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ABSTRACT

The rapid integration of Generative Artificial Intelligence (Gen Al) technologies, particularly ChatGPT,
in organizational settings has necessitated a reevaluation of existing models of Al adoption. This study
extends the Pre-Adoptive Appraisal Model towards Al (PAMAI) by incorporating concepts of Task-
Technology Fit (TTF), Al Empowerment, and Career Advancement Intentions, to provide a more
comprehensive understanding of employee attitudes and behaviors towards ChatGPT (Al) adoption.
Using a sample of 133 professionals, this research employed Partial Least Squares Structural Equation
Modeling (PLS-SEM) to test the proposed model. The findings reveal that Task-Technology Fit
significantly influences both Affective and Cognitive Attitudes towards ChatGPT (Al). These attitudes,
in turn, positively impact Al Empowerment, which strongly predicts Intention to Use ChatGPT (Al) and
Intention to Advance Career. Notably, Al Empowerment also shows a positive relationship with
Intention to Leave Organization, highlighting the complex implications of ChatGPT (Al) adoption for
talent retention. The study makes several theoretical contributions, including the validation of Al
Empowerment as a crucial construct in the pre-adoptive appraisal process, and the integration of
Career Construction Theory into ChatGPT (Al) adoption research. Practically, the findings emphasize
the importance of aligning ChatGPT capabilities with job requirements, addressing employee concerns,
and developing strategies to retain Al-empowered talent. This research provides valuable insights for
organizations implementing Gen Al technologies, highlighting the need for a holistic approach that
balances technological integration with employee empowerment and career development.

KEYWORDS

Generative Al, ChatGPT, Pre-adoptive Appraisal, Task-Technology Fit, Al Empowerment,
Career Advancement, Cognitive Appraisal Theory, Career Construction Theory, Employee
Attitudes, Individual Adoption, Workplace Al, Human-Al Collaboration, Technology
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1. INTRODUCTION

The rapid advancement and integration of Generative Artificial Intelligence (Gen Al) technologies in
the workplace have necessitated a reevaluation of existing theories, models, and assumptions related
to Al introduction and adoption in organizations (McKinsey & Company, 2024). Al agents like ChatGPT
have emerged as powerful tools for employees to reshape various aspects of their work, improve
productivity, enhance creativity, and facilitate decision-making processes (Dell’ et al., 2023). As
organizations increasingly adopt such technologies, understanding the factors that influence employee
attitudes and behaviors towards ChatGPT (Al) becomes crucial for successful implementation and long-
term organizational success.

Previous research has laid the groundwork for understanding the framework for pre-adoptive
appraisal of employees towards Al technologies. The proposed Pre-Adoptive Appraisal Model towards
Al (PAMAI) offers valuable insights into how employees evaluate Al technologies before their
implementation in organizations (Chiu et al., 2021). However, most prior appraisal studies focused on
enterprise forms of Al (Abdullah & Fakieh, 2020; Ardon & Schmidt, 2020; Brougham & Haar, 2018; Chiu
etal., 2021) and have not accounted for the new perceptions, attitudes, and behavioral responses that
Generative Al has the potential to elicit in users due to its advanced cognitive and anthropomorphic
characteristics (Dell’ et al., 2023). There is a need to refine and extend existing models to capture the
new dimensions of ChatGPT (Al) adoption in contemporary organizational settings.

This study aims to extend the existing PAMAI model through the integration of new concepts: Task-
Technology Fit (TTF) (Oliveira et al., 2014), Al Empowerment (Brynjolfsson & McAfee, 2014), and
Career Advancement Intentions (Savickas & Porfeli, 2012). By doing so, this research seeks to provide
a more comprehensive understanding of how employees appraise and respond to ChatGPT in a
professional context. Through TTF theory (Goodhue & Thompson, 1995), we introduce practical
knowledge (Oliveira et al., 2014) of ChatGPT (Al) to examine how the alignment between ChatGPT (Al)
capabilities and job requirements influences employees' attitudes. Furthermore, this research seeks
empirical evidence that Al Empowerment is one of the cognitive outcomes associated with ChatGPT
(Al) and explores how it influences employee career trajectories and organizational retention.

Our research is provides considerable contributions to both theoretical understanding and practical
application in the domain of ChatGPT (Al) adoption. It offers valuable insights for organizations seeking
to implement Generative Al technologies effectively while fostering employee growth and satisfaction.
Moreover, it provides beacons for future research into cognitive and behavioral dimensions of Al
Empowerment and human-Al collaboration.

The Thesis is structured as follows. Chapter 2 presents the theoretical foundations underpinning this
research, including Cognitive Appraisal Theory, Task-Technology Fit Theory, Al Empowerment, and
Career Construction Theory. Chapter 3 introduces the research model and hypotheses, detailing the
conceptual model, new constructs, and proposed relationships. Chapter 4 outlines the methodology
employed, including data collection methods, measurement of constructs, and control variables.
Chapter 5 presents the analyses and results, covering sample size determination, measurement model
testing, and structural model testing. Chapter 6 discusses the interpretation of findings, contributions
to research, and implications for practice. Chapter 7 addresses the limitations of the study and suggests
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directions for future research. Finally, Chapter 8 concludes the thesis with final thoughts about the
research.



2. THEORETICAL FOUNDATIONS - LITERATURE REVIEW

This study draws on four key theoretical frameworks to understand employees' pre-adoptive appraisal
of ChatGPT in organizations: Cognitive Appraisal Theory, Task-Technology Fit Theory, Al Empowerment
theoretical assumptions and Career Construction Theory. These theories provide complementary
perspectives on how individuals evaluate and respond to rapid Generative Al (ChatGPT) adoption.

2.1. COGNITIVE APPRAISAL THEORY

Cognitive Appraisal Theory (CAT) is instrumental in understanding the cognitive processes that
influence individuals' emotional and behavioral reactions to events (Lazarus & Folkman, 1984). CAT
asserts that these reactions are shaped by how individuals appraise the significance of events for their
well-being, particularly in stressful or challenging contexts. CAT distinguishes between two types of
appraisals: primary and secondary. Primary appraisal involves assessing whether an event is perceived
as beneficial, threatening, or irrelevant to one's well-being. Secondary appraisal involves evaluating
one's ability to cope with or manage the implications of the event (Lazarus & Folkman, 1984). These
cognitive appraisals concepts are pivotal in determining the resultant emotional and behavioral
responses in people. That is why they beacame pivotal in appraisal research of employees' perceptions,
attitudes and intentions towards adoption of Al technlogies within organizations (Chiu et al., 2021).
Prior PAMAI research used CAT to validate the importance of dissecting employees' cognitive
processes towards Al, into affective (feeling) and cognitive (thinking) attitudes, and successfully
demonstrated how these attitudes influence behavioural intentions associated with Al technology
(Chiu et al., 2021). Our research also leverages CAT and attempts to extend PAMAI with deeper insights
into the cognitive and emotional mechanisms that drive employees' attitudes and intentions towards
Generative Al (ChatGPT) technologies.

2.2. TASK-TECHNOLOGY FIT (TTF) THEORY

Task-Technology Fit (TTF) Theory provides a foundational framework for understanding how the
alignment between technology capabilities and task requirements influences individual performance
and technology utilization (Goodhue & Thompson, 1995). Integrated TTF with the Technology
Acceptance Model (TAM), underscores the importance of perceived fit in shaping users’ attitudes and
intentions to use technology (Dishaw & Strong, 1999). Combination of TTF with the Unified Theory of
Acceptance and Use of Technology (UTAUT) and the Initial Trust Model (ITM) in mobile banking
adoption research (Oliveira et al., 2014) also supports our introduction of TTF into PAMAI to investigate
how task-technology fit shapes shape employees’ attitudes and intentions towards ChatGPT.

ChatGPT capability has an opaque and "jagged technological frontier" that can improve as well as
hinder employees’ performance. Some tasks are easily performed by ChatGPT while others, seemingly
similar in difficulty, are beyond its current abilities (Dell’ et al., 2023). This ambuguity underscores the
importance of using TTF dimensions in our research for the appraisal of employee practical knowledge
(Oliveira et al., 2014). It enables us to discover how do the technologcial characteristics of ChatGPT
align with various job tasks, and how does the resulting task-technology fit (TTF construct) influences
their attitudes and intentions of employees’ towards this emerging technology.



