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Abstract 

The increasing use of Artificial Intelligence (AI) in recruitment has transformed how 

organizations evaluate and select candidates. While AI offers efficiency and consistency, its 

use in high-level selection processes raises concerns about transparency, trust, fairness, and 

acceptance. Explainable AI (XAI) has emerged as a way to address transparency issues by 

providing understandable explanations for AI decisions. 

This dissertation investigates whether XAI improves perceived explainability, trust, fairness, 

and adoption of recommendations. An experimental study was conducted in which participants 

received the outcome of a system regarding job recommendations.  

The results indicate that XAI is substantial in perceived explainability, trust, and fairness. 

However, XAI does not increase participants' willingness to trust AI recommendations. 

Mediation analyses reveal that the variable influencing acceptance is the trust variable, not 

being influenced by perceived explainability. The results indicate the importance of the  trust 

variable in associating transparency with trust. 

In conclusion, this research contributed to the existing body of knowledge on AI-supported 

recruitment, showing that trust is still needed to promote an improved level of acceptance of AI 

recommendations regarding recruitment practices. 
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Sumário 

A crescente utilização da Inteligência Artificial (IA) no recrutamento transformou a forma 

como as organizações avaliam e selecionam os candidatos. Embora a IA ofereça eficiência e 

consistência, a sua utilização em processos de seleção de alto nível levanta preocupações sobre 

a transparência, confiança, imparcialidade e aceitação. A IA Explicável (IAX) surgiu como uma 

forma de abordar as questões da transparência, fornecendo explicações compreensíveis para as 

decisões da IA. 

Esta dissertação investiga se a IAX melhora a explicabilidade percebida, a confiança, a justiça 

e a adoção de recomendações. Foi realizado um estudo experimental, no qual os participantes 

receberam o resultado de um sistema de em relação à recomendação de emprego.  

Os resultados indicam que a IAX é substancial na explicabilidade percebida, na confiança e na 

justiça. No entanto, a IAX não aumenta a disponibilidade dos participantes para confiar nas 

recomendações da IA. As análises de mediação revelam que a variável que influencia a 

aceitação é a variável confiança, não sendo influenciada pela explicabilidade percebida Os 

resultados indicam a importância da variável confiança na associação da transparência com a 

confiança. 

Em conclusão, esta investigação contribuiu para o corpo de conhecimento existente sobre o 

recrutamento apoiado por IA, mostrando que, embora seja necessária confiança para promover 

uma melhoria no nível de aceitação das recomendações de IA relativas às prá ticas de 

recrutamento. 
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1. Introduction   

1.1 General Topic Overview 

Artificial Intelligence (AI) refers to a collection of methods that enable computers to perform 

tasks that would typically require human reasoning and intelligence (Salin & Winston, 1992), 

and, although the term itself was first established in 1956 (Stuart & Norvig, 2016), AI is no 

longer something distant or futuristic. It already shapes how organizations make decisions every 

day, making an understanding of AI essential for all of us (Iansiti & Lakhani, 2020). AI systems 

are capable of surpassing human intelligence in various areas, particularly in structured and 

routine tasks that are easily automated (Parry et al., 2016; Haefner et al., 2021; Titareva, 2021), 

and they are widely used in modern workplaces to automate tasks and analyse large datasets. 

Increasingly, AI is also being applied to more complex functions - such as decision-making, 

creativity, and emotional intelligence - with even greater potential for these applications in the 

future (Kolbjørnsrud, 2017; Petrat, 2021; Kolbjørnsrud & Sannes, 2022). Rather than replacing 

humans, AI enhances efficiency and productivity, serving as a valuable leadership and 

management tool (Petrat, 2021; Wijayati et al., 2022), and a growing number of organizations 

are adopting it to support managerial and administrative activities (Petrat, 2021; Wijayati et al., 

2022). 

Technological advancements have substantially reshaped Human Resource Management 

(HRM) practices, enabling organizations to manage their workforce in a more effective, 

strategic, and professional manner (Nicolás-Agustín et al., 2022). Numerous researchers have 

offered varying definitions of HRM, though these perspectives largely complement one 

another. Schemerhorn (2001) defines HRM as the process of attracting and developing a 

talented workforce to support the achievement of an organization’s mission, vision, goals, and 

objectives. Similarly, Storey (2004) views HRM as a strategic approach to employee 

management that aims to maintain a capable and committed workforce through cultural, 

structural, and personnel practices, thereby creating a competitive advantage. In practice, HRM 

encompasses key activities such as recruitment and selection, employee management, and 

training and development (Wall & Wood, 2005). 

Given the broad scope and strategic importance of HRM functions, the HR department 

represents a significant opportunity for business process optimization (Tambe et al., 2019). In 

this context, the HR sector is undergoing a major transformation, often referred to as the Digital 
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Recruiting 3.0 era, marked by the increasing integration of AI into recruitment processes (Black 

& van Esch, 2019). AI is not only reshaping the roles and responsibilities of HR professionals 

but also profoundly influencing candidates’ job application experiences (Tambe et al., 2019). 

As Black and van Esch (2019) argue, AI has evolved from a theoretical concept into a practical 

necessity within modern recruitment practices. 

Furthermore, AI use in HRM processes is widespread. Amitabh & Ansari (2025) in the World 

Economic Forum stated that about 88% of businesses currently utilize some version of AI for 

preliminary candidate evaluation, while over 90% of organizations employ automated systems 

to sort or assess job applications. Even so, doubts remain about AI's effectiveness in recruitment 

(Fuller et al., 2021). 

The promise sounds appealing: faster decisions, fewer human errors, and potentially less bias 

(Dawes, 1979; Meehl, 1954). But reality is more complex. When algorithms decide who gets 

an interview or how someone’s potential is judged, people naturally start to ask if the selection 

process and outcomes were fair (Hausknecht et al., 2004). Nevertheless, risks and threats 

associated with AI are frequently linked to fears of machines taking over and the potential 

downfall of humanity (as cited by Rankila, 2020). However, Roos argues that such fears are 

largely unfounded though he acknowledges that the use of AI does involve certain real risks (as 

cited in Kemppi, 2018). This highlights the critical importance of applying ethical and 

responsible AI practices in recruitment and hiring processes (Tabassam et al., 2023). 

Beyond technical performance, the effectiveness of AI in recruitment increasingly depends on 

how these systems are perceived by human decision-makers and candidates (Wesche et al., 

2024). Issues such as trust (Lacroux & Martin-Lacroux, 2022), perceived fairness (Ochmann & 

Laumer, 2019), and acceptance (Ramachandranpillai et al., 2023) play a central role in 

determining whether AI-assisted hiring systems are seen as legitimate and are ultimately relied 

upon. 

In response to these concerns, Explainable AI (XAI) has emerged, making AI models clearer 

and more comprehensible (Langer & König, 2022). The so-called blackbox problem - referring 

to AI systems whose processes and operations are hidden from the user, making it difficult to 

understand the rationale behind the model’s decisions (Linardatos et al., 2020) - has been the 

focus of extensive research, particularly as AI systems are increasingly used to support critical 

decisions, such as healthcare interventions, criminal justice processes, and recruitment/hiring 
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decisions (Capone & Bertolaso, 2020). In such high-stakes contexts, it becomes essential that 

stakeholders are able to understand how AI systems arrive at their decisions, in order to foster 

transparency, trust, and their effective management (Wang et al., 2019). Moreover, 

explainability plays a key role in enhancing human–machine collaboration, and improving user 

trust (as cited in Williams, 2021). It is in response to these challenges that research into XAI 

has gained increasing attention. Within HRM, transparency, explainability, and interpretability 

are particularly critical given the highly consequential nature of the decisions involved, as they 

constitute key prerequisites for the sustainable adoption and use of AI systems (Janiesch et al., 

2021; Mirbabaie et al., 2021). Consequently, the high-stakes character of these decisions makes 

HRM a domain with an inherent need for XAI.  

