he/she) 

explained the procedures thoroughly?”). Participants responded on a 5-point Likert scale 

ranging from 1 (to a small extent) to 5 (to a large extent). Changes were made to align the 

scale with the study’s hypothetical situation. First, the verb tense was adapted (e.g., “Will this 

procedure be free of bias?”). Second, the interpersonal fairness items were modified to fit the 

study context (e.g., “Will the decision-making procedure make you feel treated with 

respect?”). Lastly, the informational fairness items were adapted to fit the control and 

treatment groups (e.g., “Will your manager and the AI system be able to explain the 

procedures thoroughly?”). 

Decision-making type: The study used a first categorical independent variable consisting of 

four different types of decision procedures, including one full AI (control) and three hybrid 
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decision-making procedures (treatment): sequential AI-human, sequential human-AI, and 

aggregated human-AI (Shrestha et al., 2019). In the scenarios, participants were randomly 

assigned to one of these procedures to ensure equal distribution across treatment conditions. 

Decision context: The second independent variable was the decision context. Similar to 

Bankins and colleagues’ (2022) approach, I focused on the three AI functions defined by 

Kellogg and colleagues (2021). The contexts included training (representing directing), bonus 

payment (representing disciplining), and promotion (representing evaluating). These contexts 

were selected to maintain a manageable scope and provide a relatively positive context for 

analysis. Negative decision contexts such as firing or work allocation, as used by Bankins and 

colleagues (2022), were not included. Again, participants were randomly assigned to one of 

these contexts to ensure equal distribution. 

3.4.2 Control Variables 

Trust in technology: People’s trust in technology may influence the fairness perception of AI 

(Pierson, 2017; R. Wang et al., 2022). Two scales by Mcknight and colleagues (2011) were 

used. The first scale included four items (e.g., “A large majority of technologies are 

excellent.”), measuring faith in general technology on a 5-point Likert scale from 1 (Strongly 

disagree) to 5 (Strongly agree). The second scale included three items (e.g., “I usually trust a 

technology until it gives me a reason not to trust it.”), and measured trusting stance in general 

technology on the same Likert scale. These scales were examined individually. 

Trust in automation: Trust in automation influences individuals’ reliance on or rejection of 

automated systems (J. D. Lee & See, 2009), and has been found to impact the fairness 

perception of AI (Bankins et al., 2022). Thus, I included participants’ propensity to trust 

automation as a covariate, measured using Körber’s (2018) 3-item scale (e.g., “I rather trust a 

system than I mistrust it.”) on a 5-point Likert scale from 1 (Strongly agree) to 5 (Strongly 

disagree). 

Trust in people: Hybrid decision-making could cause differing perceptions, depending on 

people’s trust in humans. Research has demonstrated that people who have experienced 

discrimination from a human authority are more likely to perceive AI as fair (Kaibel et al., 

2019). Thus, I included participants’ propensity to trust people as a covariate and measured it 

with Schoorman and colleagues’ (1996) 8-item scale (e.g., “Most people can be counted on to 
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do what they say they will do.”), using a 5-point Likert scale from 1 (Strongly disagree) to 5 

(Strongly agree). 

Demographics: Several participant characteristics were analyzed, including age, gender, 

nationality, educational background, current employment status, and industry sector. Gender 

options were male, female, or other. Age was obtained numerically in years through an open-

ended question. Nationality, educational background, and industry sector were collected using 

a single-choice question format.  
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4 Results 

4.1 Data Preparation 

Manipulation checks assessed participants’ accuracy in identifying the decision type and 

context presented in the scenario. Among all participants, 7.4% incorrectly recognized the 

decision context, 14.7% incorrectly recognized the decision type, and 18.4% got both the 

decision type and context wrong. Still, I decided not to exclude these participants to maintain 

the desired minimum sample size per condition, but the manipulation check was included as a 

control variable in subsequent analyses. Also, dummy variables were created for participants’ 

origin (i.e., Asian, American, African, and European), educational background, employee 

status, and industry sector. A binary variable was created for gender (0 = female, 1 = male).   

4.2 Scale Reliability 

First, reverse-scored items were recoded to align their scoring direction with the other scale 

items. Also, items within a scale should exhibit internal consistency, indicating that they are 

measuring the same underlying construct (Bland & Altman, 1997). Since the scales used in 

this study consisted of more than two items, a factor analysis, as recommended by Field 

(2009), was conducted. Also, Cronbach’s α coefficient was calculated to assess each scale’s 

reliability. When comparing groups, Cronbach’s α values between .70 and .80 are considered 

satisfactory (Bland & Altman, 1997). 

A principal component analysis was conducted on the 16 items from the OJ scale using 

orthogonal rotation (varimax). The adequacy of the sample for the analysis was verified using 

the Kaiser-Meyer-Olkin (KMO) measure, resulting in a KMO value of .89, which is 

considered great according to Field (2009). Additionally, all item KMO values exceeded .81, 

well above the acceptable limit of .5 (Field, 2009). Bartlett’s test of sphericity, χ²(120) = 

5099.72, p < .001, indicated that the correlations between items were sufficiently large for 

conducting the principal component analysis. The initial analysis yielded Eigenvalues for 

each component, with four components having Eigenvalues above Kaiser’s criterion of 1. 

Together, these components explained 62.16% of the variance. Component 1 represented 

interpersonal and Component 2 informational fairness. However, the items related to 

procedural fairness were split across two components. Also, two items loaded on incorrect 

components (“Will this decision-making procedure uphold ethical and moral standards?” 

loaded on interpersonal fairness and “Will this decision-making procedure refrain from 
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improper remarks or comments?” on one of the procedural fairness components). I explored 

alternative approaches (see Appendix C for more detail), to find a better-fitting model. First, I 

reran the analysis, specifying the extraction of only three components. This resulted in a 

worse model fit compared to the four-component model (55.69% variance explained), with 

five items loading incorrectly. I then turned to an approach following Maharee-Laweler and 

colleagues (2010) who faced a similar split of procedural fairness: Using oblimin rotation, this 

extraction yielded the same component structure and item loading pattern as the initial 

approach. Consequently, I chose the four-factor model as the best-fitting model for several 

reasons. First, the two items that loaded incorrectly had the second-highest loading on the 

correct component, indicating some degree of association. Second, the four-factor model only 

had two items failing to load correctly. Third, when calculating Cronbach’s α for the 

subscales, the two procedural fairness components showed higher or similar values (α = .76 

and .71) than merging them into a single factor (α = .71). Thus, procedural fairness was 

treated as two separate subscales in the subsequent analyses: procedural-voice referring to 

items associated with individuals’ opportunities to influence, appeal, or express opinions 

during the decision process, and procedural-core referring to items related to process 

characteristics. The entire OJ scale yielded a satisfactory Cronbach’s α (.89), as did the 

interpersonal and informational fairness subscales (.82 and .78 respectively). 

The factor analyses of the items used in faith in general technology, trusting stance in general 

technology, and propensity to trust automation scales each revealed a single underlying factor, 

indicating that the items measured the same construct. Cronbach’s α for faith in general 

technology and trusting stance in general technology were satisfactory at .76 and .73, 

respectively. However, propensity to trust automation yielded a Cronbach’s α of .61, which is 

not considered satisfactory according to Bland and Altman (1997). Although this subscale, 

taken from Körber’s questionnaire, originally yielded a Cronbach’s α of .75, Körber (2018) 

explained that smaller subscales may exhibit sensitivity to different situations and contexts. 

Also, participants may hold a tendency to trust automated systems and perceive them as 

generally functioning well while also believing that one must be cautious with unfamiliar 

automated systems, especially considering they were presented with the AI-workplace 

scenario. Thus, the obtained Cronbach’s α below .70 can be justified but should be interpreted 

cautiously. 

The factor analysis of the propensity to trust people scale extracted two components. The first 

consisted of the two negatively worded items (after reverse coding) and the second consisted 
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of the remaining positively worded items. As the scale yielded a satisfactory Cronbach’s α of 

.72, I concluded that this was an impact of wording and that the items still correspond to the 

same underlying concept. 

After ensuring the reliability of the different scales, scores were obtained by averaging each 

scale’s items.  

4.3 Demographic Analysis 

I analyzed the impact of participants’ demographic characteristics on overall fairness 

perception (see Appendix D). No significant differences were observed based on gender, 

nationality, and employment status. However, age negatively correlated with overall fairness 

perception. As age increased, fairness perception decreased, r(794) = -.11, p = .002. Also, a 

negative correlation was found between overall fairness perception and participants with a 

Ph.D., r(795) = -.09, p < .05. Considering participants’ lines of work, significant negative 

correlations were found between overall fairness perception and the science/pharmaceutical 

sector, r(795) = -.10, p < .01, and the environment/agriculture sector, r(795) = -.08, p < .05. 

Appendix E provides a correlation table between the dependent variables and non-

demographic covariates. 

4.4 Participants’ General Fairness Perception  

To address the exploratory RQ1, I reviewed participants’ quantitative and qualitative answers 

to the question of how fair they generally believed the decision-making procedure in the 

presented scenario to be. Due to space constraints, noteworthy findings from the quantitative 

analysis are mentioned in Section 4.5.1. For the entire quantitative analysis see Appendix F.  

4.4.1 Qualitative Analysis 

The open-text responses were thematically analyzed according to the step-by-step guide 

provided by Braun and Clarke (2006) to uncover meaningful patterns within the data. German 

responses were translated into English, and a data-driven, inductive approach was used for 

theme identification (Braun & Clarke, 2006). In this approach, the data was coded without 

attempting to fit it into pre-existing categories, with themes emerging naturally directly from 

the data itself. (Braun & Clarke, 2006). After becoming familiar with the data, common 

themes were identified based on explicit or surface meanings (Braun & Clarke, 2006), and the 
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responses were organized according to the identified themes and then summarized for 

interpretation. 

Before analysis, the responses were categorized based on sentiment: positive, mixed, 

negative, and neutral (see Table G1, Appendix G). Mixed responses occurred when 

participants provided contradictory statements, mentioning both positive and negative aspects 

of the decision-making process. For instance, participants often mentioned positive aspects 

and ended their statement with a “but”, expressing concerns or doubts. In such cases, I coded 

the response with all relevant positive and negative themes. All relevant data were coded 

under at least one minor theme. Minor themes were grouped into three major themes: 

positive, negative, or neutral. Appendix G provides the frequency of theme usage, including 

example quotes representing the minor themes. The following paragraphs summarize the 

qualitative analysis results.  

The aggregated human-AI condition showed the largest percentage of themes that were 

positive (70%). The most frequent positive themes were 1) the combination of subjective and 

objective evaluation (20%; e.g., “The AI can review the objective data just fine. I think it 

could have had problems with reviewing the subjective data, so that’s a good thing that a 

human is doing that.” [Promotion]), 2) that each decision-making actor was responsible for 

something they are good in (13%; e.g., “Qualities of both agents are fairly distributed” 

[Bonus]), and 3) that the human was making the final decision (9%; e.g., “The use of AI is 

useful for the analysis of objective indicators, as long as it is integrated with qualitative data 

analyzed by humans. I think it is important that the final decision is human made.” [Bonus]). 

Also, this condition had the lowest percentage of negative themes (23%).  

