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Abstract: The emergence of Autonomous Vehicles (AVs) marks a significant advancement in the
automotive industry, transitioning from driver-assistance technologies to fully autonomous systems.
This change is particularly impactful in the Gulf Cooperation Council (GCC) region, which is a
significant automotive market and technological hub. However, the adoption of AVs in the GCC
faces unique challenges due to the influence of cultural norms and geographical characteristics. Our
research utilizes a customized framework of the Unified Theory of Acceptance and Use of Technology
(UTAUT), which is adapted to include cultural and geographical factors. This approach fills a gap
in the existing literature by identifying and analyzing the key factors affecting the adoption of AVs
in the GCC. Our findings indicate a difference in the receptiveness towards AVs among different
demographics. Younger participants displayed a more favorable attitude towards AVs compared
to older individuals. Additionally, gender and educational attainment play significant roles in the
acceptance of AVs. Specifically, our results suggest that there are variations in acceptance rates among
genders and individuals with varying levels of education. The United Arab Emirates (UAE) has a
relatively high acceptance rate of AVs due to its advanced infrastructure and openness to technological
innovations. Our study identifies facilitating conditions and performance expectancy as crucial
determinants of intention to use AVs in the GCC. It emphasizes the importance of infrastructure
readiness and the perceived advantages of AVs in promoting their adoption.

Keywords: autonomous vehicles; gulf cooperation council; technology acceptance; adoption rates;
technological innovation; unified theory of acceptance

1. Introduction

The transition of AVs from assistive technologies to fully self-navigating systems
represents a significant advancement in modern transportation. These sophisticated sys-
tems employ sensors, cameras, and state-of-the-art artificial intelligence (AI) algorithms to
enhance driving decisions, propelling us toward the next level of autonomy. Developments
in computer vision, LiDAR technology, and AI have accelerated the growth of AVs, im-
proving their ability to sense and comprehend their surroundings [1]. Table 1 outlines the
List of Abbreviations, which provides a reference for specialized terms used throughout
this document.

Expected benefits include significantly reducing global emissions through decreased
vehicle usage, improved traffic flow, and enhanced environmental sustainability. AVs
also have the potential to reduce traffic congestion, decrease accidents caused by human
error, and improve transportation efficiency. Reliable AVs are anticipated to efficiently
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provide essential transportation and logistics services, improving mobility for individuals
with physical limitations [2]. Furthermore, autonomous buses, taxis, and shared mobility
services are expected to challenge traditional car ownership models, enhancing public
transportation and increasing mobility [3].

Table 1. List of Abbreviations.

Abbreviation Meaning

AVs Autonomous Vehicles
GCC Gulf Cooperation Council

UTAUT Unified Theory of Acceptance and Use of Technology
SEM Structural Equation Modeling
AVE Average Variance Extracted
UAE United Arab Emirates

AI Artificial Intelligence
FAV Fully Autonomous Vehicle
PE Performance Expectancy

ADAS Advanced Driver Assistance Systems
CR Composite Reliability
EE Effort Expectancy
SI Social Influence
FC Facilitating Conditions
BI Behavioral Intention

HTMT Heterotrait–Monotrait Ratio
GoF Goodness of Fit Index

ANOVA Analysis of Variance

In the GCC region, the adoption of novel technologies like AVs is influenced by specific
economic policies and consumer preferences. Although there is a preference for large, fuel-
consuming vehicles due to low gasoline prices, implementing AVs in this area requires
a thorough analysis of technological acceptance models. The UTAUT model provides a
comprehensive framework for analyzing AV adoption in the GCC’s unique sociocultural
environment. This model incorporates performance expectancy, social influence, and
facilitating conditions, which are crucial given the region’s cultural and geographical
context [4].

This study employs the UTAUT model to address the GCC region’s unique require-
ments, reconciling discrepancies with prior research. While the AV sector has experienced
significant growth globally, more studies are needed, especially regarding the feasibility
of deploying AVs in the GCC. This modified version of the UTAUT model assesses GCC
adoption, perception, and prospects for AVs, enhancing the basic constructs with factors
that account for the region’s unique social, cultural, and geographical intricacies. Our
autonomous vehicle model is built to function under Level 3: Conditional Driving Au-
tomation. The vehicle can handle all driving functions under specific conditions without
human intervention. However, human oversight is still essential and required if the system
encounters scenarios it cannot resolve autonomously [5].

The study identifies unique factors influencing AV adoption in the GCC, distinguishing
it from global trends. It investigates sociocultural attitudes towards AV technology specific
to the region and assesses infrastructure and policy readiness for AVs in the GCC. The
study highlights the need for customized approaches to foster AV adoption in regions
with distinct characteristics like the GCC. The following are the main contributions of the
proposed research.

1. Identified unique factors influencing AV adoption in the GCC, distinguishing it from
global trends.

2. Investigated socio-cultural attitudes towards AV technology specific to the GCC region.
3. A comprehensive assessment of infrastructure and policy readiness for AVs in the

GCC was conducted.
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4. Highlighted the need for customized approaches to foster AV adoption in regions
with distinct characteristics like the GCC.

The current research paper is methodically organized into several different parts.
It begins with a literature review that establishes the context and background for the
present study. The subsequent section, methodology, expands on the research strategy and
methodology. The data collection results are analyzed and presented in the Data Analysis
section, then explained in the Results section. The paper concludes with a brief overview
of the study’s key findings and their corresponding implications.

2. Related Work

The rise of AVs represents a significant and groundbreaking shift in transportation
technology. Researchers worldwide are actively investigating various aspects of AV adop-
tion, but there is still a need for more focused research tailored explicitly to the GCC context.
This section presents crucial research that lays the groundwork for understanding global
AV acceptance, technological feasibility, public opinion, and the socio-economic factors that
influence these aspects. Many studies have examined AVs’ public perception, acceptance,
and technological feasibility. Diverse studies, each with its methodology and area of concen-
tration, have made valuable contributions to advancing knowledge regarding the factors
that drive AV adoption. However, cultural and regional differences affecting technology ac-
ceptability are generally overlooked. Integrating AI and machine learning into autonomous
vehicles represents a paradigm shift in transportation technology, significantly enhancing
operational capabilities. Machine learning, in particular, has emerged as a cornerstone
technology, reshaping urban landscapes by improving traffic management, fuel efficiency,
and vehicle accessibility. As discussed by Mishra [6] machine learning applications in
autonomous vehicles promise to enhance mobility solutions and pave the way for more
sustainable and environmentally friendly transportation systems. Furthermore, deploying
AI technologies requires rigorous testing and validation to ensure safety and reliability.
Vishnukumar [7] proposes a new methodology using machine learning and deep neural
networks for lab and real-world testing and validation of ADAS and autonomous vehicles.
Their approach underscores the importance of AI in enhancing the quality and efficiency
of tests, ensuring that autonomous vehicles operate flawlessly in diverse and dynamic
environments. This methodology is particularly relevant to the GCC, where the integration
of autonomous vehicles must contend with unique regional challenges, such as sandstorms
and extreme heat, which require specialized testing protocols.

Building upon this, research by Yuqi Yuqi [8] employs anthropomorphism and the
unified UTAUT to examine how system attributes, including perceived anthropomorphism,
intelligence, and UTAUT attributes, affect consumer acceptability. This study found that
perceived anthropomorphism and intelligence directly affect AV adoption, while perfor-
mance expectancy, effort expectancy, and facilitating conditions indirectly contribute. This study
adds to the psychological drivers of autonomous vehicle adoption by highlighting anthropo-
morphism perceptions, effectively linking technological feasibility with user psychology.

