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A B S T R A C T

Understanding AI's ethical implications is vital for its responsible deployment and societal acceptance. This study 
revisits the relationship between AI’s potential risks, the positive changes it brings, and its ethical evaluations 
across cultural contexts, focusing on different levels of automation and criticality. An online survey involving 323 
participants from the Arab GCC and 316 from the UK assessed responses to four scenarios, varying by low/high 
criticality and low/high automation. Hierarchical linear regression examined how perceptions of risk and pos
itive change influence ethical evaluations. Findings show that perceived risks consistently raise ethical concerns, 
while positive changes mitigate these concerns, especially in high-risk scenarios. Although effects vary between 
UK and Arab participants, positive changes moderated the relationship between risks and ethical implications in 
both groups under high criticality. The study provides empirical evidence that perceived risks and benefits jointly 
influence ethical evaluations across different AI modalities, while cross-cultural variation remains modest.

1. Introduction

Artificial Intelligence (AI) technologies have become ubiquitous, 
profoundly impacting various aspects of our society and daily lives. 
From predictive algorithms aiding healthcare diagnostics to the devel
opment of autonomous vehicles and personalized learning systems, AI's 
reach is extensive and continuously evolving (Kaswan et al., 2024; Ma 
et al., 2020). AI facilitates automation, enhances decision-making, and 
drives innovation, making it a key enabler in the knowledge-based 
economy. Its potential to create new business models for small and 
medium sized enterprises (SMEs) (von Garrel & Jahn, 2023) and 
improve supply chain resilience in Industry 5.0 highlights its trans
formative impact across sectors (Wu et al., 2024). While offering 
immense potential for innovation and efficiency, the integration of AI 
into societal norms and ethical frameworks raises complex questions. On 
the one hand, AI promises to enhance human life by facilitating inter
cultural collaboration, guiding online consumer decisions, and stream
lining tedious tasks (Davenport & Ronanki, 2018; Kamilaris & 
Prenafeta-Boldú, 2018). Conversely, concerns about AI's potential to 

displace human jobs, facilitate the development of intelligent weaponry, 
and erode control over emerging technologies abound. The emergence 
of AI-driven text and image-generation tools has sparked debates sur
rounding artistic integrity, academic integrity, and the intrinsic value of 
human creativity (T. Brown et al., 2020; Elgammal et al., 2017). This 
dichotomy underscores the multifaceted nature of the AI discourse, 
necessitating a comprehensive examination of its ethical, legal, and 
social implications.

Ethical considerations in AI encompass a wide array of concerns, 
including privacy, accountability, fairness, transparency, and the po
tential for societal disruption. Research indicates that factors such as 
cultural background, personal values, and prior experiences shape in
dividuals' perceptions of AI ethics. Responsible technology emphasizes 
the design, deployment, and use of technological systems in ways that 
promote human flourishing and societal well-being. It seeks to address 
ethical challenges such as privacy, fairness, transparency, and 
accountability, while fostering sustainable innovation that aligns with 
societal values (Stilgoe et al., 2013). These considerations underscore 
the importance of addressing significant ethical concerns, such as 
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algorithmic biases and privacy breaches, through mitigation strategies 
that ensure AI technologies promote human flourishing. This involves 
embedding societal values into AI systems to safeguard public interests 
and uphold fundamental rights (Stahl, 2021). For instance, studies have 
shown that cultural norms and societal values significantly influence 
people's attitudes toward privacy and data protection in AI systems 
(Huriye, 2023). Additionally, individuals with a stronger commitment 
to ethical principles may be more likely to scrutinize AI systems for 
potential biases or unfairness (Kaswan et al., 2024). Moreover, psy
chological factors such as trust in AI systems and perceived control over 
their use can also impact ethical evaluations. Research suggests that 
individuals are more likely to accept AI technologies when they perceive 
them as trustworthy and transparent (Wanner et al., 2022). Similarly, 
feelings of control over AI systems may lead to more favorable ethical 
assessments, as people may feel empowered to mitigate risks (Figueras 
et al., 2021). In healthcare, AI ethics emphasizes transparency, data 
privacy, and the protection of patient autonomy, with core challenges 
including the need for explainable AI (XAI) methods and the alignment 
of system design with user values to build trust while preventing 
manipulation and overreliance (Calvaresi et al., 2025). Recently, au
thors argue that inconsistent ethical regulation of research with 
emerging digital technologies, including AI, may undermine protections 
for individuals and society, stressing the need for harmonized standards 
(Mollen, 2024). These considerations emphasize that embedding socie
tal values into AI systems is essential for addressing ethical concerns, 
mitigating risks, and ensuring responsible deployment across diverse 
cultural contexts.

Besides personality factors, studies have shown that individuals' 
perceptions of the risks associated with AI technologies are influenced 
by factors such as media coverage, personal experiences, and trust in 
institutions. Media coverage highlighting ethical issues of AI technolo
gies and including accessibility of correct information to the public can 
lead to greater scrutiny of their ethical implications (Ouchchy et al., 
2020). Negative media portrayals of AI, highlighting potential job 
displacement or privacy breaches, can lead to heightened risk percep
tions and ethical concerns (Brossard & Scheufele, 2013). Additionally, 
individuals with past negative experiences or lack of trust in AI de
velopers may be more inclined to perceive AI technologies as risky and 
ethically questionable (Glikson & Woolley, 2020).

Individuals' perceptions of the positive changes enabled by AI tech
nologies can also shape their ethical evaluations. For instance, AI's po
tential to improve healthcare outcomes, enhance productivity, and drive 
innovation may lead to more favorable ethical assessments (Mulgan, 
2016). Positive personal experiences with AI applications, such as vir
tual assistants or recommendation systems, can foster trust and accep
tance, influencing ethical evaluations (Xiong et al., 2023). Importantly, 
individuals engage in a cognitive weighing process when evaluating the 
ethics of AI technologies, considering both their perceived risks and 
benefits (Kamila & Jasrotia, 2023). This balancing act between potential 
harms and advantages plays a crucial role in shaping ethical assessments 
and guiding decision-making regarding AI adoption and regulation.

Behavioral economics offers valuable insights into understanding 
public responses to AI. Camerer’s study explores how AI and behavioral 
economics intersect in three key ways: using machine learning (ML) to 
predict choices, modeling human judgment as implicit ML prone to 
overfitting, and how AI can assist preference formation while also 
enhancing price discrimination (Camerer, 2019). Researcher further 
highlights how integrating ML with behavioral economics can enhance 
decision-making through personalized interventions, stronger predic
tive power, and more effective policy design (Hrnjic & Tomczak, 2019). 
By applying these behavioral economics principles, policymakers and AI 
developers can better address public concerns, such as risk aversion and 
trust issues, particularly in high-risk AI applications such as autonomous 
vehicles, where complacency can skew risk perception (Azuma et al., 
2023), and healthcare systems, where trust in AI must be balanced with 
cautious decision-making by clinicians (Choudhury, 2022).