Interestingly, the sequential human-AI condition (not the full AI) had the largest percentage 

of themes that were negative (54%). The most frequent negative themes were 1) that 

subjective factors, interpersonal components, or soft skills were neglected (14%; e.g., “I can 

see how the process makes sense, but I think that there are also other important characteristics 

of potential employees that go beyond hard skills etc.” [Training]), and 2) that the decision 

could have been subject of human bias or partial human judgment (14%; e.g., “The selection 

of the shortlist can already have a strong bias, so that the AI can no longer evaluate neutrally.” 

[Promotion]). Thus, it seems that in addition to concerns regarding AI bias in decision-

making (Kordzadeh & Ghasemaghaei, 2022), people also identify human bias as an issue.  
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Similar to sequential human-AI, the full AI condition had more negative (50%) than positive 

themes (35%). The most frequent positive theme was that 1) the fully automated decision was 

objective or neutral (10%; e.g., “Kind of fair as it is objectively chosen by an AI and no 

human.” [Promotion]), followed by 2) the decision was performance-oriented, data-driven or 

fact-based (8%; e.g., “The system refers to actual data on the candidate’s performance which 

is fair in my opinion.” [Training]). The most frequent negative themes again included 1) that 

subjective factors were neglected (16%; e.g., “This process can’t take into account soft skills 

such as interpersonal connection, empathy, etc.” [Promotion]), and that 2) the human aspect 

was missing (9%; e.g., “AI should not solely make decisions about such things, the system 

lacks human behavior and emotion and might not be able to see other important factors that 

are clear to the human manager.” [Training]). Also, the full AI condition had the largest 

percentage of neutral themes (14%), including the minor theme that fairness depends on the 

AI and the data it is trained with. Here, this condition yielded the largest percentage (11%). 

Finally, the sequential AI-human condition had more positive (51%) than negative (41%) 

themes. The most common positive theme was that the human made the final decision (12%; 

e.g., “It's okay because the final decision is still made by the manager.” [Promotion]), and the 

most common negative theme was that subjective factors were neglected by the AI (10%; 

e.g., “The personality and the interpersonal factors are not taken into account.” [Training]). 

The second most common negative theme was that potential prospects might have been 

omitted during the preselection of the AI (7%; e.g., “Some candidates might not be on the AI-

generated shortlist although the manager might think they would be appropriate.” 

[Promotion]). Interestingly, human bias or partial human judgment was the third most 

common negative theme in the sequential AI-human condition (6%).  

4.5 Hypotheses Testing 

4.5.1 Differences in Perception across Decision Types – Overall Fairness 

H1 predicted that hybrid decision-making would be perceived as fairer by participants than 

full AI decision-making, while H2 predicted that participants’ fairness perceptions would vary 

depending on the specific stage of human intervention. To test these hypotheses, I conducted 

an independent one-way ANOVA, with overall fairness perception as the dependent variable 

and decision type as the independent variable (see Table 1 for N, M, and SD per condition). 

Both the normality (Shapiro-Wilk test p > .05) and the homogeneity of variances (Levene’s 

test p > .05) assumptions were met.  
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The ANOVA yielded a significant effect of decision type on the average overall fairness 

perception, F(3, 793) = 18.78, p < .05, η2 = .07. The small, medium, and large effect size 

cutoffs for η2 are .01, .06, and .14, respectively (Richardson, 2011). Thus, a significant 

difference was observed among the decision types regarding participants’ average overall 

fairness perception1. 

Table 1. Average Overall Fairness Perception per Decision Type 

Condition N M SD 

 

Full AI 203 2.83 0.67  

Sequential Human-AI 196 2.91 0.60  

Aggregated Human-AI 196 3.29 0.67  

Sequential AI-Human 202 3.00 0.63  

To identify group differences, I conducted three planned contrasts, which allowed the testing 

of specific hypotheses by comparing conditions based on predefined assumptions (Field, 

2009). Contrast 1 tested H1 by comparing full AI to hybrid decision-making. The results 

supported H1, showing greater fairness perception in the hybrid compared to full AI decision-

making, t(793) = 4.55, p < .05, d = 1.11. Contrast 2 and 3 compared the hybrid decision-

making types to each other, testing H2. In Contrast 2, sequential AI-human and aggregated 

human-AI were compared to sequential human-AI decision-making, revealing a statistically 

significant difference in overall fairness perception, supporting H2, t(793) = 4.11, p < .05, d = 

0.72. However, Contrast 3, comparing sequential AI-human to aggregated human-AI, found a 

statistically significant difference in the opposite direction of H2, t(793) = - 4.38, p < .05, d = 

- 0.44. Thus, H2 was partially supported, indicating differences in overall fairness perception 

among hybrid decision-making procedures, but with aggregated human-AI, not sequential AI-

human, being perceived as the fairest. 

4.5.2 Differences in Perception across Decision Types – Fairness Dimensions 

I repeated the procedure of the previous subsection for each fairness dimension. Before this, I 

tested the dependent variables for normality and homogeneity. All variables were normally 

 
1 The study included one item measuring general fairness (see Chapter 4.4) before the overall 

fairness scale. The analysis of that item was consistent with the overall fairness results. Notably, the 

analysis of  the general fairness rating revealed no significant difference between full AI (M = 4.32, 

SD = 1.71) and sequential human-AI decision-making (M = 4.38, SD = 1.59), Z = -0.19, p = .849. For 

the detailed analysis, see Appendix F. 
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distributed, and variances were homogeneous for the procedural and the informational 

fairness variables, p > .05, but not for interpersonal fairness, p < .05. Thus, I used Welch’s 

robust test for equality of means to analyze interpersonal fairness, accounting for the unequal 

variances between groups (Delacre et al., 2017). The ANOVAs showed significant effects of 

decision type on fairness perception in each dimension, see Table 2. Thus, significant 

differences exist in participants’ procedural-voice, procedural-core, interpersonal, and 

informational fairness perception across the different decision-making procedures. 

Table 2. ANOVA for Fairness Dimensions 

  Full AI 
Sequ. 

Human-AI 

Aggregated 

Human-AI 

Sequ. AI-

Human F 

(3, 793) 
p η2 

  M SD M SD M SD M SD 

Procedural-Voice 1.85 0.85 2.17 0.84 2.6 0.94 2.26 0.95 23.43 <.001 .08 

Procedural-Core 3.3 0.82 3.2 0.79 3.44 0.82 3.26 0.75 3.40 .017 .01 

Interpersonal 2.86 1.00 2.93 0.84 3.49 0.84 3.15 0.87 19.58 <.001 .07 

Informational 3.02 0.88 3.12 0.75 3.41 0.83 3.12 0.77 8.68 <.001 .03 

Note. Interpersonal fairness results are based on Welch’s robust test for equality of means. 

I conducted planned contrasts to identify specific group differences within the fairness 

dimensions (see Table 3). Contrast 1 showed significant differences between full AI and the 

three hybrid conditions, except for procedural-core. Contrast 2 revealed significant results, 

indicating that participants perceived sequential AI-human and aggregated human-AI as fairer 

than sequential human-AI decision-making across all dimensions. Also, Contrast 3 showed a 

significant difference, suggesting that aggregated human-AI was perceived as fairer than 

sequential human-AI across all dimensions.  

Table 3. Planned Contrasts for Fairness Perception on Dimensional Level 

 Contrast 
Value of 

Contrast 
SE t(793) † d 

 

Procedural-Voice 

1 – Full AI vs. Hybrid 1.47 0.22 6.74* 1.64  

2 – Sequ. Human-AI vs. Other Hybrid 0.53 0.16 3.38* 0.59  

3 – Sequ. AI-human vs. Aggregated -0.33 0.09 -3.72* -0.37  

Procedural-Core 

1 – Full AI vs. Hybrid 0.01 0.19 0.04 0.01  

2 – Sequ. Human-AI vs. Other Hybrid 0.31 0.14 2.25* 0.39  

3 – Sequ. AI-human vs. Aggregated -0.18 0.08 -2.29* -0.23  
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  Contrast 
Value of 

Contrast 
SE t(793) † d 

 

Interpersonal 

1 – Full AI vs. Hybrid 0.99 0.23 4.21* 1.11  

2 – Sequ. Human-AI vs. Other Hybrid 0.77 0.15 5.18* 0.86  

3 – Sequ. AI-human vs. Aggregated -0.34 0.09 -3.92* -0.38  

Informational 

1 – Full AI vs. Hybrid 0.6 0.20 3.07* 0.75  

2 – Sequ. Human-AI vs. Other Hybrid 0.29 0.12 2.08* 0.36  

3 – Sequ. AI-human vs. Aggregated -0.29 0.08 -3.54* -0.36  

Note. * p = <.05, Cohen’s d categorizes effect sizes as small (0.2), medium (0.5), and large 

(0.8) (Cohen, 1992). † degrees of freedom for interpersonal fairness differ as equal variances 

were not assumed for Contrast 1 (308.90), Contrast 2 (393.63), and Contrast 3 (396.00).    

4.5.3 Controlling for Covariates – Overall Fairness 

People’s trust in technology, automation, and people have been identified as factors that may 

influence fairness perception of AI decision-making, possibly confounding the relationship 

between decision type and the dependent variables. I conducted an ANCOVA, assessing the 

unique impact of decision type on participants’ overall fairness perception while controlling 

for covariates. All covariates, except the propensity to trust people and the manipulation 

check, were statistically significant (see Table 4), suggesting that overall fairness perception 

was impacted by them. However, after including the covariates, decision type remained 

significantly related to overall fairness, F(3, 780) = 21.08, p < .001, η2 = .07, suggesting a 

robust effect.  

Table 4. ANCOVA Overall Fairness 

  β F(1, 780) p η2 

 
Faith in General Technology .23 41.58 <.001 .05  

Trusting Stance in General Technology .11 13.36 <.001 .02  

Propensity to Trust Automation .20 32.29 <.001 .04  

Propensity to Trust People .05 2.17 .141 .00  

Manipulation Check -.09 2.32 .128 .00  

Furthermore, to assess the fairness perception of hybrid decision-making compared to full AI 

decision-making, testing H1, while controlling for covariates, I used planned contrasts. A new 

dummy variable was created to represent decision type, with full AI as the reference group. 

The contrasts indicated that full AI procedures significantly reduced overall fairness 
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perception compared to aggregated human-AI, t(788) = 7.65, p < .001, η2 = .07, and 

sequential AI-human, t(788) = 3.09, p = .002, η2 = .01, but not compared to sequential human-

AI decision-making, t(788) = 1.95, p = .052, η2 = .01. Thus, controlling for covariates, H1 

was only partially supported regarding overall fairness, suggesting that the influence 

attributed to the decision type in the ANOVA may have been confounded by the covariates. 

To assess the robustness of H2 while considering the covariates, I performed repeated 

contrasts. I wanted to validate the previous ANOVA results, specifically with aggregated 

human-AI being perceived as the fairest and sequential human-AI as the least fair. A new 

dummy variable representing decision type was created, following the order suggested by the 

ANOVA. The repeated contrasts allowed comparing the groups in this specific order. The 

order of results was in line with the previous findings, from most fair to least: aggregated 

human-AI (Madjusted = 3.26, SE = 0.04), sequential AI-human (Madjusted = 3.00, SE = 0.04), 

sequential human-AI (Madjusted = 2.94, SE = 0.04), and full AI (Madjusted = 2.84, SE = 0.04). 

