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Abstract

Title: Decision Making: Al advice in Performance Evaluation
Author: Maria Pontifice Sousa

Artificial intelligence (Al) is increasingly being used to support decision-making in
organizational contexts. However, understanding how individuals respond to Al-generated
advice and which psychological factors shape this process remains an important empirical
question. This study aims to examine how individuals integrate Al-generated advice into
performance evaluation decisions, focusing on the role of perceived usefulness, perceived ease
of use, and trust in shaping advice-taking behavior. A scenario-based, between-subjects design
was employed, in which participants evaluated a performance scenario before and after
receiving Al-generated advice. Advice-taking was measured using the Weight of Advice
(WOA). The results indicate that participants adjust their evaluations in response to Al-
generated advice, although to a limited extent. Furthermore, perceived usefulness and perceived
ease of use were positively associated with trust in Al, and trust was positively related to
individuals’ willingness to follow Al-generated recommendations. These findings contribute to
the literature by integrating insights from the Technology Acceptance Model and research on
algorithmic advice-taking, highlighting trust as a key mechanism linking user perceptions to
behavioral responses. From a practical perspective, the results suggest that organizations should
enhance the usability, perceived usefulness, and transparency of Al systems to foster trust and
facilitate their effective adoption. Overall, this study provides relevant insights into human—Al
interaction in performance evaluation contexts and offers a foundation for future research on

Al-assisted decision-making in organizations.

Keywords: Artificial Intelligence, Advice-Taking, Trust in Al, Technology Acceptance Model

(TAM), Performance Evaluation, Decision-Making



Resumo

Titulo: Tomada de Decisdo: Conselho de IA em Avaliagdo de Desempenho
Autor: Maria Pontifice Sousa

A Inteligéncia Artificial (IA) tem vindo a ser cada vez mais utilizada para apoiar a tomada de
decisdo em contextos organizacionais. No entanto, compreender como os individuos
respondem a conselhos gerados por IA e quais os fatores psicologicos que influenciam este
processo permanece uma questdo relevante. Este estudo analisa de que forma os individuos
integram conselhos gerados por IA em decisdes de avaliagdo de desempenho, com foco na
utilidade percebida, facilidade de utilizagdo e confianga. Foi utilizado um design entre sujeitos
baseado em cenarios, no qual os participantes avaliaram uma situa¢ao antes e depois de
receberem aconselhamento gerado por IA. A aceitacdo do conselho foi medida através da
Weight of Advice (WOA). Os resultados mostram que os participantes ajustam as suas
avaliagdes em resposta ao conselho da [A, ainda que de forma limitada. A utilidade percebida
e a facilidade de utilizagdo apresentam associagdo positiva com a confianga, sendo esta
positivamente relacionada com a disposicdo para seguir recomendagdes da IA. Estes resultados
contribuem para a literatura ao integrar perspetivas do TAM com investigacdo sobre advice-
taking, destacando a confianca como mecanismo central. Do ponto de vista pratico, sugerem a
importancia de sistemas de [A percecionados como Uuteis, faceis de utilizar e transparentes. Em
suma, este estudo fornece contributos para a compreensdo da interacdo humano—IA em

contextos de avaliagdo de desempenho, abrindo caminho para investigagdo futura.

Palavras-chave: Inteligéncia Artificial (IA), Advice-Taking, Confianca na IA, Technology
Acceptance Model (TAM), Avaliacdo de Desempenho, Tomada de Decisao
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1. Introduction

1.1. Topic presentation

Over the past decades, Artificial Intelligence (AI) has become one of the most
transformative forces shaping organizational processes, and the field of Human Resource
Management (HRM) is no exception. Al-driven systems are increasingly embedded in
organizational contexts, supporting human decision-making by providing insights and
recommendations, a process often referred to as decision augmentation (Burton et al., 2020;
Araujo et al., 2020). At the same time, these systems can enable decision automation, whereby

Al systems make decisions independently without human intervention (Araujo et al., 2020).

Performance evaluation is one of the core HR activities and is increasingly impacted by
technological developments, particularly Al-driven decision-support systems (Marler &
Boudreau, 2017; Meijerink et al., 2021). As a process that influences promotions, rewards,
career development opportunities, and perceptions of organizational justice, performance
evaluation plays a critical role in organizational effectiveness and employee outcomes (Aguinis
et al., 2013; DeNisi & Murphy, 2017). Importantly, traditional performance evaluation
processes are often subject to biases, such as leniency bias and subjectivity, which may
compromise decision quality (Aguinis et al., 2013). In this regard, Al systems have the potential

to enhance objectivity and improve decision accuracy (Shrestha et al., 2019).

Therefore, the integration of Al in this domain raises critical questions about how HR
managers interact with automated recommendations and how these shape their final decisions.
As referred in Montealegre-Lopez (2025), prior research suggests that Al can influence
decision-making by providing faster, more accurate, and cost-efficient outputs, while also
enhancing decision-makers’ sensing and analytical capabilities, ultimately supporting more
rational and evidence-based decisions (Shrestha et al., 2019). Importantly, the effectiveness of
Al-generated recommendations depends heavily on human acceptance and the willingness to

rely on algorithmic outputs (Logg et al., 2019; Glikson & Woolley, 2020)

In this context, a key question concerns the extent to which decision-makers accept and rely
on Al-generated advice. Advice taking refers to the degree to which individuals adjust their
initial judgments after receiving external recommendations (Bonaccio & Dalal, 2006). Prior
research on advice taking suggests that decision-makers compare external recommendations

with their initial judgments and adjust their final decisions accordingly, although this process



is often influenced by individual and contextual factors, such as expertise, confidence, and task

characteristics (Bonaccio & Dalal, 2006; Mesbah et al., 2021).

The Technology Acceptance Model (TAM) provides a relevant theoretical framework to
understand how individuals accept and use new technologies. TAM emphasizes perceived
usefulness and perceived ease of use as key determinants of technological adoption (Davis,
1989). Additionally, TAM was initially developed to assess the impact of internal variables on
actual use, referring to users’ effective engagement with a given technology (Almeida et al.,

2025).

Trust is a central factor in human—AlI interaction, defined as the willingness to rely on an
agent under conditions of uncertainty and vulnerability (Lee & See, 2004). Research shows that
trust strongly influences the acceptance, adoption, and overall effectiveness of Al-driven
decision-making (Castelo et al., 2019; Chiou & Lee, 2023). Moreover, trust is shaped by factors
such as perceived competence, transparency, and task characteristics, being particularly lower
in subjective tasks where individuals may doubt the ability of algorithms to capture contextual
nuances (Castelo et al., 2019). As such, trust plays a key role in determining whether individuals

rely on Al-generated advice.

Despite the potential benefits of Al, prior research suggests that individuals often exhibit a
preference for human over algorithmic advice, a phenomenon commonly referred to as
algorithm aversion (Dietvorst et al., 2015). This tendency may be particularly salient in
subjective decision-making contexts, such as performance evaluation, where individuals may
perceive algorithms as less capable of handling nuanced or complex judgments (Castelo et al.,
2019). Consequently, this reluctance to rely on Al may limit the effective use of such systems
and prevent organizations from fully leveraging their potential benefits. Thus, the increasing
role of Al in performance evaluation demands a deeper understanding of how Al-generated

advice affects human decision-making.

