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INTRODUCTION

1. Rationale of the research

Vietnam, with a population exceeding 100 million, is undergoing rapid economic
and demographic transitions that directly shape its healthcare needs. The country has
sustained robust economic growth, averaging nearly 7% in recent years, with GDP per
capita estimated at USD 4,806 in 2025, reflecting both rising purchasing power and an
expanding middle class (World Bank, 2024). While Vietnam is currently benefiting from
a “golden population structure” with a large working-age cohort, fertility rates have
declined below the replacement level (1.91 children per woman in 2024; 1.39 in Ho Chi
Minh City), and the country is projected to enter an “aged society” by 2035, raising
concerns about future healthcare demand (Le, 2025). At the same time, the healthcare
system remains under strain: with only 11.07 physicians per 10,000 population, among
the lowest in the region, Vietnam faces high patient-to-doctor ratios, clinician burnout,
and risks of compromised diagnostic accuracy (World Health Organization, 2022).
These pressures coincide with the country’s rising digital readiness, with over 70%
internet penetration, near-universal smartphone use, and substantial improvements in
national digital infrastructure, making the population increasingly receptive to digital
health solutions (Chuc and Anh, 2023; Ministry of Science and Technology, 2024; Vu
and Nguyen, 2024). With an estimated 13 million middle-class consumers driving
demand for modern healthcare, Vietnam represents a particularly promising market for
Al-enabled health innovations (Flanders Investment & Trade, 2023).

1X



Globally, Al applications now span a wide range of consumer touchpoints,
including personalized recommendations, virtual assistants, automated decision-
making, and predictive analytics, fundamentally transforming how consumers interact
with products and services (Davenport et al., 2020). Al technologies have been widely
adopted across diverse sectors, including healthcare, finance, retail, education, and
transportation, where they support tasks such as diagnostics, fraud detection, customer
engagement, personalized learning, and autonomous driving (Davenport et al., 2020;
Dwivedi et al., 2021; Kelly, Kaye and Oviedo-Trespalacios, 2023). Unlike other sectors,
healthcare is one of the most promising yet challenging domain for artificial intelligence
(AI). In other sectors, Al is mainly leveraged to improve efficiency or reduce costs, and
at most, what is at risk are the economic or business outcomes. Meanwhile, in the
healthcare sector, the stakes are considerably higher, as decisions directly affect human
lives and wellbeing (Topol, 2019). Al applications already span diagnostic imaging,
predictive analytics for disease outbreaks, personalized treatment planning, robotic-
assisted surgery, and administrative process automation (Davenport and Kalakota,
2019). These innovations can reduce medical errors, enhance accuracy, and alleviate
inefficiencies, especially in under-resourced systems such as those in many developing
countries (Khanijahani et al., 2022; Li and Wang, 2024; Roppelt, Kanbach and Kraus,
2024). The urgency of such solutions is heightened by mounting global challenges,
including escalating healthcare costs, ageing populations, increasing prevalence of
chronic diseases, and the unequal distribution of medical resources (World Health
Organization, 2024, 2025).

In contrast to the extensive body of research on AI adoption in developed
countries, studies from developing countries, aside from China, are still comparatively
limited (Kelly, Kaye and Oviedo-Trespalacios, 2023; Jain, Wadhwani and Eastman,
2024). Studying developing countries is essential because the conditions that shape
medical-Al adoption (e.g., workforce shortages, uneven digital maturity, data-sharing
barriers, and differing trust and risk perceptions) often diverge markedly from those in
high-income settings. Without specific evidences from Low- and Middle-Income
Countries (LMIC), adoption models risk poor external validity and may exacerbate
inequities rather than close them (World Health Organization, 2021; Ciecierski-Holmes
et al., 2022; Kaushik et al., 2025). In LMIC health systems, Al is frequently framed as a
“leapfrog” technology to extend scarce clinical capacity and optimize workflows, but
systematic reviews stress that benefits depend on fit with local infrastructure, governance,

and public attitudes, which are context-sensitive (Young et al., 2021; Ciecierski-Holmes



et al., 2022). Vietnam represents a particularly salient case, as it combines relatively
strong digital readiness, with internet penetration reaching approximately 79 percent in
2025, and an active national digital health agenda, while hospital digital maturity and Al
implementation remain nascent and uneven, especially outside major urban centers.
(Vuong et al., 2019; Tran et al., 2022; Ministry of Science and Technology, 2024). At
the same time, Vietnam faces demographic ageing and persistent workforce constraints,
prompting government targets to raise physician density (e.g., to 15 per 10,000 by 2025),
underscoring demand-side pressure for scalable digital solutions (Nguyen, 2024). These
features make Vietnam an informative LMIC setting for studying the determinants of
consumers' medical Al adoption intention. Furthermore, in transitional economies such as
Vietnam and China, multiple value systems can coexist within the same individual due to
sustained exposure to foreign cultural influences (Zhang and Shavitt, 2003; Nguyen,
Smith and Cao, 2009). In this context, self-concept is a salient, context-specific factor
because attitudes and intentions to adopt novel technologies, such as medical Al, may be
embraced by consumers oriented toward a modern self but resisted by those oriented

toward a traditional self.

Despite the potential of medical Al, the adoption of such systems remains
modest, particularly among consumers (Frank et al., 2021; Yang, Ngai and Wang,
2024). Al adoption by consumers in general, including in the healthcare sector, faces
unique barriers rooted in psychological factors (Longoni, Bonezzi and Morewedge,
2019; Dwivedi et al., 2021; Young et al., 2021). Studies on consumer adoption of Al
have revealed inconsistent findings, with some consumers demonstrating receptiveness
while others showing resistance. Few have suggested that consumers intend to adopt Al
when trust, perceived performance, perceived usefulness, and emotional engagement are
strong (Ye et al., 2019; Chatterjee et al., 2021; Ma and Huo, 2023). Also, consumers
showed higher acceptance of Al-based advisors when they interacted in a human-like
conversational style (Hildebrand and Bergner, 2021). Notably, the study of Logg et al.
(2019) found that consumers preferred Al system over human in domains of forecasting
and personal decision-making. However, resistance to adopt Al due to algorithmic
aversion, or fears that Al neglects individual uniqueness has also been reported
(Dietvorst, Simmons and Massey, 2015; Castelo, Bos and Lehmann, 2019; Longoni,
Bonezzi and Morewedge, 2019). In healthcare, patients often express reluctance to adopt
Al-driven services due to a lack of trust, concerns about privacy and data security, and

the fear of replacement of human judgment by machine intelligence (Longoni, Bonezzi



and Morewedge, 2019). Further, Young (2021) synthesizes 23 studies and concludes
that, although patients and the public are broadly positive about clinical Al, they hold
persistent reservations and prefer human supervision. The preference for a human doctor
signals psychological barriers tied to trust, perceived loss of the “human touch,” and
anxiety about errors. They also highlight that attitudes are context-dependent, shaped by
how Al is framed and by local expectations of care. Building on this, von Walter et al.
(2022) show that consumers’ lay beliefs about Al (e.g., believing Al is more intelligent
than humans) predict adoption of algorithmic advice, particularly on complex tasks. This
is a clear demonstration that beliefs act as heuristics guiding acceptance (von Walter,
Kremmel and Jédger, 2022). Early “Al-in-service” work largely emphasised capability
and task—technology fit, while calling for deeper psychological antecedents, leaving the
beliefs pathway comparatively underdeveloped (Huang and Rust, 2018). In healthcare
and other sensitive domains, task type and role also interact with beliefs: people are
more willing to accept algorithms in objective or routinised tasks than in interpretive or
personal roles, reflecting anthropocentric preferences for human agency in “human”
roles (Nass et al., 1995; Castelo, Bos and Lehmann, 2019). Together, these findings
motivate research on specific beliefs, for example, anthropocentrism (the belief in
human dominance and central role) and techno-optimism (a general conviction that
technology improves control, efficiency, and outcomes). Empirically, optimism about
technology is predictive of adoption across many technologies: a large meta-analysis of
Technology Readiness (TR) finds the optimism dimension a robust antecedent of
technology use; healthcare reviews likewise report positive effects of optimism on
telehealth acceptance (e.g., multi-country evidence where optimism significantly
predicts use) (Blut and Wang, 2020). Nonetheless, research on the impact of specific
beliefs and the cognitive mechanism via which beliefs influence behavioral intention
of consumers is often overlooked by conventional theories (e.g. Theory of Planned
Behavior, Social Cognitive Theory)(Granados Samayoa and Albarracin, 2025).
Drawing on the taxonomy of beliefs and the concept of belief-to-behavior inference
(reasoning process that connects beliefs to behaviors) proposed by Samayoa and
Albarracin (2025), this dissertation aims to unveil the role of anthropocentrism and
techno-optimism in medical Al adoption of consumers by adopting Behavioral
Reasoning Theory. This is a model that Westaby (2005; 2025) considered as most

suitable to study these issues.



For the above reasons, it is critical to investigate medical Al adoption,
specifically factors driving intention to use medical Al of consumers in Vietnam.
Therefore, the author decided to work on the research topic ‘Determinants of
intention to use artificial intelligence in healthcare: an empirical study in
Vietnam’. This dissertation enriches the understanding of psychosocial factors that
shape consumers’ intention to adopt medical Al in a developing country, such as
Vietnam. Studying the impact of beliefs, the context-specific reasons, and the cognitive
mechanisms that connect beliefs to behavioral intention also contribute to the
theoretical understanding of the belief-to-behavior-inference, which Samayoa and
Albarracin (2025) proposed. These findings provide a basis for actionable strategies in
product design, user communication, and onboarding for healthcare providers and
medical Al developers, and offer practical guidance to support the responsible and
effective diffusion of medical Al in similar settings. In this dissertation, the terms “use”

and “adoption” of medical Al are used interchangeably.

2. Research objectives, subjects, and scope of the research

Research objectives

The general objective of this dissertation is to examine consumers’ intention to
adopt artificial intelligence in healthcare in Vietnam, with a particular focus on the
current level of adoption intention, the key psychosocial factors shaping this intention,
and the practical implications for healthcare providers, technology developers, and

policymakers. Following that, the specific objectives of this dissertation are as follows:

1. To assess the current state of consumers’ intention to adopt artificial intelligence

in healthcare in the Vietnamese context.

2. To identify key psychosocial factors influencing consumers’ intention to adopt

healthcare Al, drawing on a belief-based theoretical framework.

3. To examine the effects of these psychosocial factors on consumers’ adoption

intention toward Al-based healthcare services.

4. To derive practical managerial and policy implications for stakeholders
involved in the development, deployment, and governance of healthcare Al in

developing economies.

Research subjects



The research subjects of this dissertation are the determinants of consumers’

intention to adopt medical artificial intelligence.
Scope of the research

Research context: This dissertation examines the factors influencing consumers’

intention to adopt artificial intelligence technologies in healthcare.

Scope of content: This dissertation investigates the beliefs and relevant
reasoning factors that influence consumers’ intention to adopt medical Al,
specifically Artificial Intelligence Medical Decision Support Systems (AIMDSS).
AIMDSS is among the most widely used medical Al systems currently used in

healthcare for diagnostic support.

Research space: This dissertation is situated in the healthcare context of a

developing country, with Vietnam serving as a representative case.

Research period: Primary data (qualitative and survey data) was collected from
2022 to 2024.

3. Research questions

Prior research has predominantly focused on technological and functional
attributes of Al; less attention has been paid to the broader sociocultural context and
individual-level perceptions that may facilitate or hinder Al adoption, especially in
developing countries. By investigating these understudied dimensions, the study
contributes to a more holistic understanding of Al adoption in healthcare. Following

that, this dissertation aims to address two research questions:

Research question 1: What belief factors influence the intention to adopt Al in

the healthcare context?

