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Abstract

The existing literature highlights that artificial intelligence (AI) creates both hope and threat
perceptions among managers and workers, particularly due to concerns about potential
job losses and the negative effect on continued professional development. Employee trust
in AI-based systems varies depending on their features and performance. Furthermore,
regardless of the performance of such systems, some individuals are inherently opposed
to AI, a phenomenon known as AI aversion. In this study, an Integrative AI Adoption
Framework is developed, drawing upon principles from established theories, including
the technology acceptance model, behavioral decision theory, and emotion-based frame-
works, to assess how perceived usefulness and perceived ease of use, along with perceived
threat, trust, and AI aversion, influence human resources (HR) professionals’ attitudes
and behavioral intentions to use AI-based recruitment systems. In doing so, the study
conceptualizes AI-based recruitment as a socio-technical system in which a technical sub-
system (the system’s instrumental and AI-specific properties) and a social subsystem (the
affective and trust-related responses of HR professionals) must be jointly considered to
explain adoption. The model was tested using the partial least squares structural equation
modeling (PLS-SEM) approach through survey-based data collected from 242 HR profes-
sionals. The study’s findings indicate that attitude plays an important role in shaping
behavioral intention, and perceived usefulness is a key driver of attitude. AI aversion
negatively influences attitudes, while trust has a twofold effect of reducing AI aversion
and positively influencing attitude. Additionally, perceived threat significantly increases
AI aversion, which is driven by concerns over job replacement and personal development.

Keywords: AI adoption; recruitment systems; human resources; technology acceptance; AI
aversion; perceived threat; trust

1. Introduction
In the dynamic human resources (HR) field, adopting cutting-edge technologies is cru-

cial for maintaining competitiveness and efficiency in talent acquisition and management.
Within these developments, artificial intelligence (AI) draws attention as a leading force for
change, reshaping traditional recruitment processes and transforming how organizations
identify, attract, and retain talents [1–3].

Alan Turing, in 1947 (cited by Copeland and Proudfoot [4]), first defined the concept
of AI as “a machine that can learn from experience”, which has now evolved significantly.
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Today, intelligence is understood as the capacity to adapt to new information and is
integrated into modern computers. As organizations navigate the digital age, incorporating
AI into HR practices has emerged as an essential strategy for optimizing recruitment
processes, enhancing candidate experience, and accelerating business success.

With 79% of organizations investigating the use of AI and automated systems in
their talent recruitment processes, AI is now part of everyday life [5]. However, despite
the immense potential of AI for revolutionizing HR recruitment, its successful adoption
remains contingent upon user acceptance and the alignment of technology with user needs
and expectations [6]. Organizations planning to implement AI-based human resources
management (HRM) systems should encourage employees to adopt them [7]. In the in-
formation technology (IT) acceptance and adoption literature, the Technology Acceptance
Model (TAM) [8,9], TAM2 [10], TAM3 [11] and the Unified Theory of Acceptance and
Use of Technology (UTAUT) [12] have been widely used to understand the key variables
that strongly influence users’ adoption behavior towards IT-based systems. In this study,
the theoretical foundations of TAM were utilized—particularly the latest and most com-
prehensive version, TAM3—to explore the influential mechanisms and significant factors
that have critical effect on HR professionals’ behavioral intention to use AI-based recruit-
ment systems. Although these models have presented accepted results, they have also
been criticized for focusing primarily on motivational factors and lacking in addressing
barriers and negative perceptions that could affect user adoption. As is already known,
the nature of human decision making is much more complex and comprehensive, as it
unfolds within an organization that operates as a system of interrelated subsystems, in
which the technological, individual, and social components continuously influence and
interact with one another. Understanding both positive and negative aspects dynamically
and accounting for potential barriers therefore requires an integrative perspective; this
calls for a model that captures not the effect of any single subsystem in isolation, but the
combined effects and interactions of all relevant subsystems shaping the adoption decision.
The objective is to present as complete but as parsimonious a framework as possible that
together can capture the most important subsystems through which adoption decision is
formed rather than trying to capture all possible variables. This systems view is based on
the socio-technical systems (STS) theory as the conceptual foundation for identifying these
subsystems and their interactions. According to STS theory, every work system consists
of two interdependent subsystems: a technical subsystem (tools and procedures) and a
social subsystem (people, their beliefs and organizational processes). For a system to work
well, the two must be jointly optimized, as a technically superior system that disregards
its human users will underperform or fail [13]. Bostrom and Heinen [14] brought this lens
into the information systems field and note that system failures usually happen because
the “human side” is neglected, rather than because of technical issues. The rise of AI
makes this balance even more important because work processes are not merely supported
by AI systems; they actually take part in the decision-making process, acting as a new,
non-human member within traditional team structures [15,16]. As a result, it will require
alignment across the governance, management, and work level of the organization to suc-
cessfully leverage AI. Moreover, this alignment is also influenced by corporate culture, so it
is essential to understand its role in how users react to new technologies. Therefore, to truly
understand how HR professionals adopt AI, it is essential to examine both the technical
and social components and evaluate how they interact within this cultural background.
Extending existing models thus requires considering both subsystems and the channels
through which they interact to better understand HR professionals’ AI adoption [17–20].

To address this gap, this study extends traditional technology acceptance frameworks
in line with the socio-technical view introduced above: alongside the motivational and
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cognitive factors that capture how the technology is appraised (the technical subsystem),
it incorporates the emotion-driven rejection that can arise on the human side (the so-
cial subsystem). This rejection stems from the unique technological characteristics of
AI systems, such as autonomy and decision-making capability, black-box nature, bias
and fairness risks, and learning from data and adaptivity. Traditional IT tools, such as
enterprise resource planning (ERP) systems, databases, and office software, are largely
rule-based and predefined and are generally viewed as decision-support tools rather than
decision-making agents.

At a personal level, AI creates both hope and fear among managers and workers,
particularly due to concerns about job losses and technological unemployment [21]. Ore
and Sposato [22] found that HR professionals experience extensive skepticism driven by
fears of job loss due to automation, even though they realize AI’s vital role in reinforcing
recruitment strategies and believe that human involvement will always be necessary
in the recruitment process. Additionally, there are concerns that AI-based systems may
negatively affect personal professional development [17]. Some studies have also suggested
that trust in such systems varies among employees depending on system features and
performance and should be considered as a potential factor in explaining adoption behavior.
For instance, Shin [23] found that when users perceive the algorithms as fairer, more
accountable, transparent, and explainable, they see them as more trustworthy and useful.
Similarly, Wanner et al. [24] also revealed that if users perceive the ability of an algorithm
as high, their initial trust in the system is likely to increase. Furthermore, regardless of the
performance of AI-based systems, some individuals are inherently opposed to AI. In the
literature, this factor is called “algorithm aversion” [25,26] and has arisen as a key aspect
influencing AI adoption [27].

Depending on this background, the following research questions are addressed in
this study:

i. What are the potential factors affecting HR professionals’ perceived threat caused
by AI-based recruitment systems, such as “job replacement concern” and “personal
development concern”?

ii. How do perceived AI ability, system transparency, and privacy concerns influence
the HR professionals’ trust toward the AI-based recruitment systems, and what is the
effect of this trust on shaping their attitudes?

iii. What are the relationships between trust, AI aversion, perceived threat, and attitudes
toward AI-based recruitment systems, and how does AI aversion mediate the effects
of trust and perceived threat on attitudes?

An Integrative AI Adoption Framework, which aims to provide a comprehensive
understanding of the factors influencing HR professionals’ attitudes and behavioral in-
tentions toward using AI in recruitment, has been developed to address these research
questions. The study highlights the importance of including both positive and negative
perceptions interactively, and, additionally, it contributes to the emerging literature on the
use of AI-based systems for organizational decision making.

The rest of the paper is structured as follows: Section 2 explains the theoretical
background, gives hypotheses, and introduces the proposed model. Section 3 describes
the research methodology and presents the findings of the analysis. Section 4 discusses the
results and highlights the implications for theory and practice. Finally, Section 5 concludes
the study and gives the limitations and further suggestions.
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2. Theoretical Background
2.1. The Role of AI in Recruitment

AI recruiting is the application of AI technologies to different phases of the hiring
process. These applications can range from using AI to conduct interviews with candidates
to more complex tasks, such as continuous monitoring, analysis, and refinement of the
selection process to identify candidates with high potential for success [28]. The systems
used to recruit staff using AI can undertake sophisticated tasks such as analyzing video
interviews for emotional and behavioral traits that are then matched against job specifi-
cations [29,30]. AI in recruitment enhances the quality of talent acquisition by identifying
candidates with the right skills and attitudes while improving the objectivity, consistency,
and overall decision making in the hiring process. Research shows that AI-based recruit-
ment systems can reduce bias by lessening the influence of factors, such as age, gender, and
race, that undeniably affect human judgment [28,31].

With the growing use of AI technologies, various tasks of selection and hiring are
being conducted more effectively. For instance, resume screening tasks that consume too
much time for recruiters can be automated by using AI, which uses natural language
processing (NLP) to find semantic connections between candidate profiles and job descrip-
tions [31]. By accelerating recruitment processes and improving hiring quality, AI helps
organizations quickly adapt to changing conditions while enhancing their competitive
advantage [29]. AI’s predictive capabilities allow organizations to improve workforce plan-
ning and management by anticipating future needs and adjusting recruitment strategies
accordingly [32].

The adoption of AI in recruitment is not without difficulties, despite these benefits. The
transparency of AI algorithms and the potential for bias have drawn ethical criticism [33].
The need for carefully considering these issues is highlighted by the so-called “application
gap”, where AI-based systems are technologically competent but have not yet been fully
integrated into recruiting processes due to their potential adverse impacts [33]. In addition,
the “knowledge gap” between AI decision makers and the candidates impacts the level of
trust or understanding that recruits have in AI-generated results [34].