1.2. Problem statement & list of research questions

Although Al has become increasingly common in HRM processes, little is known about
how individuals adjust their evaluations after receiving Al-generated advice in this context.
According to prior research on human—human and human—AlI advice taking, decision-makers
compare external recommendations with their initial judgments and adjust their final decisions
accordingly. This process is influenced by factors such as trust in the advisor, perceived

expertise, and confidence-related cues (Bonaccio & Dalal, 2006; Mesbah et al., 2021).



Nevertheless, this dynamic in performance evaluation contexts has not received much
empirical focus. Also, despite the fact that trust in automation has been extensively investigated
through models like Mayer et al. (1995) and the Socio-Cognitive Model of Trust (Castelfranchi
& Falcone, 2010), little is known about how trust specifically influences the integration of Al-
generated advice in evaluative decisions.

Considering these gaps, the present thesis addresses the following questions:
RQ1: To what extent does Al-generated advice impact human decision-making in performance

evaluation contexts?

RQ2: How are perceptions of usefulness and ease of use of Al systems related to trust in their

recommendations?

RQ3: Does trust in Al systems explain the impact of Al-generated advice on human decision-

making in performance evaluations?

1.3. Managerial & Academic relevance

The present thesis aims to contribute to three important streams in the current literature.
First, it contributes to research on human—AlI collaboration by providing empirical evidence on
advice taking in a performance evaluation context. Second, it advances the literature on trust in
automation by examining how trust operates and influences decision-makers’ behavior in this
context. Third, it expands Technology Acceptance Model (TAM) research by moving beyond
intention-to-use and exploring the actual influence of Al on judgment tasks. Moreover, this
thesis responds to the need for further research on the integration of Al into HR decision-

making processes, particularly in the domain of performance evaluation.

For organizations, the results of the study of the present thesis will help to understand how
evaluators respond to Al-generated advice, and this will be crucial to designing trustworthy and
user-friendly Al systems. In turn, this may contribute to improving fairness and consistency in
performance evaluations, as well as enhancing decision quality—outcomes that Al promises to
support by reducing biases and increasing objectivity in evaluation processes. Furthermore,
these insights can inform the development of more effective implementation strategies for Al
systems in HR decision-making. As organizations increasingly integrate Al into their HR
departments, such insights become essential for ensuring responsible and effective human—Al

collaboration.

1.4. Short overview of the thesis’ structure



This dissertation is organized into six chapters: Chapter 1, with the introduction, presents
the overall research context, formulates the problem statement, defines the research questions,
and discusses the academic and managerial relevance of the study.

Chapter 2 presents the literature review, beginning with a broad overview of Human
Resource Management (HRM) and core HR processes, with particular emphasis on
Performance Evaluation, given its central relevance to this research. It then deepens the
discussion by examining Performance Management. The chapter proceeds to the field of Al,
first clarifying its definition and organizational role, before narrowing the focus to Al in HR,
highlighting its application in decision-support mechanisms and evaluation practices. It then
examines the literature on Al in Decision Making and Advice Taking, analysing how human
decision-makers adjust their judgments when exposed to algorithmic recommendations. This is
followed by an in-depth discussion of trust in Al, including theoretical models and key
determinants shaping trust in automated systems. Finally, the chapter presents the Technology
Acceptance Model (TAM), with particular emphasis on perceived usefulness and perceived
ease of use.

Chapter 3 describes the methodology in detail, including the between-subjects design
(where participants were exposed to different Al advice conditions, but the study primarily
focuses on testing correlational relationships between key variables), data collection
procedures, measurement instruments, and analytic strategies employed, while Chapter 4
reports the empirical results and interprets them in relation to the proposed hypotheses.

Chapter 5 provides an integrated discussion of the findings, outlines their theoretical and
practical implications, acknowledges the study’s limitations, and proposes avenues for future
research. Finally, Chapter 6 contains the conclusion, with a summary of the dissertation’s

overall contribution.

2. Literature Review

2.1. Human Resources Management (HRM)

Organizational objectives are closely associated with human resources management
(HRM), which can be understood as both a body of knowledge and an organizational strategy.
It encompasses a set of interconnected practices designed to improve employee performance,
attitudes, and behaviours, thereby enhancing organizational effectiveness. From a systemic
perspective, HRM practices operate in complementary “bundles”, whose joint implementation

has been shown to improve both individual and organizational outcomes (Ferreira et al., 2015).
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Additionally, HRM is not exclusively the responsibility of HR specialists, but involves
managers at all organizational levels and across different functional areas. Managers in
departments such as operations, finance, and sales play a key role in implementing HR practices
to foster motivation and alignment with organizational goals. Long-term performance is
therefore influenced by employees’ attitudes and behaviours, which are shaped through this

shared managerial responsibility (Rego et al., 2008).

2.1.1. Human Resources Processes

2.1.2. Performance Evaluation

Performance management has become increasingly important in organizational contexts
characterized by growing competitiveness and complexity. It is typically understood as the
alignment between organizational outcomes and employees’ contributions, with performance
management and evaluation systems functioning as integrated tools that support strategic

decision-making and organizational effectiveness (Ferreira et al., 2015).

Over time, performance management has evolved from a primarily administrative function
to a more strategic and developmental process, emphasizing continuous feedback, goal
alignment, and employee engagement. Effective performance evaluation systems contribute to
organizational success by linking individual performance to strategic objectives and promoting
fairness and transparency in decision-making processes (Murphy & Cleveland, 1995; DeNisi

& Murphy, 2017).

Performance can be conceptualized from two complementary perspectives: behaviors and
results (Ferreira et al., 2015). While the behavioral perspective focuses on how employees
perform their tasks, the results perspective emphasizes the outcomes achieved. These
approaches are not mutually exclusive, as effective performance management considers both
dimensions depending on the nature of the role (Ferreira et al., 2015). Moreover, performance
management systems serve both organizational and individual purposes: At the organizational
level, they support decisions related to rewards and workforce management, while at the
individual level they facilitate feedback, development, and career progression (Ferreira et al.,

2015).

2.1.3. Biases in Performance Evaluation

Despite its importance, performance evaluation is widely recognized as a fundamentally

imperfect process, largely due to its reliance on human judgment (Murphy & Cleveland, 1995;



Aguinis, 2013). The subjective nature of evaluation introduces a range of cognitive, social, and
structural biases that can distort ratings and undermine decision quality (Murphy & Cleveland,

1995; Aguinis, 2013).

One of the most widely documented biases is the halo effect, whereby an evaluator’s general
impression of an employee—typically based on a salient positive attribute—extends to other
unrelated performance dimensions (Murphy & Cleveland, 1995). Conversely, the horn effect
occurs when a negative attribute disproportionately influences the overall evaluation, leading
to overly negative assessments (Kromrei, 2015). Both biases reduce the accuracy of
performance ratings by overshadowing a more nuanced assessment of individual performance

dimensions (Murphy & Cleveland, 1995).

Additionally, evaluators often exhibit systematic tendencies toward leniency or severity,
rating employees consistently higher or lower than warranted (Aguinis, 2013; Kromrei, 2015).
Similarly, central tendency bias occurs when ratings cluster around the midpoint of the scale
regardless of actual performance differences, limiting the ability of evaluation systems to
discriminate effectively between levels of performance (Murphy & Cleveland, 1995; Kromrei,

2015).