Research question 2: How do these beliefs impact the intention to adopt Al in the

healthcare context?
4. Research methodology

To comprehensively examine the determinants of consumer adoption intention of
artificial intelligence (AI) in healthcare, this dissertation adopts a mixed-methods
research design. A combination of qualitative and quantitative approaches is employed
to enhance the depth, contextual relevance, and generalizability of the findings. This

design is particularly appropriate given the complexity of the phenomenon under



investigation, which involves not only rational decision-making but also belief systems

and other psychological factors.

The qualitative component aims to explore consumers' underlying beliefs,
reasons, and perceptions surrounding Al in healthcare. This phase involves semi-
structured interviews with a diverse sample of informants, including doctors,
policymakers, medical Al developers, and consumers across urban and rural areas
in Vietnam, and focus group discussions with participants recruited from a
university in Hanoi. The purposive sampling strategy ensures variation in
demographic characteristics, digital literacy, and healthcare experience. Focus
groups help identify common reasoning patterns and cultural attitudes, while
interviews allow deeper exploration of individual experiences and psychosocial

drivers of adoption or resistance.

Insights from the qualitative phase help elicit factors and specify hypotheses for
the quantitative phase. The quantitative study was conducted to test the conceptual

model and hypotheses derived from the literature and qualitative findings.

Data were collected from consumers in Vietnam via both offline (paper-based)
and online (web-based) survey distribution to maximize reach and representativeness.
The study employed partial least squares structural equation modeling (PLS-SEM),
using SmartPLS for data analysis. The detailed description of the research methodology
used in this dissertation is presented in Chapter 2.

5. Contributions of the research

This dissertation makes several important theoretical contributions to
understanding consumer adoption of medical Al, specifically AIMDSS. First, it extends
Behavioral Reasoning Theory (BRT) by foregrounding the role of coexisting beliefs in
shaping adoption intentions, thereby addressing a limitation of prior studies, which
typically examine single beliefs and assume unidirectional reasoning effects. By
examining techno-optimism and anthropocentrism simultaneously, the study
demonstrates that beliefs can concurrently activate both supportive and opposing
reasons for adoption, capturing consumers’ cognitive ambivalence toward medical Al.
The validated serial mediation mechanism (belief — reason — attitude — intention)
further clarifies how abstract, distal beliefs are translated into behavioral intentions
through context-specific reasoning processes, thereby advancing belief-to-behavior

inference in technology adoption research. Second, the study contributes to the medical



Al adoption literature by identifying a context-specific configuration of reasons for and
against adoption in the Vietnamese healthcare context, where initial trust, personal
innovativeness in the domain of health technology, and modern self function as key
drivers, while perceived threats and traditional self serve as major sources of resistance.
These findings reinforce the importance of trust, introduce personal innovativeness in
the domain of health technology as a distinct determinant, and highlight the role of
sociocultural identity in shaping consumer responses to medical Al. Finally, the study
advances understanding of anthropocentrism by revealing its context-sensitive
ambivalence: rather than operating solely as a barrier, anthropocentric beliefs can both
facilitate and hinder adoption depending on whether Al is framed as human-enhancing
or human-replacing, thereby extending existing consumer behavior literature beyond a

unidimensional view of anthropocentrism.

From a practical perspective, the dissertation offers implications for healthcare
providers, medical Al developers, and policymakers, thereby promoting wider adoption
of medical Al among consumers and supporting the successful implementation of this

technology in Vietnam.
6. Structure of the dissertation

This dissertation includes four chapters, as follows:

Chapter 1: Literature review and hypotheses development. In this chapter, the
author reviews key concepts such as artificial intelligence, Al adoption, and existing
research on Al adoption in diverse contexts, including healthcare. The theoretical

background and theoretical framework are also presented.

Chapter 2: Research methodology. In this chapter, the author presents the
research methodology, including sampling methods, data collection procedures, and

research analysis techniques.

Chapter 3: Research findings. In this chapter, the author presents the results of
both qualitative and quantitative research. The quantitative results include reliability
testing of measurement scales, model assessment for both level constructs, hypothesis

testing results, and model fit assessment.

Chapter 4: Discussion and implications. In this chapter, the author discusses the
research results and presents both theoretical and policy implications. The author also

discusses the dissertation's contributions and limitations and suggests future research.



CHAPTER 1: LITERATURE REVIEW AND HYPOTHESES
DEVELOPMENT

1.1. Literature review
1.1.1. Overview of AI and Al in healthcare
1.1.1.1. Definition of Al

Artificial Intelligence (AI) has been conceptualized in diverse ways across
disciplines, reflecting its multifaceted nature and wide-ranging applications, as
summarized in Table 1.1. In the literature, artificial intelligence (AI) is defined using
two distinct but complementary perspectives. Some scholars conceptualize Al as a
scientific field or application domain, referring to the study, design, and use of
computational techniques that aim to replicate or simulate intelligent behavior. From
this perspective, Al is framed as a discipline or body of methods focused on modeling
intelligence as computational processes (Minsky, 1988; McCarthy, 2007; Russell and
Norvig, 2016; Dwivedi et al., 2021). Meanwhile, some scholars define Al as a machine,
system, or artifact, emphasizing the observable capabilities of Al-enabled systems. In
this view, Al refers to computational systems that can perceive their environment, learn
from data, reason, and act autonomously to achieve specific goals, often performing
tasks that would otherwise require human intelligence (European Commission, 2018;
Haenlein and Kaplan, 2019; Topol, 2019; Huang and Rust, 2021a). In applied domains
such as healthcare, the latter definition of Al is more commonly used (Topol, 2019;
Khanijahani et al., 2022). Thus, this dissertation adopts this definition of Al

Table 1.1. Review of Al definitions

No. Definition Author (Year)
Al involves using computer systems to replicate human-like
.V. .V u g. Py . Y : P .. ! ) Huang & Rust
1  capabilities, including physical actions, cognitive processing, (2021a)
a

and emotional responses.

Al s adiscipline that seeks to understand and replicate intelligent ~ Russell &
behaviors by modeling them as computational processes. Norvig (2016)

Al systems demonstrate intelligent behavior by perceiving their ~ European
3 environment and independently making decisions to fulfill Commission

defined objectives. (2018)
4 Al is the science of enabling machines to execute tasks that Minsky
would demand intelligence if done by humans. (1988)



No. Definition Author (Year)

Al refers to systems that can correctly process external Kaplan &
5 information, learn from it, and adapt their actions to achieve Haenlein
specific goals. (2019)

Al includes a variety of methods allowing computers to mimic L
Dwivedi et al.

6 intelligent actions, such as learning, reasoning, and self- (2021)

correction.

Al generally describes machines that perform human-like
7  cognitive tasks, such as recognizing images, making decisions, Topol (2019)
translating languages, or understanding speech.

g “The science and engineering of making intelligent machines, = McCarthy
especially intelligent computer programs” (2007)
Al is a broad category of technologies designed to automate Davenport &
9 business processes, gain insights from data, or engage customers Ronanki

and employees. (2018)

1.1.1.2. Classification of Al

Artificial Intelligence (AI) can be classified in multiple ways depending on its
capabilities, functions, embodiment, and application contexts. A widely used
classification based on capability distinguishes three levels: narrow (weak) Al, which
excels at specific tasks like image recognition or language translation; general Al, which
hypothetically possesses versatile, human-like cognitive abilities; and superintelligent
Al, which would outperform humans across virtually all domains (Goertzel and
Pennachin, 2007; Bostrom, 2014; Russell and Norvig, 2016; Haenlein and Kaplan,
2019). These categories highlight the evolving complexity of Al while framing it within

both current capabilities and future aspirations.

Another classification method focuses on functionality, distinguishing Al into
reactive machines, limited memory systems, theory of mind Al, and self-aware Al
(IBM, 2023). Reactive machines respond to specific inputs with pre-programmed
outputs without memory or learning capabilities. Limited memory systems, such as
Al in autonomous vehicles or medical diagnostics, can learn from historical data to
inform future decisions. Theory-of-mind AIl, still under development, aims to
understand human emotions and intentions. In contrast, self-aware Al, representing
the most advanced stage, would possess consciousness and self-perception, though

it remains hypothetical.
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Complementing this capability-based view, Glikson and Woolley (2020) propose
an embodiment-based classification that is particularly relevant to user perceptions and
trust. They differentiate Al systems by their physical manifestation: physical (robotic)
Al, such as service or industrial robots; virtual Al, such as chatbots and virtual agents;
and embedded Al, which operates invisibly within tools or platforms. Their meta-analysis
emphasizes how embodiment, whether Al is tangibly present, graphically visible, or
unobtrusively integrated, affects trust development, with physical and virtual forms often

eliciting greater emotional engagement than embedded systems.
1.1.1.3. Al in healthcare

Given the rapid advances in Al in recent years, it has become an increasingly
integral component of healthcare innovation, offering substantial improvements in
accuracy, efficiency, and personalization across a wide range of medical domains. In
healthcare, most implemented Al technologies fall under the category of narrow Al. These
include a diverse array of applications such as Al-powered chatbots, robotic surgical
systems, embedded Al in wearable health devices, and anthropomorphic healthcare robots
designed to enhance patient interaction (Topol, 2019; Khanijahani et al., 2022). Thus, to
study the determinants of consumers’ intention to adopt Al in healthcare, it is essential to

understand the concept of Al and its applications in healthcare.
Definition of Al in healthcare/ medical Al

In the medical context, Artificial Intelligence (AI) in healthcare, or medical Al,
refers to the technological systems capable of processing and analyzing data, making
decisions, and assisting healthcare professionals by simulating human cognitive abilities
(Khanijahani et al., 2022). The use of this system has reportedly been increasing in both
developed and developing healthcare settings (Prakash and Das, 2021; Khanijahani et
al., 2022; Li and Wang, 2024).

Application of medical Al

Al applications in healthcare can be broadly categorized into diagnostic support,
treatment planning, patient engagement, operational management, and drug discovery
(Khanijahani et al., 2022; Roppelt, Kanbach and Kraus, 2024). Among Al applications
in healthcare, robotic surgery represents a frontier where Al is applied to enhance
surgical precision, reduce variability, and enable minimally invasive procedures. Al-
powered robotic systems can assist in preoperative planning and intraoperative
navigation, improving patient outcomes and recovery times (Hashimoto et al., 2018).

In patient-facing applications, Al chatbots and virtual health assistants are being used to
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facilitate appointment scheduling, triage symptoms, remind patients of medication, and
provide health education. These systems can improve patient engagement, particularly
in settings where access to medical personnel is limited (Nadarzynski et al., 2019;
Kurniawan et al.,, 2024). Embedded AI in wearable health devices and remote
monitoring systems further enables real-time data collection and health tracking,
supporting preventive care and chronic disease management. These tools are especially
beneficial for managing conditions such as diabetes, hypertension, and heart disease,
offering patients and providers timely insights and alerts (Zeng, Cao and Neill, 2021;
Shaik et al., 2023). Moreover, Al has shown significant promise in pharmaceutical
research, where machine learning algorithms expedite the identification of potential
drug candidates, predict molecular interactions, and optimize clinical trials (Mak and
Pichika, 2019). This accelerates the traditionally lengthy and costly drug development
process. Thus, the potential benefits of Al adoption in healthcare are considerable,

particularly for developing countries like Vietnam.