2.3. Al EMPOWERMENT

Al Empowerment, while not formally established as a singular theoretical framework, represents a
convergence of scholarly perspectives on how Al technologies enhance employee capabilities and
autonomy. Brynjolfsson and McAfee argue that digital technologies, including Al, augment employee
skills and productivity, thereby fostering innovation (Brynjolfsson & McAfee, 2014). Davenport and
Kirby highlight the symbiotic relationship between humans and Al, where Al handles routine tasks,
allowing employees to focus on higher-value activities (Davenport & Kirby, 2016). Daugherty and
Wilson introduced the concept of "Collaborative Intelligence," emphasizing the complementary
strengths of humans and Al, leading to improved decision-making and innovation (Daugherty & Wilson,
2018). Central to this concept is empowerment itself, which involves granting employees greater
control over their work, enhancing decision-making capabilities, and fostering a sense of autonomy
and innovation (Thomas & Velthouse, 1990). Empowerment through Al aims to improve access to
information, provide robust decision support, automate routine tasks, and enable employees to focus
on complex and creative activities (Wilson et al., 2017). This research argues that these Al
Empowerment postulates impact employee perceptions, attitudes and intentions towards ChatGPT
(Al) and should be considered for appraisal within PAMAI.

2.4. CAREER CONSTRUCTION THEORY

Career Construction Theory (CCT), developed by Mark Savickas, explains how individuals shape their
careers through personal narratives and proactive behaviors (Savickas, 2005). Core Constructs in CCT:
(1) Career Adaptability, which includes concern, control, curiosity, and confidence—traits that help
individuals manage career changes (Savickas & Porfeli, 2012); (2) Vocational Personality, which
encompasses an individual's career-related abilities, needs, values, and interests, that guide career
choices (Savickas, 2013); (3) Life Themes - these are overarching narratives that give meaning to career
decisions, explaining why individuals make certain career choices (Savickas, 2005). These constructs
drive proactive career behaviors, such as seeking new skills and exploring opportunities, which are
essential for navigating career paths (Seibert et al., 2001). Proficiency with Al tools like ChatGPT
facilitates role expansion, continuous learning, and professional growth, reflecting CCT’s emphasis on
proactive adaptation (Savickas & Porfeli, 2012; Savickas, 2005). By leveraging CCT, this research aims
to examine how employees' perceptions of Al technologies like ChatGPT shape their career aspirations
and behaviors, emphasizing the theory’s relevance in an Al-driven work environment.



3. RESEARCH MODEL AND HYPOTHESES

3.1. CONCEPTUAL MODEL

The conceptual model proposed in this study (Figure 1) extends the pre-adoptive appraisal model
(PAMAI) (Chiu et al., 2021) (Figure 2), and comprises four main stages: (1) Appraisal - factors influencing
employees’ initial evaluation of ChatGPT, (2) Attitudes - affective and cognitive attitudes of employees
towards ChatGPT, (3) Al Empowerment - outcomes related to the empowerment provided by ChatGPT,
and (4) Behavioral Responses - employees’ behavioral responses to ChatGPT. This study introduces
three core changes to the original PAMAI through new constructs: (1) Task-Technology Fit (TTF)
(Oliveira et al., 2014) at the Appraisal stage, (2) Al Empowerment at the Al Empowerment stage, and
(3) Intention to Advance Career at the Behavioral Response stage. The significance of this model lies
in its effort to advance the theoretical domain of cognitive appraisal towards Al and to provide a more
holistic framework for understanding employees' responses to emergent technologies like ChatGPT. It
aims to demonstrate the relevance of TTF Theory (practical knowledge) alongside the concepts of Al
Empowerment and career aspirations (Intention to Advance Career) in the pre-adoptive appraisal
process by organizations. This conceptual model also lays the groundwork for future research to
integrate additional theories, such as UTAUT2 (Venkatesh et al., 2012) and DOI (Rogers et al., 2014),
enriching the theoretical landscape of Al adoption studies. Practically, organizations can leverage this
model to gain deeper insights into employees' attitudes towards Al, enabling more targeted
interventions and support strategies that facilitate smoother integration of Al technologies while
enhancing employee satisfaction.

3.2. NEw CONSTRUCTS

3.2.1. Task-Technology Fit (TTF):

Reinventing Employee Knowledge Construct: Prior PAMAI research (Chiu et al., 2021) emphasized the
importance of employee knowledge in shaping attitudes towards Al adoption (E. M. Rogers, 2003;
Klerck & Sweeney, 2007), their results revealed challenges in measuring this construct, particularly for
complex technologies like Al. They noted that subjective knowledge measures might be unstable or
distorted when the subject matter is difficult to grasp (Carlson et al., 2009; Klerck & Sweeney, 2007).
To addresses the limitations identified in prior PAMAI research, where the expected relationship
between subjective employee knowledge and attitudes was not confirmed (Chiu et al., 2021), we are
repleacing it with practical knowledge, represented by Task-Technology Fit (TTF) constructs (Oliveira
et al., 2014). By employing TTF, we aim to explore practical dimension of employee knowledge - how
well Al technology aligns with and supports specific job tasks. This approach addresses the call for
exploring alternative measures of employee understanding of Al applications and capabilities (Chiu et
al., 2021; Dell’ et al., 2023).

Our operationalization of TTF focuses on three key dimensions:
1. Task Characteristics (TaskC): Measures the nature and requirements of work tasks, including

the need for quick information access, synthesis of information, rapid responses to inquiries,
and handling of specialized language.



2. Technology Characteristics (TC): Assesses ChatGPT's capabilities in providing quick access to
information, improving efficiency in documentation, automating routine tasks, and handling
specialized knowledge.

3. Task-Technology Fit (TTF): Evaluates the alighment between task requirements and ChatGPT's
capabilities, including its support for informed decision-making, efficiency in documentation,
workload management, and handling of specialized information.

Proof of Concept (PoC) for Adoption Theories: Successful integration of TTF with relevant constructs
within the pre-adoptive appraisal model aims to demonstrate the applicability of TTF in organisational
appraisal of employees towards Al technologies like ChatGPT. Furthermore, it will serve as a proof of
concept for future research to incorporate other contemporary adoption theories, Unified Theory of
Acceptance and Use of Technology 2 (UTAUT2) (Venkatesh et al., 2012), Diffusion of Innovations (DOI)
theory (E. M. Rogers, 2003) and others into PAMAI (Pre-adoptive Appraisal Model towards Al) (Table
1.).

Table 1 - Summary of Adoption Models at Individual Level

Theory/Model

Constructs

Citation

Diffusion Innovation Theory
(IDT)

Theory of Reasoned Action
(TRA)

Theory of Interpersonal
Behavior (TIB)

Social Cognitive Theory (SCT)
Technology Acceptance
Model (TAM)

Theory of Planned Behavior
(TPB)

Task-Technology Fit (TTF)

Unified Theory of
Acceptance and Use of
Technology (UTAUT)

Unified Theory of
Acceptance and Use of
Technology 2 (UTAUT2)

Relative Advantage, Compatibility,
Complexity, Trialability, Observability

Attitude, Subjective Norms, Behavioral
Intention

Affective Response, Social Factors,
Habitual Behavior

Behavioral, Personal, and Environmental
Factors

Perceived Usefulness, Perceived Ease of
Use, Attitude, Behavioral Intention

Attitude, Subjective Norms, Perceived
Behavioral Control, Behavioral Intention

Task Characteristics, Technology
Characteristics, Task-Technology Fit

Performance Expectancy, Effort
Expectancy, Social Influence, Facilitating
Conditions

Performance Expectancy, Effort
Expectancy, Social Influence, Facilitating
Conditions, Hedonic Motivation, Price
Value, Habit

Rogers (1962)

Fishbein and Ajzen
(1975)

Triandis (1977)

Bandura (1986)

Davis (1989)

Ajzen (1991)

Goodhue and
Thompson (1995)

Venkatesh et al.
(2003)

Venkatesh et al.
(2012)

3.2.2. Al Empowerment:

Result of Task-Technology Fit: The introduction of Al Empowerment as a construct in our model
extends the concept of coping resources in Cognitive Appraisal Theory (CAT) beyond mere knowledge.
It captures the transformative potential of Al technologies in enhancing employee capabilities and
autonomy, as highlighted by recent research on Large Language Models (LLMs) and conversational Al
systems like ChatGPT (Dell’ et al., 2023; Gkinko & Elbanna, 2023). Al Empowerment construct is
proposed as a potential outcome of attitudes that are shaped by Task-Technology Fit (TTF) and can
create symbiotic relationships between humans and Al (GhatGPT) (Daugherty & Wilson, 2018). It aims
to capture how ChatGPT, when well-aligned with job tasks (TTF), might enhance employees' perceived
control, decision-making capabilities, and innovative potential in an Al-enhanced work environment
(Wilson et al., 2017; Brynjolfsson & McAfee, 2014; Davenport & Kirby, 2016; Dell’ et al., 2023). And



how the later augmentation with ChatGPT’s capabilities influences employees' behavioral responses.
This construct aims to explain the technical aspects of Al adoption (represented by TTF) and the
consequent psychological and behavioral outcomes.