However, only the differences between aggregated human-AI and sequential AI-human, as 

well as between sequential human-AI and full AI, were statistically significant at p < .05. 

Thus, H2 was not supported in terms of overall fairness. 

4.5.4 Controlling for Covariates – Fairness Dimensions 

I examined the unique impact of different decision types on participants’ procedural-voice, 

procedural-core, interpersonal, and informational fairness perception while controlling for the 

covariates. Levene’s test yielded non-significant results for all ANCOVAs, except for the 

procedural-voice dimension. However, the significant Levene’s test only emerged when the 

manipulation check was included, suggesting that participants’ fairness perception in the 

procedural-voice dimension varied based on their understanding of the assigned decision type. 

To address this violation, I performed a rank transformation before the parametric calculation, 

following the approach recommended by Conover and Iman (1982). The rank transformation 

involved replacing the procedural-voice data with corresponding ranks, and the F-statistics 

were calculated based on the ranks rather than the raw data (Conover & Iman, 1982). 

Most covariates showed a significant relationship with fairness perception across the 

individual dimensions (see Appendix H). Propensity to trust people had a significant 

association with interpersonal fairness perception only. Also, participants’ performance in the 

manipulation checks strongly influenced procedural-voice fairness, with significance 
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observed only in this dimension. Regardless of the covariates, decision type had a significant 

effect on fairness across all dimensions.  

Next, I performed planned and repeated contrasts to examine whether the differences in 

perception across decision types aligned with the ANOVA findings at the dimensional level 

while controlling for the covariates. Covariate adjusted descriptives are presented in Table 5. 

Planned contrasts revealed that full AI decision-making significantly decreased interpersonal 

fairness perception compared to aggregated human-AI, t(788) = 7.21, p < .001, η2 = .06, and 

sequential AI-human decision-making, t(788) = 3.53, p < .001, η2 = .02, but not compared to 

sequential human-AI decision-making, t(788) = 1.24, p = .214, η2 = .002. Moreover, full AI 

decision-making significantly decreased the informational fairness perception compared to 

aggregated human-AI, t(788) = 4.99, p < .001, η2 = .03, but not compared to sequential AI-

human, t(788) = 1.33, p = .186, η2 = .002, or sequential human-AI decision-making, t(788) = 

1.75, p = .080, η2 = .004. Additionally, full AI decision-making did not significantly decrease 

the procedural-core fairness perception compared to aggregated human-AI, t(788) = 1.34, p = 

.179, η2 = .002, sequential AI-human, t (788) = - .91, p = .365, η2 = .001, or sequential human-

AI decision making, t(788) = -1.32, p = .187, η2 = .00. Lastly, full AI decision-making 

significantly decreased procedural-voice fairness perception compared to aggregated human-

AI, t(788) = 9.19, p < .001, η2 = .08, sequential AI-human, t(788) = 5.73, p < .001, η2 = .04, 

and sequential human-AI decision-making, t(788) = 4.74, p < .001, η2 = .03. 

Table 5. Covariate Adjusted Descriptive Statistics for Fairness Dimensions 

Dimension Decision Type Ma SE 

 
Procedural-Voice† Aggregated Human-AI 492.19 15.22  

 Sequential AI-Human 416.45 14.97  

 Sequential Human-AI 369.24 15.21  

 Full AI 294.33 15.07  

Procedural-Core Aggregated Human-AI 3.42 0.05  

 Sequential AI-Human 3.25 0.05  

 Sequential Human-AI 3.22 0.05  

 Full AI 3.32 0.05  

Interpersonal Aggregated Human-AI 3.45 0.06  

 Sequential AI-Human 3.15 0.06  

 Sequential Human-AI 2.96 0.06  

 Full AI 2.87 0.06  
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Dimension Decision Type Ma SE 

 

Informational Aggregated Human-AI 3.40 0.05  

 Sequential AI-Human 3.20 0.05  

 Sequential Human-AI 3.15 0.05  

  Full AI 3.02 0.05  

Note. a = adjusted, † Adjusted mean values for procedural-voice fall out of line because of the 

rank transformation.  

Continuing with the repeated contrasts (see Table 6), only aggregated human-AI and 

sequential AI-human decision-making showed significant differences across all dimensions. 

Aggregated human-AI was consistently perceived as the fairest across all fairness dimensions. 

A significant difference was shown between sequential AI-human and sequential human-AI, 

indicating that the former was perceived as fairer than the latter in terms of interpersonal 

fairness. Sequential human-AI only differed significantly from full AI decision-making in the 

procedural-voice dimension.  

Table 6. Repeated Contrasts 

  Interpersonal Informational Procedural-Voice Procedural-Core 

 
Contrast 

Estimate 
p 

Contrast 

Estimate 
p 

Contrast 

Estimate 
p 

Contrast 

Estimate 
p 

  

1 0.30 <.001 0.27 <.001 75.74 <.001 0.16 .024 

2 0.18 .023 -0.03 .650 20.21 .344 0.03 .655 

3 0.10 .227 0.13 .078 101.91 <.001 -0.10 .182 

Note. 1 = Aggregated vs. Sequential AI-human, 2 = Sequential AI-human vs. Sequential 

human-AI, 3 = Sequential human-AI vs. Full AI. Contrast estimates for procedural-voice fall 

out of line because of the rank transformation.  

4.5.5 Differences in Fairness Perception among Decision Contexts 

The final hypothesis, H3, examined employees’ fairness perceptions in different decision 

contexts: promotion, career training, and bonus payment. Two-way factorial ANOVAs were 

performed to analyze the main effects of decision context on the dependent variables and 

explore potential interactions between decision type and context. 
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First, I examined the effects and potential interactions regarding overall fairness perception, 

followed by analyzing each fairness dimension. However, Levene’s test for the two-way 

factorial ANOVA on overall fairness, informational fairness, and procedural-voice fairness 

perception violated the assumption of equal variances (p < .05). To address this, the Aligned 

Rank Transform (ART) ANOVA, a non-parametric approach, was employed in these cases. 

The ART method involves aligning and ranking the data for each main and interaction effect, 

providing a more robust analysis when equal variances are violated (Wobbrock et al., 2011). 

This transformation ensures appropriate Type I error rates and suitable power for main effects 

and interactions (Wobbrock et al., 2011). 

Regarding overall fairness perception, the analysis revealed a significant main effect of 

decision type, F = 16.40, p < .05, η2 = .06, indicating that the specific decision type 

significantly influenced participants’ overall fairness perception. However, there was no 

significant main effect of decision context, F = 2.91, p > .05, η2 = .01, meaning the decision 

context did not significantly influence participants’ overall fairness perception. Also, no 

statistically significant interaction between the effect of decision type and decision context 

was found, F = 0.85, p > .05, η2 = .01, suggesting that the impact of different decision types 

on overall fairness perception did not differ across the decision contexts, not supporting H3.  

Furthermore, despite the absence of a main effect of decision context and an interaction effect 

in overall fairness, the procedure was repeated for each fairness dimension, see Table 7. The 

results showed consistent significant main effects of decision type across all dimensions. 

However, decision context did not show significant effects in the fairness dimension, except 

in the case of informational fairness. Here, both decision type, F = 8.29, p < .05, η2 = .03, and 

context, F = 3.52, p < .05, η2 = .01, had significant main effects. However, no significant 

interaction effect was found in any fairness dimension. Thus, the decision types and contexts 

seem to not interact in their effect on fairness perceptions in the dimensions. 

Table 7. Two-Way Factorial ANOVA for Fairness Dimensions 

 Effect F df p η2 

Interpersonal 

Type 19.22 3 <.001 .07 

Context 1.73 2 .178 .00 

Type * Context 0.63 6 .706 .00 
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  Effect F df p η2 

Informational 

Type 8.29 3 <.001 .03 

Context 3.52 2 .030 .01 

Type * Context 1.47 6 .184 .01 

Procedural-Core 

Type 3.37 3 .018 .01 

Context 2.67 2 .070 .01 

Type * Context 0.59 6 .743 .00 

Procedural-Voice 

Type 24.68 3 <.001 .09 

Context 0.86 2 .425 .00 

Type * Context 1.76 6 .104 .01 

Lastly, I conducted follow-up tests for the decision context in the informational fairness 

dimensions, to identify how contexts differed. As I had no specific priori prediction about the 

differences between contexts, pairwise comparisons were employed to explore any between-

group differences. Pairwise comparisons are designed to compare all different combinations 

of the treatment groups (Field, 2009). I performed Gabriel’s pairwise test as my sample sizes 

across the three decision context groups slightly differed but had equal variances. Here, 

Gabriel’s test provides good control over the Type I error rate and ensures great statistical 

power (Field, 2009). Table 8 shows that the decision contexts that differed significantly from 

each other in terms of informational fairness were the bonus payment (M = 3.28, SD = 0.79) 

and career training (M = 3.08, SD = 0.86) contexts. Thus, H3 was not supported, except for 

the informational dimension, where participants perceived bonus payment decisions to be, 

overall, fairer than career training decisions.  

Table 8. Pairwise Comparison (Gabriel’s Test) for Informational Fairness  

Decision Context (I) Decision Context (J) Mean Difference (I-J)  SE p 
 

Promotion Bonus Payment -0.14 0.07 .131  

Career Training 0.07 0.07 .722  

Bonus Payment Promotion 0.14 0.07 .131  

Career Training 0.21 0.07 .011  

Career Training Promotion -0.07 0.07 .722  

Bonus Payment -0.21 0.07 .011  
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5 Discussion 

The use of AI in organizations is changing how managers make decisions (Höddinghaus et 

al., 2021). However, employees often feel that AI-based decisions affecting them are unfair 

(Starke et al., 2022), harming organizations (Greenberg, 1990). To tackle this issue, the 

concept of hybrid decision-making, combining AI algorithms with human oversight, has 

emerged. Nevertheless, the optimal level of human versus system control and the specific 

roles of both humans and AI in the decision process remains uncertain. Thus, this paper aimed 

to answer: “How do different approaches to human oversight in AI decision-making affect 

employee fairness perceptions?”. I compared three hybrid decision-making approaches to full 

AI decision-making and assessed employees’ fairness perceptions across three distinct 

decision contexts. 

Initially, I examined participants’ responses, quantitative and qualitative, regarding their 

general fairness perceptions in the presented decision-making scenarios. Quantitative analysis 

showed that participants rated full AI as less fair than aggregated human-AI and sequential 

AI-human, but not than sequential human-AI decision-making. Among the hybrid decision-

making approaches, sequential human-AI received the lowest and aggregated human-AI the 

highest general fairness score. This aligned with the qualitative analysis, that categorized 

participants’ responses into themes. For sequential human-AI, participants provided a similar 

number of positively and more negatively themed justifications as for full AI. Regarding full 

AI decision-making, participants recognized AI’s objectivity, and fact-based nature but 

expressed concerns about neglecting subjective and interpersonal components. They felt that 

the human element, including emotions, sympathy, and intuition, was missing from the 

process. Similar concerns were expressed for sequential human-AI decision-making. This is 

consistent with existing literature, observing that people perceive automated decision-making 

as dehumanizing and impersonal (Binns et al., 2018; Dietvorst et al., 2015). Interestingly, in 

hybrid decision-making, participants expressed concerns about potential partial judgment or 

bias from the human counterpart, particularly in sequential human-AI decision-making. So 

far, only Bankins and colleagues (2022) reported a similar tendency.  

