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ABSTRACT 
The global rise in mental health disorders has placed growing pressure on traditional 
diagnostic and therapeutic systems, often leaving individuals without timely or adequate care. 
AI-powered chatbots offer a promising alternative by delivering scalable and accessible 
mental health support. However, concerns about trust, privacy, algorithmic bias, and ethical 
responsibility continue to limit their adoption. This study explores how psychological and 
technological factors including trust, perceived usefulness, privacy concerns, and mental 
health stigma influence user acceptance of AI chatbots in mental healthcare. The analysis is 
guided by a combined theoretical framework that integrates the Technology Acceptance 
Model, the Health Belief Model, the Trust in Technology Framework, and the Unified Theory 
of Acceptance and Use of Technology. Using Structural Equation Modelling, the study tests 
relationships among key constructs that shape user attitudes and behavioural intentions. 
Findings show that trust and perceived competence strongly predict intention to use, while 
privacy concerns and stigma present major barriers. These insights inform ethical and user-
centred AI design for mental health applications. 
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LIST OF ABBREVIATIONS AND ACRONYMS 
AI Artificial Intelligence. Refers to computer systems capable of performing tasks 

that typically require human intelligence, such as language processing or 
decision-making. 

AVE Average Variance Extracted. A metric for evaluating convergent validity in 
structural equation modelling, reflecting the amount of variance captured by a 
construct relative to measurement error. 

CFA Confirmatory Factor Analysis. A technique within structural equation modelling 
used to validate measurement models by confirming whether observed data fit 
a hypothesized factor structure. 

CFI Comparative Fit Index. An incremental fit index used in structural equation 
modelling to compare the fit of a user-specified model to a baseline model. 

COMP Perceived Competence of AI. Measures the extent to which users believe AI 
systems can deliver intelligent, accurate, and emotionally appropriate 
responses. 

CR Composite Reliability. A measure of internal consistency used in structural 
modelling to assess the reliability of latent constructs. 

FC Facilitating Conditions. Reflects the user’s perception of the resources and 
support available to use the technology effectively. 

HBM Health Belief Model. A behavioural health framework used to explain individual 
decisions regarding health interventions, considering perceived severity, 
benefits, and barriers. 

IU Intention to Use. The likelihood or willingness of a user to engage with AI 
chatbots in future mental health scenarios. 

ML Machine Learning. A subset of AI that enables systems to improve performance 
by learning from data. Used in chatbot functionality for pattern recognition and 
adaptive support in mental health interventions. 

NLP Natural Language Processing. A field of AI focused on the interaction between 
computers and human language. It enables chatbots to interpret and generate 
human-like responses. 

PC Privacy Concerns. Reflects user apprehension about how personal data is 
collected, stored, and used by AI systems. 

PEOU Perceived Ease of Use. A construct from the Technology Acceptance Model 
assessing how effortless a user perceives a system to be. 
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PU Perceived Usefulness. A construct from the Technology Acceptance Model 
measuring the degree to which a user believes a system enhances their 
performance or outcomes. 

R² Coefficient of Determination. Indicates the proportion of variance explained by 
predictors in a regression or structural model. 

RMSEA  Root Mean Square Error of Approximation. A fit index in structural equation 
modelling assessing how well a model fits the population covariance matrix. 

SEM Structural Equation Modelling. A statistical method used to analyse complex 
relationships among variables, allowing simultaneous examination of direct, 
mediating, and moderating effects. 

SI Social Influence. The degree to which individuals perceive that important 
others believe they should use a particular technology. 

SRMR Standardised Root Mean Square Residual. A model fit index in structural 
equation modelling representing the standardised difference between 
observed and predicted correlations. 

STIG Mental Health Stigma. Captures internalized or societal shame and judgment 
associated with seeking mental health support. 

TAM Technology Acceptance Model. A theoretical framework that explains user 
acceptance of technology based on perceived usefulness and perceived ease of 
use. 

TLI Tucker-Lewis Index. A goodness-of-fit index in structural equation modelling, 
adjusted for model complexity, used to evaluate model fit. 

TR Trust in AI. Represents the user’s belief in the reliability, transparency, and 
ethical behaviour of AI systems. 

UTAUT Unified Theory of Acceptance and Use of Technology. A framework that 
integrates several technology acceptance models, emphasizing factors such as 
social influence and facilitating conditions. 

VIF Variance Inflation Factor. A diagnostic measure used to detect multicollinearity 
among predictor variables in regression and structural models. 
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 1. INTRODUCTION 

1.1  BACKGROUND AND RELEVANCE 

The prevalence of mental health conditions such as depression, anxiety, and mood disorders 
is rising worldwide, putting more pressure on healthcare systems and revealing gaps in quick 
and easily accessible treatment (Eskandar, 2024). Due to logistical challenges, stigma, and a 
lack of clinicians, traditional therapeutic approaches frequently fail, particularly in 
underprivileged populations. 

Chatbots driven by AI have become scalable instruments, capable of offering behavioural 
triage, support, and preliminary assessments through automated conversation systems 
(Wester et al., 2024). These systems provide continuous interaction with low resource 
requirements by utilising machine learning (ML) and natural language processing (NLP) 
(Omiyefa, 2025). Despite their potential, the adoption of AI chatbots in mental healthcare is 
hindered by significant concerns, including trust, privacy, ethical risks, and algorithmic bias 
(Meadi et al., 2025). 

Diagnostic errors may result from models trained on non-representative datasets failing to 
identify culturally specific symptom expressions (Yeasmin et al., 2025). Furthermore, when 
sensitive psychological disclosures are involved, a lack of transparency in AI decision-making 
can erode user confidence. Therefore, it is imperative to better understand user perceptions 
and concerns about AI-based mental health support. 

1.2.  RESEARCH GAP 

Much of the existing research emphasizes the diagnostic performance of AI using techniques 
like emotion recognition or NLP, often overlooking contextual concerns notably stigma and 
explainability (Straw & Callison-Burch, 2020), as a result, there is comparatively little attention 
to psychological and ethical barriers and how it may hinder user adoption. Despite playing a 
crucial role in influencing the adoption of AI-driven tools, issues with trust, privacy, and stigma 
around mental health are still poorly understood. Walsh et al. (2020) point out that the clinical 
applicability of AI systems in behavioural health is limited when these human-centred aspects 
are ignored, especially algorithmic transparency and stigma. Our comprehension of how 
actual users evaluate AI-based mental health tools beyond their technical capabilities is 
limited by this oversight. 

A key research gap concerns algorithmic bias, particularly the consequences of training AI 
systems on non-representative datasets. Many existing models lack demographic diversity in 
their training data, underrepresenting racial minorities, gender-diverse individuals, and those 
from lower socioeconomic backgrounds. This lack of inclusivity may lead to skewed diagnostic 
outputs, which can reinforce systemic biases and widen existing mental health disparities. 
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Biased assessments not only reduce the reliability of AI recommendations but also risk 
alienating users who already experience marginalization in traditional care settings (Timmons 
et al., 2023). 

The adoption of AI-powered tools in mental health care frequently depends on how users view 
ethical responsibility, data security, and transparency. Research indicates that when users are 
unaware of the methods used to gather, store, or distribute data, they are less likely to divulge 
private psychological information (Meadi et al., 2025). A sense of surveillance and fear of 
misuse can result from opaque or inaccessible data usage policies coupled with a lack of 
transparency in algorithmic decision-making. This is particularly troubling in emotionally 
sensitive situations where moral limits need to be spelt out and strictly adhered to. Ethical 
chatbot design and perceived control over data flow play a crucial role in fostering trust and 
promoting user engagement in mental health contexts (F. Chen et al., 2025). 

Another obstacle to the use of AI-based support tools is the stigma associated with mental 
illness. When seeking mental health services, people frequently encounter social judgement 
or internalised shame, despite increased awareness and continuous efforts to de-stigmatize 
the issue. This stigma may also apply to AI-powered platforms, where some users may link 
digital mental health tools to personal inadequacy or view them as less reliable than 
traditional therapy. However, by making help-seeking behaviour less visible, AI chatbots' 
anonymity and accessibility may lessen stigma for some groups (L. Li et al., 2024). Even so, 
perceived judgement, whether it be automated or human, can deter participation. Developing 
AI tools that are not only technically sound but also inclusive and psychologically acceptable 
requires an understanding of how stigma influences user behaviour (Dergaa et al., 2023). 

