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We integrate cognitive frameworks of trust in AI with more recent approaches 
to trust motivation stemming from interpersonal trust research. Based on this 
new integrative model, we specify motivational drivers and cognitive processes 
for trust in AI for four separate HRM stakeholder perspectives: the employer, 
decision makers, decision targets, and HR professionals. Particularly, the per-
spective of HR professionals has been neglected so far, despite the fact that 
this group is often closely involved with the implementation of AI systems and 
may see considerable changes to their job tasks after AI adoption. We discuss 
the theoretical implications of the different stakeholder perspectives for future 
research and outline specific practical implications of our integrative model. 

INTRODUCTION

The use of artificial intelligence (AI) technologies in human resource man-
agement (HRM) has increased significantly in recent years. AI-based tools 
are used, for example, in recruiting by automatically analyzing job applica-
tion documents or evaluating applicant performance in interviews (Langer 
et al., 2019; Lukacik et al., 2022), or to support leadership by predicting 
which employees might be likely to turnover (Chowdhury et al., 2022). 
However, the research to understand how, when, and why such technolo-
gies should be implemented has lagged behind (Tippins et al., 2021). 
Although a compelling case can be made that AI-based technologies offer 
practical advantages in HRM, such as high prediction rates or exploitation 
of large and dynamic data sets, we still lack fundamental knowledge of how 
these technologies can be effectively implemented into organizational pro-
cesses. A central precondition of successful implementation is that people 
across different organizational roles develop and maintain trust in AI appli-
cations (e.g., Ferrario et al., 2020; Gillespie et al., 2021; Glikson & Woolley, 
2020; Huang et al., 2021; Saßmannshausen et al., 2021). 

Whereas trust in conventional computer technology and information 
systems has been addressed in a considerable number of studies and con-
ceptual work (e.g., McKnight et al., 2011; Meeßen et al., 2019; Thielsch 
et al., 2018), we are just starting to understand trust in AI-based tech-
nologies. Conventional computer technology in HRM, such as the use 
of algorithms for decision-making (e.g., Grove & Meehl, 1996; Hertel et 
al., 2019; Highhouse, 2008), online testing (e.g., Lievens & Burke, 2011; 
Tippins, 2015), and internet-based recruiting (e.g., Chapman & Gödöllei, 
2017), follow deductive decision rules which have been developed and 
implemented by humans. These decision rules are characterized by pre-
dictable and repeatable analyses that allow managers to process large 
amounts of data in a rapid, accurate fashion. Their processes and outcomes 
are controlled and usually well understood (Glikson & Woolley, 2020). 
AI-based information systems follow inductive decision rules developed by 
machine learning algorithms independent of human insight. This “black 
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box” nature, or opacity (e.g., Fisher & Howardson, 2022; Langer & König, 
2021) of AI-based applications in HRM makes trust development much 
more difficult. Moreover, AI-based applications can have self-optimizing 
features that lead to constantly changing decisions, creating a situation in 
which “the workings of machine learning algorithms can escape full under-
standing and interpretation by humans, even for those with specialized 
training, even for computer scientists” (Burrell, 2016, p. 10). 

The existence of quite diverse definitions and operationalizations of AI 
makes the concept of AI also somewhat fuzzy, which might further con-
tribute to people’s hesitation to place trust in these technologies (Glikson 
& Woolley, 2020; Pan & Froese, 2023). For example, Solberg et al. (2022) 
focused on “computer programs that use AI to generate decision alterna-
tives or recommended courses of actions to achieve a specific objective” 
(p. 2). Turnover prediction tools and interview assessment applications 
are examples of this category, as they offer recommendations to decision 
makers but do not make decisions autonomously. Other scholars focus on 
intelligent machines more broadly, including robots in addition to AI and 
algorithms (Tang et al., 2022), with autonomous decision making as the 
core construct. The general concept behind AI is to simulate human intel-
ligence or even exceed it in certain circumstances, although the present 
status of AI is characterized as “narrow” or “weak” AI that can perform 
relatively limited functions in a specific field (Glikson & Woolley, 2020; 
Strohmeier, 2022), often depending on the availability of sufficient and 
reliable data to develop (“train”) the AI algorithm. 

The recent empirical record suggests that people often have less trust 
and are leerier of AI in comparison to humans when decisions are being 
made (Braganza et al., 2021; Höddinghaus et al., 2021; Langer et al., 2022; 
Yeomans et al., 2019). Yet, the type of task that AI performs (e.g., tasks 
requiring mechanical or human skills) as well as the physical representation 
of AI (e.g., robot, avatar, none/embedded) also matters for trust (Glikson & 
Woolley, 2020; Lee, 2018), and findings on trust in AI within organizations 
are mixed. For example, Oracle and Future Workplace (2019) surveyed 
employees, managers, and HR professionals across 10 countries and found 
that the majority (64%, ranging from 56% in France to 89% in India) agreed 
that they would trust AI more than they would trust their managers. Suseno 
et al. (2022) surveyed HR professionals in China and found that they held 
fairly positive views and generally lower anxiety about AI. Therefore, in 
addition to concerns about a lack of trust in AI, there is also the potential 
for people to have undiscerning “overtrust” in AI (Chugunova & Sele, 
2020; Glikson & Woolley, 2020; Keding & Meissner, 2021). 

In this chapter, we develop an integrative model of trust in AI in HRM as 
a framework for current and future research on this topic. In so doing, we 
understand AI as highly complex computer systems that can automatically 
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analyze large datasets, make predictions, and recommend or even make 
decisions. Within the field of HRM, these systems are usually based on 
machine learning (ML) focused on acquisition of knowledge through 
automated detection of patterns in data (Strohmeier, 2022) to develop 
rules that can be applied in future decisions. ML can be conducted using 
a variety of existing algorithms, can be supervised (e.g., with a specific 
prediction target in mind), unsupervised (e.g., clustering employees 
according to their behavior to detect training needs), or reinforced (e.g., 
comparing strategies to optimize specific indicators, such as performance 
management, job ad campaigns, or sustainability of employee behavior). 
Moreover, ML can include continuous self-learning and related changes 
over time (Pan & Froese, 2023), although few ML applications currently 
in use already incorporate such autonomous and dynamic learning. ML is 
also used in other types of AI applications that could be applied in HRM, 
such as robotics, natural language processing or prediction of human 
preferences (see Strohmeier, 2022, for a recent overview). For example, 
interview assessment tools could use several different AI functions, such 
as natural language processing to convert the spoken word to written 
text and text analysis to evaluate the content of what was said relative to 
the requirements of the position (Fan et al., 2023; Lukacik et al., 2022). 
Moreover, ML has been used to predict aesthetic appeals of company 
websites (Eisbach et al., 2022), supporting a more efficient design of 
websites for recruiting or e-learning. Finally, generative AI systems, such 
as ChatGPT (Sackett, 2023), will have considerable influence in multiple 
HRM fields, for example, as tools supporting the creation of job ads 
(employer) but also job applications (employees). While the potential of 
such generative AI systems is quite impressive, overconfidence can be a 
problem, as these systems can also create fictitious information (e.g., CV 
components) without reliability indicators (Alkaissi & McFarlane, 2023). 

Our integrative approach builds on recent cognitive models of trust in AI 
(e.g., Solberg et al., 2022), but also considers the different perspectives and 
motives of people engaging with AI, that is, those persons who might place 
trust in the technology. HRM processes affect a wide range of stakeholders 
with differing needs and motivations, which might also affect their trust 
in AI (Lockey et al., 2021). For example, AI applications might come with 
separate risks and opportunities for employees as compared to managers 
(Chowdhury et al., 2022, 2023). Existing research on fairness and trust in 
AI has already addressed such different perspectives of key stakeholders, 
for example, the perspectives of decision makers in organizations and the 
people about whom decisions are made (e.g., Langer & Landers, 2021; 
Lockey et al., 2021). However, less attention has been paid to the viewpoint 
of HR professionals (Laurim et al., 2021; Radonjić et al., 2022) who nev-
ertheless occupy core positions when it comes to the implementation and 
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promotion of AI systems in HRM. On the one hand, HR professionals 
should highly benefit from such technological support, helping them to 
make high-quality decisions, provide better support to internal customers, 
and reduce their workload and cognitive strain (e.g., during recruiting 
and selection). On the other hand, HR professionals might fear losing 
influence and status and even being replaced by AI systems (Del Giudice 
et al., 2021; Lockey et al., 2021). These fears may create reluctance to trust 
and to support the implementation of AI systems, particularly if HR profes-
sionals are serving a gatekeeper role in organizations regarding the use of 
AI technologies for HR. Therefore, we specifically address the perspective 
of HR professionals with respect to developing trust in AI in organizations. 