Besides those applications of Al in healthcare, one of the most prominent and
impactful applications is Al-based medical decision support systems (AIMDSS), a
system that assists users with timely, accurate, and relevant diagnostic suggestions,
treatment recommendations, and risk predictions by processing complex clinical data of
patients (Fan et al., 2020; Yang, Ngai and Wang, 2024). AIMDSS can be considered a
form of narrow Al, as they are designed to perform specific, well-defined clinical tasks.
In healthcare, AIMDSS typically exist in an embedded form within medical devices or
clinical information systems, where they analyze domain-specific data such as medical
images, endoscopic videos, or patient records to support physicians in diagnosis and
clinical decision-making under human supervision (Fan et al., 2020; Li and Wang,
2024). These systems have shown measurable benefits in reducing diagnostic errors,
improving clinical efficiency, and enabling evidence-based decision-making (Fan et al.,
2020; Li and Wang, 2024). The adoption of AIMDSS is considered as the solution to
misdiagnosis and low efficiency in medical diagnosis, which are major issues in
developing countries ( i.e., China, Vietnam, etc) (Fan et al., 2020; Tran et al., 2021). Al
in diagnostics has seen particular success in medical imaging and pathology. Deep
learning models are now capable of detecting abnormalities in radiological scans (e.g.,
CT, MRI, and X-rays) with accuracy comparable to, and in some cases exceeding, that
of human experts (Fan et al., 2020). These tools are increasingly deployed in radiology,

dermatology, and ophthalmology for tasks such as tumor detection, diabetic retinopathy

12



screening, and fracture identification'. An example of an AIMDSS in Vietnam is the
well known DrAid, developed by VinBrain, which was subsequently sold to tech giant
NVIDA in 2024 (VietNamNet, 2024). Given the increasing use and the availability of
AIMDSS in Vietnam (Thu, Nguyen and Taylor-Robinson, 2023), this dissertation
investigate the determinants of consumers’ intention to adopt this specific Al in their
healthcare services. In this dissertation, the author would use AIMDSS and medical Al

interchangeably to refer to Al based systems that support clinical decision making.
Medical Al is transforming healthcare service delivery, yet facing consumers's resistance

Despite its advantages in providing efficient and timely services, the adoption of
Al in healthcare settings faces a critical challenge, which is the adoption by healthcare
professionals and consumers/patients. The transition from the traditional healthcare
context, where services are primarily delivered by physicians with the support of health
information technology (HIT), to the emerging model in which medical Al systems
collaborate with physicians to provide care to patients, is illustrated in Figure 1.1. Health
information technology (HIT) refers to integrated systems that collect, store, manage,
and transmit information related to the health of individuals or activities of
organizations, such as electronic health records (EHRs), hospital information systems,
and telemedicine platforms (Bhattacherjee and Hikmet, 2007; Yang, Ngai and Wang,
2024). Compared with traditional health information technology (HIT), medical Al
possesses three distinctive characteristics: (1) the ability to make autonomous decisions
without human intervention, (2) the capacity for self-learning that improves through
exposure to data and experience, and (3) an inherent opacity that makes its decision-
making processes difficult for users to interpret (Berente et al., 2021; Yang, Ngai and
Wang, 2024). These unique characteristics raise various concerns for patients regarding
privacy protection, the lack of transparency in Al-generated diagnoses, and unclear legal
accountability. Such challenges highlight that adoption of medical Al is fundamentally
different from that of traditional HIT, as Al systems do not merely process or transmit

information but actively participate in clinical reasoning and decision-making.

In the emerging health service context, the medical service is delivered jointly by
both physician and medical Al, and the former is the one who has the final decision on
diagnosis and treatment of the patients. However, it would be a shortcoming to overlook
consumers' intention to adopt medical Al in their healthcare services. In healthcare,
autonomy is a fundamental ethical principle that affirms a patient’s right to make

! Tlustration of AIMDSS systems and its application is in the Appendix 3, in which author provided definition
and example of the systems.
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informed decisions about their own care (Pham, 2025). As healthcare delivery
increasingly incorporates Al technologies, patients must therefore be informed about
how these tools are used in diagnosis and treatment and the implication for their health
outcomes, as illustrated in the emerging health service context shown in Figure 1.1. This
requires transparent communication about the role of Al in clinical decision-making, its
limitations and uncertainties, and the patient’s right to seek second opinions or choose
alternative options (Pham, 2025). Accordingly, patients and healthcare consumers
should possess full awareness and autonomy when deciding whether to accept or decline
the use of medical Al within their care. As developing countries such as Vietnam move
toward building regulatory frameworks for medical Al (Chanh et al., 2023), consumers
are expected to play a more active role in these decisions, replacing the current

ambiguity surrounding Al use in healthcare.

Despite medical AI’s advancement, existing studies suggest that consumers resist
to adopting this technology in their healthcare services (Khanijahani ez al., 2022; Li and
Wang, 2024; Yang, Ngai and Wang, 2024). Evidence from more developed countries
indicates that many patients express hesitation or resistance toward medical Al due to
concerns related to safety, trust, uniqueness neglect, and ethical transparency (Jain,
Wadhwani and Eastman, 2024; Yang, Ngai and Wang, 2024; Li and Wang, 2024;
Longoni, Bonezzi and Morewedge, 2019). Thus, in order to support wider adoption and
reduce disparities in healthcare quality across regions, gaining a deeper understanding
of consumer acceptance of medical Al in Vietnam is both timely and essential. In
particular, this dissertation would focus on examining factors determining consumers’
intention to adopt AIMDSS in Vietnam.

Technolo
Technology &

(HIT)

(Medical AT)

(sl
. seek health care service . . seek health care service .
Physician provide health care service Patient Physician provide health care service Patient
Traditional Health Service Context Emerging Health Service Context

Figure 1.1. The relationship among technology, physician and patient

Source: Yang et al. (2024)
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1.1.2. Consumers’ adoption of Al in healthcare
1.1.2.1. Consumers’ adoption of Al in healthcare: an emerging topic

Over the past two decades, the domain of consumer behavior has undergone a
substantial transformation, largely driven by rapid advancements in artificial
intelligence (Al). In today’s volatile and fast-evolving marketplace, consumer needs,
preferences, and behaviors continue to shift at an unprecedented pace. To remain
competitive and responsive to these changes, organizations are increasingly integrating
Al technologies across a range of business functions. Al enables firms to deliver highly
personalized customer experiences, optimize market segmentation, improve targeting
precision, and automate various marketing and operational tasks, resulting in enhanced
efficiency, scalability, and accuracy. The expanding capabilities of Al have moved
beyond routine automation to encompass complex cognitive functions, including those
that require adaptive decision-making and contextual comprehension (Dwivedi et al.,
2021). Consequently, the deployment of Al now spans nearly all sectors, including
highly sensitive and knowledge-intensive domains such as healthcare. In this context,
Al has evolved from being a source of strategic differentiation to an essential

infrastructure for organizational sustainability and growth.

In response to these shifts, Jain et al. (2024) conducted a comprehensive review
and identified five prominent research themes that define the intersection of Al and
consumer behavior. These themes include: (1) the impact of Al on consumer behavior;
(2) consumer decision-making processes involving Al agents; (3) consumer adoption of
Al technologies; (4) acceptance and trust in Al systems; and (5) consumer perceptions

of and emotional responses to Al.

Among the five major research clusters on artificial intelligence (AI) and
consumer behavior, clusters three (consumer adoption), four (trust and acceptance), and
five (perception and response) are especially salient and closely interconnected. Indeed,
these topics have received increasing intention in recent years. Given the increasing
application of medical Al in healthcare services, understanding factors that shape
consumers’ attitude and intention to adopt medical Al is considered as a key stream
of research in Al adoption studies in recent years (Khanijahani et al., 2022; Yang,
Ngai and Wang, 2024; Jain, Wadhwani and Eastman, 2024). A review by Yang et al.
(2024) shows that the number of publications on medical Al adoption has surged
notably since 2020, reflecting increasing attention to this topic. Studies also suggest

that consumers’s resistance toward medical Al is ongoing, despite AI’s advancement
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in the field of healthcare (Longoni, Bonezzi and Morewedge, 2019; Yang, Ngai and
Wang, 2024). Moreover, Yang et al. (2024) noted that research in this domain remains
in its infancy and that the existing body of knowledge is still fragmented. Thus, there
is a strong need for further investigation into Al adoption intention and its driving
factors for underexplored services in specific and impactful contexts such as
healthcare (Jain, Wadhwani and Eastman, 2024, p. 16; Yang, Ngai and Wang, 2024).

1.1.2.2. Consumers’ adoption of medical Al in studies
The need for new theoretical perspectives on Al Adoption in healthcare

Given the increasing attention to understanding determinants of Al adoption,
numerous studies have investigated this issue through various theoretical lenses. This
section reviews key theories that have been commonly employed to study Al adoption.
In the field of consumer behavior, several theories have been applied to study Al
adoption, including the Technology Acceptance Model, the Theory of Planned
Behavior, the Unified Theory of Acceptance and Use of Technology, the Artificially
Intelligent Device Use Acceptance model, the Value-Attitude-Behavior model and
Uniqueness theory (Prakash and Das, 2021; Khanijahani et al., 2022; Mariani, Perez-
Vega and Wirtz, 2022; Jain, Wadhwani and Eastman, 2024).

In the healthcare domain, research often relies on established theories such as
TAM, TPB, and UTAUT to study medical Al adoption (Prakash and Das, 2021; Mariani,
Perez-Vega and Wirtz, 2022). For example, Ye et al. (2019) employed TPB in a cross-
sectional study of healthcare professionals in China, found that attitude, subjective
norm, and perceived behavioral control significantly predicted intention to adopt Al,
with perceived risk and trust acting as important mediators. In healthcare contexts, Fan
etal. (2020) applied UTAUT to medical professionals’ adoption of Al-based diagnostic
support systems, identifying performance expectancy, effort expectancy, and
facilitating conditions as significant predictors of adoption intention. Similarly, Tran
et al. (2021) found that among Vietnamese prospective physicians, behavioral intention
to use Al-assisted diagnosis was strongly influenced by performance expectancy,
professional demand, and perceived organizational support. However, past research has
also suggested that TAM and UTAUT leave out social and cultural factors in explaining
technology adoption behavior (Bagozzi, 2007; Ho et al., 2022). In addition, some
limitations associated with TAM in studying healthcare have been noted (Holden and
Karsh, 2010). Holden and Karsh (2010) suggested that while TAM can predict a
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substantial portion of health-IT acceptance, the theory have not accounted sufficiently for
the complex contextual factors and the salient beliefs that influence technology use in
healthcare settings. Furthermore, there is a call for examining the determinants of medical

Al adoption from another theoretical perspective (Jain, Wadhwani and Eastman, 2024).

Some other emerging theoretical approach is uniqueness theory, proposed by
Snyder and Fromkin (1980), posits that individuals have a fundamental motivation to
perceive themselves as distinct from others, and this need for uniqueness influences
their attitudes, preferences, and behaviors. The theory suggests that people strive to
maintain an optimal level of distinctiveness, avoiding excessive similarity with others
while also steering clear of extreme deviation that may result in social isolation or
rejection. In consumer behavior research, the need for uniqueness has been linked to
the adoption of innovative products, non-conformist brand preferences, and early
adoption of emerging technologies (Tian, Bearden and Hunter, 2001). Longoni et al.
(2019) conducted a series of experiments to investigate consumer resistance to medical
artificial intelligence, demonstrating that people often prefer human physicians over
equally or more accurate Al systems. Drawing on uniqueness theory, they found that
this resistance was partly driven by the perception that Al-provided care lacks
personalization and fails to acknowledge patients’ individual characteristics. Their
findings suggest that when individuals perceive themselves as unique, they are more
likely to distrust algorithmic recommendations and favor human judgment, even at the
expense of accuracy. This highlights the relevance of uniqueness needs in shaping
attitudes toward Al in healthcare. Furthermore, it reflects a human-centered belief that
people are inherently more capable than machines in performing judgment-intensive

tasks, aligning with the core tenets of anthropocentrism.