1.2 Relevance of the Topic and Problem Statement 

Due to the significant concern surrounding fairness and trust in AI, Hurlburt (2017) contended 

that the issue of insufficient trust warrants closer examination. Overall, there is still limited 

understanding of how job applicants respond to the use of algorithmic decision-making in 

recruitment (van Esch et al., 2019). 

Trust encompasses a complex combination of interactional elements such as attitudes, beliefs, 

control, emotions, risk, and power (Abbass, 2019). Although trust has been widely recognized 

as a meaningful construct for understanding human–automation interaction, important 

distinctions between trust in humans and trust in automated systems must be acknowledged 

(Lee & See, 2004). In particular, a key challenge lies in transferring concepts of human–human 

trust to automation, as automated systems lack intentionality (Lee & See, 2004). This limitation 

is especially relevant when considering perceived purpose and intention. Trust in human 

relationships is strongly grounded in attributes such as loyalty, benevolence, and value 

alignment, which presuppose intentional mental states (Mayer et al., 1995). While automated 

systems do not possess genuine intentions or autonomous agency, they are developed with 

specific goals and therefore reflect the intentionality embedded by their designers (Rasmussen  

et al., 1994). 

XAI has become a crucial concept in tackling these issues, helping to ensure that AI-based 

decision-making in recruitment is transparent, understandable, and accountable (Arrieta et al., 

2020). The importance of XAI in recruitment lies in its capacity to minimize algorithmic bias, 

enhance fairness, and promote inclusivity within hiring practices (Hofeditz et al., 2022).  
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From an academic perspective, this gap - namely, the limited empirical understanding of how 

explainability influences trust, fairness perceptions, and behavioral acceptance of AI systems 

in recruitment contexts - is particularly relevant because existing research has largely focused 

on the technical performance and efficiency of AI systems, while offering more limited 

empirical insight into how explainability shapes human perceptions and behavioral responses 

in recruitment contexts. By examining perceived explainability, trust, fairness, and acceptance 

jointly, this dissertation contributes to a more comprehensive understanding of human–AI 

interaction in high-stakes decision-making settings. 

From a managerial perspective, this research is equally relevant. As organizations increasingly 

rely on AI to support recruitment decisions, managers face growing pressure to ensure that these 

systems are not only efficient, but also perceived as fair, transparent, and legitimate. 

Understanding whether explainability improves trust and acceptance of AI recommendations 

can help organizations make more informed choices about the design and implementation of 

AI-based recruitment tools, thereby supporting more responsible and ethical hiring practices. 

Therefore, this dissertation aims to explore whether and how explainability influences users’ 

perceptions and acceptance of AI-assisted recruitment decisions. In other words, it examines 

whether providing clear and understandable explanations for algorithmic recommendations can 

make people feel that the system is fairer and more trustworthy. The central question guiding 

this research is: Does explainable AI (XAI), compared with blackbox AI, increase users’ 

acceptance of AI recommendations in recruitment contexts by enhancing perceived 

explainability, trust, and fairness? 

To address this broader question, the study investigates several specific aspects:  

RQ1: Does XAI, compared to blackbox AI, increase trust in AI systems used for candidate 

evaluation? 

RQ2: Does XAI, compared to blackbox AI, increase perceived explainability? 

RQ3: Does XAI, compared to blackbox AI, increase perceived fairness of AI 

recommendations? 

RQ4: Does XAI, compared to blackbox AI, lead to greater willingness to follow AI 

recommendations? 
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RQ5: Are these effects mediated by perceived explainability and trust?  

1.3 Structure 

To achieve the objectives of this dissertation, an experimental study was carried out. After this 

introductory chapter, the dissertation was organized as follows. The next chapter provided a 

literature review that explored key themes such as the use of AI in recruitment, the concept of 

XAI, trust in AI systems, and perceptions of fairness in automated decision-making. The 

methodology chapter then detailed the research design, sample, and the experimental procedure 

adopted for the study. This was followed by the results and discussion chapter, which presented 

the main findings and interpreted them in light of the research questions and theoretical 

framework. Finally, the conclusion summarized the key insights of the study, discussed their 

practical and theoretical implications, outlined the limitations of the research, and suggested 

avenues for future work on XAI in recruitment. 

2. Literature Review 

2.1 Artificial Intelligence in Organizational Decision-Making 

AI has existed for several decades and has been applied across a wide range of fields over time. 

However, it is only in more recent years that the technology has advanced significantly and 

become widely implemented within various organizational contexts (Tecuci, 2012). Despite its 

long history, there is no single, universally accepted definition of AI (Legg & Hutter, 2007).  

One way to approach the concept of AI is by examining the individual meanings of the terms 

that make up the concept. The term “artificial” is generally well understood and requires little 

clarification (Bringsjord & Schimanski, 2003). According to the Cambridge Dictionary, 

“artificial” refers to something made by people, often as a copy of something natural 

(Cambridge University Press & Assessment, 2025). Thus, the artificial component of AI can 

be understood as human-made systems designed to replicate natural phenomena. 

Defining intelligence, however, presents greater challenges. Some scholars describe AI as the 

development of machines, programs, or robots that exhibit behavior comparable to human 

intelligence (Tecuci, 2012; Kaplan, 2016). The difficulty with this perspective lies in the need 

to measure and compare human intelligence with that of machines. Kaplan (2016) offers an 

alternative view, describing intelligence as “the ability to make appropriate generalizations in 

a timely manner based on limited information” (p. 5). Other, more informal interpretations of 
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intelligence emphasize abilities such as reasoning, planning, learning, adapting to the 

environment, or retrieving and processing information (Legg & Hutter, 2007). Intelligence may 

also be understood as the capacity to analyze data and make decisions that  take both information 

and context into account (Ved et al., 2016). For instance, if a system can learn to play games 

like tic-tac-toe, recognize faces, or generate music, it can be considered an example of AI 

(Kaplan, 2016). For the purposes of the current thesis, AI is defined as the capability of 

machines or systems to learn, interpret, and understand independently in a manner comparable 

to human cognitive processes. 

In an organizational context, AI is considered to be a pervasive innovation that enables 

organizations to evolve in the digital age (Davenport, 2018b). AI has become a major driver of 

transformation in the field of HR, offering a wide range of possible applications (Jatobá et al., 

2019). Traditional recruitment processes were revolutionized in recruitment within the past few 

years by AI technologies which have created unprecedented opportunities to systematize the 

search, evaluation, and selection process of applicants (Lundvall, 2022).  

AI-powered technologies enhance the efficiency, impartiality, and predictive accuracy of 

identifying top talent from extensive applicant pools (Ghoneim, 2024). Such tools include 

résumé screening algorithms, candidate-matching systems, and automated interview platforms 

(Ore & Sposato, 2022). 

However, these systems also have notable limitations. Key challenges involve the opaque 

nature of AI (i.e., the “blackbox” problem), potential biases within training data, difficulties in 

organizational adaptation, excessive dependence on AI-generated results, and wider ethical 

issues (Haenlein & Kaplan, 2019).  

2.2 Blackbox AI and the Need for Explainability  

Blackbox systems make it difficult to understand how decisions are made, raising serious 

concerns about transparency and accountability—particularly when they are deployed in high-

stakes contexts (Thakur et al., 2025). The concept of blackbox AI has been widely discussed 

and defined in both academic and industry settings. In simple terms, it is commonly associated 

with a lack of understanding (Lipton, 2018) or transparency (Bucher, 2016), as the internal 

mechanisms and decision-making processes of these systems remain inaccessible to users. 
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The blackbox phenomenon refers to the difficulty of comprehending how AI systems arrive at 

their decisions or outputs (Marey et al., 2024). Explainable Artificial Intelligence (XAI) aims 

to address this challenge by enhancing the transparency of complex algorithms and shedding 

light on how they operate and reach decisions (Gilpin et al., 2018). Understanding the reasoning 

behind AI outcomes is essential for promoting algorithmic fairness, identifying biases or flaws 

in training data, and ensuring that systems function as intended (Gilpin et al., 2018; Marey et 

al., 2024). 