The chapter is organized as follows. We first review existing models of 
trust more generally, including both cognitive and motivational perspec-
tives on trust. Whereas cognitive approaches to trust have already been 
generalized from humans to technology as trust reference, motivational 
perspectives are so far limited to humans as trust reference. We propose a 
new integrative model of trust in AI, connecting cognitive and motivational 
perspectives on trust with respect to technology and AI, and apply this 
model to the field of HRM. Based on this model, we derive specific propo-
sitions that illustrate how different motivations in different organizational 
roles might affect trustworthiness assessments of AI in HRM, as well as the 
motivation to develop and maintain trust in such AI systems. We conclude 
by examining boundary conditions of the model and proposing future 
research directions in the field of HRM and beyond. 

Cognitive Perspectives on Trust in AI

Stemming from the importance of trust for many (if not most) organiza-
tional processes (e.g., Colquitt et al., 2007; Schoorman et al., 2007), there 
is a sizeable interdisciplinary literature on trust and trust development. 
Most of the extant models so far understand trust as an experienced state 
following rational considerations of a trustor (the subject who trusts). Trust 
is thus presented as a decision based on more or less elaborate cognitive 
processes. For instance, in Mayer and colleagues’ (1995) model of organi-
zational trust, one of the most foundational frameworks in this literature, 
trust is defined as the willingness of a trustor to engage in risk-taking and 
to assume vulnerability to a trustee (the reference object or target who is 
trusted), for instance, by not monitoring the trustee’s actions even though 
these actions affect the trustor. In addition to the dispositional character-
istics of the trustor (i.e., their trust propensity), Mayer et al. positioned the 
trustworthiness of the trustee, including their perceived ability, benevo-
lence, and integrity (ABI), as a key determinant of trust. Mayer et al. (1995) 
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also proposed that perceived contextual factors affect the consequences of 
trust, leading to a stronger connection between trust (willingness to assume 
risks) and trusting behaviors (actually assuming risks) when contextual 
factors suggest high rather than low risk. Notably, the ABI model does not 
explicitly specify humans as targets of trust and may thus also be applied 
to nonhuman targets, including technologies (Schoorman et al., 2007). 

Indeed, extant models of trust in technologies follow similar principles 
to those established by Mayer et al. (1995), assuming that both trustors’ dis-
positions and trustworthiness assessments are precursors of rational (i.e., 
cognitive) trust decisions. For instance, McKnight et al. (2011) proposed 
that trust in technology occurs similarly to trust in human targets. The 
authors addressed dispositional propensities to trust in technology and 
translated Mayer et al.’s dimensions of ability, benevolence, and integrity 
into the field of information technology, proposing perceived functionality, 
helpfulness, and reliability as the main dimensions for trustors’ assess-
ments of the trustworthiness of information technologies. Functionality 
describes whether a technology has sufficient capability to complete a 
required task, helpfulness addresses whether the technology has adequate 
and responsive help functions, and reliability is the extent to which a tech-
nology works consistently and predictably. As McKnight et al. referred to 
traditional information technologies (e.g., office applications), helpfulness 
is constrained to straightforward features, such as whether a help function 
is installed, but does not consider more complex and advanced aspects 
such as the implicit goals of the information system. However, the reli-
ability dimension covers many trustworthiness aspects that have also been 
mentioned in other research on trust in automation or technology accep-
tance, such as accuracy or system quality (e.g., Delone & McLean, 2003; 
Thielsch et al., 2018; see Glikson & Woolley, 2020, and Kaplan et al., 2021). 

Extending trust in technology to trust in AI more specifically, Solberg 
et al. (2022) more recently introduced a model that likewise follows the 
classic ABI structure (Mayer et al., 1995). Integrating extant work on trust 
in automation (Lee & Moray, 1992), Solberg et al. delineate performance-, 
process-, and purpose-based trust dimensions. Performance-based trust 
refers to the perceived capability (e.g., computing speed) of an AI technol-
ogy, speaking to the perceived ability of an AI system. Interestingly, Solberg 
et al. considered the reliability of an AI system as part of the performance-
based trust dimension, somewhat different from McKnight et al. (2011). 
Purpose-based trust refers to the assessment of whether the inherent 
goals of an AI system support its users with respect to their interests (e.g., 
achieving higher job performance), similar to benevolence in the ABI 
model. In contrast to the adaptation of McKnight et al. purpose-based trust 
also includes the implicit goals of an information system. Finally, process-
based trust is considered following from assessments of an AI system’s 
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transparency and adherence to normative values, corresponding to the 
integrity dimension. Solberg et al. concentrate here on implicit values of 
the AI system rather than its reliability and predictability. The latter makes 
sense in light of the far greater complexity of AI systems, which make 
assessments of reliability or predictability more difficult and sometimes 
impossible for a human trustor (e.g., Fisher & Howardson, 2022; Langer 
& König, 2021). However, besides these minor conceptual differences, 
Solberg et al.’s more recent model of trust in AI also adheres to a general 
ABI structure as a general framework. 

This brief (and selective) review shows that a focus on cognitive mecha-
nisms underlying the formation of trust is a continued trend from classic 
approaches of trust in organizations more generally (e.g., Mayer et al. 
1995) to specific models with AI systems as the target of trust (Solberg et 
al., 2022). Trustors are depicted as appraising a target’s characteristics 
in terms of relevant trustworthiness information and determining their 
trust on the basis of their evaluations. In this line of theorizing, scholars 
have provided valuable conceptual development into understanding the 
cognitive mechanisms of trust in AI.

However, far less attention has been paid to understanding how percep-
tions of trustworthiness are generated and may be influenced over time, 
despite abundant evidence coming from research on decision making and 
motivated cognition that such evaluations are often influenced by perceiv-
ers’ motivation (e.g., Blanchette & Richards, 2010; Higgins & Molden, 
2003). At the same time, although there has been much attention placed 
on understanding how different characteristics of a target matter for trust, 
there is less insight into how differences between trustors may impact their 
trustworthiness assessments, and ultimately, their trust. This particularly 
holds for research on trust in technology. 

Motivational Perspectives on Trust Development

Although less often addressed than cognitive perspectives, the question 
of whether and how people may be motivated to trust is nevertheless 
longstanding in the literature of trust. Indeed, the definition of trust as 
“willingness” to make oneself vulnerable (e.g., Mayer et al., 1995; Rousseau 
et al., 1998) reflects its motivational reference. For instance, Luhmann 
(1968) positioned trust as a means of reducing complexity and uncer-
tainty, underlining the functional impact of trust. As such, people may be 
motivated to trust to obtain a sense of psychological security given situ-
ational uncertainty and risk. In a similar way, Weber et al. (2004) argued 
that, when dependent upon another, a focal actor will be motivated to 
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reduce the anxiety that stems from this dependence by perceiving the 
target as trustworthy. 

More recently, van der Werff et al. (2019) incorporated motivation 
theories directly into trust research, applying self-determination theory 
(Ryan & Deci, 2017) and control theory (Carver & Scheier, 2012) to con-
ceptualize trust as a desirable goal state. Drawing from principles of control 
theory, van der Werff and colleagues conceive of trust as a dynamic process 
during which trustors actively monitor their progress towards the trust 
goal. Momentary trust levels and related cognitions, affect, and behaviors 
are assumed to influence consecutive perceptions of risk and trustworthi-
ness, which again informs the goal state of trust towards which a trustor 
is striving. Drawing from self-determination theory, the authors also dif-
ferentiate between different types of trust motivation. In the case that 
the relationship with a trustee satisfies trustors’ basic psychological needs 
(for autonomy, competence, and relatedness), individuals are assumed to 
be intrinsically motivated to develop trust (for instance, in a supportive 
colleague). Alternately, trustors may also be motivated to develop trust 
when such a need fulfillment is lacking. Extrinsically motivated trust might 
either arise due to trustors’ perceptions that their goals and values align 
with those of the trustee (autonomous motivation to trust), or trustors 
might be motivated to maintain trust because they expect to gain specific 
rewards or avoid punishment (controlled motivation to trust). 

In line with self-determination theory, van der Werff et al. (2019) assume 
that intrinsically motivated trust has stronger effects and is longer-lasting 
than extrinsically motivated trust. However, in their theoretical work, van 
der Werff et al. focused on interpersonal trust and remained silent on 
technology as a referent of trust. We assume extrinsic trust motivation to 
be more relevant for trust in technologies at work and HRM, as such tech-
nologies are unlikely to fulfill basic psychological needs for most persons. 
Moreover, many workers have only limited control over whether or not to 
use a technology, along with performing many other job requirements. 