2.2. Conceptual Model and Hypotheses Development

The proposed conceptual model (shown in Figure 1) builds on the TAM’s [8,9] the-
oretical foundation which itself is theoretically based on the Theory of Reasoned Action
(TRA) [35]. TRA proposes that an intention toward a behavior is formed before the behavior
itself occurs. In the IT systems context, “behavioral intention to use” refers to the motiva-
tion and willingness to put effort into using a tool or system [8,10,11]. Accordingly, TAM
considers behavioral intention to use as the only direct determinant of actual using IT tools
and systems. This study relies on this assumption because, for newly emerging and not yet
widely adopted systems such as AI-based recruitment tools, it is not feasible to measure
adoption through actual usage. Instead, behavioral intention provides a valid proxy for
understanding adoption factors at the preadoption stage. Moreover, the primary aim of
this study is to investigate how AI-based decision-support systems can be designed and
introduced effectively to ensure a smoother transition from preadoption to post-adoption.
While TRA is not domain-specific, its application through TAM in the IT domain has widely
confirmed the intention–use relationship, and numerous studies—particularly those exam-
ining newly developed technologies—have successfully employed behavioral intention as
the primary outcome variable [36–39].

From an STS perspective, the adoption of an AI-based recruitment system is not a
purely individual or purely technical event but the outcome of the interaction between
a technical subsystem and a social subsystem [13,14]. The proposed framework is orga-
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nized along precisely this distinction. The technical subsystem is represented by constructs
concerning the system’s instrumental and AI-specific properties—perceived usefulness,
perceived ease of use, compatibility, perceived AI ability, system transparency, and per-
ceived external control—which capture how the technology is appraised as a working
tool and the external conditions that enable its use. The social subsystem is represented
by constructs concerning the human actor’s response to that technology—AI aversion,
perceived threat (together with its sources, job-replacement, and personal-development
concerns), privacy concern, trust, AI anxiety, AI self-efficacy, personal innovativeness, and
social influence—which capture the affective, dispositional, and social conditions under
which adoption is enacted. Attitude and behavioral intention then function as the inte-
grative locus at which the appraisal of the technical subsystem and the state of the social
subsystem are reconciled into an adoption decision. In this sense, the proposed framework
is not an arbitrary aggregation of constructs but a socio-technical specification of AI-based
recruitment systems’ adoption, in which each construct in the model corresponds to an
identifiable component of the underlying system.

This systemic view also extends beyond the individual user. Following the governance–
management–work hierarchy through which organizations enact change, the successful
adoption of AI-based recruitment systems requires alignment across levels: owners and
governors must legitimize and resource AI use, management must embed it in processes
and incentives, and the HR professionals performing the work must be willing and able
to use it [40,41]. Resistance at any level—withheld governance support, misaligned man-
agerial incentives, or worker aversion rooted in threat—propagates through the system
and undermines adoption. The present study models the work level, where adoption is
ultimately enacted, while recognizing that the attitudes and intentions examined here are
conditioned by the governance and management levels. These levels are in turn embedded
in the organization’s culture. For example, an innovation-oriented culture that rewards
experimentation tends to lower perceived threat and strengthen self-efficacy, whereas a
risk-averse culture amplifies aversion and resistance [32,42]. Although corporate culture is
not modeled as a separate construct in this study, it constitutes the systemic context within
which the modeled relationships operate and represents an important boundary condition
for interpreting the findings.

2.2.1. Attitude and Intention to Use

Although the TAM [8] originally emphasized two key belief factors (perceived use-
fulness and perceived ease of use), later extensions of the model (see TAM2 [10] and
TAM3 [11]) excluded the attitude construct, as it was found to only partially mediate the
relationship between beliefs and behavioral intention.

However, the TRA [35] and the Theory of Planned Behavior (TPB) [43] conceptualize
attitude as a fundamental determinant of intention, positioning it as a key psychological
mechanism linking beliefs to behavioral outcomes. In their study, Todd and Taylor [44]
adapted the TPB [43] to the IT field as the Decomposed Theory of Planned Behavior
(DTPB) [45]. In DTPB, the belief factors of perceived usefulness and perceived ease of use
affect attitude and attitude directly affects intention, and no direct relationship was claimed
between belief factors and intention to use. Similarly, based on DTPB, Lin [46] found a
positive relationship between perceived usefulness and perceived ease of use with attitude,
and between attitude and intention.

Recent research on AI-based technologies supports this theoretical instance, showing
that attitude remains a critical predictor of intention to use such systems [7,17,24,47–50]. In
light of these considerations, this study included the attitude variable in the model as a
critical construct to assess the intention to adopt AI-based systems. Similarly, perceived

https://doi.org/10.3390/systems14060713

https://doi.org/10.3390/systems14060713


Systems 2026, 14, 713 6 of 36

usefulness and perceived ease of use were also included in the model, both positively influ-
encing the attitude factor throughout the belief structure. However, no direct relationship
was established between usage intention and any belief factor, as the mediating effect of
attitude was expected. Based on the above-mentioned studies, the following hypotheses
are formulated:

H1: Attitude positively influences the behavioral intention to use AI-based recruitment systems.

H2: Perceived usefulness positively influences attitude toward AI-based recruitment systems.

H3: Perceived ease of use positively influences attitude toward AI-based recruitment systems.

2.2.2. Affective Dominance, AI Aversion, and Threat Perception Process

According to behavioral decision theory, cognitive biases and emotional mechanisms
can distort cognitive evaluation processes and negatively affect attitudes [51–53]. AI aver-
sion refers to the tendency of a person to overlook decisions made by AI-based systems
in favor of their own judgments or those of their peers, whether consciously or subcon-
sciously [25,26]. This tendency is rooted in a fundamental distrust of algorithms [54] and
is reinforced when individuals know an algorithm’s fallibility [55], leading to emotional
resistance and negative attitudes toward AI systems.

AI aversion functions as a direct affective mechanism distinct from the rational in-
fluences of perceived usefulness and perceived ease of use. Drawing on Decision Affect
Theory (DAT) [56] and the concept of integral emotions, emotional reactions linked directly
to decisions can override cognitive assessments and have an immediate and direct effect on
attitude [51,57]. For example, even when objective data demonstrates the effectiveness of
AI tools, people may refrain from depending on them due to their potential for inaccuracy,
similar to how fear of flying may lead someone to drive despite the higher risks associ-
ated with driving [51]. Studies indicate that some individuals naturally resist algorithms,
regardless of how well they function [27,55,58]. When someone experiences AI aversion,
this situation tends to trigger negative feelings, such as discomfort or skepticism toward
AI-based systems. Therefore, acknowledging AI aversion is critical when developing an ac-
ceptance model for AI-based systems, as the inconsistency between emotional and rational
evaluations can compromise the development of general attitudes [59]. Consequently, the
following hypothesis is formulated:

H4: AI aversion negatively affects attitudes toward AI-based recruitment systems.

On the other hand, trust plays a vital role in mitigating negative perceptions and
emotional biases toward AI technologies. Trust refers to the degree to which HR specialists
perceive the system as dependable, honest, reliable, and effective in facilitating the recruit-
ment process, which fosters a willingness to rely on the system’s actions even without direct
control over its operations. Trust in AI’s capabilities, fairness, and reliability can alleviate
these emotional reactions, reducing the aversion to such technologies [54,60]. Through
trust, individuals are more likely to evaluate AI-based systems based on a rational decision-
making process and objective benefits rather than emotional influence mechanisms that
cause negative emotions or biases. Given this relationship, trust emerges as a critical factor
in overcoming AI aversion. Consequently, the following hypothesis is proposed:

H5: Trust negatively affects AI aversion toward AI-based recruitment systems.
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When a new system is introduced, potential users assess how its features interact with
their individual and organizational conditions, forming projections about its outcomes.
When the expected outcomes are perceived as threatening, people are likely to engage in
resistance behaviors [61,62]. Such resistance may appear as active opposition or passive
emotional rejection, avoiding the system, continuing with existing tools, or refusing to
use it even when available [61,63]. Perceived threat refers to the degree to which an
individual believes that a technological system could harm their well-being, personal
development, or professional autonomy [64,65]. It has been shown to trigger avoidance
behaviors conceptualized as emotional coping mechanisms to keep oneself away from
stressors like new technologies [64]. These avoidance behaviors are also closely linked with
the AI aversion, both rooted in emotional resistance to change. For professionals whose
expertise defines their identity, AI-based systems may further intensify such perceptions.
When AI appears to undermine authority or autonomy, users perceive it as a threat [66].

Although direct empirical evidence linking between perceived threat and AI aver-
sion remain limited, related research provides useful insights. Walter and Lopez [65]
showed that reduced professional autonomy lowers attitudes toward technology, while
Cao et al. [17] found that perceived threat to diminish positive attitudes toward AI-based
decisions. Similarly, Balakrishnan et al. [19] demonstrated that perceived threat increases
resistance to AI technologies such as voice assistants. Building on these findings, this study
expects that AI aversion mediates the relationship between perceived threat and negative
attitudes. For some employees, adopting AI-based systems may create fear of reduced
relevance, diminished roles, or loss of control, leading to the following hypothesis:

H6: Perceived threat positively influences AI aversion toward AI-based recruitment systems.

Furthermore, AI-based systems raise concerns about job replacement among employ-
ees and managers. Although the term “technological job loss” entered the literature in
the 1930s, AI’s ability to perform many human skills more effectively has made this threat
more prominent in today’s work environment. Some experts argue that certain jobs will
be performed by AI systems instead of humans [67], creating a widespread fear that job
opportunities will disappear [68–72]. In this study, job replacement concern refers to HR
professionals’ fear of losing their jobs due to the growing dependence on AI-based tech-
nologies. Employees with this concern may feel disturbed by the idea of implementing
AI-based systems, perceiving them as threats to their positions. Ore and Sposato [22] found
that while AI automates repetitive recruitment tasks effectively, it also triggers fear and
insecurity among HR professionals. Although they believe AI can improve recruitment
processes, skepticism remains due to job replacement concerns. Notably, previous studies
have not included this variable in models examining AI acceptance intentions. Personal
development concern refers to HR professionals’ worries that AI may hinder their ability to
learn and experience professional growth. Prior studies show that AI users fear losing op-
portunities to learn from experience and make better decisions. For example, Cao et al. [17]
found that concern for personal development negatively influences managers’ intention
to use and their attitude toward AI-based systems for decision-making tasks. Employees
who believe AI limits their personal development are likely to experience higher perceived
threat and form negative attitudes toward such systems. Consequently, the following
hypotheses are proposed:

H7: Job replacement concern positively affects perceived threat from AI-based recruitment systems.

