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Generative AI as a catalyst for HRM practices:
mediating effects of trust
K. D. V. Prasad 1,2✉ & Tanmoy De 1,2

This study investigated the impact of generative AI tools on human resource management

practices, organizational commitment, employee engagement, and employee performance.

The authors also investigated the mediating role of trust in the relationship between user

perception and organizational commitment. A structured questionnaire was used to collect the

data from the information technology industry employees to measure the 9 reflective con-

structs optimism, innovativeness, ease of use, usefulness, trust, organizational commitment,

vigor, dedication, and employee performance. Two constructs, ease of use and usefulness, are

modeled as a higher-order construct – User Perception, whereas vigor and Dedication are

modeled as another higher-order construct, Employee Engagement. The mode-fit indices were

assessed for both the higher- and lower-order constructs, and the model-fit indices for both

the models, higher- and lower-order constructs reveal an excellent model fit. Positive and

statistically significant impacts were observed between the study constructs. The impact of

organizational commitment on employee engagement was positive and statistically significant,

and in turn, the impact of employee engagement on employee performance was also positive

and statistically significant. Trust partially mediated the relationship between user perception

and organizational commitment, fostering enhanced employee engagement and performance.

The theories of technology readiness, stimulus-organization-response, and technology

acceptance model were utilized in the development of the study’s theoretical framework,

which provided fresh perspectives on how employee engagement, organizational commit-

ment, and performance are influenced by user experience and trust in the context of gen-

erative AI. Theoretically, it opens up new applications such as personalized education and

services, digital art, and realistic virtual assistants that were previously unfeasible or

impractical for automation. The practical implications are that the field of interdisciplinary

research as well as the information technology industry will be greatly impacted by generative

AI. To facilitate swift adoption, the principles of generative AI are conceptualized from model-,

system-, and application-level perspectives in addition to a social-technical perspective, where

they are explicated and defined. In the end, our research has given future scholars a significant

research agenda that will enable them to study generative AI from different theoretical per-

spectives while incorporating the concepts from these theories.

https://doi.org/10.1057/s41599-024-03842-4 OPEN

1 Faculty, Symbiosis Institute of Business Management (SIBM), Hyderabad, India. 2 Symbiosis International (Deemed University), Pune, India.
✉email: kdv.prasad@sibmhyd.edu.in

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |         (2024) 11:1362 | https://doi.org/10.1057/s41599-024-03842-4 1

12
34

56
78

9
0
()
:,;

http://crossmark.crossref.org/dialog/?doi=10.1057/s41599-024-03842-4&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1057/s41599-024-03842-4&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1057/s41599-024-03842-4&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1057/s41599-024-03842-4&domain=pdf
http://orcid.org/0000-0001-9921-476X
http://orcid.org/0000-0001-9921-476X
http://orcid.org/0000-0001-9921-476X
http://orcid.org/0000-0001-9921-476X
http://orcid.org/0000-0001-9921-476X
http://orcid.org/0000-0002-2605-677X
http://orcid.org/0000-0002-2605-677X
http://orcid.org/0000-0002-2605-677X
http://orcid.org/0000-0002-2605-677X
http://orcid.org/0000-0002-2605-677X
mailto:kdv.prasad@sibmhyd.edu.in
Andrew Wijaya
[17]



Introduction

Technological advancements and innovations in particular
information technology sectors, like artificial intelligence,
machine learning, and allied fields, have enabled significant

transformation of organizations in various domains, and infor-
mation technology is no exception. The integration of various
technological tools and applications has significantly transformed
the working styles of employees from hard work to smart work.
Academicians in universities, the education sector, information
technology (IT), IT-enabled companies, banking, and business
process outsourcing industry employees regularly use generative
artificial intelligence tools such as OpenAI ChatGPT, Google
Gemini (formerly known as Bard a generative AI chatbot), and
Copilot and Bing AI from Microsoft, which are based on large
language models; these are the most commonly used generative
AI tools in several domains. The other available generative AI
tools, namely, SlidesAI, Wepik, and Tome, are used for pre-
sentation development. Jasper AI, Notion AI, and Writesonic are
used for content creation. Several other artificial intelligence (AI)
tools are available for image creation (OpenAI Dall-E, Adobe
Firefly; for video generation, RunwayML, Pictory, Fliki; and other
generative AI tools for paraphrasing Quillbots; and generative AI
assistants such as Google Duet AI). The amalgamation of several
AI tools and applications has revolutionized quick solutions
(Southworth et al. 2023; Reddy et al. 2023). The ChatGPT, an AI
tool, is routinely used by business schools across India and the
globe for article writing, text generation, literature review, and
manuscript development (Ratten and Jones, 2023). ChaptGPT, an
AI-powered tool that serves as a virtual assistant, can provide
instant solutions to queries with explanations and requested
content. ChatGPT can increase accessibility, commitment, and
engagement and enhance performance (Mijwil et al. 2023).

However, innovative and novel technological tools such as
generative AI and their effects on employee engagement,
employee performance, and user satisfaction are well understood
(Acemoglu, Johnson, and Viswanath, 2023). The release of the
generative AI tool ChatGPT in November 2022 exemplified the
environment, as this AI tool spans a variety of applications and
generates diverse and requested content, including text, code,
images, audio, and videos (Nazaretsky et al. 2022; Chui et al.
2023). Generative AI technology influences transformer tech-
nology, an advanced neural network architecture that uses input
data for predictive generation. In turn, these AI tools influence
employee engagement, productivity, and commitment and
enhance employee performance (Wijayati et al. 2022). The users
of these AI tools and chatbots are influenced by several aspects of
their routine work wherever possible (Gatzioufa and Saprikis,
2022). Furthermore, these AI tools have long-lasting impacts on
employee engagement, organizational commitment, and perfor-
mance (Pillai et al. 2023). Generative AI tools offer several ben-
efits, such as easy access to information from different sources,
the ability to accomplish routine tasks with enhanced speed and
accuracy, and the ability to automate some individual tasks (Chui
et al. 2023; Gill et al. 2024; Hwang and Chang, 2023).

Review of the literature
Generative AI technologies have the potential to automate most
employees’ routine tasks with increased performance and pro-
ductivity. These technologies can offer tailored assistance by
analyzing previous information and can provide timely feedback
that matches human communication (Kuhail et al. 2023). AI tools
can minimize labor expenses, enhance performance, and improve
computer and human interaction in the workplace (Pereira et al.
2023). The positive impacts of AI technologies on organizational

performance, employee engagement, organizational commitment,
market valuations, and increased growth are well documented
(Babina et al. 2024; Czarnitzki et al. 2023). The unique qualities of
chatbots enable employees’ timely work completion (Foroughi
et al. 2023). However, several organizations consider generative
AI tools to be relatively novel. However, there is a lack of research
and information on the adoption intentions of these new tech-
nologies. Very few studies are available on the use of generative
AI tools in healthcare, engineering, and management (Rahimi
and Abadi, 2023; Javaid et al. 2023; Nikolic et al. 2023; Onal and
Kulavuz-Onal, 2024) and hospitality and tourism industry
(Dwivedi et al. 2024; Rejeb et al. 2024; Ratten and Jones, 2023).

However, some people are concerned about the possible threats
of AI tools, such as ownership, privacy concerns, potential
reductions in jobs, productivity optimization, and employee
performance. These consequences can lead employees to have
negative adaptive intentions and mindsets, which decreases their
engagement, commitment, and turnover intentions (Bankins
et al. 2024). Furthermore, the literature lacks a comprehensive
and reliable model to explain the dimensions that influence the
use and adoption intentions of generative AI for addressing the
issues of employee engagement, organizational commitment, and
employee performance. Several researchers have integrated the
unified theory of acceptance and use of technology 3 (UTAUT 3)
model, the TAM model, and the stimulus‒organism‒response
framework to comprehend how generative AI is being used by
employees.