Baer et al. (2022) also assume motivational processes to be central for 
understanding trust. Connecting motivated reasoning theory (Kunda, 
1990) with trust research, these authors argue that trustors’ personal 
motives, defined as “conscious desires for particular outcomes” (Baer et 
al., 2022, p. 1561), affect their risk propensity, which in turn feed into their 
trust experience and related behavior. Notably, Baer et al. assume that 
trustors’ personal motives vary considerably over time, leading to within-
person variance in trust and trusting behavior. In an experience sampling 
study with matched trustors and trustees, the authors indeed found sys-
tematic correlations between trustors’ daily motives (i.e., achievement, 
stimulation, affiliation, and security), their momentary risk propensity and 
trust, and related assessments of trustors’ behavior collected from their 
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trustees. Thus, the data demonstrate that trustors’ momentary motives 
can influence their momentary decision to make themselves vulnerable to 
a trustee on a particular day. 

As with van der Werff et al. (2019), Baer et al. (2022) focused on inter-
personal trust and remained silent on technology as a reference of trust. 
However, we assume that similar principles might hold for trust in technol-
ogy, and for trust in AI in particular. However, we go beyond the approaches 
of van der Werff et al. and Baer et al. by arguing that extrinsic (as compared 
to intrinsic) motivation might play a more prominent role for trust in AI, 
and by focusing on more stable (as compared to daily changing) motives 
as predictors of risk propensity and trust. Indeed, the articulation of how 
trustors’ motivation affects trust in AI and trusting behavior opens the door 
to theorizing how individuals occupying different roles within an organiza-
tion may be more or less likely to trust in AI. Within the HRM context, the 
use of an AI decision aid holds different implications for need fulfillment 
for employers, managers, employees and job applicants, as well as HR 
professionals. We will consider these implications when deriving specific 
assumptions for different roles in HRM. Before we do so, we describe our 
integrated model of trust in AI that we developed based on the various 
precursors described earlier.

INTEGRATIVE MODEL OF TRUST IN AI

In order to conceptualize AI-related trust in HRM, we introduce an inte-
grative model that connects both cognitive and motivational streams of 
research in this field (see Figure 4.1). While cognitive models of trust have 
already been adapted from human to technical references of trust (e.g., 
McKnight et al., 2011; Solberg et al., 2022), motivational trust models have 
only focused on human trustees so far (Baer et al., 2022; van der Werff et 
al., 2019). We believe that trust in technology, and trust in AI more par-
ticularly, includes both cognitive and motivational processes, particularly 
in more complex settings, such as HRM contexts with multiple influences 
on trust experience and decisions. Below, we first describe the cognitive 
processes of our model (lower part of Figure 4.1), considering established 
models on trust (Mayer et al., 1995) as well as more recent models on trust 
in AI (Solberg et al., 2022). Then, we describe the motivational processes 
of our model (upper part of Figure 4.1), which are newly developed based 
on extant literature on interpersonal trust and offer propositions on the 
connections. Finally, we apply the integrative model to core questions in 
the field of HRM, illustrating the potential value of the model.
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Figure 4.1

Integrative Model on Trust in AI in HRM

Following the established trust literature, we consider trust as a dynamic 
experience state of the trustor connected with the willingness to assume 
vulnerability to a trustee, which can also be an AI system. This state of 
trust can be followed by specific trusting behaviors, during which the trustor 
makes her/himself vulnerable to the trustee. Extant research on interper-
sonal trust has suggested reliance and disclosure as major types of trusting 
behaviors (Breuer et al., 2020; Gillespie, 2003, as cited in Baer et al., 2022). 
Reliance behavior can also be observed in human interaction with AI in 
HRM, for instance, when HR professionals or supervisors decide to rely 
on an AI recommendation system for personnel selection. While saving 
valuable personal resources, such reliance might nevertheless be connected 
with certain risks for the trustor when the recommendations of the AI 
system are biased or wrong, leading to poor selection decisions and inferior 
performance of new hires, early turnover, and need for replacements. 
Apart from monetary losses, such outcomes would also be detrimen-
tal for the reputation of the responsible HR professional or supervisor. 
Disclosure behavior as a second type of trusting behavior (i.e., sharing 
sensitive personal information) can also come with risks in the interac-
tion with AI in HRM. For example, employees may consent (sometimes 
under pressure) to share detailed and continuous data about their work 

Downloaded from http://ftp.nowpublishers.com/books/edited-volume/chapter-pdf/11106435/979-8-88730-816-620251005en.pdf by guest on 30 June 2026



Motivated Trust in AI    133

processes. For instance, GPS data of truck drivers can be used by an AI 
system that optimizes work efficiency. One outcome of this process might 
be that existing time periods with lower work pressure are identified and 
changed by the AI system, leading to higher workload and strain for the 
employee. Employees subject to such performance monitoring and opti-
mization systems might make attempts to block transmission of data, thus 
reducing disclosure. We consider both reliance and disclosure as broader 
types of trusting behaviors with respect to AI in HRM (see Figure 4.1), 
noting that both reliance and disclosure imply a certain level of acceptance 
of the AI system. When individuals are willing to rely on an AI system for 
decision making or disclose their data to such a system, they are using the 
system, and such behavior is generally considered an indicator of technol-
ogy acceptance (Solberg et al., 2022). Consequently, we propose:

Proposition 1: Trust in an AI system is positively related to trusting 
behaviors, such as reliance on the AI system or disclosure of informa-
tion to the AI system.

Trusting behaviors are usually a central precondition for the successful 
implementation of an AI system. However, the connection between trust 
and trusting behaviors is not automatic but assumed to be qualified by con-
textual factors that determine the level of trust needed for trusting behaviors 
to occur (e.g., Mayer et al., 1995; Solberg et al., 2022). For example, if the 
required financial investments for an AI-based selection system are high, 
more trust is needed and trusting behaviors more strongly depend on trust 
as compared to situations when required investments are low. That is, when 
required investments are high, trust (e.g., on the part of top managers) 
must be high to lead to trusting behaviors (e.g., implementation of this 
AI-based system). If investment costs are low, trusting behaviors might also 
occur when trust is low because the financial risks are low. Other contextual 
factors relevant for the relation between trust in AI and trusting behaviors 
are the potential damages due to failures of an AI system, for instance, 
the costs of poor selection decisions, or the potential discrimination of job 
applicants after their disclosure of personal information (see Solberg et al., 
2022, for other examples). The higher these potential damages are, the 
higher trust must be to lead to trusting behaviors. 

Moreover, general attitudes towards AI-based technologies (e.g., in the 
organization or society) should also moderate the connection between trust 
and trusting behaviors. In this way, processes at higher levels of analysis 
(e.g., organization or society) can influence trust at lower levels (e.g., the 
trust—trusting behavior link for managers or employees), allowing for the 
examination of multi-level processes within our model. We assume that 
the prevailing attitudes within a worker’s environment exert a downward 
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pressure to shape and guide behavior, and this includes influencing indi-
vidual use of AI (Schneider et al., 2013). For instance, societal or corporate 
values (such as a tendency towards tradition and conserving the status quo, 
versus being oriented towards change, Schwartz et al., 2012) may engender 
more skeptical or more positive attitudes towards AI generally held within 
the workforce. Whereas workers located in societies, industries, organiza-
tions, departments, and teams where attitudes about AI are optimistic 
may require less trust to engage in trusting behaviors, workers in environ-
ments where AI is viewed pessimistically will need to hold more trust, and 
trust will be more strongly associated with their trusting behaviors. More 
generally, we propose:

Proposition 2: The relation between trust in an AI system and trust-
ing behaviors is qualified by contextual factors, such that the rela-
tionship is stronger when contextual factors are less conducive for 
the AI system.

Proposition 2 differs from a related proposition made by Solberg et al. 
(2022) on contextual moderation, which they describe as “situational risk” 
and define as “person’s beliefs about the extent to which relying on an AI 
decision aid … will result in undesirable outcomes, outside of considerations 
about the trustworthiness of the AI decision aid.” The authors propose that 
the relation between trust in AI and reliance behavior “will be less positive 
when perceived situational risk is high” (p. 20) because, under these condi-
tions, it is possible that persons do not use an AI system even if they trust 
the system. We agree that less conducive contexts for implementation of 
AI (e.g., high implementation costs) generally reduce the likelihood that a 
person adopts an AI system as compared to more conducive contexts (e.g., 
low implementation costs). However, less conducive contexts (e.g., high 
implementation costs) also require more trust of persons to show trusting 
behavior (e.g., reliance) as compared to more conducive contexts (e.g., low 
implementation costs), leading to the predicted higher correlation between 
trust and trusting behaviors in our Proposition 2. 