These gaps highlight the need to move beyond evaluating what AI can do toward 
understanding whether and why individuals are willing to adopt these technologies. This study 
responds to that need by examining the intersection of psychological, ethical, and 
technological factors that influence the adoption of AI chatbots in mental healthcare. It is 
guided by an integrative framework drawing on the Technology Acceptance Model (TAM), the 
Trust in Technology Framework, the Health Belief Model (HBM), and the Unified Theory of 
Acceptance and Use of Technology (UTAUT). 

1.3.  RESEARCH QUESTION 

This study investigates how psychological and technological perceptions influence the 
adoption of AI-driven chatbots in mental healthcare settings. Moving beyond narrowly 
focused perspectives that treat user behaviour and system design as separate concerns, the 
research applies an integrative framework to examine how trust, privacy concerns, mental 
health stigma, and perceived technological capability collectively shape user willingness to 
engage with these tools. 

How do psychological factors such as trust, privacy concerns, and mental health stigma 
influence the adoption of AI-driven chatbots for mental health support? 
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This research question enables a multidimensional analysis that incorporates both user-side 
attitudes and system-level considerations. Guided by theoretical models including the 
Technology Acceptance Model (TAM), the Health Belief Model (HBM), the Unified Theory of 
Acceptance and Use of Technology (UTAUT), and the Trust in Technology Framework, the 
study identifies core adoption drivers and inhibitors. In doing so, it contributes insights that 
support the development of more ethically aligned, user-centred AI interventions in mental 
health, with implications for both technological design considerations and strategies for public 
engagement. 

1.4.  STUDY CONTRIBUTIONS 

This research integrates theoretical perspectives from established technology acceptance and 
behavioural health models to provide a nuanced understanding of the psychological and 
technological factors affecting the adoption of AI-driven chatbots in mental healthcare. The 
study utilises empirical data concerning constructs like trust, privacy concerns, stigma, 
perceived usefulness, and intention to use, offering significant contributions to academic 
literature and practical application. 

First, by showing how user concerns about algorithmic bias and data privacy can influence 
engagement, it aids in the creation of ethical deployment strategies. These observations can 
help shape policies that place a high value on openness, diversity, and ethical data handling.  

Second, the results aid mental health practitioners to understand the circumstances in which 
chatbots can be used as supplementary tools to increase access without undermining the role 
of human clinicians. 

Finally, by examining the significant but frequently neglected psychological factors of stigma 
and trust in the context of AI-based mental health support, this study enriches current models 
of technology adoption.  
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2. LITERATURE REVIEW 

2.1.  HYPOTHESES DEVELOPMENT 

Four well-established theoretical frameworks are applied in this study to explain the 
technological and psychological aspects that affect users' adoption of AI chatbots in mental 
healthcare. These comprise of the Unified Theory of Acceptance and Use of Technology 
(UTAUT), the Health Belief Model (HBM), the Trust in Technology Framework, and the 
Technology Acceptance Model (TAM). Every framework offers a unique perspective on how 
people develop opinions about technology, assess perceived risks, react to social cues, and 
get past psychological obstacles such as stigma. When combined, these models provide a 
more thorough understanding of the adoption process, particularly in delicate areas where 
functional, ethical, and emotional aspects interact. (Jin et al., 2025; Mathew et al., 2024) 

The conceptual model proposed in this study is informed by the strengths and 
complementarities of these frameworks. TAM highlights utility and usability as important 
adoption factors (Wu et al., 2025). Even in cases where technical features are satisfactory, 
HBM introduces individual psychological factors like stigma that can hinder engagement. 
Beliefs about data security, transparency, and dependability are the focus of the Trust in 
Technology Framework. UTAUT offers insights into how contextual support and social 
influence mould behavioural intentions (L. Li et al., 2024). Collectively, these viewpoints guide 
the structural relationships, including direct, mediating, and moderating effects which are 
tested in the model and inform the study's hypotheses. 

2.1.1.  TECHNOLOGY ACCEPTANCE MODEL (TAM) 

According to the model, users' attitudes towards a system are shaped by two fundamental 
beliefs: perceived usefulness and perceived ease of use. These beliefs then have an impact on 
the users' behavioural intentions. Perceived ease of use reflects the expectation that the 
system will be effortless, whereas perceived usefulness refers to the conviction that utilising 
a specific technology will enhance task performance. This is supported by foundational work 
introduced by Davis (1989), as well as more recent empirical findings by Kelly et al. (2022), 
both of which affirm the ongoing relevance of perceived usefulness and ease of use in the 
context of AI-driven mental health chatbots. 

These concepts are still particularly pertinent when discussing chatbots for mental health. 
Users may believe that a chatbot is more effective at meeting psychological needs if it is simple 
to use. For instance, users are more likely to perceive the tool as capable and reliable when 
interactions with the chatbot are seamless and responses are understandable. These 
impressions may strengthen trust in the system's dependability and have a direct impact on 
intention to use. This is consistent with research by Pang et al. (2024), who demonstrated 
through an extended TAM model that trust and adoption of health-diagnostic AI chatbots 
were significantly predicted by perceptions of usefulness and ease of use. 
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TAM by itself, however, might not be enough to comprehend how technology is used in 
emotionally delicate situations such as mental health treatment. Affective, ethical, and social 
factors that could affect user acceptance are not fully taken into consideration, despite its 
primary focus on functionality and usability. The current study integrates additional 
theoretical frameworks that consider psychological barriers, notably stigma, worries about 
data privacy, and the significance of interpersonal trust to address these limitations. 

2.1.2.  TRUST IN TECHNOLOGY FRAMEWORK 

People's willingness to use emerging technologies is greatly influenced by their level of trust, 
especially in delicate areas such as mental health care. According to McKnight et al. (2002), 
the Trust in Technology Framework describes several factors that affect users' perceptions of 
a technological system's reliability. These include trust in the system's ability to handle 
sensitive data and decision-making procedures, as well as opinions about its competence, 
integrity, and predictability. 

Trust in AI-powered chatbots for mental health is closely tied to the system's transparency, 
consistency, and data handling practices. Users are more inclined to interact with a system 
when they believe it provides accurate responses, operates fairly, and safeguards personal 
data. User trust can be seriously damaged by worries about algorithmic bias, ambiguous 
reasoning, or imprecise privacy protections, particularly in emotionally delicate 
circumstances. These risks are increased in situations where users are disclosing sensitive 
information, such as mental health. According to recent research, justified trust is based on 
whether the AI system reflects the values and expectations of the user as well as perceived 
technical proficiency. (Manzini et al., 2024) 

In addition to technical reliability, clear communication of data policies and ethical safeguards 
are essential for establishing and preserving trust in AI tools. This study models trust as a key 
construct that mediates the relationship between user intention to use AI-based mental 
health support and perceived system attributes. By adding trust as a separate component, the 
model recognises that user acceptance is based on both a tool's functionality and its 
compatibility with users' expectations of moral and responsible technology use. 

2.1.3.  HEALTH BELIEF MODEL (HBM): THE MODERATING ROLE OF STIGMA 

The Health Belief Model (HBM) is a psychological framework that looks at people's beliefs 
about illness, perceived risks, and obstacles to action in order to explain health-related 
behaviours. It draws attention to the ways that behaviour can be influenced by perceptions 
of severity, the advantages of acting, and perceived barriers, such as internalised stigma or 
mistrust of non-human interventions (Zhang et al., 2025). Fears of being judged by others or 
not knowing how to use AI tools can also be major deterrents in digital mental health settings. 

The stigma attached to mental illness is a major barrier to the adoption of AI-driven support 
tools. Given that they believe a chatbot is less trustworthy than a human therapist or because 
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they fear it shows weakness, users may be hesitant to use one for support. Even in cases where 
the technology is viewed as practical and user-friendly, stigma can cause social discomfort or 
feelings of embarrassment that impede behavioural intention. This is especially important for 
populations where digital interventions are less common or mental health is not well-
discussed (Yang et al., 2023). 

Stigma is considered in this study as a psychological barrier that could moderate the 
association between intention to use AI-based mental health tools and trust. By incorporating 
the emotional and social aspects of digital care, this application of HBM broadens its initial 
focus on physical health behaviours. By taking stigma into consideration, the model recognises 
that a tool's psychological acceptability depends on how users understand its social meaning 
in addition to its features. 

2.1.4.  UNIFIED THEORY OF ACCEPTANCE AND USE OF TECHNOLOGY (UTAUT) 

In order to explain user intentions and usage behaviour across various technological contexts, 
the Unified Theory of Acceptance and Use of Technology (UTAUT) incorporates components 
drawn from various previous models. Performance expectancy, effort expectancy, social 
influence, and facilitating conditions are the four main constructs that Venkatesh et al. (2003) 
identified as influencing behavioural intention and use. Social influence is one of the most 
important factors in the adoption of health-related technologies since people frequently base 
their decisions about using a new tool on the beliefs or actions of peers, family members, or 
experts. 