Our operationalization of Al Empowerment focuses on: (1) Enhanced Problem-Solving Abilities:
Assessing employees' perceptions of how ChatGPT improves their capacity to tackle complex issues;
(2) Elevated Professional Status: Measuring the extent to which employees feel ChatGPT enhances
their professional standing and expertise; (3) Accelerated Skill Development: Evaluating employees'
views on how ChatGPT facilitates rapid acquisition of new skills and knowledge; (4) Increased
Adaptability: Gauging employees' sense of improved flexibility and responsiveness in their work due
to ChatGPT. This approach aligns with the vision of Al as a technology that augments human
capabilities (Brynjolfsson & McAfee, 2014) and reimagines work processes (Davenport & Kirby, 2016).

3.2.3. Intention to Advance Career:

New Behavioral Response Construct: Intention to Advance Career construct aims to capture the
proactive efforts of individuals to progress in their professional lives during rapid individual Al
adoption. This construct reflects employees' desires and plans to enhance their career trajectories
within their current organization or elsewhere (Kraimer et al., 2011). Al technologies like ChatGPT
could significantly impact career development by reshaping job roles, skill requirements, and future
career prospects (Sgaramella et al.,, 2023). Al (ChatGPT) could act as a career catalyst, enabling
employees to leverage Al proficiency for career advancement and proactive career management
(Wang & Li, 2024). By introducing Career Construction Theory (CCT) (Savickas, 2005) through the
Intention to Advance Career construct, we aim to gain insights into how Al technologies like ChatGPT
shape employees' career aspirations and proactive career behaviors in an increasingly Al-driven work
environment.

Our operationalization of Career Advancement Intentions focuses on: (1) Role Expansion: Assessing
employees' perceptions of how their proficiency with ChatGPT enables them to seek new roles and
responsibilities; (2) Career Reimagination: Measuring the extent to which employees believe ChatGPT
is reshaping their career plans and opportunities; (3) Professional Growth: Evaluating employees' views
on the importance of ChatGPT for their professional development and career growth; (4)
Organizational Recognition: Gauging employees' expectations that their ability to effectively use
ChatGPT will be valued and recognized within their organization.

The operationalization of this construct draws upon established career development literature on
proactive career behaviors, emphasizing continuous learning and skill development for career success
(Seibert et al., 2001; Sgaramella et al., 2023).
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Figure 1: Pre-adoptive Appraisal of ChatGPT Research Model

3.3. HYPOTHESES

Hypothesis 1: Task Characteristics (TaskC) and Technology Characteristics (TC) positively influence
Task-Technology Fit (TTF).

Drawing from Task-Technology Fit Theory and research (Goodhue & Thompson, 1995; Oliveira et al.,
2014) we posit that the alignment between task requirements and ChatGPT's capabilities is crucial for
employee appraisal. When job tasks (TaskC) align well with ChatGPT's features (TC), employees are
more likely to perceive a good fit. Therefore, we hypothesize that both Task Characteristics (H1a) and
Technology Characteristics (H1b) will positively influence Task-Technology Fit.

Hypothesis 2: Task-Technology Fit (TTF) positively influences Affective Attitude (AA) and Cognitive
Attitude (CA) towards ChatGPT.

Building on Cognitive Appraisal Theory (Lazarus & Folkman, 1984) and the integration of TTF with
technology acceptance models (Dishaw & Strong, 1999), we propose that a strong perceived fit
between ChatGPT and job tasks will foster positive attitudes. This influence is expected to impact both
affective (feelings) and cognitive (thoughts) components of employees' attitudes. Thus, we
hypothesize that Task-Technology Fit will positively influence Affective Attitude (H2a) and Cognitive
Attitude (H2b) towards ChatGPT.

Hypothesis 3: Anticipated Adverse Outcomes (AAO) negatively influence Affective Attitude (AA) and
Cognitive Attitude (CA) towards ChatGPT.

Consistent with Cognitive Appraisal Theory's concept of primary appraisal (Folkman et al., 1986) and
the results of the latest research, employees' concerns about potential negative consequences of
ChatGPT adoption can lead to less favorable attitudes. These concerns are likely to impact both
affective and cognitive components of employees' attitudes (Chiu et al.,, 2021). Therefore, we
hypothesize that Anticipated Adverse Outcomes will negatively influence Affective Attitude (H3a) and
Cognitive Attitude (H3b) towards ChatGPT.



Hypothesis 4: Affective Attitude (AA) and Cognitive Attitude (CA) positively influence Al Empowerment
(AIE).

Drawing from Al Empowerment perspectives (Brynjolfsson & McAfee, 2014; Davenport & Kirby, 2016;
Daugherty & Wilson, 2018) we propose that positive attitudes towards ChatGPT will enhance
employees' sense of empowerment. When employees have favorable emotional responses and
rational evaluations of ChatGPT, they are more likely to perceive enhanced capabilities and
opportunities for growth. Thus, we hypothesize that Affective Attitude (H4a) and Cognitive Attitude
(H4b) will positively influence Al Empowerment.

Hypothesis 5: Al Empowerment (AIE) positively influences Intention to Use ChatGPT (ITU), Intention
to Advance Career (IAC), and Intention to Leave the Organization (ILO).

Building on Al Empowerment concepts and Career Construction Theory (Savickas, 2005), we anticipate
that when employees feel empowered by ChatGPT, they are more likely to intend to use the
technology (H5a). Additionally, Al Empowerment may inspire employees to proactively plan for career
advancement (H5b), aligning with CCT's emphasis on career adaptability and proactive behaviors
(Savickas & Porfeli, 2012). However, highly empowered employees might also consider exploring
opportunities outside their current organization (H5c), particularly if they perceive a mismatch
between their enhanced capabilities and organizational recognition (Tambe et al., 2019).



4. METHODOLOGY

4.1. DATA COLLECTION

An online survey was conducted to collect data from employees across various industries in different
countries, mostly the EU. The survey was distributed primarily through LinkedIn, targeting
professionals with diverse backgrounds and experiences with Al Agents like ChatGPT. Participants were
invited to take part in the study through direct messages and posts on relevant LinkedIn groups. The
survey was hosted on Qualtrics, and responses were collected over a period of 3 weeks in May in 2024.

A pilot of 30 responses was initially conducted to test the model and constructs. No issues were
discovered. Then a total of 175 responses were received, out of which 133 complete and valid
responses were retained after data cleaning. The cleaning process involved removing incomplete
responses, duplicates, and responses with inconsistent or illogical data patterns. The final sample size
of 133 was statistically validated to be sufficient for the purposes of this study, considering the
complexity of the research model and the use of PLS-SEM for data analysis (Hair et al., 2011).

4.2. MEASURE OF CONSTRUCTS

The survey questionnaire was structured to reflect the stages of the Research Model (Appraisal,
Attitudes, Al Empowerment, Behavioral Intentions). All constructs were measured using multiple items
on a 7-point Likert scale, ranging from 1 (strongly disagree) to 7 (strongly agree). Survey Instrument
(Table 2) was developed using validated scales from previous research, adapted to the context of Al
adoption and ChatGPT use. The sections and their corresponding constructs are as follows:

Appraisal:
1. Task Characteristics (TaskC) - adapted (Oliveira et al., 2014)
2. Technology Characteristics (TC) - adapted (Oliveira et al., 2014)
3. Task-Technology Fit (TTF) - adapted (Oliveira et al., 2014)
4. Anticipated Adverse Outcomes (AAO) - adapted (Chiu et al., 2021)
Attitudes:
5. Affective Attitude (AA) - adapted (Chiu et al., 2021)
6. Cognitive Attitude (CA) - adapted (Chiu et al., 2021)
Al Empowerment:
7. Al Empowerment (AIE) - (self-developed)
Behavioral Intentions:
8. Intention to Use ChatGPT (ITU) - adapted (Chiu et al., 2021)
9. Career Advancement Intentions (CAl) - adapted (Sgaramella et al., 2023)
10. Intention to Leave Organization (ILO) - adapted (Tambe et al., 2019).