The drive for explainability is motivated by technical, ethical, and regulatory pressures (Thakur 

et al., 2025), leading to an increasing demand for XAI approaches that provide meaningful 

insights without compromising model performance (Marey et al., 2024). Despite this progress, 

explanations are not yet standardized or consistently evaluated, as assessments often rely on 

subjective judgment (Gilpin et al., 2018; Lin et al., 2019). Consequently, the development of 

objective and reliable metrics for measuring the effectiveness of XAI remains an active area of 

research (Lin et al., 2019). 

2.3 Explainable Artificial Intelligence  

XAI encompasses a set of methods aimed at interpreting and understanding AI models, with a 

strong focus on transparency (DeSimone & Leon, 2024). Its core attributes include 

understandability, comprehensibility, transparency, interpretability, and explainability (Hamida 

et al., 2024). Although these terms are often used interchangeably, important distinctions exist 

- particularly between explainability and interpretability (DeSimone & Leon, 2024). 

Explainability refers to explanations functioning as an interface between users and AI systems 

(Angelov et al., 2021) aiming to clarify internal decision processes and justify model outputs, 

even in complex and opaque models such as deep neural networks (Johnson, 2020; Band et al., 

2023). In contrast, interpretability concerns the extent to which a system can directly link causes 

to effects through inherently understandable mechanisms (Johnson, 2020), as well as the degree 

to which users can comprehend these explanations without additional layers (Markus, 2021). 

The main objective of XAI is to help humans better comprehend AI systems, foster informed 

trust, and support the development of models that are more transparent and explainable 

(Dwivedi et al., 2023). As reliance on intelligent systems increases, the demand for interpretable 

and transparent models continues to grow, especially in high-stakes domains where 

explainability is becoming a benchmark for trust and deployment (Dwivedi et al., 2023). Clear 
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explanations of automated decisions contribute to demonstrating reliability, building user 

confidence, validating predictions, and identifying hidden errors or biases, thereby encouraging 

more responsible AI use (Ortigossa et al., 2024). 

In contrast to traditional blackbox models, XAI provides human-understandable explanations 

for recommendations and outcomes by clarifying the reasoning and criteria behind algorithmic 

decisions (Ghoneim, 2024). This enables stakeholders - such as recruiters, hiring managers, and 

job applicants - to more easily interpret and evaluate AI-generated decisions (Shin, 2021). By 

emphasizing transparency alongside accuracy and fairness, XAI plays a crucial role in 

strengthening organizational trust as AI systems become increasingly embedded in decision-

making processes (Hamida et al., 2024). 

2.4 XAI in Recruitment and HRM  

Human Resources (HR) practices are increasingly incorporating AI for tasks such as 

recruitment, performance evaluation, and employee retention (Gopi et al., 2025). Despite this 

growing adoption, the need for AI systems in HR that are transparent and easy to interpret 

remains largely unmet (Gopi et al., 2025). 

Applying XAI techniques to recruitment data aims to uncover the key factors driving hiring 

decisions and to enhance transparency in the recruitment process (Shulner-Tal & Sheidin, 

2025). However, despite their potential, these techniques often struggle to effectively integrate 

their outputs into visualizations and user interfaces that are accessible to non-technical HR users 

(Gopi et al., 2025). 

The relevance of XAI in recruitment lies in its capacity to mitigate algorithmic bias, promote 

fairness, and foster inclusivity in hiring practices (Hofeditz et al., 2022). Although AI systems 

are frequently perceived as objective, human biases can unintentionally influence decision 

rules, training datasets, and algorithmic structures, causing AI to reproduce or even amplify 

existing inequalities throughout the recruitment process (Hofeditz et al., 2022). Empirical 

evidence clearly demonstrates that discrimination in hiring is well documented, particularly 

concerning age, gender, and race (Baert, 2018). This body of evidence suggests that AI systems 

trained on historical recruitment data cannot be assumed to be inherently objective and may, 

without targeted interventions, perpetuate established patterns of discrimination. In this context, 

XAI does not eliminate bias but plays a crucial role in making discriminatory decision patterns 
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visible and open to scrutiny, thereby supporting more accountable governance of AI-driven 

recruitment systems (Hofeditz et al., 2022). 

Beyond bias mitigation, XAI also strengthens stakeholder trust and acceptance of AI 

technologies by providing meaningful insights into how algorithmic decisions are made 

(Hofeditz et al., 2022). For recruiters and hiring managers, transparent explanations support 

more informed and accountable decision-making, enabling them to assess the relevance, 

accuracy, and fairness of AI-generated recommendations (Rigotti & Fosch-Villaronga, 2024). 

Similarly, job applicants benefit from increased transparency by gaining a clearer 

understanding of the factors influencing their evaluations, which enhances trust in the system 

and perceptions of fairness within the recruitment process (Sheridan et al., 2022).  

The integration of XAI into recruitment thus represents a significant advancement in digital 

service innovation. It enables organizations to respond to evolving workforce needs through 

more efficient hiring processes, improved understanding of candidate profiles, and data-driven 

decision-making supported by AI algorithms (Tambe et al., 2019). Moreover, a focus on ethical 

decision-making and stakeholder trust aligns with the core principles of responsible innovation 

in the digital services sector (Ghoneim, 2024). Through XAI, organizations can enhance HR 

practices, uphold ethical standards, and strengthen stakeholder trust, thereby advancing digital 

innovation while mitigating bias, promoting diversity, and improving overall organizational 

performance, competitiveness, and sustainability (Arrieta et al., 2020). 

2.5 Trust in AI Systems and Perceived Explainability 

2.5.1 Trust in AI Systems  

Although the theoretical advantages of XAI are persuasive, its real-world implementation 

provides even deeper insights. A prime example of this is LinkedIn’s recruitment tools, which 

employ AI to improve job matching while emphasizing transparency (Ghoneim, 2024). As the 

world’s largest professional networking platform, LinkedIn leads the way in applying AI to 

recruitment (Ghoneim, 2024). Its sophisticated algorithms align job seekers with suitable 

opportunities by analyzing factors such as location, industry trends, and professional experience 

(Ghoneim, 2024). A key component of LinkedIn’s AI approach is the integration of XAI, which 

increases the transparency and interpretability of its decision-making processes (Ghoneim, 

2024). Through XAI, LinkedIn enables users to understand the reasoning behind job 
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recommendations, thereby building trust by making the AI’s suggestions more transparent and 

explainable (Nechytailo, 2023; LinkedIn Engineering, 2021). 

Empirical research suggests that XAI has the potential to enhance users’ trust in AI systems; 

however, this relationship is complex and contingent on multiple factors (Weitz et al., 2019; 

De Brito Duarte et al., 2023; Rosenbacke et al., 2024). Although explanations often foster 

greater trust - particularly when they are clear, concise, and relevant - their presence alone does 

not guarantee increased trust, and in certain contexts, XAI may even have a negative effect (De 

Brito Duarte et al., 2023; Rosenbacke et al., 2024). The quality of explanations is therefore 

crucial, as overly complex or inconsistent explanations can erode user confidence (Rosenbacke 

et al., 2024). Moreover, system performance frequently exerts a stronger influence on trust than 

explainability alone (De Brito Duarte et al., 2023). Beyond trust in AI systems themselves, XAI 

also shapes trust in AI developers and engineers, with perceived explainability playing a 

significant role in shaping trust-related perceptions, which subsequently influence public 

attitudes and intentions to adopt AI systems (Cheung & Ho, 2025). Importantly, trust is a 

multidimensional construct: while explanations contribute cognitive information that supports 

informed trust judgments, affective factors and information beyond explanatory depth also 

moderate the formation of trust (Bernardo & Seva, 2023). 

In sum, although the effects of XAI on trust are not uniform, explainability offers advantages 

over blackbox AI in supporting users’ trust judgments. Thus, I propose the following: 

H1: Participants exposed to XAI will report higher trust in the AI system than those 

exposed to blackbox AI. 