H8: Personal development concern positively affects perceived threat from AI-based recruitment systems.
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2.2.3. Cognitive and Rational Evaluations

Individuals engage in a cognitive evaluation process by assessing the system’s fea-
tures and capabilities to form their perceptions of its usefulness [10]. As highlighted in
the TAM and TAM2, this study expects perceived ease of use to positively influence per-
ceived usefulness, particularly in the context of AI-based systems. Assuming all other
factors remain constant, the easier it is for a person to cognitively use a system, the higher
its perceived usefulness will be [7,37,49,73,74]. Accordingly, the following hypothesis
is proposed:

H9: Perceived ease of use positively affects the perceived usefulness of AI-based recruitment systems.

When people are asked to use a system, they cognitively evaluate its fit with their
job requirements. According to the image theory, individuals first assess alternatives as
“suitable” or “not suitable” based on their needs [10]. Similarly, the Task–Technology Fit
(TTF) [75] model states that technology enhances performance to the degree that it fits
the needs of the work. The adoption of technology is closely related to its suitability for
job-related tasks and its capacity to fulfill these tasks [76–79]. In the context of AI-based
systems, employees are likely to perceive a system as more useful when it is compatible
with their work, prior experiences, and organizational systems [37]. The Diffusion of
Innovation Theory (DIT) [80] identifies compatibility—how well an innovation aligns with
users’ values and needs—as a key determinant of adoption [37,81–83]. Prior research
confirms that perceived compatibility positively affects perceived usefulness [48,84].

Perceived AI ability refers to the belief that AI systems can effectively and fairly
perform recruitment tasks, provide measurable and transparent results, and support high-
level performance. The capacity of AI to perform tasks, such as gathering information,
scheduling meetings, and coordinating activities, is valued by users [85]. People believe
that an AI-based system with high capability can help them perform their work processes
better and more efficiently [49,86]. Consequently, the following hypotheses are proposed:

H10: Compatibility positively affects the perceived usefulness of AI-based recruitment systems.

H11: Perceived AI ability positively affects the perceived usefulness of AI-based recruitment systems.

2.2.4. The Rational Perspective Toward Trust

As has been highlighted, trust provides a willingness to be reliant on the system,
even without direct control over its actions. There has been continuous discussion in
the literature over the significance of trust as a variable to explain attitudes toward such
systems [7,24,49,50]. Fairness and transparency [33] play a particularly critical role in
AI-driven recruitment. Ensuring fairness in AI-based recruitment systems entails demon-
strating that such systems operate without bias and discrimination, which means they have
high capabilities to execute hiring functions [60,87]. Therefore, fairness is integrated into
the perceived AI ability construct in this study. A system perceived as competent and fair
is also viewed as reliable and worthy of trust, which in turn fosters positive attitudes.

The literature also indicates that trust is accompanied by the transparency of AI-
based systems [23,24,33,88]. Transparency means that the decision-making processes of the
system are understandable and explainable [24,29,30,60]. Choung et al. [49] emphasized
that transparency has the potential to foster trust and thereby increase the likelihood of
users accepting the system. When AI-based systems used in recruitment processes provide
feedback on the decision-making process, it is expected that the users will perceive that the
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system has the capability to function in the hiring process, and the reliability of the system
among users will increase.

Privacy and security concerns are also important considerations for AI-based sys-
tems [73,76,89]. Users want to know how their data is used and protected. Secure data
processing and privacy preservation can promote trust in the system. Overall, trust emerges
as a major factor driving the acceptance of AI-based recruitment systems. The following
hypotheses are proposed:

H12: Trust positively affects attitudes toward AI-based recruitment systems.

H13: Perceived AI ability positively affects trust in AI-based recruitment systems.

H14: Privacy and security concerns negatively affect trust in AI-based recruitment systems.

H15: System transparency positively affects trust in AI-based recruitment systems.

H16: System transparency positively affects the perceived ability of AI-based recruitment systems.

2.2.5. Anchoring Effect

According to the TAM3, individuals form their first impressions of the ease of use
of a system through general beliefs about computer use; an anchoring effect shaped by
factors such as self-efficacy, anxiety, playfulness, and perceptions of external control [11].
Self-efficacy is fundamental in shaping personal beliefs and behaviors [90] and has been
adapted to AI contexts as AI self-efficacy, referring to HR professionals’ confidence in their
ability to use AI technologies effectively throughout recruitment processes. Due to the
unique nature and challenges of AI, it is more appropriate to use AI self-efficacy rather
than computer self-efficacy in this case [91].

Similarly, AI anxiety describes the discomfort or apprehension professionals experi-
ence when interacting with AI-based recruitment systems [33,69,92]. Perception of external
control refers to the extent to which HR professionals believe that organizational and tech-
nical resources are available to support the use of AI-based recruitment systems, paralleling
the facilitating conditions in the UTAUT framework.

Personal innovativeness refers to the proactive inclination of HR professionals to
use AI-based recruitment systems, driven by their inherent enjoyment of technological
interaction (i.e., AI playfulness) and motivation to seek new technology advancements with
a proactive attitude toward technological transformation and adaptation. Individuals high
in innovativeness are more likely to experiment with AI technologies, build confidence,
and develop stronger AI self-efficacy [36,93,94].

In accordance with the above-mentioned points, the following hypotheses are proposed:

H17: AI self-efficacy positively affects the perceived ease of use of AI-based recruitment systems.

H18: Perception of external control positively affects the perceived ease of use of AI-based recruit-
ment systems.

H19: AI anxiety negatively affects the perceived ease of use of AI-based recruitment systems.

H20: Personal innovativeness positively affects AI self-efficacy.

2.2.6. Social Influence Process

Social influence refers to the extent to which HR professionals perceive that using the
AI-based recruitment system will enhance their status within their social or professional
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network, as well as how important it is that others believe he or she should use this
system. The UTAUT, TAM2, and TAM3 models have shown that social influence affects
the intention to use beyond all other variables. TAM2 and TAM3 also indicate that social
influence impacts individuals’ perceptions of usefulness. Research in this area supports
these two effects [28,50,79,95–97]. Accordingly, the following hypotheses are proposed:

H21: Social influence positively affects the behavioral intention to use AI-based recruitment systems.

H22: Social influence positively affects the perceived usefulness of AI-based recruitment systems.
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Figure 1. Conceptual model.

3. Research Methodology and Results
3.1. Research Instrument, Sample, and Data Collection

Data was collected through an online survey administered to HR professionals to test
the suggested hypotheses. At the beginning of the survey, participants were provided with
a definition of AI-based recruitment decision support systems, as presented in Appendix A,
and they were instructed to consider the survey questions based on this explanation.

Participation in the survey was voluntary, and no personally identifiable information
was collected to ensure confidentiality. To ensure the survey’s validity, all constructs,
definitions, and items were sourced from well-established references. Before sending the
survey to the respondents, a pilot test was conducted with seven recruitment specialists.
These seven specialists reviewed the questionnaire, and their feedback was used to validate
and refine the survey items before distribution. In developing the questionnaire, several
procedural remedies were also applied to mitigate the risk of common method bias [98].
The items were prepared using clear, specific, and neutral language, avoiding ambiguous
or complex phrasing, and were sequenced to ensure a logical flow. In addition, respondents
were assured that their responses would remain confidential and anonymous. The survey
included 76 items measured on a seven-point Likert scale, ranging from “strongly disagree”
to “strongly agree”, and it required approximately 10–12 min to complete. Table 1 contains
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information on the constructs, including their definitions and references, and Appendix B
presents each construct’s measurement items.

Table 1. Construct definitions.

Construct Definition Reference

Behavioral Intention
(BEHINT)

“HR professionals’ motivation or
willingness to exert effort to use
AI-based recruitment systems.”

[8,10–12,24,99]

Attitude (ATTIT)
“HR professionals’ positive or
negative feelings about using
AI-based recruitment systems.”

[8,24,81,100]

Perceived Usefulness
(PERUSE)

“The degree to which HR
professionals believe using
AI-based recruitment systems
would enhance their job
performance.”

[8,10,11,101,102]

Perceived Ease of Use
(PEOUSE)

“The degree to which HR
professionals believe using
AI-based recruitment systems will
be free of effort.”

[8,10,11,101,102]

AI Self-efficacy
(AISELFAF)

“HR professionals’ overall
confidence in their capability to
effectively utilize and engage with
AI-based recruitment systems.”

[11,91,96]

Perception of External
Control (PEXCONT)

“The degree to which HR
professionals believe that
organizational and technical
resources exist to support the use of
the AI-based recruitment systems.”

[11,12]

AI Anxiety (AIANX)

“The extent of fear or discomfort
experienced by HR professionals
when utilizing AI-based
recruitment systems.”

[33,103]

Personal Innovativeness
(PERINNOV)

“The proactive inclination and
readiness of HR professionals to
embrace AI-based recruitment
systems, motivated by their
intrinsic enjoyment of technology
interaction (AI playfulness) and
their eagerness to explore new
technological advancements.”

[10,11,36,73,93,
104–108]

Social Influence (SOCINF)

“The degree to which HR
professionals perceive important
others believe they should use the
new AI-based recruitment
systems.”

[12]
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Table 1. Cont.

Construct Definition Reference

Perceived AI Ability
(PAIABILITY)

“The belief that the AI-based
recruitment systems have the skills
and capabilities to carry out
recruitment tasks effectively and
fairly, as well as to ensure
measurable, observable, and
communicable results and maintain
a high level of performance in
carrying out HR professionals’
tasks.”

[24,49,50,55,85,88]

Privacy & Security
Concern (PSCONS)

“The degree to which HR
professionals are worried about the
safety and integrity of sensitive
data, as well as the likelihood of
privacy violations or misuse of
information, and to the level which
AI-based recruitment systems are
presumed to be insecure for
conducting recruitment tasks.”

[36,73,76,89,94,
109]

System Transparency
(SYSYTRANS)

“The extent to which the AI-based
recruitment systems’ operations,
processes, and decision-making
mechanisms are visible,
understandable, and accountable to
users.”

