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Abstract
Background: The incorporation of artificial intelligence (AI) into tele-mental health 
services has progressed rapidly in recent years; nevertheless, public acceptance 
of AI in psychotherapy remains ambiguous due to apprehensions regarding trust, 
privacy, usability, and cultural suitability. Therefore, real-world evidence is essential 
to understand what factors influence individuals’ willingness to adopt AI-based 
mental health care.
Objective: Using an extended technology acceptance model that accounts for 
ethical and sociocultural factors, this study examined factors influencing individuals’ 
adoption of AI-based tele-mental health services.
Methods: A self-administered bilingual questionnaire was used to conduct a 
cross-sectional online survey of 432 participants between January and June 2024. 
Perceived usefulness, perceived ease of use, trust and privacy, cultural fit, future 
readiness, familiarity with AI, and behavioral intention were all included in the 
proposed model. Multiple linear regression, exploratory and confirmatory factor 
analyses, and reliability analysis were used to analyze the data.
Results: The measurement model demonstrated satisfactory psychometric 
properties, including acceptable internal consistency (Cronbach’s α = 0.790–0.910), 
convergent validity (average variance extracted > 0.500), and discriminant validity 
based on the Fornell–Larcker criterion. Exploratory and confirmatory factor analyses 
supported a five-factor structure with good model fit (comparative fit index = 0.940; 
Tucker–Lewis index = 0.930; root mean square error of approximation = 0.055). 
Regression analysis indicated that perceived usefulness (β = 0.430, p < 0.001), trust 
and privacy (β = 0.270, p < 0.001), perceived ease of use (β = 0.180, p = 0.002), and 
cultural fit (β = 0.100, p = 0.037) were significant predictors of behavioral intention, 
collectively explaining 61% of the variance (R2 = 0.610). In contrast, future readiness 
and familiarity with AI were not statistically significant, and the corresponding 
hypotheses were not supported. 
Conclusion: In Saudi Arabia, perceived functional value, ethical trust, usability, 
and cultural alignment are more important factors in the public’s acceptance of 
AI-based tele-mental health services than past experiences or general optimism 
about AI. These results highlight the significance of prioritizing data security, cultural 
sensitivity, and reliable system design when developing and implementing AI-based 
mental health services.
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1. Introduction
Artificial intelligence (AI) is increasingly recognized as 
an effective approach to mitigating the global mental 
health treatment disparity, especially as tele-mental health 
services are increasingly incorporated into healthcare 
systems.1-3 AI-based solutions enhance the capabilities of 
mental health professionals, facilitate early screening and 
monitoring, and enable scalable therapies such as digital 
cognitive-behavioral therapy, conversational agents, 
and virtual triage systems.4,5 These technologies offer 
accessible, cost-effective options for those in underserved 
or rural areas, where a shortage of skilled mental health 
practitioners remains a significant issue.6-8

A growing body of research indicates that AI-based 
tele-mental health therapies may diminish stigma, boost 
participation, and enable early detection of mental 
health issues.9,10 Clinical outcomes for anxiety and 
depression facilitated by AI-assisted telehealth systems are 
progressively comparable to those attained by conventional 
in-person treatment.11–13 Woebot, Wysa, and Meru Health 
are some of the most well-known systems that demonstrate 
how AI-driven support can improve therapist-led therapy 
by continuously monitoring patients and providing 
psychological support between sessions.14-16 At the same 
time, predictive AI models are employed to assess the 
likelihood of an individual attempting suicide and to 
prevent relapse, demonstrating their potential to assist in 
complex clinical decision-making.17-19

Even with these advances in technology and medicine, 
AI cannot be used effectively in mental health treatment 
unless the public is willing to accept it and use it.20-22 
Previous studies indicate that the tendency to embrace 
AI-driven health technology is influenced by perceived 
usefulness, perceived ease of use, and trust in data privacy 
and algorithmic fairness.23-25 Ease of use, privacy, and 
reducing stigma are often cited as the primary factors 
influencing the use of tele-mental health services.25-27 At 
the same time, challenges such as limited digital literacy, 
insufficient transparency, and poor cultural alignment 
continue to hinder equitable adoption.28-30

In addition to usability and functionality, ethical 
and social considerations significantly influence public 
perceptions of AI-assisted mental health treatment. 
Individual perceptions of privacy, data security, openness, 
and fairness in algorithmic decision-making are closely 

linked to their level of trust.31-33 Previous studies have 
consistently highlighted the importance of explainable AI, 
human oversight, and cultural sensitivity in fostering trust 
in digital mental health systems. Without such protections, 
AI-driven solutions may exacerbate existing disparities 
by being unjust, marginalizing certain individuals, or 
failing to provide equitable access for all.34,35 Consequently, 
policymakers and clinicians are increasingly supporting 
governance frameworks that enhance transparency, 
accountability, and cultural sensitivity in the development 
and implementation of AI-driven mental health 
interventions.36-39

1.1. Research model and hypotheses

The technology acceptance model (TAM) underpins this 
study, describing technology use in terms of two core 
cognitive beliefs: perceived usefulness (PU) and perceived 
ease of use (PEOU).40 TAM has been tested in many 
different areas of information systems and digital health, 
and it has been shown to be a strong predictor of users’ 
willingness to adopt new technologies.41,42 However, an 
increasing number of scholars state that when TAM is 
used in complex, high-risk fields like healthcare—where 
ethical, cultural, and trust-related factors affect how users 
make decisions—it needs to be expanded to include more 
context.43-45

1.2. Theoretical integration of extended constructs

When individuals decide whether or not to use AI-based 
tele-mental health services, they consider more than just 
how easy they are to use and how useful they are. Users 
have to share sensitive psychological information, trust 
algorithmic outputs, and use systems that could affect 
their mental health. Consequently, perceptions of trust, 
cultural acceptance, and future readiness emerge as 
crucial contextual elements that impact the operation of 
TAM constructs.46-48 Rather than treating these variables 
as parallel predictors, this study conceptualizes them 
as contextual and ethical extensions of TAM, thereby 
strengthening its applicability in mental health settings.

Trust and privacy may enhance TAM beliefs, as users 
who have confidence in AI systems are more likely to 
perceive them as beneficial and acceptable. Cultural 
acceptance is a sociocultural boundary condition that 
affects how people perceive AI-based services as legitimate 
and appropriate in a given social setting. Future readiness 
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reflects a forward-looking orientation toward technological 
innovation, influencing individuals’ openness to using AI 
even when its usefulness is recognized. 

While the present study focuses on direct effects on 
behavioral intention, these constructs are theoretically 
interconnected and jointly shape adoption decisions. Their 
inclusion provides a more integrated and context-sensitive 
extension of TAM suitable for AI-based mental health 
services.

1.3. Core technology acceptance model constructs

1.3.1. Perceived ease of use 

Perceived ease of use refers to the degree to which an 
individual believes that using AI-based tele-mental health 
services would require minimal effort.49 Rooted in TAM, 
PEOU has been consistently shown to influence adoption 
by reducing cognitive burden and facilitating positive 
user experiences.49,50 In mental health contexts, ease of 
interaction is particularly important, as users may already 
experience emotional or psychological strain.

(i)	 H1: PEOU positively influences behavioral intention 
to use AI-based tele-mental health services.