Beyond these common biases, research highlights the role of temporal and cognitive biases
in shaping performance evaluations. The primacy effect leads evaluators to form initial
impressions early in the process and maintain them even when faced with contradictory
evidence (Kromrei, 2015). In contrast, the recency effect results in disproportionate weighting
of recent behaviors, while earlier performance information is discounted (Kromrei, 2015). In
addition, confirmation bias may lead evaluators to selectively attend to information that
supports their preconceived beliefs about an employee, reinforcing existing judgments

(Kromrei, 2015).

Performance evaluations may also be influenced by comparative and social biases. The
contrast effect occurs when employees are evaluated relative to others rather than against
objective standards (Kromrei, 2015). The similar-to-me effect reflects a tendency to favor
individuals who share characteristics with the evaluator, which may introduce systematic
favoritism (Kromrei, 2015). More critically, biases related to illegal discrimination, whether
conscious or unconscious, may affect evaluations based on characteristics such as gender, age,
or ethnicity, raising serious concerns regarding fairness and organizational justice (Aguinis,

2013; Kromrei, 2015).



Finally, structural limitations further complicate the evaluation process. Evaluators may
engage in truth avoidance, deliberately avoiding honest assessments to prevent conflict or
discomfort (Kromrei, 2015). Additionally, opportunity bias arises when evaluators fail to
account for contextual factors that influence performance, attributing outcomes solely to

individual ability rather than situational constraints (Kromrei, 2015).

Taken together, these biases highlight the inherent limitations of traditional performance
evaluation systems, which are susceptible to inconsistencies, subjectivity, and contextual
distortions (Murphy & Cleveland, 1995; Aguinis, 2013). As a result, organizations have begun
exploring alternative approaches, including the integration of data-driven and algorithmic tools,

to enhance the accuracy and fairness of performance assessments (Marler & Boudreau, 2017).

2.2. Artificial Intelligence (AI)

Artificial Intelligence (AI) has emerged as one of the most transformative technologies in
contemporary organizations, fundamentally reshaping how information is processed, decisions
are made, and organizational processes are structured. Al refers to computational systems
capable of performing tasks that typically require human intelligence, including learning,
reasoning, and decision-making, through advanced algorithms and data-driven processes

(Imad-dine Bazine, 2025).

In organizational contexts, Al is primarily used as a decision-support tool, enabling
individuals to process information more efficiently and make more informed, data-driven
decisions (Logg et al., 2019). Compared to human decision-makers, Al systems are often
associated with higher consistency, scalability, and analytical capacity, particularly in
environments characterized by complexity and uncertainty (Logg et al., 2019; Shrestha et al.,

2019).

Rather than replacing human decision-makers, Al is commonly integrated into human—AlI
collaborative systems, where algorithmic outputs complement human judgment (Duarte, 2023).
This reflects a shift from automation toward augmentation, in which Al enhances human

capabilities rather than substituting them (Duarte, 2023).

2.2.1. Al'in HR

The adoption of AI in HRM has grown significantly in recent years, transforming
traditional HR processes and enabling organizations to adopt more efficient and data-driven

practices. (Marler & Boudreau, 2017; Meijerink et al., 2021). Al technologies are increasingly
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used in areas such as recruitment, performance management, workforce planning, and
employee engagement, allowing organizations to process large volumes of data and generate

actionable insights for decision-making processes (Logg et al., 2019).

Additionally, transparency and accountability remain critical concerns, as employees
may question the fairness of decisions made by algorithmic systems (Marler & Boudreau,
2017). Consequently, the integration of Al in HR requires careful consideration of both
technological capabilities and human factors, emphasizing the importance of a human-centered
approach where Al supports, rather than replaces, human decision-making (Meijerink et al.,
2021). As aresult, the successful implementation of Al in HR depends not only on its technical
capabilities but also on users’ acceptance and trust in these systems (Leicht-Deobald et al.,

2019).

The integration of Al into Human Resource Management extends beyond efficiency
gains and introduces fundamental changes in how HR processes are designed and experienced.
In the context of performance management, Al systems are increasingly used to support
evaluation processes by aggregating performance data, identifying patterns, and providing
standardized assessments (Meijerink et al., 2021; Marler & Boudreau, 2017). These systems
have the potential to enhance consistency and reduce individual biases, thereby improving

decision quality.

However, the use of Al in performance evaluation also raises important concerns related
to fairness, transparency, and accountability. Employees and managers may question how
algorithmic decisions are generated, particularly when the underlying models are complex and
difficult to interpret (Leicht-Deobald et al., 2019). This opacity can lead to perceptions of

procedural injustice, even when the outcomes are objectively accurate.

Additionally, the introduction of Al in evaluative processes may alter the social
dynamics of HR decision-making. Performance evaluation is traditionally a relational process
involving feedback, communication, and interpersonal judgment. The involvement of Al may
be perceived as depersonalizing this process, potentially reducing perceived empathy and

increasing resistance to algorithmic input (Meijerink et al., 2021; Leicht-Deobald et al., 2019).

Moreover, concerns about algorithmic bias remain central. While Al is often promoted

as a tool to reduce human bias, it may inadvertently reproduce or amplify existing biases present



in training data (Leicht-Deobald et al., 2019). This creates a paradox in which Al is both a

potential solution and a potential risk in ensuring fair performance evaluations.

As a result, the successful implementation of Al in HR processes depends not only on
its technical capabilities but also on how it is perceived and accepted by users (Leicht-Deobald
et al., 2019; Meijerink et al., 2021). This reinforces the importance of understanding
psychological factors such as trust and technology acceptance, which ultimately shape how Al-
generated advice is interpreted and used in decision-making (Glikson & Woolley, 2020; Araujo
et al., 2020).

In this regard, understanding how individuals respond to Al-generated advice in
evaluative contexts becomes particularly important, as it reflects how these systems are likely

to be used in real HR decision-making situations.

2.2.2. Al in Decision-making and Advice taking
A key aspect of human—Al interaction lies in how individuals incorporate algorithmic
recommendations into their decision-making processes. Research on advice taking suggests that

individuals integrate external inputs by adjusting their initial judgments, a process commonly

measured through the Weight of Advice (WOA) (Yaniv, 2004; Bailey et al., 2023).

The WOA reflects the extent to which individuals revise their initial decisions in
response to external advice, ranging from complete disregard of the advice to full adoption of
the recommendation. In organizational contexts, advice taking is particularly relevant when
decisions involve uncertainty, complexity, or subjective judgment, as is often the case in

performance evaluations (Bonaccio & Dalal, 2006; Yaniv, 2004).

When advice is generated by Al systems, decision-makers may evaluate it differently
compared to human advice, depending on their perceptions of the system’s competence,
reliability, and legitimacy. These perceptions play a crucial role in determining whether Al-

generated recommendations are accepted or rejected (Logg et al., 2019).

Given the literature presented, it is expected that individuals will incorporate Al-
generated recommendations into their performance evaluations, leading to observable
adjustments in their judgments - H1: Participants will significantly adjust their performance

evaluations after receiving Al-generated advice.

2.2.3. Trustin Al



Trust is widely recognized as a key determinant of human—Al interaction, as it
influences the extent to which individuals are willing to rely on algorithmic recommendations.
In organizational contexts, trust can be defined as the willingness to accept vulnerability based
on the expectation that a system will perform reliably and act in the user’s best interest (Mayer
et al., 1995; Glikson & Woolley, 2020). However, the literature emphasizes that the objective
is not to maximize trust, but rather to achieve appropriately calibrated trust, ensuring that users

rely on Al systems only when warranted by their reliability and accuracy (Duarte, 2023).