The mode of AI operation also matters. The degree of automation and 
criticality of AI technologies plays a significant role in shaping in
dividuals' perceptions of their ethical implications. Automation refers to 
the extent to which a system operates without human intervention, a 
concept closely linked to perceptions of user control, accountability, and 
trust (Parasuraman et al., 2000). Research in moral psychology shows 
that people’s aversion to automated moral decision-making stems in 
part from a perceived loss of human oversight, particularly in 
high-stakes contexts, where machines are seen as lacking moral agency 
(Bigman & Gray, 2018). Criticality, defined as the severity of conse
quences resulting from system failures, is associated with heightened 
ethical scrutiny, as moral judgments are strongly influenced by 
emotional engagement with perceived harm (Greene et al., 2001). 
Empirical studies further demonstrate that individuals respond more 
strongly, both emotionally and ethically, to AI systems deployed in 
high-criticality domains such as healthcare or autonomous driving, 
compared to lower-stakes settings like cleaning or entertainment (Awad 
et al., 2018a). Research suggests that the level of automation, or the 
extent to which AI systems operate autonomously, and the criticality of 
tasks they perform influence how people evaluate the risks and benefits 
of AI technologies (Ajenaghughrure et al., 2020; Ward et al., 2017). For 
instance, in scenarios where AI applications exhibit low levels of auto
mation and are used in low-criticality tasks, individuals may perceive 
fewer risks and more positive changes associated with these technolo
gies (Awad et al., 2018b). Conversely, in situations involving high levels 
of automation and high-criticality tasks, such as in autonomous vehicles 
or medical diagnosis systems (Morley et al., 2020), individuals may have 
heightened concerns about risks and ethical considerations (Banks et al., 
2019). Studies have shown that perceptions of automation and criti
cality interact with other factors, such as trust in AI systems and personal 
experiences, to shape individuals' ethical evaluations. For example, in
dividuals may perceive greater risk associated with an AI system if they 
have had negative experiences using it, which will impact their trust in 
the system regardless of the system type or task (Morley et al., 2020). 
Conversely, positive experiences or a sense of trust in AI systems may 
lead individuals to perceive more positive changes and benefits, 
particularly in low-criticality contexts with lower levels of automation 
(Park & Jung, 2021). Moreover, automation also has the potential to 
streamline administrative processes, reduce manual errors, and free up 
valuable resources for more critical tasks (Parycek et al., 2024). These 
dynamics are consistent with the IMPACT model (Montag et al., 2024), 
which emphasizes the interplay between individual characteristics, 
modality, context, cultural/country-level influences, and transparency 
as critical components in shaping public attitudes toward AI.

This study examines how AI’s degree of autonomy and task criticality 
impacts ethical evaluations. Several studies look at these factors sepa
rately. Klein et al. (2024) tested autonomy levels at different impact 
levels and found that both influenced trust and risk perception. Tol
meijer et al. (2022) studied autonomy in ethical decision-making and 
discovered it affected perceived responsibility. Kieslich, et al. (2022)
surveyed ethical principles related to machine autonomy and identified 
different preference groups. However, Chanseau et al. (2017) is the only 
source that directly explores the link between task criticality and au
tonomy preferences, although it focused on domestic robots instead of 
ethical evaluations in a wider sense. Thus, while these factors are 
conceptually important in ethical debates, prior research has offered 
limited systematic empirical comparison of how they jointly shape 
public perceptions across different operational contexts. By incorpo
rating these factors into the analysis, the research provides a more 
granular view of how AI's operational context affects public perception 
and acceptance. This study builds on prior work by systematically 
examining whether the perceived benefits of AI (“positive changes”), 
moderate ethical concerns in autonomy and criticality modalities across 
two cultural contexts. This aspect is often underexplored in ethical 
evaluations of AI technologies. By considering how positive outcomes, 
can offset ethical apprehensions, the research sheds light on the 
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balancing act individuals engages in when evaluating AI. This approach 
contributes to a more comprehensive understanding of how to navigate 
AI's ethical challenges, particularly in high-autonomy, high-criticality 
scenarios. This study extends trust and acceptance models by focusing 
on ethical implications as a distinct evaluative outcome and examining 
how perceived risks and benefits jointly shape these judgments under 
systematically varied AI conditions. Extending prior research on cultural 
variation in AI perceptions, where application type is often specified 
only at a general level, we manipulate task criticality and autonomy in a 
2 × 2 factorial design. This approach enables within-mode and 
between-mode comparisons, offering a more precise understanding of 
how operational context interacts with cultural factors to shape ethical 
evaluations of AI. Furthermore, our study explores the role of cultural 
nuances in shaping individual propensities for concerns and intentions 
related to AI use. Recent studies have emphasized the over
representation of WEIRD (Western, Educated, Industrialized, Rich, and 
Democratic) contexts in AI ethics, HCI, and learning analytics research; 
e.g., 84 % of ACM FAccT studies involved Western participants 
(Septiandri et al., 2023), 73 % in CHI (Linxen et al., 2021), and 58 % in 
learning analytics (Baek & Doleck, 2024). Using data from the UK and an 
Arab sample, this study contributes cross-cultural evidence on AI per
ceptions and suggests that many patterns hold across contexts. In 
AI-specific contexts, recent findings from Rahman et al. (Rahman et al., 
2024) show that demographic factors influence AI acceptance differ
ently in the UK versus the Arab, underscoring the value of continued 
cross-cultural investigation.

The coming wave of AI technology, as described by Mustafa Suleyman 
in his book (Suleyman, 2023), is unstoppable and demands concerted 
efforts to harness its benefits while minimizing and mitigating the 
ethical implications influenced by its potential risks. Understanding how 
these factors intersect and influence individuals' ethical evaluations of 
AI technologies is essential for policymakers, developers, and stake
holders. By identifying the underlying drivers of ethical considerations, 
policymakers can design regulations and governance models that 
address public concerns and promote responsible AI development 
(Huriye, 2023). Similarly, AI developers might be mandated to enhance 
the explainability of risks and benefits in a way that aids a calibrated 
ethical judgment. This entails changes in the design and deployment of 
AI systems, ensuring that they align with societal values and expecta
tions (Dignum, 2017).

The present study addresses the following research questions across 
UK and Arab samples: 

1. For AI operating under different autonomy and criticality conditions, 
how do perceptions of potential risks influence perceptions of ethical 
conerns?

2. For AI operating under different autonomy and criticality conditions, 
what role do perceived positive changes brought by the technology 
play in moderating the relationship between perceptions of its po
tential risks and ethical concerns?

Based on these questions, the study proposes the following hypoth
eses across the different configurations of AI considering autonomy and 
criticality levels, as demonstrated in Fig. 1. These hypotheses are 
informed by two key theories in moral psychology: the dual-attitude 
model (Wilson et al., 2000) and Cushman’s dual-system framework 
(Cushman, 2013). From the dual-attitude model, we speculate that im
plicit evaluations may influence risk sensitivity, whereas explicit eval
uations may more strongly reflect benefit assessments, such as AI. This 
helps explain why individuals may perceive AI as risky while also 
recognizing its potential benefits. Cushman’s framework adds that 
moral judgments often integrate an action-based system (often linked to 
affective harm aversion) and an outcome-based system (grounded in 
deliberative evaluation of consequences). Together, these perspectives 
support our expectation that perceived risks heighten ethical concerns, 
while perceived benefits may mitigate or moderate those concerns. 

H1: Higher potential risks of AI technologies are associated with 
greater ethical concerns, while the positive changes they bring tend 
to reduce these concerns.
H2: Positive changes brought by AI technologies moderate and 
lessen the negative influence that potential risks have on ethical 
concerns.