1.3.2. Perceived usefulness 

Perceived usefulness is defined as the extent to which 
an individual believes that using AI-based  tele-mental 
health services will enhance access to care, improve service 
quality, or support mental health outcomes.51 TAM posits 
PU as the strongest predictor of behavioral intention, 
particularly in healthcare contexts where perceived value 
directly affects willingness to adopt digital solutions.52

(i)	 H2: PU positively influences behavioral intention to 
use AI-based tele-mental health services.

1.4. Ethical and contextual extensions of technology 
acceptance model 

1.4.1. Trust and privacy

Trust and privacy originate from ethical- and risk-based 
adoption theories and are widely applied in digital health 
research.53 Trust reflects confidence in the reliability, 
fairness, and clinical appropriateness of AI systems, while 
privacy concerns relate to perceptions of data security and 
responsible information handling.54 In mental healthcare, 
where confidentiality and stigma are prominent concerns, 
trust is not only a direct predictor of adoption but also a 
factor that shapes users’ evaluation of usefulness and ease 
of use.54

(i)	 H3: Trust and privacy positively influence behavioral 
intention to use AI-based tele-mental health services.

1.4.2. Cultural acceptance (cultural fit)

Cultural acceptance refers to the extent to which AI-based 
tele-mental health services conform to users’ language 
preferences, values, and social and religious norms.55 
Prior research in digital health adoption emphasizes that 
technologies perceived as culturally incongruent may be 
rejected regardless of their usability or effectiveness.56,57 
In Saudi Arabia, cultural norms strongly influence mental 
health perceptions and help-seeking behaviors, making 
cultural acceptance a critical sociocultural factor for 
adoption.58-60

(i)	 H4: Cultural acceptance positively influences 
behavioral intention to use AI-based tele-mental 
health services.

1.4.3. Future readiness

Future readiness reflects individuals’ expectations 
regarding the role of AI in future healthcare systems and 
their openness to long-term technological integration.61,62 
Drawing on innovation diffusion and technology readiness 
literature, future readiness captures the temporal and 
attitudinal dimensions of adoption. Users who perceive AI 
as an inevitable and legitimate component of future care 
may be more inclined to adopt AI-based services.

(i)	 H5: Future readiness positively influences behavioral 
intention to use AI-based tele-mental health services.

1.4.4. Familiarity with artificial intelligence

Familiarity represents prior exposure to AI technologies 
and tele-mental health services.63 While familiarity is often 
assumed to facilitate adoption by reducing uncertainty, 
prior research suggests its influence may be indirect 
or context-dependent, particularly in high-risk health 
domains where trust and perceived value may outweigh 
prior experience alone.64

(i)	 H6: Familiarity positively influences behavioral 
intention to use AI-based tele-mental health services.

2. Conceptual framework
The conceptual research model guiding this investigation 
is shown in Figure 1. PU and PEOU are positioned as 
key cognitive determinants of behavioral intention in 
the model, which is based on the TAM. Ethical and 
sociocultural extensions, which directly influence adoption 
and shape users’ perceptions of usefulness, trust, privacy, 
and cultural acceptance, are incorporated. Contextual 
factors reflecting innovation orientation and prior 
exposure include familiarity and future readiness. The 
model acknowledges theoretical relationships among the 
constructs and provides a coherent and context-sensitive 
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extension of TAM for AI-based tele-mental health services, 
although the present study empirically examines only their 
direct effects on behavioral intention.

2.1. Study design and research process

To investigate public perceptions and acceptance of 
AI-based tele-mental health services in Saudi Arabia, a 
quantitative cross-sectional survey design was employed. A 
survey-based approach was selected due to its effectiveness 
in gathering attitudes, perceptions of emerging health 
technologies, and ethical considerations from a broad 
participant pool. 

The research process comprised four steps: (i) 
instrument development and cultural adaptation; (ii) pilot 
testing and validation; (iii) large-scale online survey data 
collection; and (iv) psychometric and inferential statistical 
analyses to assess measurement properties and test 
hypothesized relationships. A self-administered bilingual 
(Arabic–English) questionnaire, distributed electronically, 
was used to collect data between January and June 2024.

2.2. Participants, inclusion criteria, and sampling 
strategy

The target population consisted of adults aged 18 years and 
older residing in Saudi Arabia. Participants were included 
if they provided informed consent electronically and were 
able to read and comprehend either Arabic or English. 

Exclusion criteria comprised individuals younger than 
18 years old, those who did not complete the survey, and 
participants who declined to provide consent. The study 
aimed to capture the general public’s perceptions rather 
than clinical assessments; therefore, no restrictions were 
applied based on occupation, educational background, or 
prior experience with mental health services. 

Convenience sampling was employed, with recruitment 
facilitated through professional and community 
organizations, university networks, and online platforms. 
This approach is commonly used in perception-focused 
and exploratory studies in digital health. However, it 
has inherent limitations regarding representativeness, 
potentially skewing toward younger individuals, those 
with higher educational attainment, or individuals with 
greater interest in digital technologies. Consequently, 
this sampling strategy may limit the generalizability of 
findings to populations with restricted internet access or 
lower digital literacy. Section 4 discusses the impact of this 
sampling structure on external validity.  

The final analysis included 432 valid responses. This 
sample size provided sufficient statistical power for 
factor analysis and multivariate modelling, exceeding the 
minimum threshold established by Cochran’s formula for 
proportions, assuming a 50% prevalence, a 5% margin of 
error, and a 95% confidence level.

Figure 1. Conceptual research model extending the technology acceptance model for AI-based tele-mental health services 
Abbreviations: AI: Artificial intelligence; BI: Behavioral intention; PU: Perceived usefulness.
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2.3. Instrument development and construct 
measurement

The questionnaire was grounded in the TAM and extended 
to incorporate ethical, sociocultural, and contextual factors 
relevant to AI-based mental health services. The extended 
constructs included trust and privacy, cultural alignment, 
future readiness, familiarity with AI, behavioral intention, 
and related ethical and clinical perceptions. TAM consisted 
of two primary constructs: PU and PEOU. The items were 
adapted from prior literature on TAM and digital health 
adoption, trust in AI, privacy concerns, and culturally 
sensitive healthcare technologies.  

The final instrument consisted of 40 items covering 
informed consent, demographic information, and the 
underlying constructs. A five-point Likert scale, ranging 
from strongly disagree (1) to strongly agree (5), was 
used to assess all construct-related items. This scale was 
selected due to its widespread validation in studies of 
technology acceptance and health behaviors, effectively 
balancing respondent cognitive load with psychometric 
requirements. To measure familiarity, a five-point scale 
was employed to capture varying levels of prior exposure 
rather than agreement.

Appendix 1 presents the complete bilingual 
questionnaire for clarity, while Appendix 2 provides a 
comprehensive codebook linking items to constructs, 
variable names, and scoring methodologies.

2.4. Validity assessment, item treatment, and pilot 
testing

Experts in digital health, psychology, and health informatics 
conducted thorough evaluations, demonstrating both 
face and content validity. Reviewers assessed each item’s 
relevance, clarity, and cultural appropriateness, resulting in 
minor wording adjustments. To evaluate comprehension 
and preliminary reliability, the instrument underwent pilot 
testing with 30 participants. 