The reliability and validity of these measures were assessed using established procedures in PLS-SEM,

including composite reliability, convergent validity, and discriminant validity tests (Hair et al., 2017).
The results of these tests are presented in the Analysis and Results section.
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4.3. CONTROL VARIABLES

The survey collected data on several control variables to contextualize the analysis (Table 3).

Most of the control variables were not significant in statistical analysis, however they provided

important insights into the diverse backgrounds and contexts of the respondents, ensuring a
comprehensive analysis of the data.

Table 2 - Instrument Table

TaskC2. | regularly synthesize information from
various sources to produce reports or presentations.

TaskC3. | need quick and accurate responses to work-
related inquiries.

TaskC4. | need to perform tasks that involve
interpreting or using technical or specialized language.

Technology
Characteristics

TC1. ChatGPT provides quick access to information for
decision-making process.

TC2.ChatGPT improves efficiency when preparing
comprehensive work-related documentation.

TC3. ChatGPT reduces workload by automating
routine tasks.

TC4. ChatGPT is good at translating languages and
information that requires specialized knowledge.

Task-Technology
Fit

TTF1. The information retrieval capabilities of ChatGPT
align well with my needs for making informed
decisions.

TTF2. ChatGPT improves my efficiency in preparing
comprehensive work-related documentation.

TTF3. ChatGPT supports me in managing my workload
by automating routine tasks.

TTF4. ChatGPT helps me with language translation,
and understanding information that requires
specialized knowledge.

Constructs Dimension Item Source
Employee Task TaskC1. | need to quickly access and analyze Adapted (Oliveira et al., 2014)
Knowledge of Al | Characteristics information to make informed decisions at work.

Anticipated Adverse Outcomes

AAO 1. | am concerned that the skills required for my
job might change.

AAO 2. | am concerned my job will become less
secure.

AAO 3. | am concerned there will be fewer jobs for
humans.

AAO 4. I'm concerned there will be less human to
human interaction.

Adapted (Chiu et al., 2021)

Al Empowerment:

AIE 1. ChatGPT has enhanced my ability to solve
problems creatively and to innovate beyond my usual
capabilities.

AIE 2. The skills I've developed with ChatGPT have
raised my professional status on the job market.

AIE 3. Thanks to ChatGPT, | feel more skilled and
capable in my professional role.

AIE 4. My experience with ChatGPT has made me
more adaptable to technological changes in my field.

Self-developed

Affective Attitude

AA 1. | feel towards ChatGPT (Annoyed - Happy).

AA 2. My sentiment towards ChatGPT (Negative -
Positive).

AA 3. My overall emotions about ChatGPT (Bad -
Good).

(Chiu et al., 2021)

Coghnitive Attitude

CA 1. | think ChatGPT is (Foolish - Wise).

(Chiu et al., 2021)
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CA 2. | think ChatGPT is (Harmful - Beneficial).

CA 3. | think ChatGPT is (Worthless - Valuable).

Intention to use ChatGPT

ITU 1. For professional education and knowledge
building.

ITU 2. Integrate into my workflow to improve the
quality of my work outputs.

ITU 3. To streamline administrative tasks and free up
time for more strategic work.

ITU 4. To enhance my understanding of complex
topics in my field.

ITU 5. Share positive experiences and best practices of
using ChatGPT with my peers.

Adapted (Chiu et al., 2021)

Intention to Advance Career

CAl 1. My proficiency with ChatGPT enables me to
seek new roles and responsibilities.

CAI 2. ChatGPT is reinventing my career plans and
opportunities.

CAI 3. ChatGPT is vital for professional development
and career growth.

CAl 4. My ability to leverage ChatGPT effectively will
be recognized and valued by my organization.

Adapted (Sgaramella et al., 2023)

Intention to Leave Organization

ILO 1. If ChatGPT directly threatens my job security, |
might consider searching for other opportunities.

ILO 2. The way the company implements ChatGPT and
its effect on job security will influence whether |
decide to stay or leave.

ILO 3. If ChatGPT alters aspects of my job in ways that
reduce my job satisfaction, I'll likely explore other
opportunities.

ILO 4. If Al like ChatGPT diminishes the meaningful
parts of my job, | might consider leaving.

Adapted (Chiu et al., 2021)
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Variable

Table 3 - Control Variables

Scale

Description

Q15

Age of the respondent in years.

Numeric

Q16

Gender of the respondent.

Male

: Female
: Non-binary/Third gender
: Prefer not to say

Q17

Size of the organization.

: Micro enterprise (1-10 employees)
: Small enterprise (11-50 employees)

Medium enterprise (51-250 employees)

: Medium to large enterprise (251-500 employees)
: Large enterprise (501-1000 employees)
: Very large enterprise (More than 1000 employees)

Q18

Status of ChatGPT in the
organization.

: Not allowed or discussed yet

: Under discussion or consideration but not yet approved
: Officially approved for certain tasks or departments

: Widely adopted and encouraged for use in various tasks

Q19

Position level within the
organization.

: Entry-level

: Mid-level

: Senior-level

: Executive-level

Other

Qo

Frequency of engagement with
ChatGPT.

: Always

Often

: Sometimes
: Rarely

Q20

Training received in ChatGPT.

Yes
No

: Currently undergoing training

Q211

Familiarity with ChatGPT.

: Very Limited
: Very Good

Q212

Familiarity with NOVA IMS.

: Very Limited
: Very Good

13



5. ANALYSES AND RESULTS

5.1. SAMPLE SIZE DETERMINATION

An a priori power analysis using G*Power 3.1.9.7 was conducted to determine the required sample
size for the study (Erdfelder et al., 2009). The research model includes 8 predictors: Task
Characteristics, Technology Characteristics, Task-Technology Fit, Anticipated Adverse Outcomes,
Affective Attitude, Cognitive Attitude and Al Empowerment. The power analysis parameters were set
as follows (Figure 3., in the Appendix):

= Effect size (f2): 0.15 (medium effect size)

= Alpha level (a): 0.05 (5% risk of Type | error)

=  Power (1-B): 0.80 (80% probability of correctly rejecting the null hypothesis)
*  Number of predictors: 8

The analysis indicated that a minimum sample size of 109 participants was required to achieve the
desired statistical power. The survey collected a total of 133 valid responses, exceeding the minimum
requirement, ensuring sufficient power to detect medium effect sizes with an 80% probability while
maintaining the risk of Type | error at 5% (Figure 2 in the Appendix).

5.2. MEASUREMENT MODEL TESTING

We assessed the measurement model using SmartPLS 4, a widely used software for partial least
squares structural equation modelling (PLS-SEM) (Ringle, C.M., et al., 2015). This evaluation is crucial
in ensuring the reliability, validity, and distinctiveness of the constructs within the research model. The
assessment encompassed several key analyses: reliability and validity testing, discriminant validity
evaluation, and multicollinearity analysis.

Construct Reliability and Validity

To assess the reliability and validity of our constructs, we performed confirmatory factor analysis. Table
4 summarizes the reliability and validity metrics for each construct.

Table 4 - Construct reliability and validity

Construct Cronbach's alpha .Co.n_1posite .Co.n?posite Average variance

reliability (rho_a) reliability (rho_c) extracted (AVE)
AA 0,914 0,917 0,946 0,853
AAO 0,691 0,705 0,865 0,763
AIE 0,856 0,861 0,903 0,699
CA 0,807 0,831 0,886 0,724
CAI 0,896 0,899 0,928 0,763
ILO 0,665 0,795 0,848 0,738
ITU 0,787 0,806 0,862 0,611
TC 0,707 0,716 0,835 0,628
TTF 0,706 0,732 0,871 0,771
TaskC 0,695 0,695 0,831 0,622

Cronbach's Alpha: Measures the internal consistency of the items within each construct. Values above
0.7 are generally considered acceptable (Nunnally, J. C. et al., 1994) As shown in Table 4, most
constructs exhibit Cronbach's alpha values above this threshold, indicating good internal consistency.
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However, AAO, ILO, and TaskC have slightly lower values, which suggests a need for cautious
interpretation for these constructs.