2. Method

2.1. Participant recruitment and selection

The participant pool for this study comprised 639 adults, comprising 
323 participants from the Arab GCC and 316 from the UK, according to 
their nationality, representing a diverse cultural spectrum. The required 
sample size was estimated using G*Power (Bruin, 2011), applying the 
F-test family for Linear Multiple Regression: Fixed Model, R² increase 
from zero, with 13 predictors. Based on a small-to-medium effect size (f² 
= 0.08), a significance level of α = 0.05, and a desired power of 0.80, the 
analysis indicated a minimum total sample of N = 235. For group 
comparisons, an additional power analysis was conducted using the 
t-test family (two-tailed test for independent means), with an allocation 
ratio of 1.022 (Arab sample to UK sample), α = 0.05, power = 0.90, and 
a minimum detectable effect size of Cohen’s d = 0.30. This yielded a 
required sample of 232 for the Arab group and 238 for the UK group, 
both thresholds were exceeded in the final dataset.

While our UK sample did include responses from older individuals, 

Fig. 1. Conceptual model for hierarchical linear regression analysis. This model will be applied to different combinations of autonomy (low, high) and criticality 
(low, high) across both UK and Arab samples. L: Low, H: High.
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we opted to restrict the sample to ages between 18 and 60 years to 
address the challenge of recruiting Arabs above this age. Participants 
were required to complete a preliminary screening questionnaire to 
qualify for participation in the main survey. To be eligible, participants 
needed to be 18 years or older, native to and residing in either the UK or 
the Arab GCC, possess some familiarity with AI, and self-identify 
culturally as either British or Arab. All participants were given 
informed consent forms and were allowed to withdraw from the survey 
at any point. To maintain data quality, the survey included attention 
checks. Participants who failed these checks or completed the survey in 
less than half of the median time were excluded from the analysis.

Compensation was provided to participants upon completion of the 
survey. Ethical clearance was secured from the Institutional Review 
Board (IRB) of the lead author's institution, and participants gave 
informed consent, with the option to withdraw from the survey at any 
stage. The survey was administered online via the SurveyMonkey plat
form (surveymonkey.com) (Waclawski, 2012), spanning from late 
October 2023 to mid-December 2023. TGM Research, a market research 
firm with an expansive online panel presence across 130 countries, 
facilitated recruitment (Greg Laski, n.d.). Participation was incentivized 
through TGM Research, adhering to the ethical standards of voluntary 
participation and confidentiality. This study, part of a larger project, will 
concentrate on the sections that directly pertain to the participants’ 
perceptions of risks, positive changes, and ethical concerns of four AI 
scenarios representing different modes of operation. The dataset utilized 
in this study is available at the Open Science Framework (OSF) link 
provided in the Data Availability Statements section.

2.2. Measures

Consistent with experimental survey practices, this study utilized 
vignette experiments to examine public attitudes toward AI. Vignette 
experiments involve presenting respondents with brief, scenario-based 
descriptions that prompt evaluative judgments. This approach cap
tures more detailed and context-sensitive responses compared to ab
stract questioning (Alexander & Becker, 1978). It also enhances the 
reliability and validity of responses by enabling controlled variation of 
scenario elements through methods like confounded factorial designs, 
between-subjects manipulations, and the use of anchoring vignettes 
(Steiner et al., 2016). Four vignettes were created and face-validated, 
varying in terms of AI's automation and criticality levels. Each 
vignette varied in two theoretically important dimensions, AI autonomy 
and task criticality, enabling a factorial structure that supports the 
analysis of main and interaction effects. Participants were randomly 
assigned to evaluate two of the four vignettes, ensuring a balanced and 
interpretable design while minimizing cognitive fatigue. This assign
ment strategy aligns with recommendations for subset distribution in 
factorial vignette designs, allowing for meaningful comparisons while 
reducing respondent burden (Atzmüller & Steiner, 2010). Together, this 
approach allowed us to systematically explore how scenario character
istics influence ethical evaluations across cultural contexts. Participants 
were introduced to the concept of automation and criticality levels 
through the following explanations:

“The following section of the survey will introduce AI technology 
characteristics followed by scenarios of using AI in everyday situations. 
We will primarily utilize two AI-powered systems: a cleaning robot and a 
smart car. 

Automation Level: Describes AI's autonomy in decision-making and 
action-taking. High automation indicates AI's self-sufficiency, while low 
automation requires more human guidance.
Criticality Level: Measures AI's impact on humans. High criticality im
plies serious consequences from AI errors, while low criticality suggests 
manageable effects”.

After each of the four scenarios, participants were asked to rate the 

following statements to measure potential risks, positive changes, and 
ethical implications, respectively: 

1) "I am concerned about potential risks associated with this AI tech
nology." The degree of risk was measured on a 6-point Likert scale 
ranging from "1 = Strongly disagree" to "6 = Strongly agree".

2) "I believe that this AI application can bring about positive changes, 
both personally and for society." This was also quantified using a 6- 
point Likert scale from "1 = Strongly disagree" to "6 = Strongly 
agree".

3) "To what extent are you concerned with the ethical implications of 
this AI technology?" Respondents could indicate their level of 
concern on a more nuanced 11-point scale, with endpoints labeled as 
0 for "I am not at all concerned" and 10 for "I am completely 
concerned."

These measures were newly constructed for this study to align with 
the specific context of AI automation and criticality levels in a vignette- 
based design, as existing validated scales were not sufficiently tailored to 
our factorial design. The use of single-item measures was chosen to 
reduce participant fatigue, given that participants evaluated multiple 
scenarios, and is supported by evidence that single-item scales can 
reliably assess attitudes toward AI, including trust, risks, and benefits 
(Castro et al., 2023; Montag & Ali, 2025; Sindermann et al., 2021). For 
instance, Montag and Ali (2025) demonstrated the reliability of 
single-item measures for assessing trust in AI across cross-cultural set
tings, while Castro et al. (2023) found that single-item trust measures 
can be valid and reliable compared to multi-item scales. Similarly, the 
Attitudes Toward Artificial Intelligence (ATAI) scale includes a single 
item to measure trust as a component of positive attitudes (Sindermann 
et al., 2021), supporting the applicability of this approach for constructs 
like Potential Risks and Positive Changes. Future in-depth studies should 
employ multi-item, semantically rich scales with validated 
sub-dimensions, such as trust (cognitive vs. affective; Glikson & Wool
ley, 2020), ethical implications (idealist vs. pragmatic; Mökander & 
Floridi, 2023), and wellbeing (PERMA model; Butler & Kern, 2016).