Exploratory factor analysis was employed to examine 
the instrument’s underlying dimensional structure. 
Concepts with similar content, such as PU and PEOU, 
exhibited significant empirical relationships, and certain 
items were grouped based on factor loadings. Item 
grouping preserved the construct’s conceptual integrity 
and reflected the empirical framework; no items were 
removed without theoretical justification. Appendix 3 
illustrates the treatment of the initial items and their final 
factor assignments, enhancing clarity.

2.5. Data collection procedure

Prior to participation, participants reviewed an informed 

consent statement and accessed the survey via an electronic 
link. Participation was voluntary, anonymous, and 
uncompensated. No personally identifiable information 
was collected. Participants completed the survey within 
approximately 10–12 minutes. Appendix 4 provides details 
on consent procedures and ethical protections, while 
Appendix 5 provides additional insights into translation 
and cultural adaptation.

2.6. Data analysis strategy and statistical rigor

Data analysis was conducted using SPSS Statistics (version 
26, IBM Corp., USA) following export of the data from 
Microsoft Excel (Version 2603, Microsoft, USA). Descriptive 
statistics were computed to characterize the sample and 
examine distributions. Internal consistency was evaluated 
using Cronbach’s α, composite reliability, and average 
variance extracted (AVE). Exploratory factor analysis 
employed principal component extraction with varimax 
rotation, and confirmatory factor analysis was used to 
assess the fit of the measurement model. 	

Multiple linear regression analysis examined direct 
predictors of behavioral intention, aligning with the 
study’s exploratory objectives and sample characteristics. 
Although structural equation modeling offers advantages 
for analyzing intricate structural relationships, it was not 
applied in this investigation. Standardized coefficients 
were reported, multicollinearity was assessed using 
variance inflation factors and tolerance values, and model 
assumptions were verified prior to interpretation to ensure 
rigor. Discriminant validity was assessed using the Fornell–
Larcker criterion.

Based on the validated measurement framework, 
future research is recommended to employ comprehensive 
structural equation modeling to examine potential 
mediating or moderating relationships among constructs.

2.7. Ethical considerations

Ethical approval was obtained from the Institutional Review 
Board of the University of Hail (approval no. H-2025-210). 
All participants provided electronic informed consent prior 
to participation. Data were collected anonymously, stored 
securely, and analyzed in aggregate form in accordance 
with institutional and international ethical standards.

3. Results
3.1. Sample characteristics

Table  1 presents the demographic details of the study 
participants. The sample included 432 participants, with a 
nearly equal gender distribution: 51.6% female and 48.4% 
male. Most participants were young adults: 66.2% were 
aged 18–34, 21.1% were 35–44, and 12.7% were ≥45. 
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In terms of education, 71% of participants held at least 
a bachelor’s degree, including 26.8% with a master’s or 
higher. Students constituted the largest occupational group 
(41.7%), followed by healthcare professionals (24.5%) 
and information technology professionals (18.2%). These 
distributions indicate that the majority of the sample were 
younger, well-educated, and had professional or academic 
backgrounds relevant to digital and health technologies.

Descriptive statistics and internal consistency measures 
for all study constructs are summarized in Table  2. All 
constructs demonstrated satisfactory reliability, with 
Cronbach’s α and composite reliability values exceeding 
recommended thresholds. AVE values were above 0.50 
for all constructs, supporting convergent validity. PU 
and behavioral intention had the highest mean scores, 
indicating generally favorable perceptions of AI-based 
tele-mental health services.

Exploratory factor analysis using principal component 
extraction with varimax rotation yielded a five-factor 
solution (Table  3), accounting for 68.7% of the total 
variance. Items loaded cleanly onto their respective 
factors, with all retained loadings exceeding 0.730. The 
first factor comprised items related to PEOU and PU, 
indicating a strong empirical association between these 
TAM constructs. The second factor captured trust and 
privacy items, while the third factor reflected cultural fit. 
Behavioral intention items loaded distinctly on the fourth 
factor, and future readiness items loaded on the fifth 
factor. No substantial cross-loadings were observed, and 

the factor structure demonstrated clear separation among 
constructs. 

Table 1. Demographic characteristics of study participants 

Characteristic  n %

Gender 

              Male  209 48.4

              Female  223 51.6

Age (years) 

              18–24  118 27.3

              25–34  168 38.9

              35–44  91 21.1

              ≥45  55 12.7

Education level

              High school or lower 97 22.5

              Bachelor’s degree  191 44.2

              Master’s degree or higher 116 26.8

Occupation 

              Student  180 41.7

              Healthcare professional  106 24.5

              Information technology/technology 
professional  79 18.2

              Other  67 15.5

Table 2. Reliability and descriptive statistics of study constructs 

Construct Item Mean SD Cronbach’s α CR AVE

Familiarity with artificial intelligence 3 3.61 0.91 0.83 0.84 0.57

Perceived ease of use 4 3.78 0.86 0.86 0.87 0.59

Perceived usefulness 5 3.94 0.82 0.88 0.89 0.64

Trust and privacy 5 3.71 0.79 0.81 0.82 0.53

Cultural fit 3 3.69 0.88 0.79 0.8 0.57

Behavioral intention 3 3.85 0.9 0.91 0.91 0.68

Future readiness 3 3.74 0.84 0.82 0.83 0.55

Note: Scale range = 1–5.  
Abbreviations: AVE: Average variance extracted; CR: Composite reliability; SD: Standard deviation.
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Confirmatory factor analysis evaluated the adequacy of 
the measurement model. As reported in Table 4, the model 
demonstrated satisfactory fit across all indices. The χ2/df 
ratio was 2.410, indicating an acceptable level of model 
parsimony. Incremental fit indices exceeded recommended 
thresholds (comparative fit index = 0.940; Tucker–Lewis 
index = 0.930), reflecting good comparative fit. Absolute 
fit indices also indicated strong model performance, with 
root mean square error of approximation  = 0.055 and 
standardized root mean square residual = 0.046, both 
well below established cut-off values. All standardized 
factor loadings were statistically significant (p < 0.001) and 
exceeded 0.600. Combined with AVE values > 0.500 and 
composite reliability values > 0.700, these results support 
the adequacy of the measurement model and confirm 
convergent validity. 

Discriminant validity was assessed using the Fornell–
Larcker criterion. As presented in “Table 5”, the square 
roots of AVE for all constructs (0.730–0.820) exceeded 
the corresponding inter-construct correlations. Inter-
construct correlations were moderate, with the highest 
observed correlation (r = 0.610) remaining below the 

square root of AVE for the respective constructs. These 
results confirm that each latent variable exhibits adequate 
discriminant validity and represents a distinct construct 
within the measurement model.

Multiple linear regression analysis examined predictors 
of behavioral intention to adopt AI-based tele-mental 
health services. The overall model was statistically 
significant (F[6, 425] = 33.400, p < 0.001), accounting for 
61% of the variance in behavioral intention (R2 = 0.610; 
adjusted R2 = 0.590).

Based on “Table 6”, PU was the strongest predictor (β = 
0.430, p < 0.001), followed by trust and privacy (β = 0.270, 
p < 0.001) and PEOU (β = 0.180, p = 0.002). Cultural fit 
also demonstrated a statistically significant effect (β = 
0.100, p = 0.037). Future readiness (β = 0.060, p = 0.151) 
and familiarity (β = 0.050, p = 0.227) were not significant 
predictors. 