To address limited attention to contextual and motivational factors of previous
theories, Westaby (2005) introduced Behavioral Reasoning Theory (BRT), building on
the Theory of Planned Behavior to explain the role of behavioral rationality in
individual decision-making. Behavioral rationality refers to the reasons that motivate
individuals to support or oppose specific behaviors (Westaby, 2005). As outlined by
Westaby (2005), human beliefs or values shape these reasons, which in turn function
as proximal determinants of attitudes and intentions. By emphasizing the central role
of human reasoning in linking beliefs, motives, and behavioral intentions, BRT
provides a comprehensive framework for understanding consumer decision-making in

complex technological contexts. In healthcare domain, Li and Wang (2024) found that
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Chinese consumers’ value of “openness to change” significantly influenced their
reasons for and against adopting Al-assisted diagnostic systems (AIMDSS), and those
context-specific reasons played a central mediating role in shaping both attitudes
toward and intention to adopt AIMDSS. Despite the growing use of BRT in consumer
behavior research, including studies on Al adoption, its applications have
predominantly focused on values, leaving the influence of human beliefs on
consumers’ intentions to adopt products or services relatively understudied (Sahu,
Padhy and Dhir, 2020; Jain, Wadhwani and Eastman, 2024; Westaby, Rosemarino and
Elliot, 2025). Additionally, Mariani et al. (2022) suggest that the reasons supporting or
opposing Al adoption differ markedly between healthcare and consumer-goods
contexts. Thus, employing BRT would offer deeper insights into the factors that
facilitate or hinder Al adoption across these distinct settings, such as human beliefs

and context-specific reasons.
The predominance of quantitative methods and the call for new insights

Regarding research methodology, as illustrated in Figure 1.2, Jain et al. (2024)
reveals a clear methodological inclination toward experimental research designs, which
constitute 67 out of 107 studies, making it the most dominant approach. This indicates
a strong preference in the field for controlled testing of causal hypotheses, particularly
in consumer behavior contexts where experimental realism and internal validity are
prioritized. In contrast, traditional quantitative (11 studies), qualitative (5), mixed-
method (6), and computational research (5) remain relatively underrepresented,
highlighting an opportunity for methodological diversification in future research. The
low count of qualitative and mixed methods is particularly notable given the increasing
recognition of the need to explore contextual and subjective experiences in Al adoption.
Conversely, in healthcare settings, experimental methods are rare. Both Khanijahani et
al. (2022) and Roppelt et al. (2024) found that most healthcare Al studies are cross
sectional surveys, and only 3 studies used experimental methods among the 130
reviewed by Roppelt et al. (2024). Furthermore, SEM remains a prevalent technique,
especially in healthcare (e.g., 11 out of 27 in Khanijahani et al. (2022); 15 out of 130 in
Roppelt et al. (2024)), though it is used more extensively in consumer-focused research.
Therefore, this reflects a substantial methodological gap. Jain et al. (2024) suggest that
there is a dearth of studies using qualitative, and mixed method approaches. Moreover,
Jain et al. (2024) suggests the employment of these methods are necessary to ideate new

concepts and linkages, and promote better understanding of consumers’ adoption of Al
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This need is particularly salient in complex contexts such as healthcare, where adoption

decisions are shaped by multifaceted cognitive and contextual factors.
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Figure 1.2. Research design characteristics in literature
Source: Jain et al. (2024)

Limited evidence from developing countries beyond China

As Jain et al. (2024) argue, there is a growing need to incorporate cultural and
societal considerations into AI consumer behavior research, particularly in non-
Western and under-researched contexts. Most existing studies are situated in
technologically advanced or Western countries, leaving a gap in the understanding of
how consumers in emerging markets perceive and adopt Al In this context, a
developing country (e.g. Vietnam) represents a timely and relevant case, where
medical Al is still novel yet increasingly visible. Despite growing consumer
familiarity with Al through tools like ChatGPT, the willingness to adopt Al in
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sensitive domains such as healthcare, and the reasons underlying such decisions in
developing countries remain underexplored. Consequently, this area remains a
promising avenue for future research. Geographically, the USA (23) and Asia (16)
dominate the research landscape, with China (6) and South Korea (4) as major
contributors in Asia. A concerning gap remains in representation from many other global
regions, particularly low- and middle-income countries, where contextual differences in
infrastructure, digital literacy, and cultural values could significantly alter Al adoption
outcomes. Additionally, 14 studies did not specify the country studied, limiting the
transparency and comparability of results across contexts. To promote fair and inclusive
application of medical Al in developing countries, equitable research attention to
developing countries beyond China is needed. That also help medical AI companies to
design products that better meet the needs, concerns, and expectations of diverse
consumer populations. Therefore, expanding research into underrepresented regions and
employing mixed-method designs can yield context-specific insights that enhance both

theoretical development and practical applications.
1.1.3. Determinants of behavioral intention to adopt medical Al in healthcare

Given the increasing integration of artificial intelligence (AI) across various
domains, a growing body of research has sought to assess its potential benefits and risks,
and explore the complex dilemmas arising from heightened human—Al interaction
(Kelly, Kaye and Oviedo-Trespalacios, 2023). While there is a broad consensus on Al’s
expanding role and capabilities, public responses have been mixed. On one hand, Al is
viewed as a supportive tool that can alleviate human workload, enhance efficiency, and
improve decision-making (Davenport and Kalakota, 2019; Shamszare and Choudhury,
2023; Cordina et al., 2024). On the other hand, concerns have emerged about Al’s
potential to blur the boundaries of human identity, autonomy, and safety, particularly
in sensitive or high-stakes domains (Ztotowski, Yogeeswaran and Bartneck, 2017;
Mirbabaie et al., 2022; Federspiel et al., 2023). In healthcare, these tensions are
especially salient, as Al’s role in diagnosis and treatment raises questions about its

reliability and the preservation of empathetic human care.

Consumer adoption of Al in healthcare is shaped by a multifaceted array of
individual and psychosocial determinants. Among these, psychosocial factors have
emerged as particularly influential, encompassing both cognitive and emotional
evaluations of the technology (Khanijahani et al., 2022). Core drivers include perceived
usefulness and performance expectancy, reflecting individuals’ belief in Al's ability to

enhance diagnostic or treatment outcomes, alongside effort expectancy or the perceived
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ease of using such systems (Khanijahani et al., 2022; Roppelt, Kanbach and Kraus,
2024). Trust plays a central role in adoption decisions, as consumers often weigh
potential benefits against perceived risks, such as data privacy concerns or fears of
clinical harm (Khanijahani et al., 2022; Jain, Wadhwani and Eastman, 2024). Social
factors also exert considerable influence, as subjective norms and perceived social
pressure have been shown to shape willingness to adopt medical Al, particularly in
collectivist cultural contexts (Roppelt, Kanbach and Kraus, 2024). Beyond these general
predictors, individual characteristics further differentiate adoption behavior. Variables
such as age, gender, education, and race may moderate perceptions of Al and its
appropriateness in healthcare contexts (Khanijahani er al., 2022). Also, personal
innovativeness and prior exposure to Al applications contribute to greater openness,
while situational factors, such as illness severity or prior experiences with misdiagnosis,
may intensify the motivation to consider Al-based interventions (Khanijahani et al.,
2022; Roppelt, Kanbach and Kraus, 2024). Importantly, recent studies highlight a
distinct psychological barrier, consumers' "sense of uniqueness", which reflects concern
that Al might overlook the individualized nature of human care, leading to resistance
even in the presence of demonstrable performance benefits (Longoni, Bonezzi and
Morewedge, 2019; Jain, Wadhwani and Eastman, 2024). Despite a number of studies on
Al adoption in healthcare, consumers' receptivity toward medical Al remains
insufficiently understood (Khanijahani et al., 2022). Table 1.2 summarizes findings
from key studies on factors affecting consumers’ adoption of medical Al. Taken together,
these studies reveal that reactions to medical Al often hinge on deeper assumptions about
the appropriate role of humans in healthcare and the anticipated benefits of technological
advancement. Thus, in an era where novel technologies can simultaneously empower
and threaten humans’ sense of centrality, safety, and uniqueness, belief systems such as
anthropocentrism and techno-optimism likely shape how consumers interpret reasons
for and against using medical Al and therefore deserve further examination. Despite that,
there 1s limited attention given to such underlying belief systems that shape consumers’
psychological reasoning about Al technologies. To better understand the impact of belief
on adoption behavior, BRT emerges as an appropriate theoretical lens to study how
beliefs influence attitude and intention to adopt AIMDSS, via the reasoning process
(Granados Samayoa and Albarracin, 2025; Westaby, Rosemarino and Elliot, 2025).
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Table 1.2. Summary of key papers on consumers’ adoption of medical AI

Author

Manuscript title

Publication journal

Methodology

Key Findings

Longoni et
(2019)

al.

Resistance to Medical
Artificial Intelligence
Journal of Consumer

Research

Utilized a series of 11 studies
with U.S. adults, using real-
world choices, choice-based
conjoint exercises, and scenario-
based experiments.

Compared consumer
preferences for Al vs. human
providers in medical contexts
(e.g., stress diagnosis, skin
cancer screening, surgery)

Consumers resistance to medical Al in both real and
hypothetical choices. Consumers tend to engage less with
healthcare services, assign lower willingness to pay for
such services, show reduced sensitivity to variations in
provider performance and experience decreased
satisfaction or utility when the provider is automated
rather than human. Further, people resist Al medical
decisions because they believe Al cannot consider their
unique personal characteristics. Resistance is reduced
when the Al is framed as "personalized" or when the Al

only supports (rather than replaces) a human doctor.

Esmaeilzadeh
(2020)

Use of Al-based tools for
healthcare purposes: a
survey study from
consumers’ perspectives
BMC Medical
Informatics and

Decision Making

Cross-sectional online survey of
307 U.S. consumers using a
value-based adoption model.
Structural equation modeling
tested relationships between
perceived benefits, risks, and
intention to use Al-based
clinical decision support tools.

Perceived risk and perceived benefits are key predictors of
intention to adopt Al-based tool in healthcare by
consumers. Perceived risks were shaped by three factors:
technological (e.g., performance anxiety), ethical (trust,
privacy, bias), and regulatory concerns (liability, lack of
standards). Technological concerns were most influential

factors of perceived risk.
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Author

Manuscript title

Publication journal

Methodology

Key Findings

Frank et al. (2021)

Drivers and  social
implications of Artificial
Intelligence adoption in
the

healthcare during

COVID-19 pandemic
PLOS ONE

Representative  cross-sectional
survey (N=1068) conducted in
Denmark (n=566) and France
(n=602)

Data collected during the first
the COVID-19
pandemic (April-May 2020).
Used a hypothetical scenario for
COVID-19

participants to choose between a

wave  of

triage, asking
human physician or a medical Al

Analyzed using generalized

linear regressions.

Found strong Al aversion: only about 1 in 10 individuals
(less than 10%) chose medical Al over a human physician.
Key predictors for Al adoption were trust in medical Al
(the strongest factor) and the trait of open-mindedness.

Al adoption also significantly increased due to mistrust in
human physicians, perceived uniqueness neglect from

human physicians, and a lack of social belonging.

Gaczek et al. (2023)

Overcoming Consumer
Resistance to Al in
General Health Care

Journal of Interactive

Marketing

Five experimental studies using
vignettes (scenarios) about a
medical app
Employed 2x2 experimental
designs (Provider: Al vs. Human;
Diagnosis: Good vs. Bad)

Analyzed moderation (e.g.,

Identified a “good news/bad news effect”: consumers are
less likely to trust and follow Al recommendations when
the diagnosis shows good health. However, when the
diagnosis was bad news (worrisome symptoms, requiring
emergency care), consumers showed no difference in
willingness to follow Al vs. human advice. This effect was

mediated by diagnosis trustworthiness and amplified in
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Publication journal
health anxiety) and mediation | people with high health anxiety. Also, social proof (peer
(e.g., trustworthiness) using the | endorsement) reduces resistance and increases
PROCESS macro compliance.
Ho et al. (2023) Understanding the | Cross-sectional municipal | Older and male patients generally perceived EAI more

acceptance of emotional
artificial intelligence in
the Japanese healthcare
system: A cross-sectional
survey of clinic visitors’
attitudes

Technology in Society

survey of 245 clinic visitors in

suburban Japan; multiple
regression analyses examined
socio-demographic and

attitudinal correlates.

negatively. Familiarity with Al had a strong positive
correlation with attitudes toward EAI. Concern over
losing control to Al had a significant negative correlation
with attitudes. In contrast to other literature, concerns over
privacy and discrimination

were  non-significant

correlates.