Trusting behaviors, such as reliance on AI or disclosure of informa-
tion to an AI system, should lead to specific behavior outcomes, such as the 
quality of recruitment decisions based on AI or performance indicators 
after applying an AI-based logistic system, which further feedback to the 
trust experience of the trustor either directly or via adjusted trustworthi-
ness assessments and trust propensity, thereby enabling dynamic cycles 
and adjustments over time. Given that we assume these feedback loops 
(dotted arrows in Figure 4.1) to be directional and follow trusting behavior 
outcomes, our assumption can be tested in longitudinal study designs. 
Thus, we propose:
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Proposition 3: The outcomes of trusting behaviors affect subsequent 
trust in AI as well as subsequent trustor’s perceptions of AI trustwor-
thiness and propensity to trust AI.

However, what are the factors that determine AI-related trust experience 
in the first place? In line with established trust models (e.g., Mayer et al., 
1995), we assume both dispositional and perceptional influences. First, a 
trustor’s propensity to trust AI should play a role with respect to AI in HRM. 
Propensity to trust in AI describes a very general and stable disposition 
to make oneself vulnerable to AI, regardless of the specific AI system or 
ML application, or the context (e.g., HRM). Propensity to trust AI reflects 
general attitudes towards technology (e.g., algorithm aversion, Dietvorst 
et al., 2015), which are influenced by persons’ personality (e.g., Tang et 
al., 2022) but also reflect common stereotypes and the public discourse 
about AI systems in society (Fisher & Howardson, 2022; Lanz et al., 2023). 
Second, trust in an AI system will also be affected by the trustor’s perceptions 
about that specific AI system. We assume that the perceived trustworthiness 
of an AI system follows similar core dimensions as described for technology 
more broadly (e.g., McKnight et al., 2011) or human trustees (e.g., Mayer 
et al., 1995). Borrowing from Solberg et al.’s (2022) model, we expect 
that a trustor’s perceptions of an AI system’s performance features (e.g., 
computing speed and capacity, reliability), purpose-related aspects (e.g., 
perceived goals of the system with respect to the interests of the trustor), 
and process-related aspects (e.g., adherence to general fairness norms) 
determine their willingness to trust the system. Together, we propose:

Proposition 4: Trust in an AI system is determined by a trustor’s 
general propensity to trust AI and the currently perceived trustwor-
thiness of the AI system (performance-, purpose-, and process-relat-
ed aspects).

However, while Solberg et al. (2022) consider the transparency of an 
AI system as part of process-related trust, we argue that transparency is an 
independent feature of AI trustworthiness assessment. This is in line with 
earlier research considering “openness” as an additional predictor of trust-
worthiness assessments of human trustees (see, e.g., Mayer et al., 1995, for 
a discussion). More importantly, recent empirical research has provided 
evidence for transparency being a central trustworthiness dimension, 
particularly with respect to technology applications (e.g., Breuer et al., 
2020; Glikson & Woolley, 2020; Vorm & Combs, 2022). We consider trans-
parency to be particularly important for the assessment of AI as a trust 
object because the high complexity and opaque nature of AI systems often 
provides little information for trustworthiness assessments. The current 
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discussion about the opacity of AI and potential ways to make AI under-
standable (XAI; e.g., Arrieta et al., 2020; Langer & König, 2021) illustrates 
the importance of this dimension for AI assessments. 

Notably, with respect to the interrelation between transparency and 
the other trustworthiness dimensions of AI, we consider transparency as a 
qualifying factor of the other trustworthiness dimensions (performance-, 
purpose-, and process-based trust) because available and comprehensible 
information is a precondition for the trustor to assess these other trustwor-
thiness dimensions. Thus, we argue that a person’s trust in an AI system is 
determined by their assessment of the AI system’s performance, process, 
and purpose, which in turn are qualified by the perceived transparency of 
the AI system. Notably, one implication of this conceptualization is that 
dispositional factors (a person’s general trust propensity) become particu-
larly strong when the transparency of an AI system is low rather than high. 

Proposition 5: The effect of AI trustworthiness assessments on a per-
son’s trust is qualified by AI transparency, so that effects of trustwor-
thiness assessments on trust are higher when AI transparency is high 
as compared to low.

With respect to the interrelations of performance-, purpose- and process-
related components of trustworthiness perceptions, specific predictions 
(additive, multiplicative, etc.) are difficult in light of the scarce research 
on interactions among ABI factors in general (Dirks & de Jong, 2022). 
It is plausible that purpose-related assessments (benevolence) have main 
effects on trust experience, given that this component relates directly to the 
trustor’s own interests. Performance- and process-related assessments (e.g., 
how capable the AI system is to accomplish its goals, and how systemati-
cally the AI system follows these goals) might rather qualify and moderate 
the main effect of purpose-related trust assessments. For instance, a job 
applicant’s trust in an AI-based interview assessment tool should be more 
strongly affected by the perceived purpose of the system, rather than its 
performance. In fact, if the purpose of an AI system is perceived to be in 
conflict with the interests of the job applicant (e.g., if the job applicant 
perceives the AI system as unfair), the final trust might be even lower the 
more capable the AI system is perceived to be. Further research on the 
interrelations of the three trustworthiness factors as well as their interaction 
with transparency is highly desirable. However, a conclusive discussion and 
more specific propositions are beyond the scope of this chapter. 

After describing the (predominantly) cognitive processes, we now turn 
to the motivational aspects of our integrated model (see the upper part 
of Figure 4.1) and the construct of risk propensity that links the two parts of 
the model. Risk propensity is defined as a trustor’s tendency to take risks 
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(Baer et al., 2022), and contributes to a more complete conceptualization 
of trust emergence. Whereas propensity to trust as well as trustworthiness 
assessments focus on the perception of a trust object (e.g., does an HR 
professional generally trust AI systems and perceive a specific AI system 
as trustworthy), risk propensity focuses on the trustor, and why they might 
take risks in interaction with the trust object (e.g., does an HR professional 
follow the recommendation of an AI-based recruiting system). Both aspects 
are important for a complete understanding of trust and can explain, for 
instance, why persons sometimes show trusting behaviors even though they 
do not perceive the trustee to be very trustworthy (e.g., an HR professional 
following recommendations of an AI-based recruiting system even though 
she does not find the system very reliable). 

In general, risk propensity reflects a trustor’s current interests and 
motives in relation to the trust target. While Baer et al. (2022) introduced 
risk propensity as a rather volatile construct, reflecting daily changes in 
within-person states (“motives”) of a trustor, we consider risk propensity 
as a more stable construct that might also reflect more enduring interests 
of different stakeholders in a technology. A high risk propensity should 
stimulate more optimistic trustworthiness assessments as well as higher 
trust due to motivated cognition (e.g., biased memory or confirmation 
strategies, see Kunda, 1990). For instance, if a CEO has a high propensity 
to trust an AI system that identifies potential high performers, that CEO 
will focus more strongly on positive as compared to critical information 
about the AI system, with positive effects on the trustworthiness assessment 
and experience of trust. More formally, we postulate:

Proposition 6: The perception of AI trustworthiness and the experi-
ence of trust in an AI system are affected by a trustor’s propensity to 
take risks in the interaction with the AI system.

Risk propensity in the context of AI applications at work is considered 
to be determined by motivational drivers of the trustor, that is, anticipated 
gains and losses of using the AI that reflect both interests and conscious 
motives of the trustor as well as external pressures within the work contexts 
(see Figure 4.1). Stakeholders of an AI system will have varying arrays of 
perceived gains and losses associated with the use of the technology that 
impact their motivation to trust the system. Perceived gains can be associ-
ated with the fulfillment of basic needs, such as feelings of competence or 
interest in the technology. However, such intrinsic motivation seems less 
likely to occur with trust in AI because stakeholders would need consider-
able computer literacy to actively participate in the development of an AI 
system, and to date, most HR professionals do not possess such skills (Malik 
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et al., 2022). Instead, we argue that extrinsic motivation is much more likely 
to affect the drivers of trust AI in HRM at this point in time. 

For instance, users might be motivated to take risks when perceiving 
that the goals and implicit values of an AI system align with their own 
goals and values. For instance, HR professionals or line managers might 
be motivated to develop trust in an AI system for recruiting when they 
perceive that this system pursues similar goals, for example, enhancing 
gender equality and fairness in candidate selection. By contrast, if HR pro-
fessionals or line managers perceive the goals and values of the AI system 
to conflict with their own, for instance, when using the AI system results in 
discrimination of certain groups or is in conflict with accepted competency 
models, motivation to trust the AI system should be low. Moreover, motiva-
tion to trust AI should occur when using an AI system is instrumental for 
specific rewards, such as saving working time or higher efficiency of work 
processes. For instance, employees should be more strongly motivated to 
trust AI-based task management tools if these tools allow better alignment 
with their individual preferences. 