In the context of Al trust plays a crucial role because users often lack full understanding
of how algorithms operate. This creates uncertainty, making trust a necessary mechanism for
enabling reliance on Al systems. Without sufficient trust, individuals may disregard algorithmic

advice, even when it is objectively accurate (Glikson & Woolley, 2020).

An important concept to be noted is trust calibration, which refers to the alignment
between users’ trust and the actual performance of the system. Miscalibrated trust can take two
forms: over-reliance, where users blindly follow incorrect recommendations, and under-
reliance, where users reject valid advice. Both outcomes can lead to suboptimal decisions

(Jussupow et al., 2024).

Empirical evidence consistently shows that system performance is the strongest
predictor of trust, with higher-performing systems generating significantly higher levels of
perceived trust, understanding, and perceived quality (Duarte, 2023). Importantly, trust in Al is
not determined solely by technical performance but is also shaped by social and psychological

perceptions.

Beyond these general determinants, trust in Al can be further understood as a
multidimensional construct, drawing on classical models of interpersonal trust. According to
Mayer et al. (1995), trust is based on perceptions of competence, benevolence, and integrity.
This framework has been adapted to the context of Al, where competence refers to the system’s
ability to generate accurate and reliable outputs, integrity relates to adherence to consistent and
fair principles, and benevolence reflects the extent to which the system is perceived as acting

in the user’s best interest, even if indirectly through its design (Glikson & Woolley, 2020).

Importantly, these dimensions may not be equally salient in human—AlI interactions.
While competence tends to be the dominant driver of trust in Al systems, as users prioritize

accuracy and performance, benevolence and integrity are more difficult to attribute to
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algorithmic agents, given their non-human nature (Glikson & Woolley, 2020). This creates a
fundamental asymmetry between trust in humans and trust in AI, where relational and
emotional components are less influential, and cognitive evaluations assume greater

importance.

Furthermore, the role of trust becomes particularly complex in subjective decision-
making contexts, such as performance evaluation. Unlike objective tasks, where correctness
can be easily verified, subjective evaluations require interpretation, contextual awareness, and
sensitivity to nuanced behavioral cues. In such contexts, individuals may perceive Al systems
as less capable of capturing qualitative aspects of performance, which can reduce trust even

when the system demonstrates high technical accuracy (Castelo et al., 2019).

This limitation highlights the importance of contextual trust, as trust in Al is not only a
function of system characteristics but also of task characteristics (Glikson & Woolley, 2020;
Castelo et al., 2019). Research suggests that trust tends to be lower in domains requiring human
judgment, emotional intelligence, or moral reasoning (Glikson & Woolley, 2020; Castelo et al.,
2019). Consequently, in HR processes such as performance evaluation, building trust requires
not only demonstrating technical competence but also addressing users’ concerns about

fairness, transparency, and contextual understanding.

Trust in Al is influenced by multiple factors, including perceived system performance,
transparency, explainability, and fairness (Glikson & Woolley, 2020). For instance, systems
that provide clear explanations for their recommendations are generally perceived as more
trustworthy, although excessive complexity may reduce understanding and confidence (Glikson

& Woolley, 2020).

Taken together, these insights suggest that trust in Al is a dynamic and context-
dependent process, shaped by both system-related and task-related factors (Glikson & Woolley,
2020; Castelo et al., 2019). These findings reinforce the idea that trust in Al is a central
mechanism shaping whether individuals incorporate Al-generated advice into their judgments,
particularly in complex and subjective decision-making contexts. In this sense, examining how
individuals respond to Al-generated advice in performance evaluation contexts provides
valuable insights into how these systems may be effectively implemented in real organizational

settings.
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Based on the literature, in this thesis, it is expected that trust in AI will increase
individuals’ willingness to adjust their evaluations in line with Al-generated advice: H2: Higher
levels of trust in the AI system will strengthen the influence of Al-generated advice on

participants’ performance evaluations.

2.2.4. Algortitm aversion

Despite the potential benefits of Al, research consistently shows that individuals may
exhibit resistance to algorithmic decision-making, a phenomenon known as algorithm aversion.
This refers to the tendency to prefer human judgment over algorithmic recommendations, even

when algorithms demonstrate superior performance (Dietvorst et al., 2015; Jussupow et al.,

2024).

One key driver of algorithm aversion is the perception that algorithms are less capable of
handling complex, subjective, or context-dependent tasks. For example, individuals are less
likely to rely on Al in domains requiring interpersonal sensitivity, such as performance

evaluation, where human judgment is perceived as more appropriate (Castelo et al., 2019).

Additionally, studies have shown that individuals are particularly sensitive to algorithmic
errors. Even minor mistakes may lead to a disproportionate loss of trust in Al systems, resulting
in reduced reliance on algorithmic advice (Dietvorst et al., 2015). However, algorithm aversion
is not universal, and some research suggests the existence of algorithm appreciation, where
individuals prefer algorithmic advice under certain conditions, particularly when accuracy and
objectivity are emphasized (Logg et al., 2019). This duality highlights the complexity of
human—AlI interaction and underscores the importance of understanding the factors that

influence Al acceptance.

Although algorithm aversion has been widely documented, more recent research suggests
that individuals do not always reject algorithmic advice but may instead exhibit algorithm
appreciation under certain conditions (Logg et al., 2019). This duality highlights that
individuals’ responses to Al are not inherently negative but depend on specific contextual and

psychological factors (Logg et al., 2019; Jussupow et al., 2024).

One key factor influencing this dynamic is the degree of control users have over the
decision-making process. Studies show that allowing individuals to retain some level of
autonomy, such as the possibility to adjust or override algorithmic recommendations, can

significantly reduce algorithm aversion and increase reliance on Al (Dietvorst et al., 2015). This
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sense of control helps mitigate concerns about loss of agency and increases users’ willingness

to engage with algorithmic advice.

Another important determinant is explainability. When Al systems provide clear and
understandable explanations for their recommendations, users are more likely to perceive them
as transparent and trustworthy, which can shift attitudes from aversion to appreciation (Glikson
& Woolley, 2020). However, this relationship is not always linear, as overly complex

explanations may reduce comprehension and lead to confusion (Duarte, 2023).

Task characteristics also play a critical role. As previously noted, individuals are more likely
to rely on algorithms in objective and data-driven tasks, where accuracy is easily assessed,
whereas in subjective domains, such as performance evaluation, they may prefer human
judgment (Castelo et al., 2019). This suggests that algorithm aversion is not a general resistance

to Al but rather a context-dependent response shaped by perceived task suitability.

In the context of this study, performance evaluation represents a particularly relevant
setting, as it involves subjective judgment and evaluative discretion (Murphy & Cleveland,
1995; Aguinis, 2013). As such, individuals may experience tension between recognizing the
analytical advantages of Al and questioning its ability to fully capture human performance
(Castelo et al., 2019; Glikson & Woolley, 2020). This tension helps explain why individuals
may partially rely on Al advice, rather than fully adopting or rejecting it, a pattern that is
consistent with prior findings on algorithm aversion and appreciation in decision-making

contexts (Dietvorst et al., 2015; Logg et al., 2019).