As for hypotheses, H1 tested whether the hybrid is perceived as fairer than full AI decision-

making in terms of overall, procedural-voice, procedural-core, interpersonal, and 

informational fairness. H1 was partially supported. The results indicate that overall fairness 

perception differed between full AI and hybrid decision-making, with the latter being 
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perceived as fairer. However, these findings were not entirely robust when considering the 

covariates. Trust in technology and automation significantly increased participants’ overall 

fairness perception. Controlling for covariates, no significant difference was found between 

full AI and sequential human-AI decision-making. This suggests that the impact attributed to 

the decision type may have been confounded by one or more covariates. Literature suggests 

that algorithm literacy and computer knowledge positively influence the fairness perception 

of AI decision-making (Pierson, 2017; R. Wang et al., 2022). 

Considering the fairness dimensions, full AI significantly differed from hybrid decision-

making across all dimensions, except for procedural-core fairness. When accounting for 

covariates, this pattern remained consistent, but only aggregated and sequential AI-human 

decision-making were found to significantly increase interpersonal fairness perception, and 

only aggregated human-AI decision-making significantly increased informational fairness 

perception, compared to full AI.  

Procedural-core fairness assessed accuracy, consistency, absence of bias, and adherence to 

ethical standards in decision processes. The results indicate that individuals may not perceive 

significant differences in these characteristics between full AI and hybrid decision-making. 

This aligns with previous research highlighting the objectivity, accuracy, and standardization 

of AI compared to human decision-making (Kaibel et al., 2019; Lee, 2018). Also, it 

corresponds with participants’ qualitative responses regarding full AI decision-making, 

emphasizing its objective nature. Participants believed that fully automated processes would 

minimize human prejudice, promote equal opportunities, and ensure consistency. 

Interpersonal fairness relates to individuals’ interpersonal treatment during the decision-

making process. The findings suggest that participants perceived a similar degree of dignity, 

respect, and truthfulness in fully automated and sequential human-AI decision-making. This 

similarity may arise because these approaches ultimately have the AI make the final decision, 

not humans. Participants’ qualitative responses in these conditions criticized the lack of 

human involvement in the final decision-making or at least double-checking AI’s decision. To 

address feelings of disrespect or indignity, including further human review could be beneficial 

in implementing either approach. 

Informational fairness concerns the truthfulness and justification of information provided by 

decision-makers. AI’s opaque nature can result in perceptions of unfairness (Holzinger et al., 

2020). However, research has shown that explanations for decisions can mitigate perceptions 
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of unfairness (e.g., Angerschmid et al., 2022). The perception of aggregated human-AI being 

more informationally fair than the other approaches may stem from AI handling objective 

while humans address subjective data. Participants noted that subjective factors were 

overlooked in full AI and both sequential decision-making approaches and expressed a 

preference for dividing responsibilities based on strengths in aggregated human-AI decision-

making. Thus, the latter approach may allow better explanations of decisions, increasing 

employees’ informational fairness perception. 

H2 examined how different types of human involvement in hybrid decision-making impact 

employees’ fairness perceptions. Again, I considered overall fairness and the individual 

fairness dimensions. When not accounting for covariates, differences in perceptions among 

hybrid decision-making were observed, although not entirely aligning with the predicted 

outcomes. Consistent with H2 and Haesevoets and colleagues’ (2021) findings, overall 

fairness perception was lowest in sequential human-AI decision-making, where AI had the 

final decision-making authority. However, the highest fairness was perceived in aggregated 

human-AI decision-making, where AI and humans collaborate with distinct and independent 

roles, and not in sequential AI-human. This observation remained consistent across all 

dimensions and contradicted H2. However, when accounting for covariates, only aggregated 

human-AI decision-making showed a significant difference from sequential AI-human 

regarding overall fairness. No significant difference was found between the two sequential 

approaches. In the dimensions, only aggregated human-AI and sequential AI-human 

significantly differed. Thus, considering the covariates, H2 was not supported. However, it 

can be concluded that aggregated human-AI decision-making yields the highest fairness 

perception among the hybrid approaches. 

H3 explored employees’ fairness perceptions across different decision-making contexts and 

predicted variations based on these contexts. H3 was not supported, as neither significant 

differences in fairness perception among the studied contexts (i.e., promotion, bonus payment, 

and career training allocation), nor significant interactions between contexts and decision 

types were observed, except for informational fairness, where participants perceived bonus 

payment decisions to be fairer than career training decisions. This contradicts most existing 

research (e.g., Langer et al., 2019; Nagtegaal, 2021), but aligns with Bankins and colleagues 

(2022), who focused on interpersonal fairness perception in HRM decisions, and Ötting and 

Maier (2018), who examined procedural fairness perception in task allocation versus 

vocational training. Thus, participants may not assign different levels of importance to these 
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contexts and may have rated them as similarly high- or low-stakes. Considering informational 

fairness, employees may perceive bonus payment allocation as a task requiring more 

mechanical than human skills, leading to differing fairness perceptions (Lee, 2018). Also, 

bonus payment decisions might be perceived as less complex, more objective, and 

performance-oriented compared to career training decisions, which might also impact fairness 

perception (Nagtegaal, 2021). 

5.1 Academic and Practical Implications 

This study holds academic and practical implications. Academically, it adds fresh insights to 

the literature on AI decision-making and algorithmic fairness. By examining distinct hybrid 

decision-making approaches and investigating employees’ perceptions, it reinforces previous 

findings on the impact of hybrid decision-making compared to fully automated approaches 

(e.g., Kern et al., 2022; Nagtegaal, 2021), and highlights that the inclusion of a human 

element alone, as mentioned by the literature, may not always enhance fairness perception 

compared to fully automated decision-making (i.e., sequential human-AI decision-making). 

Instead, it confirms Jiang and colleagues’ (2020) suggestion and reveals that the specific 

placement of humans in collaboration with AI may play a valuable role in shaping employees’ 

fairness perception. This research reveals the most promising hybrid decision-making 

approach among those studied. It guides organizations that seek to use AI in decision-making 

while ensuring fairness and employee acceptance. Managers could minimize risks by 

adopting aggregated human-AI decision-making, which was perceived as the fairest regarding 

all OJ dimensions. 

Moreover, this research contradicts some previous findings (e.g., Nagtegaal, 2021; Ötting & 

Maier, 2018) and showed that fairness perception did not depend on the studied decision 

contexts. Thus, the use of AI in this study’s decision-making contexts should be treated with 

the same degree of caution by organizations. 

Additionally, the qualitative analysis revealed employee concerns not only about AI but also 

about bias stemming from the human element in hybrid decision-making. This aligns with 

Bankin and colleagues’ (2022) observations, who compared AI and human decision-making, 

and noted concerns regarding human bias in human decision-making. The thesis demonstrates 

that human bias might also be an issue in the context of human-AI collaboration. Once the 

human was integrated into the process, concerns about partial judgment, personal preferences, 

or favoritism influencing decisions and pre-selection were expressed. While prior research has 
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emphasized that AI cannot be a fair decision-maker due to replicated biases in training data 

(Kordzadeh & Ghasemaghaei, 2022; Roselli et al., 2019), this study highlights that biases 

introduced by the human component are of equal concern to employees. 

Finally, current research on algorithmic fairness has been criticized for its heterogeneity and 

inconsistent use of theoretical concepts (Starke et al., 2022). Previous studies have primarily 

focused on individual dimensions of OJ theory, making it difficult to compare perceptions 

across dimensions. Therefore, this study focused on different dimensions to allow for a 

coherent analysis and to facilitate the comparison of perceptions across dimensions. It showed 

that covering different fairness dimensions seems worthwhile, as certain results differed 

depending on the dimension, such as procedural-core fairness. 

5.2 Limitations and Future Research 

This research has its limitations, which must be considered when interpreting its results. 

These limitations offer opportunities for future research. First, this study examined three 

specific hybrid decision-making approaches and three decision contexts, potentially limiting 

the generalizability of the findings to other hybrid models or decision contexts and domains. 

Hybrid Intelligence (HI) is an increasingly prominent subject among scientists and 

researchers (i.e., The HI Centre at VU Amsterdam). Future research could explore a broader 

range of hybrid decision-making approaches or examine alternative decision contexts for a 

comprehensive topic understanding.  

Next, due to space constraints, this research did not include a comparison to human decision-

making. Prior studies indicate that full AI decision-making is often perceived as less fair than 

human decision-making, while some suggest that hybrid decision-making is relatively fairer 

than full AI decision-making. However, these studies also suggest that hybrid decision-

making does not surpass human decision-making regarding fairness (Kern et al., 2022; 

Nagtegaal, 2021). Future research should explore different human-AI collaborations 

compared to human decision-making, especially considering this study’s findings on varying 

fairness perceptions among employees based on the specific way of human involvement in AI 

decision-making. 

Third, this research used a non-probability sampling technique, potentially diminishing the 

generalizability of findings. Moreover, experimental designs with vignette studies are often 

criticized for prioritizing internal over external validity (Aguinis & Bradley, 2014). While this 
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method facilitated hypothesis testing in a controlled setting, the results’ generalizability may 

be compromised as the presented scenarios may differ from real-world experiences and 

generate different responses in actual situations. As AI-driven decision-making becomes more 

prevalent, I recommend replicating this study with real-world experiments. Additionally, the 

technical feasibility of the processes used in this study for the organizational contexts has 

been neglected, warranting further research into their practical usefulness. 

Lastly, limitations exist concerning this study’s measurement instruments. The factor analysis 

of Colquitt’s OJ scale revealed the presence of a new latent variable, procedural-voice. This 

has been found in a few other studies (i.e., Jespen, 2009, Maharee-Laweler, 2010), suggesting 

that it may be caused by the procedural fairness items’ wording. Another perspective suggests 

that employees distinguish between the decision-making procedure’s characteristics and their 

desire for active participation in the process. Given the dynamic and decentralized nature of 

modern workplaces, it can be assumed that employees today have higher expectations for 

participation in decision-making. However, this implies that the obtained results regarding the 

procedural dimensions cannot be directly compared to existing findings of procedural fairness 

in AI decision-making. Moreover, procedural-voice was influenced by the failure of the 

manipulation check, indicating the need for future research to verify results using more 

reliable samples.  

5.3 Conclusion 

As AI evolves, organizations must strike the right balance between human and AI capabilities 

when implementing it in decision-making. This balance is essential for establishing a fair, 

efficient, and supportive workplace. This research confirms that hybrid decision-making is 

more promising than relying solely on AI, considering employees’ fairness perception. 