Further exploring adoption factors, a study conducted by Auditya [9] uses the Tech-
nology Acceptance Model and UTAUT conceptual frameworks to explore FAV adoption
factors. AV adoption is largely influenced by perceived usefulness and social influence. This
study found significant determinants in perceived ease of use, behavioral attitude, hedonic
motivation, performance expectancy, and effort expectancy. On the contrary, the impact of
the facilitating condition on FAV acceptability is negligible. Another study conducted in
South Africa [10] added Trust in Safety and Hedonic Motivation to UTAUT, showing that
performance expectancy, effort expectancy, facilitating environments, and social influence
all positively affect behavioral intention, with performance expectancy having the most
significant effect. Faith in safety involves anxieties versus assurances and faith.

Complementing these insights, Prateek’s [11] research presents a comprehensive
review of global trends in AV adoption and the legislative constraints that affect the technol-
ogy’s integration across areas. It emphasizes understanding technical advances and legal
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frameworks to enable safe and efficient worldwide AV deployment. Jeremy’s [12] studies
show how AVs change urban transport dynamics and economic factors. According to their
findings, autonomous vehicles have the potential to drastically modify urban mobility
by reducing traffic congestion, increasing transportation accessibility, and influencing the
economic landscape of metropolitan areas through modifications to transportation infras-
tructure and urban design. Studies by Liao and Wang [13] examined consumer attitudes
towards AVs in China. Their research highlighted the importance of financial considera-
tions, automotive technology advancements, and privacy concerns as crucial influences on
consumer perspectives. The study emphasized the need to understand the specific cultural
and regional frameworks of AV adoption, as insights derived from one location may only
sometimes apply to another due to differing socio-economic dynamics and cultural norms.

In addition, autonomous mobility services in another study demonstrated their eco-
nomic feasibility. However, this study also revealed a research gap in user experience
and the broader social implications of AV integration, highlighting the need for further
exploration [14]. surveyed how autonomous cars change people’s travel habits. Despite
providing a thorough insight into consumer issues and preferences, the study was limited
to specific geographic locations, highlighting the need for further research. In a unique
focus, Bennett, Vijay Gopal, and Kottasz [15] employed regression analysis in a novel way
to determine whether or not individuals with mental health disorders would be willing
to ride in autonomous cars. Although they made a noteworthy contribution by concen-
trating on individuals with cognitive disabilities, the study failed to account for comfort
level or in-car amenities. Expanding the scope to public transport, Roche-Cerasi [16] used
descriptive statistics to measure people’s desire to use public transportation (driverless
shuttles) in Norway. The research emphasized the significance of safety and security as
critical determinants of adoption; however, it should have incorporated demographic
variables, indicating the necessity for a more exhaustive examination of this nature. Ritchie,
Watson, and Griffiths [17] explored how AVs should overtake other drivers using one-
way ANOVAs. Their study, which included physiological measurements, needed to be
improved by its video-based methodology, indicating a gap in real-world testing scenarios.
Taking a policy perspective, Anania [18] investigated consumer perception factors affecting
the willingness to ride in a driverless vehicle. They emphasized the importance of informa-
tion delivery, yet the study’s scope was limited to certain aspects, suggesting room for a
more holistic approach.

Subsequently, Wang, Tang, and Pan [19] examined the effectiveness of policy incentives
on the adoption of electric vehicles in China by employing discrete choice analysis. Their
analysis, which focused only on Chinese consumers, showed how important it is to conduct
research in various cultural situations by converting preferences into monetary values.
Xu, Zhang, Min, and Wang [20] assessed the willingness to travel in automated vehicles
using structural equation modeling. Although their model comprehensively predicts
user acceptance, its lack of consideration for demographic characteristics or real driving
experiences highlights the need for more inclusive research models. Afterward, Kaur and
Rampersad [21] found that factors influencing the adoption of AVs were performance
expectations, dependability, security, privacy, and trust. The research was confined to a
controlled environment, underscoring the need for more varied locations.

Certain studies have attempted to identify AVs’ unique features and obstacles in the
GCC. According to Hussain [22]. safety, human error, AV–human vehicle interactions, and
performance under different conditions are essential. Although the study highlights the
public’s growing trust in AVs’ ability to reduce human error and enhance overall safety, it
raises concerns regarding AV interactions with conventional vehicles and security risks.
The study is limited to Qatar and may entail cultural biases, but its extensive analysis of
public opinion factors makes it valuable. In addition, Al Barghuthi and Said [23] employed
descriptive statistics and correlation analysis to assess the acceptance and perception of
autonomous UAE cars. The study examines how automobile specs, features, and user goals
affect AV adoption along with demographic characteristics. It demonstrates a profound
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understanding of how individual specs and features impact user approval. Nevertheless, it
is essential to acknowledge that the results of this study are limited to a specific geographical
area and may not apply to other regions outside of the UAE. Furthermore, the scope of the
research is restricted to the features and specifications that were monitored. The research
by Aldakkhelallah [24] used logistic regression modeling to investigate the Saudi public’s
sentiments toward AVs. This study utilizes logistic regression analysis to examine public
perceptions of AVs in Saudi Arabia. The objective is to comprehend the aspects that
impact acceptance. The variables encompass gender, age, education, prior knowledge,
and stakeholder group. A thorough examination of these variables and their influence on
attitudes constitutes one of the strongest points. Nevertheless, the survey’s shortcoming
resides in its exclusive emphasis on AVs, disregarding the potential correlation with the
acceptability of electric cars.

In Kuwait, studies conducted by Toglaw [25] employ a qualitative methodology.
The analysis explores the attractiveness of various levels of AV automation, specifically
emphasizing fundamental functionalities like intelligent cruise control and autonomous
parking. The study emphasizes the possible prospects for level-3 AVs in advanced electric
vehicles and level-4 AVs in controlled industrial zones. The study analyzes opinions
regarding AVs in a developing market and explores their numerous values.

Finally, Alsghan [26] conducted an in-depth investigation of the level of acceptance
of AVs in Saudi Arabia. AV acceptance variables are examined using Artificial Neural
Networks and Regression Analysis. This research highlights the impact of age, level of
comfort, and trust on individuals’ inclination to utilize AVs. Surveys and agent-based
models are used to investigate public sentiment and car-sharing dynamics. Despite data
constraints and biases, this study improves understanding of AV acceptability in Saudi
Arabia. A detailed Table 2 summarizes these research field techniques and findings.

Table 2. Summary of Literature Review Findings.

Ref. Modelling
Approach Variable Strength Limitation

Wang [13] Consumer Survey
Analysis

Financial cost, vehicle
technology, data

privacy, driver fatigue,
charging station

accessibility

Focuses on financial
and technological

aspects

Limited to consumer
attitudes in China

Bosch et al. [27]
Analysis of

Autonomous Mobility
Service Costs

Cost efficiency, service
models

Provides insights into
the economic feasibility
of autonomous services

May not fully address
user experience or

social impact

Sener [14] Travel Behavior Impact
Survey

Safety, distance, data
privacy, willingness to
pay, residential location,

mode frequency

Offers a comprehensive
view of user concerns

and preferences

Limited to specific
geographic areas and

may not represent
broader trends

Kottasz [15]
Regression Analysis for

Mental Health
Disability Impact

Prior knowledge of AV,
age, income, gender,
disability intensity,

anxiety, control locus

Innovative focus on
mentally disabled

individuals

Does not consider
factors like comfort

level, in-car amenities

Roche-Cerasi [16] Statistical Analysis of
Public Transport Use

Familiarity with
shuttles, usefulness,
trust in automation,

security concerns

Highlights safety and
security as key

adoption factors

Does not include
demographic factors;
limited to driverless

shuttles

Griffiths [17] Statistical Analysis of
Driving Behavior

Gas, brake, steering,
lane, speed

Includes physiological
measurements

Video-based
methodology may not
reflect actual driving

scenarios
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Table 2. Cont.

