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Abstract: This article aims to investigate the factors that affect behavioural intention (BI) and user
behaviour (UB) among Arabian users of generative artificial intelligence (GenAI) applications in
the context of media content creation. The study’s theoretical framework is grounded in the unified
theory of acceptance and use of technology (UTAUT2). A sample of 496 users was analysed using the
partial least squares structural equation modelling technique (PLS-SEM). The results revealed that BI
is significantly influenced by performance expectancy, effort expectancy, social influence, hedonic
motivation, habit, and user trust, with hedonic motivation having the greatest impact. In terms of
UB, facilitation conditions, habit, user trust, and BI were all found to have a positive and significant
impact. This study contributes to the existing theory on the utilisation of GenAI applications by
organising findings pertaining to the use of AI technology for media content creation.
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1. Introduction

Information technology has undergone rapid advancement in recent years, driven in
part by artificial intelligence (AI) and related technologies and applications. This progress
has been particularly notable since the rise of generative AI (GenAI), which uses advanced
algorithms to analyse data patterns and use that information to create various types of new
content, including text, images, sounds, videos, and code (Michel-Villarreal et al. 2023).

Major technology companies, such as Microsoft and Google, have begun to compete in
launching GenAI applications. OpenAI, supported by Microsoft, announced the interactive
chatbot ChatGPT in November 2022; Google launched the Google Bard application, and
other applications have since appeared, such as Midjourney AI for photos, which is also
owned by OpenAI (Feuerriegel et al. 2023).

Technology companies are intensifying their efforts to not only release new apps but
also enhance existing ones, elevating them to a professional level of content creation utilis-
ing four cutting-edge technologies: natural language, machine learning, computer vision,
and artificial neural networks. These technologies simulate the functions of the human brain
and are highly effective at learning from large volumes of data (Fui-Hoon Nah et al. 2023).

In the context of the recent developments in generative artificial intelligence during
the current year, OpenAI launched ChatGPT 4o with Canvas, which features performance
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and efficiency improvements that allow users to edit texts and codes and develop ideas
(OpenAI 2024). Google also introduced a new update to its Gemini 1.5 Pro model, which
supports text, image, and video analysis with multimedia capabilities (Google AI 2024).

Microsoft launched Copilot Vision, which enables users to analyse texts and im-
ages on web pages in real-time while maintaining privacy and security while browsing
(Microsoft 2024). It also launched MidJourney version 6.1, which offers significant improve-
ments in image quality and accuracy while reducing visual defects and enhancing details
of small elements (MidJourney 2024).

GenAI represents significant monetary potential, with global corporate profits pro-
jected to range from $2.6 and $4.4 trillion per year. According to World Economic Forum
forecasts, GenAI is projected to contribute around $16 trillion to the worldwide economy
by the year 2030 (Paige et al. 2023).

One of the key ethical challenges posed by AI in creative fields is the blurring of the
lines between human-generated and AI-generated content. This raises crucial questions
about authenticity and plagiarism, as the distinction between inspiration and imitation
becomes increasingly blurred (Kanont et al. 2024).

Additionally, the incorporation of AI into creative workflows has raised apprehensions
regarding the possible displacement of creative professionals in fields like media and film,
with AI’s ability to generate texts and compositions raising fears of job losses among writers
(Cheng 2024). Others argue that AI can act as a valuable collaborator, enhancing rather
than replacing human creativity (Lai 2023).

Arab countries, especially those in the Gulf region, have made numerous efforts to
adopt GenAI and benefit from its applications. The United Arab Emirates has created the
position of Minister of State for Artificial Intelligence and the Digital Economy and devel-
oped the National Strategy for Artificial Intelligence 2031, which aims to achieve global
leadership in the field of AI. It has also launched the Artificial Intelligence Programme
and established the Artificial Intelligence and Digital Transactions Council with the aim of
creating a stimulating environment for the application of AI technologies and developing
guidelines for GenAI (Artificial Intelligence Office, UAE 2024).

The Kingdom of Saudi Arabia established the Saudi Data and Artificial Intelligence
Authority (SDAIA), issued two guides on using GenAI, created the National Center for
Artificial Intelligence, and strengthened the research and innovation system. AI is expected
to contribute 58.8 trillion Saudi riyals to the domestic product by 2030 (Saudi Authority for
Data and Artificial Intelligence 2024).

Qatar launched a project called The Arab Model for Generative Artificial Intelligence
Fanar to develop Arabic content using GenAI, aiming to improve both accuracy and under-
standing. In the Kingdom of Bahrain, the Labor Fund “Tamkeen” launched the Artificial
Intelligence Academy, a training platform that helps young people enhance their innovative
and creative abilities. It also created the Sheikh Nasser Center for Research and Develop-
ment in Artificial Intelligence and designed a guide to help governments use AI technolo-
gies in a responsible and sustainable manner (Nasser Vocational Training Center 2023).

Trust in AI applications among users in Gulf countries is influenced by several fac-
tors, including the level of awareness of potential concerns, misuse and its impact on
psychological security, and cultural factors (Aldossary et al. 2024; Pashentsev et al. 2024;
Alshamsi et al. 2024). Concerns about the impact of AI on the labour market make users
anxious about their professional future, especially among workers in media institutions
(Al Adwan et al. 2024).

In the Arab Gulf states, efforts are underway to localise GenAI technology and raise
awareness about its applications. Various studies have analysed the challenges and ethical
issues problems associated with AI and its applications and investigated the impact of AI
on professions and opportunities while failing to address user acceptance and motivation
for using these technologies. This study aims to explore the factors influencing user
behavioural intention (BI) and user behaviour (UB) regarding GenAI in the Arab Gulf
states. The following four questions will be explored:
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Q1: What factors influence the acceptance of GenAI applications among users in the
Arabian Gulf states?

Q2: What are the most widely used applications of GenAI among users in the Arabian
Gulf states?

Q3: What are the uses of GenAI applications among users in the Arabian Gulf states?
Q4: To what extent are users in the Arabian Gulf region aware of the differences

between human-generated content and GenAI applications?

1.1. Literature Review
Factors Affecting Acceptance of Generative Artificial Intelligence Applications

GenAI applications, which integrate deep learning with natural language processing to
enable human-like interactions, represent a significant advance over traditional AI systems
(Markovič 2024). These applications, such as ChatGPT, Copilot, Gemini, and others, are
changing how we communicate and engage with technology (Victor et al. 2023).