In general, a trustor’s risk propensity to trust an AI in HRM should be 
a consequence of the currently anticipated gains and losses connected with 
the implementation of an AI system. This rather broad conceptualization 
of anticipated gains and losses allows us to aggregate different types of 
motives in a holistic process. For instance, HR professionals might perceive 
that an AI-based selection system implicitly pursues similar goals as them-
selves (e.g., high fairness in selection), but at the same time anticipate high 
additional workload to advertise and implement the system. Individualized 
weightings of these different motives could lead to an overall low risk pro-
pensity toward this system if the workload is a stronger motivator than the 
similar goals. Thus, our conceptualization of anticipated gains and losses 
enables an examination of different motivational drivers to help under-
stand how people approach trust of an AI system. Therefore, we suggest: 

Proposition 7: A person’s risk propensity to trust an AI system is af-
fected by their motivational drivers, defined as anticipated gains and 
losses experienced through the AI system. 

Moreover, we postulate that the anticipated gains and losses of an AI 
system vary systematically between different groups of involved persons. 
Specifically, we assume that a major part of expected gains and losses 
connected with AI in HRM systematically differ between different stake-
holder groups in an organization (e.g., employer, supervisor, employee, job 
applicant, HR professional). For instance, whereas corporate boards and 
managers should particularly expect monetary gains and efficiency from 
an AI-based personnel selection system, job applicants might instead be 
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concerned with whether they will be treated fairly. HR professionals, as a 
third stakeholder group, might expect support from the AI system in their 
daily work but also have concerns about being replaced by the AI system 
in the long-term. Thus, we postulate:

Proposition 8: Stakeholders differ in their expected gains and losses 
when interacting with an AI system, leading to differences in their 
risk propensity to trust an AI system. 

In the next section, we elaborate on the different stakeholder perspec-
tives on anticipated gains and losses of AI adoption in HRM in more detail. 
In doing so, we also discuss how these motivational drivers might affect 
trustors’ risk propensity, as well as subsequent trust and trustworthiness 
assessment with respect to AI in HRM.

Stakeholder Perspectives and Trust in AI in HRM

Our integrated trust model addresses the different perspectives that 
trustors might have toward the use of AI, which should affect both cognitive 
and motivational processes (i.e., trustworthiness assessments and moti-
vation to trust). Applied to HRM, stakeholders will receive and process 
different information about an AI-system because they have different access 
to and interaction with the system. Research has consistently demonstrated 
that different stakeholder groups have different experiences with HR tech-
nology and, consequently, a multi-stakeholder approach is recommended 
(Bondarouk et al., 2017). For example, managers and HR professionals 
receive different details about the reliability of an AI system than employees 
or job applicants. These different information backgrounds should directly 
influence trustworthiness assessments according to our model (see Figure 
4.1). Moreover, stakeholders should also vary with respect to expected or 
perceived gains and losses connected with an AI-based system, leading 
to different motivations to develop trust in the AI. These motivational 
processes should also influence trustworthiness assessments as well as trust 
according to our model.

Within the field of HRM, we distinguish four core stakeholder perspec-
tives: Employer, decision maker, decision target, and HR professional. For 
simplicity, we restrict our model to the individual level. Each stakeholder 
perspective refers to the perspective that a given individual within this par-
ticular role in HRM is likely to hold. 

First, the employer perspective reflects the management or organiza-
tional view on the implementation of AI systems in HRM, in particular 
expected strategic gains such as higher decision accuracy and speed, but 
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also potential savings of workforce cost. This perspective represents the 
viewpoint of individuals within upper-level management positions who 
are more likely to be concerned with these broader considerations for AI 
adoption. The second perspective, decision makers, represent individuals 
who are responsible for making HR decisions in organizations, such as 
hiring, promoting, or coaching, but are not within the HR profession them-
selves. These may be supervisors, team leaders, line managers, or mid-level 
managers, all of whom are charged with making decisions about utilizing 
and developing talent. The third perspective is the decision target, which 
includes both current and potential new employees (i.e., job applicants). 
This perspective reflects potential benefits (e.g., higher fairness and proce-
dural justice) but also risks due to lacking transparency (opacity) and “cold” 
automatic decision making. Finally, the fourth perspective reflects the HR 
professional viewpoint, representing experts in staff positions in various 
HRM fields such as recruiting, selection, and training but also in strategic 
HRM. HR professionals’ trust in AI systems is a major determinant of a suc-
cessful implementation process and needs to be examined in more detail 
outside of the more general user role posed by Langer and König (2021) 
and Lockey et al. (2021). HR professionals are likely to have complex and 
potentially conflicting perspectives on AI systems in HRM as they provide 
both benefits and challenges. 

While the managerial and employee perspectives have already been 
addressed in respect to effects of opacity (Langer & König, 2021), the 
perspective of HR professionals has received far less attention. There is 
overlap between the roles of managerial decision makers and HR profes-
sionals in how they use AI systems. However, HR professionals as a user 
group are likely to have both more breadth and depth in their interactions 
with such AI systems than other types of managers. For example, HR pro-
fessionals are likely to play a central role in the implementation process 
of AI systems as their work can include the selection of the AI system, the 
adjustment of the AI system to the specifics of the organization (e.g., access 
to recruiting data and job descriptions), promoting the new system within 
the workforce, and validating the effectiveness of the system. These per-
spectives are explained in more detail below and summarized in Table 4.1. 

Employer Perspective

This stakeholder perspective reflects upper-level management, 
representing the strategic interests of a corporation or employer. In this 
sense, the employer perspective shares features with the deployer group 
described by Langer and König (2021), as they are ultimately responsible for 
making choices about which technology systems to implement. Employers 
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Table 4.1

Perceived Gains and Losses and Implications for Trust for Stakeholders of AI Tools in HRM

Stakeholders of AI Tools in HRM

Employer Decision Makers Decision Target HR Professionals

Perceived Gains •	 Increased competitiveness 
in hiring

•	 Decision-making speed
•	 Employer branding 

benefits

•	 Reduced responsibility 
for HR decisions

•	 More time for other 
tasks

•	 Clear rules and high 
consistency in HR 
decisions 

•	 Avoidance of decision 
biases (attractiveness, 
liking, etc.)

•	 Voice 
•	 Adaptions of individual 

working conditions

•	 Relief from routine 
tasks, more time for 
other tasks

•	 Support for complex 
tasks and better 
decision-making

•	 Advancing own skills
•	 Reduced responsibility 

for some HR decisions

Perceived Losses •	 Monetary investments
•	 Non-financial costs
•	 Potential poor or biased 

decisions
•	 Potential lawsuits

•	 Potential displacement 
by technologies

•	 Reduced control over 
decisions

•	 Opaque and potential 
unfair decision 
making, algorithmic 
reductionism

•	 Loss of privacy and 
control over personal 
data

•	 Loss of professional 
identity

•	 Learning costs
•	 Change management 

processes
•	 Potential displacement 

by technologies

Risk Propensity 
Trend

Positive Positive Negative Mixed, many moderators
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are particularly likely to view strategic benefits of implementing AI systems 
in HRM, such as staying competitive in hiring new employees, increasing 
speed in making HR decisions, and bolstering employer branding by 
presenting the firm as modern and updated in its use of technology. On the 
negative side (i.e., potential losses) are the investment costs, financial and 
otherwise, of acquiring and using AI technology for HR functions. Use of new 
technology in HRM requires time to implement, often causes disruptions 
in routines and processes, and places additional demands on employees 
to learn the new tools. Upper-level management will be concerned with 
the resources and capacity to use technology in the company, expected 
productivity gains, and government regulations for making the decision 
about whether to adopt AI (Malik et al., 2022; Pan et al., 2022).

We expect that employers weigh these different gains and losses for a 
specific AI system. Depending on the net result, employers should then 
proceed with a positive or negative risk propensity toward the AI system, 
which in turn should influence the following trustworthiness assessments 
and experienced trust. For instance, if a corporate board committee focusses 
particularly on the positive prospects of an AI system in HRM, a resulting 
high-risk propensity might stimulate motivated reasoning through which 
individual committee members pay less attention to or even ignore negative 
information about the system. Further, once the organization has devoted 
substantial resources to acquiring and integrating an AI system, employer 
stakeholders may take a “sunk costs” perspective (Arkes & Blumer, 1985) 
and continue trusting the system over time, even if direct experience with 
the system suggests that trust should be reduced as part of the trust regula-
tion feedback loop. Thus, employer stakeholders might trust the system too 
much, or continue trusting it for too long, if the sunk costs are high. This 
type of overreliance on AI systems may lead to negative outcomes (Glikson 
& Woolley, 2021) if the system is not performing effectively.