2.3. Technology Acceptance Model (TAM)
The Technology Acceptance Model (TAM) is one of the most influential theoretical

frameworks for understanding how individuals adopt and use new technologies. Originally
developed by Davis (1989), TAM posits that two core perceptions—perceived usefulness and
perceived ease of use—are the primary determinants of users’ attitudes toward a technology,

which in turn influence their behavioral intention to use it.

TAM has been widely applied across various organizational contexts, including information
systems, e-commerce, and, more recently, Al-driven technologies. (Venkatesh & Davis, 2000).
Its simplicity and strong empirical support have made it a dominant framework in the study of

technology adoption (Venkatesh & Davis, 2000).
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Furthermore, researchers have argued that TAM needs to be extended to account for
additional factors, such as trust, perceived fairness, and transparency, which play a critical role
in shaping users’ responses to Al systems (Almeida et al., 2025). These factors suggest that
TAM may need to be adapted to account for the unique characteristics of Al systems and their

impact on user behavior (Tuffaha, 2023).

While the Technology Acceptance Model (TAM) provides a robust framework for
understanding technology adoption, its application to Al systems requires further theoretical
extension. Traditional TAM focuses on behavioral intention to use technology, whereas Al-
driven systems often operate as decision-support tools that directly influence judgments and

decisions (Venkatesh & Davis, 2000; Shrestha et al., 2019; Baines et al., 2024).

In this context, trust emerges as a critical mechanism linking technology perceptions to
behavioral outcomes. Several studies argue that perceived usefulness and perceived ease of use
play a fundamental role in shaping trust in Al systems (Glikson & Woolley, 2020; Almeida et
al., 2025). When users perceive a system as useful, meaning that it enhances their performance,
they are more likely to view it as competent and reliable. Similarly, systems that are easy to use

reduce cognitive effort and increase users’ sense of control, which can further strengthen trust.

From this perspective, trust can be understood as an extension of the Technology
Acceptance Model, acting as a mediating mechanism between system perceptions and actual
reliance on Al-generated recommendations (Glikson & Woolley, 2020; Almeida et al., 2025).
This is particularly relevant in decision-making contexts, where the key outcome is not merely
usage, but the extent to which individuals incorporate Al advice into their judgments (Logg et

al., 2019; Baines et al., 2024).

However, the directionality of these relationships remains subject to debate. While the
Technology Acceptance Model suggests that perceived usefulness and perceived ease of use
drive trust, it is also plausible that trust influences how users perceive a system’s usefulness and
usability (Glikson & Woolley, 2020; Venkatesh & Davis, 2000). For instance, individuals who
already trust a system may be more inclined to interpret its outputs as useful and easy to
understand. This suggests the possibility of bidirectional relationships between these constructs

(Ahn et al., 2024; Kiiper & Krimer, 2024).

Given this ambiguity, the relationships between perceived usefulness, perceived ease of use,

and trust should be interpreted as theoretically grounded but not definitively causal. This
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highlights the need for further experimental research that explicitly manipulates these variables
to clarify their causal ordering and better understand their role in human—AlI interaction (Araujo

et al., 2020; Montealegre-Lopez, 2025).

2.3.1. Perceived Usefulness and Perceived Ease of Use

Perceived usefulness and perceived ease of use are central determinants of technology
adoption in TAM (Davis, 1989). Perceived usefulness refers to the degree to which an
individual believes that using a technology enhances their job performance, while perceived
ease of use refers to how easy the technology is to understand and use (Tuffaha, 2023).

Empirical research in HRM and organizational contexts shows that Al enhances
productivity, improves decision quality, and supports strategic processes, reinforcing
perceptions of usefulness (Imad-dine Bazine, 2025).

Perceived usefulness is particularly relevant given the complexity of Al systems, as users
are more likely to accept Al systems that improve decision-making accuracy and efficiency
(Glikson & Woolley, 2020). Similarly, perceived ease of use influences adoption by reducing
cognitive effort and increasing user confidence when interacting with complex systems
(Glikson & Woolley, 2020). However, previous research also indicates that explanations do not
always produce the intended effects, as they may lead to overconfidence or misinterpretation
(Duarte, 2023).

It is expected that more positive perceptions of Al systems will be associated with higher
levels of trust in their recommendations — H3: Perceived usefulness and perceived ease of use

of the Al system will be positively associated with trust in its recommendations.

3. Methodology

This thesis’ study applied a between-subjects design to examine how Al-generated
influences human decision-making in performance evaluation contexts. Although participants
were exposed to different Al advice conditions, the study primarily focuses on testing
correlational relationships between key variables (perceived usefulness, perceived ease of use,

trust in Al

The design was structured to address the three research questions by (1) manipulating the
Al advice condition (negative, neutral, positive), (2) measuring perceived usefulness and

perceived ease of use, and (3) assessing participants’ trust in Al, alongside their performance
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evaluations. It should also be noted that the study consisted of two phases — a pre-Al advice

phase and a post-Al advice phase.

Furthermore, perceived usefulness, perceived ease of use, and trust in Al played an
important role in this analysis, as they help explain how participants respond to Al-generated
advice. Drawing on the Technology Acceptance Model (Davis, 1989), perceived usefulness and
perceived ease of use were included as key dimensions capturing participants’ evaluations of

the Al system.

In turn, perceived usefulness was included as a key variable in the analysis, reflecting the
extent to which participants perceived the Al system as enhancing their decision-making, and
its potential association with trust in AI. While perceived ease of use may also be related to
trust, this relationship is typically weaker (Ahn et al., 2024). Finally, trust in Al is positively
associated with advice-taking behaviour, as higher levels of trust are linked to a greater reliance
on Al recommendations (Ahn et al., 2024; Bailey et al., 2022). Overall, these variables were

included to capture different aspects of participants’ responses to Al-generated advice.

A between-subjects approach was chosen due to its ability to support causal inference
regarding the effect of Al-generated advice on participants’ evaluations. The participants were
exposed to different Al advice conditions (negative, neutral and positive), but the study
primarily focuses on testing correlational relationships between key variables.

Previous research shows that external informational signals can influence competence
judgments even when such signals are not objectively relevant, highlighting individuals’
susceptibility to external input during evaluative decision-making (Stellar & Willer, 2018). In
this context, Al-generated advice serves as the stimulus that may shape participants’

performance evaluations.

In contrast, perceived usefulness, perceived ease of use, trust in Al, and weight of advice
(WOA) were not experimentally manipulated but measured as individual responses, and the

relationships among these variables are therefore interpreted as correlational.

3.1. Participants

As regards the validated participants, only 217 of the 293 in the database met the inclusion
criteria for completing the questionnaire and passing the attention check question.
Consequently, the entire analysis relates to the 217 respondents mentioned (see Appendix 1 for

the frequency tables regarding participant removal and validation).
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In addition, regarding descriptive demographic statistics, the sample was predominantly
composed of participants from Portugal (96.8%), the majority of whom reported Portuguese as
their first language (96.8%). In terms of gender distribution, 56.2% of participants identified as
female and 43.8% as male. Participants were relatively diverse in age, with the largest group
aged between 18 and 24 years (37.3%). In terms of education levels, most participants held
either a bachelor’s degree (39.6%) or a master’s degree (38.7%) (see Appendix 2 for the

frequency tables of the study’s categorical variables).