Huo et al. (2024)

Speciesism and
Preference of Human—
Artificial Intelligence
Interaction: A Study on
Medical Artificial
Intelligence
International Journal of
Human—Computer

Interaction

Two-wave survey of 249 patients
in China during COVID-19;
structural modeling tested effects
of speciesism, trust, and human

uniqueness perception.

Introduced speciesism as a novel cognitive barrier to Al in
Found that high

acceptance of Al in independent roles but raised

healthcare. speciesism lowered
acceptance when Al assists doctors. Human—computer
trust mediated these effects; perception of human
uniqueness strengthened the negative impact of specism

on trust.
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Li and Wang (2024)

Determinants of artificial

intelligence-assisted

diagnostic system
adoption intention: A
behavioral reasoning

theory perspective

Technology in Society

Cross-sectional survey applying
BRT tested reasons for and
against adoption among 415

healthcare consumers in China.

The personal value of "openness to change" significantly
impacts attitudes and reasons (for/against). Reasons for
(e.g., initial trust, professional level) positively predict
attitude and intention. Reasons against (including
uniqueness neglect and privacy concerns) negatively
predict attitude and intention. Attitude fully mediated the

effect of reasons on intention.

Kumar et al. (2025)

Customer adoption of
artificial intelligence in
healthcare: An empirical
investigation based on
multiple samples

Health

Quarterly

Marketing

Multi-sample survey across three
Al role scenarios (supporting,
augmenting, performing) in
India; N=1,500 analyzed with
PLS-SEM and Multi-Group
Analysis.

Employed Theoretical Framework: Extended UTAUT
(Unified Theory of Acceptance and Use of Technology),
adding "creepiness," privacy concerns, and trust. Key
factors affecting adoption are: Performance expectancy,
privacy concerns, trust, and social influence. Privacy
concerns and the need for human interaction predict
"creepiness". "Creepiness" negatively affects trust. Trust
positively predicts behavioral intention. MGA shows the
strength of these relationships varies by Al role (e.g.,
Effort expectancy was non-significant in the AIA role but
significant in AIS and AIP roles)
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1.1.3.1. Reasons for adopting AIMDSS of consumers

From BRT perspective, individuals’ intentions to engage in a particular behavior
are contingent on the reasons they construct to justify that behavior (Westaby, 2005).
Specifically, Westaby (2005) conceptualizes reasons as “specific subjective factors
people use to explain their anticipated behavior,” which serve as the immediate cognitive
link between deeper beliefs and behavioral intentions. Accordingly, consumers may hold
different reasons for and against adopting medical Al. Following Westaby (2005),
reasons for and reasons against are conceptualized as multidimensional constructs, each
constituted by multiple context-specific variables that collectively capture individuals’
justifications for supporting or opposing a given behavior. The details of these constructs
are discussed further in the section 1.2.1.

As BRT posits that reasons are inherently context specific (Westaby, 2005), the
nature of consumers’ justifications for adopting medical Al is likely to depend strongly on
the stage of technological diffusion and local conditions. In developing countries such as
Vietnam, where medical Al adoption remains at a nascent stage, consumers may have
limited exposure to and understanding of this technology. Prior research consistently
highlights the pivotal role of trust in shaping consumer behavior, particularly in the adoption
of novel technologies (Jarvenpaa, Tractinsky and Vitale, 2000; Li, Hess and Valacich,
2008). Trust in Al is especially critical, as it functions as a prerequisite for individuals’
willingness to accept and rely on Al systems (Nguyen and Vu, 2023), and has been
identified as a key antecedent of Al adoption across multiple domains (Park, Tung and Lee,
2021), including healthcare settings (Wei et al., 2024). By reducing perceived complexity
and uncertainty, trust facilitates consumers’ readiness to engage with unfamiliar
technologies (Tao et al., 2020). In the absence of prior direct experience, consumers tend to
rely on institutional cues to infer the expected benefits of a technology (Mcknight et al.,
2011) and to form initial trust judgments (McKnight, Cummings and Chervany, 1998).
Accordingly, initial trust is likely to emerge as an important context-specific reason for

supporting the adoption of AIMDSS in the Vietnamese healthcare context.
Initial trust

Initial trust refers to the willingness to rely on a product, service, or system in the
absence of prior experience or interaction, often formed on the basis of limited cues such
as reputation, structural assurances, or third-party endorsements (McKnight, Cummings
and Chervany, 1998). Trust, more broadly, encompasses a user’s readiness to depend on

another entity and typically progresses through three stages: initial trust formation, trust
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development, and potential trust deterioration (Davis, Bagozzi and Warshaw, 1989). In
the context of technology adoption, initial trust plays a pivotal role in shaping early user
attitudes and intentions, particularly when individuals are unfamiliar with the system's
performance or outcomes. This is especially relevant for emerging health technologies
such as Atrtificial Intelligence-powered Medical Decision Support Systems (AIMDSS),
where users must often make judgments under uncertainty and with limited hands-on
experience. Trust in the system’s reliability, accuracy, and alignment with ethical
medical standards becomes a critical cognitive anchor in the decision-making process.
When users initially trust the system, they are more likely to form favorable evaluations
of it and perceive it as reliable, secure, and aligned with legal and ethical standards. This
perception may reduce their anticipation of negative outcomes, such as diagnostic errors,
thereby increasing their likelihood of engaging with and adopting the system. Empirical
research supports the role of initial trust in influencing adoption behavior; for example,
Lee and See (2004) and Zhang et al. (2019) found that higher levels of initial trust in Al
systems significantly increased users’ acceptance in safety-critical domains, including
healthcare. Thus, within the framework of BRT, initial trust serves as a salient “reason
for” adoption, providing users with a defensible rationale for engaging with AIMDSS

despite its novelty and perceived risks.
Modern self

To study medical Al adoption in a developing country such as Vietnam, it would
be a significant shortcoming to overlook psychocultural factors that shape how
consumers perceive and evaluate new technologies (Khanijahani et al., 2022; Jain,
Wadhwani and Eastman, 2024). Vietnam is a transitional economy in which rapid
modernization and exposure to global influences coexist with deeply rooted traditional
values, leading individuals to hold multiple, and sometimes conflicting self-concepts
(Nguyen, Smith and Cao, 2009). In such context, self-concept becomes a critical lens
through which consumers interpret whether medical Al aligns with or threatens their
1dentity, social norms, and expectations of care. These identity-based evaluations are
likely to emerge as context-specific reasons for or against adoption, beyond purely
functional or technological considerations. Therefore, incorporating self-concept into
the analysis enables a more nuanced understanding of medical Al adoption by capturing
the underlying cultural and identity-driven motivations that are particularly salient in

transitional healthcare settings.

Self-concepts have been recognized as influential determinants of consumer

attitudes and, consequently, behavioral intentions toward adopting new products and
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services (Jamal, 2004; Wu and Chan, 2011). Prior research indicates that self-concept is
not static but evolves in response to socioeconomic transformations (Markus and Wurf,
1987). In transitional economies such as Vietnam and China, multiple self-concepts can
coexist within an individual as a result of the influx of foreign cultural values (Zhang
and Shavitt, 2003; Nguyen, Smith and Cao, 2009). Consumers utilize a dual-self
dynamic as a coping strategy to resolve between traditional and modern cultural systems
(Lu and Yang, 2006; Zhao et al., 2019). In the context of Asian transitional markets,
Nguyen et al. (2009) conceptualize consumer self-concept as comprising two distinct
but coexisting dimensions: the traditional self (TS) and the modern self (MS). The
modern self reflects individualistic and progressive consumer values, characterized by
openness to innovation, preference for new experiences, and a desire for autonomy and
flexibility in consumption choices. Thus, in the domain of technology adoption, the
modern self may influence individuals' willingness to engage with advanced
technologies that symbolize modernity, efficiency, and forward-thinking values. This is
particularly relevant in healthcare, where emerging technologies such as Artificial
Intelligence-powered Medical Decision Support Systems (AIMDSS) are perceived not
only as functional tools but also as markers of medical modernization. Individuals who
1dentify with a modern self are more likely to adopt AIMDSS, as doing so reinforces
their self-image as technologically progressive and responsive to cutting-edge
solutions. In the technology-related consumption domain, past research indicates that
self-concept plays a pivotal role. Consumers evaluate offerings more favorably when
a brand’s identity matches how they see themselves, as shown by positive reactions to
robotic coffee shops and by preferences for online banking brands that mirror one’s
self-view (Jamal, 2004; Kim and Ryu, 2021). Likewise, individuals who consider
themselves tech-savvy tend to hold more positive attitudes toward high-tech products
and services, thereby reinforcing that identity (Sirgy, 1985). Within the BRT, the
modern self serves as a salient “reason for” adoption, offering users an identity-based

rationale for engaging with AIMDSS as a reflection of their modern orientation.
Personal innovativeness in the domain of health technology

Personal innovativeness in the domain of health technology (PIHT) refers to an
individual's willingness and tendency to try out novel health-related technologies,
particularly in the early stages of their diffusion. This construct is adapted from Agarwal
and Prasad’s (1998) definition of personal innovativeness in the domain of information
technology (PIIT), which captures the degree to which an individual is predisposed to

adopt new information technologies independently and ahead of others. In the context
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of technology adoption, PIIT has been consistently associated with greater acceptance
and usage of emerging digital tools, especially when uncertainty or complexity is high
(Y1, Fiedler and Park, 2006). For example, Agarwal and Karahanna (2000) showed that
highly innovative individuals experience stronger cognitive absorption when
interacting with new technologies, which in turn enhances perceived usefulness and
behavioral intention to adopt new technology. In a mobile technology context, PIIT
was found to positively affect perceived usefulness, perceived ease of use, and
adoption intention, indicating that innovative individuals are more receptive to emerging
IT services (Lu, Yao and Yu, 2005). In the healthcare domain, empirical evidence suggests
that physicians with higher PIIT perceive AIMDSS as less complex and easier to use,
which in turn fosters greater confidence and trust in the technology and increases their
willingness to adopt it (Fan et al., 2020). Despite that, this construct may not fully translate
to healthcare contexts, where decisions involve substantially higher risk and personal
consequences. For example, an individual who is highly innovative and willing to
experiment with technologies such as generative Al (e.g., ChatGPT, Copilot) in daily life
may nonetheless remain hesitant to rely on medical Al systems like AIMDSS when their
own health and safety are at stake. Thus, an adaptation following the suggestion of
Agarwal and Prasad’s (1998) is needed to capture the complexity of medical Al adoption.
Following relevant empirical evidence on PITT, personal innovativeness in the domain

of health technology (PIHT) is likely to be key reason for adoption.
1.1.3.2. Reasons against adoting AIMDSS of consumers

Similar to reasons for, reasons against adoption are also inherently context
specific. While a modern self is likely to function as a rationale supporting medical
Al adoption, consumers who identify more strongly with a traditional self may resist
this technology, as they tend to prefer conventional healthcare services that
emphasize human interaction, empathy, and relational care. In addition, perceived
threat represents another salient inhibiting factor in the adoption of medical Al, as Al
systems are increasingly capable of performing complex tasks that were traditionally
reserved for human professionals. Greater integration of medical AI may therefore
heighten consumers’ perceptions of identity threat, stemming from concerns about
the erosion of human expertise and the doctor—patient relationship, as well as realistic
threat related to diagnostic errors, safety risks, and accountability. Together, these
concerns can activate strong reasons against adoption, tempering consumers’
willingness to embrace medical Al even when it is positioned as an assistive rather

than autonomous technology.
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Traditional self