However, not all human-AI collaborations are equally successful in achieving this balance. As 

Robin Bordoli (2016) emphasized, the objective is not to replace but to augment humans and 

their abilities. To thrive in the future of work, organizations must consider diverse stakeholder 

perceptions and should carefully evaluate different hybrid decision-making options. By doing 

so, they can effectively leverage the unique strengths that may arise from human-machine 

partnerships. 
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Appendices 

Appendix A: Qualtrics Survey 

Informed Consent Dear Participant, thank you for considering participating in this 

experimental study. This study is part of my master’s Thesis in International Management 

with Specialization in Strategy and Consulting at Universidade Católica Portuguesa. 

This experimental study involves reading a scenario and answering a few questions, which 

should take no longer than 8-10 minutes. Since all questions are based on what you personally 

think or believe, there is no right or wrong answer. Your participation is voluntary, and you 

may withdraw at any time without any consequences. All data collected will be treated 

anonymously and is used only for research purposes. If you have any questions or are 

interested in the results of this study, please feel free to contact me at s-agescher@ucp.pt. 

By consenting you confirm that you have read and understood the above information and that 

you agree to participate in this study. Thank you, your contribution is greatly appreciated! 

Best, Anna Gescher 

o I consent, begin the study  (1)  

o I do not consent, I do not wish to participate  (2)  

 

Q2 Thank you for taking part in my study! First, please indicate your level of agreement with 

the following statements (1 = strongly disagree to 5 = strongly agree). 

 
Strongly 

disagree (1) 

Somewhat 

disagree (2) 

Neither agree 

nor disagree 

(3) 

Somewhat 

agree (4) 

Strongly 

agree (5) 

I am familiar 

with the term 

"Artificial 

Intelligence" 

(AI)  

o  o  o  o  o  
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Q3 The term "AI" used in this study’s context refers to computer systems that can perform 

tasks that normally need human intelligence, such as recognizing images, understanding 

language, or making decisions. For this, the method of Machine Learning (ML) is leveraged. 

ML uses algorithms to enable computers to learn from data and improve over time. In 

decision-making, ML algorithms can analyze large amounts of data to identify patterns and 

relationships. This enhances decision-making by learning from historical data and forecasting 

future events. ML-based AI systems may help people make better decisions by learning from 

data. AI and ML can increase the accuracy and efficiency of decision-making. 

 

Q4 On the next page, you will find a description of a situation that could occur in everyday 

work life. Please read the description carefully and imagine yourself in that situation. 

Later, you will be asked questions about the situation. 

 

Q5 Imagine you're an employee at BrightPath, a fast-growing technology company. You've 

been with the company for several years. Recently, BrightPath announced that they're 

allocating bonus payments to deserving employees, and you're excited about the opportunity 

to receive a bonus. 

BrightPath recognizes the importance of using both subjective and objective data to make a 

well-informed decision about the final candidates. For this, BrightPath has been gathering 

data on employees' qualifications, experiences, and contributions to the company. The 

following decision-making procedure is applied. 

Your manager is responsible for reviewing the gathered data and selecting a shortlist of 

potential candidates for the bonus payments. Your manager will be using the data at hand, 

expertise, and knowledge of the team members to identify the most promising candidates 

from the pool of potential candidates. After the initial selection, the shortlist will be sent to an 

AI system. The AI system will carefully compare and analyze the selected candidates based 

on various criteria (e.g., past performance, alignment with the company’s strategic goals and 

values). Based on this evaluation, the AI system will choose the employees who will receive 

the bonus payment. * Condition: Bonus Payment x Sequential Human-AI. See Appendix B 

for the remaining vignettes. 
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Q6 Please answer the question to the best of your ability, under careful consideration of the 

information presented above. 

 

 

Q7 Please provide a short explanation for your answer. (You can answer in German or 

English) 

________________________________________________________________ 

________________________________________________________________ 

 

 

Q8 Read the presented scenario again to ensure that you understood all the information 

before proceeding to the next page. You will not be able to go back.  

 

 

Q53 Manipulation Check How was the decision in the presented scenario made?  

 

(1) 

Very 

unfair 

(2) 

Moderately 

unfair 

(3) 

Slightly 

unfair 

(4) 

Neither 

fair nor 

unfair 

(5) 

Slightly 

fair 

(6) 

Moderately 

fair 

(7) 

Very 

fair 

How fair is the 

decision-making 

process in this 

context in your 

opinion? (1)  

o  o  o  o  o  o  o  
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o First AI system selects a shortlist, then manager reviews this list and makes final decision.  

o First manager selects a shortlist, then AI system reviews this list and makes final decision.  

o Manager and AI system simultaneously analyze different data according to their 

capabilities/strengths.  

o The AI system decided without any human intervention.  

 

 

Q54 Manipulation Check Please select the decision context that was subject in the scenario 

presented to you. 

o Promotion to new team lead   

o Allocation of bonus payments  

o Allocation of career training  

 

 

Q55 Thank you for the responses! Now we are turning to a set of questions on your 

perception of the scenario presented to you. Please keep in mind the details of the presented 

situation when answering the questions. As a reminder, you are an employee at BrightPath 

who is directly affected by the decision.  

 

Q56: OJ Scale (Hybrid Condition) Following items relate to the decision-making procedure 

used to arrive at the final decision. In your opinion, to what extent: 
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To a small 

extent (1) 
(2) (3) (4) 

To a large 

extent (5) 

Will you be able to express your 

views and feelings during this 

decision-making procedure? 
o  o  o  o  o  

Will you have influence over the 

decision made with this procedure? o  o  o  o  o  

Will this procedure be applied 

consistently? o  o  o  o  o  

Will this procedure be free of bias? o  o  o  o  o  

Will this procedure be based on 

accurate information? o  o  o  o  o  

Will you be able to appeal (oppose, 

veto) the decision under the given 

decision-making procedure? 
o  o  o  o  o  

Will this decision-making procedure 

uphold ethical and moral standards?  o  o  o  o  o  

 

 

Q57 Following items refer to the decision-making procedure, specifically considering 

the decision-making actor(s) within the procedure. In your opinion, to what extent: 

 
To a small 

extent (1) 
(2) (3) (4) 

To a large 

extent (5) 

Will the decision-making 

procedure make you feel treated 

in a polite manner? 
o  o  o  o  o  

Will the decision-making 

procedure make you feel treated 

with dignity? 
o  o  o  o  o  

Will the decision-making 

procedure make you feel treated 

with respect?  
o  o  o  o  o  

Will the decision-making 

procedure refrain from improper 

remarks or comments? 
o  o  o  o  o  
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Q58 Following items refer to the decision-making procedure, specifically considering the 

decision-making actor(s) within the procedure. Imagine a decision was made, in your 

opinion, to what extent: 

 
To a small 

extent (1) 
(2) (3) (4) 

To a large 

extent (5) 

Will your manager and the AI system be 

candid (honest, open) in their 

communications with you? 
o  o  o  o  o  

Will your manager and the AI system be able 

to explain the procedures thoroughly? o  o  o  o  o  

Will the explanations regarding the 

procedures be reasonable?  o  o  o  o  o  

Will your manager and the AI system 

communicate details in a timely manner? o  o  o  o  o  

Will your manager and the AI system tailor 

their communications to your specific needs?  o  o  o  o  o  

 

 

Q60 OJ Scale (AI Condition) Following items relate to the decision-making procedure used 

to arrive at the final decision. In your opinion, to what extent: 
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To a small 

extent (1) 
(2) (3) (4) 

To a large 

extent (5) 

Will you be able to express your views 

and feelings during this decision-making 

procedure?  
o  o  o  o  o  

Will you have influence over the 

decision made with this procedure?  o  o  o  o  o  

Will this procedure be applied 

consistently? o  o  o  o  o  

Will this procedure be free of bias?  o  o  o  o  o  

Will this procedure be based on accurate 

information? o  o  o  o  o  

Will you be able to appeal (oppose, veto) 

the decision under the given decision-

making procedure? 
o  o  o  o  o  

Will this decision-making procedure 

uphold ethical and moral standards? o  o  o  o  o  

 

 

Q61 Following items refer to the decision-making procedure, specifically considering 

the decision-making actor(s) within the procedure. In your opinion, to what extent: 

 

To a 

small 

extent (1) 

(2) (3) (4) 
To a large 

extent (5) 

Will the decision-making 

procedure make you feel 

treated in a polite manner? 
o  o  o  o  o  

Will the decision-making 

procedure make you feel 

treated with dignity? 
o  o  o  o  o  

Will the decision-making 

procedure make you feel 

treated with respect?  
o  o  o  o  o  

Will the decision-making 

procedure refrain from 

improper remarks or 

comments? 
o  o  o  o  o  
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Q62 Following items refer to the decision-making procedure, specifically considering the 

decision-making actor(s) within the procedure. Imagine a decision was made, in your 

opinion, to what extent: 

 
To a small 

extent (1) 
(2) (3) (4) 

To a large 

extent (5) 

Will the AI system be candid 

(honest, open) in the 

communications with you?  
o  o  o  o  o  

Will the AI system be able to 

explain the procedures 

thoroughly? 
o  o  o  o  o  

Will the explanations regarding 

the procedures be reasonable?  o  o  o  o  o  

Will the AI system communicate 

details in a timely manner?  o  o  o  o  o  

Will the AI system tailor their 

communications to your specific 

needs? 
o  o  o  o  o  

 

 

Q63 Covariate Questions You are almost done. The next set of questions are related to your 

trust in technology, automated systems, and people. 

 

 

Q64 Please indicate your level of agreement with the following statements: 
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Strongly 

disagree 

(1) 

Somewhat 

disagree (2) 

Neither 

agree nor 

disagree 

(3) 

Somewhat 

agree (4) 

Strongly 

agree 

(5) 

I believe that most 

technologies are effective 

at what they are designed 

to do. 
o  o  o  o  o  

A large majority of 

technologies are excellent. o  o  o  o  o  

Most technologies have 

the functions required for 

their respective fields.  
o  o  o  o  o  

I think most technologies 

enable me to do what I 

need to do. 
o  o  o  o  o  

My typical approach is to 

trust new technologies 

until they prove to me that 

I shouldn’t trust them. 
o  o  o  o  o  

I usually trust a 

technology until it gives 

me a reason not to trust it. 
o  o  o  o  o  

I generally give a 

technology the benefit of 

the doubt when I first use 

it. 
o  o  o  o  o  

 

 

Q65 Please indicate your level of agreement with the following statements:  

* Automated systems are a combination of both software and hardware that are designed and 

programmed to work automatically with only little or no need for a human operator to 

provide inputs and instructions. Examples of automated systems are robots, self-driving 

vehicles, or machine learning algorithms. 
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Strongly 

disagree (1) 

Somewhat 

disagree (2) 

Neither agree 

nor disagree 

(3) 

Somewhat 

agree (4) 

Strongly 

agree 

(5) 

One should be careful 

with unfamiliar 

automated systems. 
o  o  o  o  o  

I rather trust a system 

than I mistrust it. o  o  o  o  o  

Automated systems 

generally work well. o  o  o  o  o  

 

 

Q66 Please indicate you level of agreement with the following statements: 

 

Strongly 

disagree 

(1) 

Somewhat 

disagree 

(2) 

Neither 

agree nor 

disagree (3) 

Somewhat 

agree (4) 

Strongly 

agree 

(5) 

One should be very cautious 

with strangers. o  o  o  o  o  

Most experts tell the truth 

about the limits of their 

knowledge. 
o  o  o  o  o  

Most people can be counted 

on to do what they say they 

will do. 
o  o  o  o  o  

These days, you must be 

alert or someone is likely to 

take advantage of you. 
o  o  o  o  o  

I have never used a 

computer. Attention Check o  o  o  o  o  

Most repair people will not 

overcharge people who are 

ignorant of their specialty.  
o  o  o  o  o  

Most people answer public 

opinion polls honestly.  o  o  o  o  o  

Most adults are competent at 

their jobs. o  o  o  o  o  

Most salespeople are honest 

in describing their products.  o  o  o  o  o  
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Q67: Demographic Questions Finally, the last set of questions! Please answer the following 

demographic questions. 