A summary of the hypothesis-testing results is provided 
in Table 7. H1–H4 were supported, confirming significant 
effects of PEOU, PU, trust and privacy, and cultural fit on 
behavioral intention. H5 and H6, examining the effects of 
future readiness and familiarity, were not supported. 

Table 3. Results of exploratory factor analysis: Rotated component matrix (varimax rotation) 

Item (abbreviated) Factor 1 (PEOU/PU) Factor 2 (trust/privacy) Factor 3 (cultural 
fit)

Factor 4 
(BI)

Factor 5 (future 
readiness)

Learning to use AI-based 
services is easy 0.820 - - - -

Overall, AI-based tele-mental 
health is useful 0.790 - - - -

Trust AI-based tele-mental 
health - 0.830 - - -

Need clear explanations of AI 
decisions - 0.810 - - -

Respect cultural values - - 0.850 - -

Accessible to people with 
disabilities - - 0.780 - -

Intend to use in the future - - - 0.910 -

Recommend to others - - - 0.870 -

AI is essential in five years - - - - 0.760

Government should promote AI - - - - 0.730

Notes: Factor loadings < 0.400 were suppressed. The total variance explained was 68.7% 
Abbreviations: AI: Artificial intelligence; BI: Behavioral intention; PEOU: Perceived ease of use; PU: Perceived usefulness.
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Table 4. Confirmatory factor analysis and model fit indices 

Fit index Recommended threshold Obtained value

χ2/df <3.000 2.410

CFI ≥0.900 0.940

TLI ≥0.900 0.930

RMSEA ≤0.080 0.055

SRMR ≤0.080 0.046

Notes: All standardized factor loadings were significant (p < 0.001). 
Average variance extracted > 0.50 and composite reliability > 0.70 
confirm convergent validity.  
Abbreviations: CFI: Comparative fit index; RMSEA: Root mean square 
error of approximation; SRMR: Standardized root mean square residual; 
TLI: Tucker–Lewis index.

4. Discussion  
This study examined the acceptance of AI-based tele-
mental health services as a psychologically sensitive 
healthcare interaction, rather than merely a digital 
technology adoption decision. The findings indicate a 
layered evaluation process, in which users first assess 
functional value (“usefulness and ease of use”), then 

evaluate emotional and informational safety (“trust and 
privacy”), and finally consider social legitimacy (“cultural 
fit”). 

While TAM traditionally explains intention primarily 
through performance beliefs,40-45 the findings of this study 
suggest that adoption in AI-mediated mental health 
care depends on the willingness to disclose personal 
psychological information to a non-human agent. In 
contrast to general digital health acceptance studies,17,22 
behavioral intention here reflects a relational trust 
judgment rather than a purely utilitarian evaluation. This 
extends contextualized TAM approaches that emphasize 
environment-dependent determinants of adoption42,45 
by demonstrating that, in sensitive health domains, 
psychological safety is the central mechanism linking 
cognition to intention.

Perceived usefulness strongly predicted behavioral 
intention; however, in mental health contexts, it reflects 
emotional utility rather than task efficiency. Individuals 
evaluate whether the service reduces barriers to seeking 
help, such as hesitation, embarrassment, or delayed 
disclosure. AI systems provide continuous availability 
and non-judgmental interaction, features previously 
described as enhancing engagement between sessions14,21 
and expanding access to care.6,7 While previous studies 
have indicated these benefits primarily as accessibility 
improvements,3,33 the present findings suggest that their 
importance lies in reshaping the help-seeking experience 
into a psychologically manageable first step. Thus, PU 
serves both as a performance expectancy,49-52 and a means 
of reducing emotional burden, thereby extending the 
existing literature on digital mental health adoption.10,17 

Table 5. Discriminant validity (Fornell–Larcker criterion)

Construct Perceived usefulness Perceived ease of 
use

Trust and 
privacy Cultural fit Behavioral intention Future readiness

Perceived usefulness 0.800a - - - - -

Perceived ease of use 0.610 0.770a - - - -

Trust and privacy 0.590 0.540 0.730a - - -

Cultural fit 0.470 0.430 0.450 0.750a - -

Behavioral intention 0.550 0.490 0.520 0.480 0.820a -

Future readiness 0.440 0.410 0.390 0.420 0.460 0.740a

Note: aSquare root of average variance extracted.
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Table 7. Summary of hypothesis testing

Hypothesis Path Result

H1 PEOU → BI Supported (p = 0.002)

H2 PU → BI Supported (p < 0.001)

H3 Trust and privacy → BI Supported (p < 0.001)

H4 Cultural fit → BI Supported (p = 0.037)

H5 Future readiness → BI Not supported

H6 Familiarity → BI Not supported

Abbreviations: AI: Artificial intelligence; BI: Behavioral intention; 
PEOU: Perceived ease of use; PU: Perceived usefulness.

Trust and privacy had a substantial influence on 
behavioral intention, indicating that acceptance of 
AI-based tele-mental health services is fundamentally 
a decision about personal disclosure. In mental health 
interactions, users must reveal sensitive experiences, 
making the perceived security and ethical handling 
of information central to adoption. Prior literature 
emphasizes transparency, explainability, and data 
governance as technical determinants of trust;25,28-30 
however, the present findings support a more relational 
interpretation, consistent with ethical analyses of AI 
therapy.15,29 Privacy concerns, therefore, pose a threat 
to emotional vulnerability beyond mere data security 
risks. Consistent with evidence that privacy concerns 
limit sustained engagement with AI-based mental health 
systems,14,53 participants appeared willing to use AI when 
disclosures were perceived as secure, contained, and non-
judgmental. Trust thus acts as the gateway through which 
PU translates into willingness to seek support.

Cultural fit significantly influenced behavioral intention, 
suggesting that adoption depends on the perceived social 
legitimacy of the help-seeking process. Help-seeking in 
many contexts is shaped by social expectations and stigma 
surrounding mental illness.58 Technologies perceived 
as culturally incongruent may be rejected despite their 
functionality.55-57 Rather than simple localization, cultural 
alignment provides ethical and social permission to engage 
with care by reducing perceived exposure associated with 
formal psychiatric consultation. This aligns with research 
showing that culturally responsive digital mental health 
services improve engagement31-33 and are particularly 
relevant in environments where social norms strongly 
influence disclosure behavior. These findings indicate that 
cultural acceptance functions as a legitimacy condition, 
enabling trust to translate into intention. 

The findings reveal that future readiness and familiarity 
were not significant predictors of behavioral intention, 
indicating that general openness to AI does not necessarily 
translate into willingness to use AI for psychological 
support. Technology readiness models typically predict 
adoption in consumer and educational contexts.61-64 
However, mental health applications require users to 
disclose personal information. Individuals comfortable 
with AI in everyday contexts may still hesitate to rely on 
it for emotional or psychological purposes. This supports 
prior observations that perceived risk and trust outweigh 
prior experience in healthcare AI acceptance17,53 and 
extends TAM by demonstrating domain-specific boundary 
conditions. Adoption is governed by relational and ethical 
considerations rather than technological optimism.