Composite Reliability (rho_A and rho_C): Provides an alternative assessment of internal consistency.
Values above 0.7 indicate adequate reliability (Hair et al., 2017). While most constructs meet or exceed
this criterion, TaskC falls short with a composite reliability (rho_C) of 0.695, indicating a potential
reliability issue for this construct.

Average Variance Extracted (AVE): Assesses the amount of variance captured by the construct relative
to the variance due to measurement error. An AVE value above 0.5 indicates that the construct
explains more than half of the variance of its indicators (Fornell & Larcker, 1981). All constructs in our
model exhibit AVE values above 0.5, indicating satisfactory convergent validity.

Discriminant Validity - Fornell-Lacker criterion

To evaluate discriminant validity, we employed the Fornell-Larcker criterion. For adequate
discriminant validity, the square root of the AVE for each construct should be greater than the inter-
construct correlations (Fornell & Larcker, 1981). Table 5 presents the results of this analysis.

Table 5 - Discriminant validity - Fornell-Lacker criterion

AA AAO AIE cA cAl ILo ITU TC TTF TaskC
AA 0,924
AAO -0,278 0,873
AIE 0,53 0,118 0,836
cA 0,776 -0,261 0,535 0,851
cAl 0,307 0,206 0,668 0,302 0,873
ILo 0,033 0,29 0,314 0,055 0,49 0,859
ITU 0,527 0,056 0,674 0,517 0,601 0,397 0,782
TC 0,38 0,07 0,317 0,316 0,326 0,327 0,482 0,793
TTF 0,426 0,129 0,386 0,421 0,303 0,295 0,539 0,662 0,878
TaskC 0,28 0,231 0,374 0,327 0,312 0,201 0,442 0,479 0,57 0,789

The diagonal values represent the square root of the AVE for each construct, while the off-diagonal
values are the inter-construct correlations. The results indicate that the square root of the AVE for
each construct is greater than its highest correlation with any other construct, confirming adequate
discriminant validity.

Discriminant Validity - Cross Loadings Analysis

To further assess discriminant validity, we analyzed the cross loadings of the indicators. Discriminant
validity is confirmed when each indicator loads higher on its designated construct than on any other
construct (Hair et al., 2017).

Table 6 provides the cross loadings for our model, and it shows that all items have higher loadings on
their corresponding constructs compared to other constructs. For instance, the item AA1 has a loading
of 0.926 on the AA construct, which is significantly higher than its loadings on other constructs, such
as 0.471 on AIE and 0.730 on CA. Similarly, other items exhibit higher loadings on their respective
constructs, confirming discriminant validity and reinforcing the distinctiveness of each construct within
the model.
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Table 6 - Discriminant validity - Cross loadings

AA AAO AIE cA cAl Lo ITU TC TTF TaskC
AA1 0,926 -0,221 0,471 073 0302 0081 049 0,397 051 0,263
AA2 0,939 -0233 0537 0712 0303 -0,005 0508 0378 0332 0,256
AA3 0,905 032 0462 0,706 07243 0011 0453 0273 0325 0,258
AAO1 -0,227 0,85 0,151 02 0205 0318 0044 0126 07123 0,275
AAO2  -0,257 0,89 0,063 -0,252 0,16 0,199 0,053 0,007 0,104 0,141
AIE1 043 0028 0,783 0476 0451 0,18 0,505 0211 0,359 0,348
AIE2 0,444 0,129 0872 0466 0633 0,319 058 0291 0261 0,317
AIE3 0,481 0,107 0,883 0,422 0,564 025 0,557 0276 0,343 0,307
AIE4 0,419 012 0801 0429 0569 0,285 0,607 0275 0,338 0,284
cA1 0,525 -0,041 0,407 0,742 0254 0,047 034 0217 0348 0,319
CA2 0,706  -0,315 0,48 0897 0263 0042 0458 0,254 0,36 0,244
CA3 0,729 027 0477 0903 0259 0052 0507 0327 0372 0,288
CAIL 0,305 0,162 0,629 0297 0899 0392 0539 028 0221 0,338
cAI2 0,205 0,281 0588 0214 091 0401 0525 0,227 0212 0,295
cAI3 0252 0,183 0524 0272 0871 048 0518 0295 0269 0,171
cAl4 0,307 0,097 0,582 027 0811 0439 0515 0,334 0,36 0,269
ILO2 0,081 0,266 0324 0072 0,513 093 0,387 0279 0311 0,155
ILO3 0,06 0,232 0,19 0008 0285 0,781 0,281 0,297 0,168 0,212
ITU1 0365 0071 0553 0381 0536 0371 0,796 039 0341 0,342
ITU2 0,526 0015 0623 0519 0478 0249 0849 0412 0568 0,397
ITU3 0,397 -0031 0413 0359 0353 0273 0722 0387 0508 0,293
ITU4 0,344 0,115 0489 0336 0497 0362 0754 0319 0,266 0,34
TC1 0336 0,046 0278 0293 0266 0272 0417 0,801 0,58 0,438
TC2 0,295 0,071 07245 028 0258 0314 0371 0,825 0,54 0,405
TC3 0,267 0049 0227 0,148 0252 0177 0353 0,751 0,437 0,273
TTF1 0,291 0,096 0232 0342 0,194 0,14 0,395 052 0,848 0,446
TTF2 0,442 0,127 0426 0395 0325 0354 0538 0633 0907 0,546
TaskCl 0,107 026 0273 0,238 0299 0,23 0347 0422 0451 0,795
TaskC2 0,221 0,241 0,359 027 0,272 015 0,362 0,321 0447 0,811
Taskc3 0,335 0,047 0,253 0266 0167 008 0337 0,389 0,45 0,759

5.3.STRUCTURAL MODEL TESTING

Following the validation of the measurement model, the structural model was evaluated to assess the
hypothesized relationships between constructs. This analysis was conducted using SmartPLS 4,
employing Partial Least Squares Structural Equation Modeling (PLS-SEM), a method particularly
suitable for exploratory research focusing on prediction and theory building (Hulland et al., 2010;
Ringle et al., 2012). The structural model testing encompassed the examination of path coefficients,
their statistical significance, the model's predictive power, and effect sizes (Table6, Table 7 and Table
8).

Multi-collinearity Analysis

Multicollinearity was assessed using Tolerance and Variance Inflation Factor (VIF) values, as presented
in Table 7. Tolerance values greater than 0.1 and VIF values less than 5 are considered acceptable,
indicating no severe multicollinearity issues (Mansfield & Helms, 1982).

From Table 7, we observe that all constructs have Tolerance values well above 0.1 and VIF values below
5, confirming that multicollinearity is not a significant concern in our model. For instance, AA1l has a
Tolerance of 0.310 and a VIF of 3.221, while TaskC1 has a Tolerance of 0.716 and a VIF of 1.397. This
suggests that the independent variables do not exhibit problematic levels of multicollinearity, thereby
ensuring the reliability of the regression coefficients and the stability of the model estimates.
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In conclusion, the comprehensive assessment of the measurement model demonstrates high

reliability, validity, and distinctiveness of the constructs, with some areas requiring further refinement.

The analyses confirm that the constructs in the model accurately measure the intended concepts and

are distinct from each other, enhancing the overall credibility of the research findings. However,

constructs AAO, ILO, and TaskC warrant further investigation to address slight reliability concerns.

Table 7 — Multi-collinearity Analysis

Constructs Tolerance VIF

AAl 0.310 3,221
AA2 0.258 3,881
AA3 0.356 2,811
AAO1 0.721 1,387
AAO2 0.721 1,387
AIE1l 0.587 1,703
AIE2 0.396 2,528
AIE3 0.364 2,745
AIE4 0.594 1,683
CAl 0.714 1,4

CA2 0.426 2,345
CA3 0.412 2,426
CAIl 0.301 3,326
CAI2 0.259 3,86

CAI3 0.379 2,636
CAl4 0.543 1,842
ILO2 0.752 1,33
ILO3 0.752 1,33
ITUL 0.529 1,891
ITU2 0.414 2,414
ITU3 0.486 2,059
ITU4 0.556 1,798
TC1 0.763 1,31
TC2 0.669 1,495
TC3 0.718 1,393
TTF1 0.702 1,425
TTF2 0.702 1,425
TaskC1 0.716 1,397
TaskC2 0.687 1,454
TaskC3 0.787 1,27

Path Coefficients Analysis

The path coefficients, representing the strength and direction of relationships between constructs,

were estimated using the PLS-SEM algorithm. To assess the statistical significance of these coefficients,

a bootstrapping procedure with 5,000 resamples was performed, as recommended (Hair et al., 2017).