2.5.2 Perceived Explainability  

Explainability in AI involves understanding the underlying logic and processes that lead to an 

algorithm’s specific outcomes and decisions (Arrieta et al., 2020). A related concept, 

causability, refers to how effectively an explanation enables users to grasp the core reasoning 

behind a given result (Holzinger et al., 2019). When AI decisions lack interpretability, this 

opacity can reinforce existing biases and potentially result in unjust or discriminatory outcomes 

(Quinn et al., 2022). 

Although XAI aims to foster AI adoption by increasing algorithmic transparency, its direct 

impact on users’ perceived explainability is often modest (Hamm et al., 2023). Notably, 
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perceived explainability itself strongly influences both trust and perceived usefulness (Hamm 

et al., 2023). Users may even accept XAI systems with lower accuracy when explanations are 

relevant and evidence-based, suggesting a preference for rich contextual insight over simple 

outcome reporting (Rastogi et al., 2025). 

Interactive XAI approaches can further enhance perceived usefulness and team performance, 

though they may also increase task completion time and yield mixed effects on cognitive load 

and overconfidence (Bertrand et al., 2023). Paradoxically, some studies indicate that reduced 

explainability can sometimes lead to higher perceived trustworthiness and competence 

(Hauptman et al., 2024). Moreover, post-hoc explanations of blackbox models may be 

incomplete or biased, underscoring the importance of behavioral measures for a more holistic 

understanding of interpretability (John-Mathews, 2021). 

Taken together, while prior research indicates that the effects of XAI on perceived 

explainability are neither uniform nor guaranteed, the inclusion of explanation mechanisms is 

nevertheless expected to increase users’ perceived explainability relative to fully opaque 

systems. Accordingly, the following hypothesis is proposed: 

H2: Participants exposed to XAI will report higher perceived explainability compared 

to those exposed to blackbox AI systems. 

2.6 Fairness and Acceptance of AI-Based Decisions  

2.6.1 Perceived Fairness in AI-Assisted Recruitment  

Perceived fairness reflects how people judge the AI-driven recruitment process in terms of 

equity and openness (Singh & Finn, 2022). It encompasses their beliefs about whether the 

system is ethical, unbiased, and treats all applicants equally (Singh & Finn, 2022). Fairness and 

freedom from bias are considered key ethical priorities in recruitment (Hofeditz et al., 2022).  

Applicants often receive little insight into how algorithms evaluate their qualifications or 

determine their rankings and this lack of clarity can undermine trust and perceived fairness, 

ultimately reducing candidates’ willingness to accept AI-driven hiring processes (Chamorro-

Premuzic et al., 2023). 

Research suggests that although XAI has been widely studied for its ability to reveal and 

interpret unfairness (Papanikou et al., 2025), as well as to mitigate and assess bias 
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(Ramachandranpillai et al., 2023), its direct empirical effects on users’ fairness perceptions - 

particularly in comparison to blackbox models - remain underexplored. Some studies indicate 

that explanations can improve transparency and perceived trustworthiness (Ramachandranpillai  

et al., 2023), and that XAI techniques may assist end users in identifying and potentially 

correcting fairness-related issues in AI systems (Nakao et al., 2022). Nevertheless, many 

assertions about XAI’s fairness advantages lack clear definitions and normative foundations 

(Deck et al. 2024), and XAI should therefore be regarded as only one of several tools for 

promoting algorithmic fairness (Deck et al. 2024). A critical survey emphasizes the importance 

of clearly specifying the XAI approach used, the targeted fairness objective, the mechanism 

through which fairness is supported, and the stakeholder who benefits (Deck et al. 2024). 

Moreover, evaluations of XAI systems must explicitly account for fairness, as variations in user 

backgrounds can introduce biased perceptions and influence AI-driven outcomes (Nguyen et 

al., 2024). To address these challenges, a proposed evaluation framework integrates fairness-

related properties and metrics to better ensure equitable results (Nguyen et al., 2024). 

Overall, although XAI is not a standalone solution for algorithmic fairness, prior research 

suggests that explainability can enhance transparency and support users’ fairness judgments 

compared to opaque, blackbox systems. Thus: 

H3: Participants exposed to XAI will perceive the system as fairer compared to those 

exposed to blackbox AI. 

2.6.2 Acceptance of AI Recommendations 

Although XAI has the potential to improve semantic interpretation in résumé screening, 

increase accuracy in job matching, and support more thorough analysis in interview 

assessments (Zhang et al., 2025), its effectiveness depends heavily on contextual conditions 

and users’ levels of AI literacy (Fleiß et al., 2024;  Kalff & Simbeck, 2025). For example, the 

specific types of skills being evaluated can shape how explanations influence user acceptance 

(Fleiß et al., 2024), and HR managers’ AI literacy plays a significant role in how well XAI 

components are understood (Kalff & Simbeck, 2025). Users with moderate to high AI literacy 

tend to report more positive subjective perceptions of XAI, though this does not always translate 

into better objective understanding (Kalff & Simbeck, 2025). Moreover, many existing 

recruitment dashboards provide insufficient explanations of AI-generated outcomes (Ahmed, 

2024). As a result, enhancing AI literacy and adapting explanation strategies to user needs are 
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essential for ensuring the fair and effective integration of AI in recruitment processes (Zhang 

et al., 2025). 

Taken together, these findings suggest that, while the effectiveness of XAI depends on 

contextual factors and users’ AI literacy, explainable systems can facilitate understanding and 

acceptance of AI outputs. Compared to opaque, blackbox systems, this increased transparency 

is expected to strengthen users’ willingness to follow AI recommendations. Hence, I propose 

the following: 

H4: Participants in the XAI condition will show greater willingness to follow the AI’s 

recommendation compared to those exposed to blackbox AI. 

As discussed in Section 2.5, perceived explainability and trust play central roles in shaping how 

users interpret, evaluate, and rely on AI outputs. When users understand the rationale behind 

AI recommendations and perceive the system as trustworthy, they are more likely to accept and 

act upon its advice. Thus: 

H5: The effect of AI type (XAI vs. blackbox) on participants’ willingness to follow AI 

advice will be mediated by perceived explainability and trust.  

2.7 Conceptual Framework and Hypotheses 

Figure 1 presents the conceptual model of this study, which proposes that the type of AI system 

- blackbox vs. XAI - influences how users understand and respond to AI-generated 

recommendations in recruitment contexts. Trust and perceived explainability are modeled  as 

parallel mediators of the relationship between AI type and willingness to follow AI advice (H5), 

while fairness is examined as a distinct, secondary outcome of AI type. 
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Figure 1 - Conceptual framework and hypotheses 

3. Methodology 

3.1 Research Design 

This dissertation examines whether increasing the transparency of AI systems influences 

participants’ perceived explainability, trust, fairness, and behavioural acceptance in AI-assisted 

hiring decisions. The aim is to empirically assess whether providing insight into how an AI 

system evaluates candidates makes the system feel more understandable, trustworthy, and 

procedurally fair to users, and whether these perceptions shape their willingness to follow the 

AI’s recommendation. The contribution of this study lies in examining explainability not as an 

abstract technical property, but as a mechanism that may meaningfully improve human 

responses to AI-assisted recruitment. 

To investigate these questions, a 2 × 2 between-subjects experimental design was implemented 

in Qualtrics. Two elements were manipulated: 1) the type of AI system providing the hiring 

recommendation - XAI or Blackbox AI - and 2) the order in which the two candidate profiles 

were presented (stronger candidate first vs. weaker candidate first). These manipulations 

resulted in four experimental conditions, to which participants were assigned.  

Random assignment was used to minimize systematic differences between groups in variables 

such as prior experience with AI, demographic characteristics or attitudes toward technology. 

Although randomization does not guarantee perfect equivalence across conditions, it is a 

method for reducing potential confounds and increasing internal validity by ensuring that 
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observed differences are more likely attributable to the manipulated variables (Cook et al., 

2002). 