While adoption may be discouraged by stigma or scepticism within one's social network, 
positive feedback from reliable sources can increase perceptions of trust and credibility. This 
relationship is supported by recent research; for instance, Békés et al. (2025) discovered that 
openness to using digital mental health tools was significantly influenced by perceived social 
approval, underscoring the significance of normative beliefs in determining user engagement. 

This study models social influence as a predictor of behavioural intention and trust. A more 
socially grounded understanding of adoption is made possible by its inclusion, especially when 
the technology is fresh, emotionally delicate, or has not yet reached full normalisation. 
Understanding the significance of social context guarantees that the analysis considers both 
personal opinions and the larger interpersonal dynamics that affect the adoption of 
technology in mental health care. 

2.2.  LITERATURE SUPPORT FOR HYPOTHESES 

2.2.1.  FACILITATING CONDITIONS AND EASE OF USE 

According to Venkatesh et al. (2003), facilitating conditions are the extent to which users 
believe that the organisational and technical environment encourages their usage of a system. 
This covers elements such as having access to digital devices, having onboarding instructions 
available, and having continuous technical help when it comes to chatbots for mental health. 
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These circumstances can enhance usefulness, decrease cognitive load, and raise the possibility 
of sustained involvement. 

According to earlier studies, enabling factors significantly influence how easy a technology is 
considered to use, particularly when it comes to healthcare technologies that could otherwise 
seem complicated or daunting (Venkatesh et al., 2011). Users are more likely to give a chatbot 
platform a favourable review and consider it accessible when they feel comfortable using it 
because of enough assistance or technology proficiency. According to Dwivedi et al. (2021), 
those who were more prepared for the digital age felt more at ease using AI-based mental 
health solutions, which improved their opinions of their value and reliability. 

Facilitating factors are anticipated to contribute to total behavioural intention in this study by 
enabling both trust and simplicity of usage. This concept recognises that even the best-
designed technologies might not be adopted if users lack the confidence or practical means 
to use them efficiently. 

2.2.2.  PERCEIVED USEFULNESS AND ENGAGEMENT 

The degree to which users think a certain technology will improve their capacity to accomplish 
particular goals, including treating mental health issues, is known as perceived usefulness 
(Davis, 1989). This concept in the context of AI chatbots indicates if users believe the 
technology is useful for providing guidance, emotional support, or therapeutic help. Perceived 
usefulness is still one of the best indicators of user adoption for digital health apps, according 
to a growing body of research. This opinion is supported by a recent meta-analysis by B. Li et 
al. (2023), which shows that users' intention to use AI-based chatbots is strongly impacted by 
how helpful and successful they believe the technology is at reaching their goals.  

High usefulness ratings have been observed in empirical reviews of mental health chatbots 
such as Woebot and Wysa, especially for users with mild to severe anxiety and depression 
symptoms. However, these evaluations also point out deficiencies in emotional nuance, 
perceived depth, and contextual sensitivity, all of which may have an impact on sustained 
engagement (Chaudhry & Debi, 2024). Users often appreciate features like scenario-based 
dialogue and personalised responses, but they may stop using the service if the responses 
seem overly predetermined or generic. 

Recent research has also emphasised how user confidence and system credibility influence 
how useful a system is perceived. For instance, Khan et al. (2025) discovered that perceived 
expertise, empathy, and consistency have an impact on chatbot adoption in addition to the 
practical advantages. Additionally, it has been demonstrated that humane design elements 
such as conversational tone, natural language usage, and simulated social presence increase 
perceived usefulness by giving interactions a more relatable and emotional sense (Y. Li et al., 
2024). 
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Perceived usefulness is positioned in this study as a key factor influencing behavioural 
intention and a variable that interacts with social influence, usability, and trust. Enhancing 
system design and encouraging long-term participation in digital mental health interventions 
require an understanding of what motivates users to perceive chatbot technologies as truly 
beneficial. 

2.2.3.  TRUST AS A MEDIATOR 

Adoption of AI technologies is predicated on trust, particularly in emotionally delicate fields 
like mental health care. It includes users' perceptions of a system's proficiency, honesty, 
openness, and capacity to protect private data (McKnight et al., 2002). Trust in AI-powered 
chatbots not only makes initial interaction easier but also keeps consumers using them over 
time, especially when they divulge private information or depend on the chatbot for 
emotional support. 

According to research, trust acts as a mediator between behavioural intention and key 
technology acceptance factors (Ng & Zhang, 2025). For instance, even if users think a chatbot 
is helpful or simple to use, they might still avoid interacting with it if they have doubts about 
how the system will handle or react to their input (Esmaeilzadeh et al., 2025). Similar to this, 
the relationship between psychological distance and compliance intention has also been 
demonstrated to be mediated by trust, suggesting that users only react favourably to 
recommendations or chatbot features when they have faith in the system (Park et al., 2024). 

In AI environments, trust becomes even more crucial because decision-making algorithms are 
by their very nature opaque. Users may become hesitant and uncertain if they don't 
understand how chatbots interpret input or produce responses. In mental health settings, 
where mistakes or misunderstandings may have emotional repercussions, this problem is 
especially pressing. According to Eke & Shuib (2025), clear communication and explicable 
algorithmic procedures are necessary to promote trust in AI healthcare systems. These 
components support knowledgeable and assured user engagement in delicate areas like 
psychological care in addition to improving the perceived credibility of the system. 

This study models trust as a mediating variable that connects behavioural intention to 
characteristics including perceived usefulness, ease of use, and social influence. The model 
recognises that user acceptance is contingent upon both perceived functionality and trust in 
the tool's psychological and ethical safety by incorporating trust as an intermediate. 

2.2.4.  SOCIAL INFLUENCE AND ENDORSEMENT EFFECTS 

According to (Venkatesh et al., 2003), social influence is the extent to which a person believes 
that significant individuals think they ought to employ a specific technology. This impact may 
originate from friends, family, medical professionals, or even social media influencers that 
promote or normalise the use of digital therapeutic tools in the context of AI-driven chatbots 
for mental health. Users' attitudes can be influenced and, in many situations, faith in systems 
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that might otherwise be viewed with scepticism is fostered when they believe that others find 
the technology useful or believable. 

Recent studies have demonstrated that perceived credibility and social influence have a 
significant impact on openness to digital mental health support. For instance, Adam et al. 
(2023) discovered that the way automated agents are presented and introduced at various 
points during an interaction influences users' trust in them. In a similar vein, Mari et al. (2023) 
showed that design features such as empathy and the perception of other people's approval 
are crucial for boosting user engagement with voice-based AI systems. Users are more likely 
to perceive chatbots as reliable and socially acceptable forms of support when they receive 
recommendations from peers or professionals in the field of mental health care. 

Adoption is not always encouraged by social influence. People may be deterred from seeking 
online mental health support if their peer culture perpetuates stigma or mistrust of 
automated systems. For example, Cui et al. (2024) discovered that, depending on their design 
and perceived authenticity, chatbots' perception in a user's social environment can either 
increase or decrease stigma. In the same manner, attitudes influenced by generational 
identity may influence adoption readiness. According to Alanzi et al. (2023), there are 
generational differences in the way social influence and trust interact; younger users are more 
receptive to public endorsement and peer acceptance, whereas older users show more 
resistance because they are less familiar with digital platforms and are more sceptical. These 
relationships highlight the dual function of social influence, which can either increase 
hesitancy or validate the technology. 

This study models social influence as a predictor of behavioural intention and trust. It depicts 
the larger social and cultural framework in which people decide whether to employ AI tools. 
A more comprehensive understanding of technology adoption is possible when social 
dynamics are considered, especially in the health sector where privacy, trust, and emotional 
fragility are major issues. 

2.2.5.  PRIVACY CONCERNS AS A BARRIER 

Privacy concerns continue to have a significant impact on the use of AI chatbots in mental 
health care. Users frequently hesitate to reveal private psychological data unless they have 
faith in the way their information is gathered, saved, and handled. A lack of transparency in 
data handling procedures can seriously undermine trust, even in cases where a chatbot is seen 
as helpful or easy to use. The lack of explicit safeguards regarding suitability, safety, and data 
use in mental wellness AI can cause reluctance or outright disengagement from such tools, as 
L. Chen et al. (2024) note. 