Studying the acceptance of GenAI applications is essential to grasp the elements that
motivate both individuals and organizations to adopt this technology (Ho et al. 2022).
Studies have investigated various factors influencing GenAI adoption, highlighting the
perceptions, benefits, challenges, and levels of acceptance among different user groups,
as well as technology acceptance, UB, technological progress, and ethical considerations
(Ling et al. 2021).

Yin et al. (2023) highlighted the underlying factors predicting professionals’ acceptance
of and intention to use GenAI, focusing on the anxiety about AI among professionals
working in creative industries. The study indicated that factors such as performance
expectancy (PE), social influence (SI), pleasure motives (hedonic motivation, HM), and
habit (HT) significantly influenced user intentions and acceptance. In contrast, expected
effort (EE), facilitating conditions (FC), and price value (PV) had no significant impact.

A study by Kim and Kim (2020), which surveyed media professionals who produce
news using GenAI, found that media reliability was the most significant influencing factor
for the acceptance of GenAI content. Readers prioritised the reliability of the media source
over technical aspects, indicating that in the media, trust is crucial in the acceptance and
use of GenAI applications.

In the context of the academic community, Strzelecki et al. (2024) examined the
factors affecting the intention to use ChatGPT for research and teaching among academics
in Poland. They found that HT, PE, and HM were key factors shaping teachers’ and
researchers’ intentions to adopt ChatGPT, with both personal innovation and SI also
positively influencing its acceptance. EE and ease of adoption did not significantly affect
academics’ acceptance of this tool, suggesting that academics are willing to invest more
effort in technology if they perceive it as valuable to their work. The study identified age as
the sole variable influencing academics’ acceptance and adoption of AI applications.

Lavidas et al. (2024) came to a different conclusion. In exploring students’ use of
GenAI at the Greek University of Patras, it found that acceptance and adoption were
unaffected by gender, age, and experience. Instead, the study confirmed that PE, HT,
BI, FC, and HM significantly influenced students’ intentions to use GenAI applications.
Furthermore, Salama (2023) found that gender and specialisation had no effect on students’
acceptance of GenAI applications, with students considering them valuable tools capable of
enhancing their creative work and abilities. The study also identified that expected benefits,
ease of use, attitudes towards use, and BI influenced their acceptance and use of GenAI
applications.

Some studies have identified obstacles limiting the wider adoption of GenAI in the aca-
demic context (Abdullah and Zaid 2023; Kshetri 2024), such as lack of relevance; excessive
reliance; inadequate support, training, and resources; and, most importantly, ethical issues.

Vo and Nguyen (2024) examined how English major students perceive the use of
ChatGPT for language development and identified the factors influencing their acceptance
of GenAI applications. They discovered that while the students found ChatGPT easy to



Journal. Media 2024, 5 1627

use and considered it useful for language learning, they were neutral about its overall
usefulness. The study also confirmed that gender had no effect on students’ acceptance
and perceptions of GenAI applications. This finding was confirmed by Nja et al. (2023),
who examined the factors influencing the use of AI applications by science teachers and
found that behaviour and intention to use GenAI applications were unaffected by gender,
age, and place of residence.

In the engineering field, Russo (2024) found that social factors had no significant
influence on GenAI usage intention. Additionally, while personal and environmental
factors shaped technology perceptions, they did not directly affect their usage intention.
Bernal and Maligaya (2024) investigated the levels of awareness and acceptance of GenAI
among airline engineers and its application in problem-solving. They observed significant
acceptance among the airline engineers, with expected usefulness and ease of use playing
key roles in their acceptance and adoption of GenAI applications.

When it comes to user trust (UT), the relationship between humans and AI is complex.
Studies indicate that although people may forgive human errors, they quickly lose trust in
AI, which confirms the importance of the trust factor in accepting GenAI (Wirtz et al. 2018).
Individuals’ demographic characteristics and attitudes towards the efficiency of GenAI
applications significantly influence their trust in them (Yakar et al. 2022).

The use of GenAI applications also brings up numerous ethical issues about authorship,
academic integrity, trust, misinformation, deepfakes, algorithmic bias, transparency, account-
ability, and impact on human creativity (Al-kfairy et al. 2024; Wakunuma and Eke 2024;
Porsdam Mann et al. 2023; Bautista et al. 2024; Fui-Hoon Nah et al. 2023). Privacy con-
cerns are another critical area for ethical scrutiny. The gathering and utilization of per-
sonal information for training AI models brings forth numerous significant inquiries
regarding consent, data ownership, and the right to privacy (Oladoyinbo et al. 2024;
Hastuti and Syafruddin 2023).

1.2. Theoretical Framework

The UTAUT2 model, introduced in 2012, swiftly gained widespread recognition
due to its capacity to elucidate the factors impacting technology adoption. Its efficacy
has been demonstrated across various contexts, technologies, cultures, and nationalities.
Venkatesh (2022) considered UTAUT a powerful general theoretical model that could
be integrated with other models to enhance the comprehension of technology adoption
behaviour. PE, SI, and FCs emerged as primary influencers directly affecting the intention
to use.

The internet and smartphones have become crucial components of daily life. Numer-
ous scholars have endeavoured to identify the determinants shaping individuals’ accep-
tance and comprehension of new technology (Hughes et al. 2019), exploring myriad theo-
ries, contexts, units of analysis, and research methodologies (Choudrie and Dwivedi 2005;
Dwivedi and Williams 2008). These encompass, among others, the diffusion of innovation
(DoI) by Rogers (1962), the technology acceptance model (TAM) by Davis (1989), the theory
of planned behaviour (TPB) by Ajzen (1991), and the theory of task–technology fit (TTF) by
Goodhue and Thompson (1995).

The TAM has significantly contributed to developing frameworks to explain and
anticipate the acceptance and adoption of novel technologies. The TAM suggests that
the perception of a new technology’s usefulness, as well as its ease of use, significantly
influence its acceptance. Extending the TAM framework, Venkatesh et al. (2012) introduced
the UTAUT, amalgamating prior studies and introducing the effects of new variables,
including PE, effort expectancy (EE), SI, FC, HM, PV, and HT, on BI.

Several extensions have emerged that include additional variables and are collectively
referred to as (TAM++). The technology acceptance model (TAM) has been widely validated
as a leading scientific model and a reliable model for explaining, predicting, and improving
user acceptance across a range of technology applications (Davis et al. 2024).
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In previous studies related to AI usage, UTAUT has been empirically tested for its
validity and reliability (Lin and Lee 2023; Venkatesh 2022; Zhang 2020) and has proven
effective in assessing the acceptance of new technologies like GenAI. De Graaf et al. (2017)
used UTAUT as a framework for evaluating the acceptability of social robots, while
Terblanche and Kidd (2022) scrutinised adoption determinants for AI and the Internet
of Things (IoT) AI. Kuberkar and Singhal (2020) and Ho and Cheung (2024) found that
trust in AI influences the public’s perceptions of autonomous drones.