[24,33,60,88]

Trust
(TRUST)

“The extent to which HR
professionals perceive the AI-based
recruitment systems as dependable,
honest, reliable, and effective in
managing the recruitment process,
such that they rely on the system’s
actions, even without direct control
over its actions.”

[7,24,33,84,86,88,
110,111]

Compatibility (COMPAT)

“The extent to which how
consistent AI-based recruitment
systems are perceived by HR
professionals to be with their job
process requirements, level of
experience, values, and the
organization’s systems they are a
part of, as well as being perceived
as applicable and fitting to their job
responsibilities.”

[7,37,45,48,81–
84,102,112]

AI Aversion (AIAVER)

“The tendency for HR professionals
to overlook decisions made by
AI-based recruitment systems in
favor of their own judgments or
those of their peers, whether
consciously or subconsciously.”

[25–27,113]
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Table 1. Cont.

Construct Definition Reference

Perceived Threat
(PTHREAT)

“The degree to which HR
professionals believe that using AI
technology in recruitment may
pose risks or harm to their
well-being, personal growth, and
professional autonomy.”

[17,19,61,64,65]

Personal Development
Concern (PERDEVCON)

“HR professionals’ apprehensions
about the extent to which the use of
AI might hinder their ability to
learn and grow from their
professional experience.”

[17]

Job Replacement Concern
(JOBREPCON)

“The fear of losing jobs experienced
by HR professionals, due to the
increasing reliance on AI in the
recruitment process.”

[22,69–72,114]

Participants were recruited using a combination of convenience and snowball sam-
pling, an approach well suited to reaching specialized professional populations such
as HR practitioners, who are difficult to access through probability-based sampling
frames. Recruitment began on a professional networking platform (LinkedIn), where
the researchers identified and connected with HR professionals and invited them to
take part. Those who agreed were sent the survey link and, upon completion, were
encouraged to refer other qualified HR professionals, allowing the sample to expand
through referral. As recruitment progressed, the platform’s professional recommen-
dations surfaced additional relevant HR professionals, who were likewise invited to
participate. In parallel, the survey was distributed through the researchers’ social and
professional networks by asking contacts in the HR departments of accessible organiza-
tions to circulate it among their HR staff. The respondents worked in a wide range of
organizations—predominantly private-sector firms across various industries, together
with some public-sector and mixed institutions—located mainly in Turkey, spanning
different sectors, firm sizes, and firm ages, as shown in Table 2.

A total of 242 responses were collected over five months, from August to Decem-
ber 2024. Nine responses that were not from HR professionals were excluded, leaving
233 responses that may be used. The partial least squares structural equation modeling
(PLS-SEM) approach and SmartPLS 4 software (version 4.1.1; SmartPLS GmbH, Monheim
am Rhein, Germany) were used to evaluate the developed model. The PLS-SEM approach is
particularly well suited for research scenarios where the theory is still growing [99,115,116]
and when the research model is large and complex [115,117].

To assess sample size adequacy, established PLS-SEM guidelines were followed, which
highlight the importance of statistical power and the population’s nature [115–118]. While
PLS-SEM accommodates smaller samples, adhering to sampling theory ensures reliable
results [119]. The 10-times rule offers a rough estimate by suggesting a minimum sample
size that is ten times the maximum number of arrowheads pointing to a latent vari-
able. Providing a more refined approach, the inverse square root method recommends
approximately 155 observations for path coefficients between 0.11 and 0.20 to achieve
5% significance [117,120]. In this study, with 233 usable responses, the sample size is
considered sufficient for the use of PLS-SEM. This is further supported by the statistical
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power considerations outlined above and the use of SmartPLS software, which is robust
to smaller sample sizes without compromising statistical accuracy [117]. The sample size,
therefore, exceeds the minimum requirements and ensures the reliability of the results.
Table 3 shows the demographic details of 233 respondent HR professionals.

Table 2. Organizational characteristics of respondents’ firms.

Frequency Percentage

Industry Information Technology 42 18.0%
Energy 29 12.4%
Transportation and
Logistics 21 9.0%

Holding/Conglomerate 16 6.9%
Textile 16 6.9%
Finance 15 6.4%
Food 15 6.4%
Healthcare 13 5.6%
Metal 11 4.7%
Trade (Sales and
Marketing) 11 4.7%

Automotive 10 4.3%
Machinery 8 3.4%
Other 26 11.2%

Number of employees 1–50 25 10.7%
51–250 34 14.6%
251–500 28 12.0%
501–1000 25 10.7%
1001–2500 38 16.3%
2501–5000 16 6.9%
5001+ 67 28.8%

Firm age 5 years or less 22 9.4%
6–10 years 18 7.7%
11–20 years 54 23.2%
21–40 years 62 26.6%
Over 40 years 77 33.0%

Table 3. Basic descriptive statistics of respondents.

Frequency Percentage

Age Under 30 87 37%
30 to 40 104 45%
41 to 50 37 16%
Over 50 5 2%

Gender Female 160 69%
Male 73 31%

Education Bachelor 131 56%
MSc 96 41%
PhD 6 3%
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3.2. Measurement Model Analysis

When evaluating reflective measurement models, the reliability of indicators, internal
consistency, convergent validity, and discriminant validity were evaluated. For this purpose,
firstly, the outer loadings (OLs) of the scale items were examined. All OLs were statistically
significant and ranged from 0.720 to 0.965, exceeding the reference threshold of 0.70 [117],
except for AIANX01, which was excluded from the model due to low OL value. Following
the analysis of the indicator reliabilities, internal consistency was assessed using Cronbach’s
alpha and composite reliability (CR), and convergent validity was assessed using average
variance extracted (AVE). All Cronbach’s alpha and CR values exceeded 0.7, and all AVE
values were above 0.5 [121], confirming the internal consistency reliability and convergent
validity, respectively (see Table 4).

Table 4. Cronbach’s alpha, CR, and AVE values.

Cronbach’s Alpha CR AVE

AIANX 0.939 0.953 0.804
AIAVER 0.902 0.931 0.772

AISELFAF 0.910 0.937 0.789
ATTIT 0.947 0.974 0.949

BEHINT 0.961 0.975 0.928
COMPAT 0.904 0.928 0.721

JOBREPCON 0.869 0.919 0.792
PAIABILITY 0.860 0.905 0.704

PEOUSE 0.920 0.940 0.759
PERDEVCON 0.901 0.931 0.772
PERINNOV 0.936 0.949 0.759

PERUSE 0.962 0.971 0.868
PEXCONT 0.911 0.944 0.849

PSCON 0.875 0.922 0.798
PTHREAT 0.945 0.961 0.859
SOCINF 0.878 0.911 0.674

SYSTTRANS 0.836 0.898 0.749
TRUST 0.873 0.922 0.798

Discriminant validity was evaluated using the Fornell–Larcker criterion and the
heterotrait–monotrait (HTMT) ratio [121,122]. According to the Fornell–Larcker criterion,
the square root of the AVE values of each latent variable exceeded its highest correlation
with other variables (see Table 5), and for HTMT values, the threshold was 0.85 (or 0.90 for
very closely related constructs) [116,117,123]. The calculated HTMT values were all lower
than 0.90, except the ones between ATTIT–BEHINT and ATTIT–PERUSE. Considering these
two HTMT values exceeding the threshold value, the ATTIT03 indicator was excluded
from the model. Following the exclusion of this indicator, the recalculated HTMT values
(presented in Table 6) were all below 0.90, except for the ATTIT–BEHINT pair (0.907). Atti-
tude and behavioral intention are theoretically very closely related constructs; indeed, they
constitute two of the core, well-established constructs of TAM [9] and the TRA [35], where
they are conceptually defined and consistently treated as distinct yet sequentially linked
constructs. For such conceptually proximate constructs, a threshold of 0.90 is considered
appropriate [124], and a value marginally above it does not indicate a lack of discriminant
validity. This is further supported by the Fornell–Larcker criterion, which is satisfied for
all constructs, including ATTIT and BEHINT, whose square-root-of-AVE values (0.974 and
0.963) exceed their inter-construct correlation. Taken together, these results support the
discriminant validity of the measurement model. In addition to assessing reliability and
validity, Harman’s single-factor test was performed to assess common method bias. The
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results showed that a single factor accounted for 38.16% of the variance, which is below
the 50% threshold [98], indicating that common method bias is not a serious concern in
this study.

3.3. Structural Model Analysis

After verifying the measurement models’ validity and reliability, the standard struc-
tural model evaluation criteria (i.e., (i) the collinearity between constructs, (ii) the signif-
icance and relevance of the path coefficients, and (iii) the explanatory power (R2) and
predictive power of the model) apply to the structural part of the developed model. The
collinearity assessment for the structural part of the developed structural equation model
was performed by looking at the variance inflation factor (VIF) values between the latent
variables. The collinearity assessment showed no problem, as all VIF values were below
3, except the one between COMPAT and PERUSE (3.100), all under the threshold value
of 5. On the other side, path coefficients were evaluated based on their magnitude, sign,
and significance levels (p < 0.05) [123]. A bootstrapping procedure was applied, generating
5000 random subsamples with a sample size equal to the original data (n = 233) to determine
statistical significance. Figure 2 shows the statistically significant relationship coefficients
(p < 0.05). The results indicate that, except for H3, all hypotheses were significant at
p < 0.05 level (some at p < 0.001, some at p < 0.01). When H3 is considered, perceived ease
of use was not found to have a significant impact on attitude. Table 7 displays the results of
the analysis.

The model’s explanatory power was assessed by the R2 coefficient, which indicates the
explained variance of the endogenous latent variables [116,117,123]. The R2 values range
from 0 to 1, with higher levels indicating higher levels of explanatory power; above 0.75 is
substantial, between 0.50 and 0.75 is moderate, and between 0.25 and 0.50 is considered
weak [123]. In Figure 2, the numbers in the latent variable circles indicate these R2 values.
Additionally, adjusted R2 values, which account for the number of predictors and sample
size, were calculated (see Table 8) to provide a more accurate evaluation of the model’s
explanatory power [117]. The results given in Table 8 demonstrate that the model exhibits
substantial explanatory power for key constructs such as behavioral intention (0.761),
attitude (0.735), and trust (0.690), while providing moderate to weak explanatory power
for others.