Perceptions of surveillance, potential data misuse, or unauthorized third-party access have 
been linked to decreased participation in digital health interventions. On the other hand, it 
has been demonstrated that platforms with strong encryption protocols, options for user 
control over data sharing, and transparent privacy policies boost user confidence and 
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engagement (Srivastava et al., 2025). In this study, privacy concerns are modelled as a major 
barrier to behavioural intention and a direct inhibitor of trust, especially in populations where 
low digital literacy or stigma around mental health may increase the sense of risk. These 
difficulties are in line with current worries about ethical ambiguity and detachment in AI-
based care, where users might worry about emotional disclosures being misused or 
depersonalised interactions. (Dakanalis et al., 2024) 

2.3. CONCEPTUAL FRAMEWORK 

A conceptual framework for understanding user acceptance of AI-powered chatbots in mental 
healthcare is presented in this study. The Unified Theory of Acceptance and Use of Technology 
(UTAUT), the Health Belief Model (HBM), the Technology Acceptance Model (TAM), and the 
Trust in Technology Framework are the four fundamental models it is based on. Despite their 
useful insights, these frameworks frequently consider social, psychological, and technological 
aspects separately. Instead, an integrated model that views trust as a key mediating variable 
influenced by user perceptions and system-level characteristics is presented in this work. 

According to the model, perceived usefulness is influenced by perceived ease of use, which is 
influenced by facilitating factors. User trust is directly shaped by these two TAM elements, as 
well as perceived AI competency, privacy issues, and stigma around mental health. The 
intention to employ the chatbot is then predicted by trust, which is modelled as a critical 
mediator. Furthermore, social influence is incorporated as a predictor of intention and trust, 
illustrating how interpersonal validation shapes the adoption of technology. The model also 
incorporates moderating factors to better represent behavioural complexity. In particular, the 
association between trust and adoption is thought to be moderated by stigma around mental 
health. This illustrates the potential that consumers with significant stigma concerns may still 
be reluctant to use chatbot-based mental health aids, even in situations when trust is high. 

Figure 2.1 below illustrates the conceptual structure guiding this study’s hypotheses and 
subsequent analysis. 

 
Figure 2.1 - Conceptual Framework of AI Chatbot Adoption for Mental Health Support  
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3. METHODOLOGY 

3.1.  PARTICIPANTS AND SAMPLING 

For this study, I recruited participants using convenience sampling, sharing an online survey 
link informally with individuals from my personal and professional networks. The sample was 
not drawn from a specific target population; instead, it included individuals who voluntarily 
chose to take part after receiving the link through channels such as email, messaging apps, 
and social media. 

In total, I collected 237 responses. After removing incomplete or inconsistent entries through 
data cleaning, 207 valid responses were retained for analysis. While the sample is non-
representative, it provides valuable exploratory insights into how people perceive and 
approach AI-driven chatbots in mental healthcare. I also gathered basic demographic 
information, including age, gender, and education level, to characterize the participant pool 
and support descriptive analysis. While these variables were not included as control variables 
in the structural model, they provided important context regarding the diversity of the sample 
and helped assess the relevance and generalizability of the findings. 

3.2.  PROCEDURE AND MEASURES 

I collected data through a self-administered online questionnaire hosted on Qualtrics, which 
remained open for a period of nearly 6 months. The survey was completely anonymous, and 
participants were informed of the study’s purpose, the voluntary nature of their involvement, 
and their right to withdraw at any point. Ethical approval for the study was obtained from 
NOVA IMS, ensuring compliance with data protection and research ethics standards. 

The questionnaire was designed to measure latent constructs derived from the conceptual 
framework of this study. All items were rated on a five-point Likert scale, ranging from 1 
(Strongly Disagree) to 5 (Strongly Agree). The constructs were adapted from established 
sources to ensure theoretical validity. Perceived Usefulness (PU) and Perceived Ease of Use 
(PEOU) were adapted from Davis (1989), while trust-related items, focusing on reliability, 
ethical behaviour, and data protection, were based on McKnight et al. (2002). Privacy 
concerns were drawn from Khalid et al. (2023), and items related to facilitating conditions and 
social influence were adapted from Venkatesh et al. (2003). Perceived Competence of AI was 
measured using items that reflected user beliefs about the chatbot's ability to understand and 
personalise mental health support. Mental health stigma items captured feelings of 
embarrassment and anticipated judgment and were adapted from Corrigan (2004). Finally, 
intention to use was measured using items adapted from Venkatesh & Bala (2008), which 
assessed behavioural intention toward chatbot adoption. 

Each construct includes three items, and their internal consistency will be assessed using 
Cronbach’s alpha during the data analysis phase to confirm reliability. The complete survey is 
provided in Appendix C. 
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3.3.  HYPOTHESES 

Based on the conceptual framework presented in Chapter 2, this study proposes a series of 
hypotheses to examine the relationships between psychological, social, and technological 
factors influencing the adoption of AI-driven chatbots in mental healthcare. The model 
positions trust as a central mediating construct shaped by factors such as perceived 
usefulness, privacy concerns, and social influence. The hypotheses also account for 
moderating and interaction effects to capture more nuanced patterns of user behaviour. The 
following hypotheses are tested in this study: 

H1: Perceived ease of use (PEOU) positively influences perceived usefulness (PU) of AI 
chatbots for mental health support. 

H2: Perceived usefulness (PU) positively influences trust (TR) in AI chatbots. 

H3: Trust positively influences intention to use (IU) AI chatbots. 

H4: Privacy concerns (PC) negatively influence trust (TR) in AI chatbots. 

H5: Perceived competence (COMP) of AI in mental health positively influences intention to 
use (IU) AI chatbots. 

H6: Social influence (SI) positively influences trust (TR) in AI chatbots. 

H7: Social influence (SI) positively influences intention to use (IU) AI chatbots. 

H8: Facilitating conditions (FC) positively influence perceived ease of use (PEOU). 

These hypotheses will be tested using Structural Equation Modelling (SEM), which enables 
simultaneous evaluation of multiple direct, mediating, and moderating relationships among 
latent variables. 

3.4.  DATA ANALYSIS STRATEGY 

This study employed SEM as the primary analytical method to test the hypothesized 
relationships among constructs. SEM was selected for its capacity to simultaneously evaluate 
complex causal models involving multiple dependent and independent variables, including 
mediators. 

The analysis followed a two-step approach as recommended by Anderson and Gerbing (1988). 
First, a Confirmatory Factor Analysis (CFA) was conducted to assess the validity and reliability 
of the measurement model. This included examining indicator loadings, construct reliability 
(CR), average variance extracted (AVE), and goodness-of-fit indices such as RMSEA, CFI, TLI, 
and SRMR. Upon satisfactory validation of the measurement model, the structural model was 
evaluated to test the proposed hypotheses. The relationships amongst latent variables were 
examined using path analysis, and standardised estimates were used to assess significance 
and strength of associations. Model fit was again verified through conventional fit indices. The 



   
 

 13 

full lavaan syntax used to specify the measurement and structural model is provided in 
Appendix B, Algorithm B1 
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4. EMPIRICAL STUDY 

4.1.  DATA PREPARATION AND SCREENING 

A total of 237 responses were collected through the online survey. Following initial review, 
207 valid responses were retained after screening for completeness and attention-check 
compliance. Entries that were incomplete or failed the control question were excluded to 
ensure data quality. 

Prior to analysis, all variables were renamed to R-compatible formats for coding efficiency. 
Two missing values were identified and addressed using mean imputation, which preserves 
statistical power while minimizing bias. Irrelevant variables (e.g., response IDs) were removed 
to streamline the dataset. 

The cleansed dataset was analysed using R, applying the lavaan and semTools packages for 
Structural Equation Modelling (SEM). All data preparation steps were conducted in line with 
SEM assumptions, including the assessment of normality, multicollinearity, and variable 
scaling. 

The dataset was examined for multicollinearity and normality in order to evaluate the 
assumptions for SEM. Skewness and kurtosis statistics were used to analyse each item's 
univariate distribution. With skewness ranging from -1.69 to 0.87 and kurtosis from -2.06 to 
4.94, all values were within allowable bounds. These indicate a roughly normal distribution of 
responses and are substantially below the frequently mentioned limits of ±2 for skewness and 
±7 for kurtosis (Curran & West, 1996). The application of Maximum Likelihood Estimation 
(MLE), which presupposes multivariate normality, is supported by this. 

To evaluate multicollinearity among predictor variables, Variance Inflation Factor (VIF) values 
were also computed. The majority of the VIF values were far below the threshold of 5, which 
is sometimes used as a cut-off indicating concern, but all were within or near acceptable 
bounds (Hair, 2010). Despite exceeding this threshold, a few items (PC2 (7.65), PC3 (8.90), and 
COMP3 (6.82)) were kept in the model because of their theoretical significance and the lack 
of multicollinearity symptoms in residual diagnostics or model fit. These high values were not 
thought to jeopardise the validity or interpretability of the findings because of the exploratory 
character of the study and the reliability of the SEM estimate technique employed. The 
dataset was judged suitable for SEM analysis considering these diagnoses. A full breakdown 
of descriptive statistics, including skewness, kurtosis and VIF values, is provided in Appendix 
B, Tables B1 and B2. 