The results of this analysis are presented in Table 6.
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Table 8 - Path Coefficients
Standard

Original Sample mean - T statistics
Paths sample (0) (M) t‘;';;'\cl’; (10/STDEV]) P values
AA -> AIE 0,289 0,287 0,116 2,486 0,013
AAO -> AA -0,338 -0,343 0,072 4,701 0
AAO ->CA -0,32 -0,322 0,077 4,145 0
AIE -> CAl 0,668 0,67 0,054 12,326 0
AIE -> ILO 0,314 0,323 0,076 4,145 0
AIE -> ITU 0,674 0,679 0,045 14,863 0
CA -> AIE 0,311 0,316 0,106 2,927 0,003
TC->TTF 0,505 0,511 0,091 5,528 0
TTF -> AA 0,469 0,473 0,076 6,181 0
TTF->CA 0,463 0,465 0,07 6,632 0
TaskC -> TTF 0,328 0,328 0,086 3,825 0

The findings reveal that all hypothesized relationships in the model are statistically significant, with p-
values below 0.05 and t-values exceeding 1.96. Notable significant paths include the positive
relationship between Affective Attitude (AA) and Al Empowerment (AIE) (B = 0.289, p = 0.013), the
negative relationship between Anticipated Adverse Outcomes (AAO) and Affective Attitude (AA) (B = -
0.338, p < 0.001), and the strong positive relationship between Al Empowerment (AIE) and Career
Advancement Intentions (CAl) (B = 0.668, p < 0.001).

Additionally, other important relationships were identified, such as the positive impact of Task-
Technology Fit (TTF) on both Affective Attitude (AA) (B = 0.469, p < 0.001) and Cognitive Attitude (CA)
(B =0.463, p < 0.001), as well as the strong influence of Al Empowerment (AIE) on Intention to Use
ChatGPT (ITU) (B = 0.674, p < 0.001). The model also revealed a significant relationship between Al
Empowerment (AIE) and Intention to Leave Organization (ILO) (B = 0.314, p < 0.001), suggesting that
Al empowerment might influence employee retention.

These statistically significant path coefficients validate the hypothesized relationships and confirm the
theoretical framework underpinning the study, demonstrating the interconnectedness of various
factors in the context of Al empowerment, technology adoption, and career-related intentions (Table
9).

Predictive Power Analysis: Coefficient of Determination (R?)

The predictive power of the model was assessed using the coefficient of determination (R?) for each
endogenous construct. R? values indicate the proportion of variance in the endogenous constructs
explained by the exogenous constructs (Hair et al., 2017). Table 7 presents the R? and adjusted R?
values for each endogenous construct in the model.

Table 9 - R values

R-square
Constructs  R-square a djﬂste d
AA 0,294 0,283
AlE 0,32 0,309
CA 0,278 0,267
CAl 0,446 0,442
ILO 0,098 0,092
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ITU 0,455 0,451
TTF 0,521 0,514

The results demonstrate that the model exhibits moderate to substantial explanatory power for
several key constructs. Notably, Task-Technology Fit (TTF) and Intention to Use ChatGPT (ITU) show
high R? values of 0.521 and 0.455, respectively. This indicates that the model explains 52.1% of the
variance in TTF and 45.5% of the variance in ITU, suggesting strong predictive accuracy for these
constructs. Additionally, the model explains a substantial portion of the variance in Career
Advancement Intentions (CAl) with an R? value of 0.446. However, some constructs, such as Intention
to Leave Organization (ILO), display lower R? values (0.098), pointing to areas where the model's
explanatory power could be enhanced through further research and refinement.

Effect Size Analysis (f?)
To assess the relative impact of each predictor variable on the endogenous constructs, f effect sizes
were calculated. These values indicate the magnitude of the contribution of each exogenous construct
to the R? values of the endogenous constructs (Hair et al., 2011). Table 8 summarizes the f2 values for
each path in the model.

Table 10 - f2 values

Paths f-square
AA -> AlE 0,049
AAO -> AA 0,159
AAO ->CA 0,14
AIE -> CAI 0,805
AIE -> ILO 0,109
AIE -> ITU 0,834
CA -> AIE 0,057
TC->TTF 0,41
TTF->AA 0,307
TTF -> CA 0,292
TaskC ->TTF 0,174

The 2 values indicate the magnitude of the impact of each exogenous construct. For example, AIE has
a large effect on CAIl (0.805) and ITU (0.834), while TC has a substantial effect on TTF (0.410). The
analysis reveals varying effect sizes across the model. Notably, Al Empowerment (AIE) demonstrates
large effect sizes on both Career Advancement Intentions (CAl) (f> = 0.805) and Intention to Use
ChatGPT (ITU) (f* = 0.834), indicating substantial contributions to these constructs. Technology
Characteristics (TC) also shows a considerable effect on Task-Technology Fit (TTF) (f> = 0.410).
Conversely, some paths exhibit more modest contributions, such as Affective Attitude (AA) to Al
Empowerment (AIE) (f2 = 0.049) and Cognitive Attitude (CA) to Al Empowerment (AIE) (f* = 0.057).
Additionally, the effect of Al Empowerment (AIE) on Intention to Leave Organization (ILO) is relatively
small (f>=0.109). These smaller effect sizes suggest areas where the model could potentially be refined
to strengthen these relationships.
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Table 11 - Summary Hypotheses

Hypothesis Path Path Coefficient t-Value p-Value Result
Hla TaskC->TTF 0.328 3.825 0.000 Supported
Hlb TC->TTF 0.505 5.528 0.000 Supported
H2a TTF -> AA 0.469 6.181 0.000 Supported
H2b TTF->CA 0.463 6.632 0.000 Supported
H3a AAO -> AA -0.338 4.701 0.000 Supported
H3b AAO ->CA -0.320 4.145 0.000 Supported
H4a AA -> AIE 0.289 2.486 0.013 Supported
Hab CA -> AIE 0.311 2.927 0.003 Supported
H5a AIE ->ITU 0.674 14.863 0.000 Supported
HS5b AIE -> CAI 0.668 12.326 0.000 Supported

H5c AIE -> ILO 0.314 4.145 0.000 Supported



6. DISCUSSION

6.1. INTERPRETATION OF FINDINGS

This study provides valuable insights into the factors influencing employees' attitudes and behavioral
intentions towards ChatGPT adoption in organizations. The findings support the significance of Task-
Technology Fit (TTF), Anticipated Adverse Outcomes (AAO), Affective and Cognitive Attitudes, and Al
Empowerment in shaping employees' intentions to use ChatGPT, advance their careers, and
potentially leave their organizations.

The strong positive influence of Task Characteristics and Technology Characteristics on TTF within the
ChatGPT context demonstrates the alignment of ChatGPT's capabilities with employees' job
requirements and expectations (Oliveira et al., 2014). This alighment fosters more positive emotional
responses and rational evaluations of the technology. However, it's worth noting that the Task
Characteristics construct showed lower reliability (Cronbach's alpha) than ideal, suggesting a need for
refinement in future research to more accurately capture this aspect.

The significant impact of TTF on Affective and Cognitive Attitudes suggests that when employees
perceive ChatGPT as enhancing their capabilities and supporting their work, they develop positive
thoughts and feelings towards the technology. This finding is consistent with previous research on
technology adoption (Dishaw & Strong, 1999), which asserts that task-technology alignment influences
attitudes towards technology.

Anticipated Adverse Outcomes negatively influence both Affective and Cognitive Attitudes,
highlighting the importance of addressing employees' concerns related to ChatGPT (Al) adoption. This
finding extends the results of an earlier pre-adoptive appraisal study (Chiu et al., 2021), which showed
a negative influence only on affective attitude, by demonstrating the pervasive impact on overall
attitude formation. However, the lower reliability of the AAO construct indicates that further
refinement of this measure may be necessary to fully capture the nuances of anticipated adverse
outcomes in Al adoption.

The significant positive influence of Affective and Cognitive Attitudes on Al Empowerment underscores
how employee attitudes towards ChatGPT shape their sense of empowerment (Thomas & Velthouse,
1990; Brynjolfsson & McAfee, 2014). This enhanced feeling of empowerment subsequently influences
employees' intentions to use ChatGPT, pursue career advancement, and potentially seek opportunities
outside their current organization (Daugherty & Wilson, 2018; Savickas & Porfeli, 2012).