Participants were volunteers recruited through social channels, including social media
platforms such as Instagram, LinkedIn, WhatsApp groups, and other personal networks.
Participation was anonymous and uncompensated. Prior to beginning the study, participants
read and agreed with an informed consent form, which described the purpose, expected

duration, confidentiality, and right to withdraw at any point.

3.2. Materials

The main material consisted of a performance evaluation scenario which centered
around a two and half minutes video about the concept of supply and demand. The video
included both audio and visual components, consisting of a speaker verbally explaining the
concept supported by visual content. Participants had to evaluate the explanation provided in
the video along four dimensions (clarity, technical accuracy, structure and overall competence,
taken from the study of Harari & Zedeck, 1973), on a scale from 1(very poor) to 7 (very good),
which was chosen based on input from existing literature that argues that, in behavior-focused
performance dimensions, evaluations grounded in behaviorally anchored criteria reduce
ambiguity and increase reliability by focusing raters on concrete observable aspects of

performance (Harari & Zedeck, 1973).

Furthermore, three Al feedback conditions were developed, using an Al system
fictionally named TalentScope: a negative condition with uniformly low scores (more
specifically, clarity of explanation: 1/7, technical accuracy: 2/7, structure and organization: 2/7,
overall competence: 1/7), a neutral advice condition with moderately positive scores (more
specifically, clarity of explanation: 4/7, technical accuracy: 5/7, structure and organization: 3/7,
overall competence: 4/7), and a positive advice condition, with uniformly high scores
(specifically, clarity of explanation: 7/7, technical accuracy: 6/7, structure and organization:
6/7, overall competence: 7/7) — these feedback conditions constitute the manipulation of Al

advice, allowing the examination of whether participants’ perceptions of usefulness, ease of
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use, and trust vary as a function of the valence of the advice (i.e., whether the feedback was

negative, neutral, or positive) provided.

TAM-based scales (Davis, 1989), which ranged from 1 (strongly disagree) to 7 (strongly
agree), were also included in the study, more specifically, the scales of perceived usefulness
and perceived ease of use. Also, trust in Al was measured using multiple items assessing
participants’ confidence in and reliance on the Al system with the same likert scale (where 1 =
strongly disagree and 7 = strongly agree). Some examples of these items include: “TalentScope
helped me make a more informed decision” (for perceived usefulness), “It was easy to
understand TalentScope’s advice” (for perceived ease of use) and “I trust that TalentScope

analyzes data fairly” (trust in AI).

In addition, Al familiarity was assessed through self-reported measures of participants’
knowledge, familiarity and frequency of use of Al systems, with a scale ranged from one to ten.
The questions included in this part were: “How would you rate your knowledge of Artificial
Intelligence on a scale of 1 (extremely poor) to 10 (extremely good)?”; “On a scale of 1 (not
very familiar) to 10 (extremely familiar), how familiar are you with the use of AI?”; and “How
often do you use Al systems on a scale from 1 (I never used them, or only used to try it) to 10

(1 use it almost every day)?”

Also, there were several demographic questions asked to the participants: nationality
(with a list of countries), first language (where the options were Portuguese, English, and other,
and this last option required the specification on the language), gender (with the options male,
female and “prefer not to say”), age (with ages ranged between 18 and above 65), and education
level (from less than high school to doctoral degree, with the “other” option, which required

specification).

3.3. Procedure

The experiment started with an informed consent, explaining the objectives of the study
and giving participants the explicit opportunity to decide whether to participate or withdraw
from the study, which they could also do at any time. There were some introductory
demographic questions, asking the participants where they were from and which was their first

language.

Secondly, the scenario was presented — which consisted of the video with a concept

explanation. After that, participants had the opportunity to evaluate the performance of the
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instructor using the performance scales (in order to rate clarity, technical accuracy, structure
and global competence) — followed by an attention check-question, where the respondents were
asked to select “strongly disagree”, from the following set of options: Strongly disagree;

Disagree; Neither agree nor disagree; Agree; Strongly agree.

After that, participants were confronted with one of the three Al feedback conditions,
generated by TalentScope. Participants were then given the chance to change/correct their first
performance evaluation using the same performance scales used before seeing the advice.
Consequently, the main dependent variable is the weight of advice (WOA). This was calculated
using the following formula: (final estimate — initial estimate) / (advice — initial estimate; Bailey
et al., 2023; Yaniv, 2003). This formula was applied separately to each of the four evaluation
criteria assessed by participants (clarity, technical accuracy, structure, and overall competence),
resulting in four distinct WOA scores. To obtain an overall measure of advice-taking, an
aggregated WOA variable was then computed as the average of these four scores (see Appendix

3 for detailed descriptive statistics of the WOA variables).

Next in the questionnaire was manipulation check-question, which asked the participant
about their own assessment of the Al system, and they were asked to rate it using one of three
options: negative, neutral, or positive. Towards the end of the study, participants were asked
the TAM-based and Al familiarity scales. Finally, demographic questions were presented at the
end of the survey, collecting gender, age range and education level, as well as a final optional

feedback text box.
4. Results

The internal consistency of the study measures was assessed using Cronbach’s a. All
constructs demonstrated good reliability, with values exceeding the recommended threshold of
.70 (Bland & Altman, 1997), specifically, WOA (a = .83), while trust in Al (a0 = .97) and
perceived usefulness (o = .96) exhibited a higher internal consistency. The Al-related
familiarity scale also showed satisfactory reliability (a = .87), supporting the use of these

measures in subsequent analyses (see Appendix 4 for the output of the Cronbach’s a analyses).

Bivariate correlations were conducted to examine the relationship between WOA and
potential control variables. In this study, gender, country, and age were included as control
variables. The results indicated that WOA was not significantly associated with gender (» =

—.02, p = .738), country (r = .02, p = .797), or age (r = —.12, p = .091), suggesting that
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demographic factors did not meaningfully influence participants’ responses (see Appendix 5

for the output of the bivariate correlations and with all control variables).

After that, in order to test H1, which proposed that participants would significantly adjust
their performance evaluations after receiving Al-generated advice, a one-sample z-test was
conducted, with 0 as the test value. The results revealed a statistically significant effect, #(216)
=2.46, p = .015, with a mean difference of 0.14 and a 95% confidence interval ranging from
0.03 to 0.25. The effect size was small (Cohen’s d = 0.17). These findings indicate that
participants exhibited a small but significant tendency to adjust their evaluations in line with
Al-generated advice, thereby providing support for H1 (see Appendix 6 for the output of the t-
test analysis - One Sample T-test: H1).

To test H3, which predicted that perceived usefulness and perceived ease of use would be
positively associated with trust in the Al system, a multiple linear regression analysis was
conducted with trust in Al as the dependent variable and perceived usefulness and perceived
ease of use as predictors. The model was statistically significant, (2, 214) = 709.09, p <.001,
explaining 86.9% of the variance in trust in Al. Both perceived usefulness (f = .72, p <.001,
see Figure 1) and perceived ease of use (f =.25, p <.001, see Figure 2) were significant positive
predictors of trust in Al. This result provides strong support for H3, indicating that both
perceived usefulness and perceived ease of use are positively associated with trust in Al

recommendations (eee Appendix 7 for the Multiple Linear Regression analysis for H3).