The UTAU3 model is a robust framework that considers a
variety of dimensions that influence the adoption and use of
generative AI or similar technologies (Gupta et al. 2023). Several
domains have employed the Technology Acceptance Model to
study the adoption intentions of new technologies (Foroughi et al,
2023). Generative AI tools have the capacity to revolutionize
work culture, which has attracted several researchers to carry out
further studies (Reddy et al. 2023). Generative AI tools can realize
and participate in discussions in human languages, creating
content in response to user input. Generative AI tools can
enhance engagement and commitment; improve employee per-
formance; and have a positive effect on the industry (Kasneci
et al. 2023).

On the basis of this background, some issues need to be
addressed

● Does the intention to use generative AI tools positively
impact its acceptance and use in the workplace?

● Is trust in these tools a vital factor?
● Relationships among organizational commitment,

employee engagement, and employee performance in the
context of generative AI

The main objectives of this research are as follows:

● To determine and validate the user perceptions that
influence the use of generative AI tools in the workplace

● Does trust play a mediating role in the relationship between
user perception and organizational commitment?

● How organizational commitment impacts employee
engagement and, in turn, how employee engagement
impacts employee performance in the context of generative
AI tools

Important factors such as ease of use and usefulness of gen-
erative AI tools, users’ perceptions, and individuals’ acceptance of
new technologies are the prime factors in the adoption of new AI
technologies (Parasuraman, 2000). Usefulness, positive user per-
ception, and usefulness at work are the main factors affecting
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individuals’ acceptance of new technologies (Parasuraman and
Colby, 2015). In relation to the theory of reasoned action, Davis’s
(1989) TAM model dissects the relationship between users’ atti-
tudes toward new technology and their actual usage. Another
important factor is an individual’s trust in technology for its
adoption and continuous usage in the workplace, which influ-
ences organizational commitment and employee engagement.
Employees in the workplace are concerned only with reliable
results before they use generative AI tools. If an employee per-
ceives that the results are useful and believes that these AI tools
can perform accurately, trust in these tools will increase. There-
fore, trust is a crucial factor in the use and adoption of generative
AI tools. Employees can trust generative AI tools for continuous
usage, positive perceptions, and experience if they find them
reliable and useful (Gkinko and Elbanna, 2023). The quality of
results and their usage influence users’ trust in technologies that
are developing loyalty to AI tool use (Chen et al. 2023). Another
factor is how the use of generative AI tools can influence
employees’ work engagement. When generative AI tools are
useful and trusted, employees are positively influenced by the use
of these tools in their work engagement.

Using ability-motivation-opportunity (AMO) and person-
organization (P-O) fit theories, Jia and Hou (2024) investigated
the relationships between AI-driven sustainable human resource
management (HRM), employee engagement, and employee per-
formance in the context of a conscientious personality. According
to the authors, AI-driven sustainable HRM improves employee
engagement, which in turn boosts output. The association
between AI-driven sustainable HRM and employee engagement
was tempered by conscientiousness.

Mishra et al. (2024) investigated the relationship between AI
and employee engagement in the context of organizational per-
formance. The authors reported that adopting AI-based software
can significantly help management to the extent that employees
are engaged in their work and, in turn, improve employee per-
formance. Wang et al. (2023) reported that AI can impact
healthcare practitioners’ attitudes toward AI, satisfaction with AI,
and AI usage intentions. The authors report a positive impact on
healthcare workers’ engagement in the workplace. Yu et al. (2023)
examined the configurational effects of artificial intelligence (AI)
on hiring decision transparency, consistency, human involve-
ment, and organizational commitment. The authors reported a

positive influence of AI tools on human resource practices and
organizational commitment. Baabdullah (2024) carried out an
empirical study to examine how the adoption of AI in decision-
making can enhance the efficiency and performance of an orga-
nization. The structural equation modeling results reveal a posi-
tive impact of AI tools on employee performance, indicating that
the adoption of AI tools can enhance organizational and func-
tional performance.

To conduct the present empirical study, the authors created a
number of reflective constructs following a comprehensive review
of the literature. The first two constructs are related to adoption
intention and user perceptions – ease of use and usefulness in
relation to organizational commitment and employee engage-
ment. To examine the mediating role of the construct “trust” in
the relationship between user perception and organizational
commitment, the authors carried out a mediation analysis.
Finally, the study assessed the impact of organizational com-
mitment on employee engagement and, in turn, the impact of
employee engagement on employee performance.

Theoretical framework. Generative AI is an AI tool that allows
users to create, enhance, and summarize unstructured data to a
meaningful and useful outcome. The theoretical framework is
based on the TAM (Davis, 1989), and the two constructs from
this model, ease of use and usefulness, encapsulate user percep-
tion. The authors also used the items of Parasuraman’s (2000)
Technology Readiness Index optimism, a positive attitude toward
technology, and innovativeness, with new functionalities added
that can be useful. The integration of TRI and TAM theories has
been conceptually developed and well-documented (Lai and Lee,
2020) and tested by Flavián et al. (2022). Furthermore, stimulus‒
organism‒response (SOR) theory (Mehrabian and Russell, 1973)
was combined with the TAM model as a factor that influences the
internal states of an individual and stimulates the organism
through internal processes related to external stimuli and indi-
vidual actions. Therefore, on the basis of these theories, the
authors developed the theoretical framework presented in Fig. 1.
The author’s research model is presented in Fig. 2. Trust is a
mediator between user perception and organizational commit-
ment. A positive attitude toward the use of new and innovative
technology with optimism led the authors to propose the fol-
lowing two hypotheses:

Perceived 
usefulness

Perceived ease of 
use

Other Variables A�tude Behavioral 
inten�on to use

Actual system use
Technology 
Acceptance 
Model (TAM)
Davis et al., 1989, P 989

Employee 
Engagement 

Vigor 
Dedica�on

Employee 
Performance

Trust
Organiza�onal
commitment

Op�mism
Innova�on

User 
Percep�on

From Experience Trust is a catalyst to
work engagement and performance

S�mulus Organism Response
S�mulus
Organism
Response
ISOR)

Technology 
Readiness 
Index (TRI)

Self-Determina�on Theory (SDT)

Employment Demands and Resources (ED-R)

Fig. 1 Theoretical framework (Authors creation).
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H1: Optimism is statistically significant and positively impacts
User Perception.

H2: Innovativeness is statistically significant and positively
impacts User Perception

Trust is one of the important dimensions that impact
interactions between generative AI and its users. It is defined
as “the user’s judgment or expectations about how the AI
system can help when the user is in a situation of uncertainty or
vulnerability” (Cheng et al. 2022; Vereschak et al. 2021). Not
trusting and blindly trusting affect users’ interactions with an
AI tool and cause risks in human-AI interactions (Annette M
O’Connor et al. 2019; Pearce et al. 2022; Perry, et al. 2022).
Thus, how general users of generic AI tools build their trust in
AI and develop/design tools that users can trust has become a
topic. According to Cheng et al.‘s (2023) analysis of online
communities, developers work together to interpret how AI
affects communities so that researchers can assess AI
recommendations.

Despite several studies on generative AI, there is a lack of
understanding of user trust in AI tools and their implications,
which need to be explored critically. Therefore, trust is important
in human‒generative AI interactions because the adoption of AI
tools in the workplace depends on the reliability and trustworthi-
ness of the tools (McKnight et al. 2002, Korngiebel and Mooney,
2021). Trust is a dynamic concept and depends on previous
success and experiences. Trust in technology also depends on
data security, privacy, and data protection (Yang and Wibowo,
2022). These authors further emphasize trust in the context of AI
via the TAM. Therefore, the authors formulate the following
hypothesis:

H3: User experience positively impacts Trust
The authors would like to integrate AI into organizational

outcomes such as organizational commitment, work engagement,
and employee performance. Researchers have suggested that the
use of generative AI enhances work engagement (Picazo
Rodríguez et al. 2023). Marikyan et al. (2022) reported the
relationship between productivity and engagement in the context
of digital assistance based on AI and reported that trust is an
antecedent of satisfaction, commitment, and engagement. Rane
(2023) investigated the integration of generative artificial
intelligence systems with human resource practices for workforce
management and employee management. The authors suggested
maintaining a harmonious balance between generative AI tools
and humans so that employees can engage the tools with trust.