A between-subjects design was intentionally chosen so that each participant viewed only one 

scenario. This decision was important to prevent participants from becoming aware of the 

experimental manipulation by comparing different types of AI explanations or different 

presentation orders. It also avoided learning or contrast effects that could arise if participants 

were exposed to multiple scenarios (Charness et al., 2012). By restricting each participant to a 

single condition, the design strengthened the interpretability of differences across groups and 

ensured that responses more closely reflected participants’ natural reactions to a single AI-

assisted hiring decision. 

Together, this experimental approach provided a controlled way to examine whether 

explainable AI can meaningfully enhance perceived explainability, trust, and fairness, and 

whether these perceptions translate into greater behavioural reliance on AI recommendations 

in a recruitment context. 

3.2 Participants 

The study was distributed through multiple online channels, which featured a website focused 

on finding research participants (SurveyCircle), my own social media (Instagram, LinkedIn, 

Facebook, X), as well as my personal networks. Additionally, it is important to note that every 

participant in this research was a volunteer. 

Of the 204 responses collected, 185 successfully passed a manipulation check. Following this, 

an additional exclusion criterion based on completion time was applied. Given that the main 

textual content of the study comprised approximately 700 words and that the average reading 

speed is estimated at around 0.25 seconds per word (Brysbaert, 2019), participants would 

require a minimum of approximately 175 seconds to read the material alone, not accounting for 

page transitions or response selection. Therefore, participants who completed the study in less 

than 175 seconds were excluded, as such response times likely indicate insufficient engagement 

with the study materials. This resulted in the exclusion of 37 additional participants (one 

participant had already been excluded for failing the attention check), yielding a final sample 

of 148 participants. 
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This final sample size is considered adequate, as prior research indicates that parallel mediation 

models with two mediators using bootstrapping techniques require approximately 110 to 130 

participants to reliably detect medium-sized effects (Sim et al., 2022). 

Among these participants, 58% identified as female and 42% as male, with an average age of 

30.06 years (SD = 12.12). Most respondents were highly educated, with 90,5% holding at least 

a bachelor’s degree, and the majority (86%) reported living in Portugal. 

Participants also varied in their familiarity with AI tools: 32% considered themselves to have 

low experience, while 58% reported a medium level of experience. In terms of professional 

background, 62% worked in management or administration, and 8% in human resources or 

recruitment.  

3.3 Procedure 

Participants began the study by reading an introductory page that included a brief description 

of the research and explained that continuing to the next page constituted informed consent to 

participate. After providing their consent, participants were asked to indicate the name of a 

company for which they either currently worked or would like to work; this response was used 

only to personalize the recruitment scenario and enhance its realism.  

Next, participants were introduced to the evaluation task: they were asked to put themselves in 

the role of an HR manager who has to choose a candidate for a Data Scientist position. They 

were then shown two candidate profiles. The order in which these profiles appeared - stronger 

candidate first or weaker candidate first - was determined through random assignment 

programmed in Qualtrics. 

Following the review of both candidates, participants indicated their initial hiring preference 

using a continuous slider ranging from 0 (“strongly prefer Sam Jones”) to 100 (“strongly prefer 

Jess Smith”). This pre-recommendation measure served as a baseline indicator of participants’ 

preferences prior to any AI input. 

Participants were then randomly allocated to either of the two AI experimental conditions: 

blackbox AI vs XAI. In the blackbox condition, the AI system provided a screening score and 

hiring recommendation with no explanation regarding its reasoning. In the XAI condition, the 

same recommendation was accompanied by a short, clear explanation highlighting the criteria 
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that informed the AI’s decision. As an example (note the difference between blackbox and AI 

was the omission, in the blackbox condition, of the AI Explanation part):  

Please imagine the company [company name] uses an AI decision-support system that analyzes 

candidate profiles and provides a recommendation score on a 0-100 scale, where, in this case, 0 

= Strongly prefers Sam Jones and 100 = Strongly prefers Jess Smith. For these two candidates, 

the output of the AI system was: 

AI Recommendation Score: 25;  

AI Recommendation: Sam Jones;  

AI Explanation: Sam Jones scored higher due to their graduate education in Data Science, four 

years of relevant experience, and advanced technical skills (Python, Power BI, TensorFlow) that 

align with the job requirements. Jess Smith scored lower because their education and experience 

are more limited, and their technical background is less specialized for this role. 

After viewing the AI recommendation (with or without explanation), participants once again 

indicated their hiring preference on the same 0-100 slider. This second preference measure 

allowed for assessment of behavioural reliance on the AI recommendation.  

The following block contained the study’s key measures. Participants first completed the 

perceived explainability, perceived fairness of the AI-assisted hiring process, and trust 

measures. Then, a manipulation check asked participants whether the AI system they were 

exposed to provided an explanation. 

Before the demographics, which concluded the survey, there was an opportunity for participants 

to provide open-ended comments or feedback related to the scenario, the AI system, or the 

questionnaire in general. This section allowed the respondents to elaborate on their experience 

in their own words and provided qualitative insights that could supplement the quantitative 

results. 

The last questions in the questionnaire were on demographic characteristics - age, gender, level 

of education, country of residence, professional background, and experience with AI systems 

(which served as control variables) - and ended with a 'thank you' note and the contact 

information of the researcher, in case participants wanted to get more information on this study. 

A full version of the questionnaire is given in Appendix A. 
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3.4 Variable Measurement  

3.4.1 Dependent Variables 

Fairness: Perceptions of fairness in the AI-assisted hiring procedure were measured using a 

three-item scale adapted from Schoeffer et al. (2024). These items evaluate the perceived 

ethicality and impartiality of the AI system (e.g., original item: “The AI’s procedures are free 

of bias”; adapted item: “The AI system used for candidate selection is free of bias”). All items 

were rated on a 5-point Likert scale (1 = “strongly agree”; 5 = “strongly disagree”). 

AI recommendation acceptance: Participants’ reliance on AI recommendation was measured 

using the Weight of Advice (WOA) index (Yaniv, 2004), which captures the extent to which 

participants adjusted their hiring decision toward the AI’s recommendation. WOA was 

calculated as the proportional change from participants’ initial preference to their final 

preference, relative to the distance between the initial preference and the AI’s advice. 

Preferences were recorded using a continuous slider ranging from 0 (“strongly prefer Sam 

Jones”) to 100 (“strongly prefer Jess Smith”), with the AI recommendation expressed on the 

same scale. The AI output was either 25 (in the condition where Sam was the stronger candidate, 

indicating a recommendation for Sam) or 75 (in the condition where Jess was the stronger 

candidate, indicating a recommendation for Jess). Cases in which participants’ initial preference 

coincided with the AI recommendation (n = 10) were excluded from the computation, as advice 

taking is not meaningful when no adjustment toward the advice is possible. Some WOA values 

fell outside the theoretically meaningful range of −1 to 1. Following prior advice-taking 

research (e.g., Gino & Moore, 2007), these extreme values were addressed through 

winsorization by recoding values above 1 to 1 and values below −1 to −1. All analyses involving 

AI recommendation acceptance were conducted using the winsorized WOA measure.    

3.4.2 Independent Variable 

AI System Type: The primary independent variable in this study was the kind of AI system that 

offered the hiring suggestion. Participants were allocated to either the XAI group or the 

blackbox AI group. As described in the literature review, the main distinction between these 

systems is the level of transparency they provide. While both systems delivered a hiring 

recommendation accompanied by an AI-generated score, only the XAI condition included an 

explanation describing the criteria the AI relied upon (e.g., education, experience, and technical 

skills). In contrast, the blackbox condition presented the recommendation without any insight 
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into the AI’s reasoning. Aside from the presence or absence of the explanation, all other content 

presented to participants was held constant across conditions. A dummy variable was created 

to represent the main experimental manipulation (0 = blackbox AI, 1 = XAI).  

3.4.3 Mediator Variables 

Trust: Trust toward the AI-based hiring system was assessed using a five-item adaptation of 

the Trust in Automation scale originally developed by Merritt (2011). This scale has been 

widely applied in automation and AI-acceptance research. The items were adjusted to match 

the recruitment context (e.g., original item: “I usually trust machines until there is a reason not 

to”; adapted item: “I usually trust AI systems in recruitment decisions until there is a reason not 

to”). One item was reverse-scored (“For the most part, I distrust AI systems used in hiring 

decisions.”). All items were measured on a 5-point Likert scale from “strongly agree” to 

“strongly disagree”. 