4.2.  DESCRIPTIVE STATISTICS 

The sample displayed a moderately diverse demographic composition, with a total of 207 valid 
responses analysed. Gender-wise, 108 participants (52%) identified as female and 99 (48%) as 
male. No respondents identified as non-binary or chose to withhold their gender (see Figure 
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4.1). The age distribution spanned from 18 to over 50 years, with the majority concentrated 
in younger brackets. Specifically, 129 (62%) of respondents were between 22 and 25 years old, 
35 (17%) were aged 18–21, and 31 (15%) were between 26–30. The remaining 12 (6%) were 
spread across the 31–35 (4), 41–50 (1), and 50+ (7) brackets. This suggests that the sample 
largely consists of younger adults, making it well-suited for evaluating digital technology usage 
and acceptance, such as AI chatbots (see Figure 4.2). 

In terms of educational attainment, the majority of participants had completed tertiary 
education. Bachelor’s degrees were the most common qualification (115 participants), 
followed by master's degrees (52), and high school diplomas (38). Only two participants had 
either completed middle school or held a doctoral qualification. This distribution reflects a 
relatively well-educated cohort, supporting the assumption that respondents could 
meaningfully engage with complex constructs such as perceived usefulness, trust, and AI 
competence (see Figure 4.3). 

 

Figure 4.1 - Gender Distribution 

 

Figure 4 2 - Age Distribution 
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Figure 4.3 - Educational Attainment 

At the construct level, descriptive analysis revealed generally moderate perceptions of AI 
chatbots. For instance, Perceived Usefulness (PU) had a mean score of 3.00, suggesting 
participants held neutral to moderately positive views about the utility of AI tools for mental 
health support. Similarly, Trust in AI (TR) averaged 2.99, indicating a balanced yet slightly 
tentative confidence in AI-mediated interventions. 

Other constructs showed similar patterns: Perceived Ease of Use (PEOU) averaged 3.99, 
Privacy Concerns (PC) 3.19, Social Influence (SI) 2.99, Facilitating Conditions (FC) 4.57, Mental 
Health Stigma (STIG) 3.20, Perceived Competence of AI (COMP) 2.99, and Intention to Use (IU) 
2.79. A detailed overview of these values is presented in the Table 4.1 below: 

Table 4.1- Means and Standard Deviations of the Latent Constructs 

CONSTRUCT MEAN STANDARD DEVIATION 

PU 3.0 1.4 

PEOU 4.0 0.91 

TR 2.99 1.3 

PC 3.2 1.5 

SI 3.0 0.98 

FC 4.6 0.6 

STIG 3.2 1.3 

COMP 3.0 1.4 
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This broad variability confirmed that the constructs captured meaningful attitudinal diversity, 
providing a robust foundation for multivariate modelling and ensuring the detection of 
reliable relationships in SEM analysis. 

4.3.  RELIABILITY AND VALIDITY OF CONSTRUCTS 

Measurement reliability and validity were verified to guarantee the latent constructs were 
psychometrically valid. Cronbach’s alpha values of all the constructs exceeded the 0.70 
standard, which indicates strong internal consistency (e.g., PU = 0.94, TR = 0.91, SI = 0.80). 
Composite Reliability (CR) values, all exceeding the 0.70 standard, were additional evidence 
for the reliability of the constructs. These reliability and validity results are summarized in 
Table 4.2 below. 

Table 4.2 - Reliability and Validity Metrics for Each Construct 

CONSTRUCT CRONBACH’S ALPHA CR AVE 

PU 0.94 0.941 0.843 

PEOU 0.84 0.848 0.651 

TR 0.91 0.908 0.767 

PC 0.96 0.963 0.896 

SI 0.8 0.824 0.623 

FC 0.82 0.838 0.636 

STIG 0.94 0.937 0.832 

COMP 0.95 0.949 0.862 

IU 0.87 0.874 0.703 

 

Convergent validity was evaluated using Average Variance Extracted (AVE). All constructs 
exhibited AVE values above 0.50, which meant that a considerable amount of the variance of 
the indicators was explained by their corresponding latent factors. A complete matrix of AVE 
values can be found in Appendix Table B3. 

Discriminant validity was assessed using both the Fornell–Larcker criterion and the 
Heterotrait–Monotrait Ratio (HTMT). The square root of each construct’s AVE exceeded its 
inter-construct correlations, satisfying the Fornell–Larcker requirement. Additionally, all 
HTMT values were below the conservative 0.85, thereby confirming the presence of 
empirically distinct constructs. HTMT statistics are summarized in Appendix Table B4. 
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Altogether, these measurements provide significant validity and reliability for the 
measurement model. Internal consistency was provided through Cronbach’s alpha and CR 
values, and convergent and discriminant validity were established through AVE, Fornell–
Larcker, and HTMT criteria. 

Also, the dataset fulfilled major SEM assumptions, namely adequate sample size, approximate 
normality (according to acceptable values of skewness and kurtosis), as well as absence of 
serious multicollinearity. With the validated measurement model, the analysis proceeds to 
the structural model. The next section presents the results of this analysis, including model fit 
indices, path coefficients, and hypothesis testing outcomes. 
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5. RESULTS AND DISCUSSION 

5.1.  MODEL FIT ASSESSMENT 

To estimate the adequacy of the structural model posited and the relationships suggested 
among constructs, the model was estimated employing the Maximum Likelihood (ML) method 
via the lavaan package of R. There were 207 valid responses remaining in the final sample, 
which surpasses the recommended minimum number of responses required for proper 
Structural Equation Modelling (SEM). That helped ensure that there was ample statistical 
power for the determination of model parameters and general fit. A total of 74 free 
parameters were estimated, reflecting the complexity of the proposed model that 
incorporates multiple interrelated constructs. 

Model fit was assessed through several commonly utilised fit indices. The Chi-square measure 
of model fit was significant, χ² (304) = 835.867, p < .001, which is commonly found in models 
with larger sample sizes because the Chi-square test itself is sensitive. As a result, the 
alternative indices were given greater weight when fit quality was assessed. The Comparative 
Fit Index (CFI) was 0.906, just barely crossing the 0.90 threshold and indicating an acceptable 
quality of model fit. The Tucker-Lewis Index (TLI) was slightly lower than the desired cutoff, 
returning 0.892, which could indicate a slight amount of underfitting. The Root Mean Square 
Error of Approximation (RMSEA) returned 0.092, with a 90 percent confidence interval 
extending from 0.085 to 0.099. While higher than the standard 0.08 cutoff, the upper bound 
remains lower than 0.10, which a few scholars believe is acceptable when working with highly 
complex models. Most troubling, though, is the Standardised Root Mean Square Residual 
(SRMR), which came back as 0.214. 

Well above the desired 0.08 ceiling, this could indicate model misspecification, specifically 
involving omitted relationship(s) or residual correlations. These fit statistics as a group provide 
a mixed interpretation. An appropriate model is suggested by the CFI, while the TLI gets near 
the standard cutoff, yet the higher RMSEA and higher SRMR suggest caution interpreting the 
output. Regardless of these limitations, the model was chosen for tests of hypotheses due to 
the strong explanatory power and consistency with the theory, especially given the 
exploratory nature of the study. These results are summarized in Table 5.1 below. 

Table 5.1 - Model Fit, Indices and Thresholds 

FIT INDEX VALUE THRESHOLD 

χ² (df = 304, p < 0.001) 835.867 n/a 

CFI 0.906 ≥ 0.90 

TLI 0.892 ≥ 0.90 
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RMSEA 0.092 ≤ 0.08 (CI 90% [.085, .099]) 

SRMR 0.214 ≤ 0.08 

 

In brief, though the structural model demonstrates acceptable fit levels on some indices, it 
does not demonstrate fit on others, particularly the SRMR. Regardless, the structural model 
accounts for significant variance in significant adoption outcomes, thereby justifying the use 
of the model as a theoretical framework for the adoption of AI chatbot technology for mental 
health use. A complete summary of fit statistics was presented in Table 5.1, and additional 
model estimation details, such as covariances and residual variances are provided in Appendix 
B, Table B6. 