Employee engagement is an important factor for managing the
health and productivity of any organization. Generative AI tools
can be used to manage employees through employee engagement.
However, employees should be motivated to use new technolo-
gies. Whether such systems will be successful in long-term
employee management depends on a number of factors,

including perceived risk, trust, usefulness, fairness, and ease of
use (Hughes, 2019). Dutta et al. (2023) investigated the impact of
generic AI tools on employee engagement in the context of trust
as a mediator between generative AI and impact engagement. The
authors reported the implications of generative AI tools for
employee engagement and performance. The authors reported
that motivation and trust are the main factors for employee
engagement with generative AI tools. Assefa (2022) investigated
the deployment of AI tools to improve employee communication
effectiveness. The authors reported that access to and use of
various AI tools can help foster innovation and that creativity can
increase organizational commitment. The structural equation
model results indicate that AI tools used to automate regular tasks
increase productivity, commitment, employee engagement, and
performance.

Feng-Hsiung Hou et al. (2021) investigated the relationships
between demographics, such as gender, age, and education, and
artificial intelligence users in terms of organizational commit-
ment. The authors reported statistically significant differences
among the demographics and organizational commitments of
AI business employees. In a research study, the authors
examined the configurational effects on procedural justice
perceptions and organizational commitment. Generative AI
tools positively influence hiring and organizational commit-
ment performance (Yu et al. 2023). Organizations are increas-
ingly using AI tools to provide performance back to employees
by examining employee behavior at work and recommending
certain aspects to enhance employee performance. The authors
reported the negative effects of disclosing using AI and
deploying AI tools. Tong et al. (2021) warned organizations
to alleviate and mitigate the disclosure effect issue through
proactive communication and explanations of the objective of
such AI tools to employees in the organization.

Wijayati et al. (2022) examined the impact of AI on work
engagement and employee performance change leadership as
moderators. The SEM results indicate that AI has a statistically
significant and positive effect on employee performance and
employee engagement and that change leadership positively
moderates the impact of AI and the association between
employee performance and work engagement. Elegunde and
Osagie (2020) examined the impact of the deployment of AI tools
on employee performance in the Nigerian banking industry. The
results indicated that AI can work as a catalyst to ease routine
operations and enhance organizational commitment, employee
engagement, and performance. On the basis of these critical
reviews, the following hypotheses are formulated:

H4: Trust positively impacts organizational commitment in the
context of generative AI tools.

H5: Organizational commitment positively impacts employee
engagement in the context of generative AI tools.

Fig. 2 Authors’ research model.

ARTICLE HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-024-03842-4

4 HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |         (2024) 11:1362 | https://doi.org/10.1057/s41599-024-03842-4



H6: Employee engagement positively impacts employee
performance in the context of generative AI tools.

H7: Trust mediates the relationship between user perception
and organizational commitment.

Methodology
Data collection and sample. A carefully designed questionnaire
was used to gather the data to measure nine reflective constructs.
There were two sections in the survey. The respondents’ demo-
graphic profile made up the first section, and the TAM-SOR-TRI
models’ constructs made up the second. A seven-point Likert-
type scale was used, where one point denoted strong disagree-
ment and seven polint denoted strong agreement. The suitability
of the questionnaire was determined via a pretest. The ques-
tionnaire content was examined by four professionals, who are
experts in management and information technology, and an
English language consultant was deployed. The pilot study was
carried out with 100 information technology employees, who are
software engineers, testing specialists, team leaders, and project
managers. Convenience sampling was used to reach the targeted
sample that fulfilled the study sample characteristics. The data
were collected from January to March 2024 through a ques-
tionnaire that was published on Google Forms. The link was
shared with the targeted participants with predetermined sample
characteristics because the respondents used generative AI tools.
A total of 552 responses were received; 52 responses were drop-
ped because of respondents misbehavior, and some respondents
did not answer more than 40% of the questions. Thus, 500 valid
responses were received. Table 1 presents the demographic
characteristics of the participants.

Justification of sample size. According to Anderson and Gerbing
(1984), the recommended sample size for maximum likelihood
estimation with multivariate normal data should be between 200
and 400, with a case-to-free parameter ratio of 5:1. This indicates
that the sample needed is for one indicator/statement. Further-
more, following the criterion provided by James Gaskin (2023)
for SEM analysis, 50+ 5x, where x is the number of statements,
was used. The present empirical research has 33 questions, and
the required sample size per these criteria is 215. The valid
response rate of 500 subjects for this empirical study was greater
than the required sample size. Furthermore, the sample size used
is greater than what Wolf et al. (2013) suggested for SEM analysis.
This study assessed the sample size needed for widely used
applied SEMs via Monte Carlo data simulation techniques. Power
analysis was also performed by the writers to support the
sample size.

Power analysis. A power analysis was conducted via SPSS version
29 to assess the power of the study sample (Faul, Erdfelder, Lang,
and Buchner, 2007), with an alpha of 0.05. The standard devia-
tion of the sample was 1.17. The results revealed an actual power
value of 0.955 for the sample size of 500, with an effect size of
0.82, indicating a strong relationship among the variables, which
was significant (Fig. 3). Thus, the sample size of N= 500 is more
than adequate to test the study hypotheses (Kyriazos, 2018;
Goulet-Pelletier, Cousineau, 2018).

Measures. To develop a model that aims to address the constructs
that influence the inclination of IT sector employees to use
generative AI tools and their subsequent user perceptions, a
comprehensive review of the literature was carried out. However,
few studies exist on generative AI tools and their relationships
with human resource outcomes in the context of TAM-SOR-TRI
models.

To bridge this gap in the current research, this study proposes a
theoretical framework that incorporates TAM-SOR-TRI models
(Fig. 1). Using measurements from past research, the constructs
of optimism and innovativeness were operationalized in this
empirical research (Parasuraman, 2000; Parasuraman and Colby,
2015). The optimism construct has 3 items, and 4 items measure
innovativeness. Following the TAM model, the two constructs of
perceived usefulness and perceived ease of use were constructed
(Davis et al. 1989), and both constructs had 3 items each. These
two constructs are modeled as a higher-order construct, User
Perception. The Trust construct has five items and was modeled
following the theories of (McKnight et al. 2002; Glikson and
Wooley, 2020; Frank et al. 2024; and Candrian and Scherer,
2022). Organizational commitment was developed following the
theories of Allen and Meyer (1993) and Meyer et al. 1989). This
construct has five items. The two constructs for employee
engagement, Vigor and Dedication, were modeled through the
following work engagement questionnaire developed by Schaufeli
et al. (2006). These two constructs had 3 items each and were
modeled as higher-order EMPENG constructs to measure
employee engagement. The performance has five items, and the
construct was developed on the basis of the model of Pradhan
and Jena (2017).

Data analysis and results. As the information technology popu-
lation size is not known, the Cochran (1977) formula was used to

Table 1 Demographic characteristic of the study sample.