Ho and Cheung (2024) augmented the UTAUT2 model to enhance the understanding
of public trust and intention to utilise AI. Upadhyay et al. (2022) found that factors like
PE, openness, SI, HM, and creative motives positively impact entrepreneurs’ inclination to
use AI. Ahmed et al. (2023) conducted a comprehensive meta-analysis, revealing that PE,
perceived usefulness, UT, and HT were the most accurate predictors of consumer BI for
mobile app adoption.

Alkhwaldi and Abdulmuhsin (2022) enriched UTAUT2 by incorporating contex-
tual factors such as trust and autonomy as key predictors of remote learning acceptance.
Maican et al. (2023) utilised structural equation modelling (SEM) to analyse how UTAUT2
factors affect BI towards GenAI, noting the influences of language proficiency and gender.
Wang and Zhang (2023) evaluated factors driving Generation Z’s embrace of GenAI-
assisted design, finding positive effects of EE, PV, and HM but no significant effect of
PE. Zhu et al. (2024) extended the UTAUT2 model with ethical influencing factors, while
Yin et al. (2023) explored the adoption of GenAI, identifying predictors including PE, SI,
HM, HT, and AI anxiety.

In this study, the UTAUT model is critical for explaining and analysing factors affecting
the acceptance of GenAI applications among users in the Arab Gulf states.

1.3. Research Hypotheses

The UTAUT2 model was used to investigate 12 hypotheses (see Figure 1) that centre
on the key influences related to GenAI:

H1. PE has a positive direct influence on the BI to use GenAI in media content creation.

H2. EE has a positive direct influence on the BI to use GenAI in media content creation.

H3. SI has a positive direct influence on the BI to use GenAI in media content creation.

H4. FCs have a positive direct influence on the BI to use GenAI in media content creation.

H5. FCs have a positive direct influence on GenAI UB in media content creation.

H6. HM has a positive direct influence on the BI to use GenAI in media content creation.

H7. PV has a positive direct influence on the BI to use GenAI in media content creation.

H8. HT has a positive direct influence on the BI to use GenAI in media content creation.

H9. HT has a positive direct influence on GenAI UB in media content creation.

H10. UT has a positive direct influence on the BI to use GenAI in media content creation.

H11. UT has a positive direct influence on GenAI UB in media content creation.

H12. BI has a positive direct influence on GenAI UB in media content creation.
This figure illustrates the proposed conceptual model, showing the relationships be-

tween key constructs influencing user behaviour and behavioural intention. The constructs
include social influence, performance expectancy (PE), effort expectancy (EE), facilitating
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conditions (FCs), user trust (UT), hedonic motivation (HM), habit (HT), and price value
(PV). Arrows represent hypothesised relationships, labelled as H1 through H12, indicating
the proposed hypotheses tested in the study.
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Figure 1. Hypothesised model (adopted from the UTAUT2 model).

Table 1 presents an overview of measurement scales, factor loadings, means, and
standard deviations (SD) for each construct of the UTAUT2 model. The table outlines
specific items for each construct, including item descriptions, average scores, and SD,
illustrating the respondents’ average agreement and consistency (or lack thereof) among
each construct. This structure is useful in evaluating the model’s constructs, is backed by
clearly defined measures and trustworthy sources, and guarantees clarity and consistency
in interpretation.

Table 1. Measurement scale and factor loadings, means, and standard deviation (SD).

Constructs Items Description Mean SD Measure Definition and Source

Performance
expectancy (PE)

PE1 I expect generative AI applications to provide new and
innovative ideas. 4.16 0.89

PE “refers to the extent to which
individuals believe that using a

system will help them attain gains
in job performance or enhance their
performance in learning processes”

(Venkatesh et al. 2003).

PE2 These applications help me accomplish tasks quickly. 4.17 0.82

PE3 Using generative AI applications increases my work
performance. 4.03 0.91

PE4 The use of generative AI applications brings about
positive change. 3.99 0.91

PE5 Using generative AI applications enhances my chances of
solving the problems I encounter. 4.01 0.95

PE6 Generative AI applications help me create content in a
short time without affecting quality. 3.93 0.98

PE7 I expect these apps to produce diverse content that meets
my needs. 4.00 0.94
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Table 1. Cont.

Constructs Items Description Mean SD Measure Definition and Source

Effort expectancy
(EE)

EE1
Applications are capable of completing tasks

autonomously without the need for constant human
intervention.

3.79 0.98

EE is defined “as the degree of ease
or effort associated with the use of
technology” (Venkatesh et al. 2003).

EE2 Generative AI applications are easy to use. 4.01 0.87

EE3 I can be good at using applications without needing much
technical experience. 3.97 0.89

EE4 My interaction with generative AI applications is clear and
understandable. 3.99 0.86

Facilitating
conditions (FCs)

FC1 Generative AI applications align with other technologies
I use. 3.98 0.88

FC2 I can get help from others when I have difficulty
using apps. 3.99 0.92

FC is defined as “the degree to
which an individual believes that an

organisational and technical
infrastructure exists to support use

of the system”
(Venkatesh et al. 2003).

FC3
If I encounter any problems while using generative AI
applications, I have access to the necessary information

and technical support to resolve them.
3.92 0.96

FC4 Subscription to generative AI applications matches the
systems and software I use. 3.91 0.93

FC5 The information needed to use the apps is available and
easy to access. 4.01 0.90

Social influence
(SI)

SI1 People who are important to me think I should use
generative AI applications. 3.84 0.94

SI is defined “as the extent to which
important others, such as family

and friends, believe that an
individual should use a particular

technology” (Venkatesh et al. 2003).