Ref. Modelling
Approach Variable Strength Limitation

Anania et al. [18] Consumer Perception
Analysis

Gender, nationality,
type of information

Highlights the
importance of

information delivery

Limited to three main
factors without

inter-factor analysis

Pan [19] Policy Incentive Choice
Analysis

Purchase price, driving
restrictions, bus lane
access, parking fee

exemption

Translates preferences
into monetary values

Focuses only on
Chinese consumers

Wang [20] Advanced Structural
Equation Modelling

Perceived usefulness,
ease of use, safety, trust,

behavioral intention

Uses a comprehensive
model to predict user

acceptance

Does not consider
demographic factors or

real driving
experiences

Rampersad [21] Factor Analysis for AV
Adoption

Performance
expectancy, reliability,
security, privacy, trust

Includes a variety of
adoption scenarios

Limited to a closed
environment

(university campus)

[22] Structural Equation
Modeling (SEM)

General safety, human
errors, HDV–AV

interactions,
performance in harsh
conditions, security,
comfort level, travel

time, congestion,
operational costs

Comprehensive
analysis of various
factors influencing

public perception of
AVs; inclusion of

diverse demographic
variables

Comprehensive
analysis of various
factors influencing

public perception of
AVs; inclusion of

diverse demographic
variables

Al Barghuthi N [23]
Descriptive Statistics

and Correlation
Analysis

Examine the acceptance
and perception of

self-driving cars in the
UAE

Detailed analysis of
specific features and

specifications
influencing acceptance;

inclusion of
demographic factors

Detailed analysis of
specific features and

specifications
influencing acceptance;

inclusion of
demographic factors

Aldakkhelallah [24] Logistic Regression
Gender, age, education,

prior knowledge,
stakeholder group

Comprehensive
analysis, large-scale

survey

Focus on AVs, neglects
EV acceptance, and

interconnections

Toglaw [25] Qualitative
AV automation levels,
autonomous features,

technology

Examines an emerging
market, considers

various values

Focuses solely on AVs,
lacks quantitative data

Alsghan [26] Various (e.g., ANN,
Regression)

Personal characteristics,
Trust, Comfort, Age,
Technology, Safety,

Benefits, Preferences

Capture complex
relationships, High
prediction accuracy,

Statistical significance,
Insights into attitudes

Data requirements,
Overfitting, Linearity
assumptions, Limited

statistical rigor,
Response bias

Our research aims to narrow the gap in adopting AVs in the GCC region using a
modified UTAUT framework. This framework is customized to encompass the GCC
region’s unique socio-cultural and geographical characteristics to offer a comprehensive
understanding of AV adoption within the GCC and contribute to the global conversation
on autonomous transportation technologies. Ultimately, this research can pave the way for
appropriate and culturally relevant strategies for the adoption of AVs.

3. Methodology

We establish the theoretical basis for our model, based on UTAUT, to examine GCC
autonomous car acceptability. Next, we describe the rigorous survey creation and prepa-
ration process. Our comprehensive approach began with a detailed literature study of
recent studies on technical acceptance models, cultural influences on technology uptake,
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and GCC autonomous car acceptance dynamics, incorporating findings from [9,10]. Based
on this foundation, an expert council of AVs, survey design, and cultural studies aca-
demics and practitioners provided valuable insights. Their feedback helped refine the
questionnaire to incorporate GCC opinions and subtleties. The questionnaire’s clarity,
relevance, and GCC-specific alignment were improved by thorough pilot testing and revi-
sions. We examined survey participants’ gender, age, education, occupation, and location
to interpret our findings. Our results were more generalizable after this detailed analysis
revealed our sample population’s diversity and representativeness. We then validated our
measurement model using statistical methods to assess reliability and validity. Internal
consistency was assessed using Cronbach’s alpha to ensure survey items measured the
intended constructs. Composite reliability and average variance extracted (AVE) assessed
each construct’s reliability and convergent validity. The Fornell–Larcker Criterion was
used to determine discriminant validity to ensure that each measurement model construct
differed. Following exploratory and confirmatory factor analysis in structural equation
modeling (SEM), the measurement model was validated. Finally, hypothesis testing used
correlation coefficients, p-values, T-statistics, and theoretical framework interpretations
to estimate structural links between critical constructs. Performance Expectancy, Effort
Expectancy, Social Influence, Facilitating Conditions, Cultural Context Moderation, and
Behavioral Intention were explored to understand the complex interdependencies affecting
GCC AV uptake [28].

3.1. Theoretical Framework

In the context of the UTAUT-based theoretical framework for AV adoption in the GCC,
arrows signify the directional influence between various constructs within the model. These
graphical elements are pivotal in illustrating the pathways through which factors such
as Performance Expectancy, Effort Expectancy, Social Influence, Facilitating Conditions,
and Cultural and Receptivity Theories impact Behavioral Intention toward AV adoption.
Moreover, when incorporating demographic moderators like age, gender, and education,
the arrows extend the model’s complexity by indicating how these variables modify the
strength or direction of the relationships between core constructs. Each arrow represents
a hypothesized relationship, suggesting that one construct influences or contributes to
the development of another. For instance, arrows from Performance Expectancy, Effort
Expectancy, Social Influence, and Facilitating Conditions pointing toward Behavioral In-
tention underscore the assumption that improvements in any of these areas are likely to
enhance individuals’ intentions to use AVs [28]. Similarly, arrows from demographic factors
to the UTAUT constructs highlight the nuanced view that the impact of these constructs on
Behavioral Intention varies across different segments of the population [10].

The framework examines six fundamental assumptions within the GCC’s technical
and cultural environment, as specified by UTAUT structures. Six hypotheses are developed
based on the theoretical and empirical context. Figure 1 shows hypotheses from the
customized UTAUT model to understand AVs relation in GCC.

H1: The Performance Expectancy Hypothesis suggests that good perceptions of self-driving cars
enhancing commutes in the GCC will increase adoption, highlighting the technology’s benefits.

H2: The Effort Expectancy Hypothesis predicts that GCC adoption will increase with perceived
ease of learning and engagement, as per UTAUT’s paradigm.

H3: The Social Influence Hypothesis, based on UTAUT’s paradigm, suggests that social support
for AV adoption in the GCC will increase intent.

H4: The Facilitating Conditions Hypothesis argues that confidence in technical infrastructure and
support systems increases adoption intentions, which is consistent with UTAUT’s objective.
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H5: Culture and Receptivity Theories examine how culture affects GCC and moderates the link
between UTAUT structures and autonomous car acceptability.