Gender
Male 292 58.4
Female 208 41.6

Age (Years)
18–25 108 21.6
26–30 122 22.4
31–35 99 19.8
36–40 61 12.2
41–50 58 11.6
>50 52 10.4

Education
High school 16 3.2
Graduate 135 27
Postgraduate 258 51.2
Professional 87 17.8
Other 4 0.8

Profession
Software Engineer 141 28.2
Team Leader 194 38.8
Project Manager 41 8.2
Administrative support 91 18.2
Technical support 18 3.6
Others 15 3.0

AI tool used
ChatGPT 219 43.8
Quillbot 100 20
Image generation AI tools (Adobe Firefly, Canava AI and

others)
116 23.2

Google Gemini (or other AI tools for text generation) 54 10.8
Any other AI tool 11 2.2

Frequency of AI too use
Every day extensively 219 43.8
Once or twice a day 98 19.5
Weekly once 120 24
Whenever required 50 10
A few times in a week 13 2.7

Source: Primary data processed.
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determine the sample size for the unknown population.
According to this formula, the required sample size is 385.
Another school of thought was to have a sample size of 50+ 5X
(where x is the number of statements). Our study has 9 reflective
constructs with 33 items. Therefore, the sample size required for
SEM analysis is 50+ 5*33= 215; however, the number of avail-
able valid responses of 500 is far greater than the sample size
(Wolf et al. 2013) suggested for SEM analysis.

Exploratory factor analysis (EFA) was used to uncover the
underlying pattern of structure in a set of observed variables. The
factor analysis extracted the 33 study variables into 9 components
on the basis of their shared variance. The nine components had a
cumulative variance of 81.961, which was greater than the
recommended value of >50%. Therefore, further analysis was
carried out.

KMO and Bartlett’s test: The Kaiser–Meyer–Olkin (KMO)
measure of sampling adequacy, which gauges the suitability of the
data for factor analysis, was used to determine the suitability of
the data. A factor analysis of the data indicated a value of 0.929.
(Table 2). Bartlett’s test of the sphericity value (<0.001) indicated
that the correlation matrix was not an identifiable matrix; thus,
further analysis was carried out. Factor loadings are presented in
Table 3.

This study utilized IBM SPSS for factor analysis and AMOS
version 28 for structural equation modeling analysis, which is
ideal for revealing the amount of variability in the dependent
variables (Hair et al. 2019). The SEM results generated three
components, the measurement model, which was assessed to
determine the relationships between indicators and constructs,
followed by the analysis of the structural model to verify the

expected relationships between the constructs (Ringle and
Sarstedt, 2016). Third, a mediation analysis was carried out to
determine the role of the mediator Trust in the relationship
between user perception and organizational commitment.

Measurement model assessment. The measurement model was
assessed for both the 9 constructs separately and for the model
with the higher-order constructs of User Perception and
Employee Engagement. The results are presented in Table 3.
Three important criteria were assessed: discriminant validity,
convergent validity, and internal consistency. All the constructs
exhibited good reliability, as revealed by Cronbach’s alpha values
ranging from 0.897 to 0.948, exceeding the threshold value of 0.70
(Hair, 2010). Every factor loading was greater than 0.6, and no
construct showed excessive residual variance that was shared with
other constructs. Additionally, all of the average variance
extracted (AVE) values of the constructs are greater than 0.5,
demonstrating adequate convergent validity (Table 3, Hair et al.
2019).

Discriminant validity was assessed via the Fornell–Larcker
(1981) criterion and the Heterotrait–Monotrait ratio (HTMT).
The square roots of the AVE for each construct in the overall
model were greater than the correlation coefficients, and the
variables indicated good discriminant validity. Nevertheless, the
HTMT ratio was also used to evaluate discriminant validity, and
all ratios were below the necessary cutoff of 0.85 (Henseler et al.
2015). Consequently, discriminant validity (Tables 4 and 5) was
established.

Model fit. CFA was performed via AMOS version 28. First, in the
lower-level model CFA, factor loadings were assessed for each
item. Model fit measures were used to assess the model’s overall
goodness of fit (“CMIN/df, GFI, CFI, TLI, SRMR, and RMSEA”).
All the values were acceptable, as recommended by (Ullman,
2001; Hu and Bentler, 1998, Bentler, 1990). The nine-factor
model (PERF: Performance, OCT: Organizational commitment;
Trust, Innovativeness, Dedication, Optimism, Vigor, Ease of use,
and usefulness) fit the data well; CMIN/df 1.99, CFI 0.967, GFI
938, TLI 0.925, IFI 0.987, NFI 0.958, SRMR 0.033, RMSEA 0.024.
PClose 1.000. The factor loading values (Kline, 2015) are

Table 2 KMO and Bartlett’s Test.

Kaiser‒Meyer‒Olkin Measure of Sampling Adequacy. 0.929
528

Bartlett’s Test of Sphericity Approx. Chi-Square 13989.831
Degrees of freedom 528
Significance <0.001

Fig. 3 Power analysis - Justification of sample size.
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excellent, nonnegative, and acceptable and are >0.5, with average
factor loadings >0.7 for all nine constructs, indicating that the
model was excellent (Byrne, 2013).

Furthermore, a model with higher-order constructs of user
perception and employee engagement was assessed for model fit.

The model fit with higher-order constructs also indicated an
excellent model fit, as revealed by the model fit indices CMIN/df
2.905, CFI 0.947, GFI 928, TLI 0.925, IFI 0.957, NFI 0.938, SRMR
0.037, RMSEA 0.048. As both models exhibited excellent fit, the
structural model (Fig. 4) was evaluated.

Table 3 Factor loadings of study variables.

Optimism CR: 0.876, AVE: 0.876; Cronbach’s α 0.866 Factor loadings

OPMS1 Generative AI tools improve the quality of my life. 0.79
OPMS2 Generative AI tools offer me greater freedom and flexibility. 0.86
OPMS3 Generative AI tools provide me with greater control over my work tasks. 0.86
Innovativeness CR: 0.921, AVE: 0.744; Cronbach’s α 0.920
INV1 When new Generative AI technology becomes available, I will be the first among my colleagues to acquire it. 0.88
INV2 I usually figure out new Generative AI tools without the help of others. 0.82
INV3 I keep up with the latest Generative AI technological developments in my areas of interest 0.89
INV4 Other people approach me for advice on new Generative AI technologies. 0.85
Usefulness CR: 0.905, AVE: 0.761; Cronbach’s α 0.900
USEF1 I find that Generative AI is useful in my job 0.86
USEF2 Using Generative AI makes my job easier 0.90
USEF3 Using Generative AI in my job would allow me to complete tasks faster 0.85
Ease of use CR: 0.853, AVE: 0.660; Cronbach’s α 0.849
EAS1 I think Generative AI is easy to use. 0.77
EAS2 Learning to use Generative AI was simple for me. 0.80
EAS3 I find it easy to get Generative AI to do what I want 0.87
Trust CR: 0.946, AVE: 0.812; Cronbach’s α 0.945
TST1 In my work, I feel comfortable based on the information provided by Generative AI 0.92
TST2 I am confident that I can rely on Generative AI in my work. 0.88
TST3 I can rely on Generative AI’s responses to help me with my work. 0.93
TST4 If I have a challenging problem at work, I use Generative AI. 0.89
Organizational Commitment CR: 0.913, AVE: 0.679; Cronbach’s α 0.911
OC1 I would be very happy to spend the rest of my career in this organization. 0.83
OC2 I truly feel as if this organization’s problems are my own. 0.87
OC3 I do not feel like a “part of my family” at this organization 0.86
OC4 It would be very hard for me to leave my job at this organization right now even if I wanted to. 0.79
OC5 Too much of my life would be disrupted if I left my organization. 0.76
Vigor CR: 0.911, AVE: 0.773; Cronbach’s α 0.910
VIG1 At my work, I feel bursting with energy 0.89
VIG2 When I get up in the morning, I feel like going to work 0.86
VIG3 At my job, I feel strong and vigorous 0.86
Dedication CR: 0.900, AVE: 0.751; Cronbach’s α 0.897
DED1 I find the work I do full of meaning and purpose 0.89
DED2 I am enthusiastic about my job” 0.89
DED3 My job inspires me” 0.82
Performance CR: 0.949, AVE: 0.787; Cronbach’s α 0.948
PER1 I used to maintain a high standard of work 0.90
PER2 I am capable of handling my assignments without much supervision 0.92
PER3 I am very passionate about my work 0.88
PER4 I used to perform well in mobilizing collection intelligence for effective teamwork 0.88
PER5 I could manage change in my job very well whatever the situation demands 0.87

Source: Primary data processed.
OPMS Optimism, INV Innovativeness, USEF Usefulness, EAS Ease of use, VIG Vigor, DED Dedication, TST Trust,OC Organizational commitment, PER. Performance.