In contrast to MS, the traditional self (TS) reflects continuity with long-standing
cultural norms and social expectations. Nguyen et al. (2009) associate the traditional self
with values rooted in respect for the past, adherence to social conventions, and caution
toward new products or services. In the context of technology adoption, particularly in
culturally embedded, high-stakes domains such as healthcare, this dissertation posits
that the traditional self is associated with a conservative stance toward innovation.
Consumers with a strong traditional self are more inclined to favor familiar, human-
centered systems over algorithmic or automated alternatives. When applied to medical
Al technologies like AIMDSS, the traditional self may generate skepticism toward
automated decision-making, perceiving it as inconsistent with established doctor-patient
dynamics and cultural expectations of care. This resistance stems from concerns over
losing human oversight, relational trust, and moral accountability in healthcare delivery.
Empirical research supports this notion, showing that individuals with stronger
traditional orientations tend to exhibit weaker preferences for new products (Javalgi et
al., 2013). Following BRT, the traditional self may serve as a meaningful justification

for consumers’ hesitation to adopt medical Al
Perceived threat

According to Witte (1992), a threat is defined as an external stimulus with the
potential to cause harm, regardless of whether individuals are consciously aware of it.
Perceived threat, therefore, refers to an individual’s cognitive acknowledgment or belief
that such a threat is present and personally relevant. In the context of medical artificial
intelligence, particularly Artificial Intelligence-powered Medical Decision Support
Systems (AIMDSS), patients may worry that the technology may adversely affect their
health outcomes, autonomy, or the human elements of care (Akingbola et al., 2024;
Perrone, 2025). These concerns may not be based solely on technical knowledge but
also on psychological, social, and cultural factors. This is especially relevant when
patients (i.e., humans) consider their doctors as in-groups, while viewing medical Al
(i.e., a non-human entity) as out-groups. Research on the psychology of intergroup
relations has demonstrated that individuals tend to differentiate between ingroups and
outgroups (Hewstone et al., 2002; Tajfel, 1974), often perceiving outgroups as threats
(Alexander, 1974). Within this body of literature, scholars have identified two primary
forms of threat posed by outgroups: realistic threats and identity threats (Stephan, Ybarra
and Bachman, 1999; Riek, Mania and Gaertner, 2006). Realistic threats refer to

perceived dangers to an ingroup’s physical safety, material resources, or overall well-
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being, while identity threats involve perceived challenges to the ingroup’s
distinctiveness, values, and cultural uniqueness (Stephan, Ybarra and Bachman, 1999;
Riek, Mania and Gaertner, 2006; Huang et al., 2021)

Regarding identity threat, when a group’s uniqueness, particularity, or identity is
threatened, it can also lead to prejudice, discrimination, and intergroup conflicts (Jetten,
Spears and Manstead, 1996; Ztotowski, Yogeeswaran and Bartneck, 2017). In that
sense, consumers may perceive Al as posing an identity threat by blurring the boundary
between what they consider distinctly human and what is performed by machines.
People are concerned about the human-identity effect of Al, particularly when it can
perform tasks traditionally performed by humans. Further, consumers would perceive
their growingly faded uniqueness as they consider that Al would neglect their distinct
identities (Longoni, Bonezzi and Morewedge, 2019). Research has shown that
transformative technology ( i.e., Al or Al anthropomorphic robots) can be seen as a
threat to human identity and uniqueness and thus induce a negative attitude toward
consumers (Longoni, Bonezzi and Morewedge, 2019). In the context of AIMDSS,
patients may experience identity threat when they perceive that Al technologies
diminish the relational and human-centered aspects of care that define their
expectations of the healthcare system. For example, the reduced role of physicians in
direct communication or decision-making may be interpreted as a threat to the
distinctiveness of human caregiving. Patients who hold anthropocentric values,
believing in the primacy of human roles in social and moral systems, may be
particularly sensitive to identity threat. Thus, they would perceive Al as an
inappropriate substitute for human expertise and empathy. As shown by Huang et al.
(2021), identity threat significantly contributes to resistance toward Al technologies by

challenging deeply held group norms and value structures.

As for realistic threat, it is increasingly prominent in recent years as scholars have
argued that modern technology ( i.e., Al and autonomous robots) is taking away power
and control from humans (Ztotowski, Yogeeswaran and Bartneck, 2017). According to
Haggadone et al. (2021), the negative biases typically associated with human intergroup
interactions are extended to human-robot interactions, as individuals tend to respond to
robots in ways similar to how they react to human outgroup members. Therefore,
humans may perceive Al (i.e., non-human) as threatening due to this intergroup bias.
Studies have identified realistic threats as a barrier in consumers’ adoption of non-human
agents, such as Al and robots (Huang et al., 2021; Liao et al., 2024; Fiestas Lopez Guido

et al.,2025). In the medical context, patients may perceive realistic threats if they believe
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AIMDSS could lead to misdiagnoses, compromised care quality, or reduced attention
from human physicians, thus threatening their safety, physical, and mental well-being.
Such concerns are heightened when patients lack control or understanding of how Al
decisions are made, as research shows that interactions between intergroup agents are
often perceived as threatening and unbeneficial due to mutual distrust stemming from a
lack of shared characteristics or goals (Kappmeier, Guenoun and Fahey, 2021; Cakal et
al., 2021). Furthermore, patients who intrinsically believe that Al could generally take
up their resources (jobs, income, opportunities) would perceive it as threatening and
may maintain that stance in the healthcare context. Additionally, patients who emphasize
anthropocentric worldviews may interpret AIMDSS as a system that devalues human
judgment and introduces impersonal, mechanistic processes into healthcare. Given that
consumers are likely to resist Al when they perceive it as posing identity and realistic
threats (Mou, Gong and Ding, 2024), these factor may serve as a context-specific reason

for consumers’ hesitation to adopt medical Al

Because reasons in BRT are inherently context-specific and medical Al adoption
involves complex consumers’ considerations, prior literature provides only a partial
basis for identifying relevant reasons. Following established BRT research practices
(Westaby, 2005; Claudy, Garcia and O’Driscoll, 2015), a qualitative phase was therefore

conducted to elicit context-specific reasons for and against adopting medical Al
1.1.3.3. Beliefs

Studying beliefs is essential because they constitute a fundamental component of
human cognition, identity, and behavior, shaping decisions at both the individual and
collective level, including the adoption of new technologies (Fishbein and Ajzen, 1975).
Beliefs represent individuals' subjective probability judgments about specific aspects of
the world, shaping how they interpret, evaluate, and respond to events or choices
(Fishbein and Ajzen, 1975). Beliefs are core to the self, contributing to personality,
uniqueness, and identity formation (Markus and Kitayama, 1998; Oyserman, Smith and
Elmore, 2014). Moreover, beliefs exert transformative power over cognition,
competencies, and attitudes (Bandura, 1989; Ajzen, 1991; Albarracin and Shavitt, 2018).
A central tenet of psychological science is that holding a belief entails a perception of
truth, which guides subsequent judgments and behaviors in either beneficial or
detrimental ways (Albarracin et al., 2005; Fishbein and Ajzen, 2010). In the attitudes—
intention tradition, beliefs are the informational base from which attitudes, norms, and
control perceptions are formed and updated (Fishbein and Ajzen, 1975, 2005).

According to Rogers (2003), preadoption beliefs about an innovation serve as the
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primary determinant of its eventual market acceptance or rejection. Indeed, technology
adoption models, such as TAM, UTAUT (Davis, 1989; Venkatesh and Davis, 2000;
Venkatesh er al., 2003; Venkatesh and Bala, 2008; Venkatesh, Thong and Xu, 2012),
are explicitly belief-based. Reviews and meta-analyses consistently show that these belief
variables are strong predictors of adoption intention and use across settings, channels, and
populations (Lee, Kozar and Larsen, 2003; King and He, 2006; Schepers and Wetzels,
2007; Khechine, Lakhal and Ndjambou, 2016).

In the domain of Al research on the consumer adoption of this technology reveals
a landscape of conflicting findings, indicating both significant receptiveness and notable
resistance. A substantial body of work suggests that positive consumer sentiment is
contingent upon several factors. Key among these are trust, perceived performance,
perceived usefulness, and emotional engagement, which have been shown to foster an
intention to adopt Al technologies (Ye et al., 2019; Chatterjee et al., 2021; Ma and Huo,
2023). Furthermore, the design of the user interface is critical, as human-like
conversational interactions can increase user acceptance of Al advisors (Hildebrand and
Bergner, 2021). In certain contexts, such as forecasting and personal decision-making,
consumers have been found to prefer Al systems to human input (Logg, Minson and
Moore, 2019). Conversely, considerable research also highlights significant barriers to
Al adoption. This resistance is often attributed to algorithmic aversion, a bias against
algorithm-based decision-making (Dietvorst, Simmons and Massey, 2015), and
concerns that Al fails to account for individual uniqueness and context (Castelo, Bos
and Lehmann, 2019; Longoni, Bonezzi and Morewedge, 2019). The contradictory
results surrounding the adoption of Al point to a need to explore deeper psychological
factors (von Walter, Kremmel and Jiger, 2022). Von Walter et al. (2022) further argued
that consumers’ beliefs about Al represent one of the most significant yet under-
researched factors. Despite the growing prevalence of Al-enabled services in the
marketplace, which makes beliefs highly influential, investigation into their nature and
impact remains scarce (Huang and Rust, 2018). Therefore, a focused research effort on
beliefs i1s not merely an incremental step but a necessary one to reconcile existing

inconsistencies and build a more robust theory of Al adoption.

In the domain of consumer technology adoption, individuals may hold numerous
beliefs about novel technologies. Consequently, identifying which beliefs become
consequential for action is critical for understanding consumer acceptance of disruptive
innovations such as medical Al In this context, examining relevant belief structures,

such as anthropocentrism and techno-optimism, becomes essential. These belief systems
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may not only shape how consumers reason about the role of Al in healthcare but also
provide insight into the cognitive processes that bridge beliefs and adoption intention.
In this dissertation, the author adopts the belief categorization of Samayoa and
Albarracin (2025) for conceptualisation of anthropocentrism and techno-optimism, in
which beliefs are differentiated into existence, descriptive, and outcome types.
According to their categorization, existence beliefs concern whether something is real
or present, descriptive beliefs pertain to its characteristics or attributes, and outcome
beliefs relate to the anticipated consequences of actions. In what follows, the constructs

of anthropocentrism and techno-optimism are discussed in greater detail.
Techno-optimism

Technology optimism is a belief that reflects individuals’ expectations that
technology will enhance their control, flexibility, and productivity (Parasuraman, 2000;
Danaher, 2022). This belief is one of four key dimensions of the Technology Readiness
Index (TRI), alongside innovativeness, discomfort, and insecurity, and represents a general
conviction that technology contributes beneficially to daily life and work (Parasuraman,
2000; Colby and Parasuraman, 2001). Colby and Parasuraman (2001) developed a
taxonomy of customer segments based on their readiness to adopt technology, categorizing
them as explorers, pioneers, skeptics, paranoids, and laggards. This classification reflects a
continuum ranging from highly proactive adopters, such as explorers and pioneers, to the
most technology-resistant groups, such as paranoids and laggards. Interestingly, Tsikriktsis
(2004) found that explorers and pioneers are groups with high optimism, thus it would
be a significant predictor of consumers' Al adoption behavior. Thus, techno-optimism is
conceptualized as an outcome belief in this dissertation, as it reflects individuals’

expectations of positive outcomes from adopting technologies such as medical Al

Empirical studies consistently find a positive relationship between optimism and
the adoption of novel technologies. Gilly et al. (2012) showed that curiosity and
proactive coping fostered optimism among older consumers, which in turn predicted
internet adoption. Othman et al. (2020) found that optimism shaped satisfaction
evaluations of self-service technologies (SSTs), moderating how consumers judged
service outcomes. In healthcare, Verma et al. (2025) demonstrated that optimism
reduced the negative effects of privacy concerns and tradition-related distrust on elderly
consumers’ resistance to mHealth apps, suggesting that optimism functions both as a
driver of adoption and as a buffer against perceived barriers. This highlights that
optimism not only drives adoption intentions directly but also mitigates perceived

barriers in sensitive contexts where trust and privacy loom large.
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Research on the extension of technology optimism into Al-specific domains has
increased in recent years (Lillemie, Talves and Wagner, 2025). In the context of Al,
optimism emerges as a salient predictor of adoption intention. Flavidn et al. (2021)
showed that optimism significantly increased intention to use robo-advisors, while
insecurity reduced it. Interestingly, technological discomfort also positively influenced
adoption because Al systems automate tasks, lowering effort barriers. Yang et al. (2025)
further demonstrated that optimism surpassed fear of missing out (FOMO) in predicting
generative Al adoption: optimistic individuals relied more on positive beliefs about the
technology than on affective pressures. More broadly, studies show that optimists not
only perceive greater benefits in new technologies (Son and Han, 2011) but also interpret
their societal impacts more positively (Alvarez-Marin, Veldzquez-Iturbide and Castillo-
Vergara, 2023). For example, Hwang and Good (2014) found that optimism predicted
stronger adoption intention of intelligent sensor-based services, even when consumers

were exposed to negative information.