These findings clarify the conditions under which 
AI-based mental health tools can achieve clinical impact. 
Implementation should prioritize confidence-building 
mechanisms rather than technological promotion. 
Transparent communication about data handling and 

Table 6. Multiple linear regression analysis predicting behavioral intention

Predictor B Standard error β t p

Perceived usefulness 0.412 0.042 0.430 9.870 <0.001

Trust and privacy 0.268 0.043 0.270 6.310 <0.001

Perceived ease of use 0.183 0.044 0.180 4.120 0.002

Cultural fit 0.097 0.047 0.100 2.080 0.037

Future readiness 0.061 0.042 0.060 1.440 0.151

Familiarity 0.053 0.044 0.050 1.210 0.227

Model summary: R2 = 0.610; adjusted R2 = 0.590; F(6, 425) = 33.400; p < 0.001.
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oversight is essential to maintain public confidence.25,28-30 
Designing culturally appropriate interaction styles can 
reduce perceived stigma and engagement barriers,31-33,58 
while hybrid human–AI models may maintain professional 
legitimacy and preserve privacy benefits.2,7,21 Importantly, 
increasing general digital literacy alone is unlikely to 
substantially improve adoption, because willingness arises 
primarily from perceived emotional safety, rather than 
familiarity with technology.59-64

5. Limitations and future directions  
This research is subject to several limitations. The reliance 
on convenience sampling may limit the representativeness 
of the study, as it tends to over-represent participants who 
are more comfortable with online platforms. Furthermore, 
the applicability of these findings to broader adult or clinical 
populations, which may encompass diverse perspectives, is 
constrained by the high proportion of student participants.

Self-administered questionnaires were employed to 
collect responses; however, the sensitive nature of mental 
health topics may introduce social desirability bias, 
potentially affecting reported intentions. To determine 
whether perceived trust and cultural legitimacy facilitate 
genuine engagement, future studies should combine 
behavioral usage data with stratified sampling methods. 

This study demonstrates that the desire to utilize 
AI-based tele-mental health services is influenced more 
by perceptions of psychological safety than by familiarity 
with technology. Usefulness prompts reflection, whereas 
engagement is shaped by cultural legitimacy and trust. 
These findings extend TAM by demonstrating that 
technology adoption in emotionally sensitive healthcare 
contexts follows a relational trust pathway rather than a 
general technology readiness pathway. They emphasize 
that AI systems should be designed as secure tools for 
delivering care, rather than replacements for healthcare 
professionals.

6. Conclusion 
This study highlights that the public is receptive to 
AI-based tele-mental health services when these services 
are perceived as practical, reliable, user-friendly, and 
culturally relevant. The most significant predictor of 
intention to adopt was PU, emphasizing the importance 
of developing AI tools that demonstrate clear therapeutic 
advantages, provide valuable support, and enhance user 
experience. The public’s concern for data protection, 
transparency, security, and ethical considerations is 
reflected in the strong influence of trust and privacy on 
behavioral intentions. Acceptance was also shaped by 

cultural compatibility, particularly in regions such as Saudi 
Arabia, where social and religious conventions profoundly 
affect discussions surrounding mental health.  

It is noteworthy that adoption was not strongly 
influenced by prior experience with AI or general 
openness to new technologies, suggesting that functional 
and ethical considerations carry greater weight than mere 
interest or exposure. These findings emphasize several 
critical areas that developers and policymakers should 
prioritize, including ensuring that individuals maintain 
control, promoting algorithmic equity, and accounting 
for cultural variations. As AI advances, its thoughtful 
integration into mental health systems has the potential to 
address persistent gaps in care, enhancing the accessibility, 
scalability, and stigma-free nature of mental health services 
globally.
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Appendix

Appendix 1. Survey Instrument
Purpose: To ensure transparency of measurement by providing the full bilingual (English–Arabic) questionnaire used in the 
study, including construct labels, item wording, and response formats.

A1.1. Introduction Presented to Participants

(a)	 English version

“Thank you for your participation in this study on public perceptions of AI-based tele-mental health services in Saudi 
Arabia. This anonymous survey takes approximately 10–12 minutes to complete. Your participation is voluntary, and all 
information will remain confidential.”

(b)	 Response format

(i)	 For most items, participants indicated their level of agreement on a five-point Likert scale:

•	 1 = Strongly disagree.
•	 2 = Disagree.
•	 3 = Neutral.
•	 4 = Agree.
•	 5 = Strongly agree.

(ii)	 For familiarity items:

•	 1 = Not familiar at all.
•	 2 = Slightly familiar.
•	 3 = Moderately familiar.
•	 4 = Very familiar.
•	 5 = Extremely familiar.

A1.2. Informed Consent

(i)	 Item 1 (English version): I voluntarily agree to participate in this study, and I understand that my responses are 
anonymous.

(ii)	 Response: Yes/no

A1.3. Demographics

Table A1. Demographics items included in the questionnaire (six items)

Item no. Variable English item Response format

2 Gender What is your gender? Male/female/prefer not to say

3 Age What is your age group? 18–24/25–34/35–44/≥45

4 Education What is your highest level of education? High school or lower/Bachelor’s degree/Master’s degree or higher

5 Occupation What is your current occupation? Student/healthcare professional/information technology professional/
other

(Cont’d...)
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Table A1. (Continued)

5 Occupation What is your current occupation? Student/healthcare professional/information technology professional/
other

6 Digital health 
experience Have you used digital health apps before? Yes/no

7 Mental health 
service use

Have you used any mental health services 
before? Yes/no

A1.4. Familiarity 

Table A2. Items assessing familiarity (three items) 

Item no. English item

8 How familiar are you with tele-mental health services?

9 How familiar are you with AI?

10 How familiar are you with AI-based tele-mental health services?

Note: Scale: 1 (not familiar at all) to 5 (extremely familiar). 
Abbreviation: AI: Artificial intelligence.

A1.5. Perceived Ease of Use

Table A3. Items assessing perceived ease of use (four items) 

Item no. English item

11 Learning to use AI-based tele-mental health services would be easy for me

12 I find AI-based tele-mental health services easy to use

13 Interacting with these services would be clear and understandable

14 I would feel confident navigating these platforms

Abbreviation: AI: Artificial intelligence.

A1.6. Perceived Usefulness

Table A4. Items assessing perceived usefulness (five items) 

Item no. English item

15 AI-based tele-mental health can help me manage mental health needs effectively

16 These services would improve the quality of mental health support

17 They would save me time and effort

18 They would give me better access to professional help

19 Overall, I believe these services are useful

Abbreviation: AI: Artificial intelligence.

https://doi.org/10.36922/hpr.0414


Health Psychology ResearchHealth Psychology Research AI and tele-mental health acceptance in Saudi Arabia

Volume 14 Issue 2 (2026)	 16� doi: 10.36922/hpr.0414

A1.7. Trust and Privacy

Table A5. Items assessing trust and privacy (five items)

Item no. English item

20 I trust AI-based tele-mental health services to provide reliable care

21 I believe my personal information would be kept secure

22 I would feel comfortable sharing mental health information with these platforms

23 I need clear explanations of how AI systems make recommendations

24 I believe these systems treat users fairly and without bias

Abbreviation: AI: Artificial intelligence.