Prior to responding, participants were presented with concrete, 
context-specific scenarios involving a cleaning robot and a smart car, 
each designed to vary in levels of automation and criticality. Within 
these scenarios, potential risks were embedded in the descriptions, for 
example, cleaning inefficiency in low-criticality contexts or safety- 
related consequences in high-criticality contexts, to provide a realistic 
basis for participants’ evaluations. The Arabic version of these questions 
was developed using the recommended back-translation method 
(Brislin, 1970). Face validation trials with individuals from both pop
ulations were conducted for both the English and Arabic versions to 
ensure clarity and representativeness of the questions (Piçarra & Giger, 
2018). Feedback indicated that certain scenarios needed a clearer 
depiction of autonomy levels. For instance, in the low versus high au
tonomy cleaning robot scenarios, the difference was not immediately 
apparent. To address this, we added a remote-control icon to the low 
autonomy scenario to visually emphasize the need for human inter
vention. Additionally, in the low autonomy scenario, we included a 
human figure to ensure it was clear that human control is required, even 
after automation. To make the criticality level indicator more comfort
able for participants, we removed the word "risk" from the indicator 
picture. This adjustment aimed to focus participants' attention on the 
criticality aspect without inducing unnecessary discomfort. The four 
distinct scenarios, varying in automation and criticality levels as shown 
in Fig. 2, were presented to participants to illustrate the concepts. These 
scenarios included interactions with AI technologies like cleaning robots 
and smart cars, each described with varying degrees of automation (low 
and high) and criticality (low and high). The scenarios, as follows, were 
presented in a randomized order to avoid learning effect and order bias. 
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a) High Automation / Low Criticality (HL): AI operates indepen
dently in non-critical contexts.

b) Low Automation / Low Criticality (LL): Basic AI functions with 
significant human oversight

c) High Automation / High Criticality (HH): Nearly autonomous AI 
with significant potential impacts.

d) Low Automation / High Criticality (LH): AI decisions in critical 
situations require human guidance.

2.3. Data analysis

Descriptive analyses were calculated for UK and Arab samples. 
Skewness and kurtosis values were within the range of ±2 for all vari
ables except potential risk in scenario 4, which exhibited a kurtosis of 
3.3. Pearson’s correlation was used to assess the association between 
variables and Spearman’s correlation was employed for the variable that 
violated the linearity assumption. No significant differences were 
observed between the two correlation methods. Hierarchical regression 
analysis was conducted to assess whether the independent variable, 
potential risk, the moderator's positive change, and their interaction 
could significantly predict users’ perception of ethical implications. The 
assumptions of linearity and homoscedasticity were met. To assess the 
strength of the moderation, we used f2, to measure the proportion of 
variance in the dependent variable that is explained by the interaction 
term relative to the unexplained variance. The equation for f2 is derived 
as follows: 

f2 =
R2

included − R2
excluded

1 − R2
included

(1) 

where, R2
included represents the R2 value from the regression model that 

includes the interaction term (the full model) and R2
excluded represents the 

R2 value from the regression model without the interaction term (the 
reduced model).

The effect sizes for each scenario were calculated following the 
method outlined by J Cohen (Kim, 2019). Furthermore, in multiple 
hypothesis testing scenarios, researchers often use the False Discovery 
Rate (FDR) to identify statistically significant results while controlling 
for the rate of false positives (Verhoeven et al., 2005). By effectively 

controlling the rate of null hypotheses incorrectly rejected (Type I er
rors), FDR addresses the challenge posed by conducting numerous 
comparisons concurrently.

Before conducting the linear regression analysis, mean centering was 
applied to the predictor variables. Mean centering involves subtracting 
the mean of each variable from the corresponding variable’s values, 
effectively transforming the data such that each variable has a mean of 
zero. This step is crucial for improving the interpretability of the 
regression coefficients and mitigating multicollinearity among the pre
dictors. All statistical analyses were conducted using the JASP software 
package (J. Team, 2022).

3. Results

3.1. Descriptive statistics

Participants disclosed details regarding their age, gender, educa
tional attainment, employment status, and country of residence. A 
tabulated overview of the demographic profiles of both Arab and UK 
cohorts is delineated in Table 1. As shown, the UK sample skewed 
slightly older and more female, while the Arab sample was younger, 
more gender-balanced, and had a higher proportion of participants with 
an undergraduate degree. Vocational/technical education was more 
common in the UK sample.Vocational/technical education is not as 
common in the Arab region compared to the UK. To provide a more 
accurate comparison, if we merge the percentages for vocational/tech
nical education with those for a bachelor’s degree (BSc) in the UK 
sample, the combined percentage would be approximately equal to the 
percentage of individuals with a BSc in the Arab sample.

Table 2 provides descriptive statistics for potential risks, positive 
changes, and ethical implications across various combinations of au
tonomy and criticality levels in both samples.

To minimize the influence of potential confounding from systematic 
differences in response styles between cultural groups, our main ana
lyses focused on within-group comparisons rather than direct cross- 
group contrasts. Because we did not base our conclusions on between- 
group comparisons, any potential scale-use bias is unlikely to have 
substantially influenced the results. In addition, we examined the 
response distributions for each item in the Arab and UK samples (see 

Fig. 2. Illustration of scenarios depicting various levels of automation and criticality in AI systems.
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Figure S1 in Appendix). This inspection confirmed that both groups used 
the full range of the scale, with no consistent pattern of one group 
uniformly providing higher ratings across all measures.

3.2. Correlations between potential risks, positive changes, and ethical 
implications

The correlation analysis explores relationships between potential 
risks, positive changes, and ethical implications among participants 
from the UK and the Arab across various AI scenarios (LL, HL, LH, HH), 
which are shown in Table 3. In the Arab, a high positive correlation is 
observed between potential risks and ethical implications across all 
scenarios. In the HL scenario, this relationship is particularly high (r =
0.66, p < 0.001). Conversely, potential risks and positive changes 

exhibit a significant negative correlation in all scenarios except for the 
LL scenario. Similar patterns were observed in the UK sample. For 
example, the positive correlation between potential risks and ethical 
implications in the HL scenario is r = 0.64 (p < 0.001), and the negative 
between potential risks and positive changes in the same scenario is r =
-0.57(p < 0.001). Utilizing Pearson’s provides a robust measure of linear 
relationships between these variables. Additionally, Spearman’s corre
lations were calculated and included in the Appendix (Table S1) and 
there are no significant differences between the two correlations.

3.3. Multiple regression analysis

In the hierarchical linear regression analysis across four scenarios 
(LL, HL, LH, HH), potential risks consistently showed a strong and sig
nificant positive influence on the ethical implications of AI in the UK, 
with beta coefficients remaining robust across all models (p < 0.001) as 
shown in Table 4. Positive changes were introduced in the second step of 
the regression and generally exhibited a moderate negative impact on 
ethical implications, suggesting that positive perceptions can mitigate 
concerns (β values -0.26 for HH and -0.31 for LH, p < 0.001). Further
more, interaction terms between potential risks and positive changes, 
added in the third step, indicated a moderating effect, slightly reducing 
the impact of potential risks on ethical concerns in LH and HH scenarios. 
This interaction was particularly notable in the high criticality scenarios 
(LH and HH), where positive change moderated the effect of potential 

Table 1 
Demographic characteristics of participants in the Arab and UK samples.

Variables UK, 
Nuk= 316

Arab, 
NArab=

323

Gender Male 96 (30.38 
%)

147 
(45.51 %)

Female 220 
(69.62 %)

176 
(54.49 %)

Age M (SD) 40.81 
(10.35)

33.07 
(9.05)

Range 18 - 60 18 - 57
Education No formal education - -

Primary education (elementary) 2 (0.63 %) 2 (0.62 %)
Secondary education (high school) 78 (24.68 

%)
48 (14.86 
%)

Pursuing or completed vocational or 
technical education

71 (22.47 
%)

13 (4.03 
%)

Pursuing or completed 
undergraduate degree (bachelor’s)

104 
(32.91 %)

221 
(68.42 %)

Pursuing or completed postgraduate 
degree (master’s, Ph.D., etc.)