 

Q68 How old are you? 

________________________________________________________________ 

 

 

Q69 Gender: How do you identify? 

o Male  

o Female 

o Other (please specify) __________________________________________________ 

o Prefer not to say 

 

 

Q70 Where do you come from? 

▼ Afghanistan (1) ... Prefer not to say (194) 

 

 

Q71 What is your highest level of education? 

o High school graduate 

o Bachelor's degree 

o Master's degree 

o Ph.D. 

o Other (please specify) __________________________________________________ 

o Prefer not to say 
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Q72 What is your current occupation? 

o Employed full time 

o Employed part time (e.g., working student) 

o Student 

o Unemployed 

o Retired 

o Prefer not to say 

 

 

Q73 In which sector do you currently work? 

▼ Consultancy or management (1) ... Prefer not to say (28) 

 

 

Q74 Please answer the following statement (1 = Extremely difficult to 5 = Extremely easy). 

 (1) (2) (3) (4) (5) (6) (7) 

How difficult was 

it for you to 

imagine the 

scenario and 

answer the relating 

questions? 

o  o  o  o  o  o  o  

 

 

Thank you for taking the time to complete this survey. Your response has been recorded and 

will be incredibly valuable to my research. I really appreciate your contribution. 
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Appendix B: Vignettes per Decision Type and Context 

In the following, four vignettes will be presented, to show the structure of the description of 

the decision-procedure as well as the decision context. Sequential Human-AI has already been 

presented in the previous Appendix.  

Promotion Decision Context x Sequential AI-Human 

Imagine you're an employee at BrightPath, a fast-growing technology company. You've been 

with the company for several years. Recently, BrightPath announced that they're looking to 

fill a new team lead position, and you're excited about the opportunity to apply for the role. 

BrightPath recognizes the importance of using both subjective and objective data to make a 

well-informed decision about the final candidate. For this, BrightPath has been gathering data 

on employees' qualifications, experiences, and potential to lead effectively. The following 

decision-making procedure is applied. 

An AI system is responsible for reviewing the gathered data and selecting a shortlist of 

potential candidates for the new team lead position. The AI system will use its data 

processing capability to identify the most promising candidates from the pool of candidates 

based on various criteria (e.g., past performance, alignment with the company’s strategic 

goals and values). After the initial selection, the shortlist will be sent to your manager. Your 

manager will carefully compare and analyze the selected candidates using the data at hand, 

expertise, and knowledge of the team member. Based on this evaluation, your manager will 

choose the new team lead. 

 

Career Training Decision Context x Aggregated Human-AI 

Imagine you're an employee at BrightPath, a fast-growing technology company. You've been 

with the company for several years. Recently, BrightPath announced that they're allocating a 
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career training opportunity to deserving employees, and you're excited about the 

opportunity to apply for the training program. 

BrightPath recognizes the importance of using both subjective and objective data to make a 

well-informed decision about the final candidates. For this, BrightPath has been gathering 

data on employees' qualifications, experiences, and potential to benefit from the training 

program. The following decision-making procedure is applied.  

Your manager and an AI system are cooperatively reviewing and analyzing the gathered 

data according to their respective capabilities/strengths and selecting the candidate for the 

career training program. The AI system will analyze the objective data points (e.g., past 

performance), while your manager will analyze the subjective data points (e.g., alignment 

with the company’s strategic goals and values). Based on the combination of their 

evaluations, the employees who will receive the career training opportunity will be chosen. 

 

Bonus payment Decision Context x Full AI 

Imagine you're an employee at BrightPath, a fast-growing technology company. You've been 

with the company for several years. Recently, BrightPath announced that they're allocating 

bonus payments to deserving employees, and you're excited about the opportunity to 

receive a bonus. 

BrightPath recognizes the importance of using both subjective and objective data to make a 

well-informed decision about the final candidates. For this, BrightPath has been gathering 

data on employees' qualifications, experiences, and contributions to the company. The 

following decision-making procedure is applied. 
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An AI system is responsible for reviewing the gathered data and selecting a shortlist of 

potential candidates for the bonus payments. The AI system will identify the most promising 

candidates from the pool of candidates based on various criteria (e.g., past performance, 

alignment with the company’s strategic goals and values). After the initial selection, the AI 

system will carefully compare and analyze the selected candidates on the shortlist using the 

data at hand, expertise, and knowledge of the team members. Based on this evaluation, the AI 

system will choose the employees who will receive the bonus payment. 
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Appendix C: Alternatives Factor Analysis 

Due to the split of procedural fairness and the incorrectly loading items in the initial factor 

analysis, I explored alternative approaches for a better fitting model, see Table C1. First, I 

performed a principal component analysis (varimax), extracting only three components. The 

KMO measure resulted in a great value of .89, with all item KMO values exceeding .81. 

Bartlett’s test of sphericity confirmed the suitability of the data for the analysis, χ²(120) = 

5099.72, p < .001. However, the three components with Eigenvalues above Kaiser’s criterion 

of 1 only accounted for 55.69% of the variance and five items loaded incorrectly. Thus, 

principal axis factoring following Maharee-Laweler and colleagues (2010) who also 

experienced the split of the procedural fairness dimension across two components was 

performed. Using oblimin rotation, it yielded the same component structure and item loading 

pattern as the initial approach presented in Chapter 4.2, explaining 62.16% of the variance. 

Table C1. Factor Loading of OJ Items 

Items 
3-factor  4-factor 

1 2 3  1 2 3 4 

Procedural Fairness 

1 0.62 0.36 0.22  0.14 0.13 -0.33 0.32 

2 0.45 0.50 0.02  0.22 0.01 -0.12 0.42 

3 0.37 0.45 -0.10  0.03 0.08 0.05 0.62 

4 0.41 0.44 -0.16  0.07 -0.03 -0.06 0.52 

5 0.18 0.09 0.78  -0.06 0.84 0.00 0.10 

6 0.09 0.06 0.75  -0.03 0.73 0.02 0.04 

7 0.08 0.05 0.74  0.08 0.57 -0.06 -0.10 

Interpersonal Fairness 

8 0.83 0.20 0.28  0.03 -0.02 -0.88 0.03 

9 0.83 0.15 0.29  -0.03 0.02 -0.88 0.03 

10 0.80 0.13 0.29  0.01 0.02 -0.81 0.00 

11 0.46 0.28 -0.15  -0.02 -0.02 -0.13 0.42 

Informational Fairness 

12 0.22 0.71 0.18  0.57 0.02 0.00 0.20 

13 0.14 0.69 0.26  0.75 -0.03 -0.01 -0.04 

14 0.09 0.69 0.08  0.46 -0.01 0.05 0.19 

15 0.29 0.64 0.28  0.66 -0.01 -0.14 0.02 

16 0.12 0.42 0.59   0.50 0.28 -0.11 -0.18 

Note. Underlined values indicate the highest loading for each item and bold values indicate 

where the items should have loaded.  
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Appendix D: Demographic Analysis 

Pearson correlation coefficients examined relationships between participants’ overall fairness 

perception and demographic factors, including age, gender, origin, educational background, 

employee status, and the industry sector they worked in. To prevent the correlation table from 

becoming too large, it was divided into individual tables. Table D1 shows a significant 

negative correlation between overall fairness perception and age, with fairness perception 

decreasing as age increases, r(794) = - .11, p = .002. Table D2 shows a negative correlation 

between overall fairness perception and participants with a Ph.D., r(795) = - .09, p < .05.  

Table D1. Correlation - Participants’ Age, Gender, Origin and Fairness Perception 

    1 2 3 4 5 6 

1 Overall Fairness             

2 Age -.11**           

3 Gender -.04 .00         

  Origin             

4 America -.01 -.02 -.06       

5 Asia -.01 .00 -.01 -.01     

6 Africa .06 -.04 .09* -.02 -.01   

7 Europe -.04 .04 -.02 -.38** -.32** -.41** 

Note. * Correlation is significant at .05 level; ** Correlation is significant at .01 level 

Table D2. Correlation - Participants’ Education, Employment Status Fairness Perception 

    1 2 3 4 5 6 7 8 9 

1 Overall Fairness          

 Educational Background         

2 Highschool -.03         

3 Bachelor's .06 -.53**        

4 Master's .01 -.28** -.54**       

5 PhD -.09* -.06 -.12** -.07      

 Employment Status          

6 Full-Time Employed -.02 -.14** -.08* .20** .05     

7 Part-Time Employed -.02 -.03 .04 -.01 .00 -.43**    

8 Student 0.04 .15** .11** -.19** -.08* -.53** -.38**   

9 Unemployed 0.01 .08* -.09* 0.04 -0.02 -.14** -.10** -.13**  

10 Retired 0.02 0.01 -.07* -0.03 0.06 -.11** -.08* -.10** -0.03 

Note. * Correlation significant at .05 level; ** Correlation significant at .01 level 
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Also, considering participants’ lines of work, significant negative correlations were only 

found between overall fairness perception and the science/pharmaceutical sector, r(795) = - 

.10, p < .01, as well as the environment/agriculture industry sector, r(795) = - .08, p < .05. 
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Appendix E: Correlation among Variables 

    1 2 3 4 5 6 7 8 9 10 

1 Overall Fairness -                    

2 Interpersonal .82**  -                 

3 Informational .84** .54** -                

4 Procedural-Voice .59** .33** .37** -              

5 Procedural-Core .78** .60** .55** .23**  -           

6 Faith in GT .40** .35** .38** .10** .37**  -         

7 Trust Stance GT .38** .33** .31** .17** .33** .51** -        

8 Trust Automation .42** .38** .35** .17** .34** .46** .52** -      

9 Trust People .12** .14** .07 .02 .13** .05 .12** .20** -    

10 Familiarity AI .04 .06 .05 .01 .00 .17** .05 .05 -.11** -  

11 Difficulty  .23** .19** .21** .07* .22** .24** .14** .14** .04 .14** 

Note. N = 797. ** p < .01. To accommodate the limited table space, abbreviated variable 

names were used (e.g., GT = General Technology). 
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Appendix F: Quantitative Analysis of Participants’ General Fairness Perception  

Figure F1 shows the frequency of participants’ fairness ratings across the different decision-

making types. I performed Mann-Whitney U tests to evaluate whether general fairness 

differed by decision type, because the Shapiro-Wilk test yielded significant results for fairness 

across all groups (p < .001), indicating that the data for general fairness was not normally 

distributed. I compared full AI with each of the hybrid conditions and the hybrid decision-

making conditions with each other. The results indicate that there was no significant 

difference between the general fairness score of the full AI (M = 4.32, SD = 1.71) and the 

sequential human-AI decision type (M = 4.38, SD = 1.59), Z = - 0.190, p = .849. However, the 

full AI decision type had a significantly lower general fairness score than the aggregated 

human-AI decision type (M = 5.32, SD = 1.46), Z = - 6.158, p < .001, and the sequential AI-

human decision type (M = 4.79, SD = 1.43), Z = - 2.623, p = .009. Moreover, the sequential 

human-AI decision type had a lower general fairness score than the aggregated human-AI 

decision type, Z = - 6.029, p < .001, as well as the sequential AI-human decision type, Z = -

2.544, p = .011. Finally, the aggregated human-AI decision type had a significantly greater 

general fairness score than sequential AI-human, Z = -4.119, p < .001.  