However, if an employer focusses more on the implementation costs or 
potential risks that the organization becomes the target of legal action (for 
making unexplainable employment decisions or for violating emerging 
laws regulating the use of AI decision-making tools), the resulting low risk 
propensity should lead to greater attention on critical information about the 
system. It should be noted, though, that we consider the implementation 
costs of an AI system not only as a predictor of trustor’s risk propensity with 
respect to the AI system itself (among other losses and gains), but also as a 
moderating context factor of the link between trust and trusting behavior 
later in the process (see Figure 4.1). For instance, when the financial cost 
of an AI system is high, employers should not only be hesitant to trust 
the AI system (low risk propensity), for example, by focusing on negative 
information, but also should need a high level of trust in the AI system to 
express reliance through a purchase decision (moderating context factor). 
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Inexpensive solutions, or systems acquired through software-as-a-service 
contracts, may not require as much trust from the corporate stakeholder as 
the overall risk is lower. Thus, the high costs of an AI system should compli-
cate its implementation not only by making a positive trust motivation and 
risk propensity more difficult, but also by raising the bar of required trust 
from an employer. While these twofold effects of implementation costs are 
unique for the employer perspective (decision makers and HR profession-
als are usually not directly responsible for such investment decisions), the 
ability to tease apart different motivational and contextual factors is one of 
the contributions of our multi-stakeholder model.

Decision Maker Perspective

The decision maker stakeholder group represents managers and super-
visors at a variety of levels in an organization who are responsible for 
using AI systems for making HR decisions, such as hiring new workers, 
deciding who to promote, or deciding who should participate in training 
or development. These decision makers may need to figure out how to 
incorporate AI recommendations into their own choices, which can be 
difficult when there is a lack of transparency (Chowdhury et al., 2022). 
Another potential loss for members of this decision maker group is being 
replaced by the technology in this aspect of their jobs. Apart from job loss 
in the worst case, being replaced by technology means loss of power and 
control, such as control over HRM decisions and the ability of managers 
to hire or promote employees for other reasons than regular organiza-
tional policies (for instance, difficult family situation of the employee, 
strategic or political developments within the department, e.g. König et 
al., 2010). If AI systems can make relatively autonomous decisions in these 
matters, human decision makers have reduced responsibility in this area. 
However, this loss of control is not always negative for decision makers but 
could be also perceived as a gain, for instance, when the AI system releases 
decision makers from routine tasks. Indeed, Hertel et al. (2019) have shown 
that users of a management information system not only save cognitive 
resources when trustfully relying on the information system (“directed 
forgetting”), but also report higher well-being as compared to users who 
did not trust the information system. Similar effects might be expected 
with AI-based information systems. Little research has been conducted on 
this specific question, with some initial evidence suggesting that the type 
of AI system will affect how satisfied decision makers are with their role in 
making hiring decisions (Langer et al., 2021). 

We argue that decision makers might actually prefer being replaced in 
some contexts. If they can rely on AI systems to make hard decisions, the 
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managers do not have to be responsible for the decision outcomes, can 
make external attributions for poor quality or unpopular decisions (i.e., 
blame the technology), and may be able to refocus their efforts on other 
parts of the job. Therefore, we argue that the managerial decision makers 
will have a relatively high-risk propensity toward the use of AI systems 
in HRM that reduces their own decision-making responsibility. This risk 
propensity facilitates a motivation to trust in these systems. In addition, 
the technological affinity of the organization or its developmental orienta-
tion might also influence whether decision makers perceive being partly 
replaced by an AI system as a gain or loss.

Decision Target Perspective

The next stakeholder group is the individuals who are the targets of 
decisions being made in the HR context, such as employees and job appli-
cants. This group has been studied extensively from the perspective of 
understanding how they are likely to react to AI technologies and when 
they perceive such technologies as fair (e.g., Langer & Landers, 2021; 
Newman et al., 2020; Höddinghaus et al., 2021). The decision targets 
are likely to experience many more potential losses than gains. There is 
the risk of not understanding how decisions are made, and therefore the 
perceived risk of not being hired or promoted due to an unfair or discrimi-
natory system. There is a risk of losing privacy and of losing ownership 
of personal data and how it is used (Chowdhury et al., 2023). Perceived 
gains could include a more consistent hiring process and potential for 
reduced bias and discrimination. Research supports that applicants appre-
ciate the consistency element of AI, in which all applicants are treated the 
same, but show concerns about the extent to which AI can consider them 
as a unique human (“algorithmic reductionism”; Newman et al., 2020) 
and perceive AI-based decision making as less fair than human decision 
making (Acikgoz et al., 2020). In addition, research has identified some 
potential gains for employees that are different from those of applicants. 
For example, employees may experience greater engagement with the use 
of AI chatbots, as chatbots can grant them more opportunities for voice, 
fostering the organizational climate for trust (Dutta et al., 2022). The use 
of AI also allows for HR processes to be individually tailored to employees, 
which may positively relate to their job satisfaction and commitment, and 
negatively to turnover intentions (Malik et al., 2022).

In sum, employees and applicants might be more likely to have an 
explicit, controlled motivational pattern characterized by a low-risk pro-
pensity. The use of AI decision-making tools offers few direct gains as 
perceived by this decision target stakeholder group. While job applicants, 

Downloaded from http://ftp.nowpublishers.com/books/edited-volume/chapter-pdf/11106435/979-8-88730-816-620251005en.pdf by guest on 30 June 2026



Motivated Trust in AI    145

for example, may benefit directly from some technologies that employ AI, 
such as asynchronous video interviews (Basch & Melchers, 2019), these 
benefits largely arise from the use of asynchronous communication tech-
nologies rather than from the AI analysis and decision support features. 
Yet because applicants and employees have lower control regarding these 
technologies, the decision targets are nevertheless likely to cooperate by 
relying on them and disclosing information to them, even with relatively 
low levels of trust. 

These interests of protecting privacy and being able to understand how 
the technology is used are even more strongly expressed by representatives 
of employees, such as unions and works councils. We observe that these 
representative bodies are often fighting against the implementation of AI 
systems (e.g., Quackenboss & Meisburg, 2020; Trades Union Congress, 
2021) in order to protect the individuals. Applicants, on the other hand, 
must rely on society more broadly, a stakeholder group discussed by Lockey 
et al. (2021), to protect their rights and interests regarding the use of AI 
systems in the hiring processes. Unions and works councils may also have 
an impact on the employer stakeholder perspective given their role in 
technology adoption decisions affecting the workforce, or even in a more 
regulatory role (Langer & König, 2021), but their interests are more clearly 
aligned with the decision target stakeholders.

HR Professional Perspective

HR professionals are a complex stakeholder group, as they inhabit 
multiple roles in relation to the use of AI systems. They are in some respects 
decision makers, using the software to make decisions about other people. 
They may serve as domain experts (Lockey et al., 2021) on the processes for 
which AI systems are being implemented, change management agents in 
the technology deployment role (Langer & König, 2021), or even in a regu-
latory role from an internal viewpoint, helping to ensure that organizations 
are using AI systems consistent with existing laws and regulations. Com-
plicating matters, expertise in AI is relatively low among HR professionals 
(Malik et al., 2022). These varied roles result in conflicting viewpoints and 
complex motivation patterns that make it difficult to predict resulting levels 
of risk propensity and trust in AI. Therefore, we choose to examine the 
unique trust motivation concerns of the HR professional group directly.

On the side of potential gains due to AI systems, HR professionals 
may welcome these tools as providing support and relief in routine or 
complex tasks (e.g., Laurim et al., 2021; World Economic Forum, 2021), 
thus providing HR professionals leeway for more creative and strategic 
activities. Some HR professionals want to learn more about the technol-
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ogy and how to use it, advancing their own skills in the profession. There 
is also potential for gains related to outcomes aligned with their own goals 
and values. Similar to the strategic stakeholders, they may see gains in 
shorter time to fill positions, higher accuracy and fairness of selection 
decisions, more diverse new hires, and a modern organizational image that 
would encourage them to be open to taking more risks with AI systems. 
Moreover, HR professionals might perceive AI systems as technical support 
that releases them from routine tasks and provides more time for qualita-
tive social interactions with employees or job applicants. 