61 (19.30 
%)

39 (12.07 
%)

Employment ( 
%)

Full-time employment 168 
(53.16 %)

177 
(54.80 %)

Part-time employment 55 (17.40 
%)

37 (11.45 
%)

Run my own business 15 (4.75 
%)

21 (6.50 
%)

Homemaker 22 (6.96 
%)

32 (9.91 
%)

Student 7 (2.22 %) 25 (7.74 
%)

Retired 11 (3.48 
%)

7 (2.17 %)

Unemployed 26 (8.23 
%)

19 (5.88 
%)

Other 12 (3.80 
%)

5 (1.55 %)

Table 2 
Descriptive statistics of perceptions of ai risks, positive changes, and ethical implications, among UK and Arab participants.

Variable UK Arab

M SD Skew Kurt M SD Skew Kurt

Scenarios vs Questions LL Potential Risks 2.60 1.45 0.70 -0.44 3.42 1.58 -0.06 -1.30
Positive Changes 4.17 1.22 -0.56 0.21 4.66 1.64 -0.92 1.25
Ethical Implications 2.90 2.79 0.57 -0.73 4.83 3.07 -0.26 -1.04

HL Potential Risks 2.63 1.42 0.50 -0.81 3.35 1.65 -0.01 -1.38
Positive Changes 4.66 1.11 -0.75 0.27 4.85 1.07 -0.76 0.73
Ethical Implications 3.05 2.83 0.46 0.27 4.48 3.12 -0.06 -1.19

LH Potential Risks 4.44 1.25 -0.65 0.06 4.06 1.47 -0.59 -0.65
Positive Changes 3.68 1.22 -0.37 -0.01 4.47 1.24 -0.83 0.39
Ethical Implications 5.18 2.75 -0.16 -0.51 5.54 2.87 -0.45 -0.60

HH Potential Risks 5.16 1.08 -1.62 3.30 4.26 1.42 -0.63 -0.55
Positive Changes 3.20 1.42 -0.01 -0.89 4.44 1.27 -0.74 0.08
Ethical Implications 6.49 2.69 -064 -0.02 5.76 2.93 -0.49 -0.62

Note: Potential risks and Positive changes were rated on a scale from 1 (‘Strongly disagree’) to 6 (‘Strongly agree’); Ethical implications were rated on a scale from 
0 (‘I’m not at all concerned’) to 10 (‘I’m completely concerned’).

Table 3 
Pearson’s correlation analysis of potential risks, positive changes, and ethical 
implications among UK and Arab participants Across AI Scenarios.

Scenarios 
vs 
Questions

Variable UK Arab

Potential 
Risks

Positive 
Changes

Potential 
Risks

Positive 
Changes

LL Positive 
Changes

-0.23*** - -0.11 -

Ethical 
Implications

0.67*** -0.10 0.55*** -0.18**

HL Positive 
Changes

-0.56*** - -0.24*** -

Ethical 
Implications

0.64*** -0.37*** 0.67*** -0.20***

LH Positive 
Changes

-0.44*** - -0.30*** -

Ethical 
Implications

0.47*** -0.44*** 0.53*** -0.29***

HH Positive 
Changes

-0.48*** - -0.33*** -

Ethical 
Implications

0.46*** -0.42*** 0.47*** -0.25***

*p< 0.05, **p< 0.01, ***p< 0.001
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risk on ethical implication, evidenced by a statistically significant in
crease in total variation explained of 9.7 % (R² change = 0.097), F(3, 
308) = 59.82, p < 0.001 for LH and 6.2 % (R² change = 0.062), F(3, 303) 
= 57.52, p<0.001 for HH, underscoring the complex dynamics between 
these factors and their implications for AI ethics and governance.

In the Arab sample, a hierarchical linear regression analysis across 
four AI scenarios (LL, HL, LH, HH) demonstrated that potential risks 
consistently had a strong and significant positive impact on the ethical 
implications of AI in the Arab. The beta coefficients remained robust 
across all models, with a significance level of p < 0.001, which is shown 
in Table 5. The introduction of positive changes in Step 2 revealed a 
generally negative influence on ethical implications, albeit with modest 

effects in two scenarios (β = -0.13, p < 0.01 for LL; β = -0.15, p < 0.01) 
for LH). Notably, the interaction terms introduced in Step 3 highlighted 
a moderating effect of positive changes on the relationship between 
potential risks and ethical implications, especially in high-criticality 
scenarios (LH and HH), where the interaction terms were significant 
(R² change = 0.037, F(3, 317) = 58.03, p < 0.01 for LH; R² change =
0.042, F(3, 318)= 36.41, p < 0.001 for HH). These results underscore 
the importance of considering both potential risks and the potential 
mitigating effects of positive changes in shaping ethical evaluations of AI 
within the Arab context.

In the UK, in scenarios LH and HH, we observed small effect sizes 

Table 4 
Hierarchical linear regression analysis of potential risks, positive changes, and their interaction effects on ethical implications of AI in the UK sample.

UK

Variable Step 1 Step 2 Step 3

R2 F В t R2 F β t R2 F β t

Scenario LL Potential Risks 0.47 279.67*** 0.69 16.72*** 0.48 141.67*** 0.70 16.66*** 0.48 94.66*** 0.69 15.53***
Positive Changes ​ ​ ​ ​ 0.07 1.55 0.05 1.14
Interaction of Potential 
Risks and Positive 
Changes

​ ​ ​ ​ ​ ​ -0.04 -0.90

HL Potential Risks 0.55 375.41*** 0.74 19.38*** 0.55 187.86*** 0.72 15.58*** 0.55 125.16*** 0.72 15.50***
Positive Changes ​ ​ ​ ​ -0.04 -0.83 -0.04 -0.80
Interaction of Potential 
Risks and Positive 
Changes

​ ​ ​ ​ ​ ​ -0.03 -0.67

LH Potential Risks 0.27 115.42*** 0.52 10.74*** 0.35 82.86*** 0.39 7.61*** 0.37 59.82*** 0.41 8.06***
Positive Changes ​ ​ ​ ​ -0.31 -6.08*** -0.36 -6.82***
Interaction of Potential 
Risks and Positive 
Changes

​ ​ ​ ​ ​ ​ 0.15 3.05**

HH Potential Risks 0.30 131.47*** 0.55 11.47*** 0.35 82.60*** 0.42 7.90*** 0.36 57.52*** 0.41 7.80***
Positive Changes ​ ​ ​ ​ -0.26 -4.89*** -0.32 -5.41***
Interaction of Potential 
Risks and Positive 
Changes

​ ​ ​ ​ ​ ​ 0.12 2.26*

* p< 0.05
** p< 0.01
*** p< 0.001

Table 5 
Hierarchical linear regression analysis of potential risks, positive changes, and their interaction effects on ethical implications of AI in the Arab sample.