Figure F1. Participants’ Fairness Scores According to Decision-Making Type 

 

 

 

 

 

 

 

 

 

 

 

 

Note. Full AI received the highest proportion of ratings categorized as “very unfair”, 

aggregated human-AI (=partnership) the largest proportion of ratings categorized as 

“moderately” and “very fair”.  



67 

Appendix G: Themes and Illustrative Quotes Qualitative Analysis 

Table G1. Sentiment Categorization 

  
Full AI 

Sequential Human-

AI 

Sequential AI-

Human 

Aggregated Human-

AI   

  P B T P B T P B T P B T 

Positive 16 21 14 15 20 15 25 29 25 34 41 38 

Mixed 20 15 19 17 8 10 13 14 11 12 10 4 

Negative 25 19 28 26 21 26 19 13 16 7 8 8 

Neutral 4 3 1 2 1 5 2 1 6 1 0 4 

Total 65 58 62 60 50 56 59 57 58 54 59 54 

Note. Responses were categorized based on sentiment before classifying them into minor and 

major themes. Mixed sentiments occurred when participants provided contradictory 

statements. Aggregated Human-AI decision-making received the highest number of positive 

and the fewest negative responses. Conversely, full AI decision-making elicited the most 

mixed responses, with participants acknowledging some advantages of AI while also 

expressing concerns about aspects they disliked. P = Promotion, B = Bonus Payment, T = 

Career Training. 

Table G2. Major and Minor Themes with related Frequency (%) per Decision Type 

Theme 1 2 3 4 

Positive         

No (or reduces) human prejudice or preferences 6% 3% 6% 2% 

Objective, neutral  10% 9% 7% 3% 

Performance-oriented, data-driven, or fact-based  8% 2% 3% 2% 

Good that AI Manager makes first selection 0% 5% 0% 0% 

Equal chances, standardization, consistency, same parameters 2% 1% 2% 1% 

No human bias, reduces human bias 4% 7% 5% 7% 

AI only analysis objective data points  0% 0% 0% 5% 

AI is a useful tool, standard process in which AI can be used 2% 1% 1% 3% 

Two-way approach (e.g., allows redundancy, two pairs of eyes) 0% 0% 0% 2% 

Human makes final decision 0% 0% 12% 9% 

Efficient (e.g., time saving, manager can focus more on his analysis)  0% 0% 4% 2% 

Evaluation criteria seems fair 3% 1% 1% 1% 

Each actor is responsible for something they are good in  0% 0% 0% 13% 

Combination of subjective and objective, factual and emotional etc.  0% 6% 9% 20% 

Total Positive 35% 35% 51% 70% 

Negative         

Human decision should be double checked by another Human 0% 1% 0% 1% 

Missing human aspect (e.g., emotion, sympathy, intuition) 9% 0% 2% 0% 
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Neglects personal circumstances 4% 1% 2% 1% 

AI should not make moral decisions; AI should not make decision (alone) 3% 5% 3% 2% 

AI might err, AI not good enough yet 2% 1% 1% 2% 

Explainability, controllability, transparency of AI 4% 2% 1% 2% 

No subjective factors, interpersonal components, soft skills  16% 14% 10% 1% 

No non-standard treatment possible   2% 0% 0% 0% 

No feedback, no opportunity for voice  0% 0% 1% 0% 

Suitable candidates could have been omitted in the preselection 0% 3% 7% 0% 

Human should double check AI decision  1% 6% 2% 1% 

Human should make final decision  3% 6% 0% 0% 

AI bias 2% 1% 4% 2% 

Not legal  0% 0% 0% 0% 

AI can be manipulated 2% 0% 1% 1% 

Human bias, partial judgement  0% 14% 6% 7% 

Total Negative 50% 54% 41% 23% 

Neutral         

Neutral decision  1% 1% 2% 1% 

Missing information to rate fairness  2% 1% 1% 2% 

Should be other way around 0% 4% 0% 0% 

Depends on data, AI, training data, historical data 11% 5% 4% 5% 

Total Neutral 14% 10% 8% 8% 

Note. The cumulative percentages for the three major themes are highlighted in bold, while 

the remaining numbers represent the percentage of times each minor theme was used across 

the four different decision type conditions. 1 = Full AI, 2 = Sequential. Human-AI, 3 = 

Sequential. AI-Human, 4 = Aggregated Human-AI. 

Table G3. Illustrative Quotes 

Theme Description Illustrative Quotes 

Positive   

AI only analysis 

objective data points 

"Having the AI preselecting candidates based on performance and numbers and 

backing this up with human expertise, human making final decision seems like a 

pretty good process. Would not mind this procedure." [Sequential AI-Human, 

Promotion] 

"Seems fair because the AI is only analyzing the objective data which shouldn’t cause 

any issues."  [Aggregated Human-AI, Bonus] 

Human makes final 

decision 

"As long as the direct supervisor (here "manager") has the final say and uses his 

judgment and knowledge of human nature to use the AI results only as a decision-

making aid and data basis, I think the use of AI based on this example is good." 

[Sequential AI-Human, Bonus] 

 

"AI should only be used to get ''inspiration'' or an idea, it should not be used in such 

a way that the full decision is made by a machine. No matter how intelligent that 

machine is. The final decision should still be made by a human." [Sequential AI-

Human, Promotion] 
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Two-way approach 

(e.g., allows 

redundancy, two pairs 

of eyes) 

"I think it is more fair because there is a combination of the manager's decision and 

the AL system. By having the AL system make the final decision, subjective factors 

are eliminated because the system does not know the candidates." [Sequential 

Human-AI, Promotion] 

"The two-way approach allows redundancy (if one is in a bad position with the 

manager, one's own factual performance still counts, and in other circumstances, 

which the computer cannot evaluate (e.g., failure due to burnout), the manager can 

pull up the rating) and is more acceptable, since the manager is accused of being too 

subjective/preferential, and vice versa with AI." [Aggregated Human-AI, Bonus] 

No (or reduces) human 

prejudice or preferences 

"Unlike humans, the AI should not have any (unconscious) prejudices." [Full AI, 

Promotion] 

"I think, the bonus payment is fair to be evaluated like this. The manager can 

preselect eligible people and then the machine can objectively pick one. For the 

manager the final decision could he harder - maybe he would favor someone 

intentionally or unintentionally. Like this no one gets in trouble or unfairly treated 

based on personal preferences." [Sequential Human-AI, Bonus]  

Objective, neutral 

"I think it is fair because the AI system can make an objective decision according to 

the respective qualifications. The 'brownie point factor' or vitamin B (= 

relationships) therefore no longer plays a role." [Full AI, Promotion] 

"The AI system probably evaluates the input data more objectively than the manager 

who, for example, has more contact, friendships, etc. with some employees. In the 

second step, the manager may then bring in knowledge about the employees that the 

AI did not have." [Sequential AI-Human, Bonus] 

Performance oriented, 

data-driven, or fact-

based 

"The system refers to actual data on the candidate’s performance which is fair in my 

opinion." [Full AI, Training]  

"I feel it is fair because the reward is based on facts and therefore less likely to be 

distorted by the employer's attitude." [Sequential AI-Human, Bonus]  

Good that Manager 

makes first selection 

"I think this is pretty fair considering that there is a human element prior to the AI. If 

it was all AI, I would not think it's fair since it might disregard elements such as 

commitment to the team, motivation, drive, etc. Like this my manager can make a 

pre-selection and the AI goes in more detail on the data aspects."  [Sequential 

Human-AI, Bonus] 

"As the shortlist is selected by the manager, this decision-making procedure seems 

fair." [Sequential Human-AI, Promotion] 

Each actor is 

responsible for 

something they are good 

in 

"Since the subjective data is still evaluated by humans, which could be problematic 

for an AI, it is even fairer that an impartial authority is used for the rest. In the end, a 

human still has the final say and can monitor the results."  [Aggregated Human-AI, 

Bonus] 

"Qualities of both agents is fairly distributed." [Aggregated Human-AI, Bonus] 

Combination of 

subjective and objective, 

factual and emotional 

etc. 

"The supervisor makes a subjective preselection and then uses the AI. Thus, the 

interpersonal criteria may be usefully supplemented with the objective criteria of the 

AI."  [Sequential AI-Human, Bonus] 

"The use of an AI system to analyze objective data helps in eliminating potential 

biases and ensures a more objective evaluation of the candidates. Additionally, the 

involvement of the manager, who can provide a subjective assessment based on their 

familiarity with the team members, adds a human element to the decision-making 

process. This combination of objective and subjective evaluation attempts to create a 

fair and comprehensive selection process."  [Aggregated Human-AI, Training] 

No human bias, reduces 

human bias 

“The AI will not have any racial or social biases. This makes the process way fairer. 

But it also cannot assess character traits and social qualities as well as humans. This 

is why I only gave it the overall grade "slightly" fair." [Full AI, Promotion] 

"It’s fairer than when the human decides alone, I think. Like this the first selection 

will be without potential bias of the human which gives also others that might have 

no good relationship with the boss a fair chance."  [Sequential AI-Human, 
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Promotion] 

"In my opinion using AI as a support in this way would be relatively fair. The final 

decision would still be made by the human and the AI can calculate the hard facts 

much more objectively and accurately than the human - helping out. For a team lead 

position, it can be avoided that someone gets the position solely because of the 

managers judgement, which can always be biased as I think they do have some 

people they find particular suitable and favor." [Aggregated Human-AI, Promotion] 

AI is a useful tool, 

standard process in 

which AI can be used 

"The decision is the company’s and AI is their tool." [Full AI, Bonus] 

"I think it’s part of the century’s performance review procedure. Indeed, the manager 

should consider performance and team fit but can use the AI tool as a baseline for 

that." [Aggregated Human-AI, Promotion] 

Evaluation criteria 

seems fair 

"It seems someone has put some thought into the process. The criteria evaluated by 

AI also seem fair to me." [Full AI, Bonus] 

Efficient (e.g., time 

saving, manager can 

focus more on his 

analysis) 

"It's fair that the AI does all the sorting and selection process as this might be a 

lengthy task and it's best that the final decision is done by the manager who will have 

an in-depth knowledge of the selected individuals and their achievements" 

[Sequential AI-Human, Bonus] 

"I think it's legitimate to use something like that. It saves a lot of work. However, it 

should be ensured that the AI makes decisions based on objective data that is as 

neutral as possible."  [Sequential AI-Human, Training] 

Equal chances, 

standardization, 

consistency, same 

parameters 

"As it’s based on parameters such as expertise and level of qualification it can be 

somewhat compared between individuals. However, I believe that every individual 

should be personally assessed e.g., in an interview, as this gives the individual the 

chance to personally introduce themselves." [Full AI, Training] 

"Preselection of AI seems more unbiased than from human and I then like that the 

human has to work with this preselection and still makes the final decision. Everyone 

has same chance to get into the pool for further selection." [Sequential AI-Human, 

Training] 

Negative  

Missing human aspect 

(e.g., emotion, 

sympathy, intuition) 

"There is no human element anymore in this decision-making process. I find it 

inhuman and not personal enough." [Full AI, Bonus] 

"Can be very superficial because of AI evaluation." [Sequential AI-Human, 

Training] 

Neglects personal 

circumstances 

"Unlikely to take personal circumstances and challenges into consideration, only 

based on hard facts, creates pressure on employees to meet some quotas." [Full AI, 

Bonus] 

 

"The human factor is completely eliminated in the pre-selection, so some candidates 

may not be considered. For example, a person who is busy training new employees. 