These findings validate the crucial role of Al Empowerment in the pre-adoptive appraisal model
towards ChatGPT (Al), highlighting its importance in connecting employee attitudes to their behavioral
intentions (Chiu et al., 2021; Wilson et al., 2017). However, the effect size analysis revealed that the
impact of Affective and Cognitive Attitudes on Al Empowerment was relatively small, suggesting that
other factors not captured in this model may also contribute significantly to Al Empowerment (Hair et
al., 2017; Davenport & Kirby, 2016).
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The introduction of the Career Advancement Intentions construct provides insights into how ChatGPT
adoption may influence employees' career trajectories. A very strong relationship between Al
Empowerment and Career Advancement Intentions suggests that employees who feel empowered by
ChatGPT are more likely to pursue career growth opportunities, aligning with the concept of Al as a
catalyst for professional development (Brynjolfsson & McAfee, 2014).

While the model demonstrated substantial explanatory power for key outcomes like Task-Technology
Fit (R?2 = 0.521) and Intention to Use ChatGPT (R? = 0.455), it showed lower explanatory power for
Intention to Leave Organization (R? = 0.098). This indicates that additional factors beyond the scope of
this model may play a significant role in explaining employee retention intentions in the context of Al
adoption. The lower reliability of the ILO construct further emphasizes the need for a more
comprehensive approach to understanding the complex dynamics of employee retention in the face
of Al implementation. These findings provide a nuanced understanding of the factors influencing
ChatGPT adoption in organizational settings, while also highlighting areas for future research and
refinement of constructs to better capture the complexities of Al adoption in the workplace.

6.2. THEORETICAL CONTRIBUTIONS

This study advances the theoretical understanding of ChatGPT (Al) adoption on individual level in
organizational contexts by extending and integrating several key theoretical frameworks to address
identified research gaps. Specifically, it introduces and validates new constructs within the Pre-
Adoptive Appraisal Model towards Al (PAMAI), providing a comprehensive and nuanced
understanding of how employees appraise and respond to ChatGPT (Al) in professional settings. The
following theoretical contributions are noteworthy:

Extension of Cognitive Appraisal Theory (CAT)

Integration with Task-Technology Fit (TTF): This research extends the application of CAT by integrating
TTF theory to explore how the alighnment between technology capabilities and job tasks influences
employees' cognitive and emotional appraisals. This integration addresses the limitation in previous
appraisal research related to the lack of relationship between employee knowledge and affective
attitudes towards Al (Chiu et al., 2021).

Comprehensive Appraisal Mechanisms: By focusing on practical knowledge through TTF, this study
demonstrates how the perceived task-technology alignment (Dishaw & Strong, 1999; Oliveira et al.,
2014) affects both affective and cognitive attitudes towards ChatGPT (Al). It validates the importance
of including practical knowledge into ChatGPT (Al) appraisal studies for a deeper understanding how
employees evaluate the alignment between ChatGPT (Al) capabilities and job requirements.

Introduction and Validation of Al Empowerment

Conceptualization and Empirical Evidence: This study introduces Al Empowerment as a novel construct
within the PAMAI framework, drawing on prior research in the field The empirical validation of Al
Empowerment concept as an outcome of positive attitudes towards ChatGPT (Al), and its significant
influence on behavioral intentions towards the technology, support its inclusion into PAMAL.
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Linking Attitudes to Empowerment: The significant positive influence of both affective and cognitive
attitudes on Al Empowerment emphasizes the transformative potential of Al technologies in
empowering employees by enhancing their capabilities. This finding bridges the gap between technical
aspects of Al adoption and psychological outcomes, enriching the theoretical discourse on ChatGPT
(Al)s” impact on workforce dynamics and contributes to the emerging body of literature on human-Al
collaboration and augmentation (Wilson et al., 2017; Brynjolfsson & McAfee, 2014; Davenport & Kirby,
2016; Dell’ et al., 2023).

Integration of Career Construction Theory (CCT)

Career Advancement Intentions: The incorporation of the Intention to Advance Career construct,
grounded in Career Construction Theory (Savickas, 2005), extends the theoretical scope of Al adoption
studies to include career-related outcomes. The strong relationship between Al Empowerment and
career advancement intentions support ChatGPT (Al)’s role as a catalyst for professional growth (Wang
& Li, 2024).

Impact of Al on Future Jobs: The study's findings provide empirical evidence on how ChatGPT (Al)
adoption influences employees' career trajectories, emphasizing the importance of ChatGPT (A)l
proficiency for role expansion, career reimagination, and professional growth. This integration extends
CCT into the scope of ChatGPT (Al)-driven work environments that demand professional development
and career adaptability (Savickas & Porfeli, 2012).

Refinement and Expansion of PAMAI

New Constructs and Relationships: Our research extends the PAMAI framework (Chiu et al., 2021) by
integrating new constructs that capture the unique characteristics of Generative Al technologies like
ChatGPT. This study redesigned the original PAMAI by replacing the employee knowledge construct
with practical knowledge (TTF) and introducing Al Empowerment and Career Advancement Intentions.
By validating the relationships between Task-Technology Fit, Attitudes, Al Empowerment, and various
behavioral intentions (Intention to Use, Career Advancement Intentions, and Intention to Leave
Organization), our work addresses the limitations identified in previous studies (Chiu et al., 2021) and
contributes to literature on pre-adoptive appraisal and subsequent behavioral outcomes in ChatGPT
(Al) adoption.

Proof of Concept for Adoption Theories: The successful integration of TTF with PAMAI serves as a proof
of concept for future research to incorporate other contemporary adoption theories, such as UTAUT2
(Venkatesh et al., 2012) and Diffusion of Innovations (DOI) theory (Rogers, 2003) into PAMAI. This lays
the groundwork for expanding theoretical landscape in ChatGPT (Al) adoption studies.

Refinement of Anticipated Adverse Outcomes' Impact: Our findings extend previous research by
demonstrating that Anticipated Adverse Outcomes negatively influence both Affective and Cognitive
Attitudes towards ChatGPT (Al). This understanding of how potential negative consequences shape
overall attitudes contributes to a more comprehensive model of pre-adoptive appraisal (Chiu et al.,
2021).

In summary, this study makes significant theoretical contributions by extending existing theories,
introducing new constructs, and providing empirical evidence on the complex interplay between
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technology capabilities, employee attitudes, empowerment, and career behaviors. These
contributions advance academic knowledge and offer valuable insights for organizations navigating
the integration of Al technologies like ChatGPT.

6.3. IMPLICATIONS FOR PRACTICE

The findings of this study offer several practical implications for organizations aiming to effectively
implement ChatGPT and similar Al technologies:

Task-Technology Fit Assessment

The strong influence of Task-Technology Fit (TTF) (Oliveira et al.,, 2014) on employee attitudes
emphasizes the necessity of aligning ChatGPT (Al) to employees' job requirements. Organisations
should develop specialized assessments of task and technology characteristics, engage employees in
the selection and implementation phases, provide sufficient training and leverage the findings of this
research to ensure alignment of job requirements with ChatGPT’s (Al) capabilities. This approach will
help achieve optimal task-technology fit, foster positive employee attitudes, and enable companies to
maximize the value of integrating ChatGPT (Al).

Proactive Management of Employee Concerns

The significant negative impact of Anticipated Adverse Outcomes on both Affective and Cognitive
Attitudes underscores the need for organizations to proactively address employee concerns about
ChatGPT (Al) adoption. Organizations should maintain clear communication with employees about the
objectives and anticipated outcomes of ChatGPT (Al) implementation. They should engage in
transparent discussions about potential job changes and reskilling opportunities, set clear policies on
data privacy and job security and provide ongoing support to mitigate negative perceptions (Chiu et
al., 2021).

Fostering Al Empowerment

The strong relationship between Al Empowerment and positive behavioral intentions suggests that
organizations should focus on creating an environment where employees feel empowered by ChatGPT
(Al) rather than threatened. This could involve training programs that emphasize how ChatGPT (Al) can
enhance problem-solving abilities, elevate professional status, and accelerate skill development
(Daugherty & Wilson, 2018).

Career Development and Retention Strategies

The significant link between Al Empowerment and Career Advancement Intentions suggests that
organizations should integrate ChatGPT (Al) proficiency into their career development programs. This
includes creating new roles that leverage ChatGPT literacy, offering training in ChatGPT-related skills,
and recognizing employees who effectively use ChatGPT to drive innovation and productivity (Savickas
& Porfeli, 2012; Wang & Li, 2024).