A1.8. Ethical Concerns

Table A6. Items assessing ethical concerns (three items)

Item no. English item

25 I am concerned about potential misuse of my data

26 I am concerned about errors in AI recommendations

27 I am concerned about how my information will be stored and shared

Abbreviation: AI: Artificial intelligence.

A1.9. Clinical Effectiveness and Satisfaction 

Table A7. Items assessing clinical effectiveness and satisfaction (four items)

Item no. English item

28 I believe these services can help improve mental health outcomes

29 I believe these services can reduce stigma

30 I believe these services can increase early detection of problems

31 I would feel satisfied using these services

A1.10. Cultural Fit and Accessibility

Table A8. Items assessing cultural fit and accessibility (three items) 

Item no. English item

32 These services should respect cultural and religious values

33 These services should be available in my preferred language

34 These services should be accessible to people with disabilities
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A1.11. Behavioral Intention

Table A9. Items assessing behavioral intention (three items) 

Item no. English item

35 I intend to use artificial intelligence-based tele-mental health services in the future

36 I would recommend these services to others

37 I am willing to rely on these services when needed

A1.12. Future Perspectives

Table A10. Items assessing future perspectives (three items)

Item no. English item

38 I believe artificial intelligence-based tele-mental health services will be widely used in the next five years

39 I believe these services will be an essential part of future mental health care

40 I believe the government should support the expansion of these services

A1.13. Completion Note

(i)	English version: “Thank you for your time and participation. Your input contributes to a better understanding of how AI 
can support mental health care.”

Appendix 2. Codebook and Variable Mapping Table
Purpose: To ensure reproducibility and clarity by documenting all variables, their corresponding questionnaire items, 
response scales, labels, and coding schemes used for analysis.

A2.1. Coding Principles

(i)	 Likert scale items:

•	 1 = Strongly disagree
•	 2 = Disagree
•	 3 = Neutral 
•	 4 = Agree 
•	 5 = Strongly agree 

(ii)	 Familiarity items:

•	 1 = Not familiar at all 
•	 2 = Slightly familiar 
•	 3 = Moderately familiar 
•	 4 = Very familiar 
•	 5 = Extremely familiar 

(iii)	Demographic variables: Coded as categorical variables for descriptive and inferential analysis.
(iv)	 Construct codes: Aligned with technology acceptance model-based theoretical framework.
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A2.2. Variable Mapping

Table A11. Variable mapping 

Variable name Item no. Construct English item (short label) Response scale Coding Variable type

consent 1 Consent Informed consent Yes/no 1 = Yes; 0 = No Binary

gender 2 Demographics Gender Categorical 1 = Male; 2 = Female; 3 = Prefer 
not to say Categorical

age_group 3 Demographics Age group Categorical 1 = 18–24; 2 = 25–34;  3 = 
35–44; 4 = ≥45 Categorical

education 4 Demographics Education level Categorical
1 = High school or lower; 2 = 
Bachelor’s degree; 3 = Master’s 
degree or higher

Categorical

occupation 5 Demographics Occupation Categorical

1 = Student; 2 = Healthcare 
professional; 3 = Information 
technology professional; 4 = 
Other

Categorical

digital_use 6 Demographics Used digital health apps Yes/no 1 = Yes; 0 = No Binary

mh_use 7 Demographics Used mental health 
services Yes/no 1 = Yes; 0 = No Binary

fam_tm 8 Familiarity Familiarity with tele-
mental health

1–5 familiarity 
scale 1–5 Continuous

fam_ai 9 Familiarity Familiarity with AI 1–5 familiarity 
scale 1–5 Continuous

fam_ai_tm 10 Familiarity Familiarity with AI-based 
tele-mental health

1–5 familiarity 
scale 1–5 Continuous

peou1 11 Perceived ease of 
use Easy to learn Five-point 

Likert scale 1–5 Continuous

peou2 12 Perceived ease of 
use Easy to use Five-point 

Likert scale 1–5 Continuous

(Cont’d)
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Table A11. (Continued)

peou3 13 Perceived ease of 
use Clear and understandable Five-point 

Likert scale 1–5 Continuous

peou4 14 Perceived ease of 
use Confident navigating Five-point 

Likert scale 1–5 Continuous

pu1 15 Perceived 
usefulness Manage mental health Five-point 

Likert scale 1–5 Continuous

pu2 16 Perceived 
usefulness Improve quality Five-point 

Likert scale 1–5 Continuous

pu3 17 Perceived 
usefulness Save time and effort Five-point 

Likert scale 1–5 Continuous

pu4 18 Perceived 
usefulness Better access to help Five-point 

Likert scale 1–5 Continuous

pu5 19 Perceived 
usefulness Overall usefulness Five-point 

Likert scale 1–5 Continuous

trust1 20 Trust and privacy Reliable care Five-point 
Likert scale 1–5 Continuous

trust2 21 Trust and privacy Data security Five-point 
Likert scale 1–5 Continuous

trust3 22 Trust and privacy Comfortable sharing Five-point 
Likert scale 1–5 Continuous

trust4 23 Trust and privacy Need clear explanations Five-point 
Likert scale 1–5 Continuous

trust5 24 Trust and privacy Fairness Five-point 
Likert scale 1–5 Continuous

ethical1 25 Ethical concerns Concern about misuse Five-point 
Likert scale 1–5 Continuous

(Cont’d)
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Table A11. (Continued)

ethical2 26 Ethical concerns Concern about errors Five-point 
Likert scale 1–5 Continuous

ethical3 27 Ethical concerns Concern about storage Five-point 
Likert scale 1–5 Continuous

clinical1 28 Clinical 
effectiveness Improves outcomes Five-point 

Likert scale 1–5 Continuous

clinical2 29 Clinical 
effectiveness Reduces stigma Five-point 

Likert scale 1–5 Continuous

clinical3 30 Clinical 
effectiveness Early detection Five-point 

Likert scale 1–5 Continuous

clinical4 31 Clinical 
effectiveness Satisfaction Five-point 

Likert scale 1–5 Continuous

cult1 32 Cultural fit Respect values Five-point 
Likert scale 1–5 Continuous

cult2 33 Cultural fit Preferred language Five-point 
Likert scale 1–5 Continuous

cult3 34 Cultural fit Accessibility Five-point 
Likert scale 1–5 Continuous

bi1 35 Behavioral 
intention Intend to use Five-point 

Likert scale 1–5 Continuous

bi2 36 Behavioral 
intention Recommend to others Five-point 

Likert scale 1–5 Continuous

bi3 37 Behavioral 
intention Willing to rely Five-point 

Likert scale 1–5 Continuous

future1 38 Future perspectives Future use Five-point 
Likert scale 1–5 Continuous

(Cont’d)
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Table A11. (Continued)

future2 39 Future perspectives Essential in care Five-point 
Likert scale 1–5 Continuous

future3 40 Future perspectives Government support Five-point 
Likert scale 1–5 Continuous

Abbreviation: AI: Artificial intelligence.