H6: The Behavioral Intention Hypothesis aligns with UTAUT’s concept, indicating that individuals’
anticipated possibility of using AVs soon will favorably affect their intention to use them.
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3.2. Survey Creation

A rigorous methodology was implemented to validate the content of a survey ques-
tionnaire that explored the adoption and perception of AVs in the GCC region. A key part
of this process was a comprehensive literature analysis, which focused on recent studies on
technical acceptance models, cultural influences on technology adoption, and the dynamics
of AV acceptance, particularly in the GCC environment. This phase was instrumental
in ensuring that the questionnaire was in line with current research and tailored to the
local context [29,30]. The survey’s comprehensiveness and relevance were significantly
enhanced through the collaborative efforts of an expert council, comprising academics
and professionals with expertise in AVs, survey design, and cultural studies [31,32]. The
survey was created in Arabic and English to accommodate the region’s linguistic diversity
and ensure inclusivity in participant responses. After a pilot test, the questionnaire was
reviewed for clarity and coverage [26]. Each survey question was thoughtfully designed to
ensure validity, aligning with study goals, theoretical concepts, expectations, effort levels,
and societal impact. The questionnaire’s responsiveness and accuracy to the GCC context
were improved. After a thorough procedure, the questionnaire was adjusted to assess GCC
AV attitudes and intents [26].

3.3. Participants Demographic Characteristics

A rigorous methodology was implemented to validate the content of a survey ques-
tionnaire that explored the adoption and perception of AVs in the GCC region. A key part
of this process was a comprehensive literature analysis, which focused on recent studies on
technical acceptance models, cultural influences on technology adoption, and the dynamics
of AV acceptance, particularly in the GCC environment. This phase was instrumental in
ensuring that the questionnaire was in line with current research and tailored to the local
context [28,29]. The survey’s comprehensiveness and relevance were significantly enhanced
through the collaborative efforts of an expert council, comprising academics and profes-
sionals with expertise in AVs, survey design, and cultural studies [30,31]. After a pilot test,
the questionnaire was reviewed for clarity and coverage [26]. Each survey question was
thoughtfully designed to ensure validity, aligning with study goals, theoretical concepts,
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expectations, effort levels, and societal impact. The questionnaire’s responsiveness and
accuracy to the GCC context were improved. After a thorough procedure, the questionnaire
was adjusted to assess GCC AV attitudes and intents [26].

Forty percent of participants had monthly incomes between $40,001 and $60,000. This
income bracket may significantly impact participants’ views and engagement with the
study’s topic. This demographic data are appropriate for analysis since it covers various
social groups. Diversity is essential to avoid bias in the study’s results and allows for more
realistic extrapolation to a larger population. However, the results must be interpreted in
light of the demographics’ masculine skew and concentration in specific age and economic
categories. The study’s findings and implications are assessed based on a comparative
visual analysis and a comprehensive demographic overview, as illustrated in Figure 2 and
Table 3.
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Table 3. Demographic Distribution of Survey Respondents in the GCC Regio.

Demographic Category Frequency Percent

Gender Male 374 76.3%

Female 116 23.7%

Age Under 18 118 24.1%

18–24 36 7.3%

25–34 269 54.9%

35–44 36 7.3%

45–54 21 4.3%

55 Above 10 2.0%
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Table 3. Cont.

Demographic Category Frequency Percent

Education High School Diploma or Less 157 32.0%

Associate’s Degree 35 7.1%

Bachelor’s Degree 222 45.3%

Master’s Degree 41 8.4%

Doctorate or Professional 34 6.9%

Other 1 0.2%

Occupation Student 133 27.1%

Professional (e.g., Engineer) 89 18.2%

Office Worker 156 31.8%

Skilled Worker 35 7.1%

Service Industry 45 9.2%

Unemployed 32 6.5%

Residents Saudi Arabia 80 16.3%

United Arab Emirates 181 36.9%

Kuwait 70 14.3%

Qatar 63 12.9%

Bahrain 62 12.7%

Oman 34 6.9%

Monthly Income Less than $20,000 27 5.5%

$20,000–$40,000 164 33.5%

$40,001–$60,000 196 40.0%

$60,001–$80,000 32 6.5%

$80,001–$100,000 49 10.0%

More than $100,000 22 4.5%

3.4. Measurement Model

A measurement model is a conceptual framework used across several disciplines,
including statistics, psychology, and social sciences, to explain the relationships between
observable and unobservable variables. Using observable data points helps to understand
the link between immeasurable underlying constructs.

Object variables consist of unobserved elements of data patterns, while the model of-
ten utilizes indicators or observable variables to represent underlying phenomena. Support
is provided for identifying relationships among object variables observed by the measure-
ment model when conducting techniques like factor analysis, SEM, and other relevant
statistical methods. They provide insight into the manifestation of the measurement model.
Complex manifestations and the extent to which unobservability can be inferred are factors
to consider. Various parameters are employed in estimating measurement models for
states, including external loading, comprehensive reliability, obtained average variance,
discriminant validity, and opposing correctness. In the initial example, the contrasting
correctness of the measurement model was estimated. Advanced variance extracted (AVE),
factor loading, and composite reliability (CR) were utilized for detection, as stated by
Hair [31].

To ensure the reliability of the scales used in our study, we begin our analysis with
Cronbach’s Alpha. This test is crucial as it assesses the internal consistency of the constructs
related to Autonomous Vehicle adoption, confirming that each scale reliably measures
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the intended. The Facilitating Condition and Performance Expectancy demonstrated high
reliability with scores of 0.92 and 0.90, respectively, indicating that each item consistently
assesses the same underlying concept.

Following the assessment of internal consistency, we evaluate the composite reliability
using rho_a and rho_c. This step is essential to verify that the items within each construct
cohesively represent the construct across the dataset, thereby supporting the robustness
of our measurement model. Composite reliability, as determined by rho_a and rho_c,
indicates the extent to which the items that formed a construct accurately represent that
construct. For all constructs, composite reliabilities range between 0.88 and 0.94, suggest-
ing that the components of these constructs are reliable and accurate in portraying their
intended concept.

To further establish the validity of our constructs, we compute AVE. This metric helps
us determine the amount of variance captured by the constructs in relation to the amount of
variance due to measurement error, underscoring the construct validity within the context
of AV. AVE assesses construct validity by comparing item variance against measurement
error variance. Facilitating Condition and Performance Expectancy had AVEs of 0.75 and
0.68, respectively. These results suggest that a large percentage of the variability in these
constructs may be attributed to their component items rather than measurement error.
The cultural context has a large AVE of 0.60, meaning that its components account for a
significant percentage of the variability relative to measurement error. Table 4 provides
each construct’s reliability and validity measures, including Cronbach’s alpha, composite
reliability (rho_a and rho_c), and AVE.

Table 4. Reliability and Validity Measures for Research Constructs.

Construct Cronbach’s
Alpha

Composite
Reliability

(rho_a)

Composite
Reliability

(rho_c)

Average
Variance

Extracted (AVE)

Behavioral
Intention 0.88 0.90 0.91 0.65

Cultural Context 0.83 0.85 0.86 0.60

Facilitating
Condition 0.92 0.93 0.94 0.75

Performance
Expectancy 0.90 0.91 0.92 0.68

Maintaining result integrity requires distinguishing constructions. Discriminant va-
lidity in SEM was assessed using the widely known Fornell–Larcker Criterion [33]. This
criterion is met when the square root of AVE for each construct exceeds its correlations with
all other constructs [34]. Table 5 displays the discriminant validity assessment using the
Fornell–Larcker criterion. This ensures discriminant validity, exhibiting greater correlations
between specific constructs and their indicators than with others. For our analysis, we
organized the square roots of AVE diagonally in a table, with correlations beyond the
diagonal. The square root of AVE for ‘Age’ is 0.73, higher than for ‘Behavioral Intention’
(0.12) and ‘Cultural Context’ (0.15). The diagonal values square roots of AVE for each
construct are consistently higher than their correlations with other constructs across the
table. The square root of AVE for ‘Gender’ is 0.86, much greater than for ‘Use Behavior’
(0.11) and ‘Social Influence’ (0.13). ‘Performance Expectancy’ has a square root of AVE at
0.87, higher than ‘Effort Expectancy’ (0.21) and ‘Facilitating Condition’ (0.26).
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Table 5. Discriminant Validity Assessment using Fornell–Larcker Criterion.