Lastly, the PLSPredict procedure in SmartPLS was used to assess the model’s predictive
power (see Table 9). All Q2

predict values were positive, suggesting that the model outperforms
the linear regression model (LRM) benchmark. Furthermore, the model’s high predictive
power was confirmed by the root mean square errors (RMSEs) being lower than or equal to
that of the LRM benchmark.
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Table 5. Fornell–Larcker criterion analysis.

Variables AIAN
X

AIA
VER

AISELF
AF

AT
TIT

BE
HINT

COM
PAT

JOBREP
CON

PAIABIL
ITY

PE
OUSE

PERDE
VCON

PERIN
NOV

PE
RUSE

PEX
CONT

PSCO
N

PTHRE
AT

SO
CINF

SYSTTRA
NS

TRUS
T

AIANX 0.896
AIAVER 0.329 0.878

AISELFAF −0.277 −0.102 0.888
ATTIT −0.338 −0.474 0.333 0.974

BEHINT −0.353 −0.438 0.393 0.865 0.963
COMPAT −0.386 −0.361 0.325 0.688 0.677 0.849
JOBREP

CON 0.652 0.308 −0.137 −0.204 −0.227 −0.243 0.890

PAIABIL
ITY −0.226 −0.289 0.228 0.553 0.539 0.629 −0.056 0.839

PEOUSE −0.408 −0.237 0.474 0.640 0.639 0.564 −0.210 0.480 0.871
PERDE
VCON 0.718 0.365 −0.205 −0.307 −0.310 −0.348 0.778 −0.133 −0.275 0.879

PERINNOV −0.506 −0.351 0.532 0.542 0.528 0.560 −0.300 0.437 0.598 −0.403 0.871
PERUSE −0.374 −0.462 0.419 0.845 0.864 0.693 −0.225 0.588 0.679 −0.336 0.611 0.932

PEXCONT −0.148 0.011 0.304 0.285 0.244 0.591 −0.134 0.314 0.324 −0.162 0.243 0.308 0.921
PSCON 0.558 0.282 −0.206 −0.351 −0.333 −0.435 0.419 −0.279 −0.331 0.541 −0.321 −0.323 −0.275 0.893

PTHREAT 0.629 0.436 −0.146 −0.243 −0.262 −0.299 0.687 −0.052 −0.216 0.751 −0.351 −0.275 −0.072 0.412 0.927
SOCINF −0.287 −0.357 0.316 0.650 0.653 0.774 −0.162 0.522 0.557 −0.262 0.508 0.660 0.497 −0.338 −0.214 0.821

SYSTTRAN
S −0.398 −0.321 0.456 0.536 0.477 0.588 −0.272 0.490 0.514 −0.295 0.598 0.544 0.287 −0.331 −0.298 0.524 0.865

TRUST −0.282 −0.361 0.291 0.631 0.617 0.731 −0.145 0.787 0.542 −0.225 0.505 0.654 0.304 −0.392 −0.190 0.658 0.596 0.893

Table 6. HTMT values.

Variables AIAN
X

AIA
VER

AISELF
AF

AT
TIT

BE
HINT

COM
PAT

JOBREP
CON

PAIABIL
ITY

PE
OUSE

PERDE
VCON

PERIN
NOV

PE
RUSE

PEX
CONT

PSCO
N

PTHRE
AT

SO
CINF

SYSTTRA
NS

TRUS
T

AIANX
AIAVER 0.348

AISELFAF 0.301 0.111
ATTIT 0.355 0.504 0.358

BEHINT 0.367 0.462 0.420 0.907
COMPAT 0.411 0.380 0.359 0.730 0.713
JOBREP

CON 0.714 0.350 0.151 0.229 0.253 0.282

PAIABIL
ITY 0.253 0.316 0.259 0.606 0.590 0.693 0.090

PEOUSE 0.439 0.246 0.517 0.680 0.676 0.605 0.236 0.528
PERDE
VCON 0.777 0.399 0.226 0.334 0.335 0.383 0.873 0.159 0.303
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Table 6. Cont.

Variables AIAN
X

AIA
VER

AISELF
AF

AT
TIT

BE
HINT

COM
PAT

JOBREP
CON

PAIABIL
ITY

PE
OUSE

PERDE
VCON

PERIN
NOV

PE
RUSE

PEX
CONT

PSCO
N

PTHRE
AT

SO
CINF

SYSTTRA
NS

TRUS
T

PERINNOV 0.533 0.378 0.566 0.571 0.552 0.598 0.323 0.489 0.644 0.431
PERUSE 0.391 0.488 0.448 0.885 0.898 0.728 0.249 0.645 0.716 0.364 0.638

PEXCONT 0.161 0.076 0.336 0.306 0.260 0.667 0.155 0.359 0.350 0.178 0.259 0.329
PSCON 0.588 0.301 0.224 0.366 0.348 0.476 0.474 0.295 0.352 0.595 0.332 0.333 0.304

PTHREAT 0.666 0.462 0.157 0.256 0.274 0.318 0.752 0.066 0.231 0.812 0.369 0.288 0.077 0.444
SOCINF 0.310 0.389 0.353 0.709 0.707 0.868 0.199 0.591 0.613 0.292 0.553 0.712 0.567 0.373 0.233

SYSTTRAN
S 0.464 0.340 0.550 0.587 0.518 0.651 0.333 0.530 0.586 0.344 0.686 0.590 0.319 0.352 0.335 0.581

TRUST 0.309 0.397 0.324 0.689 0.667 0.808 0.176 0.891 0.595 0.259 0.555 0.708 0.341 0.432 0.209 0.745 0.658
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Figure 2. Structural model coefficients and statistical significance values.

Based on the above-detailed assessments, Table 7 summarizes the results of the hy-
potheses examined in the study.

Table 7. Standardized path coefficients.

Hypotheses Path Coefficients Result

H1: Attitude positively influences the
behavioral intention to use AI-based
recruitment systems.

0.763 *** Supported

H2: Perceived usefulness positively influences
attitude toward AI-based recruitment
systems.

0.645 *** Supported

H3: Perceived ease of use positively
influences attitude toward AI-based
recruitment systems.

0.118 Not Supported

H4: AI aversion negatively affects attitudes
toward AI-based recruitment systems. −0.110 ** Supported
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Table 7. Cont.

Hypotheses Path Coefficients Result

H5: Trust negatively affects AI aversion
toward AI-based recruitment systems. −0.289 *** Supported

H6: Perceived threat positively influences AI
Aversion toward AI-based recruitment
systems.

0.382 *** Supported

H7: Job replacement concern positively affects
perceived threat from AI-based
recruitment systems.

0.260 ** Supported

H8: Personal development concern positively
affects perceived threat from AI-based
recruitment systems.

0.549 *** Supported

H9: Perceived ease of use positively affects the
perceived usefulness of AI-based
recruitment systems.

0.359 *** Supported

H10: Compatibility positively affects the
perceived usefulness of AI-based
recruitment systems.

0.242 * Supported

H11: Perceived AI ability positively affects the
perceived usefulness of AI-based
recruitment systems.

0.166 * Supported

H12: Trust positively affects attitudes toward
AI-based recruitment systems. 0.105 * Supported

H13: Perceived AI ability positively affects
trust in AI-based recruitment systems. 0.631 *** Supported

H14: Privacy and security concerns negatively
affect trust in AI-based recruitment
systems.

−0.136 ** Supported

H15: System transparency positively affects
trust in AI-based recruitment systems. 0.242 *** Supported

H16: System transparency positively affects the
perceived ability of AI-based recruitment
systems.

0.490 *** Supported

H17: AI self-efficacy positively affects the
perceived ease of use of AI-based
recruitment systems.

0.340 *** Supported
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Table 7. Cont.

Hypotheses Path Coefficients Result

H18: Perception of external control positively
affects the perceived ease of use of
AI-based recruitment systems.

0.178 ** Supported

H19: AI anxiety negatively affects the
perceived ease of use of AI-based
recruitment systems.

−0.287 *** Supported

H20: Personal innovativeness positively affects
AI self-efficacy. 0.532 *** Supported

H21: Social influence positively affects the
behavioral intention to use AI-based
recruitment systems.

0.158 *** Supported

H22: Social influence positively affects the
perceived usefulness of AI-based
recruitment

0.186 * Supported

*** p < 0.001, ** p < 0.01, * p < 0.05.

Table 8. R2 values.

R2 R2 Adjusted Consideration

AI Aversion (AIAVER) 0.271 0.265 Weak
AI Self-efficacy (AISELFAF) 0.283 0.279 Weak

Attitude (ATTIT) 0.739 0.735 Moderate
Behavioral Intention (BEHINT) 0.763 0.761 Substantial

Perceived AI Ability (PAIABILITY) 0.240 0.236 Weak
Perceived Ease of Use (PEOUSE) 0.336 0.327 Weak
Perceived Usefulness (PERUSE) 0.632 0.626 Moderate

Perceived Threat (PTHREAT) 0.590 0.586 Moderate
Trust (TRUST) 0.694 0.690 Moderate

Table 9. PLSPredict results.

Q2
predict

PLS-SEM
RMSE

LRM
RMSE

BEHINT01 0.39 1.08 1.08
BEHINT02 0.39 1.10 1.14
BEHINT03 0.45 1.06 1.11

4. Findings and Discussion
This section presents and discusses the results of the structural model. Rather than

treating each relationship in isolation, the findings are interpreted through a socio-technical
lens. The discussion first considers how HR professionals evaluate the system as a working
tool, then turns to their emotional and individual responses to it, and finally to the social
and cultural context in which adoption takes place, before bringing these threads together
into an integrated account of how the two subsystems jointly shape adoption.
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4.1. Socio-Technical Theory Perspective

Beyond the confirmation of the individual hypotheses, an interpretation of the findings
through a socio-technical lens provides additional value. In this perspective, AI-based
recruitment systems’ adoption does not result from a single factor. Instead, it emerges
from the continuous interaction between a technical and a social subsystem. The technical
subsystem reflects how HR professionals evaluate the AI system as a working tool, and it
includes perceived usefulness, perceived ease of use, compatibility, perceived AI ability,
and system transparency. On the other hand, the social subsystem reflects the emotional
and social conditions of the potential users, and is captured by AI aversion, perceived
threat, trust, AI anxiety, AI self-efficacy, personal innovativeness, and social influence. The
final adoption decision is shaped by the interplay of these two subsystems. This integration
is realized through attitude and behavioral intention. Therefore, the following results
demonstrate a synergistic process rather than isolated individual effects. The technical
subsystem determines whether the system is perceived as capable and useful, whereas the
social subsystem establishes the HR professionals’ willingness to accept it.