However, findings are not without inconsistencies. Othman et al. (2020) observed
that optimism weakened sensitivity to reliability in SSTs, implying that overly optimistic
users may hold unrealistically high expectations that lead to disappointment. Flavidn et
al. (2021) reported that discomfort, traditionally an inhibitor, could paradoxically
encourage adoption in Al contexts, suggesting that optimism interacts with automation
design to reconfigure barriers. Similarly, Verma et al. (2025) noted that optimism did
not fully overcome privacy and tradition-related barriers in elderly mHealth adoption.
These results highlight that the influence of optimism is contingent on context, user

characteristics, and the degree of automation involved.
Anthropocentrism

Humans frequently draw a boundary between the ‘self” and the ‘other,” whether
at the individual or group level, and this occurs both consciously and unconsciously
(Havlik, 2019). Such differentiation creates a cognitive frame that privileges the ‘self’
while marginalizing the ‘other’ (Gunaratne, 2009; Weger and Herbig, 2021). In this
context, the notion of the ‘other’ extends to both nature and artificial intelligence (Al),
reflecting the idea of anthropocentrism within philosophy and Al studies (Nass et al.,
1995). Anthropocentrism i1s a multidimensional psychological belief that reflects the
tendency to perceive humans as inherently superior and fundamentally distinct from
non-human entities, assigning intrinsic value primarily to human life while treating
nature and other non-human agents as instrumental to human ends (Gagnon Thompson
and Barton, 1994; Boslaugh, 2016; Fortuna, Wroblewski and Gorbaniuk, 2023).
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Anthropocentric people thus view the natural world as existing to serve human needs
and that human welfare should take precedence in moral and practical decision-making
(Kortenkamp and Moore, 2001). Following Fortuna et al. (2023), anthropocentrism is
characterized by perceived human dominance, centrality, and the normative right to
exploit non-human entities for human benefit. According to Hayward (1997),
anthropocentrism can be divided into two forms: ‘weak’ anthropocentrism, which
emphasizes promoting human health, welfare, and prosperity, and ‘strong’
anthropocentrism, which places human interests above all other species and aligns with
ideas of human chauvinism and speciesism. Kopnina et al. (2018), however, challenge
this separation, arguing that speciesism and human chauvinism are not limited to
‘strong’ anthropocentrism but are inherent to anthropocentrism itself, since it is

fundamentally a worldview of human supremacy.

In the domain of human—AlI relations, anthropocentrism offers a valuable lens for
understanding attitudes and biases toward intelligent systems. Early work on how
anthropocentrism affects consumer views of computers was carried out by Nass et al.
(1995). The acceptance of technology in human roles refers to the degree to which
individuals believe that technological systems can perform tasks traditionally carried out
by humans (Nass et al., 1995). Nass et al. (1995) conceptualized this dimension across
three domains: routinized roles (e.g., bank tellers), interpretive roles (e.g., editorial
writers), and personal roles (e.g., babysitters). Their experiments in the 1990s revealed
that people were more comfortable with computers in routinized roles but showed lower
acceptance when computers were assigned interpretive or personal roles. For a
significant period, research on the role of anthropocentrism in determining consumer
adoption of technology has been drought (Shi et al., 2025). However, in recent years,
this research area has revived due to the advancement of Al and its increasing integration
in human life (Schmitt, 2020; Ikari et al., 2023; Fortuna et al., 2024; Shi et al., 2025).
Research by Fortuna (2023; 2024) found a positive association between
anthropocentrism and negative attitudes toward robots, with Al anxiety playing a
mediating role. Fortuna et al. (2022) also found that anthropocentrism is positively
associated with negative attitudes toward robots. They further demonstrated the
mediating influence of Al anxiety. Their findings indicate that anthropocentric
perspectives shape attitudes toward Al, particularly in more conservative societies
where concerns about AI’s potential to disrupt human-dominated domains are prevalent.
Their findings suggest that Al anxiety is not simply a response to perceived Al

shortcomings but a deeper reflection of the cultural and psychological tensions between
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human-centered capability and the rise of Al as an alternative force. These biases and
anxieties could be more substantial, especially in healthcare, where people's lives are at
stake. In the domain of art, Millet et al. (2023) empirically establish that anthropocentric
beliefs, specifically, the conviction that creativity is a unique human faculty,
significantly shape aesthetic evaluations of Al-generated artworks. Across four
experiments with 1,708 participants, the same artwork was consistently judged as less
creative and elicited lower awe when presented as Al-generated rather than human-
made. Notably, individuals who endorsed stronger anthropocentric creativity beliefs
exhibited a more pronounced devaluation of AI art, including lower aesthetic

appreciation and lower purchase intention.

On the other hand, Modlinski and Trump (2025) surprisingly found that
individuals with speciesist beliefs (a form of anthropocentrism) were particularly
receptive to automation in customer service. They argued that this receptivity stems
from the perception that certain jobs are “beneath humans™ and therefore better suited
for machines. In this light, speciesists valued automation for its capacity to relieve
humans of mundane or illegitimate tasks. Empirical support for this claim came from
their observation of a positive correlation between speciesism and the perception that
customer service automation is justified, as well as more favorable attitudes toward
brands employing automated services, particularly when speciesists considered their
own work tasks to lack legitimacy. In the healthcare domain, Huo et al. (2024) found
that patients with stronger specism showed lower acceptance of medical Al when
positioned in an independent role, but higher acceptance when Al functioned in an
assistive role. Their study further demonstrated the mediating role of human—computer
trust and the positive moderating effect of perceived human uniqueness on the
relationship between speciesism and trust in AI. However, Huo et al.’s (2024) mainly
examined speciesism; thus, an analysis on a broader construct of anthropocentrism is
still necessary to capture the wider spectrum of human-centered beliefs and their
influence on attitudes toward Al in different roles. Moreover, their findings invite
further investigation into the cognitive processes through which anthropocentrism

influences acceptance of Al in assistive versus independent roles.

In the domain of healthcare, Shi et al. (2025) revisit the construct of
anthropocentrism in the context of contemporary Al use for health-related information
seeking, extending the classic “Computers Are Social Actors” (CASA) paradigm to a
“Media Are Social Actors” (MASA) framework. They conceptualize anthropocentrism

through  three = dimensions,  physical = anthropomorphism,  psychological
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anthropomorphism, and acceptance of Al in human roles (routinized, interpretive, and
personal), to examine how these dimensions shape user profiles in Al adoption. They
conducted a study to understand the behavioral underpinnings of users adopting Al for
health information seeking, employing a quota-sampled survey with 1051 Al-
experienced users in Hong Kong. Shi et al. (2025) found five distinct user profiles:
Discreet Approachers, Casual Investigators, Apprehensive Moderates, Apathetic
Bystanders, and Anxious Explorers. Each is associated with specific demographic
factors, perceptions, and different aspects of anthropocentrism, including physical
anthropomorphism, psychological anthropomorphism, and the acceptance of Al in
routinized, interpretive, or personal roles. Individuals exhibiting higher levels of
anthropocentrism (i.e., a stronger orientation toward human centrality over non-human
agents) were more likely to belong to profiles such as Apprehensive Moderates,
Apathetic Bystanders, and Anxious Explorers, which are characterized by lower trust in
Al tools. In contrast, profiles with weaker anthropocentric tendencies, such as Discreet
Approachers and Casual Investigators, demonstrated greater openness to Al as a health
information-seeking resource. The findings of Shi et al. (2025) demonstrate that
anthropocentric consumers are not strictly opposed to Al in healthcare; rather, they may
accept it in certain roles, as reflected in profiles such as Discreet Approachers and Casual
Investigators. By contrast, other profiles (e.g., Apprehensive Moderates, Apathetic
Bystanders, and Anxious Explorers) remain more reluctant, particularly when Al is
applied in interpretive or personal roles. As Nass et al. (1995) classified, the role of the
doctor often falls within these categories, since diagnosis and care require judgment,

analysis, and specialized expertise, as well as empathy and relational trust.

Therefore, in this dissertation, anthropocentrism is examined for two main
reasons. First, the influential findings of Nass et al. (1995) on anthropocentrism are now
nearly three decades old (Shi et al., 2025). Since then, the rapid evolution of Al-based
technologies, such as smartphones, chatbots, large language models, and
recommendation systems, may have significantly reshaped how users perceive and
respond to technology (Gambino, Fox and Ratan, 2020). As a result, acceptance of Al
in social roles may also have been reconfigured, making it timely to revisit how
anthropocentrism influences consumers’ intention to adopt Al, especially in a high-
stakes context such as healthcare. Second, prior studies have largely conceptualized
anthropocentrism in contexts where Al is positioned as a replacement for humans, while
its impact on adoption when Al is framed in an assistive role has received less attention,

except for Huo et al. (2024). When Al is presented as a substitute for human doctors, it
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is reasonable to expect that anthropocentric consumers, those with a strongly human-
centered worldview, would resist attributing human qualities or tasks to Al
Conversely, when AI is embedded in a system and framed as an assistive tool,
anthropocentric consumers may not exhibit the same bias toward Al, and could be
more receptive due to its utilitarian benefits. According to Huo et al. (2024), the direct
effects of specism on acceptance of medical Al remained significant even after
incorporating human—computer trust as a mediator, suggesting that additional
unexplored mediating mechanisms may be at play. Therefore, this dissertation posits
that there is a cognitive mechanism through which anthropocentrism influences
behavioral intention, potentially differing from the conventional view of its direct
effect on attitudes or intentions. In addition, Shi et al. (2025) found that consumers
with anthropocentric beliefs would accept Al differently depending on their consumer
profiles, which are characterized by their perceptions and attributes. Thus, this
dissertation posits that there is a range of factors that contribute to reasons for and

against the adoption of medical Al by consumers.