Table 4 Discriminant validity (Fornell and Larcker Criterion).

PERF OCT TRUST INNOV DEDI OPTIM VIGOR EASU USEF

PERF 0.887
OCT 0.487*** 0.824
TRUST 0.447*** 0.389*** 0.903
INNOV 0.270*** 0.342*** 0.265*** 0.863
DEDI 0.373*** 0.299*** 0.402*** 0.236*** 0.867
OPTIM 0.461*** 0.350*** 0.427*** 0.258*** 0.388*** 0.838
VIGOR 0.527*** 0.493*** 0.456*** 0.426*** 0.326*** 0.670*** 0.879
EASU 0.491*** 0.430*** 0.387*** 0.318*** 0.328*** 0.363*** 0.425*** 0.812
USEF 0.695*** 0.409*** 0.567*** 0.262*** 0.489*** 0.742*** 0.679*** 0.497*** 0.872

OPMS Optimism, INV Innovativeness,USEF Usefulness, EAS Ease of use, VIG Vigor, DED Dedication, TST Trust, OC Organizational commitment, PER. Performance.
***Significant at 0.001 level; Values in the bold are square root of AVE for each construct.
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Structural model. The relationships among the constructs were
tested by assessing structural equation model created using
AMOS 28 software. According to Hair (2010), a well-fit model is
recognized if the Tucker and Lewis indices (1973), the con-
firmatory fit index (CFI) (Bentler, 1990), the GFI (Hair, 2010),
and the CMIN/df are less than 5. Furthermore, according to Hair
(2010), a model was deemed adequate if the standardized root
mean square residual (RMR) using AMOS computation was less
than 0.05 and if the root mean square error approximation
(RMSEA) fell between 0.05 and 0.08.

The squared multiple correlations were 0.63 for user percep-
tion, 0.38 for trust, 0.30 for organizational commitment, 0.50 for
employee engagement, and 0.54 for employee performance. These
values indicate that 63% of the variance is explained by two
variables: optimism and innovativeness. Similarly, 38% of the
variance in trust due to user perception, 30% in organizational
commitment due to user perception, 50% in employee engage-
ment due to organizational commitment, and 54% in employee
adaptive performance variance are explained by employee
engagement (Fig. 4).

Common method bias. Common method bias, or CMB, is the
inflation or depletion of the true correlation between the study’s
observable variables. Artificial inflation of covariance is possible
because respondents usually answer questions that include both
independent and dependent variables simultaneously. This study

assessed common method bias via Harman’s single-factor test
and the common method latent factor.

Harman’s single factor test: Confirmatory factor analysis was
used to evaluate the model fit after the researchers loaded all the
indicators onto a single factor. After verification, the model fit
was not appropriate, ruling out common approach bias.

Latent Common Method Factor: A latent construct with a
direct relationship to each of the construct’s model indicators was
employed by the researchers. A latent construct known as the
common method was drawn. The model contained a direct
correlation between each indicator in the model and the latent
construct of the unobserved common method. A path from the
common method construct to each indicator in the model is
drawn, and then a constraint on all the relationships from the
method factor being identical is established to ascertain whether
there is a common influence among all the items/indicators. The
model was run via the latent common method variable, which has
a direct relationship with each of the variables. The CFA model’s
chi-square value was noted.

The observed chi-square value for the original model without
the latent construct is 915.700, and there are 436 degrees of
freedom. With 437 degrees of freedom, the basic model’s chi-
square with a latent factor is 919.800. The chi-square difference of
4.10 suggested the presence of common method bias. Since the
CMB is so low and has little bearing on the study’s findings, it is
not a significant problem in this work (Tables 6 and 7).

Table 5 Discriminant validity (HTMT analysis).

PERF OCT TRUST INNOV DEDI OPTIM VIGOR EASU USEF

PERF
OCT 0.463
TRUST 0.426 0.370
INNOV 0.255 0.319 0.242
DEDI 0.345 0.276 0.374 0.216
OPTIM 0.420 0.324 0.389 0.232 0.361
VIGOR 0.491 0.457 0.423 0.394 0.294 0.592
EASU 0.441 0.383 0.343 0.277 0.278 0.313 0.373
USEF 0.650 0.378 0.525 0.236 0.443 0.678 0.619 0.438

OPMS Optimism, INV Innovativeness, USEF Usefulness, EAS Ease of use, VIG Vigor, DED Dedication, TST Trust, OC Organizational commitment, PER. Performance.
The thresholds are 0.850 for strict discriminant validity and 0.900 for liberal discriminant validity.

Fig. 4 Structural model with relationships among the constructs.
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Testing of hypotheses. The study assessed the impact of optimism
and innovativeness on user perception, the impact of user per-
ception on trust and organizational commitment, and the impact
of organizational commitment on employee engagement, in turn,
the impact of employee engagement on employee performance in
the context of generative AI tool use and adoption by employees
in the organization (Table 8).

H1: “Optimism is statistically significant and positively
impacts user perceptions” was supported (ß= 0.416, t= 9.176,
p < 0.001), suggesting that optimism has a positive and
statistically significant effect on user perception. A positive user
perception is a key element in adopting and using any new
technology. H2: “Innovativeness is statistically significant and
positively impacts User Perception” was also supported
(ß= 0.081, t= 3.964, p < 0.001) in that innovativeness was
positive and statistically significant. However, when considering
the regression weights of optimism (ß = 0.419) and innovative-
ness (ß= 0.081), optimism is a stronger influencer than user
perception is. These findings are consistent with the findings of
Wang et al. (2023), who reported that AI can be more effective,
enhance employee engagement and improve performance in the
context of the TAM.

The third hypothesis states that H3: “User perception impact is
statistically significant and positively impacts Trust”. This was
supported by the path analysis results (ß = 0.891, t= 8.906,

p < 0.001). According to our fourth hypothesis, the influence of
trust on organizational commitment is positive and statistically
significant (ß = 0.101, t= 2.290, p < 0.05) in the context of
generative AI tools.

The authors also examined the mediating role of trust in the
relationship between user perception and organizational commit-
ment. The direct effect is positive but insignificant (ß = 0.758,
t= 6.218, p < 0.001), whereas the indirect effect is positive and
statistically significant (ß = 0.090, t= 7.456, p < 0.001), indicating
that trust partially mediates the relationship between user
perception and organizational commitment (Zhang and Zhang,
2015). This finding supports H4, “Trust positively impacts
organizational commitment” in the context of generative AI
tools, and H7, “Trust mediates the relationship between user
perception and organizational commitment” (Table 9).

The impact of organizational commitment on employee
engagement is positive and statistically significant (ß = 0.512,
t= 7.994, p < 0.001), supporting H5: “Organizational commit-
ment positively impacts employee engagement” in the context of
generative AI tools. The impact of employee engagement on
employee performance is positive and statistically significant (ß =
0.750, t= 8.048, p < 0.001), supporting H6: “Employee engage-
ment positively impacts employee performance” in the context
of generative AI tools. The results of path analysis are shown
in Fig. 5.