4.2. Attitude, Intention, and the Instrumental (Technical) Subsystem

The results of this study highlight the critical role of attitude in determining behavioral
intention to use AI-based recruitment systems, as outlined in the TAM [8,10] and its
foundation, the TRA [35]. Attitude significantly influences behavioral intention (β = 0.763,
p < 0.01), supporting H1 and emphasizing the need for organizations to foster positive
perceptions toward AI-based systems to enhance their adoption. This finding aligns
with prior research [8,44,46,47] that positions attitude as a key mediator between belief
factors and intention. Moreover, perceived usefulness emerged as a strong predictor of
attitude (β = 0.645, p < 0.01), supporting H2 and confirming that belief in the performance-
enhancing capabilities of a system significantly shapes attitudes [46,47,125]. These results
underscore the importance of demonstrating tangible benefits, such as improved efficiency
and objectivity, to drive the acceptance of AI-based systems.

Interestingly, the relationship between perceived ease of use and attitude was not
significant (not in support of H3). This suggests that HR professionals consider the effec-
tiveness of AI-based systems more than their usability in determining adoption potential,
which differs from previous findings [8,9]. However, perceived ease of use influences
perceived usefulness (β = 0.359, p < 0.01), which in turn affects attitude. This result aligns
with TAM and TAM2 models [8–10], indicating that a design that is easy to use enhances
perceived usefulness, although it does not affect attitude. Moreover, compatibility with task
requirements and job relevance also enhance perceived usefulness [48,76], as highlighted
in the Task–Technology Fit model [75]. These results imply that perceived ease of use may
not directly affect attitudes but that its role in enhancing the perceived usefulness of AI-
based systems can indirectly foster positive attitudes toward these systems. Consequently,
training, awareness creation, and demonstrating the clear value of AI-based recruitment
systems may be significant instruments for organizations to demonstrate AI-based tools as
not only effective and efficient but also easy to use and compatible with job tasks.

Cognitive and rational evaluations alone are insufficient to predict acceptance, but,
at the same time, the findings of this study also confirm the significant role of this type of
decision-making mechanism on the evaluation of the usefulness of AI-based recruitment
systems. Specifically, the results indicate that compatibility (β = 0.242, p < 0.05) and
perceived AI ability (β = 0.166, p < 0.05) both positively impact perceived usefulness,
thereby supporting hypotheses H10 and H11, respectively. These results suggest that when
AI-based recruitment systems are designed to align with organizational processes, together
with HR professionals’ specific needs and experiences, and have advanced capabilities
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such as efficient task execution and decision making, they are considered to be useful,
and consistent with the Task–Technology Fit model [75] and Diffusion of Innovation
Theory [80], both of which emphasize the importance of compatibility in the adoption of
technology. Users are more inclined to integrate technologies consistent with their previous
experiences and organizational settings into their everyday routines, which increases the
perceived usefulness of those systems. Studies on perceived AI ability [49,85] highlight that
users’ perceptions of AI-based systems’ cognitive and functional capabilities significantly
influence their judgment regarding the relevant system’s usefulness.

Compatibility ensures that the system is contextually relevant and easy to integrate into
current HR practices, while perceived AI ability ensures that the system effectively performs
tasks and makes accurate decisions. For instance, an AI-based recruitment system that not
only supports organizational goals but also demonstrates advanced ability in candidate
screening or decision making is likely to increase productivity and save HR professionals’
time, which would raise the system’s perceived usefulness [48,84]. Such a combined
perspective underscores the synergistic role of compatibility and perceived AI ability in
shaping HR professionals’ perceptions of AI-based recruitment systems. Besides that, the
results also emphasize how crucial it is to balance technical sophistication with contextual
alignment when creating systems. Developing solutions that suit the requirements of
particular HR roles and can demonstrate cutting-edge AI abilities should be the top priority
for developers. HR professionals are more likely to adopt such systems as they are both
easy to integrate and effective.

4.3. Emotional Responses: AI Aversion, Perceived Threat, and Trust

The critical role of emotional mechanisms, such as AI aversion, in shaping attitudes
toward AI-based recruitment systems is also supported, according to the results of this
study. In favor of H4, AI aversion significantly and negatively affects attitudes (β = −0.110,
p < 0.01). This result underscores that cognitive and rational evaluation alone is insufficient
to predict acceptance; emotional biases like distrust, discomfort, and skepticism toward
AI-based systems substantially influence attitudes, as posited in prior studies [25,26,51,55].
These findings conform to DAT [56], which highlights the influence of integral emotions and
anticipated regret on decision making. Therefore, organizations must be concerned with
emotional resistance to generate positive attitudes toward AI-based systems, for instance,
by directly expressing the benefits of these systems, demonstrating their reliability, and
highlighting successful applications to reduce aversion. In this regard, trust considerably
reduces AI aversion (β = −0.289, p < 0.01), thereby supporting H5. This result is consistent
with previous research emphasizing trust as a critical factor in overcoming emotional biases
and fostering acceptance of AI technologies [54,60]. HR professionals will be more likely
to evaluate these systems objectively if they perceive them as reliable, fair, and effective,
which in turn reduces emotional rejection.

On the other side, perceived threat was found to significantly increase AI aversion
(β = 0.382, p < 0.01), supporting H6. This result supports the claim that perceived
risks increase emotional resistance to one’s well-being, job security, or professional
autonomy [19,65]. The higher sensitivity to potential losses (e.g., diminished authority
or errors) compared to possible gains explains why HR professionals would be hesitant to
adopt AI-based systems. Addressing perceived threats entails personalized interventions that
address concerns, such as emphasizing human engagement in AI activities and reasserting
the complementary role of AI to enhance, rather than replace, professional capabilities.

The result that the job replacement concern increases perceived threat (β = 0.260,
p < 0.01) supports H7 and is consistent with prior research suggesting that fear of job
displacement leads to resistance to AI technologies [67,71]. The current study supports
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the findings of Ore and Sposato [22], who found that HR professionals are skeptical about
adopting AI, despite acknowledging its potential benefits. Organizations can address the
fear of job replacement by stressing the enhancement of human roles rather than their
replacement and by clearly communicating the changing nature of HR jobs as AI is adopted.

On the other hand, personal development concern also significantly increases per-
ceived threat (β = 0.549, p < 0.01), supporting H8. HR professionals are concerned that
reliance on AI-based systems could hinder their ability to grow professionally and de-
velop decision-making skills, which is consistent with the findings of Cao et al. [17]. This
concern increases the sense of threat. As mentioned above, organizations should enable
employees to upskill and integrate AI competencies into their professional development
plans and demonstrate that AI adoption supports their personal development to overcome
this challenge.

Trust, which reflects HR professionals’ perceptions of the relevant system’s reliability,
fairness, and transparency, emerged as a significant predictor of positive attitudes toward
AI-based recruitment systems (β = 0.105, p < 0.05), supporting H12. This finding is similar
to that of Balakrishnan et al. [50] and Wanner et al. [24]. As Shin and Park [60] noted, trust
is essential to establish willingness to adopt AI-based systems, particularly in sensitive
areas like recruitment, where fairness and ethical considerations are crucial. In this con-
text, perceived AI ability significantly and substantially affects trust (β = 0.631, p < 0.01),
supporting H13. This finding supports Lee and See [86] and Choung et al. [49]’s argument
that individuals will more easily trust systems that they perceive to be competent and
capable of performing job-related tasks effectively. Therefore, demonstrating the capability
of AI-based systems in recruitment will increase the users’ trust and confidence in the
system’s functionality.

Likewise, system transparency was found to positively affect both trust (β = 0.242,
p < 0.01) and perceived AI ability (β = 0.490, p < 0.01), supporting H15 and H16, respectively.
Similarly, the studies Höddinghaus et al. [88], Shin and Park [60], and Wanner et al. [24]
emphasized that clear, explainable, and understandable decision-making processes foster
users’ trust and confidence in AI-based systems. Transparent systems that demonstrate
how decisions are made (e.g., criteria for candidate selection) reinforce perceptions of
fairness and competence. On the other side, privacy and security concerns negatively affect
trust (β = −0.136, p < 0.01), which supports H14 and is consistent with the literature [76,89].
However, this effect is less than the perceived AI ability’s effect. HR professionals value
systems that ensure privacy protection and secure data processing. Negative perceptions
can be reduced, and trust in AI-based recruitment systems can be enhanced by mitigating
these concerns through robust security measures and clear data use policies. In building
trust, organizations can commit to making AI-based recruitment tools transparent, capable,
and fair and ensuring adequate training and support to alleviate fears of unpredictability
or loss of control.

These findings also highlight the ethical dimension of AI-supported decision making.
This dimension underlies many reservations expressed by HR professionals. The adoption
of AI in recruitment faces clear difficulties. For instance, the opacity of algorithms and
the potential for bias draw ethical criticism [33]. These concerns create an “application
gap” [33]. Technologically competent AI systems are often not fully integrated into recruit-
ing processes due to potential adverse effects. Furthermore, there is a “knowledge gap”
between AI decision makers and candidates. This gap negatively affects the trust and un-
derstanding that applicants place in AI-generated outcomes [34]. The results highlight the
significance of these issues by showing that ethical concerns operate largely through trust.
System transparency directly strengthens trust, aligning closely with the ethical principles
of explainability and accountability. When HR professionals comprehend the system’s
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decision-making process, they can better evaluate its fairness, consequently increasing their
willingness to rely on the technology. Conversely, privacy and security concerns reduce
trust. These concerns are critical ethical issues in their own right, reflecting apprehensions
about how candidate data are handled. Trust, in turn, plays a dual role in the model.
It reduces AI aversion and directly strengthens positive attitudes. Therefore, address-
ing these ethical concerns is not a peripheral issue, but, rather, a central mechanism for
facilitating adoption.