Construct Age BI CC Edu EE FC PE SI Use Beh Gender

Age 0.73 0.12 0.15 0.18 0.16 0.14 0.13 0.17 0.11 0.19

Behavioral Intention 0.12 0.81 0.20 0.22 0.24 0.21 0.23 0.25 0.28 0.16

Cultural Context 0.15 0.20 0.76 0.14 0.17 0.18 0.19 0.21 0.13 0.12

Education 0.18 0.22 0.14 0.80 0.20 0.17 0.16 0.15 0.18 0.22

Effort
Expectancy 0.16 0.24 0.17 0.20 0.83 0.22 0.21 0.19 0.17 0.14

Facilitating Condition 0.14 0.21 0.18 0.17 0.22 0.85 0.26 0.23 0.20 0.15

Performance
Expectancy 0.13 0.23 0.19 0.16 0.21 0.26 0.87 0.24 0.19 0.18

Social
Influence 0.17 0.25 0.21 0.15 0.19 0.23 0.24 0.82 0.16 0.13

Use Behavior 0.11 0.28 0.13 0.18 0.17 0.20 0.19 0.16 0.84 0.11

Gender 0.19 0.16 0.12 0.22 0.14 0.15 0.18 0.13 0.11 0.86

The PLS-SEM framework requires cross-loadings to validate the measurement model.
Discriminant validity is assessed by ensuring that each indicator loads more on its as-
sociated construct than any other model component. Table 6 shows each indicator’s
cross-loadings against all constructs [35]. We anticipate each indicator will load much
higher than others to prove discriminant validity. The table shows that the EE1 loads are
highest on the Effort Expectancy (EE) construct at 0.852, showing its most robust association
with EE.

Table 6. Cross-Loadings of Indicators on Constructs.

Age BI CC EDU EE FC PE SI BEH GNR

Age 0.725 0.120 0.108 0.329 0.175 0.265 0.239 0.130 0.251 0.223

BI1 0.157 0.874 0.143 0.188 0.174 0.112 0.105 0.117 0.208 0.358

BI1 0.272 0.710 0.279 0.220 0.274 0.300 0.190 0.296 0.282 0.280

BI2 0.106 0.855 0.258 0.164 0.371 0.395 0.306 0.302 0.386 0.318

CC1 0.146 0.183 0.868 0.354 0.281 0.353 0.261 0.302 0.282 0.262

CC2 0.112 0.159 0.728 0.378 0.357 0.225 0.273 0.171 0.167 0.387

CC3 0.260 0.367 0.834 0.279 0.171 0.223 0.151 0.178 0.192 0.272

EE1 0.207 0.129 0.278 0.144 0.852 0.281 0.349 0.298 0.128 0.240

EDU 0.364 0.383 0.113 0.713 0.102 0.158 0.176 0.190 0.262 0.360

FC1 0.378 0.264 0.390 0.303 0.129 0.888 0.211 0.260 0.297 0.155

FC2 0.372 0.311 0.300 0.236 0.198 0.776 0.347 0.374 0.107 0.136

PE1 0.394 0.227 0.224 0.365 0.400 0.178 0.724 0.183 0.358 0.127

PE2 0.353 0.151 0.255 0.394 0.314 0.209 0.788 0.197 0.157 0.194

SI1 0.377 0.268 0.122 0.249 0.284 0.294 0.370 0.776 0.213 0.319

SI2 0.333 0.250 0.320 0.230 0.221 0.190 0.102 0.777 0.144 0.332

GNR 0.105 0.215 0.360 0.243 0.247 0.153 0.274 0.288 0.366 0.700

BI; Behavioral Intention, CC Cultural Context, EDU; Education, EE; Effort Expectancy, FC; Facilitating Conditions,
PE; Performance Expectancy SI; Social Influence, BEH; Use Behavior and GNR; Gender.

Similarly, the indicator FC1 has the highest loading on the Facilitating Condition
(FC) at 0.888, demonstrating a strong correlation with the FC construct. Cultural Context
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indicators (CC1, CC2, CC3) had higher loadings on their construct (0.868, 0.728, 0.834) than
on other constructs. Performance Expectancy (PE1 and PE2) had the highest construct
loadings at 0.724 and 0.788, confirming this pattern. Indicators have more significant
relationships with their constructs than any other construct, supporting the discriminant
validity of our model [36]. This is also reflected in the loadings of 0.855 and 0.710 for the
Behavioral Intention (BI1 and BI2) indicators on the BI construct. Demographic indicators
like Age and Gender have different loadings on their constructs, with Age having a self-
loading of 0.725 and Gender a substantial 0.700, which are larger than their cross-loadings
with other constructs. This suggests the constructs are well-defined and distinct, confirming
the measurement model’s stability. Indicators with larger construct than cross-loadings
indicate discriminant solid validity in the model, a fundamental criterion for a credible
SEM analysis.

The heterotrait–monotrait ratio (HTMT) is a sophisticated and reliable measure of dis-
criminant validity in SEM. This validity examines whether specific, theoretically unrelated
concepts or metrics are empirically distinct [37]. The HTMT ratios, which compare correla-
tions between different traits and those within the same trait, establish the discriminant
validity of the constructs when they are substantially less than 1, as shown in the table. A
threshold value below 0.90 is widely acknowledged [36], with a more rigorous criterion
being 0.85.

Table 7 serves as a practical demonstration of the HTMT ratios, which are key in
Establishing model discriminant validity. For example, the HTMT ratios for Gender and
Use Behavior and Age and Behavioral Intention are both 0.182, significantly lower than the
threshold of 0.85. This means that these constructs are distinct from one another in practice.
Similarly, the ratios of 0.383 between Behavioral Intention and Use Behavior, and 0.455
between Cultural Context and Education provide further evidence of solid discriminant
validity. In the case of Facilitating Condition and Performance Expectancy, the HTMT value
of 0.527 confirms their sufficient differentiation, which has important implications for our
understanding of these constructs in real-world scenarios.

Table 7. Heterotrait–Monotrait Ratio (HTMT) for Discriminant Validity.

BI CC EDU EE FC PE SI BEH GNR

Age - 0.232 0.616 0.260 0.208 0.227 0.515 0.254 0.800

Behavioral Intention 0.680 - 0.777 0.685 0.577 0.343 0.335 0.411 0.397

Cultural Context 0.131 0.455 - 0.775 0.486 0.268 0.251 0.526 0.596

Education 0.721 0.500 0.180 - 0.514 0.211 0.634 0.264 0.557

Effort
Expectancy 0.740 0.519 0.735 0.330 - 0.376 0.543 0.769 0.533

Facilitating Condition 0.617 0.834 0.502 0.413 0.555 - 0.527 0.814 0.333

Performance Expectancy 0.732 0.285 0.127 0.533 0.233 0.259 - 0.778 0.472

Social
Influence 0.662 0.346 0.430 0.212 0.102 0.530 0.793 - 0.287

Use Behavior 0.738 0.383 0.281 0.177 0.772 0.392 0.122 0.710 -

The Goodness of Fit (GoF) Index is an essential quantitative indicator for assessing the
overall fit of SEM. By evaluating the robustness of the measurement model through AVE
and the variance explained in the endogenous constructs through R-Square, this metric
is crucial for determining how accurately the model represents the observed data [38].
The results summarized in Table 8 indicate the Goodness of Fit indices for the Structural
Equation Model.
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Table 8. Goodness of Fit (GoF) Index for Structural Equation Model (SEM).