Discussion
In the information technology sector, the effectiveness of AI-
driven tools has received considerable attention. This can be
attributed to improved employee engagement, performance, and
automation of routine tasks. This study investigated the factors
that influence the effect of generative AI adoption and use and, in
turn, how such adoption influences real usage patterns among
information technology employees. Very few studies exist on the
adoption and use of generative AI tools in the context of trust,
organizational commitment, employee empowerment, and
employee performance. The outcomes of this study provide
valuable insights into the adoption of AI tools in the workplace.
The results can also help to advance further research on AI tool
usage for routine and repetitive assignments by employees. The
authors investigated the effects of several constructs—user per-
ception, trust, organizational commitment, employee engage-
ment, and employee performance—in relation to generative AI

Table 6 Model fit statistics without latent common factors.

Model NPAR CMIN DF P CMIN/DF

Default model 135 915.700 459 0.000 1.995
Saturated model 594 0.000 0
Independence model 66 14329.646 528 0.000 27.139

Table 7 Model Fit Summary (with Latent Factors).

Model NPAR CMIN DF P CMIN/DF

Default model 135 919.800 460 0.000 1.999
Saturated model 594 0.000 0
Independence model 66 14329.646 528 0.000 27.139

Table 8 Results of the direct effect hypotheses.

“Relationship” ß t value p value Decision

H1: Optimism → User Perception 0.416 9.176 <0.001 Supported
H2: Innovativeness → User Perception 0.081 3.964 <0.001 Supported
H3: User perception → Trust 0.891 8.906 <0.001 Supported
H4: Trust → Organizational commitment 0.101 2.290 <0.05 Supported
H5: Organizational Commitment → Employee engagement 0.512 7.994 <0.001 Supported
H6: Employee engagement → Employee performance 0.750 8.048 P0.001 Supported

Table 9 Summary of Mediation Analysis.

“Relationship” “Direct
effect”

“Indirect
effect”

“Confidence Interval” “p-
value”

“Conclusions”

“Lower
bound”

“Upper
“bound

H7: User perception → Trust → Organizational
commitment

0.758
(p < 0.001)

a * b
0.090

0.036 0.237 <0.001 Partial
Mediation
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tools and their influence in the workplace. The main findings of
the study were that all the hypotheses were supported. However,
the mediating construct of Trust partially mediated the rela-
tionship between user perception and organizational commit-
ment. User perception, ease of use, usefulness of new tools, and
trust are paramount factors for the use and adoption of new AI
tools. The results confirm the findings of past studies that the use
of generative AI tools can enhance organizational commitment,
employee engagement, and employee performance. Our findings
are consistent with the results of Assefa (2022) and Yu et al.
(2023) in the context of organizational commitment.

Ghazali et al. (2024) reported the importance of the constructs
optimism and innovativeness in the adoption intentions of AI
tools. The continuous postadoption of AI tools depends on the
optimism, innovativeness, and ease of use of the new AI tools.
Optimism and innovativeness are the two major antecedents of
the use and adoption of generative AI tools and other AI tools in
the workplace. The factors of the technology readiness index that
Shah et al. (2024) considered were optimism, innovativeness,
security, and customer discomfort. engagement.

The study also assessed the purchase intentions of online
shoppers through AI voice assistants. The structural equation
modeling results reveal that the TRI dimensions of optimism and
innovativeness are critical factors driving customer engagement,
which further results in purchase intentions for online shoppers
deploying through AI VAs. Our results are similar and in line
with these findings. Myin and Watchravesringkan (2024) exam-
ined consumers’ adoption of generative AI tool chatbots in the
context of apparel shopping. This research was integrated with
the TAM (Davis, 1987) and behavioral reasoning theory
(Westaby, 2005). The hypothesized relationships were tested via
structural equation modeling analysis. The findings show that
perceived ease of use is positively and significantly influenced by
optimism. On the other hand, innovativeness has a statistically
significant positive effect on perceived usefulness and relative
advantage. The outcomes of our study and our hypotheses are
consistent with our findings.

Datta et al. (2023) investigated how chatbots with AI cap-
abilities affect worker engagement. With trust as a mediator, the
authors examined how AI-enabled chatbots affected employee
engagement. The outcome of the study was full mediation of trust
and a statistically significant impact of AI-enabled chatbots on
employee engagement and employee performance. Braganza et al.
(2021) investigated the effects of psychological contracts, job
engagement, and trust in the context of the adoption of AI tools.
The authors reported the positive influence of the adoption of AI
tools on job engagement and psychological contracts. Our results
concur with the authors’ findings.

Jia and Hou (2024) examined the relationship between AI-
enabled HR< in the context of employee engagement and

employee performance. Researchers have integrated ability-
motivation-opportunity (AMO) and person-organization (P-O)
fit theories to model the study. The results reveal that AI-driven
sustainable HRM practices positively influence employee
engagement and, in turn, enhance employee performance. Mishra
et al. (2024) investigated AI tool usage in the context of employee
engagement and employee performance. AI-based tools can sig-
nificantly and positively impact employee engagement and
organizational performance. Prentice et al. (2023) investigated the
effect of AI in the context of employees’ job engagement and job
performance. The authors reported that the effective use of AI
had a significant influence on job engagement and employee
performance and suggested adopting and deploying AI-based
tools to enhance employee engagement and employee perfor-
mance. Our results are consistent with the authors’ findings.

Theoretical discussion. We modeled our study by combining the
Technology Acceptance Model, Technology Readiness Index,
Stimulus‒Organism‒Response theory, and Self-Determination
Theory. The study used the constructs Optimism and Innova-
tion from the Technology Readiness Index (Parasuraman, 2000)
and modeled user perception and trust from (McKnight et al.
2002), Organization commitment from (Meyers et al. 1989),
Employee Engagement in the context of Generative AI (Hughes
et al. 2019) and Performance in the Context of Generative AI
(Elegance and Osagie). We briefly discuss other theories in the
context of generative AI.

Delone and McLean IS success model. The Information System
(IS) success model developed by Delone and McLean is a popular
framework for assessing the effectiveness of ISs in businesses.
According to the model, IS success is a multifaceted concept
comprising six dimensions: individual impact, organizational
impact, system quality, information quality, use, and user satis-
faction. The model has found widespread use in IS research and is
employed to assess the performance of a variety of ISs, such as e-
commerce, healthcare, and enterprise systems. According to
research, the model can be a useful tool for determining what
makes an IS successful and where it needs to be improved. The
construct use and user satisfaction of this model are less similar to
those of user perception; the individual and organizational impact
of this model can be integrated into employee engagement and
performance. Although some studies (Ojo, 2017) have validated
this model in the context of health informatics, it has several
limitations in the context of AI implementation, such as its
dependence on self-reported data, lack of an unambiguous fra-
mework, lack of consideration in the context of the dynamic
nature of generative AI, lack of attention to culture and power
dynamics and limited generalizability.

Fig. 5 Results of path analysis.
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Through the lens of information system success theory,
Kulkarni et al. (2023) examined the information system success
factors that impact the adoption of the GAI in wealth manage-
ment services. using an online structured questionnaire. The data
were subjected to structural equation modeling analysis. The
results show that while information quality had no effect on the
adoption of generative artificial intelligence, system and service
quality had a significant effect on generative net benefits. It was
shown that there was a substantial further moderating effect of
perceived risk on the relationship between the GAI and net
benefit. Additionally, the adoption of generative artificial
intelligence had a major effect on the information system’s net
benefits. Our results show that the adoption of generative artificial
intelligence has a major effect on the net benefits of information
systems (Delone and McLean, 2003).