Perceived explainability: Participants’ perceptions of how clear and understandable the AI 

system’s decision-making process was were measured using an adapted version of the 

Transparency Of RObots (TOROS) scale (Angelopoulos et al., 2025). This scale has been used 

in recent studies examining transparency in intelligent systems. The adapted version contained 

four items (e.g., original item: “I feel like the robot’s explanations are useful”; adapted item: 

“The AI system’s explanations are useful”), each rated on a 5-point Likert scale ranging from 

1 = “strongly agree” to 5 = “strongly disagree”.  

3.4.4 Control Variables 

Experience with AI tools: Previous research shows that past experience consistently shapes how 

people interact with automated systems, independent of the specific direction of its effect (Hoff 

& Bashir, 2015). Experience matters because it helps users build a clearer understanding of 

how an automated system works and what it is intended to do (Hoff & Bashir, 2015). For this 

reason, participants in the present study were asked to report their level of experience with AI 

tools using a single-item measure (“What is your experience with AI tools?”), rated on a four-

point scale (1 = “none”, 2 = “low”, 3 = “medium”, 4 = “high”). This measure was included as 

a control variable to account for individual differences in familiarity and exposure to AI 

systems. 
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Demographic Controls: Demographic characteristics were also collected and considered as 

potential control variables. These were participants’ age, gender, education level, professional 

background, and country of residence. Country of residence was dummy coded, with Portugal 

coded as 1 and all other countries coded as 0. Education level was treated as an ordinal variable 

(1 = High School, 2 = Bachelor’s degree, 3 = Master’s degree, 4 = PhD). Professional 

background was dummy coded into four categories: Human Resources/Recruitment (1), 

Management/Administration (2), Other professional backgrounds (3), and no professional 

background (4).  

4. Results 

4.1 Scale Reliability 

Internal consistency was assessed for all multi-item scales using Cronbach’s α, adopting the 

commonly accepted threshold of α ≥ .70 for adequate reliability (Bland & Altman, 1997). As 

shown in Table 1, all scales met this criterion except the fairness scale (α = .68). Although 

adapted from Schoeffer et al. (2024) and grounded in procedural justice frameworks (Colquitt 

& Rodell, 2015), this three-item scale fell below the recommended threshold, which is a 

common limitation of shorter scales (Schweizer, 2011). 

Table 1- Scale's reliability test results 

Scale Number of items Cronbach’s α 

Trust 6 .87 

Explainability 4 .93 

Fairness 3 .68 

 

4.2 Descriptive Statistics 

The final sample consisted of 148 participants. Of these, 66 participants were assigned to the 

blackbox AI condition, while 82 participants were assigned to the XAI condition. Descriptive 

statistics for all scale variables examined in the experiment are reported in aggregated form in 

Table 2 and are further examined in the hypothesis testing section. 



 21 

Table 2 - Descriptive statistics of all the variables used 

Scale N Min. Max. M SD 

Trust 148 1 5 3.23 0.73 

Explainability 148 1.25 5 3.65 1.05 

Fairness 148 1.67 5 3.70 0.69 

Pre-AI  Preference  148 0 100 54.16 35.29 

Post-AI Preference  148 0 100 51.40 36.47 

AI Recommendation Acceptance 138 -1 1 0.37 0.57 

 

4.3 Bivariate Correlations 

As an exploratory and initial analysis, Pearson bivariate correlations were conducted to examine 

the relationships among the key variables of the conceptual model, in order to better understand 

their associations and to provide a preliminary assessment of hypotheses H1 to H4. 

Additionally, it is possible to investigate associations between types of AI systems (blackbox  

or XAI), perceptions regarding explainability, trust, perception of fairness, and acceptance of 

AI system recommendation for further statistical testing. 

As illustrated in Table 3, system type was positively and significantly related to trust (r = .22, 

p = .006). This confirms the hypothesized prediction provided in H1 since individuals who used 

the XAI system (coded as 1) reported higher levels of trust towards the AI system than those 

who used the blackbox system (coded as 0).  

There was a strong positive relationship between the type of AI system and the perceived 

explainability (r = .66, p < .001), which provided strong evidence in support of H2. The 

correlation coefficient suggests that the experimental manipulation was highly successful in 

allowing the two conditions of the AI system to differ on perceived transparency.  

The type of AI system was also positively and significantly correlated with fairness perceptions 

(r = .26, p = .001), lending initial support for H3. The findings indicate that exposure to XAI is 
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associated with higher perceptions of fairness in the AI-assisted hiring decision. In contrast, the 

correlation between type of the AI systems and acceptance of the AI recommendation was 

positive but did not reach statistical significance (r = .15 and p = .080). Therefore, H3 was not 

supported at the bivariate level. This finding suggests that, although participants exposed to 

XAI tended to adjust their hiring preferences slightly more in the direction of the AI 

recommendation, this direct association was not strong enough to be statistically reliable. 

Table 3 - Bivariate correlations among study variables 

  

Note: **. Correlation is significant at the 0.01 level (2-tailed); *. Correlation is significant at 

the 0.05 level (2-tailed). 

4.4 Hypothesis Testing 

4.4.1 The Effect of AI System Type on Perceived Fairness 

H3 stated that XAI would lead participants to perceive the system as fairer compared with 

blackbox AI. To test this hypothesis, a multiple regression analysis was conducted with 

perceived fairness as the dependent variable. AI system type was included as the main 

independent variable, together with a set of control variables comprising age, gender, education 

level, professional background, country of residence, and experience with AI tools.  

The overall regression model was statistically significant, F(7, 140) = 5.95, p < .001, explaining 

22.9% of the variance in perceived fairness (R² = .23; adjusted R² = .19). Importantly, AI system 

type emerged as a significant positive predictor of fairness perceptions (b = 0.31, SE = 0.10, β 

= 0.22, p = .003). This result indicates that participants exposed to the explainable AI system 
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perceived the recruitment decision-making process as significantly fairer than those exposed to 

a blackbox AI system, even after accounting for individual differences.  

Regarding the control variables, both gender and experience with AI tools were significant 

predictors of perceived fairness. Male participants reported higher fairness perceptions 

compared to female participants. In contrast, experience with AI tools was negatively associated 

with perceived fairness, suggesting that participants with greater familiarity with AI 

technologies tended to evaluate the system more critically. Detailed regression results are 

provided in Appendix B. 

Crucially, the effect of AI system type remained significant after controlling for all 

demographic and experiential factors, indicating that the positive influence of explainability on 

fairness perceptions is robust. Overall, these findings provide clear support for H3. 

4.4.2 Mediation Analysis: The Role of Trust and Perceived Explainability 

To jointly test H1, H2, H4, and H5, a parallel mediation analysis was conducted using 

PROCESS Model 4 (Hayes, 2022). AI system type (0 = blackbox AI; 1 = XAI) was specified 

as the independent variable, perceived explainability and trust as parallel mediators, and AI 

recommendation acceptance as the dependent variable. The analysis was based on 5,000 

bootstrap resamples with 95% confidence intervals. 

Consistent with H1, AI system type significantly predicted trust in the system. Participants 

exposed to the XAI condition reported higher trust than those exposed to the blackbox AI, with 

a positive and statistically significant effect (b = 0.31, SE = 0.12, t = 2.48, p = .014). Likewise, 

and in line with H2, AI system type had a strong and significant effect on perceived 

explainability. Exposure to XAI substantially increased perceived explainability compared to 

blackbox AI (b = 1.42, SE = 0.13, t = 10.71, p < .001). These results confirm that the explainable 

system successfully enhanced both users’ understanding of the AI’s decision-making process 

and their confidence in the system. 

Turning to behavioral outcomes, the total effect of AI system type on AI recommendation 

acceptance was positive but only marginally significant (b = 0.05, SE = 0.03, t = 1.75, p = .080). 