Spends time and perhaps has a poorer performance due to this." [Sequential AI-

Human, Bonus] 

AI bias 

"I think that many of the human sources of error for unfair/inequitable selection can 

be eliminated by this. However, the data with which AI systems are trained and "fed" 

can also be biased and contain biases, which can lead to the AI system merely 

reproducing and applying human biases." [Full AI, Training] 

"The metrics used by AI can be biased to a certain degree. Preventing some members 

to even be considered." [Sequential AI-Human, Training] 

Human decision should 

be double checked by 

another Human 

"With the subjective selection of the shortlist by the manager, the quality of the 

decision or fairness could be further enhanced by the opinions of other managers (if 

any). The fact that in the end the AI as an objective part of the selection process 

decides on the final result, I feel is very fair."  [Sequential Human-AI, Promotion] 
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Suitable candidates 

could have been omitted 

in the preselection (due 

to bias, faulty data, 

wrong criteria etc.) 

"The AI will probably make a great decision based on provided criteria, however, to 

select a good leader you need also interpersonal competencies and a lot of soft skills. 

This is also hard to track and gather data on that. So, these valuable skills will not be 

considered by the AI in the first place. A good performing employee is not necessary 

a good leader, so some great candidates might not be preselected." [Sequential AI-

Human, Promotion] 

"Because the first step is the subjective selection of possible candidates. So, the AI is 

only able to select from this list."  [Sequential Human-AI, Promotion] 

Human bias, partial 

judgement 

"Performance ratings can be unfair in general as managers are humans and 

therefore their decisions are easily biased." [Sequential AI-Human, Bonus] 

"Since AI and manager weigh hand in hand who is eligible for the position, the 

process seems to be quite fair. However, the manager still has the final say, so in the 

end the decision is still made by his subjective preferences and thus can no longer be 

seen as 100% fair." [Aggregated Human-AI, Promotion] 

AI should not make 

moral decisions; AI 

should not make such a 

decision (alone) 

"The choice of the final candidates should not be made by the AI in my opinion, 

because AI can´t make moral decisions." [Full AI, Bonus] 

"No AI should make real-life decision that critically and financially influenced a real 

person’s life." [Sequential Human-AI, Bonus] 

AI might err, AI not 

good enough yet 

"It may be more fair, but on the other hand the AI is not ideal and may make wrong 

decisions." [Full AI, Bonus] 

"AI could misinterpret facts." [Aggregated Human-AI, Promotion] 

Explainability, 

controllability, 

intransparency of AI 

"Data is still biased because of provided shortlist by the manager; difficulty of 

explaining AI generated decision to candidates." [Sequential Human-AI, Promotion] 

"The system is fair at first, since all employees go through it equally. The boss could 

be biased, of course. My biggest problem, however, is the lack of transparency in 

terms of criteria and weighting of the "objective" data in the black box called AI."  

[Aggregated Human-AI, Training] 

No subjective factors, 

no interpersonal 

component, no soft 

skills, no qualitative 

data 

"This process can't take into account soft skills such as interpersonal connection, 

empathy, etc." [Full AI, Promotion] 

"Of course, you can list and evaluate the most important qualifications and skills 

required. But whether a person should really be promoted and then stay on in the 

team or even move up depends also on emotional criteria, whether "the chemistry is 

right"." [Full AI, Training] 

Human should double 

check AI decision 

"The procedure is rather fair than unfair, as the ML Algorithm will make a decision 

based on objective data, so no personal preference will be included in the final 

decision first. But still, I think a person should review the decision in the final step." 

[Full AI, Bonus] 

"I would say, the idea to implement AI to select candidates is an interesting one. 

Regardless, I think that at the moment AI is not sufficient enough to actually make 

such decisions and therefore, a human should review the past performance of the 

applicants as well." [Aggregated Human-AI, Promotion] 

Human should make 

final decision 

"It seems a bit unfair that AI is not only helping in shortlisting candidates, but also 

selects the candidates in the end, as its decision-making process is highly 

untransparent and incomprehensible. The final decision and a cross-check should 

always be performed by a human being, to prevent a biased AI (data taken from the 

internet that is used to train AI often leads to a bias based on race, gender or 

religious believe)." [Full AI, Training] 

"I do not think it’s fair that the human has no say in the end with the final decision. A 

person should be selected by a person." [Sequential Human-AI, Promotion] 

"Personnel decisions should be made by people." [Aggregated Human-AI, Bonus] 
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Not legal 

"The main problem is that the entire process is carried out by the AI system and 

therefore an automatic case-by-case decision is made (I don't think this is legally 

allowed at all/only to a limited extent). Since it is not transparent how the AI system 

works, which data is relevant and if there is a bias, it is not fair and therefore 

attackable from my point of view - especially if I don't get the job (but this is the case 

for every rejected candidate)." [Full AI, Promotion] 

AI can be manipulated 

"In order to trick the system, you can write down things that maybe are not true. The 

AI will not detect this." [Full AI, Promotion] 

"I would say it's moderately fair, since it gives every person to prove themself at the 

objective interview with the AI and show that they know the goals and the values at 

the company. Also, it helps if there is any personal matter between the manager and 

the person applying.  On the other hand, if someone figured out a way to trick the AI, 

then it’s not all done with tech by having the manager there a safety net." 

[Aggregated Human-AI, Promotion] 

No non-standard 

treatment possible 

"I don’t believe AI is able to identify nonstandard personal strength."  [Full AI, 

Bonus] 

"It is fair because all potential candidates are evaluated with the same parameters 

and without bias. However, one problem with this method, in my opinion, is that 

employees with "abnormal" strengths may not be well assessed by the system. 

Example: the ability to motivate others in the team or to increase their performance." 

[Full AI, Training] 

No feedback, no 

opportunity for voice 

"It is very rational and doesn’t include real feedback. In my opinion the human side 

is missing as well as some interaction or consideration of other valuables. It should 

include more personal variables as well as an argumentation for some performance 

indicators." [Full AI, Bonus] 

Neutral  

Depends on data, AI, 

training data, historical 

data 

"I think the fairness depends on the algorithm. Assuming the AI includes every 

possible variable, this should lead to a fair result related to its parameters. Human 

intuition, which would deliver unfair results, would be excluded." [Full AI, 

Promotion] 

"Data based decision inherently are more objective than purely human based 

decisions. However, depending on the training data that the ML algorithm received 

the decision by the AI system will align with the human who trained it, hence it’s no 

longer providing a opposition solution or different view point to the manager as the 

AI will probably be training on past decisions to allocate bonus payments." 

[Aggregated Human-AI, Bonus] 

Neutral decision 

"It doesn´t really matter, if the selection is made by a person or by AI, it can always 

be unfair or fair." [Full AI, Promotion] 

"All procedures have advantages and disadvantages in terms of fairness." 

[Sequential AI-Human, Training] 

Missing information to 

rate fairness 

"Not assessable under the information given. Assessments of candidates are very 

complex decisions, and it needs to be clear what kind of objective data is used by the 

AI to judge a candidate." [Aggregated Human-AI, Promotion] 

Should be other way 

around  

"I don't like that the AI system makes the pre-selection, as it might already eliminate 

me. My manager knows me best and should make a pre-selection and THEN the AI 

system could evaluate each person’s individual data for allocation of bonus 

payments." [Sequential AI-Human, Bonus] 

"Other way around would be fairer. preselection by manager could be biased, final 

decision by AI should be checked by human."  [Sequential Human-AI, Bonus] 
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Appendix H: ANCOVA Fairness Dimensions – Covariates  

  

  

F df p η2 

 

Interpersonal 

Faith in General Technology† 24.53 1, 788 <.001 .03  

Trusting Stance General Technology 8.26 1, 788 .004 .01  

Propensity to Trust Automation† 29.54 1, 788 <.001 .04  

Propensity to Trust People 5.13 1, 788 .024 .01  

Manipulation Check 0.265 1, 788 .607 .00  

Decision Type 20.07 3, 788 <.001 .01  

Informational 

Faith in General Technology† 46.71 1, 788 <.001 .06  

Trusting Stance General Technology† 4.04 1, 788 .045 .01  

Propensity to Trust Automation 18.74 1, 788 <.001 .02  

Propensity to Trust People† 0.13 1, 788 .722 .00  

Manipulation Check 0.46 1, 788 .497 .00  

Decision Type 8.98 3, 788 <.001 .03  

Procedural-

Core 

Faith in General Technology 33.98 1, 788 <.001 .04  

Trusting Stance General Technology 10.12 1, 788 .002 .01  

Propensity to Trust Automation 15.19 1, 788 <.001 .02  

Propensity to Trust People 3.71 1, 788 .054 .01  

Manipulation Check 1.67 1, 788 .197 .00  

Decision Type 2.79 3, 788 .040 .01  

Procedural-

Voice 

Faith in General Technology 0.154 1, 788 .695 .00  

Trusting Stance General Technology 4.319 1, 788 .038 .01  

Propensity to Trust Automation 12.281 1, 788 <.001 .02  

Propensity to Trust People 0.137 1, 788 .711 .00  

Manipulation Check 25.289 1, 788 <.001 .03  

Decision Type 28.742 3, 788 <.001 .10  

Note. † Interaction with the independent variable. Simply removing these covariates from the 

analysis could have resulted in an overestimation of the effect of decision type on the 

dependent variables. Since the focus was on controlling for the covariates and they were not 

directly related to the main hypothesis, I proceeded without excluding them. Regardless, the 

interaction can be inspected in Appendix I.  
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Appendix I: Covariate Interaction with Independent Variables 

There was an interaction of some covariates with the independent variable. 

Figure I1. Relationship between Propensity to Trust People and Decision Type in the 

Informational Fairness Dimension 

 

 

Figure I2. Relationship between Faith in General Technology and Decision Type in the 

Informational Fairness Dimension 
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Figure I3. Relationship between Trusting Stance in General Technology and Decision Type 

in the Informational Fairness Dimension 

 
  

Figure I4. Relationship between Faith in General Technology and Decision Type in the 

Interpersonal Fairness Dimension 
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Figure I5. Relationship between Propensity to Trust Automation and Decision Type in the 

Interpersonal Fairness Dimension 

 
 