Theory of planned behavior. The theory of planned behavior (Icek
Ajzen, 1991) states that human behavior is guided by behavioral
beliefs (attitudes toward the behavior), normative beliefs (sub-
jective norms), and control beliefs (perceived behavioral control).
The more favorable the attitudes and the more subjective and
greater the perceived control is, the stronger the person’s inten-
tion to perform the behavior in question, i.e., the use of generative
AI. This theory can be explained in the context of the proposed
generative AI model: user perception develops the intention and
attitude toward the behavior, i.e., to use generative AI, which
actually controls behavior. When given enough real control over a
behavior, people act on their intentions when given the chance
and circumstances. Here, intention is assumed to be the ante-
cedent of behavior (Ajzen, 2011). The theory offers general
insights into the foundations of individual attitudes that are
applicable to a variety of research contexts outside of generative
AI. In the context of elements connected to the theory of planned
behavior, Ivanov et al. (2024) investigated the relation between
perceived benefits, strengths, weaknesses, and risks. Additionally,
the study investigated the potential impact of the intention to use
GenAI tools on their actual implementation in higher education,
as well as the structural relationship between the TPB variables
and this intention. The data were collected from university lec-
turers and students at higher educational institutions. The find-
ings show that while lecturers and students may have different
opinions about the benefits and drawbacks of GenAI tools, their
attitudes, subjective norms, and sense of behavioral control are
significantly and favorably impacted by the technologies’ per-
ceived strengths and advantages. The TPB core variables have a
positive and significant effect on the intentions of instructors and
students to use GenAI tools, which in turn has a positive and
significant effect on tool adoption. In a similar vein, by outlining
the factors influencing the adoption of GenAI technologies in the
IT sector, our study advances theory. It provides managers and
policy makers with a variety of options for how to formulate rules
and regulations that optimize the advantages of these instruments
while reducing their disadvantages.

Diffusion innovation theory. According to Moore and Benbasat
(1991), this theory focuses on innovation-specific factors that
influence users’ behavior in regard to adopting new technologies.
The innovation spreads over time through particular channels.
The rate of adoption is based on the adopter, and if the adopter is
influential within a social network, this creates a desire for a
specific innovation to adopt the new technologies. Diffusion
theory states that for successive groups of users who adopt new
technology, the share of the technology will reach the saturation
level. This is in contrast to the adoption of generative AI, which
started in the recent past, and now, it is not possible to predict the
saturation of generative AI. In the context of generative AI,

adopters are similar to users. Ghimire and Edwards (2024) ana-
lyzed the fundamental elements affecting educators’ opinions and
acceptance of large language models (LLMs) and GenAI. The
authors polled educators and used the innovation diffusion the-
ory (IDT) and technology acceptance model (TAM) frameworks
to analyze the results. The authors reported a significant positive
correlation between educators’ perceptions of the usefulness of
GenAI tools and their acceptance, which emphasizes the sig-
nificance of providing concrete advantages to them. Furthermore,
although to a lesser degree, perceived ease of use was a significant
factor influencing acceptance. Our results also demonstrate that
there are differences in the knowledge and acceptance of these
tools, indicating that to enable broader integration of AI, targeted
strategies are needed to address the unique needs and concerns of
each adopter category.

Theory of reasoned action. According to the theory of reasoned
action (Ajzen and Fishbein, 1980), an individual’s attitudes
toward carrying out the behavior in question can predict the
behavior through the intervening effect of the behavioral inten-
tion. This theory has four constructs—beliefs, attitudes, subject
norms, and intentions. This theory postulates that a person’s
intentions to perform a behavior (in this case, using a new
technology such as generative AI) are influenced by social pres-
sures similar to the social influence of the UTAUT-2 construct.
This will lead to individual perceptions similar to user percep-
tions in our generative AI model and what others will think about
them performing such behavior in question. Hee-Young et al.
(2023) investigated the associations between the factors of cred-
ibility and usability and the user innovativeness of the ChatGPT
in the context of the theory of reasoned action and innovation
diffusion theories. The data were collected from ChatGPT, a
Generative Ai user. First, the TRA (Subjective Norm, Attitude)
benefits from the ChatGPT factors (Credibility, Usability). Sec-
ond, the innovativeness of ChatGPT users positively impacts
subjective norms and attitudes (TARs). Third, the subjective
norms and attitudes (TARs) of ChatGPT users positively affected
their intention to switch. According to our findings, users’
innovativeness and generative AI usability and credibility have a
large effect on their intention to switch from other portal services
(such as Daum, Navier, and Google) to ChatGPT. To deliver
services that meet expectations, generative AI systems such as
ChatGPT should work to develop a range of services, such as
making functions more convenient for creative users to use.

Task–Technology Fit. The TTF model states that the degree to
which task requirements and technology characteristics align
predicts an individual’s technology use and performance
(Goodhue and Thompson, 1995). The goal of this theory was to
investigate the postadoption facets of technology use. Task‒
technology fit refers to the relationship that exists between an
individual (a user of generative AI) and technology (hardware,
data, and software tools), as well as a task—that is, the action that
an individual performs to achieve specific outcomes. The theory
aims to investigate and validate the hypothesis that increased
performance from the use of technology is contingent upon its
functional alignment with users’ task requirements. In our model
of generative AI, we also examined the use of generative AI tools
in the context of employee engagement and performance. Huy
et al. (2024) created an integrated research model to investigate
the variables influencing the use of ChatGPT and the con-
sequences for users’ propensity to stick with the app and refer
others to it. By surveying 671 chatGPT users, the authors also
examined the primary uses of ChatGPT and the moderating effect
of curiosity on the relationships between various influencing
factors and ChatGPT use. Interestingly, contrary to our
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expectations, ChatGPT use was unaffected by effort expectations,
social influence, and trust. Second, word-of-mouth (WOM) and
the intention to continue using ChatGPT were directly impacted
by ChatGPT use. Third, the intention to stick to ChatGPT had a
large effect on word-of-mouth. Ultimately, the study revealed that
there were just three pathways—hedonic motivation, facilitating
conditions, and performance expectancy—to which curiosity
functioned as a moderator. In our study, user perception and
trust positively impacted the outcome variables of employee
engagement and performance.

According to social cognitive theory, an individual may develop
the intention to use generative AI by observing other users.

Unified theory of acceptance and use of technology (UTAUT).
Several models described earlier have one or more limitations.
Therefore, there is a need to develop a model that is at least
near fit and acceptable to all people. Past technological inven-
tions, such as big data, artificial intelligence, robotics, and ICT,
have dramatically changed the way organizations conduct
business. A continuous thrust of organizations is employee
engagement, which in turn enhances employee performance
through the use of technologies. The consequences of tech-
nology adoption on organizations’ performance and the tech-
nology utilization and acceptance gap are major areas of
research in the recent past. Texts such as the TPB and TRA
analyze the relevant variables from these theories to provide a
psychological perspective on human behavior. The main focus
of diffusion innovation theory is on the innovation-specific
elements that influence user behavior with respect to the
adoption of new technologies. The theories’ varying points of
view were a reflection of the kinds of variables included in each
model. Consequently, a cohesive strategy is required to incor-
porate variables that represent various viewpoints and academic
fields and broaden the theory’s application to various situations.
(Venkatesh et al. 2003).

To provide a holistic understanding of technology acceptance,
Venkatesh et al. (2003) integrated important constructs predict-
ing behavioral intention and used to create a unified theory of
technology that offered a comprehensive understanding of
technology acceptance. UTAUT theory looks into how technol-
ogy is accepted and how performance expectancy, effort
expectancy, and social influence and facilitating conditions play
a role. This model is more advanced than the technology
acceptance model. The model states that the actual use of
technology is determined by behavioral intentions. The technol-
ogy adoption and adoption of generative AI are dependent on
these four constructs. These constructs are more or less similar in
underpinning generative AI. Performance expectancy is “the
degree to which an individual believes that using the new
technology will help him/her attain gains in job performance”.
This construct is based on the TAM and other models. Effort
expectancy is “the degree of ease associated with the new
technology”. Effort expectancy is perceived as similar to ease of
use according to the TAM. Social influence is “the degree to
which an individual perceives that important others believe he/
she should us the new technology”. This construct is similar to
subjective norms or the TRA, TPB, and IDT. Facilitating
conditions are “the degree to which an individual believes that
an organization’s and technical infrastructure exists to support
the use of the system” (Venkatesh et al. 2003). This construct is
drawn from the TPB and IDT.