Arab

Variable Step 1 Step 2 Step 3

R2 F β t R2 F β t R2 F β t

Scenario LL Potential Risks 0.33 159.21*** 0.58 12.62*** 0.35 85.07*** 0.56 12.39*** 0.35 56.61*** 0.56 12.28***
Positive Changes ​ ​ ​ ​ -0.13 -2.76** -0.13 -2.77**
Interaction of Potential 
Risks and Positive 
Changes

​ ​ ​ ​ ​ ​ 0.02 0.39

HL Potential Risks 0.50 316.36*** 0.71 17.79*** 0.50 158.02*** 0.70 17.06*** 0.50 106.57*** 0.69 16.61***
Positive Changes ​ ​ ​ ​ -0.02 -0.58 -0.03 -0.76
Interaction of Potential 
Risks and Positive 
Changes

​ ​ ​ ​ ​ ​ 0.06 1.53

LH Potential Risks 0.32 148.19*** 0.56 12.17*** 0.34 81.35*** 0.52 10.87*** 0.36 58.03*** 0.49 10.30***
Positive Changes ​ ​ ​ ​ -0.15 -3.20** -0.18 -3.73***
Interaction of Potential 
Risks and Positive 
Changes

​ ​ ​ ​ ​ ​ 0.13 2.81**

HH Potential Risks 0.21 87.75*** 0.46 9.33*** 0.22 46.00*** 0.43 8.23*** 0.26 36.41*** 0.39 7.35***
Positive Changes ​ ​ ​ ​ -0.11 -2.03** -0.16 -3.00**
Interaction of Potential 
Risks and Positive 
Changes

​ ​ ​ ​ ​ ​ 0.19 3.69***

*p< 0.05
** p< 0.01
*** p< 0.001
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(f2≈ 0.03 and f2≈ 0.02 respectively), indicating some degree of inter
action between the predictor variables and the moderator. Similarly, in 
the Arab, we observed similar patterns of effect sizes as scenarios 
LH; f2≈ 0.03 and HH; f2≈ 0.03 respectively), underscoring the impor
tance of considering contextual factors in understanding moderation 
effects. In addition to observing small effect sizes in both the UK and 
Arab contexts, our findings align with the broader literature, where 72 % 
of reviewed studies demonstrated sufficient power to detect effects of 
0.02, emphasizing the prevalence of similarly sized effects across 
various research endeavors (Aguinis et al., 2005).

Given these findings, in Table 6, we focus on LH and HH scenarios 
due to significant moderation effects observed in previous analyses. 
Effect sizes for moderating effects in these high-criticality scenarios offer 
valuable insights into the magnitude and practical significance of the 
interactions between potential risks and positive changes, which is 
shown in Table 6. In Table 6, potential risks consistently exerted a 
positive influence on ethical implications in both LH and HH scenarios 
for the UK. In the LH scenario, the 95 % confidence interval for β [0.93, 
1.53] does not cross zero, indicating a significant positive effect (β =
0.41, p < 0.001). Similarly, in the HH scenario, the 95 % confidence 
interval for β [0.95, 1.60] confirms a positive influence (β = 0.41, p <
0.001). Conversely, potential risks consistently showed a positive in
fluence on ethical implications across both LH and HH scenarios for 
Arab. For the LH scenario, the 95 % confidence interval for β [1.16, 
1.70] remains above zero, demonstrating a significant positive effect (β 
= 0.49, p < 0.001). In the HH scenario, the 95 % confidence interval for 
β [0.83, 1.40] further supports this positive relationship (β = 0.39, p <
0.001). Moreover, the interaction between potential risks and positive 
changes demonstrated a significant moderating effect on ethical impli
cations in both scenarios and regions, even after FDR correction.

4. Discussion

We examined the interplay between potential risks, positive changes, 
and ethical implications of AI across two culturally distinct samples. 
Consistent with theoretical expectations, some findings, such as 
heightened ethical concern in high-criticality scenarios, align with 
intuitive assumptions. However, in an era where AI has moved from 
institutional applications to everyday consumer use, with recent surveys 
showing that over half (53 %) of U.S. consumers now use or experiment 
with generative AI, and daily usage has become routine for many 
(Deloitte, 2025). Our study provides validation through a systematic, 
cross-cultural, scenario-based design. It reflects the types of AI systems 
that regular users encounter today, including autonomous cleaning ro
bots and smart cars. By quantifying these effects across UK and Arab 
populations, we provide a foundation for future research to build upon 
with more complex and ecologically embedded designs. Our study re
veals both similarities and nuanced differences across the two cultural 
contexts. The findings support Hypothesis H1, revealing a consistent 
positive relationship between potential risks and ethical implications of 

AI across all tested scenarios (LL, HL, LH, HH) in both the UK and Arab 
regions.

Conversely, the negative impact of positive changes on ethical im
plications is evident from the substantial beta coefficients and signifi
cant p-values. In the UK's LH and HH scenarios, the significant 
relationship indicates a notable negative influence on ethical implica
tions. Similarly, in the Arab region’s LL and LH scenarios, the significant 
results reflect a meaningful negative effect. These findings suggest that 
positive changes tend to mitigate ethical concerns surrounding AI 
technologies. Therefore, Hypothesis H1 posits a negative relationship 
between positive changes and ethical implications.

Furthermore, the moderating role of positive changes, as outlined in 
Hypothesis H2, revealed context-specific effects. While the UK data 
showed some significant interactions, the Arab region demonstrated 
stronger and more consistent moderation effects, particularly in high- 
criticality scenarios. These findings suggest that positive changes may 
help alleviate ethical concerns in both contexts, potentially more so in 
the Arab region, where cultural factors could amplify sensitivity to risk 
(Pidgeon et al., 2008). Our results also indicate variability in risk 
perception, with Arab participants reporting higher potential risks in the 
LL and LH scenarios. This pattern may reflect a general sensitivity to 
uncertainty in lower-stakes, low-autonomy contexts, consistent with 
research showing that cultural dynamics significantly influence trust in 
automation (Chien et al., 2016). Conversely, lower risk ratings in HL and 
HH scenarios could suggest different interpretations of autonomy under 
high-stakes conditions, for example, viewing automated systems as more 
capable or less personally burdensome in critical situations. Our findings 
align with prior work emphasizing that user trust in AI is shaped by 
system-level features such as transparency, reliability, and perceived 
agency (Glikson & Woolley, 2020). These cultural dynamics warrant 
further investigation, as they may influence how individuals in different 
regions interpret risk, responsibility, and control in AI-mediated deci
sion-making. Understanding these differences is essential for designing 
ethically aligned AI systems and communication strategies that resonate 
across cultural contexts (Stilgoe et al., 2013). We summarized the results 
in Table 7.

The positive relationship between potential risks and ethical impli
cations of AI technologies corroborates findings from previous studies, 
which consistently highlight widespread concerns over AI’s potential 
negative outcomes (Gînguță et al., 2023). These studies emphasize that 
as AI systems become more integrated into various aspects of daily life, 
public anxiety about their ethical implications increases. Extending 
beyond these established findings, our study elucidates those positive 
changes in AI perception, such as increased awareness of AI benefits or 
enhanced trust in self- governance, can significantly mitigate these 
concerns, particularly in high-risk scenarios (Roski et al., 2021). This 
mitigation effect was more consistently observed in scenarios involving 
high levels of automation and criticality, although the effect sizes were 
modest. Notably, our findings suggest that this moderating effect, where 
perceived positive changes reduce ethical concerns, may be more 

Table 6 
Effect Sizes for the Moderating Effects of Potential Risks and Positive Changes on Ethical Implications in High-Criticality Scenarios.