As such, H4, which predicted greater willingness to follow AI recommendations in the XAI 

condition, was not clearly supported at the total effect level. When perceived explainability and 

trust were included in the model, the direct effect of AI system type on recommendation 
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acceptance became non-significant (b = 0.03, SE = 0.03, t = 0.89, p = .375), suggesting that the 

influence of XAI on behavioral acceptance is not direct.  

The mediation analysis revealed a differentiated pattern across the two mediators. The indirect 

effect via trust was statistically significant (indirect effect = 0.04), with a 95% bootstrap 

confidence interval that did not include zero (BootLLCI = 0.003; BootULCI = 0.092). This 

indicates that XAI increased AI recommendation acceptance indirectly by increasing trust in 

the system. In contrast, the indirect effect via perceived explainability was not significant 

(indirect effect = 0.012), as the corresponding bootstrap confidence interval included zero 

(BootLLCI = −0.156; BootULCI = 0.186). Thus, while XAI strongly increased perceived 

explainability, this increase did not translate into greater behavioral acceptance of the AI’s 

recommendation. 

Overall, these findings provide partial support for H5. The results demonstrate that the effect 

of AI system type on willingness to follow AI advice is mediated by trust, but not by perceived 

explainability. Although explainability plays a crucial role in shaping users’ cognitive 

evaluations of the system, trust emerges as the key psychological mechanism through which 

transparency is converted into behavioral acceptance. The parallel mediation analysis was re-

estimated including age, gender, education level, professional background, country of 

residence, and experience with AI tools as covariates. The inclusion of control variables did not 

alter the pattern of results: trust remained the only significant mediator, whereas the indirect 

effect via perceived explainability remained non-significant. The full PROCESS output is 

reported in Appendix C. 

5. Discussion 

5.1 Summary of Results 

The present dissertation set out to examine whether increasing the transparency of AI systems 

through XAI influences how individuals evaluate and respond to AI-assisted hiring 

recommendations. Specifically, the study investigated the effects of XAI, compared to 

blackbox AI, on perceived explainability, trust, perceived fairness, and willingness to follow 

AI recommendations, as well as the mediating role of explainability and trust in shaping 

behavioral acceptance. 
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Overall, the findings provide strong and consistent evidence that explainability matters for how 

AI systems are perceived in recruitment contexts. In line with H1 and H2, participants exposed 

to the XAI system reported significantly higher levels of trust and perceived explainability 

compared to those exposed to a blackbox AI. The effect of XAI on perceived explainability 

was particularly strong, indicating that participants exposed to the transparent system reported 

substantially higher levels of explainability than those exposed to the opaque system and 

recognized the additional information provided by the explainable model.  

Regarding fairness perceptions, the results also support H3. Participants in the XAI condition 

perceived the AI-assisted hiring process as significantly fairer than participants in the blackbox 

condition, even after controlling for demographic characteristics and prior experience with AI 

tools. This suggests that providing explanations not only improves understanding but also 

enhances perceptions of procedural justice in algorithmic decision-making. At the same time, 

individual differences played a role: male participants reported higher fairness perceptions, 

while participants with greater experience with AI tended to evaluate the system more critically.  

In contrast, the direct relationship between AI system type and behavioral acceptance of the AI 

recommendation was weaker. Consistent across both bivariate correlations and regression-

based analyses, exposure to XAI did not lead to a statistically significant increase in willingness 

to follow the AI’s recommendation, providing no direct support for H4. Nevertheless, the total 

effect of AI system type on recommendation acceptance was positive and marginally significant 

(p = .080), suggesting a tentative tendency toward greater acceptance in the XAI condition. 

Overall, this pattern This indicates that transparency alone is not sufficient to immediately 

change users’ decision behavior in a sensitive context such as recruitment. 

Crucially, the mediation analysis provided important insight into this pattern. Results partially 

supported H5, showing that the effect of AI system type on recommendation acceptance 

operated indirectly through trust, but not through perceived explainabili ty. While XAI 

substantially increased explainability, only trust emerged as a significant mediator linking AI 

type to behavioral acceptance. In other words, understanding how the AI works did not, by 

itself, lead participants to rely more on the recommendation; instead, it was the trust inspired 

by the system that translated transparency into behavioral change.  

Taken together, these findings point to an important distinction between how people evaluate 

AI systems and how they act upon their recommendations. XAI improves users’ perceptions of 
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transparency, trust, and fairness, but behavioral acceptance appears to depend primarily on 

whether the system is trusted. This highlights the central role of trust as the bridge between 

transparency and action in AI-assisted recruitment decisions. 

5.2 Implications 

The findings of this dissertation offer several important theoretical and practical implications 

for research on XAI and its application in recruitment contexts. 

From a theoretical perspective, this study contributes to the growing literature on human-AI 

interaction by empirically disentangling the roles of perceived explainability and trust in 

shaping users’ responses to AI-assisted hiring decisions. While prior research has frequently 

conceptualized explainability, trust, and acceptance as closely intertwined or mutually 

reinforcing constructs (e.g., Weitz et al., 2019; Dwivedi et al., 2023), the present findings 

demonstrate that these constructs play distinct and non-substitutable roles. Specifically, 

although exposure to XAI substantially increased perceived explainability and trust, only trust 

emerged as a significant mediator of behavioral acceptance. This finding refines existing 

theoretical models by showing that explainability alone does not automatically translate into 

action; rather, trust serves as the key psychological mechanism through which transparency 

becomes behaviorally meaningful. In doing so, the study supports and extends trust-based 

frameworks of automation reliance (Rosenbacke et al., 2024), highlighting trust as the critical 

bridge between system characteristics and user behavior in high-stakes decision-making 

contexts such as recruitment. 

Moreover, the strong effect of XAI on perceived fairness provides empirical support for 

procedural justice perspectives in algorithmic decision-making discussed in the literature 

review. Prior research has argued that limited transparency in algorithmic systems undermines 

perceptions of fairness, ethics, and legitimacy in AI-assisted hiring (Chamorro-Premuzic et al., 

2023), whereas greater insight into decision processes supports fairness judgments (Hofeditz et 

al., 2022; Ramachandranpillai et al., 2023). By demonstrating that explainable systems are 

perceived as significantly fairer than blackbox systems - even after controlling for demographic 

variables and prior AI experience - this study reinforces the theoretical claim that transparency 

enhances perceived procedural justice and legitimacy in automated recruitment. Importantly, 

the findings extend prior work by showing that fairness perceptions can be meaningfully 
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improved through relatively simple explanatory interventions, without modifying the 

underlying decision outcome itself (Deck et al., 2024). 

From a practical perspective, the results offer valuable guidance for organizations 

implementing AI in recruitment. First, the findings suggest that incorporating explanations into 

AI-assisted hiring tools can meaningfully improve users’ trust and fairness perceptions. This 

aligns with prior work emphasizing the importance of human-readable explanations for 

reducing uncertainty and fostering appropriate trust in AI systems (De Brito Duarte et al., 2023). 

Notably, even brief explanations of decision criteria were sufficient to make the system feel 

more transparent and legitimate, which is particularly relevant in recruitment contexts where 

decisions are sensitive and have substantial personal and organizational consequences.  

At the same time, the absence of a direct effect of XAI on willingness to follow AI 

recommendations underscores an important managerial insight already anticipated in the 

literature. As discussed by Fleiß et al. (2024) and Kalff & Simbeck (2025), acceptance of AI 

advice is highly context-dependent and cannot be assumed to follow automatically from system 

transparency. Importantly, in the present study, the AI system consistently provided 

recommendations aligned with participants’ strongest profile, thereby representing high-quality 

advice. Future research should therefore examine contexts in which AI recommendations are 

biased, incorrect, or misaligned with user interests in order to assess whether explainability 

effectively supports calibrated trust and appropriate reliance. The present findings reinforce the 

view that explainability should not be treated as a mechanism to compel compliance with AI 

recommendations. Instead, its primary value lies in supporting informed human judgment and 

fostering calibrated trust, rather than replacing human decision-making authority. 