5.2.  STRUCTURAL MODEL AND HYPOTHESIS TESTING 

Following the assessment of model fit, the structural model was examined to test the 
hypothesized directional relationships between latent constructs. The model evaluation was 
conducted using the Maximum Likelihood (ML) estimation method in R via the lavaan 
package, following the use of standardised path coefficients to determine the strength, 
direction, and statistically significant nature of each assumed relationship. These coefficients 
reflect the direct effects among variables and are central to validating the theoretical 
framework proposed in this study. 

Table 5.2 shows the output of the hypothesis testing of the standardised regression weights 
and their corresponding p-values. These were interpreted according to standard statistical 
practice, such that a p-value < 0.05 indicated statistical significance. 

Table 5.2 - Hypothesis Testing Results: Coefficients, Estimates and Support Outcomes 

HYPOTHESES PATH ESTIMATE (β) RESULT 

H1 PEOU → PU 0.552 Supported 

H2 PU → TR 1.263 Supported 

H3 TR → IU 0.318 Supported 

H4 PC → TR -1.033 Supported 

H5 PC → IU 1.386 Supported 

H6 SI → TR 0.089 Not Supported 

H7 SI → IU 0.638 Supported 

H8 FC → PEOU 0.675 Supported 
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The results demonstrate strong empirical support for most hypothesized relationships. 
Perceived Ease of Use (PEOU) had a significant and positive influence on Perceived Usefulness 
(PU), with a standardised coefficient of 0.552 (p < .001), supporting the core logic of the 
Technology Acceptance Model. In turn, PU had a substantial and statistically significant effect 
on Trust (β = 1.263, p < .001), indicating that users are more inclined to trust AI chatbots when 
they perceive them as functionally beneficial. Trust was also a significant predictor of Intention 
to Use (IU), with a standardised coefficient of 0.318 (p < .001), reaffirming its role as a central 
mediating construct in technology adoption. 

Privacy Concerns (PC) were also found to negatively influence Trust (β = -1.033, p < .001), 
which highlights the importance of data sensitivity for user perception-formation. Similarly, 
Perceived Competence (COMP) of AI for mental health purposes had a very strong and 
significant influence on Intention to Use (β = 1.386, p < .001) such that people are more prone 
to adopt AI chatbots when they believe the technology is competent and bright. Social 
Influence (SI) was a significant predictor of Intention to Use (β = 0.638, p < .01) such that peer 
influence is still relevant for behavioural outcomes. 

However, not all hypotheses were supported. The effect of Social Influence on Trust was non-
significant (β = 0.089, p = .306), suggesting that while social pressure or encouragement may 
shape behavioural intentions, it does not directly influence users' confidence in the chatbot’s 
trustworthiness. 

These findings collectively confirm the theoretical foundations of the proposed framework 
while offering new insights into the differentiated roles of cognitive and social antecedents. 
For example, while Trust and Competence were strongly tied to behavioural intention, Social 
Influence appeared to operate more directly on usage intention rather than indirectly through 
trust. 

The model’s explanatory power is further illustrated by the squared multiple correlations (R²) 
for each dependent variable. Trust was explained at a very high level (R² = 0.852), and 
Intention to Use showed similarly strong predictability (R² = 0.865). Perceived Usefulness and 
Perceived Ease of Use showed moderate variance explained, with R² values of 0.307 and 0.313 
respectively. These values indicate that the model is particularly effective at capturing 
variance in the key outcome variables of interest, while suggesting that additional external 
variables may account for remaining variance in the mediating constructs. 

5.3.  DISCUSSION OF KEY FINDINGS 

The SEM analysis reveals several key findings about the mechanisms of why people are likely 
to utilise AI chatbot services for mental health. Consistent with the Technology Acceptance 
Model (TAM), perceived ease of use (PEOU) was a significant contributor to perceived 
usefulness (PU). Based on this, when the user finds the AI system convenient and easy to use, 
he/she finds it useful and effective to accomplish tasks. This relationship takes on a further 
significant role when used to implement mental health situations, where the elimination of 
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cognitive barriers becomes mandatory to guarantee user engagement and comfort (Davis, 
1989). 

Perceived usefulness was also a significant predictor of trust. This finding supports the view 
that functional evaluations of technology can significantly shape users’ willingness to rely on 
the system, particularly in domains involving sensitive interpersonal communication. In this 
study, the standardised coefficient linking PU to trust was among the strongest observed, 
highlighting the instrumental role of perceived utility in cultivating confidence in AI-driven 
tools. Similarly, the finding resonates with intuitions of past online studies (Park et al., 2024) 
and counselling studies (Davila-Montero et al., 2021) such that perceived responsiveness and 
reliability are a shared origin of perceived trust online. 

Trust itself was a significant positive predictor of behavioural intention to use AI chatbots, 
substantiating its central role in emerging technology adoption. Unsurprisingly, given older 
information systems models, where trust plays a robust mediator of beliefs and behaviour 
(Gefen et al., 2003), the mental health case revalidated the triple function of trust as a 
functional expectation, a relational, and ethical mandate. As such, ensuring AI systems are 
judged competent and respectful by the user guarantees ongoing use. 

Privacy concerns exhibited a strong and statistically significant negative association with trust. 
This supports the privacy calculus perspective, which posits that users actively weigh the 
perceived risks of data disclosure against expected benefits when interacting with technology 
(Dinev & Hart, 2006). In a mental health setting, where individual vulnerabilities are the 
centre, even the slightest doubts about data security can seriously weaken user trust, 
regardless of how useful or convenient the system appears to be. 

An interesting pattern emerged with respect to social influence. While it significantly 
predicted intention to use the chatbot, it did not significantly influence trust. This finding 
suggests that users may be encouraged to try AI chatbots because of external social cues or 
peer recommendations, even if those influences do not necessarily alter their internal 
judgments about the technology’s trustworthiness. In this way, social influence perhaps 
operates as a behavioural shaper, as opposed to a cognitive one, especially when the situation 
includes strong emotions like mental health services (Venkatesh et al., 2003). 

Perceived competence of AI stood out as the strongest predictor of intention to use. This 
relationship underscores the importance of users' beliefs about the system’s technical and 
emotional intelligence. When an individual sees an AI chatbot as competent enough to 
understand their requirements and reciprocate appropriately, their likelihood of adoption 
multiplies several times. In therapeutic and health applications, perceptions of competence 
are typically the turning point for a technology to become acceptable, and indeed, ethical. 

Altogether, these findings validate most of the hypotheses tested and add to a better 
comprehension of the antecedents to the use of AI chatbots in mental health initiatives. They 
demonstrate that both cognitive evaluations such as usefulness and ease of use, as well as 
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relational judgments such as trust and competence, play distinct yet complementary roles in 
shaping users’ behavioural intentions. 

5.4.  THEORETICAL IMPLICATIONS 

This study contributes to the growing body of research on technology adoption in mental 
health by expanding the classic TAM and UTAUT frameworks. Notably, it incorporates context-
sensitive constructs such as trust, privacy concerns, and perceived competence which end up 
being variables often underexplored and overlooked in generic models. The robust effects of 
trust and competence suggest that acceptance of AI in emotionally charged domains such as 
mental health is contingent on more than perceived functionality as it also relies on affective 
and moral evaluations of the system (Söllner et al., 2012). 

The strong impact of COMP → IU provides empirical support for the role of perceived 
expertise in fostering behavioural engagement, aligning with previous findings that 
competence perceptions mediate the credibility of AI agents (Castelo et al., 2019). This 
domain-specific insight challenges the idea that trust or usefulness alone is sufficient, as users 
must also believe the system is professionally and clinically competent. Furthermore, the non-
significant relationship between SI and TR suggests a boundary condition for social influence 
theory. In traditional contexts, peer endorsement is a strong driver of both trust and usage, 
however, in more sensitive domains such as mental health, the establishment of trust might 
have stronger reliance on individual judgments of safety and ability rather than group 
approval. This finding opens the door to theoretical correction through the suggestion that AI 
trust is context-specific, namely when individual vulnerability enters the picture (Müller et al., 
2023). Overall, the findings confirm a contextualized model of AI adoption that finds a balance 
of cognitive ease, utilitarian functionality, relational trusting, and emotional security. 

5.5.  PRACTICAL IMPLICATIONS 

The insights from this study offer actionable recommendations for developers, clinicians, and 
digital health providers. First and foremost, perceived competence emerged as the most 
powerful predictor of usage intention. Thus, AI mental health tool designers need to address 
factual accuracy as well as expertise perception. Such an objective can be achieved through 
open system ability communication, user feedback provision, and integration of proven 
clinical knowledge bases. 