This also suggests that the appropriate role of AI strictly varies with the nature of
the decision. For structured, high-volume tasks like initial CV screening, AI meaning-
fully improves efficiency and consistency. However, final candidate selection involves
sensitive, judgment-intensive decisions. In these specific cases, a “human-in-the-loop”
configuration is much more appropriate. In this setup, AI informs human judgment rather
than replacing it. This approach successfully preserves accountability and addresses the
ethical reservations revealed in the findings. Therefore, framing AI as an augmenting tool is
crucial. It serves as both an ethical safeguard and a practical strategy to strengthen trust and
reduce aversion.

4.4. Individual Readiness: Self-Efficacy, Anxiety, and Personal Innovativeness

Additionally, the study’s findings underscore anchoring factors (i.e., AI self-efficacy,
perception of external control, and AI anxiety) and personal innovativeness’ importance in
shaping HR professionals’ perceptions of AI-based recruitment systems. As proposed by the
TAM3 model [11], these anchoring factors influence initial beliefs about a system’s perceived
ease of use. The analysis confirmed that AI self-efficacy (β = 0.340, p < 0.01), and perception
of external control (β = 0.178, p < 0.01) have a significant positive effect on perceived ease
of use, while AI anxiety (β = 0.287, p < 0.01) negatively affects it, supporting H17, H18,
and H19, respectively. As AI self-efficacy has been identified as a significant enabler of
perceived ease of use, this finding is in line with past research [90,91], emphasizing the
reality that HR professionals who are confident in using AI-based technologies view such
systems as less challenging and more intuitive. Besides that, the positive effect of personal
innovativeness on AI self-efficacy also has been confirmed (β = 0.532, p < 0.01), supporting
H20. This finding aligns with recent studies by Balcerak and Wozniak [94] and Chen [36],
which found that individuals who are intrinsically motivated and proactive in exploring
new technologies are more likely to have confidence in using AI-based systems. Personal
innovativeness can be fostered within organizations by taking forward-looking actions
like creating an innovation-driven culture, offering opportunities for experimentation with
new technologies, and rewarding employees for taking the initiative in using AI-based
solutions to achieve greater engagement and adaptability. Organizations may promote
AI self-efficacy by providing interactive sessions, real-world applications, individualized
skill-based training, and user-friendly system interfaces. Organizations should establish
strategies that include designing hands-on learning opportunities, where employees can
interact with AI tools, to build familiarity and confidence in AI technologies to manage
AI anxiety. Reskilling and upskilling opportunities may be utilized to both decrease AI
anxiety and increase AI self-efficacy.

4.5. Social Influence and Corporate Culture

Finally, it was also found that social influence positively affects the intention to use
AI-based systems (β = 0.186, p < 0.05) and the perceived usefulness of AI-based systems
(β = 0.158, p < 0.01), confirming H21 and H22, respectively. This finding demonstrates the
role played by social influence in shaping HR professionals’ attitudes and intentions to
utilize AI-based recruitment systems, in alignment with UTAUT, TAM2, and TAM3 theories.
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These results are also consistent with previous research [28,50,79,95–97], which support
the idea that the views and expectations of peers, supervisors, and broader professional
networks significantly influence individual attitudes toward new technologies. Social
factors often shape the way that HR professionals view AI-based recruitment systems.
When professionals hear from their peers that these systems are helpful and valuable,
they become more inclined to try them. Given the strong impact of social factors on
behavioral intention, HR professionals are more likely to adopt AI-based recruitment
systems if they think that doing so will improve their status within the organization or if
their professional networks find these systems useful. The insights they gather from their
network significantly affects their acceptance and use of new technologies in hiring.

The value of leveraging social norms and peer support should not be underestimated
to promote acceptance. For instance, organizations can engage respected HR leaders as
champions of AI adoption or provide opportunities for mutual learning and discussion of
AI benefits within professional networks.

Taken together, these findings highlight the critical role of corporate culture. It serves
as the primary organizational context for AI adoption. The study’s results show significant
effects of social influence on both perceived usefulness and behavioral intention. Addi-
tionally, personal innovativeness positively influences AI self-efficacy. These relationships
indicate that adoption is not based solely on individual appraisals. Instead, it is heavily
shaped by the organization’s shared norms, values, and expectations. Prior work on infor-
mation technology culture supports this view. The fit between a new technology and an
organization’s prevailing values strongly dictates how that technology is received [42]. In
this light, an innovation-oriented culture plays a highly protective role. An environment
that encourages experimentation and frames AI as an opportunity for growth naturally
strengthens user self-efficacy. Consequently, it mitigates perceived threat and AI aversion,
which are identified as central barriers. Conversely, a risk-averse or control-oriented culture
amplifies these reservations. Such environments reinforce employee resistance, even when
the technical subsystem functions perfectly. Therefore, AI adoption is never a culturally
neutral event. Introducing a non-human decision-making agent directly challenges es-
tablished norms about hiring practices and accountability. As a result, AI adoption both
depends on and actively reshapes the organization’s culture. Therefore, building a sup-
portive culture is not merely a complement to technical integration. It is a necessity for
successful AI recruitment adoption.

4.6. Synthesis: How the Subsystems Jointly Shape Adoption

Synthesizing these results reveals an underlying pattern that individual relationships
alone fail to fully explain. The strongest paths in the model cluster around two main themes.
The first is the instrumental appraisal of the system. Here, perceived usefulness serves as
the dominant driver of attitude, supported by compatibility, perceived AI ability, and ease
of use. The second theme is the emotional–evaluative response, which contains the threat-
aversion chain on one side and the trust-building chain on the other. This indicates that the
adoption decision for HR professionals depends heavily on whether the system is perceived
as both useful and non-threatening, rather than just whether the technology functions.
Notably, the technical and social subsystems are highly interdependent. Perceived AI
ability and system transparency build trust, which then suppresses aversion. In contrast,
perceived threat amplifies aversion, driven by concrete concerns about job replacement and
personal development. Therefore, adoption emerges from a careful balance. The technical
subsystem must demonstrate capability, while the social subsystem must be reassured. This
integrated view directly answers the study’s research questions. Perceived threat is driven
by personal development and job replacement concerns. Trust is shaped by perceived
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AI ability, system transparency, and privacy concerns, and it subsequently strengthens
attitudes. Crucially, AI aversion operates as the central emotional mechanism affecting HR
professionals’ attitudes. Within this path, perceived threat increases AI aversion, while
trust actively reduces it. Practically, interventions targeting only one subsystem are unlikely
to succeed. Improving technology without addressing emotional resistance, or vice versa,
will fail. Effective adoption strategies must act on both subsystems simultaneously.

5. Conclusions
This study investigates how HR professionals form their attitudes and behavioral

intentions toward AI-based recruitment systems. Specifically, it examines what drives
perceived threat and how trust is shaped. It also analyzes how AI aversion mediates the
effects of both trust and perceived threat. To address these questions, an Integrative AI
Adoption Framework was developed and empirically tested. The findings provide clear
answers to these objectives. First, perceived threat is driven mainly by job-replacement
and personal-development concerns. Second, trust is shaped by perceived AI ability,
system transparency, and privacy concerns. Trust then plays a dual role by reducing AI
aversion and strengthening positive attitudes. Finally, AI aversion serves as the central
emotional mechanism linking these responses to attitudes. Based on these results, the
following sections discuss the theoretical and practical implications of the study, as well as
its limitations.

5.1. Theoretical Implications

This research contributes to the growing body of literature on AI adoption in HR
by developing an empirically validated structural equation model that integrates belief–
attitude–intention frameworks with unique AI-related constructs. The study’s findings
show that attitude plays an important role in shaping behavioral intention, which confirms
its place in technology adoption models. The fact that perceived usefulness has been
proven to be an effective driver of attitude is specifically interesting as it indicates that HR
professionals appreciate AI-based systems delivering clear performance benefits. Although
perceived ease of use positively affects perceived usefulness, it does not directly affect
attitude. This suggests that the functional utility of these systems will be more influential
than ease of use in adoption decisions.

From an emotional perspective, the study underlines psychological factors that facili-
tate and hinder the adoption of AI-based systems. In this regard, AI aversion has a negative
impact on attitudes, while trust has a twofold effect of negatively influencing aversion and
positively influencing attitudes. Additionally, perceived threat significantly increases AI
aversion, which is driven by concerns over job replacement and personal development.
These findings highlight the significance of addressing HR professionals’ concerns and
building trust through system transparency, robust privacy and security measures, and
clear communication of AI capabilities.

The findings on rational evaluation mechanisms give importance to the role of techno-
logical factors. Perceived AI ability, compatibility, and system transparency are found to
be important predictors of perceived usefulness and trust. This emphasizes how crucial it
is to align AI technologies with current HR practices and ensure their transparency and
reliability. Furthermore, perceived ease of use is positively influenced by the perception of
external control and AI self-efficacy, which is positively affected by personal innovativeness,
indicating that HR professionals’ willingness to adopt new technologies and confidence in
their ability to use AI tools are important adoption facilitators.

The study also shows that social influence considerably impacts behavioral inten-
tions and perceived usefulness, confirming the importance of social factors in technology
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adoption. These findings underscore how organizational culture and peer influence shape
attitudes and perceptions and enable the adoption of AI-based HR tools. More broadly,
by jointly modeling the technical and social subsystems within a single framework, the
study demonstrates the value of a socio-technical perspective for explaining AI adoption,
showing that neither technical capability nor social acceptance alone is sufficient to account
for adoption decisions.

5.2. Practical Implications

For practitioners, the findings emphasize the need to design AI-based systems that
are transparent, compatible, and easy to use while addressing trust and psychological
concerns. Organizations also need to supply a supportive environment that fosters in-
novation, increases self-efficacy, and decreases job security and personal development
concerns. Because adoption depends on both subsystems, technical investment in capable
and transparent systems should be accompanied by measures that build trust, reduce aver-
sion, and address the ethical concerns surrounding fairness and data privacy. AI should be
positioned as a tool that empowers, rather than replaces, HR professionals. This strategy
can be supported by reskilling opportunities and peer advocacy. Together, these actions
further reduce perceived threat and encourage acceptance.