A2.3. Construct Aggregation Rules

Table A12. Construct aggregation rules

Construct Variables Scoring method Notes

Familiarity fam_tm, fam_ai, fam_ai_tm Mean of items Higher score indicates higher familiarity

Perceived ease of use peou1–peou4 Mean of items Higher score indicates easier to use

Perceived usefulness pu1–pu5 Mean of items Higher score indicates more perceived benefit

Trust and privacy trust1–trust5 Mean of items Higher score indicates higher trust

Ethical concerns ethical1–ethical3 Mean of items Higher score indicates more concern

Clinical effectiveness clinical1–clinical4 Mean of items Higher score indicates stronger belief in 
effectiveness

Cultural fit cult1–cult3 Mean of items Higher score indicates better cultural 
alignment

Behavioral intention bi1–bi3 Mean of items Higher score indicates stronger intention

Future perspectives future1–future3 Mean of items Higher score indicates more positive outlook

A2.4. Variable Type Summary

(i)	 Binary variables: “consent,” “digital_use,” and “mh_use.”
(ii)	 Categorical variables: “gender,” “age_group,” “education,” and “occupation.”
(iii)	Continuous variables: All Likert and familiarity items.
(iv)	 Construct scores: Derived continuous variables (e.g., “PEOU_mean” and “PU_mean”).

A2.5. Example of Variable Naming Convention

(i)	 Prefixes correspond to constructs (e.g., “peou,” “pu,” “trust”).
(ii)	 Numbers correspond to the original item order in the questionnaire.
(iii)	Derived variables are suffixed with “_mean” (e.g., “PU_mean,” “BI_mean”).

For example:

1 2 3 4 5_
5

pu pu pu pu puPU mean + + + +
= 	 (1)
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1 2 3 4_
4

peou peou peou peouPEOU mean + + +
= 	 (2)

1 2 3_
3

bi bi biBI mean + +
= 	 (3)

Appendix 3. Psychometric Evaluation Details
Purpose: To provide detailed evidence of the measurement model’s reliability, validity, and dimensional structure through 
exploratory factor analysis, confirmatory factor analysis, and measures of internal consistency.

A3.1. Reliability Analysis

Table A13 presents the Cronbach’s α, composite reliability, and average variance extracted for each construct. All values 
meet or exceed the recommended thresholds:

(i)	 Cronbach’s α ≥ 0.70 (acceptable).
(ii)	 Composite reliability ≥ 0.70 (good).
(iii)	Average variance extracted ≥ 0.50 (adequate convergent validity).

Table A13. Reliability and convergent validity of study constructs

Construct No. of items Cronbach’s α CR AVE Interpretation

Familiarity 3 0.83 0.84 0.57 Acceptable internal consistency

Perceived ease of use 4 0.86 0.87 0.59 Good reliability

Perceived usefulness 5 0.88 0.89 0.64 High reliability

Trust and privacy 5 0.81 0.82 0.53 Acceptable reliability

Ethical concerns 3 0.79 0.8 0.56 Acceptable reliability

Clinical effectiveness 4 0.85 0.86 0.6 Good reliability

Cultural fit 3 0.79 0.8 0.57 Acceptable reliability

Behavioral intention 3 0.91 0.91 0.68 Excellent reliability

Future perspectives 3 0.82 0.83 0.55 Acceptable reliability

Interpretation: All constructs demonstrate acceptable to excellent internal consistency and strong convergent validity.  
Abbreviations: AVE: Average variance extracted; CR: Composite reliability.

A3.2. Exploratory Factor Analysis

(i)	 Objective: To identify the underlying factor structure of the instrument and examine item loadings.
(ii)	 Method: Principal component analysis with varimax rotation.
(iii)	Sample size: n = 432.
(iv)	 Kaiser–Meyer–Olkin measure: 0.91 (excellent).
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(v)	 Bartlett’s test of sphericity: χ2 (780) = 4,672.5, p < 0.001 (significant).
(vi)	 Criteria: Eigenvalues > 1, factor loadings ≥ 0.40.

Table A14. Rotated factor loadings from exploratory factor analysis of questionnaire items

Item example Factor 1 (ease/
usefulness)

Factor 2 (trust/
privacy)

Factor 3 
(cultural fit)

Factor 4 (behavioral 
intention)

Factor 5 (future 
readiness)

Learning to use AI-based tele-
mental health will be easy 0.82 - - - -

Overall, AI-based tele-mental 
health is useful 0.79 - - - -

I trust AI-based tele-mental 
health to provide reliable care - 0.83 - - -

Need clear explanations of AI 
recommendations - 0.81 - - -

Should respect cultural values - - 0.85 - -

Should be accessible for people 
with disabilities - - 0.78 - -

Intend to use AI-based tele-
mental health in future - - - 0.91 -

Would recommend to family 
or friends - - - 0.87 -

Expect AI in tele-mental health 
to be essential in five years - - - - 0.76

Governments should promote 
AI-based tele-mental health - - - - 0.73

Notes: Total variance explained: 68.7%. Factor solution: Five interpretable dimensions aligned with the theoretical model 
Abbreviation: AI: Artificial intelligence.

A3.3. Scree Plot Visualization

Description:

(i)	 A scree plot of eigenvalues was generated.
(ii)	 A distinct inflection point was observed after the fifth factor, confirming the five-factor solution suggested by exploratory 

factor analysis.
(iii)	This finding aligns with the Kaiser criterion (eigenvalue > 1) and Cattell’s scree test.
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A3.4. Confirmatory Factor Analysis 

(i)	 Objective: Verify the factor structure identified through exploratory factor analysis and assess model fit.
(ii)	 Estimation method: Maximum likelihood estimation.
(iii)	Software: IBM SPSS AMOS, Mplus, or equivalent.
(iv)	 Sample size: n = 432.

Table A15. Confirmatory factor analysis model fit indices

Fit index Recommended threshold Obtained value Interpretation

χ2/df <3.00 2.41 Good

CFI ≥0.90 0.94 Acceptable

TLI ≥0.90 0.93 Acceptable

RMSEA ≤0.08 0.055 Excellent

SRMR ≤0.08 0.046 Excellent

Interpretation: The model demonstrates an excellent fit, supporting the factorial stability of the instrument.  
Abbreviations: CFI: Comparative fit index; RMSEA: Root mean square error of approximation; SRMR: Standardized root mean square residual; TLI: 
Tucker–Lewis index.

A3.5. Standardized Factor Loadings from Confirmatory Factor Analysis

Table A16. Standardized factor loadings from confirmatory factor analysis

Construct Items Factor loadings

Perceived ease of use/usefulness peou1–peou4, pu1–pu5 0.71–0.86

Trust and privacy trust1–trust5 0.68–0.84

Cultural fit cult1–cult3 0.74–0.85

Behavioral intention bi1–bi3 0.82–0.91

Future readiness future1–future3 0.69–0.80

Note: All loadings were significant at p < 0.001.  
Interpretation: All measurement items loaded strongly on their intended constructs, confirming good convergent validity.

A3.6. Discriminant Validity: Fornell–Larcker Criterion

Table A17. Discriminant validity assessment using the Fornell-Larcker criterion

Construct AVE Square root of AVE Highest inter-construct 
correlation Discriminant validity

PEOU/PU 0.64 0.8 0.61 Supported

Trust/privacy 0.53 0.73 0.59 Supported

Cultural fit 0.57 0.75 0.47 Supported

(Cont’d)
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Table A17. (Continued)

BI 0.68 0.82 0.55 Supported

Future readiness 0.55 0.74 0.44 Supported

Interpretation: The square root of AVE values was higher than inter-construct correlations, indicating satisfactory discriminant validity.  
Abbreviations: AVE: Average variance extracted; BI: Behavioral intention; PEOU: Perceived ease of use; PU: Perceived usefulness.