Finally, to test H2, which suggested that higher levels of trust in the Al system would
strengthen the influence of Al-generated advice on performance evaluations, a linear regression
analysis was conducted with trust in Al as a predictor of willingness to accept Al advice. The
model was statistically significant, F(1, 215) = 4.77, p = .030, although it explained a small
proportion of the variance (R? = .022). Trust in Al was a significant positive predictor of
willingness to accept Al advice (f = .150, p = .030). These findings suggest that higher levels
of trust in the Al system are associated with a greater likelihood of adjusting performance
evaluations in line with Al advice, providing support for H2, despite the small effect size (see
Appendix 8 for the Linear regression analysis for H2). These relationships are further illustrated

in Figures 1-3, presented below.
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Figure 1: Relationship between perceived usefulness and trust in Al
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Figure 2: Relationship between perceived ease of use and trust in Al
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Figure 3: Relationship between trust in Al and WOA
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5. Discussion

The present study aimed to examine how individuals integrate Al-generated advice into
decision-making processes, focusing on the role of perceived usefulness, perceived ease of use,
and trust in shaping willingness to accept Al recommendations in a performance evaluation
context.

Overall, the findings provide consistent support for the proposed model and contribute to a
growing body of research on human—AlI interaction in organizational decision-making. First,
the results showed that participants exhibited a small but significant tendency to adjust their
performance evaluations after receiving Al-generated advice, supporting H1. This finding
suggests that individuals are willing to incorporate algorithmic input into their judgments.

This result is in line with prior research on algorithmic advice-taking (Dietvorst et al., 2015;
Logg et al., 2019), which shows that individuals tend to adjust their judgments in response to
algorithmic recommendations, althought to a limited extent. The relatively small effect size
observed in this study further aligns with the algorithm aversion/appreciation literature,
reinforcing the idea that individuals incorporate Al input into their decisions without fully
deferring to it. In the context of HR decision-making, this partial reliance may reflect the
perceived responsibility and consequences associated with evaluating individuals’
performance.

Regarding H3, the findings showed strong support for the proposed relationships between
perceived usefulness, perceived ease of use, and trust in Al Specifically, both perceived
usefulness and perceived ease of use were significant positive predictors of trust in the Al
system. These results are highly consistent with the Technology Acceptance Model (TAM;
Davis, 1989), reinforcing the idea that users’ perceptions of a system’s usability and utility are
fundamental drivers of trust in Al-based decision support tools.

Finally, the results provided support for H2, indicating that higher levels of trust in Al were
associated with a greater willingness to adjust performance evaluations in line with Al advice.
Although the effect size was relatively small, this finding highlights the role of trust as a key
psychological mechanism underlying Al advice-taking (Mayer et al., 1995). In line with prior
literature (Glikson & Woolley, 2020) trust appears to function as an enabling factor that
increases individuals’ openness to algorithmic input, thereby strengthening the influence of Al

recommendations on decision-making outcomes.

5.1. Implications
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From a theoretical perspective, this research contributes to the literature on Al in HR by
integrating insights from the Technology Acceptance Model (Davis, 1989) with research on
algorithmic advice-taking. In particular, it highlights trust as a central mechanism linking
system perceptions (i.e., usefulness and ease of use) to behavioral outcomes, such as the
acceptance of Al advice. This is consistent with prior research emphasizing trust as a key
determinant of individuals’ willingness to rely on automated systems (Mayer et al., 1995;
Glikson & Woolley, 2020). This contributes to a more comprehensive understanding of how

individuals interact with Al systems in organizational contexts.

From a practical standpoint, the results suggest that organizations aiming to implement Al-
based decision support systems should prioritize not only the technical performance of these
systems but also how they are perceived by users. Ensuring that Al tools are easy to use and
perceived as useful can significantly enhance trust, which in turn increases the likelihood that
employees will follow Al-generated recommendations.

More specifically, prior research suggests that organizations can enhance perceived
usefulness, perceived ease of use, and trust by improving the transparency and explainability
of Al systems, providing clear and understandable justifications for algorithmic
recommendations (Glikson & Woolley, 2020), and allowing users to retain a certain level of
control over the decision-making process, for instance by enabling them to adjust or override
Al suggestions (Dietvorst et al., 2015). Additionally, designing user-friendly interfaces and
reducing the complexity of interactions with Al systems can further support ease of use and
foster more positive user perceptions.

Furthermore, it is also important to note that this study contributes to the integration of Al
systems into an underexplored area of HR contexts, namely performance evaluation. This is
particularly relevant in HR contexts, where resistance to algorithmic decision-making may arise
due to concerns about fairness, accountability, or lack of transparency (Glikson & Woolley,
2020; Leicht-Deobald et al., 2019).

5.2. Limitations and Future Research

Despite its contributions, this study presents several limitations that should be
acknowledged. First, the sample was predominantly composed of participants from a single
country, which may limit the generalizability of the findings. Cultural factors may influence
attitudes toward Al and trust in automated systems, as prior research shows that perceptions of
Al vary across social and contextual environments (Glikson & Woolley, 2020; Araujo et al.,

2020). Future research should examine more diverse samples.
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Second, the study relied on a scenario-based between-subjects design, which, while useful
for controlling variables, may not fully capture the complexity of real-world HR decision-
making. Participants’ responses may differ in actual organizational settings. Future research
could address this limitation by conducting studies in real organizational environments,
allowing for a more valid assessment of how individuals respond to Al-generated advice in
performance evaluation contexts, as prior research highlights the importance of field studies for
enhancing external validity (Aguinis & Bradley, 2014).

Third, although trust in AI was found to predict willingness to accept Al advice, the effect
size was relatively small. This suggests that other factors not included in the model—such as
perceived fairness, transparency, or individual differences—may also play an important role in
shaping Al advice-taking behavior (Glikson & Woolley, 2020; Leicht-Deobald et al., 2019).
Future research should explore these additional variables to develop a more comprehensive
model. Additionally, although the study included different Al advice conditions, the potential
effect of advice valence on advice-taking behavior was not explicitly examined. Future research
could explore this aspect by directly.

Finally, an additional limitation relates to the correlational nature of the relationships
examined in this study, which does not allow for definitive conclusions regarding causality.
Although the findings suggest that perceived usefulness and perceived ease of use are
associated with trust in Al, and that trust in turn is linked to willingness to accept Al advice,
the direction of these relationships cannot be conclusively determined.

While the Technology Acceptance Model (TAM) traditionally assumes that perceived
usefulness and perceived ease of use influence user responses, it is also plausible that trust in
the system may shape individuals’ perceptions of its usefulness and ease of use. For instance,
individuals who trust an Al system may be more likely to perceive it as useful and easy to use,
just as positive experiences with its usefulness and ease of use may foster greater trust.

These findings highlight the possibility of bidirectional relationships among these variables.
Future research should address this limitation by experimentally manipulating trust, perceived
usefulness, and perceived ease of use to better understand the causal direction and potential

bidirectionality of these relationships.