SI2 People whose opinions I value prefer that I use generative
AI applications. 3.85 0.97

SI3 The organisations I work with allow me to use the apps. 3.80 0.96

SI4 My use of generative AI applications increases other
people’s interactions with me. 3.79 1.01

SI5 Users of generative AI applications are better placed in
their organisations. 3.86 0.95

Hedonic
motivation (HM)

HM1 Using generative AI applications is fun. 4.15 0.82 HM is “the fun or pleasure derived
from using a technology”

(Venkatesh et al. 2012).HM2 Generative AI applications provide an impressive
experience. 4.17 0.81

Price value (PV)

PV1 Companies offer generative AI applications at
affordable prices. 3.70 1.04 PV is “an individual’s trade-off

between the perceived benefits of
using the system and its monetary

cost” (Venkatesh et al. 2012).PV2 I consider subscription prices for generative AI
applications to be good value for the money. 3.73 1.00

Habit (HT)
HT1 Using generative AI applications has become a habit

for me. 3.66 1.14

HT is defined “as the extent to
which an individual tends to

perform behaviours automatically
because of prior learning and

experiences with the technology”
(Venkatesh et al. 2012).

HT2 Using generative AI applications has become natural
for me. 3.97 1.10

User Trust (UT)

UT1 I trust the accuracy of content produced using
generative AI. 3.70 0.99

UT is “users’ confidence in the
security and reliability of the

technology”
(Gefen and Straub 2003).

UT2 I trust the realism of images produced using generative AI. 3.62 0.99

UT3 The video produced by generative AI is as close to the
truth as possible. 3.73 1.01

UT4 The sounds produced by generative AI approximate
natural sounds. 3.84 1.01

Behavioural
intention (BI)

BI1 I intend to continue using generative AI applications in
the future. 4.16 0.88

BI refers to “individuals’
willingness and intention to use a
particular technology for a specific

task or purpose”
(Venkatesh et al. 2012).

BI2 I will always try to use generative AI applications in
my life. 4.01 0.95

BI3 I plan to continue using generative AI applications
frequently. 4.04 0.89
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Table 1. Cont.

Constructs Items Description Mean SD Measure Definition and Source

User behaviour
(UB)

UB1 I use generative AI applications regularly in my work. 3.88 0.97

UB “aims to explain user
technology acceptance and usage

behaviour. According to the model,
actual use refers to the extent to

which users actually use a
technology for a specific task or
purpose” (Strzelecki et al. 2024).

UB2 I use generative AI applications on various devices I own. 3.93 0.98

UB3 I spend a lot of time using generative AI applications. 3.65 1.09

2. Method
2.1. Research Design

Using the UTAUT2 model as its foundation, this study utilised a quantitative research
design and survey methodology to examine the factors influencing the acceptance of GenAI
by users in the Arabian Gulf for content production.

2.2. Sample Description

The study targeted users in the Arabian Gulf region, focusing on users of GenAI
applications in the UAE, Saudi Arabia, and Bahrain, whether citizens or residents, who
varied by gender, age, nationality, and years of experience using GenAI applications. The
sample was selected using a non-random, purposive sampling method, chosen to ensure
relevance to the research objectives.

G*power (v3.1.9.4), as described by Faul et al. (2009), was utilised to calculate the
minimum necessary sample size according to statistical power. The sample consisted of
526 respondents, with 30 participants excluded for unsuitability. Thus, 496 cases were valid
for data analysis, which was considered sufficient for SEM analysis.

The Arab Gulf states were chosen based on their efforts to localise GenAI technol-
ogy and spread awareness of its applications, which enabled the respondents to answer
the questionnaire accurately. These countries also include many nationalities with di-
verse cultural and social backgrounds, which contributes to enriching the results of the
field study.

Using a non-random sample in this study is justified for several reasons. It enables
researchers to select a specific target relevant to the research objectives, especially when
comprehensive databases for random sampling are unavailable (Shaliha and Marsasi 2024;
Schnuerch and Erdfelder 2023).

This approach is appropriate in terms of selecting eligible respondents for the study,
ensuring that they have knowledge and experience in dealing with GenAI applications,
which makes the data collected more relevant to the study objectives. This is vital in the
Gulf region due to its wide geographical and demographic diversity, as the use of a random
sample requires large financial resources and logistical difficulties related to collecting
comprehensive data on all citizens and residents in the target countries.

This study’s exploratory nature focuses on examining how specific user groups interact
with GenAI technology. Therefore, the primary aim is not absolute generalisation but rather
an understanding of behavioural patterns and user trends within this newly emerging
technological context.

As shown in Table 2, 50.4% of the respondents were male and 49.6% were female.
Most respondents were aged 18–37 (79.7%), with only 20.3% over 38 years old. This may
be due to younger people having greater familiarity with AI. Most respondents (73.2%)
had less than one year of experience using GenAI. In terms of the level of interest in GenAI
applications, 20.8% reported a constant interest, 44.2% expressed occasional curiosity, and
35.1% said they rarely use it.
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Table 2. Respondents’ profile.

Variables Categories Frequency Percent

Gender Male 250 50.4
Female 246 49.6

Age 18–27 years 289 58.3
28–37 years 106 21.4

38–47 77 15.5
48 years and over 24 4.8

status Citizen 265 53.4
Resident 231 46.6

Experience with GenAI Less than one year 363 73.2
More than one year 133 26.8

Interest in GenAI applications Always 103 20.8
Sometimes 219 44.2

Rarely 174 35.1

2.3. Data Collection

Using a web survey created in Google Docs, data were collected via social media
platforms, email lists, and professional networks. The online responses were collected from
mid-April until the end of May 2024. Participation was voluntary.

2.4. Survey Instrument

UTAUT2 was utilised to develop the survey instrument, which included five main
sections: level of experience with GenAI applications, everyday use of GenAI applications,
level of awareness of the distinction between GenAI-generated and human-produced con-
tent, confidence in the content produced using GenAI, and factors affecting the acceptance
of GenAI applications, including PE, EE, SI, FC, HM, PV, HT, and UT. To test the instru-
ment, we ran a trial with a small user sample. Feedback from this test led to adjustments to
improve clarity and reliability.

2.5. Data Analysis

In this investigation, researchers applied two types of statistical software, SPSS (v22)
and SmartPLS (3.2.9), to analyse the research dataset. The researchers chose the PLS-
SEM technique due to the numerous constructs related to the number of items and
the model’s complexity. In addition, PLS-SEM can be applied to non-normal datasets
(Al-Sharafi et al. 2022) and is a non-parametric statistical method that performs exception-
ally well on small sample sizes (Roy et al. 2024).

A bootstrapping technique with 5000 subsamples, along with the path coefficient of the
constructs, was used to assess the statistical significance of the findings
(Kashyap and Agrawal 2020). There are two primary steps for analysing data with PLS-
SEM: the measurement model and the structural model.