However, there is also substantial potential for perceived losses for HR 
professionals in the use of AI systems that could reduce motivation to trust. 
There are risks of being replaced by the technology in this aspect of their 
jobs, although these risks seem low given the historical context of other HR 
technologies that were accompanied by unrealized predictions that these 
technologies would replace HR professionals. More direct is a potential loss 
of professional identity that HR professionals may experience (Lockey et 
al., 2021). For example, HR professionals who have been heavily involved 
in recruiting may have defined their role as representing the organization 
through direct contact with applicants. When such interactions are instead 
handled by AI-based chatbots that can respond to applicant questions and 
conduct initial assessments, HR professionals may experience a loss of 
identity. The risk of reduced autonomy in some aspects of decision making 
could occur, particularly if AI systems are more autonomous rather than 
supporting. There are also reputational risks (Lockey et al., 2021) involved 
in adoption of AI systems, and these risks potentially conflict. An HR pro-
fessional who tries to avoid using AI may experience a reputation risk of 
not being a modern professional, while one who embraces AI is taking 
on risks of using technology that results in poor decisions. Other risks 
are associated with change management, such that target users (such as 
the decision maker and decision target groups) reject the technology and 
are unwilling to use it. Supporting tasks may increase and be perceived as 
another loss for HR professionals, as users and decision targets have more 
questions about processes and results and require more explanation.

With the HR professionals, we see a complex mix of motives. There are 
some similarities between the corporate/employer and the decision maker 
groups that could result in positive risk propensities, particularly when HR 
professionals serve as decision makers themselves. However, there is also a 
set of risk factors that should result in a more hesitant risk propensity. The 
final direction might be a function of moderating factors in how HR pro-
fessionals view gains and losses regarding AI. Attitudes and skills related 
to technology in general, and AI in particular, are likely to affect motiva-
tional drivers for HR professionals, such that those HR professionals with 
more experience and higher self-efficacy for using complex technologies 
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may view more gains, even perceiving the opportunity to learn how to use 
AI technologies as positive and interesting. Because HR professionals as 
a group are likely required to dedicate more time and personal resources 
to learning how to use AI systems, age and time horizon within an orga-
nization should also have an impact. Meta-analytic evidence suggests that 
chronological age is negatively related to acceptance of new technologies, 
primarily through a negative relationship with ease of use (Hauk et al., 
2018). This suggests that older HR professionals may need more training 
in order to develop trust with AI systems. Further, and related to age, is 
the concept of future time perspective (e.g., Zacher & Frese, 2009), or the 
perception of how much time is remaining for an individual relative to a 
particular pursuit. If an individual’s future time perspective for working is 
low, the costs of needing to learn complex new AI systems might be more 
salient. While these moderators should be particularly relevant for HR 
professionals, they might also be relevant for other stakeholder groups to 
a lesser degree.

Societal Perspective

In addition to these four core stakeholder perspectives, we have noted 
several times in this discussion the relevance of the societal perspective 
and how this may play a role in individuals’ trust in AI. For instance, values 
related to risk propensity, transparency, and tolerance of risk from tech-
nology vary also at the country level and can affect trust decisions about 
AI tools. Concerns about privacy losses are higher in many European 
countries than in the United States or China, and values of trust, openness, 
and transparency are particularly high in Nordic countries (Robinson, 
2020), leading to differences in governmental policies. Some societies 
are motivated to accept greater individual losses from AI in exchange for 
increased business opportunities or perceived safety and security (e.g., 
Kostka et al., 2021). Notably, these differences not only affect the adoption 
of AI systems but—perhaps even more importantly—the access to learning 
data to develop AI systems in the first place. Legislation on development 
and use of AI may signal potential losses, but also help assure trustors that 
the technology is being regulated and, therefore, more trustworthy. 

DISCUSSION

Artificial intelligence (AI) applications are increasingly used in HRM and 
have the potential to change this field dramatically. However, one core 
precondition for successful usage and integration of AI-based technologies 
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is that the involved persons place sufficient trust in these new technolo-
gies, for instance, by following recommendations of AI-systems, allowing 
AI-technologies to use their personal data, or deciding to implement an 
AI system in HRM in the first place. 

We introduce a new model of trust in AI as a potential framework of 
current and future research on this topic. In this model, we integrate 
various research lines that have been partly developed in isolation and/
or only in the field of interpersonal trust but not trust in technology. First, 
our model includes classic dispositional factors (propensity to trust AI) and 
cognitive processes of trustworthiness assessments with respect to the target of 
trust, building on seminal general trust models (Mayer et al., 1995) as well 
as more recent models on trust in AI (Solberg et al., 2022). In addition, our 
model also considers context factors that moderate the connection between 
trust experience and trusting behaviors, acknowledging that trust in AI is 
not always followed by implementation or usage of an AI system, and also 
that implementation and usage of an AI system is not always accompanied 
by high trust, for instance, when implementation costs are very low. 

Second, we also consider the motivational processes of trust (Baer et al., 
2022; van der Werff et al., 2019) that have been developed for interper-
sonal relations but not yet outlined with respect to trust in technology or 
trust in AI systems. In this respect, our model provides a more inclusive 
framework for our understanding of trust in AI and provides the first outline 
of stable trust motives (as compared to Baer et al. 2022, who addressed 
daily changing motives). Third, our model provides a more differentiated 
perspective on trust in AI by considering stakeholder perspectives with respect 
to AI usage. While such perspectives have been already discussed in extant 
work (e.g., Bach et al., 2022; Lockey et al., 2021; Langer & König, 2022), 
our integrative model allows a more precise analysis of these perspectives. 
Specifically, our model allows examination of cognitive and motivational 
processes based on the stakeholders’ different access to information (e.g., 
on trustworthiness or risks of an AI system) and different expectations 
of gains and losses connected to AI usage. Finally, our model is comple-
mented by various feedback mechanisms that cover dynamic processes and 
changes over time and allows for cross-level processes by which factors at 
higher levels (e.g., societal or corporate values) affect trust in AI at the 
lower level of the individual, via contextual risk factors. By applying this 
new integrative model of trust in AI to the field of HRM, we illustrate the 
analytic depth and potential of this model. Based on our model, we suggest 
some plausible general trust tendencies of stakeholder groups resulting 
from different general motivation processes. However, due to the complex-
ity of the motivated trust processes in this context, we suggest explorative 
research as a first step to better establish how the stakeholder differences 
play out in practice. 
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Another unique feature of our model is that we do not assume direct 
linkages between system features and trust motivation. Rather, we argue 
that the impact of system features depends on the gains and losses (and 
their combination) that stakeholders expect as a consequence of AI imple-
mentation and usage. The psychological processes and perceptions are the 
focus of the model rather than the features of the technology (see also Bach 
et al., 2022). The consideration of different gains and losses may also help 
advance understanding of how trustors develop overreliance (i.e., accep-
tance of incorrect recommendations) and underreliance (i.e., neglect of 
correct recommendations) with respect to AI systems (e.g., Buçinca et al., 
2021). A focus on gains only would likely lead to overreliance, or trusting 
too much, while a focus on losses would result in underreliance, or trusting 
too little. Our model suggests that stakeholders coming from the employer 
and decision maker perspectives may be more susceptible to overreliance, 
whereas stakeholders coming from the decision target perspective may 
be more susceptible to underreliance, in contrast to suggestions that all 
stakeholder groups may be vulnerable to overreliance on AI (Lockey et 
al., 2021). 

Finally, while prior models of trust considered risk perceptions either 
as a context factor moderating the link between experienced trust and 
trusting behaviors (Mayer et al., 1995), or as a direct influence on trust 
motivation (Baer et al., 2022), we consider risk perceptions at two steps 
in our model, thereby integrating prior approaches. First, risk percep-
tions can refer to the trust target itself (an AI system) reflecting a trustor’s 
risk propensity with respect to the trustee. While low risk propensity and 
related trust motivation should hamper trust development even for high 
trustworthy AI systems, trustors can place (and experience) trust even in an 
unreliable AI system if their risk propensity and trust motivation towards 
an AI system is high. Second, risk perceptions can also refer to assessments 
of the conduciveness of context factors (organizational, societal, etc.) for 
trusting behaviors. If the context is perceived as not conducive, trusting 
behaviors, such as implementing an AI system or relying on recommenda-
tions from the AI system, might not be shown even when trust in the AI 
system is high. Thus, high trust does not automatically lead to trusting 
behaviors if contextual risks, such as required financial investments, are 
perceived as being too high. At the same time, low trust in an AI-system 
can still be followed by trusting behaviors if contextual risks are perceived 
as very low. However, the latter is not likely in HRM, where AI applications 
affect working people.

We note that trust theories are not the only approach for understand-
ing and predicting use of AI systems in HRM. The technology acceptance 
model (TAM) from the information systems literature also offers useful 
perspectives on the use of these tools (e.g., Del Giudice et al., 2023; Vorm & 
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Combs, 2022), suggesting that perceived usefulness and perceived ease of 
use of technology predict attitude toward the technology, which then leads 
to usage behavior. Our model addresses the main components of TAM 
in a different configuration. We address two constructs that are similar 
to perceived usefulness. The gains that stakeholders expect from using 
an AI tool could be construed as perceived usefulness, particularly those 
gains that are related to enhanced job functioning (e.g., HR professionals 
can more efficiently identify and communicate with top job applicants). 
Moreover, the purpose-based component of trustworthiness deals with the 
goals of the system and stakeholders could determine how useful those 
are. Researchers have examined alternative relationships between ease of 
use and trust, with some arguing they are relatively unrelated predictors 
of attitude (Dickson et al., 2021) and others arguing that ease of use could 
be a predictor of trust (Beldad & Hegner, 2018). In our framework, the 
potential costs of using AI could be represented by ease of use, such that a 
system that is very difficult to use presents a loss because of extra effort or 
added difficulty. Overall, we argue that the active management of trust and 
AI acceptance in a motivation-based self-regulatory perspective offered by 
our framework can be more informative than a strictly TAM-based perspec-
tive that tends to be more static.