Variable UK Arab

β 95 % CI for β B p r2a 
(b,c)

FDR β 95 % CI for β B p r2a 
(b,c)

FDR

Lower Upper Lower Upper

Scenario LH Potential Risks 0.41 0.93 1.53 1.23 <0.001 0.14 0.02 0.49 1.16 1.70 1.43 <0.001 0.22 0.02
Positive Changes -0.36 -1.34 -0.74 -1.04 <0.001 0.10 0.03 -0.18 -0.79 -0.24 -0.52 <0.001 0.03 0.03
Interaction of Potential 
Risks and Positive 
Changes

0.15 0.14 0.64 0.39 0.002 0.02 0.05 0.13 0.10 0.56 0.33 0.005 0.02 0.05

HH Potensial Risks 0.41 0.95 1.60 1.28 <0.001 0.13 0.02 0.39 0.83 1.43 1.01 <0.001 0.10 0.02
Positive Changes -0.32 -1.13 -0.53 -0.83 <0.001 0.06 0.03 -0.16 -0.77 -0.16 -0.42 0.003 0.02 0.03
Interaction of Potential 
Risks and Positive 
Changes

0.12 0.04 0.59 0.32 0.024 0.01 0.05 0.19 0.24 0.80 0.46 <0.001 0.03 0.05
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pronounced in the Arab sample. This was particularly evident in 
high-criticality scenarios, where the presence of expected benefits more 
strongly attenuated the link between perceived risks and ethical impli
cations. This regional variation may imply that cultural values and so
cietal norms could influence how people weigh risks against benefits 
when evaluating AI technologies, as shown in comparative studies be
tween Germany and China that reveal culturally distinct patterns in AI 
expectations, perceived benefits, and risk–benefit trade-offs (Brauner 
et al., 2024). It shows that individuals from individualist societies, such 
as Western countries, often perceive AI as a potential threat to personal 
autonomy, whereas collectivist cultures tend to integrate AI more 
harmoniously as a tool supporting social cohesion and conformity 
(Brauner et al., 2024).

These findings have potential implications for policymakers, in
dustry professionals, and other stakeholders. However, because the 
study is exploratory and has methodological limitations, the results 
should be interpreted cautiously. The strong positive relationship be
tween potential risks and ethical implications across all scenarios (LL, 
HL, LH, HH) in both the UK and Arab suggests that public apprehension 
regarding AI is nuanced. This relationship is stronger in scenarios where 
AI is viewed as critical, indicating that the degree of potential criticality 
of AI technologies amplifies ethical concerns. For policymakers, these 
findings may inform discussions about regulatory approaches that both 
address AI-related risks and acknowledge its potential benefits. For 
instance, the EU AI Act's risk-based framework, which classifies AI sys
tems into categories from unacceptable to minimal risk (Future of Life 
Institute, 2024), shows how these regulatory discussions are developing. 
Our findings offer evidence for this tiered approach, especially the 
increased public concern we noted in high-criticality scenarios. This 
concern matches the Act's stricter requirements for 'high-risk' AI sys
tems. Policies can aim to balance AI's potential for societal good, 
including advancements in healthcare diagnostics, environmental pro
tection, and educational accessibility, as illustrated in scenarios where 
the positive impact was significant (Aggarwal et al., 2021; Hashiguchi 
et al., 2021). Industry professionals need to consider these perceptions, 
ensuring AI systems are transparent by marketing, and their benefits are 
communicated, an approach echoed in the findings from the highly 
positive change scenarios (Wind et al., 2019). Educational campaigns 
that elucidate successful AI use cases could play a crucial role in 
fostering informed and positive public opinion. This is particularly 
important in scenarios with neutral perceptions of positive change, 
where public opinion may be more malleable. To ensure these cam
paigns are effective, it is essential to strike a balance between explaining 
the risks associated with AI without inducing fear or withholding crucial 
details. This balance is similar to the challenge faced by healthcare 
professionals, such as doctors and nurses, who must deliver news to 
patients in a manner that is truthful yet not frightening or deceptive (R. 
F. Brown & Bylund, 2008). Research in healthcare communication 
strategies can provide valuable insights into achieving this balance in AI 
education campaigns (Albahri et al., 2018). Additionally, researchers 
are called upon for continued exploration of AI's perception across cul
tural contexts (Hofstede, 2001), considering the significant role of cul
tural factors in shaping perceptions as evidenced by the pronounced 

effects in the LH and HH scenarios within the Arab.
Additionally, it is crucial to consider how the portrayal of AI's ben

efits can influence public acceptance and ethical evaluations. Behavioral 
economics emphasizes the importance of understanding human 
decision-making, particularly through concepts like mental accounting 
and other psychological factors (e.g., cognitive bias, emotional in
fluences, etc.) that shape consumer behavior (Zhu, 2024). The study by 
Zhennan highlights the role of behavioral economics in shaping inter
national entrepreneurial decisions, particularly through the integration 
of psychological factors such as cognitive biases and decision-making 
frameworks (Li et al., 2024). By understanding these psychological 
factors, we can better anticipate how individuals will react to new 
technologies such as AI. Public perception of AI is often influenced by 
how its benefits and risks are communicated, which can shape both 
acceptance and ethical evaluations. Framing the benefits of AI systems 
too positively may result in over-reliance while focusing solely on risks, 
which can lead to the rejection of valuable innovations. Therefore, a 
balanced approach is needed, where both the benefits and risks are 
presented transparently. In the context of marketing, ethics in AI play a 
crucial role, as misleading or exaggerated claims about AI's capabilities 
may not only erode trust but also hinder AI acceptance in the long term. 
Ethics in AI marketing further involves tackling critical issues such as 
privacy, data protection, algorithmic bias, and transparency. Addressing 
these challenges is fundamental to maintaining consumer trust and 
fostering responsible marketing practices, especially as AI increasingly 
plays a role in analyzing behavior, personalizing experiences, and 
automating decisions (Hari et al., 2025). While explainable AI (XAI) 
enhances transparency in AI systems yet poses risks of over
simplification that may lead to misunderstandings or mistrust among 
users, the study emphasizes the need for careful design and interdisci
plinary collaboration between human-centred interaction (HCI) and AI 
(Reddy, 2024). To further support informed decision-making, AI intro
duction strategies should incorporate double-sided messages, presenting 
both advantages and drawbacks, providing a more comprehensive view 
of both the benefits and risks associated with AI technologies. The study 
by Meng supports this by showing that a double-sided message strategy 
enhances customers' willingness to engage with AI chatbots through the 
mediating role of perceived authenticity (Meng et al., 2023). Such 
balanced and ethical messaging could foster a more rational and 
measured approach to AI adoption, ensuring neither over-rejection nor 
over-reliance.

The use of a cross-sectional approach precludes the observation of 
changes over time, limiting our understanding of the evolution of per
ceptions and the directionality of the relationships examined. Future 
research could incorporate longitudinal or experimental designs to 
better assess causal pathways and examine how perceptions shift with 
repeated exposure or real-world AI interaction. Such approaches would 
also help uncover the moderating effects of demographic, psychological, 
or contextual variables over time. Additionally, a longitudinal approach 
and enhanced ecological validity are essential for capturing the 
complexity and lived experiences of participants, while acknowledging 
the need for a more nuanced exploration of cultural diversity within 
regions. Although participants were presented with detailed, context- 

Table 7 
Scenario-specific support for hypotheses regarding potential risks and positive changes in AI Ethics.