2.6. Normality Test

The multivariate normality of the dataset was also checked using a web-based calcula-
tor (Zhang and Yuan 2018). Following Mardia (1970), we obtained multivariate skewness
(β = 992.4121, p-value < 0.001) and multivariate kurtosis (β = 4942.3441, p-value < 0.001).
This implies that the data are not in multivariate normal distribution. PLS-SEM is a highly
effective approach for handling non-normal datasets in such scenarios (Hair et al. 2019),
which provides further support for the use of PLS-SEM.

2.7. Measurement Model Assessment

Initially, the measurement model was verified for accuracy and reliability. To accom-
plish this, we comprehensively analysed multiple facets of the variables. For the internal
consistency and reliability of the constructs, we tested factor loadings (λ), composite re-
liability (CR), and Cronbach’s alpha (α) values. The cut off value for the measures was
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at least 0.70 (Roy 2022). All λ, CR, and α values exceeded the threshold value. We then
employed average variance extracted (AVE) values to evaluate the convergent validity of
the constructs. Normally, an AVE value of more than 0.50 is acceptable (Hair et al. 2019).
All our AVE values were over 0.50, confirming convergent validity. Table 3 presents the
outcomes.

Table 3. Measurement model results.

Factors Items Loadings (λ) α CR AVE

Behavioural intention (BI) BI1 0.894 0.881 0.927 0.808
BI2 0.894
BI3 0.909

Effort expectancy (EE) EE1 0.734 0.904 0.904 0.904
EE2 0.859
EE3 0.874
EE4 0.881

Facilitating conditions (FCs) FC1 0.783 0.877 0.911 0.672
FC2 0.773
FC3 0.854
FC4 0.833
FC5 0.851

Hedonic motivation (HM) HM1 0.921 0.800 0.909 0.833
HM2 0.904

Habit (HT) HT1 0.934 0.731 0.876 0.780
HT2 0.829

Performance expectancy (PE) PE1 0.765 0.919 0.935 0.674
PE2 0.825
PE3 0.835
PE4 0.828
PE5 0.835
PE6 0.824
PE7 0.834

Price value (PV) PV1 0.898 0.812 0.913 0.840
PV2 0.935

Social influence (SI) SI1 0.816 0.889 0.918 0.693
SI2 0.854
SI3 0.813
SI4 0.828
SI5 0.849

User behaviour (UB) UB1 0.862 0.828 0.897 0.744
UB2 0.853
UB3 0.872

User trust (UT) UT1 0.848 0.862 0.906 0.707
UT2 0.858
UT3 0.843
UT4 0.815

Subsequently, discriminant validity was assessed in PLS-SEM using the Fornell and
Larcker characteristics (1981) and the heterotrait–monotrait ratio (HTMT)
(Henseler et al. 2015). According to Fornell and Larcker’s criteria, the square root of
the AVE values must be more than the construct correlations. As shown in Table 4, all the
square roots of the AVE values exceeded the correlations of the constructs. All the HTMT
scores were below the expected standard of 0.80 (Kline 2023), revealing no discriminant va-
lidity issues. Table 4 displays the outcomes. All the HTMT scores were below the expected
standard, indicating no issues with discriminant validity.
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Table 4. Discriminant validity results.

Fornell–Larcker Results

BI EE FC HM HT PE PV SI UB UT
BI 0.899
EE 0.611 0.839
FC 0.554 0.659 0.819

HM 0.657 0.586 0.565 0.913
HT 0.433 0.365 0.386 0.368 0.883
PE 0.646 0.659 0.618 0.634 0.429 0.821
PV 0.244 0.354 0.407 0.273 0.161 0.287 0.917
SI 0.592 0.606 0.643 0.543 0.432 0.525 0.396 0.832

UB 0.633 0.503 0.545 0.521 0.564 0.509 0.317 0.626 0.862
UT 0.524 0.519 0.494 0.474 0.345 0.537 0.268 0.432 0.482 0.841

HTMT results

BI EE FC HM HT PE PV SI UB UT
BI
EE 0.698
FC 0.625 0.758

HM 0.781 0.699 0.669
HT 0.533 0.473 0.483 0.493
PE 0.716 0.737 0.685 0.737 0.547
PV 0.285 0.426 0.479 0.334 0.201 0.328
SI 0.664 0.693 0.725 0.642 0.526 0.577 0.467

UB 0.741 0.601 0.638 0.639 0.682 0.583 0.389 0.731
UT 0.597 0.609 0.565 0.565 0.429 0.599 0.321 0.487 0.565

The diagonal and bold values indicate the square roots of the AVEs. The off-diagonal values indicate correlations
between the various constructs.

3. Results

Table 5 shows that ChatGPT is the most used among respondents (79.8%). This high
usage is expected, given that ChatGPT was the first GenAI application introduced by
OpenAI. Its popularity in the Gulf countries can be attributed to its ease of access; diversity
of uses; early entry into the market, which helped it gain wide fame; continuous updates;
integration with many platforms; and extensive media coverage at the beginning of its
appearance, which created social momentum that encouraged more people to try it.

Table 5. The most widely used GenAI applications among Arab Gulf state users.

GenAI Applications Frequency Percent

Chat GPT 396 79.8
Gemini 127 25.6
Copilot 95 19.2

Midjourney 75 15.1
DALL·E 3 45 9.1

Snapchat (My AI) 16 3.2
Others 12 2.4

Note: Respondents were allowed to choose more than one alternative for the GenAI applications they use.

Gemini was the second most-used application (25.6%), followed by Copilot (19.2%),
Midjourney (15.1%), DALL·E 3 (9.1%), Snapchat’s My AI (3.2%), and others (2.4%). The
results show that respondents in the Arab Gulf states use a variety of GenAI applications.
These applications range from those used to generate and produce text, like ChatGPT
and Gemini, to those used to generate images, like Midjourney. These findings align with
Victor et al. (2023), Yin et al. (2023), and Upadhyay and Khandelwal (2018), demonstrat-
ing the widespread use of GenAI applications in fields including education, media, and
entrepreneurship.
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Table 6 shows the diverse utilisation of GenAI apps in everyday activities. For com-
posing and editing text, 16.7% consistently utilise GenAI, 44.8% use it occasionally, and
38.5% rarely employ it. For editing and processing photographs, 24.4% always use it, 37.9%
use it sometimes, and 37.7% rarely use it. The utilisation of GenAI is consistently highest
in the animation production and film and visual programmes industries, with 48.8% of
individuals in these fields always using it. Just 14.1% consistently use GenAI to interpret
text, while 48.0% rarely do. For ad and poster design, 34.3% consistently utilise GenAI,
whereas 23.6% always use it for spell-checking and grammar verification. The utilisation
rate for creating engineering designs is consistently the highest, at 49.0%.