Wang and Zhang (2023) investigated and assessed the
characteristics of Generation Z that encourage its adoption of
GenAI-assisted design. The study model included the trait
curiosity concept, the technology readiness index, and the unified
theory of acceptance and use of technology 2 (UTAUT2).

Structural equation modeling was used to analyze the data that
were gathered from 326 participants in the southeast Chinese
mainland. Price value, hedonic motivation from UTAUT2, and
effort expectancy all have a positive effect on the intention to use
GenAI, but performance expectancy has no statistically signifi-
cant effect. 2) Optimism and creativity have a significant effect on
price value, hedonic motivation, performance expectancy, and
effort expectancy.

Grassini et al. (2024) investigated the factors that influence a
sample of university students in Norway to adopt and use
ChatGPT. The study’s theoretical approach is founded on a
previously validated model and is anchored in the Unified
Theory of Acceptance and Use of Technology (UTAUT2). The
suggested model combines six constructs to explain ChatGPT’s
real usage patterns and behavioral intentions in the context of
higher education. On the basis of the structural equation
modeling results, performance expectancy was found to have
the greatest influence on behavioral intention, followed by
habits. This study adds to the body of knowledge regarding the
variables affecting college students’ use of generative AI
technologies. It also contributes to a deeper understanding of
the ways in which educational contexts can effectively integrate
tools such as ChatGPT to support instructors’ teaching and
students’ learning. As described earlier, the performance
expectancy and expectancy constructs were modeled from the
TAM and other theories. The results are similar to the
outcomes we presented in our model.

Conclusions
Generative AI tools hold great potential for transforming office
settings with enhanced employee engagement and employee
performance. However, trust and user perception play crucial
roles in the adoption and use of these AI tools. This study
aimed to identify the factors that influence the adoption
intentions of information technology sector employees. The
study followed convenience sampling to target information
technology employees who were tech-savvy and who frequently
deployed and used generative AI tools for their routine job
activities. The study incorporated a total of 9 constructs; in
turn, the ease of use and usefulness constructs, which are
modeled as higher user perceptions, and vigor and dedication,
which are modeled as employee engagement, constitute another
higher construct. Both models with lower-order and higher-
order constructs were assessed for their model fits, and both
models were found to have an excellent fit. Therefore, the
structural model was assessed. Path analysis and hypothesis
testing were carried out through SEM analysis with IBM AMOS
version 28 software. The results revealed that the strong
influence of user perception on trust, organizational commit-
ment, and organizational commitment significantly impacts
employee engagement; in turn, employee engagement positively
impacts employee performance among information technology
employees. The proposed model, which integrates the TRI-
SOR-TAM model, offers valuable insights for organizations and
human resource management programs through the integration
of generative AI tools. However, adoption intentions vary from
employee to employee, and user perceptions need to be con-
sidered for the effective implementation and adoption of gen-
eric AI tools.

Theoretical implications. This empirical research significantly
contributes to existing theories and research in the context of the
adoption and use of generative AI tools for good human practices.
This study provides insights into the extant literature on gen-
erative AI tools and their acceptance by employees and
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organizations. This study extends the scope of the TAM and TRI
model frameworks by adding technical value in the context of
human resource practices in the IT industry. Employee engage-
ment and performance are positively and significantly influenced
by user perception, trust, and organizational commitment. The
model developed can be applied to certain HR practices, such as
talent acquisition, hiring, finding talent, and training.

The study offers practical insights into several HR functions and
the stakeholders involved in the deployment of generative AI tools
to automate repetitive assignments. This outcome from this
research can also help organizations understand and adopt
generative AI tools. Management should provide clear and concise
information on the benefits of adopting generative AI tools in
organizations, such as quick responses and accuracy in carrying out
employees’ routine activities. Guidance to employees should be
provided to ensure the optimal use of generative AI tools and to
make them familiar with these tools and their features for
improved contributions. Additionally, this study provides insights
for organizations to maximize profits and promote the successful
integration of generative AI tools in various contexts.

Generative AI tool adoption and use are significantly influenced
by ease of use and usefulness. Developers should prioritize task
effectiveness and enhance the intelligence system to understand
employee requirements and deliver accurate results. Integrating
generative AI tools and other technologies in the office environ-
ment can ease routine and repeated jobs and enhance employee
engagement in the IT sector for tech-savvy employees.

Practical implications. Specifically, it opens up new applications
such as personalized education and services, digital art, and
realistic virtual assistants that were previously unfeasible or
impractical for automation. The practical implications are that
the field of interdisciplinary research as well as the information
technology industry will be greatly impacted by generative AI. To
facilitate swift adoption, the principles of generative AI are con-
ceptualized from a model-, system-, and application-level per-
spective in addition to a social-technical perspective, where they
are explicated and defined. In the end, our research has given
future scholars a significant research agenda that will enable them
to study generative AI from different theoretical perspectives
while incorporating the concepts from these theories. The results
of our study should be interpreted considering several limitations.
Our research was geographically limited to Hyderabad city and
the Indian Metro, reducing the broader applicability of our
findings to other regions with different cultural and educational
backgrounds.

Furthermore, our findings might need to be updated quickly
due to the rapid evolution of AI technology. There is a need to
update our findings, as generative AI tools release new updates
that could make them even more useful for students’ assignments.
However, this restriction is applicable to all research in the
quickly developing field of artificial intelligence. As our study
addresses, it is critical to understand how the field and its
instruments have changed over time, including attitudes and
applications.

Limitations and future directions. This study has certain lim-
itations that can be addressed by future researchers. The results
are a representative sample of information technology
employees from Hyderabad, an Indian Metro. This may limit
the scope of application of the findings. However, the sample
size was too large to generalize the results. The self-report
questionnaire has the problem of revealing the true perspective
of respondents, raising the potential for inaccuracies. The
authors addressed this concern thoughtfully interpreting the

data. Future studies can use other theoretical frameworks,
integrating the TAM with the diffusion of innovation, infor-
mation system service quality, and technology adoption models
to further understand the factors that influence the adoption of
generative AI tools. The study followed convenience sampling
to target the population with the required characteristics, such
as employees who use generative AI tools in their organiza-
tional settings. This study paves the way for future research to
explore the presented relationships in different cultural and
organizational settings. The authors recommend longitudinal
studies to understand and assess how these relationships evolve
over a period of time when generative AI is needed. Finally,
further studies are suggested to dissect gender parity and
incorporate moderation variables such as organizational com-
mitment and human resource practices into the current model.
As this field is still in its nuance stage, more explorative studies
are needed to assess how the constructs of our model, such as
organizational commitment and employee engagement, can
influence the close construct of HRM practices’ psychological
well-being and job satisfaction to better understand the theo-
retical framework. It is important to remember, however, that,
by international standards, the population of reference (i.e.,
information technology employees working in Hyderabad) is
very large. We purposely excluded other factors that might have
an impact and concentrated only on the UTAUT2 model, as we
are left to future researchers to integrate UTAUT-2 and gen-
erative AI. The authors suggest carrying out similar studies that
integrate other theoretical models with generative AI.

Data availability
The datasets generated during the research and analyzed during
the current study are available from the online data repositories
Figshare at https://figshare.com/s/8b383f7c09dfa0c8ea80.
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