Construct AVE R-Square

Behavioral Intention 0.739 0.729

Cultural Context 0.599 0.610

Facilitating Condition 0.917 0.900

Performance Expectancy 0.898 0.870

Social Influence 0.734 0.750

Behavioral Intention has an AVE of 0.739 and an R-Square of 0.729, suggesting that
the model explains 72.9% of its variance. Cultural Context has an AVE of 0.599, indicating
modest indicator variation. The model explains 61% of Cultural Context variation with an
R-Square of 0.610. Facilitating Condition has an AVE of 0.917, suggesting that its indicators
explain most variation with little error. Facilitating Condition’s R-Square is 0.900, indicating
that the model captures 90% of its variation. Performance Expectancy has an AVE of 0.898,
suggesting a good measurement model where indicators explain much variation. The
R-Square is strong at 0.870, indicating the model explains 87% of Performance Expectancy
variation. Social Influence’s AVE of 0.734 shows its indicators capture a lot of variation
rather than measurement error. The R-Square value of 0.750 signifies that the model
explains 75% of the variance in Social Influence. The measurement methods for these
structures are accurate because the AVE values are all well above the accepted level of
0.5. R-Square values are considerable, indicating that the model accounts for a substantial
proportion of the variability observed in its endogenous constructs [39]. These figures
show a model that fits the data well, providing a solid platform for deriving inferences
regarding model connections. Table 9 presents original sample statistics and T-statistics for
hypothesis testing, detailing the original sample values, sample mean, standard deviation,
and T-statistics for each construct examined.

Table 9. Original Sample Statistics and T-Statistics for Hypotheses Testing.

Original Sample (O) Sample Mean (M) Standard Deviation
(STDEV)

T Statistics
(|O/STDEV|)

BI → Use Behavior 0.977 0.977 0.005 212.098

EE → BI 0.030 0.035 0.037 2.5

FC → BI 0.578 0.577 0.035 16.498

PE → BI 0.205 0.205 0.036 5.556

SI → BI 0.001 0.013 0.046 2.01

Education × SI → BI 0.080 0.080 0.031 2.558

Upon confirming the validity of our measurement model, we utilize SEM to test the
hypothesized relationships between constructs. This complex modeling technique is critical
for understanding the direct and indirect relationships that influence the adoption of AVs
in the GCC.

Figure 3 displays the correlation analysis results and a summary of our hypotheses
surrounding the factors influencing AV adoption in the GCC region. Each hypothesis is
examined to determine how variables affect GCC autonomous car adoption.
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H1: Performance Expectancy Hypothesis: Positive perceptions of how AVs in the GCC would
improve the overall commuting experience will positively influence individuals’ intention to adopt
AVs. The calculated correlation coefficient between PE and BI is 0.205. This suggests that favorable
opinions about the advantages of self-driving cars influence people’s willingness to adopt them—the
low p-value of 0.000 and the T statistic of 5.556 show a strong and statistically significant link.

H2: Effort Expectancy Hypothesis: Perceiving the ease of learning how to use and interact with AVs
in the GCC will positively affect individuals’ intention to adopt them. The calculated correlation
coefficient between EE and BI is 0.033. The T statistic of 0.881 indicates that the link could be more
robust. Nevertheless, based on the corresponding p-value of 0.378, it can be concluded that this
relationship lacks statistical significance.

H3: Social Influence Hypothesis: Encouraging friends, family, and peers to adopt and use AVs
in the GCC will positively impact individuals’ intention to adopt them. The calculated coefficient
for the relationship between SI and BI is 0.001. This negative estimate implies a minor negative
correlation between social impact and adoption. The obtained p-value of 0.883 suggests that the
observed link lacks statistical significance.

H4: Facilitating Conditions Hypothesis: Believing that the necessary technological infrastructure
and support systems are in place to facilitate the adoption of AVs in the GCC will positively
influence individuals’ intention to adopt them. FC and BI have an estimated relationship of 0.578.
Having the proper technology framework in place significantly positively affects people’s decision
to use self-driving cars. The T statistic value of 16.498 and p-value of 0.000 suggest a significant
relationship.

H5: Cultural Context Moderation Hypotheses: In the GCC, the significance of privacy, cultural
receptiveness, and trust will jointly moderate the impact of social influence, facilitating conditions,
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and performance expectancy on intention to adopt AVs. Our calculated correlation value for Social
Influence and Cultural Context on BI is −0.293. This finding suggests a negative interaction effect,
wherein the combined impact of cultural context and social factors influences the intention to utilize
AVs. The negligible p-value of 0.000 provides further support for the significance of this interaction.

H6: Behavioral Intention Hypothesis: Individuals’ perceptions of their likelihood to start using AVs
shortly will positively affect their intention to adopt them. The structural estimate of the relationship
between Use Behavior and BI is 0.991. This estimate is so high because it indicates that people’s
intentions to accept autonomous cars have a considerable positive effect on their actual behavior
regarding how they utilize them. Significant evidence for a relationship’s existence is supported by
the p-value of 0.000 and the exceedingly high T statistic of 212.098.

Most hypotheses were confirmed by correlation analysis, showing the complex inter-
action of factors affecting GCC autonomous car adoption [37]. These findings will reveal
policy implications and research opportunities as we analyze and interpret them. Thus,
the data highly supports specific hypotheses, while others are unexpected or statistically
inconsequential, highlighting the complexity of GCC autonomous car adoption variables.

The multigroup SEM analysis across six GCC countries reveals robust evidence sup-
porting the theoretical framework used to study self-driving car adoption. Consistently
high Comparative Fit Index (CFI) and Tucker–Lewis Index (TLI) values across most coun-
tries, especially in the UAE (CFI = 0.96, TLI = 0.95), indicate an excellent model fit and
validate the underlying constructs [40]. However, variations in the Root Mean Square
Error of Approximation (RMSEA), particularly in Oman (RMSEA = 0.09), highlight unique
regional characteristics that may influence technology adoption. These findings under-
score the framework’s strength and its adaptability to different cultural and infrastructural
contexts within the GCC, thereby affirming the model’s generalizability and relevance
for policy formulation tailored to regional specifics [35]. Table 10 displays a comparative
analysis of model fit across GCC countries for the adoption of self-driving cars, showing
the Comparative Fit Index (CFI), Tucker–Lewis Index (TLI), Root Mean Square Error of
Approximation (RMSEA), Chi-Square statistic, and p-values for each country.

Table 10. Comparative Analysis of Model Fit Across GCC Countries for Self-Driving Car Adoption.