Table 6. Uses for GenAI applications in everyday activities.

Questions Categories Frequency Percent

Writing and editing text Always 83 16.7
Sometimes 222 44.8

Rarely 191 38.5
Editing and processing images Always 121 24.4

Sometimes 188 37.9
Rarely 187 37.7

Animation production Always 242 48.8
Sometimes 144 29.0

Rarely 110 22.2
Film and visual programmes industry Always 242 48.8

Sometimes 148 29.8
Rarely 106 21.4

Translating text into other languages Always 70 14.1
Sometimes 188 37.9

Rarely 238 48.0
Designing ads and posters Always 170 34.3

Sometimes 174 35.1
Rarely 152 30.6

Checking spelling and grammar Always 117 23.6
Sometimes 188 37.9

Rarely 191 38.5
Creating engineering designs Always 243 49.0

Sometimes 135 27.2
Rarely 118 23.8

The results indicate a variety of areas in which respondents use GenAI applications.
Yilmaz et al. (2023) found that GenAI is frequently used in artistic and technical domains
but is less prevalent in translation and text editing. This is understandable given the
ongoing criticism of the writing and translation accuracy of these apps. GenAI apps have
made it easy for users to create designs in seconds, which has led to its widespread use in
the arts and sciences.

Table 7 illustrates the different degrees of awareness regarding the distinction between
GenAI-generated text and human-created content. Specifically, 15.1% of the participants
consistently find it challenging to differentiate the two, 59.5% occasionally have difficulties,
and 25.4% rarely experience difficulty. For images, 15.3% of people consistently find it
effortless to identify AI-generated photos, 42.7% sometimes find it effortless, and 41.9%
rarely find it effortless. For video, 15.7% of individuals consistently find it effortless to
distinguish, 44.4% occasionally, and 39.9% rarely. With respect to advertisements, 16.5%
of individuals consistently find ads created by humans more noticeable, 50.8% find them
more noticeable at times, and 32.7% rarely find them more noticeable. Clearly, a consid-
erable percentage of respondents had difficulty regularly differentiating between GenAI
information and content produced by humans. However, a large portion of users find this
difficult only occasionally or not at all.
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Table 7. Awareness of the distinction between content produced using GenAI and content produced
by humans.

Questions Categories Frequency Percent

It is difficult for me to differentiate between
texts produced using generative AI and

those written by humans.

Always 75.00 15.1
Sometimes 295.00 59.5

Rarely 126.00 25.4
I can easily differentiate between images
produced via generative AI and regular

images.

Always 76.00 15.3
Sometimes 212.00 42.7

Rarely 208.00 41.9
I can distinguish between videos produced
through generative AI and those created by

humans.

Always 78.00 15.7
Sometimes 220.00 44.4

Rarely 198.00 39.9

Ads produced by humans are easier to spot
than ads produced using generative AI.

Always 82.00 16.5
Sometimes 252.00 50.8

Rarely 162.00 32.7

These results confirm the findings of Tiernan et al. (2023) in providing users with
digital media literacy skills that enable them to distinguish between human content and
GenAI content.

3.1. Structural Model Assessment

The investigators employed PLS-SEM techniques to determine how the predictor
variables influence BI and UB. To assess the structural model, we evaluated the path
coefficient (β) of the variables. We found that 10 out of 12 hypotheses were supported.
Table 8 represents the output of the structural model evaluation.

Table 8. The results of the structural model’s path coefficients.

Hypotheses Relationships Path Coefficients (β) t-Values p-Values Decisions

H1 PE→BI 0.203 3.406 0.001 Supported
H2 EE→BI 0.127 2.058 0.040 Supported
H3 SI→BI 0.196 3.036 0.002 Supported
H4 FC→BI −0.009 0.156 0.876 Not supported
H5 FC→UB 0.185 3.890 0.000 Supported
H6 HM→BI 0.279 3.876 0.000 Supported
H7 PV→BI −0.056 1.554 0.121 Not supported
H8 HT→BI 0.082 1.997 0.046 Supported
H9 HT→UB 0.308 6.069 0.000 Supported

H10 UT→BI 0.124 2.487 0.013 Supported
H11 UT→UB 0.105 2.406 0.016 Supported
H12 BI→UB 0.343 6.391 0.000 Supported

Note: PE = performance expectancy, EE = effort expectancy, SI = social influence, HM = hedonic motivation,
PV = price value, FC = facilitating condition, HA = habit, UT = user trust, BI = behavioural intention, UB = user
behaviour.

We found that PE has a statistically significant and favourable effect on BI, with a beta
coefficient (β) of 0.203 and a p-value of less than 0.05. Therefore, H1 is supported. BI is
significantly and positively correlated with EE (β = 0.127, p < 0.05), SI (β = 0.196, p < 0.05),
HM (β = 0.279, p < 0.05), HT (β = 0.082, p < 0.05), and UT (β = 0.124, p < 0.05). Therefore,
H2, H3, H6, H8, and H10 are supported. Among these independent variables, HM has the
highest impact on BI, with a beta coefficient of 0.279 (p < 0.05). The findings revealed that
FCs (β = −0.009, p > 0.05) and PV (β = −0.056, p > 0.05) have no significant impact on BI.
Therefore, H4 and H7 are not supported.

The findings demonstrate that FCs (β = 0.185, p < 0.05), HT (β = 0.308, p < 0.05), UT
(β = 0.105, p < 0.05), and BI (β = 0.343, p < 0.05) significantly affect UB. Therefore, H5, H9,
H11, and H12 are supported. The findings confirm that BI is the most impactful factor for
respondents in the context of UB, since β = 0.343 (p < 0.001). See Figure 2.
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Figure 2. Results of the structural model. Note: * p < 0.05, ** p < 0.01, ns = non-significant.

This figure presents the results of the structural model analysis, indicating the rela-
tionships between various constructs such as social influence, performance expectancy,
effort expectancy, facilitating conditions, user trust, hedonic motivation, habit, price value,
user behaviour, and behavioural intention. The paths are annotated with standardised
coefficients, where significant paths are marked with * (p < 0.05), ** (p < 0.01), and non-
significant paths are denoted as “ns”. The model depicts the strength and direction of these
relationships, providing insights into the factors influencing user behaviour and intentions.