6. Conclusion

In conclusion, this study provides evidence that individuals are willing to adjust their

decisions in response to Al-generated advice, although to a limited extent. It further
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demonstrates that trust in Al plays a key role in this process and is strongly influenced by
perceived usefulness and ease of use. By integrating perspectives from technology acceptance
and decision-making research, this study contributes to a better understanding of how Al
systems are adopted and used in HR contexts. As organizations increasingly rely on Al-driven
tools, understanding the factors that shape trust and advice-taking will become essential for

ensuring effective and responsible implementation.
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Appendix

Appendix 1: Frequency tables — participant removal and validation

Estatisticas

attcheck_valid
="correct' AMND

Finished =1

Terminado  att_check_valid (FILTER)
N Walido My 217 217
Omisso 0 0 a

attcheck_valid = "correct”
AND Finished = 1 (FILTER)

M %

Selected 217 100,0%

Appendix 2: Frequency tables — categorical variables

List of Countries

FPorcentagem Porcentagem
Frequéncia Porcentagem valida acumulativa
Walido Austria 1 5 A ]
France 1 i 5 9
Germany 3 14 1.4 23
Partugal 210 96,8 96 8 891
United Kingdom of Great 2 ] 9 1000
Britain and Morthern
Ireland

- amAn PRI

‘FrequenTc-;l-lTable 1: List of Countries

What is your first language? - Selected Choice

Paorcentagem Parcentagem

Frequéncia Porcentagem valida acumulativa
Valido Poruguese 210 a6 8 96 8 4G 8
English 2 4 4 87,7
Other 5 23 23 100,0
Tatal 217 100,0 100,0

Frequency Table 2: First Language

What is your gender?
Porcentagem Parcentagem
Frequéncia Porcentagem valida acumulativa
Valida Male a5 438 438 438
Female 122 56,2 56,2 100,0
Total 217 100,0 100,0

Frequency Table 3: Gender
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How old are you?

Forcentagem Porcentagem
Fregquéncia  Porcentagem valida acumulativa
Walido  Under18 1 4] A i
18-24 years old 81 37.3 373 378
25-34 years old 42 194 184 71
35-44 years old 28 129 12,9 70,0
45-54 years old 27 124 124 825
55-64 years old an 138 13,8 96,3
G5+ years old B 3.0 37 100,0
Total 217 100,0 1000

Frequency Table 4: Age

What's the highest level of education you achieved? - Selected Choice

Forcentagem Parcentagem
Frequéncia Porcentagem valida acumulativa
Valido Lessthan High School 1 B 3 B
High Schoal 27 12,4 12,4 128
Bachelor's degree a6 39,6 396 525
Master's deg_ree 24 387 38,7 912
Doctoral degree 17 7.8 7.8 981
Other 2 4 49 100,0
Total 2117 100,0 100,0
Frequency Table 5: Education level
Appendix 3: Weight of Advice
Estatisticas
WOA_1 WOA_2Z  WOA 3 WOA 4 WOA_mean
M Valido 206 209 210 205 217
Omisso 11 8 12 0

Appendix 4: Cronbach’s alpha

Estatisticas de
confiabilidade

Alfa de

Cronbach

M de itens

(831 4

Cronbach’s alpha 1: WOA

Estatisticas de confiabilidade

Alfa de
Cronbach com

Alfa de hase emitens
Cronhach padronizados N de itens
66 66

Cronbach’s alpha 2: Trust in Al



Estatisticas de confiabilidade

Alfa de
Cronbach com
Alfa de hase em itens
Cronbach padronizados M deitens
JBE5 B2 3

Cronbach’s alpha 3: Al familiarity scales

Estatisticas de confiabilidade

Alfa de
Cronbach com
Alfa de hase em itens
Cronbach padronizados  Nde itens
959 959 3

Cronbach’s alpha 4: PU

Appendix 5: Bivariate Correlations

Estatisticas
WOA_mean
i Walido P
Omissa 0
Media 1383
Erro Desvyio 83556
Descriptive Statistics 1: WOA's
Mean and SD
Correlagdes
Gender
WOA_mean dummy country dummy Age
WOA_mean Caorrelagdo de Pearson L -023 018 -115
Sig, (2 extremidades) ,_738 ,TQ_T 081
M 217 217 217 217
Gender dummy Correlacdo de Pearson -,0_23 1 —,D[_]3 ar7n
Sig. (2 extremidades) 738 860 306
N 17 17 17 217
country dummy  Correlagdo de Pearson 018 -,003 4 AR
Sig, (2 extremidades) ,T_Q?_ R:Liln] oar
N 217 217 217 217
Age Correlagdo de Pearsan - 115 ,D?O 13 1
Sig. (2 extremidades) 091 306 ,097
N 217 217 217 17

Bivariate Correlations 1

Appendix 6: One Sample T-test for H1

Teste de uma amostra

Walorde Teste=10

95% Intervalo de Confianga da

Significancia Difersnga Diferenga
t df Unilateral p  Bilateral p média Inferiar Superiar
WOA_mean 2,456 2186 007 015 ,135830 0275 2511
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Tamanhos de efeitos de amostra
Intervalo de Confianga 95%

Padronizador® Infarior Superior
WOA_mean dde Cohen 83556 67 033 301
Corregdo de Hedges 83848 66 03z ,299

a. O denominador usado na estimativa dos tamanhos dos efeitos.
O d de Cohen usa o desvio padrio de amostra.
Acorregdo de Hedges usa o desvio padrio de amostra, além de um fator de corregdo.

Appendix 7: Multiple Linear Regression analysis for H3

Variaveis Inseridas/Removidas®

Varidveis Variaveis
Modelo inseridas removidas Métoda
1 PEOU_Mean, . Inserir
F’U_I'u'leanh

a. Wariavel Dependente: TrustAl_Mean
b. Todas as varidveis solicitadas inseridas.
Resumo do modelo

R quadrado Erro padrao da
Modelo R R guadrado ajustado estimativa

1 93279 BE9 868 58493
a. Preditores: (Constante), PEQU_Mean, FU_Mean

ANOVA?
Soma dos Quadrado
Modelo Quadrados df MéEdio F Sig.
1 Regressao 485217 2 242609 709,090 <001"
Residuo 73,218 214 342
Total 558,435 218

3. Variavel Dependente: TrustAl_Mean
h. Preditores: (Constante), PEQU_Mean, PU_Mean
Coeficientes”

Coeficientes
Coeficientes ndo padronizados  padronizados

Madelo B Erro Erro Beta t Sig.

1 (Constante) 043 139 310 J57
PU_Mean 725 043 722 16,834 =,001
PEOU_Mean 248 043 245 5711 <001

a. Variavel Dependente: TrustAl_Mean

Appendix 8: Linear regression analysis for H2

Variaveis Inseridas/Removidas®

Varidveis Variaveis
Modelo inseridas remaovidas Método
1 Trustﬁl_l‘u‘leanh . Inserir

a. Variavel Dependente: WOA_mean
b. Todas as variaveis solicitadas inseridas.

34



Resumo do modelo

R quadrado Erro padréo da
Modelo R R quadradao ajustado estimativa
1 1472 022 017 82837
a Preditores: (Constante), TrustAl_Mean
ANOVA?
Soma dos Quadrado
Modelo Quadrados df Média F Sig.
1 Regressao 3,270 1 3,270 4 766 ,E.'IBIIJh
Residuo 147 533 215 JGEE
Total 150,803 216
a. Variavel Dependente: WOA_mean
b. Preditores: (Constante), TrustAl_Mean
Coeficientes®
Coeficientes
Coeficientes ndo padronizados  padronizados
Modelo B Erro Erro Beta t Sig.
1 (Constante) -,230 7R -1,289 199
TrustAl_Mean o077 035 147 2183 030

a. Variavel Dependente: WOA_mean
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