5.3. Limitations and Future Directions

While this study contributes significantly to understanding the adoption of AI-based
recruitment systems and offers valuable insights, it is not without limitations. First, the
study is based primarily on self-reported data that may be susceptible to common method
bias. In future studies, self-reported measures could be complemented by objective mea-
sures of system use or by experiments. Second, the sample consists of HR professionals,
which, while being suitable for the research concern, might constrain the generalizability of
findings to other groups of professionals or industries. Third, the study evaluates percep-
tions and attitudes at a specific moment in time and is cross-sectional. The dynamics of
how attitudes and behavioral intentions evolve when AI-based systems are implemented
and used over time may be better understood through longitudinal study. Finally, the
current study considers AI-based recruitment systems; future research could study other
HR functions to which AI is increasingly being applied, such as performance management
or staff engagement.

Future research could extend this study by exploring the long-term impact of AI adop-
tion on HR practices and employee outcomes and examining these factors across different
organizational and cultural contexts. In addition, the dynamic relationship between the
evolving capabilities of AI and HR professionals’ perceptions needs to be further explored.
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Appendix A
The considered AI-based recruitment decision support system in this study (i) ana-

lyzes the resumes of potential candidates by scanning various online career management
platforms and performs a prescreening by identifying suitable candidates for the vacant
position according to the position requirements; (ii) candidates deemed suitable in the
preselection process are invited to a virtual video interview; (iii) AI-based chatbots and
video conferencing technology are used for interviews with candidates who accept the
invitation; (iv) the answers given by the candidates during the offline video interview are
converted into structured textual data with speech recognition algorithms and natural
language processing techniques, and these data are compared with the reference texts to be
used in the scoring of the interviews with the help of semantic classification algorithms;
(v) system evaluates candidates’ answers to the interview questions as well as their tone
of voice, body language, facial expressions and gestures, etc. during the interview; (vi) by
evaluating the behavioral competencies, personality traits, etc. determined for the vacant
position, the degree of compatibility of the candidates with the position is determined
and the candidates are ranked according to their suitability for the relevant position; and
(vii) candidates are invited for an online/face-to-face interview by integrating the calculated
degree of compatibility obtained through machine evaluation and expert evaluations.

Appendix B

Table A1. Measurement items.

Construct Items

Behavioral Intention
(BEHINT)

BEHINT01. Assuming I had access to the AI-based recruitment system, I intend to use it.
BEHINT02. Given that I had access to the AI-based recruitment system, I predict that I
would use it.
BEHINT03. If the AI-based recruitment system was available to me, I would plan to use
this system in the future.

Attitude (ATTIT)
ATTIT01. Using the AI-based recruitment system is a good idea.
ATTIT02. Using the AI-based recruitment system is a wise idea.
ATTIT03. I like the idea of using AI-based recruitment system.

Perceived Usefulness
(PERUSE)

PERUSE01. Using the AI-based recruitment system would improve my performance in my
job.
PERUSE02. Using the AI-based recruitment system in my job would increases my
productivity.
PERUSE03. Using the AI-based recruitment system would enhance my effectiveness in my
job.
PERUSE04. I find the AI-based recruitment system to be useful in my job.
PERUSE05. Using the AI-based recruitment system would make it easier to do my work.

Perceived Ease of Use
(PEOUSE)

PEOUSE01. Learning to use the AI-based recruitment system would be easy for me.
PEOUSE02. I would find it easy to get the AI-based recruitment system to do what I want
it to do.
PEOUSE03. My interaction with the AI-based system is clear and understandable.
PEOUSE04. It would be easy for me to become skillful at using the AI-based recruitment
system.
PEOUSE05. I would find the AI-based recruitment system to be easy to use.
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Table A1. Cont.

Construct Items

AI Self-efficacy
(AISELFAF)

AISELFAF01. I have knowledge about AI-based recruitment systems.
AISELFAF02. I have relevant skills to use AI-based recruitment systems in my work.
AISELFAF03. I have skills to interpret the AI-based recruitment system outputs
AISELFAF04. I have skills to prepare inputs for AI-based recruitment systems

Perception of External
Control (PEXCONT)

PEXCONT01. I believe that the organizational resources are readily available to support
the implementation and utilization of the AI-based recruitment system.
PEXCONT02. I believe that technical support structures are in place to assist me in
effectively using the AI-based recruitment system.
PEXCONT03. I believe that the organization would provide adequate training and
guidance to me for the successful adoption of the AI-based recruitment system.

AI Anxiety (AIANX)

AIANX01. I am not confident I can learn the skills related to the AI-based recruitment
system.
AIANX02. I feel apprehensive about using the AI-based recruitment system.
AIANX03. I have avoided the AI-based recruitment system because it is unfamiliar to me.
AIANX04. I hesitate to use AI-based recruitment system for fear of making mistakes I
cannot correct.
AIANX05. Working with an AI-based recruitment system makes me nervous.
AIANX06. AI-based recruitment systems make me feel uncomfortable.

Personal Innovativeness
(PERINNOV)

PERINNOV01. If I hear about new AI based systems or tools, I look for ways to try it out.
PERINNOV02. Among my peers, I am usually the first to explore new AI based systems or
tools.
PERINNOV03. In general, I like to experiment with new AI based systems or tools.
PERINNOV04. In general, I am not hesitant to try out new AI based systems or tools.
PERINNOV05. In general, I find new AI based systems or tools playful.
PERINNOV06. In general, I find new AI based systems or tools creative.

Social Influence
(SOCINF)

SOCINF01. My colleagues or peers would think that I should use the AI-based recruitment
system.
SOCINF02. My leaders or superiors would think that I should use the AI-based
recruitment system.
SOCINF03. People in my organization who use the AI-based recruitment system would
have more prestige than those who do not.
SOCINF04. People in my organization who use the AI-based recruitment system would
have a high profile.
SOCINF05. Using the AI-based recruitment system would be a status symbol in my
organization.
SOCINF06. In general, my organization would support the use of the AI-based recruitment
system.

Perceived AI Ability
(PAIABILITY)

PAIABILITY01. I believe that the AI-based recruitment system would have the skills and
capabilities needed to effectively execute recruitment tasks.
PAIABILITY02. I believe that the AI-based recruitment system would have the necessary
features to handle various recruitment challenges and scenarios.
PAIABILITY03. I believe that the procedures used by the AI-based recruitment system
would be fair.
PAIABILITY04. I believe that the decision made by the AI-based recruitment system would
have high accuracy.
PAIABILITY05. I believe that the AI-based recruitment system performs recruitment
decision support very well.
PAIABILITY06. I believe that the AI-based recruitment systems can flexibly consider
different circumstances when making recruitment decisions.
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Table A1. Cont.

Construct Items

Privacy and Security
Concern (PSCONS)

PSCON01. I am worried that using the AI-based recruitment system is not secure.
PSCON02. I am concerned that using the AI-based recruitment system may result in the
misuse of collected and stored information.
PSCON03. I am concerned that personal and organizational information stored and used
by the AI-based recruitment system lacks confidentiality and privacy.

System Transparency
(SYSYTRANS)

SYSTTRANS01. I think I could understand the decision-making processes of the AI-based
recruitment system very well.
SYSTTRANS02. I think I could understand why the AI-based recruitment system provided
the decisions it did.
SYSTTRANS03. I think I could understand what the AI-based recruitment system bases its
provided decision on.
SYSTTRANS04. I think the decision-making processes of AI-based recruitment system are
clear and transparent.

Trust
(TRUST)

TRUST01. I believe that the AI-based recruitment system is dependable and reliable in
facilitating the recruitment process.
TRUST02. I feel comfortable entrusting the AI-based recruitment system with sensitive
tasks, knowing it would operate with integrity and reliability.
TRUST03. Despite not having direct control over its operations, I would trust the AI-based
recruitment system to make decisions in the recruitment process.

Compatibility
(COMPAT)

COMPAT01. Using the AI-based recruitment system would be compatible with the way I
generally work.
COMPAT02. Using the AI-based recruitment system would be compatible with the needs
and demands regarding recruitment process.
COMPAT03. Using the AI-based recruitment would not create any conflicts with my
working values.
COMPAT04. Using the AI-based recruitment system is compatible with business legacy
and ethical system in our organization.
COMPAT05. Using the AI-based recruitment system would be compatible with other
systems I use.

AI Aversion (AIAVER)

AIAVER01. I prefer to rely on my own intuition when hiring employees rather than
AI-based recruitment systems.
AIAVER02. I prefer recommendation made by my peers and managers rather AI-based
recruitment systems.
AIAVER03. I prefer that a hiring specialist/manager, rather than AI-based recruitment
system, determine a candidate suitability for a job.
AIAVER04. If a person were applying for a job, I would prefer that the candidate be
evaluated by a hiring specialist/manager, rather than an AI-based recruitment system.

Perceived Threat
(PTHREAT)

PTHREAT01. I fear that I may lose control over the way I work if I started using the
AI-based recruitment system.
PTHREAT02. I fear that I may lose control over the recruitment decision if I started using
the AI-based recruitment system
PTHREAT03. I fear that the AI-based recruitment system decreases my professional
discretion over recruitment decision.
PTHREAT04. I fear that the AI-based recruitment system might actually degrade my status
in the organization.
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Table A1. Cont.

Construct Items

Personal Development
Concern
(PERDEVCON)

PERDEVCON01. The AI-based recruitment system would have a negative impact on my
learning ability.
PERDEVCON02. The AI-based recruitment system would have a negative impact on my
career development.
PERDEVCON03. I hesitate to use AI-based recruitment system for fear of losing control of
my personal development.
PERDEVCON04. It scares me to think that I could lose the opportunity to learn from my
own experience using the AI-based recruitment system.

Job Replacement
Concern (JOBREPCON)

JOBREPCON01. I am worried that AI-based systems will replace my work in the future.
JOBREPCON02. I feel anxious working with AI that is smarter than me.
JOBREPCON03. I’m worried that AI-based systems will replace many people’s works.
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