3.2. Assessment of the Explanatory Power

Finally, we evaluated the explanatory power of the structural model by determining
the coefficient of determination (R2) of the model. For BI, the R2 value was 0.589. Based
on the R2 value, we can infer that 58.9% of the variation in the BI construct was explained
by the independent variables (PE, EE, SI, HM, HT, and UT). In the same vein, FC, HT, UT,
and BI explained 54.2% of the variation in UB. According to Hair et al. (2019), R2 values of
0.25, 0.50, and 0.75 indicate weak, moderate, and strong explanatory power of the model,
respectively. Therefore, we can conclude that the model has moderate explanatory power
for prediction.

4. Discussion

In this study, we examined the factors affecting BI and UB among users in Arab Gulf
states who adopt GenAI apps, using the modified UTAUT2 model. The findings enhance
our understanding of the interconnections between different components of the UTAUT2
and their impact on BI and UB.

The study proposed 12 hypotheses, 8 addressing how GenAI apps affect respondents’
BI to use them and 4 focusing on the consequences of GenAI applications on UB. Only 2
hypotheses were found to be insignificant, while 10 were supported by the analysis.

The component with the greatest influence on BI is HM (β = 0.279). This supports the
results of Tseng et al. (2019), who demonstrated that HM significantly affected platforms
and learning management systems in terms of BI. Additionally, Tian et al. (2024) observed
the utilisation of ChatGPT in relation to HM. HM is not associated with the tangible
outcomes of utilising GenAI technologies but rather with the subjective experience of
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pleasure and satisfaction that individuals may derive from using this technology and
achieving important outcomes.

Studies have indicated that HM has a large and favourable impact on BI.
Gunadi et al. (2023) emphasises that hedonic drive plays an important role in shaping
BI, particularly among younger users such as Generation Z. Given their great preference for
technology that delivers amusement and pleasure, HM is a crucial factor in their acceptance
of generative AI. Similarly, Sudirjo et al. (2023) claim that hedonic incentive has a major
influence on users’ behavioural intentions, implying that the pleasure gained from utilising
technology can increase acceptance rates. Suyanto et al. (2024) also suggests that the regular
use of technology can improve BI, particularly when users like their interactions. This
habitual involvement might be especially noticeable in generative AI systems, where users
may build habits for creating and sharing content, which increases their willingness to
continue using the device.

PE, with a coefficient of 0.203, is the second most influential aspect for BI. Studies have
found that PE significantly motivates users to adopt innovative educational tools such as
ChatGPT (Strzelecki et al. 2024) and Google Classroom (Kumar and Bervell 2019). This
study found that PE significantly influences respondents, motivating them to adopt a new
technology that facilitates both learning and content creation. Their motivation increases if
they believe that GenAI applications will enhance their expertise.

These findings are supported by Biloš and Budimir (2024), and Wang and Zhang (2023).
When users believe that the benefits of utilising AI tools outweigh the costs, their acceptance
and interaction with these technologies increases, which has a significant impact on their
behavioural intentions and the overall acceptability of these applications.

The EE of GenAI systems directly affects the BI of respondents to utilise them, which
suggests that participants are willing to invest time in learning new technology, pro-
vided they perceive it as beneficial. The findings of this study corroborate EE’s influence
on shaping BI in various educational institutions, such as the adoption of software en-
gineering technologies (Wrycza et al. 2016), mobile technologies (Hu et al. 2020), and
Learning Management System (LMS) software (Raza et al. 2021). In contrast, several re-
searchers found non-significant results (Strzelecki and ElArabawy 2024; Strzelecki et al.
2024; Zacharis and Nikolopoulou 2022).

SI also positively influences BI. Previous research has demonstrated that SI positively
influences technology acceptance (Oye et al. 2012) and learning tools (Tseng et al. 2019),
as well as the utilisation of ChatGPT (Strzelecki et al. 2024). For GenAI applications,
SI encompasses the perspective of the modern environment, which may include family,
friends, and colleagues, among others. The likelihood of an Arabic Gulf state user adopting
GenAI applications is directly proportional to the extent to which their environment actively
encourages them to do so.

Various studies have found that HT positively and significantly influences BI, includ-
ing those of Tamilmani et al. (2019) for technology in general, Alotumi (2022) in education
and learning, and Strzelecki et al. (2024) for ChatGPT. This suggests that as Arab Gulf
state users become more familiar with GenAI applications, they will use them more reg-
ularly, eventually coming to see them as standard, much like using a search engine or
online translator.

Lastly, the study found a strong positive association between BI and UT, confirming
the findings of Hooda et al. (2022). When users perceive that GenAI applications offer
tangible benefits for content creation, they are more likely to use them to enhance their
productivity and skills. This research produced a theoretical model that integrated trust
into the underlying UTAUT framework. The investigation posited that trust, a variable
that has not been explored in previous models of technology adoption, is essential in the
adoption of GenAI applications.

In contrast, FCs—which refer to whether sufficient resources exist for GenAI ap-
plications to be used effectively—have no significant impact on BI. This demonstrates
that Arab Gulf state users do not solely prioritise the ease of use or accessibility when
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selecting a GenAI application. Instead, they consider the implications of using these
tools, which implies that addressing concerns about these impacts may be a strategic ap-
proach to increase adoption. This is supported by previous studies by Alowayr (2021),
Strzelecki and ElArabawy (2024), and Strzelecki et al. (2024) on the acceptance of ChatGPT
in the academic realm.

Furthermore, the intricacy and novelty of generative AI applications may raise scep-
ticism among potential users, reducing the influence of facilitating conditions. This is
supported by the findings of Eamon’s study on AI adoption among business professionals,
which found that trust and views towards AI greatly influenced behavioural intention more
frequently than facilitating conditions (Emon et al. 2023). This scepticism may originate
from concerns about the reliability and ethical consequences of AI technologies, caus-
ing users to prioritise their own judgements of the technology over the external support
available to them.

Facilitating conditions may have less effect on environments with extensive digital
infrastructure, such as Gulf countries like the UAE, Saudi Arabia, and Bahrain, which
have heavily invested in smart technologies and digital services. Users may not view
these factors as important to GenAI adoption because they already have easy access to the
technology.

Like FCs, PV, which represents the belief that the benefits of using technology outweigh
its expenses, did not exhibit a significant correlation with BI. Prior technology adoption
studies have demonstrated that PV has a significant impact on BI (Tamilmani et al. 2019)
and, more specifically, technology for learning (Azizi et al. 2020). However, this study found
that PV is not the primary factor Arab Gulf state users consider when deciding whether to
utilise GenAI applications. This result is consistent with that of Strzelecki et al. (2024). This
may be due to the simple reason that several apps for GenAI, such as ChatGPT, provide a
free version with substantial capability. In contexts where generative AI tools are available
at no cost, the importance of price value is often overlooked, suggesting that users may not
take cost into account when making adoption decisions (Biloš and Budimir 2024).