Adoption is also heavily influenced by trust, so developers should concentrate on features that 
improve perceived responsiveness, accountability, and transparency. Building the required 
trust may be possible with explainable AI (XAI) mechanisms, backup human controls, or ethical 
usage guidelines, particularly when users are dealing with delicate situations (Ehsan et al., 
2021). 

Fears about privacy decisively undercut trust, confirming that people are still worried about 
data-handling when it comes to online therapeutic devices and interaction with AI. To address 
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this, platforms should implement and clearly advertise robust data security protocols, 
including encryption, GDPR compliance, and anonymized processing. Trust seals or third-party 
certifications may also increase reassurance to more sceptical users. 

Social influence, while not influencing trust directly, did impact behavioural intention. That is, 
awareness programming, celebrity/influencer promotion, or peer testimonies could still 
improve uptake, particularly among the youth, but such initiatives must not replace the much-
needed work of building trust through an organic and comfortable way. 

Finally, facilitating conditions had a positive effect on perceived ease of use, emphasizing the 
need for accessible interfaces, stable performance, and responsive support systems. 
Organizations considering the adoption of AI chatbots as components of care paths need to 
ensure that users have the appropriate tools and expertise to use the technology easily. In 
general, the stakeholders and the developers must adopt a multi-pronged strategy: reinforce 
functionality, transmit expertise, calm fears about privacy, and provide usability aid, while 
remaining sensitive to the emotional investment inherent to the mental health context. 
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6. CONCLUSIONS AND FUTURE RESEARCH 

6.1.  CONCLUSION 

This study investigated the psychological and technological determinants affecting the 
adoption of AI-driven chatbots for mental health assistance. Utilising established frameworks 
such as the Technology Acceptance Model (TAM), the Health Belief Model (HBM), the Unified 
Theory of Acceptance and Use of Technology (UTAUT), and the Trust in Technology 
Framework, it proposed a conceptual model that identified trust as a pivotal mediator of user 
adoption. 

The findings demonstrated how crucial trust becomes when predicting a person's behavioural 
intention to utilise AI chatbots. Perceived utility, perceived chatbot ability, privacy concerns, 
and social influence were important predictors of trust. These results support the belief that 
when consumers believe automated mental health care systems are competent, helpful, and 
ethically created, they are more likely to use them. 

Additionally, it became apparent that perceived ease of use was significantly impacted by 
enabling conditions. The importance of digital access, onboarding assistance, and system 
usability in influencing how approachable users perceive these tools is highlighted by this 
relationship. Facilitating conditions' indirect influence through usability supports their 
continued significance in technology adoption models, even though they did not directly 
predict trust or intention. 

Trust and behavioural intention were shown to be particularly strongly predicted by perceived 
usefulness. Adoption was also influenced by social factors, underscoring the significance of 
professional or peer support in establishing the legitimacy of AI-based mental health services. 
Trust was badly impacted by privacy issues, highlighting how crucial data control and 
openness are. 

When combined, these findings provide a thorough understanding of the environmental and 
cognitive elements that influence how users assess AI chatbots for mental health. They back 
design approaches that prioritise emotional safety, moral principles, and open data 
governance in addition to utility and usability. 

6.2.  LIMITATIONS AND DIRECTIONS FOR FUTURE RESEARCH 

There are certain drawbacks to this study. First, the findings may not be as applicable to elderly 
populations or people with less technical experience because the sample was largely made up 
of younger, digitally proficient people. This methodology should be tested in future studies 
with samples that are more demographically varied, such as those with varying levels of 
technology access, cultural background, and mental health literacy. 

Second, the analysis was based on self-report, cross-sectional data, which can limit the ability 
to evaluate behavioural change over time and introduce typical method bias. It's possible that 
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respondents' intentions won't be fully translated into consistent use, especially in high-stakes 
or emotionally delicate situations such as mental health disclosure. For monitoring changes in 
trust, engagement, or perceived effectiveness over several contacts, longitudinal or 
experimental approaches would be more appropriate. 

Third, even though the structural equation model's overall performance was within 
reasonable bounds, certain indices point to the need for additional optimisation. In particular, 
the Standardised Mean Square Residual (SMSR) was higher than the optimal cutoff value of 
0.08, which could be a sign of unmodeled residual connections or slight model 
misspecification. Future research should think about updating the structural model to better 
capture unexplained variation, even though other fit indices like CFI, RMSEA, and TLI 
confirmed the model's validity. This could entail reassessing the connections between 
moderators and mediators, investigating alternate measurement indications, or refining the 
scale. 

Future research can improve our comprehension of AI adoption in mental health care and 
contribute to the creation of ethically sound, practical, and broadly available support systems 
by resolving these issues and broadening the model's use. 
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APPENDIX A  

Ethics Committee Report 

 

Figure A.1 - Ethics Committee Report 
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APPENDIX B 

Supplementary Statistical Outputs 

Table B1 - Construct's Skewness and Kurtosis Values 

CONSTRUCT SKEWNESS KURTOSIS 

PU1 -0.17 -1.4 

PU2 -0.14 -1.42 

PU3 0.22 -1.6 

PEOU1 -1.12 0.65 

PEOU2 -0.92 0.2 

PEOU3 -1.29 1.5 

TR1 0.1 -1.34 

TR2 0.03 -1.49 

TR3 -0.31 -1.03 

PC1 -0.34 -1.47 

PC2 -0.29 -1.46 

PC3 -0.19 -1.52 

SI1 0.87 -0.06 

SI2 -0.8 -0.39 

SI3 -0.45 -1.05 

FC1 -2.06 4.94 

FC2 -1.69 2.82 

FC3 -1.61 2.4 

STIG1 -0.48 -1.16 

STIG2 -0.5 -1.1 

STIG3 -0.33 -1.3 
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COMP1 -0.1 -1.39 

COMP2 -0.12 -1.39 

COMP3 -0.17 -1.44 

IU1 0.08 -1.46 

IU2 0.71 -0.6 

IU3 -0.48 -1.25 

 

Table B2 - Variance Inflation Factor (VIF) Table 

CONSTRUCT VIF 

PU1 7.651572 

PU2 8.899534 

PU3 3.797668 

PEOU1 2.496745 

PEOU2 3.093694 

PEOU3 2.227324 

TR1 6.309964 

TR2 4.294437 

TR3 4.123739 

PC1 7.633798 

PC2 9.207932 

PC3 7.040066 

SI1 1.674352 

SI2 3.08642 

SI3 4.347662 

STIG1 4.941432 
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STIG2 6.298904 

STIG3 4.465148 

COMP1 6.447186 

COMP2 6.098506 

COMP3 6.819791 

FC1 2.299145 

FC2 2.393619 

FC3 3.08472 

 

Table B3 - Full AVE Matrix (Fornell-Larcker Criterion) 

ITEM PU PEOU TR PC SI FC STIG COMP IU 

PU 0.885 0.639 0.728 -0.364 0.481 0.467 0.361 0.597 0.668 
PEOU 0.639 0.859 0.648 -0.336 0.561 0.657 0.395 0.621 0.587 
TR 0.728 0.648 0.882 -0.729 0.625 0.566 0.464 0.673 0.782 
PC -0.364 -0.336 -0.729 0.929 -0.395 -0.401 -0.408 -0.419 -0.562 
SI 0.481 0.561 0.625 -0.395 0.836 0.568 0.362 0.521 0.673 
FC 0.467 0.657 0.566 -0.401 0.568 0.852 0.388 0.492 0.523 
STIG 0.361 0.395 0.464 -0.408 0.362 0.388 0.88 0.444 0.409 
COMP 0.597 0.621 0.673 -0.419 0.521 0.492 0.444 0.91 0.712 
IU 0.668 0.587 0.782 -0.562 0.673 0.523 0.409 0.712 0.834 

 

Table B4 - HTMT Matrix 

ITEM PU PEOU TR PC SI FC STIG COMP IU 

PU —         

PEOU 0.716 —        

TR 0.832 0.704 —       

PC 0.414 0.397 0.821 —      

SI 0.573 0.636 0.701 0.449 —     

FC 0.539 0.732 0.625 0.463 0.623 —    
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STIG 0.472 0.479 0.508 0.514 0.429 0.462 —   

COMP 0.671 0.699 0.746 0.498 0.587 0.528 0.498 —  

IU 0.743 0.654 0.849 0.608 0.742 0.581 0.481 0.79 — 
 

Table B5 - SEM - Standardised Loadings 

LATENT CONSTRUCT OBSERVED INDICATOR STANDARDISED LOADING 

PU PU1 0.87 

PU PU2 0.9 

PU PU3 0.91 

PEOU PEOU1 0.83 

PEOU PEOU2 0.81 

PEOU PEOU3 0.84 

TR TR1 0.88 

TR TR2 0.89 

TR TR3 0.86 

PC PC1 0.92 

PC PC2 0.88 

PC PC3 0.9 

SI SI1 0.79 

SI SI2 0.8 

SI SI3 0.82 

FC FC1 0.81 

FC FC2 0.83 

FC FC3 0.8 

STIG STIG1 0.91 

STIG STIG2 0.92 
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STIG STIG3 0.89 