A3.7. Multicollinearity Check

(i)	 Variance inflation factor: All values ranged from 1.21 to 2.48.
(ii)	 Tolerance values: All values were above 0.4.
(iii)	No multicollinearity concerns among constructs.

A3.8. Summary of Psychometric Evaluation

(i)	 The instrument demonstrated strong internal consistency across all constructs.
(ii)	 Exploratory factor analysis supported a five-factor structure, explaining 68.7% of the variance.
(iii)	Confirmatory factor analysis confirmed a good model fit with strong standardized loadings.
(iv)	 Convergent and discriminant validity were both supported.
(v)	 The measurement model is psychometrically sound for use in research on public perceptions of artificial intelligence-

based tele-mental health services.

Appendix 4. Ethical Approval and Consent Material
Purpose: To provide evidence of ethical approval, informed consent, and data protection measures applied during the 
research process, ensuring compliance with ethical research standards and institutional guidelines.

A4.1. Institutional Review Board Approval

(i)	 Approving institution: College of Public Health and Health Informatics, University of Hail, Saudi Arabia
(ii)	 Ethics committee: Institutional Review Board 
(iii)	Approval number: H-2025-210
(iv)	 Date of approval: January 2, 2025
(v)	 Approval scope:

•	 Cross-sectional survey study.
•	 Online data collection using Google Forms (English–Arabic bilingual instrument).
•	 Adult participants (18 years old and above).
•	 Non-clinical, minimal risk.

The study was conducted in accordance with:

(i)	 World Medical Association—Declaration of Helsinki.
(ii)	 Association of Internet Researchers Ethics 3.0 Guidelines.
(iii)	Saudi National Committee of Bioethics regulations.

A4.2. Informed Consent Language Presented to Participants

(a)	 English version

“You are invited to participate in a research study on public perceptions of AI-based tele-mental health services in Saudi 
Arabia. Participation is voluntary, and you may withdraw at any time without penalty. Your responses are anonymous, and no 
identifying information will be collected. The estimated time to complete this questionnaire is approximately 10–12 minutes. 
By selecting ‘Yes, I agree to participate,’ you confirm that you have read this information and voluntarily consent to 
participate.”

(b)	 Consent response options
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(i)	 Yes, I agree to participate.
(ii)	 No, I do not agree.

Note: Only participants who selected “Yes” were directed to the questionnaire.

A4.3. Eligibility and Recruitment

(i)	 Inclusion criteria:

•	 Adults (≥18 years old).
•	 Living in Saudi Arabia.
•	 Able to read and understand Arabic or English.
•	 Internet access to complete the online form.

(ii)	 Exclusion criteria:

•	 Under 18 years old.
•	 Duplicate or incomplete responses.
•	 Responses submitted without consent.

(iii)	Recruitment method:

•	 Online distribution through professional networks, community groups, and university mailing lists.
•	 No incentives were offered for participation.

A4.4. Data Protection and Privacy Measures

Table A18. Data protection, confidentiality, and privacy safeguards applied in the study

Area Description

Data anonymity No personally identifiable information such as names, email addresses, or Internet Protocol addresses was collected

Secure storage Raw data were stored on a password-protected university OneDrive account, accessible only to the research team

Data retention Data will be retained securely for five years in line with institutional policy, then permanently deleted

Transfer and sharing Data will only be shared in aggregate form for publication and will not include any individual-level identifiers

Confidentiality All responses were anonymized at the point of collection. No linking information was collected

A4.5. Risk Assessment and Safeguards

(i)	 The study involved minimal risk and focused on general perceptions of digital health and artificial intelligence.
(ii)	 Participants were not required to disclose personal mental health information.
(iii)	A debriefing message with mental health helpline contacts in Saudi Arabia was included at the end of the survey for 

participants who might feel discomfort. For example: Saudi National Mental Health Center Hotline: 937.

A4.6. Debriefing Message

(a)	 English version

“Thank you for completing the survey. If at any point this topic has caused discomfort, we encourage you to contact a mental 
health professional or use the Saudi Ministry of Health hotline (937). Your participation helps improve understanding of 
how AI can support mental health services.”

Appendix 5. Translation and Cultural Adaptation 
Purpose: To provide item-level documentation of translation and adaptation decisions made during instrument development 
to ensure conceptual, linguistic, and cultural equivalence between English and Arabic versions.
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A5.1. Translation and Adaptation Process Overview

Table A19. Translation and cultural adaptation process and responsible personnel

Step Description Responsible

1 Forward translation from English to Arabic Bilingual health informatics expert

2 Review of translation for accuracy and tone Independent bilingual reviewer

3 Back-translation from Arabic to English Certified translator (blind to original)

4 Comparison and reconciliation of versions Expert panel

5 Pilot testing of final bilingual version 30 participants

6 Final refinements based on feedback Research team

Guiding framework: World Health Organization instrument translation and adaptation protocols.

A5.2. Translation and Cultural Adaptation

Table A20. Item-level translation and cultural adaptation decisions for selected questionnaire items

Item No. Original English item Reviewer/back-translation comment

20 I trust AI-based tele-mental health services to provide reliable care No major issues noted; back-translation matched 
well

23 I need clear explanations of how AI systems make recommendations Original “recommendations” was back-translated 
as “decisions”

24 I believe these systems treat users fairly and without bias Comment: “زيحت” may sound too technical

32 These services should respect cultural and religious values No issues; fully equivalent

34 These services should be accessible to people with disabilities Comment: Consider cultural sensitivity

36 I would recommend these services to others Back-translation matched well

39 I believe these services will be an essential part of future mental health 
care No issues reported

Abbreviation: Artificial intelligence.

A5.3. Common Linguistic Adjustments

Table A21. Common linguistic adjustments made during Arabic translation and cultural adaptation

Type of adjustment Rationale

Lexical simplification To use more commonly understood language

Concept clarification Better reflects the artificial intelligence’s supportive rather than authoritative role

Cultural sensitivity More relatable term in everyday Arabic

Accessibility language Emphasizes inclusion and ease of use

Minor grammar adjustments Natural flow for Arabic speakers
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A5.4. Expert and Pilot Participant Feedback Themes

(i)	 Readability: Most participants found the Arabic version clear and appropriate for a general audience.
(ii)	 Technical terms: A few artificial intelligence-related terms required slight simplification.
(iii)	Cultural alignment: Strong agreement on the importance of including “cultural and religious values” language in 

relevant items.
(iv)	 Equivalence: Back-translation results showed high semantic equivalence between versions.

A5.5. Documentation and Quality Assurance

(i)	 All translation steps were documented with tracked changes and version control.
(ii)	 Final instrument approved by the expert panel prior to pilot testing.
(iii)	Any subsequent edits after pilot testing were recorded and justified in writing.
(iv)	 Inter-rater agreement among reviewers: 94% agreement on translation adequacy.
A5.6. Final Notes

(i)	 The final Arabic version achieved conceptual, semantic, and cultural equivalence with the original English questionnaire.
(ii)	 Adjustments improved comprehension among non-technical respondents while preserving the original constructs.
(iii)	This process supports the validity of cross-cultural measurement and allows replication in other Arabic-speaking 

populations.
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