According to Romero-Rodríguez et al. (2023) and Kanont et al. (2024), free access to
tools such as ChatGPT may initially encourage adoption. However, the potential introduc-
tion of costs could significantly alter users’ perceptions of equity and accessibility, thereby
influencing their behavioural intentions to adopt such technologies. Furthermore, other
motivational factors, such as perceived usefulness and ease of use, may override price
value perceptions. Gupta (2024) suggests that entrepreneurs are more motivated by the
perceived enjoyment and benefits derived from generative AI technologies than by their
cost implications.

After testing the BI hypotheses, we proceeded to test the four UB hypotheses. The
primary determinant of UB in relation to GenAI applications is BI, with a coefficient of
0.343. UB measures how extensively a user engages with a specific technology to complete
a task, whereas BI reflects their preparedness and desire to apply the technology for
the activity. Consequently, a stronger intention to use GenAI apps leads to more active
engagement with them. An important observation arises—respondents will only actively
engage with GenAI applications if they feel prepared and eager to utilise them. The
willingness to act (BI) is acquired through the influence of several other circumstances.
Many academics have emphasised the pivotal significance of BI in the utilisation of AI
applications (Gansser and Reich 2021; Strzelecki et al. 2024).

Notably, FCs (β = 0.185) statistically significantly and positively influence UB. This
confirms the findings of Strzelecki et al. (2024). However, FCs only have a direct effect on
UB. As a result, the availability of assistance and resources for GenAI applications (FCs)
will not affect the preparedness of learners to utilise GenAI applications. However, it may
have an impact on the level of involvement they maintain with the platform.

Additionally, HT has a tremendous influence on UB in the context of GenAI applica-
tions. If consumers become accustomed to these applications, they are more likely to use
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them to enhance content. All these findings have been corroborated by earlier research
(Gansser and Reich 2021; Strzelecki et al. 2024).

In conclusion, the UT variable has a considerable positive influence on the UB variable.
When it comes to GenAI applications, if consumers perceive them as trustworthy, they are
more likely to continue using them.

5. Implications
5.1. Practical Implications

The findings enhance our comprehension of the pivotal elements that impact the
acceptance and assimilation of GenAI systems across numerous organisations for content
creation. The findings suggest that the HM (human–machine interaction) and PE (perceived
ease of use) variables significantly impact Arabian users’ intent to embrace and deploy
GenAI systems. As users become increasingly proficient in GenAI and witness the positive
outcomes of their collaboration with this technology, they will develop a sense of enjoyment.
HM will also enhance their inclination to utilise GenAI in the future.

Furthermore, it is important to emphasise the significance of the SI factor. After a
user has discussed the benefits and drawbacks of utilising GenAI applications, it is rec-
ommended that they disseminate their expertise and experience to their acquaintances,
relatives, and coworkers. When evaluating GenAI systems, users should consider both
positive and negative practices rather than solely basing their opinion on someone’s nega-
tive experience. EE, which pertains to the perceived level of ease in utilising a technology,
significantly influences BI in the context of GenAI. The probability of consumers adopting
and incorporating GenAI apps into their daily routines is higher when they perceive these
tools as intuitive and user-friendly. A greater EE decreases the cognitive burden associated
with acquiring and utilising the technology, hence enhancing its attractiveness.

UT is a crucial factor in influencing the desire to utilise GenAI for content development.
Users’ faith in the accuracy, reliability, and ethical production of GenAI content increases
their likelihood of adopting and depending on these technologies in their creative processes.
On the other hand, if users have reservations regarding the trustworthiness or honesty of
AI-generated content, or if they are worried about possible biases or ethical consequences,
their desire to use such technology decreases. It is crucial to establish and uphold UT
in GenAI for content production by being transparent, accountable, and demonstrating
high quality.

5.2. Theoretical Implications

This study’s main conceptual contribution is in the comprehensive literature assess-
ment undertaken on the application of GenAI for content production. It facilitates the
organisation of information regarding the utilisation of GenAI systems in content creation,
scientific research, and text composition, catering to users from numerous organisations.
We suggest that our work serves as an exemplar of SI and can help users better understand
the capabilities of GenAI systems for content generation and other functions. This paper
highlights the significance of exercising caution when utilising GenAI applications for
content creation and didactics. It also underscores the need to carefully examine all text
and materials generated by AI tools before incorporating them into further use. This study
developed a conceptual framework that incorporated the trust factor into the foundational
UTAUT framework within the specific context of GenAI applications for the Arab region.
The analysis asserted that trust is crucial in the context of GenAI applications, and it had
not been utilised in earlier models of technology deployment.

The findings contribute to helping decision-makers, stakeholders, and social media
influencers in the Gulf countries to direct their strategies to improve the understanding of
the factors influencing the adoption of GenAI technologies in the media content industry.
This can be achieved by, first, improving the productivity and quality of content through
accelerating reporting, editing, and idea generation. Second, government entities, media
outlets, and technology developers should cooperate to create tools that meet the needs
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of the local market. Third, establishing regulatory and ethical guidelines should ensure
the handling of data privacy issues and reducing bias in AI-generated content. Finally,
the launch of training programs for media content creators to develop their skills in using
artificial intelligence is essential in light of the contribution of strong technological infras-
tructure and government support through initiatives such as the UAE Artificial Intelligence
Strategy 2031 and Saudi Vision 2030 in providing a conducive environment to enhance the
adoption of these technologies.

6. Limitations and Future Research

The current study’s sample of 496 users does not represent the entire population of
the Arab Gulf countries, and demographic variations in age, gender, education, occupation,
and socioeconomic status can affect the generalisability of the results.

The cultural context of the Arab Gulf states may restrict the generalisability of the
findings, given that cultural norms, values, and attitudes towards technology adoption can
vary significantly worldwide.

Although the UTAUT2 model is comprehensive, it may not cover all the factors that
influence GenAI acceptance and use, such as ethical concerns, the level of technological
proficiency, data privacy issues, and AI creativity.

The authors propose several future studies to address the gaps in GenAI and user
acceptance research.

1. Ethical challenges of using generative AI in media content production.
2. Journalists’ acceptance of GenAI applications in the Arabian Gulf states.
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