Open Questions and Implications for Future Research

The introduced new model of trust in AI and its application in the 
field of HRM provides a roadmap for further research on this topic. First 
and foremost, many of the proposed trust processes still await empirical 
investigation. In such research, studies on existing AI systems (e.g., Fan et 
al., 2023) would be preferable to studies using only simulated (vignette) 
applications of AI in HRM contexts. Moreover, our theorizing about 
trust in AI systems is based on the understanding that AI in HRM is still 
relatively constrained, such that most algorithms do not engage in autono-
mous self-improvement. However, trust in AI systems could change when 
self-improving algorithms become more available. On one hand, there is 
evidence that algorithms with a self-learning capability are viewed as more 
human (Kim & Duhachek, 2020) and therefore more trustworthy. On the 
other hand, if an algorithm can continue to learn and change without 
human direction, the algorithm may be viewed as even more opaque and 
less trustworthy, as a user would not know when changes are made, nor 
what the changes are. Similarly, we have not addressed the complexity 
inherent in hybrid human-AI systems where the human and the AI work 
together (see Kares et al., 2023; Lanz et al., 2023). When it is unclear which 
actions are taken or recommendations are given by the AI compared to 
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the human, it will be more difficult for a trustor to assess the perceived 
trustworthiness of a system, complicating the motivational and cognitive 
processes in the model. 

In order to manage the complexity of our model, we have not explicitly 
included within-person changes in affective states or motivation. Indeed, 
empirical work has shown that a trustor’s emotions can influence trust 
(see Dirks & de Jong, 2022, for a review). The seminal approach to trust 
by McAllister (1995) even explicitly distinguishes cognitive and affective 
precursors of trust (see also Glikson & Woolley, 2020, for an application 
of this conceptualization to trust in technologies). While affective cues can 
be integrated in cognitive models as cues for a “mood as information” 
heuristic (see Dirks & de Jong, 2022), daily affective states nevertheless 
can “color” assessment processes of trustees as well as context factors, and 
thus moderate trust processes. 

In addition to changes in risk propensity, trustors’ affective or motiva-
tional states can also affect the degree of heuristic or systematic information 
processing (e.g., Shin, 2021) with respect to deciding whether to trust an AI 
or not. For instance, positive affective states might signal that the current 
situation is safe, allowing heuristic decision making (e.g., following AI 
recommendations because others are doing so) whereas negative affective 
states might lead to systematic information acquisition about the reliability 
and benevolence of the AI system. In a similar way, daily changes in the 
salience of trustors’ motives (Baer et al., 2022) can affect their momentary 
risk propensity and assessment of risks. We did not elaborate such daily 
influences in our model for space constraints, however, momentary affective 
states and the current salience of specific motives should be a valuable 
avenue for future research on trust in AI in HRM. 

Stable individual differences between trustors could have major influ-
ences on trust in AI for HRM. Tang et al. (2022) found that individuals 
with high levels of conscientiousness were more likely to have negative 
reactions (i.e., higher role ambiguity, lower role breadth self-efficacy) to 
working with AI systems than people low on this trait. They argued that 
highly conscientious employees are motivated to control work processes 
and may be less likely to see information coming from AI systems to be 
credible. In our model, high conscientiousness should lead stakeholders 
to perceive AI usage as a loss, thus reducing motivation to trust AI tools. 
However, empirical tests are still needed. 

Finally, within our model, we propose that higher-order influences, such 
as societal and corporate values, will inform the relation between trust in 
AI and trusting behaviors. There are further opportunities to conceptual-
ize how, exactly, levels, such as team- and organization-level factors (e.g., 
unit-level motivation and trustworthiness perceptions, climate for innova-
tion) inform individual stakeholders’ motivation and trust in AI. Indeed, 
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social pressure has been theorized to drive perceptions of the usefulness 
of technology and acceptance (Del Giudice et al., 2021). From a policy 
perspective, the availability of programs to help people whose jobs are 
replaced or radically changed by the implementation of AI systems could 
positively impact trust by minimizing the perceived losses of adopting AI. 

Implications for HRM Practice

Even though many of the proposed processes of our model still await 
empirical tests, we nevertheless can derive initial practical implications 
as guidelines for designing, implementing, and managing AI systems in 
HRM. Below, we describe such implications, particularly for HR profes-
sionals, following the logic of our integrative model of trust in AI. In so 
doing, we focus on developing high trust in AI, however, it should be noted 
that overreliance on AI technology can be as dangerous as underreliance 
(Buçinca et al., 2021), thus, appropriate trust in AI (or “trust calibration,” 
e.g., Glikson & Woolley, 2020) would be the ultimate goal. 

AI Trustworthiness Assessment 

A future-oriented perspective on HR suggests that stakeholders, in 
particular HR professionals, suffering from a lack of knowledge about AI 
(opacity due to illiteracy) should be encouraged to learn more about how 
AI systems are developed and how they function. Developing this expertise 
is likely to allow them to make more accurate judgments about the perfor-
mance, purpose, and processes involved in an AI system. HR professionals 
with higher levels of expertise may also increase their ability to identify AI 
tools that are a good match for their own goals within the organization, 
increasing perceived gains of AI adoption, and, as a result, motivation to 
trust in this AI. Based on our arguments about the importance of transpar-
ency for a sound assessment of AI systems, other aspects of opacity also 
should be addressed. Intentional opacity (Langer & König, 2021) is a more 
difficult practical challenge to overcome, as vendors or developers obscure 
information about how their tools work in an effort to maintain competitive 
advantage. This could rely on societal level solutions, such as requirements 
for algorithmic auditing, or pressure from managerial and corporate stake-
holders to demand such information prior to making purchase decisions. 

Motivational Drivers and Risk Propensity 

For effective change management, given the adoption of AI tools, orga-
nizations can draw from our theorizing to promote gains and account 
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for perceived losses connected with AI usage separately for each relevant 
stakeholder group (cf. Table 4.1). In this way, the salient opportunities and 
concerns held by different stakeholders can be accounted for, so that AI 
may be accepted and effectively introduced. Openly recognizing potential 
losses as well as embedded transparency tools (XAI) may help guard against 
overreliance. Organizations may also seek to provide leeway and flexibility 
for individuals to craft working conditions connected with AI systems. For 
example, HR professionals could help decision makers identify where an 
AI decision support tool may be most aligned with their values, such as 
increasing equal treatment in making decisions about training opportuni-
ties and allowing them to start by using only that function. This greater 
goal alignment can allow decision makers to perceive greater gains from 
using AI, thus making them more likely to develop trust in the tool. 

Context Factors 

The incorporation of context factors in our model also provides an 
indication of the societal as well as organizational contexts that may be 
conducive to AI implementation. Even if stakeholders trust an AI system, 
they will be more likely to engage in trusting behaviors of reliance and 
disclosure if the context factors are supportive. For example, work environ-
ments characterized by high psychological safety (Newman et al., 2017) may 
be beneficial to encourage use of AI systems, making it safer to take risks 
related to the trusting of AI. High levels of psychological safety could help 
mitigate fear about potential losses related to low decision quality during 
early phases of AI implementation and encourage stakeholders to identify 
errors, ultimately leading to improvements in the use of such systems that 
could actually increase trust over time. We also believe that our model is not 
restricted to HRM but should be also relevant for other fields in which trust 
of AI is a relevant concern, such as customer relationship management or 
managerial decision making (e.g., Keding & Meissner, 2021).

CONCLUSION

Tools based on artificial intelligence are an increasing part of the HRM 
landscape and if current projections are correct, will continue to become 
a more important part of organizational HRM processes and procedures. 
The integrated trust model presented in this chapter makes several con-
tributions to the emerging literature in this area. We integrate cognitive 
and motivational trust processes, providing a more inclusive framework 
for our understanding of trust in AI. We also examine the impact of AI 
on a broad range of HR stakeholders, thus providing a framework for 
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better understanding how different stakeholders of HRM in organizations 
develop trust in these systems and decide how to behave when faced with 
such interactions. This new model provides directions for future research 
in this rapidly evolving field. 
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