Hypothesis Relationship p-Value (UK) Supported Scenarios (UK) p-Value 
(Arab)

Supported Scenarios 
(Arab)

H1 Positive relationship between potential risks and ethical 
implications of AI

< 0.001 All scenarios (LL, HL, LH, 
HH)

< 0.001 All scenarios (LL, HL, 
LH, HH)

Negative relationship between potential positive changes and 
ethical implications of AI.

Ranges from 
< 0.05 to < 0.001

Mostly all scenarios but 
weaker in some.

Ranges from 
< 0.05 to <
0.01

Less consistent, mostly 
weaker effects

H2 The moderating effect of potentially positive changes on the 
relationship between potential risks and ethical implications.

Ranges from non- 
significant to < 0.05

Weak effects, not 
consistently supported

Ranges from 
< 0.05 to <
0.001

More pronounced in LH, 
HH
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specific vignettes, our measure of “potential risks” relied on a single, 
broad item capturing perceived rather than theoretically delineated risk 
dimensions. Risk can be conceptualized and measured using established 
multidimensional frameworks, such as those distinguishing safety, 
financial, ethical, social, and health-related risks (Weber et al., 2002), or 
via subjective, participant-defined perceptions. Our study adopted the 
latter approach, assessing risk as perceived by respondents in the context 
of specific AI scenarios. This means our findings should be interpreted 
with caution, as comparisons with studies using domain-specific or 
objective risk measures may yield differing patterns. Our constructs of 
‘potential risks’ and ‘positive changes’ may not capture all aspects of 
these multifaceted concepts. The complexity of ethical considerations 
may require more detailed and varied measures to fully encapsulate the 
range of public opinion.

The survey’s structure, which includes the wording of questions and 
the response options provided, may guide participants' answers in spe
cific directions due to the framing effect. The four distinct scenarios 
involving cleaning robots and smart cars were designed to illustrate 
concepts of automation and criticality. However, these specific scenarios 
might not fully represent the range of AI applications in real-world 
contexts, which could limit the generalizability of the findings to other 
AI technologies or settings. Although the four scenarios were carefully 
developed, face-validated, and systematically varied by automation and 
criticality levels, they represent a narrow subset of AI applications. This 
may limit the ecological validity and generalizability of the findings, as 
perceptions could differ substantially in domains that are more 
personally salient or socially consequential, such as healthcare, educa
tion, surveillance, or military contexts. For example, high-critical AI in 
healthcare may evoke stronger ethical concerns due to perceived risks to 
human life, while educational AI may elicit different evaluations linked 
to fairness or long-term societal impact.

Furthermore, while anchored vignettes and face validation helped 
reduce ambiguity and guided participant interpretation, individual dif
ferences in scenario comprehension may still exist. Some participants 
may have interpreted the automation levels differently despite visual 
cues, and this could impact the internal consistency of the measures.

A further limitation relates to the use of a non-probabilistic online 
panel (TGM Research). While this allowed efficient access to partici
pants from the UK and Arab regions, it may introduce self-selection bias, 
as individuals who participate in online studies often differ from the 
broader population in terms of digital literacy, interest in AI, or moti
vation to engage in research (Bethlehem, 2010). Our study was designed 
to provide initial evidence of public attitudes toward AI across varying 
levels of automation and criticality, before expanding to larger and more 
resource-intensive studies with broader, stratified sampling and diverse 
recruitment channels (e.g., online and paper-based surveys).

5. Conclusion and future work

This study examined the relationship between perceived risks, po
tential positive changes, and ethical evaluations of AI across two cultural 
contexts, the UK and the Arab regions. The results indicate that higher 
perceived risks are consistently associated with greater ethical concerns 
across all tested scenarios (LL, HL, LH, HH), suggesting a consistent 
pattern irrespective of automation or criticality levels. Moreover, this 
association appears to be moderated by perceptions of positive change, 
which may help alleviate some ethical concerns, particularly in higher- 
risk scenarios where the influence of such perceptions was more evident.

Importantly, our findings show that cultural and regional context can 
influence how people weigh risks and benefits in forming ethical judg
ments, but that these effects vary by mode of operation. This pattern 
aligns with recent cross-cultural research by Brauner et al. (Brauner 
et al., 2024), who compared AI perceptions in Germany and China, 
finding that German participants emphasized risks over benefits, while 
Chinese respondents exhibited more balanced evaluations. Within both 
the UK and Arab samples, perceived risks consistently increased ethical 

concern across all modes, while perceived positive changes mitigated 
these concerns more strongly in certain modes, particularly 
high-criticality scenarios in the Arab sample. Our results suggest that 
cultural context may influence how operational AI characteristics are 
interpreted, potentially in ways that align with Hofstede’s (Hofstede, 
2001) dimensions such as uncertainty avoidance, collectivism, and 
power distance. This finding aligns with domain-specific risk research 
(Weber et al., 2002), demonstrating that risk tolerance varies system
atically across both cultural contexts and technological domains, 
particularly when considering different levels of task stakes. These 
findings suggest that considering criticality–autonomy configurations 
can improve analyses of cross-cultural attitudes toward AI, and that 
governance and communication efforts may benefit from accounting for 
cultural context and the system’s operational mode.

Our analysis suggests that cultural and regional differences may in
fluence perceptions of AI. While participants from both the UK and Arab 
regions acknowledged potential risks, their ethical evaluations varied, 
with Arab participants showing a somewhat stronger association with 
perceived positive changes. These patterns highlight the potential rele
vance of cultural context in informing ethical evaluations of AI and point 
to the value of developing AI policies and communication strategies that 
are responsive to cultural differences.

Future research could address several limitations to provide a more 
comprehensive understanding of societal attitudes toward AI technolo
gies. It would benefit from including a broader demographic spectrum, 
encompassing individuals with varying levels of familiarity and 
engagement with AI. This approach would help capture a wider range of 
public opinions and provide a more nuanced view of societal attitudes 
towards AI. Additionally, employing longitudinal studies could offer 
insights into how perceptions and relationships evolve over time, 
addressing the limitations of the cross-sectional design used in the cur
rent study. Finally, examining the internal diversity within broad re
gions, such as the UK and Arab, would yield further insights into cultural 
nuances affecting ethical evaluations of AI. This granular cultural 
analysis could enhance the understanding of how different cultural 
contexts shape the perception of AI's ethical implications. While par
ticipants reviewed context-specific scenarios involving cleaning robots 
and autonomous cars to help ground their judgments, the broad 
phrasing of “potential risks” remains a limitation. This approach cap
tures participants’ subjective ethical evaluations in context but may also 
lead to variability based on how much the chosen domains resonate with 
their personal interests, experiences, or perceived relevance. Future 
research should refine this by distinguishing between specific risk do
mains (e.g., safety, financial, privacy) to yield more targeted insights, 
incorporating measures of domain familiarity or personal salience, and 
testing whether results differ across a broader set of AI applications 
beyond cleaning and autonomous driving. Such steps would help 
determine whether observed effects are scenario-specific or generaliz
able across technological domains.

Our findings underscore the importance of presenting a balanced 
view of AI to avoid over-reliance or rejection. Incorporating behavioral 
economics principles, particularly through the use of double-sided 
messages, can help ensure that users critically evaluate AI’s benefits 
and risks. Future AI designs may benefit from looking at these frame
works to encourage responsible technology and sustainable use in 
various cultural contexts.
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