Organizations should therefore position XAI as a decision-support tool that complements 

human expertise, rather than as an authoritative system whose outputs must be followed 

uncritically. 

Finally, the finding that trust - but not perceived explainability - mediated behavioral acceptance 

has important implications for the design and governance of AI systems in organizations. 

Consistent with arguments by Hamm et al. (2023) and Bernardo & Seva (2023), the results 

suggest that transparency constitutes a necessary but insufficient condition for AI reliance. 

Organizations seeking to increase meaningful use of AI systems should therefore focus not only 

on making systems understandable, but also on cultivating broader trust in their reliability, 
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competence, and alignment with organizational values. Transparency lays the foundation for 

trust, but trust is the mechanism through which transparency translates into behavior.  

5.3 Limitations 

Like any research project, this dissertation comes with several limitations that should be 

acknowledged. The first relates to the experimental nature of the study. Although the task was 

designed to closely resemble realistic recruitment scenarios and thus offered a high degree of 

procedural realism, participants evaluated fictional applicants in a controlled, consequence-free 

environment. As a result, while decision processes may approximate those used in real hiring 

contexts, the study cannot fully capture the pressures, accountability, and ethical weight 

associated with actual personnel decisions. In real-world settings, where decisions have tangible 

consequences for candidates and organizations, individuals may engage more cautiously or 

strategically with AI-supported recommendations. 

Another limitation concerns the sample characteristics. Most of the participants were young, 

highly educated, and based in Portugal. While this group offers useful insights, it does not 

reflect the diverse perspectives of experienced hiring managers, HR professionals, or candidates 

from different cultural backgrounds. Perspectives on AI—especially concerning fairness and 

trust—can vary greatly depending on a person’s professional experience, cultural background, 

or degree of technological understanding (Chamorro-Premuzic et al., 2023; Hofeditz et al., 

2022; Kalff & Simbeck, 2025). 

A third limitation relates to the measurement of behavioral acceptance. In this study, acceptance 

was captured through the change in participants’ choices before and after seeing the AI 

recommendation. Although this measure helps quantify shifts in decision-making, it cannot 

fully represent the nuanced way people often negotiate between their own judgment and 

algorithmic advice. Prior research suggests that acceptance of AI recommendations often 

involves deliberation, selective reliance, and contextual trade-offs that may not be fully 

captured by simple directional change measures (Hamm et al., 2023; Bernardo & Seva, 2023; 

Fleiß et al., 2024). 

The study also faced a measurement limitation in the fairness scale, which showed a Cronbach’s 

α below .70 (Bland & Altman, 1997). While the scale still provided useful information, its 

reliability was lower than ideal. This suggests that participants’ views of fairness might not 

have been recorded with the accuracy or consistency sought. Future studies ought to enhance 
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fairness metrics or develop frameworks tailored specifically for AI-based hiring contexts, 

where fairness represents a particularly delicate and multidimensional concept.  

Finally, the study used only one type of explanation in the XAI condition—a short textual 

rationale. Although this choice allowed for experimental control, different explanation styles 

may influence users in different ways. Prior research has shown that explanation format, level 

of detail, and presentation style can shape users’ perceptions of trust, fairness, and usefulness 

in distinct ways. By focusing on a single explanation format, the study cannot determine 

whether alternative forms of explainability might have produced stronger—or weaker—effects 

(Weitz et al., 2019; De Brito Duarte et al., 2023; Rosenbacke et al., 2024). 

5.4 Directions for Future Research 

Given these limitations, various potential directions for future research can be identified. An 

important factor is the need to study XAI in real organizational contexts; particularly, 

witnessing the dynamics between hiring managers or candidates and explainable AI in authentic 

recruitment processes would provide a more profound understanding of how transparency 

affects real actions instead of merely theoretical choices. 

Future research would also gain from having more varied samples. Including professional 

recruiters, job seekers in real selection processes, or participants from different countries would 

deepen our knowledge about how the concepts of trust, fairness, and explainability are viewed 

across diverse groups. Such diversity might uncover cultural or professional patterns that the 

current study could not capture. 

Another productive direction would be to create more granular behavioral measures: Rather 

than simply measuring preference shifts, for example, future work might collect decision 

justifications, think-aloud data, or digital traces that offer a window into how people interpret 

and integrate algorithmic recommendations. These techniques may clarify the mental processes 

that underlie agreement or opposition to AI recommendations. 

Due to the reliability concerns associated with the fairness scale in this study, future research 

should focus on developing more robust and contextually relevant fairness metrics. Equity is 

an essential issue in algorithmic hiring, yet it remains a complex and multi-faceted notion. 

Differentiating between procedural fairness, distributive fairness, and interpersonal fairness 

could offer a better understanding of how individuals assess decisions made by AI.  
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Future work should also consider other explanation formats within XAI. Counterfactuals, visual 

models, feature-importance analyses, and hybrid explanations might engage users in distinct 

ways, influencing explainability, trust, and fairness in various manners. Grasping which 

explanations are most effective - and for which individuals - is essential for creating successful 

XAI systems. 

Collectively, these guidelines highlight the necessity to persist in exploring not just if XAI 

enhances human-AI interaction, but also how particular psychological and contextual elements 

influence the responses of individuals to algorithmic suggestions. 

5.5 Conclusion 

The focus of this research has been to explore how users' perceptions and intentions to use AI-

supported recruitment decisions can be improved by either an XAI model as compared to the 

blackbox model of AI. Through the experimental framework of this research, the concerns that 

have been emphasized within the existing body of knowledge regarding the perceived 

significance of clarity within AI models have been taken up by this research to address how 

recruitment-related decisions within AI can actually be perceived and judged as has been 

proposed within the existing body of knowledge by Weitz et al. (2019), as well as Dwivedi et 

al. (2023). 

The results indicate that XAI had a significant positive impact on perceived explainability, trust, 

and perceived fairness, corroborating the assumption in the earlier works stating that 

understanding the workings of an algorithmic system diminishes ambiguity and facilitates well-

educated trust decisions (De Brito Duarte et al., 2023; Rosenbacke et al., 2024). Yet, the results 

indicate that the mere factor of transparency played no role in influencing users to act on the 

advice of the AI system directly. Trust acts as the mediating factor in the explainability-

behavioral acceptance relationship, developing the conceptualization of understanding an AI 

system and the reliance on the system within decision-making processes, aligning well with the 

claims that explainability and acceptance are not synonymous outcomes (Hamm et al., 2023; 

Bernardo & Seva, 2023). 

Overall, these findings indicate that XAI has a critical role in enhancing transparency and trust 

in AI-assisted recruitment practices in line with procedural justice visions that associate 

transparency and trust in AI decision-making systems (Chamorro-Premuzic et al., 2023; 

Hofeditz et al., 2022). Nonetheless, these findings are also consistent with visions regarding the 
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basic role of XAI as a means that assists human decision-making rather than automating it 

(Fleiß et al., 2024; Kalff & Simbeck, 2025). In this context, given that AI applications are now 

becoming ubiquitous in human resource management practices in organizations, these findings 

highlight the need for trust-building or transparency-enhancing in AI-related systems in this 

domain if these systems are going to be used effectively in a long-term manner. 
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7. Appendix 

Appendix A: Qualtrics Survey 
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Appendix B: Complete Multiple Regression Results for Fairness 

 

 
Note: R² = .23; adjusted R² = .19; F(7, 140) = 5.95, p < .001; N = 148. 

Dependent variable: Fairness. 

 

 

Appendix C: PROCESS Model 4 Output for the Parallel Mediation Analysis Including Control 

Variables 

 

Model  : 4 

    Y  : WOA_w 

    X  : AI_type 

   M1  : Trust 

   M2  : Expl 

 

Covariates: Age, Male, Education Level (EduLevel), Experience with AI Tools (ExpAIT), 

Professional Background (ProfBack), Portugal Resident (PortResi)      

  

N = 138 
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