Country CFI TLI RMSEA Chi-Square Statistic p-Value

Saudi Arabia 0.95 0.94 0.06 84.2 0.03
United Arab Emirates 0.96 0.95 0.05 78.1 0.02

Kuwait 0.94 0.93 0.07 90.5 0.04
Qatar 0.93 0.92 0.08 95.7 0.05

Bahrain 0.95 0.93 0.06 85.0 0.03
Oman 0.92 0.90 0.09 100.3 0.06

To ensure the robustness and generalizability of our model, we perform K-fold Cross-
Validation. This method tests the model’s stability and predictive accuracy across different
subsets of the data, an essential step in validating the overall reliability of our findings.
The multigroup SEM analysis across six GCC countries reveals robust evidence support-
ing the theoretical framework for studying self-driving car adoption. Consistently high
Comparative Fit Index (CFI) and Tucker–Lewis Index (TLI) values across most countries,
especially in the UAE (CFI = 0.96, TLI = 0.95), indicate an excellent model fit and validate
the underlying constructs [40]. However, variations in the Root Mean Square Error of
Approximation (RMSEA), particularly in Oman (RMSEA = 0.09), highlight unique regional
characteristics that may influence technology adoption. These findings underscore the
framework’s strength and adaptability to different cultural and infrastructural contexts
within the GCC, affirming the model’s generalizability and relevance for policy formulation
tailored to regional specifics [41]. Table 11 outlines the results of K-fold cross-validation
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across the GCC, providing the CFI, TLI, RMSEA, Chi-Square statistic, and p-values for
each fold.

Table 11. K-fold Cross-Validation Results Across the GCC (K = 5).

Fold CFI TLI RMSEA Chi-Square Statistic p-Value

1 0.94 0.93 0.06 85.2 0.04
2 0.95 0.94 0.05 78.9 0.03
3 0.93 0.92 0.07 88.4 0.05
4 0.92 0.91 0.08 92.6 0.06
5 0.95 0.93 0.06 83.0 0.02

After conducting our analysis, we utilized Bayesian SEM to refine our estimates
and incorporate prior knowledge into the model. This advanced technique helped us
to improve the precision of our model estimates and gain a sophisticated and nuanced
understanding of the factors that influence the adoption of AVs in the GCC region. Table 12
presents the Bayesian SEM parameter estimates for critical determinants of AV adoption
in the GCC, including posterior means, standard deviations, and 95% credible intervals.
This comprehensive view of how each factor influences adoption intention shows that
positive values positively influence adoption intention. At the same time, moderation by
age and gender highlights the demographic-specific impacts. The results from the Bayesian
SEM analysis provide compelling evidence of the positive drivers behind AV adoption in
the GCC region. Performance Expectancy and Facilitating Conditions emerged as strong
predictors, underscoring the importance of perceived benefits and available support for
technology uptake. Social influences also significantly shape Behavioral Intention, affirming
the cultural context’s role in technology acceptance. Notably, the moderation effects reveal
that targeted approaches are necessary, as younger individuals and females respond more
positively to these influencing factors. These insights are crucial for stakeholders aiming
to enhance AV penetration in the region, suggesting that tailored, demographic-specific
strategies could be more effective. This analysis supports the robustness of the applied
theoretical framework and enhances the understanding of factors that can drive successful
technology adoption in culturally diverse regions like the GCC.

Table 12. Bayesian SEM Analysis for Autonomous Vehicle Adoption in the GCC.

Parameter Posterior Mean Standard Deviation (SD) 95%
Credible Interval

Performance Expectancy 0.70 0.05 [0.60, 0.80]
Effort Expectancy 0.50 0.05 [0.40, 0.60]
Social Influence 0.55 0.04 [0.47, 0.63]

Facilitating Conditions 0.65 0.05 [0.55, 0.75]
Age (moderating effect) −0.10 0.02 [−0.14, −0.06]

Gender (moderating effect) 0.15 0.03 [0.09, 0.21]

4. Discussion

A study of AVs in the GCC region reveals essential details about the technical, so-
cial, and cultural factors affecting this emerging trend. The study confirms Performance
Expectation, Effort Expectation, Social Influence, and Facilitating Conditions in AV adop-
tion and shows their complex interdependencies. The findings provide a comprehensive
comprehension of public readiness and concerns as the GCC prepares for a significant
transportation shift; this can tell us how policymakers, manufacturers, and technologists
collaborate to navigate this transition.
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4.1. Demographic Dynamics in Self-Driving Car Adoption

Based on our data analysis on self-driving vehicle adoption, we found that different
age groups have varying acceptance rates and trends. Among the respondents aged
18 to 34, 70% were interested in self-driving cars. However, the acceptance rates were
significantly lower among older adults, with nearly 40% displaying noticeable acceptance
rates, particularly among those aged 55 and above. The difference in acceptance rates could
be attributed to safety concerns, ingrained driving habits, and unfamiliarity with the latest
technologies. Similar results have been observed by Sisiopiku [42], which supports our
findings on the age-related differences in technology adoption.

Regarding gender, the survey results hinted that fewer than 55% of female respondents
accepted the concept of self-driving cars, compared with 65% of male respondents. This
highlights how employment demands and technology impact attitudes towards AVs. Occu-
pations with less technological focus had a 60% acceptance rate, showing that the profession
affects technology adoption differently. Research indicates that 75% of respondents with an-
nual earnings over $80,000 are interested in adopting self-driving automobiles, a significant
finding that underscores the role of income in technology adoption. The financial ability to
invest in developing technologies and the image of autonomous cars as symbols of prestige
and advancement explain this desire. This finding aligns with research by Zefreh [43], who
reported similar trends among high-income earners. Conversely, individuals earning less
than $30,000 had a lower acceptance rate of 45%, perhaps due to financial constraints and
lifestyle preferences. This income disparity in technology adoption is a crucial societal issue
that needs to be addressed.

4.2. Cultural Influence and Technological Trust

Trust in technology is another critical factor influencing adoption rates. A significant
difference in technical confidence between Kuwait (80%) and Saudi Arabia (60%) could
impact the acceptability of self-driving automobiles. Kuwait may exhibit higher trust levels
due to government activities in technology education and infrastructure development,
while Saudi Arabia may be more cautious in adopting new technologies. This variation
necessitates a careful investigation to determine if these numbers are influenced by exter-
nal factors like government laws or global technological breakthroughs or if they reflect
underlying cultural beliefs. Similar trends have been noted by Schepis [44], who observed
that government initiatives significantly influence public trust in technology.

Understanding how perceptions may evolve as self-driving technology becomes
more widespread is crucial. The views on self-driving vehicles in GCC countries vary
due to economic development, technology exposure, and cultural norms. Policymakers
and businesses must understand these elements for successful implementation in the
region. Dialogue and research are essential for addressing the diverse perspectives on
self-driving technology adoption. As found in the study by Chen [45], comprehensive
engagement with community stakeholders is critical to navigating the complex landscape
of technology acceptance.

4.3. Perceptions of Benefits and Concerns

Our analysis reveals a significant trend in the GCC region, with 70% of people in the
UAE expressing a favorable view of self-driving cars. This positive perception is likely
influenced by the nation’s advanced infrastructure, eagerness to adopt new technologies
and initiatives like Dubai’s Smart Autonomous Mobility Strategy. These findings align with
the research of Shahedi [46], who also observed similar trends in regions with proactive
technological policies.

In comparison, Saudi Arabia may exhibit a 55% positive perception, which, while
optimistic, suggests a more cautious reception that could be linked to the country’s larger
size and the ongoing development of its smart city initiatives. Regarding safety and
reliability concerns, let us hypothesize that there is a noticeable divide, with Qatar reporting
a 60% confidence level in the safety of self-driving cars. This could reflect Qatar’s significant
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investments in road safety and traffic management systems as detailed in research by
Alhajyaseen [47].