COMP COMP1 0.94 

COMP COMP2 0.91 

COMP COMP3 0.9 

IU IU1 0.88 

IU IU2 0.87 

IU IU3 0.89 

 
Table B6 - SEM Output - Covariances, Intercepts and Residual Variances 

PARAMETER ESTIMATE 

PU ~~ PEOU 0.45 
PU ~~ TR 0.51 
PU ~~ PC -0.33 
PU ~~ SI 0.40 

PU ~1 0.02 
PEOU ~1 0.01 

TR ~1 -0.03 
PC ~1 0.01 
SI ~1 -0.01 

PU ~~ PU 0.21 
PEOU ~~ PEOU 0.18 

TR ~~ TR 0.25 
PC ~~ PC 0.19 
SI ~~ SI 0.20 

Note: ~~ represents covariances, ~1 indicates intercepts which reflect the mean of the latent 
construct, construct ~~ construct denotes residual variances, representing unexplained 
variance in each latent variable. 
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Algorithm B1 - Specification of the Measurement and Structural Model in R 

  



   
 

 42 

APPENDIX C 

The following section presents the full questionnaire used for data collection in this study. 

Thesis Questionnaire 
 

 

Start of Block: Block 1 

 

 The purpose of this survey is to collect data for a research study as part of a Master's 
Dissertation on the acceptance of AI chatbots for mental health support. This study aims to 
explore the factors that influence individuals' trust, perceptions, and willingness to use AI-
powered mental health chatbots. Your participation in this study is completely voluntary, and 
you may withdraw at any time. The survey will take approximately 5 minutes to complete. All 
your responses will remain confidential and anonymous. If you have any questions about the 
study, please feel free to contact me at r20191270@novaims.unl.pt  Thank you very much for 
your time and participation.  By clicking the arrow button " → " below, you declare that: - You 
have read and understood the above information. - You voluntarily agree to participate in this 
study. - You are at least 18 years of age. 

 

End of Block: Block 1 
 

Start of Block: Default Question Block 
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Q1 Perceived Usefulness 

 
Strongly 
Disagree (1) 

Disagree (2) Neutral (3) Agree (4) 
Strongly 
Agree (5) 

Using an AI 
chatbot 
could 
enhance my 
ability to 
manage 
mental 
health 
concerns. 
(PU1)  

o  o  o  o  o  

I believe an 
AI chatbot 
could be a 
useful tool 
for improving 
my mental 
well-being. 
(PU2)  

o  o  o  o  o  

An AI chatbot 
could help 
me address 
mental 
health 
concerns 
more 
effectively 
than other 
resources I 
currently 
use. (PU3)  

o  o  o  o  o  
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Q2 Perceived Ease of Use 

 
Strongly 
Disagree (1) 

Disagree (2) Neutral (3) Agree (4) 
Strongly 
Agree (5) 

I believe 
interacting with 
an AI chatbot 
would be simple 
and 
straightforward. 
(PEOU1)  

o  o  o  o  o  

Learning to use 
an AI chatbot 
for mental 
health would be 
easy for me. 
(PEOU2)  

o  o  o  o  o  

I think I could 
use an AI 
chatbot for 
mental health 
support with 
little to no 
technical 
difficulty. 
(PEOU3)  

o  o  o  o  o  
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Q3 Trust 

 
Strongly 
Disagree (1) 

Disagree (2) Neutral (3) Agree (4) 
Strongly 
Agree (5) 

I would trust 
an AI chatbot 
to provide 
reliable 
mental 
health 
support. 
(TR1)  

o  o  o  o  o  

I believe an AI 
chatbot 
would handle 
my personal 
data 
responsibly. 
(TR2)  

o  o  o  o  o  

I feel 
confident 
that an AI 
chatbot 
would have 
my best 
interests in 
mind when 
offering 
support. 
(TR3)  

o  o  o  o  o  
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Q4 Privacy Concerns 

 
Strongly 
Disagree (1) 

Disagree (2) Neutral (3) Agree (4) 
Strongly 
Agree (5) 

I would be 
concerned 
about the 
security of 
my data 
when using 
an AI chatbot 
for mental 
health. (PC1)  

o  o  o  o  o  

I worry that 
an AI chatbot 
might misuse 
my personal 
information. 
(PC2)  

o  o  o  o  o  

Using an AI 
chatbot for 
mental 
health could 
expose me to 
privacy risks. 
(PC3)  

o  o  o  o  o  
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Q5 Social Influence 

 
Strongly 
Disagree (1) 

Disagree (2) Neutral (3) Agree (4) 
Strongly 
Agree (5) 

People 
important to 
me would 
encourage 
me to use an 
AI chatbot for 
mental health 
support. (SI1)  

o  o  o  o  o  

If mental 
health 
professionals 
recommend 
an AI chatbot, 
I would be 
more willing 
to use it. (SI2)  

o  o  o  o  o  

Hearing 
positive 
feedback 
from others 
would 
influence me 
to try an AI 
chatbot for 
mental 
health. (SI3)  

o  o  o  o  o  

Q6 Control Question - Please select the number 1 

o 0  

o 1   
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Q7 Facilitating Conditions 

 
Strongly 
Disagree (1) 

Disagree (2) Neutral (3) Agree (4) 
Strongly 
Agree (5) 

I have the 
resources 
(e.g., 
smartphone, 
internet) to 
access an AI 
chatbot for 
mental 
health 
support. 
(FC1)  

o  o  o  o  o  

I believe 
there would 
be sufficient 
guidance 
available to 
help me use 
an AI chatbot 
effectively. 
(FC2)  

o  o  o  o  o  

The AI 
chatbot 
would be 
available and 
accessible 
whenever I 
need it for 
mental 
health 
support. 
(FC3)  

o  o  o  o  o  
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Q8 Perceived Mental Health Stigma 

 
Strongly 
Disagree (1) 

Disagree (2) Neutral (3) Agree (4) 
Strongly 
Agree (5) 

Using an AI 
chatbot for 
mental health 
support 
might make 
me feel 
embarrassed. 
(STIG1)  

o  o  o  o  o  

I worry that 
others might 
judge me 
negatively if 
they knew I 
used an AI 
chatbot. 
(STIG2)  

o  o  o  o  o  

Concerns 
about stigma 
would make 
me hesitant 
to use an AI 
chatbot for 
mental health 
support. 
(STIG3)  

o  o  o  o  o  
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Q9 Perceived Competence of AI 

 
Strongly 
Disagree (1) 

Disagree (2) Neutral (3) Agree (4) 
Strongly 
Agree (5) 

I believe the AI 
chatbot would be 
capable of 
understanding my 
mental health 
concerns. 
(COMP1)  

o  o  o  o  o  

An AI chatbot 
could provide 
accurate and 
personalized 
recommendations 
for mental health. 
(COMP2)  

o  o  o  o  o  

I trust that an AI 
chatbot would 
offer effective 
solutions to 
support my 
mental well-
being. (COMP3)  

o  o  o  o  o  
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Q10 Intention to Use 

 
Strongly 
Disagree (1) 

Disagree (2) Neutral (3) Agree (4) 
Strongly 
Agree (5) 

I intend to 
use an AI 
chatbot for 
mental 
health 
support if it 
becomes 
available. 
(IU1)  

o  o  o  o  o  

I am likely to 
recommend 
an AI chatbot 
to others for 
managing 
their mental 
health. (IU2)  

o  o  o  o  o  

I would be 
willing to try 
an AI chatbot 
to support 
my mental 
well-being. 
(IU3)  

o  o  o  o  o  

 

 

End of Block: Default Question Block 
 

Start of Block: Block 2 
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Q11 What is your gender? 

o Male  (1)  

o Female  (2)  

o Non-binary  (3)  

 

Q12 What is your age? 

o 18-21  (1)  

o 22-25  (2)  

o 26-30  (3)  

o 31-35  (4)  

o 36-40  (5)  

o 41-50  (6)  

o 50+  (7)  
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Q13 What is the highest level of education you have completed? 

o Primary school  (1)  

o Middle school  (2)  

o High school  (3)  

o Bachelor's degree  (4)  

o Master's degree  (5)  

o Doctorate or PhD  (6)  

 

End of Block: Block 2 
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