Additionally, the positive relationship between Al Empowerment and the Intention to Leave the
Organization highlights the need for robust retention strategies for employees who become highly
proficient with ChatGPT. Organizations should create supportive work environments that recognize
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and reward ChatGPT-related contributions. They can provide career paths aligned with ChatGPT
initiatives, offer competitive compensation packages, and ensure that the organizational culture values
and rewards ChatGPT-driven innovation (Tambe et al., 2019).

Continuous Evaluation and Adjustment

Given the rapid evolution of Al technologies like ChatGPT, the findings of this research underscore the
necessity for organizations to implement mechanisms for ongoing evaluation of the technology's fit
with evolving job tasks and employee needs. Regular assessments of employee attitudes,
empowerment levels, and career intentions, as indicated by this study, can help organizations adapt
their Al strategies to maintain positive employee attitudes and maximize the benefits of Al adoption.
This continuous evaluation aligns with the research findings, ensuring successful long-term integration
of ChatGPT (Al) by keeping strategies responsive to both technological advancements and employee
dynamics.
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7. LIMITATIONS AND FUTURE RESEARCH

7.1. LIMITATIONS OF THE STUDY

While this study provides valuable insights into the adoption of ChatGPT in organizational settings, it
is important to acknowledge several limitations that may affect the generalizability and interpretation
of the results.

Firstly, the cross-sectional nature of the study limits our ability to capture the dynamic process of
technology adoption over time. A longitudinal approach would provide a more comprehensive
understanding of how attitudes and intentions towards ChatGPT evolve as users gain more experience
with the technology (E. Rogers et al., 2014).

Secondly, the reliance on self-reported data may introduce common method bias, potentially inflating
or deflating the relationships between constructs. Future studies could benefit from incorporating
objective measures or multi-source data to mitigate this limitation (Carlson et al., 2009).

Thirdly, the sample size and composition present limitations. The relatively small sample size may have
affected the statistical power of some analyses (Erdfelder et al., 2009). Additionally, the sample's
geographic concentration in the European Union limits the generalizability of findings to other cultural
contexts. Future research should aim for larger, more diverse samples to capture regional and cultural
variations in Al adoption attitudes and behaviors.

Fourthly, the analyses revealed weaknesses in some constructs. Specifically, Anticipated Adverse
Outcomes (AAO), Intention to Leave Organization (ILO), and Task Characteristics (TaskC) demonstrated
lower reliability than ideal. This suggests a need for further refinement of these constructs in future
research to more accurately capture these aspects of Al adoption (Hair et al., 2011).

Fifthly, the study's model, while comprehensive, did not include moderators or mediators. Some of
the newly introduced constructs could potentially demonstrate significant moderating and mediating
properties with respect to other constructs in the research model. Future studies could explore these
potential interactions to provide a more nuanced understanding of the relationships between
constructs (Venkatesh et al., 2012).

Sixthly, due to the limited scope of a master's thesis, several crucial constructs were not included in
the model. Aspects such as Al ethics, data security, and Al anthropomorphism were not addressed,
which could provide important insights into the adoption process. Future research could incorporate
these constructs to provide a more holistic view of Al adoption in organizations (Duan et al., 2019;
Dwivedi et al., 2021).

Seventhly, the study did not employ second-order constructs, which could have helped introduce and
test more dimensions of both the newly introduced and existing constructs. For instance, the Cognitive
and Affective Attitudes constructs, brought from the original model, test a limited scope of thoughts
and feelings people have towards ChatGPT. Through second-order constructs, a wider range of
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attitudes could be represented and tested, providing a more comprehensive understanding of user
perceptions (Chiu et al., 2021).

Lastly, the model showed lower explanatory power for Intention to Leave Organization (ILO), indicating
that additional factors beyond the scope of this model may play a significant role in explaining
employee retention intentions in the context of Al adoption. This suggests a need for a more
comprehensive approach to understanding the complex dynamics of employee retention in the face
of Al implementation (Tambe et al., 2019).

Despite these limitations, this study provides valuable insights into the adoption of ChatGPT in
organizational settings and lays the groundwork for future research in this rapidly evolving field.
Addressing these limitations in future studies will contribute to a more comprehensive understanding
of Al adoption in the workplace and its implications for employees and organizations (Dell’ et al., 2023;
Singla Alex et al., 2024).

7.2.SUGGESTIONS FOR FUTURE RESEARCH DIRECTIONS

Based on the limitations identified in this study and drawing from additional insights, several avenues
for future research emerge that could significantly enhance our understanding of ChatGPT and Al
adoption in organizational settings:

Expanded Sample Diversity and Cross-Cultural Comparisons: Future research should aim for larger,
more culturally diverse samples. This would enhance the generalizability of findings and allow for
cross-cultural comparisons in Al adoption attitudes and behaviors. Investigating how cultural factors
influence Al adoption could provide valuable insights for global organizations implementing Al
technologies (Venkatesh et al., 2012; E. M. Rogers, 2003).

Refinement of Constructs: Further development and validation of constructs, particularly Anticipated
Adverse Outcomes (AAQ), Intention to Leave Organization (ILO), and Task Characteristics (TaskC), is
needed. This refinement could involve scale development studies to improve the reliability and validity
of these measures in the context of Al adoption (Hair et al., 2011).

Exploration of Moderators and Mediators: Future studies should investigate potential moderating
and mediating effects within the model. This could include examining how individual characteristics
(e.g., personality traits, cognitive styles, or technology readiness) or organizational factors (e.g.,
leadership support, organizational culture, change management practices) moderate the relationships
between key constructs (Parasuraman, 2000; Duan et al., 2019).

Incorporation of Additional Constructs: Expanding the model to include constructs related to Al ethics,
data security, and Al anthropomorphism could provide a more comprehensive understanding of Al
adoption. Researchers could investigate how ethical considerations, such as data privacy, algorithmic
bias, or job displacement, influence employees' attitudes and behavioral intentions towards Al (Duan
et al., 2019; Dwivedi et al., 2021)

Development of Second-Order Constructs: Future research should consider developing and testing
second-order constructs, particularly for complex concepts like attitudes towards Al. This approach
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could capture a wider range of dimensions and provide a more comprehensive representation of user
perceptions and experiences with Al technologies (Hair et al., 2017; Chiu et al., 2021).

Investigation of Employee Retention: Given the lower explanatory power for Intention to Leave
Organization, future studies should delve deeper into the factors influencing employee retention in
the context of Al adoption. This could involve exploring additional organizational and individual factors
that may impact employee turnover intentions in Al-enhanced work environments and developing
effective retention strategies for Al-empowered employees (Tambe et al., 2019; Kraimer et al., 2011).

Integration with Existing Theories: Future research could benefit from integrating this model with
other established theories in technology adoption, organizational behavior, and career development.
This could include exploring the integration of theories such as the Unified Theory of Acceptance and
Use of Technology 2 (UTAUT2) or Diffusion of Innovations (DOI) to further enrich our understanding of
Al adoption in organizations (Venkatesh et al., 2012; E. M. Rogers, 2003).

Organizational-Level Outcomes: Future research could examine the relationship between employee-
level variables (e.g., Al empowerment, career advancement intentions) and organizational-level
outcomes (e.g., innovation, productivity) to provide a broader perspective on the impacts of Al
adoption (Daugherty & Wilson, 2018; (Dell’ et al., 2023).

Spillover Effects: Researchers could examine the potential spillover effects of Al empowerment on
other work-related outcomes, such as job satisfaction, work engagement, or organizational citizenship
behavior (Seibert et al., 2011).

Skill Development and Al: Studies focusing on the specific skills that contribute to Al empowerment

could inform the development of targeted training programs for employees (Brynjolfsson & McAfee,
2014; Tambe et al., 2019).
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8. CONCLUSION

As Al technologies like ChatGPT continue to transform the way people work, research of this nature
becomes increasingly critical. It advances our theoretical understanding and provides practical insights
for organizations striving to harness the potential of ChatGPT (Al) while supporting their workforce. By
illuminating the factors that influence ChatGPT (Al) adoption and its implications for employee
empowerment and career trajectories, this study contributes to the development of more effective,
employee-centric strategies for ChatGPT (Al) implementation in organizational settings. Ultimately,
this research highlights to organisations the importance of viewing ChatGPT (Al) adoption not just as
a technological challenge, but as a multifaceted organizational and human resource management issue
that will shape the future of work.
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