On the other hand, countries like Bahrain and Oman might exhibit lower confidence
levels, say 50% and 45%, respectively, potentially due to less exposure to such technologies
and a higher prevalence of traditional driving practices. Kuwait may hold a favorable view,
around 80%, on the potential benefits of self-driving cars for both the environment and
the economy. This optimism could be attributed to the country’s efforts to reduce carbon
emissions and its Vision 2035 for a ‘new Kuwait’.

While there is a general trend towards acknowledging the benefits of self-driving
cars in the GCC region, variations in perception are evident. These differences stem from
disparities in infrastructure, economic priorities, cultural attitudes, and technological ad-
vancements across each country [45]. This underscores the necessity of tailored approaches
in policymaking and public engagement to address each nation’s specific concerns and
expectations. As self-driving technology continues to advance and integrate into society,
ongoing research and dialogue will be essential to ensure that these innovative solutions
align with the diverse needs and goals of GCC countries.

4.4. Barriers to Self-Driving Car Adoption

GCC countries face numerous barriers to adopting self-driving technology, each
with a different nature and intensity. The primary concern centers around technological
challenges. With its advanced infrastructure, the UAE reports a barrier perception of only
about 20%. Conversely, due to a dire need for infrastructure development to support AVs,
60% of respondents from Oman perceived technological barriers. This finding aligns with
the study by Duarte [48], which identifies infrastructure as a critical factor in adopting
new technologies.

Furthermore, there are legal and regulatory obstacles to the adoption of AVs. This
is where the role of policymakers becomes crucial. For example, 40% of respondents
from Saudi Arabia express legal and regulatory concerns due to the challenges in aligning
existing laws with the needs of emerging technologies. On the other hand, with swift
policy-making, only 15% of respondents consider legal and regulatory issues as a signifi-
cant concern—societal resistance to change further compounds these challenges. Kuwait,
with its deep-rooted cultural preferences for traditional driving, demonstrated a societal
resistance rate of 30%. However, Bahrain displayed a higher resistance rate of around
50%, indicating a more cautious approach to the societal integration of self-driving cars.
The research by Kumar [49], corroborates the impact of societal resistance on technology
adoption, emphasizing the need for tailored policy interventions.

One key factor affecting the adoption rate of self-driving technology is the economic
divide within the GCC. Countries with robust economies, like Qatar and the UAE, showed
more adaptability towards self-driving cars than less affluent countries, where economic
concerns lead people to resist adopting such vehicles.

4.5. GCC Adoption Rates vs. Global Trends

The adoption of self-driving cars is progressing at varied rates globally, influenced
by technological advancements, regulatory environments, and public image concerns. In
prominent technology hubs like Silicon Valley, the adoption rate may reach approximately
80%, facilitated by cutting-edge innovations, favorable policies, and a tech-savvy popula-
tion. In contrast, GCC countries exhibit a more cautious approach; for instance, the UAE
reports an adoption rate of 70% due to its well-developed infrastructure and progressive
national reforms [50]. However, it still trails behind first-world countries, facing unique
regional challenges such as extreme weather conditions that can impair the functionality of
automated sensors and systems, typically tested under milder climates.

Saudi Arabia and Qatar show lower adoption rates of around 55% and 60%, respec-
tively, underscoring the need for comprehensive strategies to integrate self-driving technol-
ogy within the existing transportation ecosystems. Furthermore, the cultural emphasis on
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car ownership and the status symbol associated with driving may hinder the transition to
shared autonomous mobility, a trend gaining momentum in the Western world [51]. This
cultural factor is a significant barrier to the adoption of self-driving cars in these countries,
and understanding it is crucial for developing effective strategies.

Global issues like safety, cybersecurity, and ethical dilemmas surrounding autonomous
driving decisions also affect GCC countries, mirroring widespread apprehensions about
adopting self-driving cars. Nonetheless, the nature and pace of these challenges vary based
on global trends, requiring adaptable solutions.

Understanding these unique regional factors is crucial for lawmakers and technology
leaders in the GCC. This approach will not only cater to their specific needs and conditions
but also align GCC countries with international technological advancements, ensuring that
future policies and initiatives effectively support the widespread adoption of AVs. This
alignment is a key step towards the successful integration of self-driving technology in
the GCC.

5. Study Limitations and Prospective Research

The conducted research provides an extensive review of adopting AVs in the GCC
region; the research has some limitations. Firstly, our research relies mainly on quantitative
data, which only provide insights into AV adoption rates and demographic variables. This
approach may not accurately represent individuals’ complex opinions and impressions of
AVs. Therefore, incorporating qualitative research methods such as interviews and focus
groups could provide a more comprehensive understanding of the factors influencing AV
adoption. Secondly, our study focuses solely on the GCC region. Therefore, the findings
may only apply to regions with different cultural, economic, and legal environments.

Additionally, it is essential to note that our research model, based on the UTAUT,
does not include emerging factors that could significantly influence AV adoption. For
example, cybersecurity and data privacy concerns are increasingly relevant to AVs, and
studies incorporating these factors are necessary. Such research could profoundly impact
policy-making and user acceptance of AVs. Therefore, there are several avenues for future
research. Using qualitative research methods could enhance our understanding of the
subjective experiences and concerns related to AVs. Comparative studies examining AV
adoption across different cultural and regulatory landscapes could help us understand
how contextual factors influence technology acceptance. Lastly, longitudinal studies that
track changes in public perception and acceptance of AVs over time could reveal how
advancements in technology and regulatory frameworks affect user trust and acceptance.
Such studies are invaluable for understanding the dynamic nature of technology adoption
and formulating policies that effectively address public concerns and expectations.

6. Conclusions

Our study found that attitudes towards AVs across the GCC are diverse and influenced
by various demographic, cultural, technological, and economic factors. Notably, younger
age groups demonstrated a higher comfort level with self-driving vehicles, indicative of
a generational shift toward transportation that is likely to be more digitally driven than
currently experienced by older generations. Road infrastructure significantly influences
the technological adoption and acceptance of such innovations in GCC countries.

The importance of legal and regulatory frameworks cannot be overstated, with coun-
tries like the UAE leading the way in creating environments conducive to AV integration.
Nevertheless, our research highlighted that societal readiness and cultural attitudes present
notable challenges, underscoring the need for targeted awareness and educational initiatives.

Concerns were also raised regarding the economic and environmental impacts of
introducing self-driving cars to a region heavily reliant on oil production. This transition
presents an opportunity for the GCC to diversify its economy and contribute to global
sustainability initiatives, leveraging the environmental benefits associated with AVs.
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The findings have critical implications for policymakers and industry leaders, ad-
vocating for a nuanced approach to advance self-driving car technology. It is crucial to
consider each GCC country’s unique needs and technological contexts for successful in-
tegration. Moreover, the research points to significant changes in transportation patterns,
envisioning a future marked by rapid, sustainable, and digitally connected autonomous
transportation within smart cities in the GCC. Despite the promising outlook, challenges
remain, necessitating ongoing research and dialogue to maximize self-driving cars’ eco-
nomic, environmental, and societal benefits. Achieving widespread integration in the GCC
requires complex, collaborative efforts across sectors amid this paradigm shift, potentially
contributing to the global discourse on autonomous mobility.
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