1.1.4. Research gaps

Despite the growing body of research on artificial intelligence (AI) adoption
across sectors, several limitations persist in the extant literature, particularly regarding
the healthcare context. First, many studies have primarily focused on technological and
utilitarian factors such as perceived usefulness, ease of use, or performance expectancy,
as emphasized in models like TAM, UTAUT, or TPB (Dwivedi et al., 2021; Khanijahani
et al.,2022). While these frameworks offer valuable insights, they often neglect deeper
psychological factors that may motivate or inhibit consumers' use of novel
technologies (e.g., Al), such as beliefs. Previous research on Al and algorithmic advice
has yielded inconsistent findings. Some studies highlight consumer resistance, often
referred to as algorithm aversion. For instance, Dietvorst et al. (2015) found that
individuals were less likely to rely on algorithmic predictions after observing an error,
even if the algorithm outperformed human judgment. In healthcare, Promberger and
Baron (2006) and Longoni et al. (2019) observed a lack of trust in medical Al, partly
due to concerns that it ignores human uniqueness. Similarly, Castelo et al. (2019)
showed that aversion is stronger for intuitive tasks compared to objective ones. In
contrast, other studies report positive responses. Logg et al. (2019) found that people
often preferred algorithmic advice over human input in domains like forecasting and
decision-making, while Hildebrand and Bergner (2021) noted increased appreciation

when Al communicated in a human-like style. These conflicting outcomes suggest that
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additional underlying factors, such as beliefs, may significantly influence Al adoption.
Indeed, von Walter et al. (2022) examined how lay beliefs about Al, defined as
individuals’ subjective and informal understandings of complex phenomena such as
health, illness, and technology that may diverge from expert or scientific knowledge,
affect the adoption of algorithmic investment advisors. Across three experimental
studies, they found consistent evidence that consumers who believe Al possesses
superior intelligence to humans are more inclined to adopt algorithmic advice.
Furthermore, their findings revealed that these lay beliefs significantly influence
adoption only when the decision task is perceived as complex. While this research
highlights the role of lay beliefs in shaping adoption decisions, it also raises important
questions about other belief systems that may affect consumers’ adoption of Al. Prior
studies have identified the role of competing worldviews, such as the lay belief that Al
exceeds human intelligence or, conversely, that humans remain inherently superior. In
addition to the scarcity of research on lay beliefs in the context of Al adoption (Huang
and Rust, 2018), limited attention has been paid to the role of other beliefs, such as
anthropocentrism (that is, the belief in human exceptionalism) or techno-optimism (the
belief that emerging technologies like Al can contribute positively to human progress).
The potential influence of these belief dimensions on AI adoption remains

underexplored, representing a critical gap in the literature.

Second, an emerging gap is the mechanism via which belief influence behavior
(Granados Samayoa and Albarracin, 2025). They suggest that there is limited attention
given by researchers to the mechanisms linking beliefs to behavior stems from the
orientation of earlier models. Despite widespread intuition among both laypersons and
psychologists that beliefs are powerful behavioral drivers, empirical evidence
consistently shows that the actual association between beliefs and behaviors is often small
and highly variable, typically with correlations below r = .2 (Granados Samayoa and
Albarracin, 2025). Previous behavioral intention theories, such as the Theory of Reasoned
Action (TRA) and the Theory of Planned Behavior (TPB), have primarily focused on
predicting behavior using global measures of attitude, subjective norms, and perceived
control, largely overlooking the detailed cognitive processes linking specific beliefs to
actions and the context-specific beliefs that are crucial for understanding behavioral
origins and change mechanisms (Sahu, Padhy and Dhir, 2020; Granados Samayoa and
Albarracin, 2025; Westaby, Rosemarino and Elliot, 2025). This oversimplification has
often led to the incorrect assumption of a strong, direct influence of beliefs on behavior.
Thus, scholars have argued that earlier theories fall short in uncovering the cognitive

mechanisms and contextual conditions through which beliefs influence behavior
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(Albarracin and Wyer Jr., 2001; Albarracin, 2002). Addressing this gap, Samayoa and
Albarracin (2025) argue that a belief must be connected to a reasoning process, termed
belief-to-behavior inference, for it to exert a causal impact. This approach highlights an
underexplored cognitive mechanism that clarifies why some beliefs shape behavior while
others remain inert. Thus, this research aims to address this gap by employing a suitable
theoretical lens, such as Behavioral Reasoning Theory, as Westaby (2005; 2025)
consistently advocated that BRT was an appropriate model to study the role of beliefs and

its impact mechanism.

Third, in terms of geography, most empirical studies have been conducted in
high-income Western countries, with limited attention given to emerging markets such
as Vietnam and other low- and middle-income countries (LMICs) (Jain, Wadhwani and
Eastman, 2024). This represents a significant limitation, as consumers in transitional
economies like Vietnam are situated at the intersection of deep-rooted traditions and an
increasing influx of Western cultural influences and products (Nguyen, Smith and Cao,
2009; Nguyen et al., 2019). Such dynamics can create tensions in perceptions and pose
challenges for the adoption of novel technologies, particularly medical Al, which has
the potential to reshape conventional models of healthcare delivery. Examining
consumer adoption of medical Al in developing countries outside China is therefore
crucial, as it can reveal context-specific beliefs and factors that remain overlooked in

the existing literature.
1.2. Theoretical framework and hypotheses
1.2.1. Behavioral Reasoning Theory

Previous research on technology adoption has widely employed established
theoretical frameworks such as the Technology Acceptance Model (Davis, 1989),
Theory of Planned Behavior (Ajzen, 1991), and Unified Theory of Acceptance and
Use of Technology (Venkatesh, Thong and Xu, 2012). These models primarily
emphasize attitudinal factors, perceived ease of use, perceived usefulness, and social
influences, providing robust explanations for individual intentions to adopt
technology. However, these theories often incorporate positive factors without
incorporating negative factors into their framework (Li and Wang, 2024).
Additionally, individuals often have different reasons for considering whether to
perform the target behavior. Also, new technology often encounters resistance from
consumers. Thus, underlying cognitive reasoning processes should not be overlooked

when examining antecedents of consumers’ behavior, particularly, their reasons for
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and against adopting technology (Westaby, 2005; Claudy, Garcia and O’Driscoll, 2015).
Behavioral Reasoning Theory (BRT) offers a valuable framework for unpacking the
reasons for and against adoption by capturing individual beliefs, values, and contextual
influences (Lalicic and Weismayer, 2021; Zhang, Bai and Ma, 2022).

Overview of Behavioral Reasoning Theory

BRT introduced by Westaby (2005), extends traditional cognitive models of
decision-making by emphasizing the role of reasons for and reasons against a particular
behavior. Unlike models such as the Theory of Planned Behavior (TPB), which focus
primarily on global psychological constructs such as attitude, subjective norm, and
perceived behavioral control, BRT posits that people form behavioral intentions based
on concrete, context-specific reasons that both precede and mediate the effects of values,
beliefs, and global motives. Reasons for behavior reflect motivations or justifications
that support action, while reasons against highlight barriers or concerns that discourage
it. BRT recognizes that individuals often hold conflicting cognitions simultaneously, and
that these competing rationales can have differential impacts on intention formation. The
model has gained traction across domains such as consumer behavior, sustainability, and

health technology adoption.

The constructs within the BRT are defined as follows. Beliefs or values are
conceptualized as cognitive structures or subjective probability assessments influencing
an individual's anticipated appropriate behaviors in future contexts (Fishbein and Ajzen,
1975). BRT posits that values/beliefs underpin behavioral intentions, influencing how
individuals interpret and rationalize expected behaviors (Westaby, 2005). when
encountering uncertainty, individuals assess their values in relation to potential
behavioral options (Claudy, Garcia and O’Driscoll, 2015). Throughout this evaluative
process, individuals seek legitimate reasons that uniquely explain their choices, serving
as justification and supporting rationalization for their behavioral decisions (Westaby,
Probst and Lee, 2010; Claudy and Peterson, 2014). Reasons encompass the diverse
justifications, both for and against undertaking specific behaviors (Westaby, 2005).

Global motives consist of three sub-components: attitudes (ATT), subjective
norms (SN), and perceived behavioral control (PBC) (Ajzen, 1991). ATT denotes the
overall evaluative judgment toward performing a particular behavior, derived from
reflective and analytical reasoning (Fishbein and Ajzen, 1975). Intention to use (IU)

describes an individual's inclination or willingness to initiate and sustain efforts to
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execute the behavior (Ajzen, 1991) . Finally, user behavior signifies the actual

performance or enactment of the intended action.

Within BRT, beliefs are understood as fundamental antecedents that inform the
subjective reasons individuals provide to justify or defend their intended actions
(Westaby, 2005). These reasons ( i.e., reasons for and against) are central to shaping
global motives such as attitudes, subjective norms, and perceived behavioral control,
which then influence intentions and ultimately behavior (Westaby, 2005; Westaby,
Probst and Lee, 2010). Recently, Westaby (2025) argues that reasons serve not merely
as explanatory factors but as practical cognitive mechanisms through which belief

systems are activated, filtered, and transformed into motivational reasoning.

Global Motives
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Figure 1.3. Behavioral Reasoning Theory
Source: Westaby (2005)

Several theoretical perspectives converge on the notion that reasons are central
determinants of behavior. Explanatory models argue that people evaluate decision
alternatives based on the coherence and plausibility of the reasons supporting them,
which enhances confidence in their choices (Pennington and Hastie, 1988, 1992,
1993). Similarly, reasons theory posits that reasons not only motivate action but also
provide justification and self-validation, thereby protecting self-worth (Kunda, 1990;
Westaby and Fishbein, 1996, Westaby, 2005). Research further suggests that reasons
guide the pursuit of goals (Bagozzi, Bergami and Leone, 2003). Also, behavioral
change efforts are effective only when they address the specific functions or reasons
underlying the behavior (Katz, 1960).

Within the framework of BRT, Westaby (2005, p. 100) defined reasons as the
“specific subjective factors people use to explain their anticipated behavior”, which
serve as antecedents to both attitudes and intentions (Westaby, 2005; Claudy, Peterson

and O’Driscoll, 2013). Put differently, reasoning represents the cognitive process
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through which individuals decide on a particular course of action (Ryan and Casidy,
2018, p. 240). The literature further indicates that reasons encompass two key sub-
dimensions: reasons for (RF) and reasons against (RA) a given behavior (Westaby,
Probst and Lee, 2010; Sivathanu, 2018). Following Westaby (2005), reasons for refer to
the specific subjective justifications individuals use to support engaging in a particular
behavior, such as perceived facilitators or benefits, whereas reasons against denote the
subjective justifications used to oppose or avoid a behavior, including perceived
constraints or barriers. Importantly, BRT suggests that individuals may simultaneously
hold reasons for and reasons against a behavior, which function as opposing but distinct
motivational forces rather than as opposite ends of a single evaluative continuum
(Westaby, 2005). This conceptualization aligns with psychological models of decision
making that emphasize the coexistence of competing motivational forces in behavioral
choice (Roe, Busemeyer and Townsend, 2001). Within this framework, reasons are
designed to capture a broad and context-specific explanation set, reflecting the fact that
individuals often rely on multiple justifications to explain or rationalize their behavior
(Westaby, 2005). Prior research has operationalized such opposing justifications using
various labels, including pros versus cons, benefits versus costs, and facilitators versus
obstacles or barriers, underscoring their conceptual independence (Westaby and
Fishbein, 1996; Westaby, 2005; Westaby, Probst and Lee, 2010). Moreover, context-
specific reasons provide a structured lens for understanding both adoption and resistance
by capturing self-justification and defensive reasoning processes that are often
overlooked in more global attitudinal models (Chatzidakis and Lee, 2013). Consistent
with Behavioral Reasoning Theory (Westaby, 2005), this study conceptualizes reasons
for adoption and reasons against adoption as context-specific, cognitive justifications
that individuals use to explain, support, or oppose a focal behavior. Unlike belief-based
constructs such as perceived usefulness or perceived risk, reasons are not evaluations of
attributes per se, but articulated rationales that translate underlying beliefs and values
into attitudinal judgments and behavioral intentions (Westaby, 2005, pp. 7-8; Claudy,
Peterson and O’Driscoll, 2013, pp. 276-277). As such, reasons for and reasons against
function as theoretically distinct motivational constructs that mediate the effects of
beliefs on global motives and intention, rather than as simple proxies for benefits or
risks. Following prior BRT-based studies, reasons for and reasons against are
operationalized as formative second-order constructs, composed of multiple context-
specific first-order dimensions that collectively capture consumers’ articulated

justifications supporting or opposing healthcare Al adoption (Li and Wang, 2024;
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Ahmad and Harun, 2023; Ashfaq et al., 2021; Claudy, Garcia and O’Driscoll, 2015;
Claudy and Peterson, 2014; Claudy, Peterson and O’Driscoll, 2013). Prior BRT research
has consistently conceptualized reasons as aggregations of specific justifications whose
content varies across behaviors and contexts (Westaby, 2005; Claudy, Peterson and
O’Driscoll, 2013; Claudy, Garcia and O’Driscoll, 2015; Li and Wang, 2024).
Accordingly, the specific dimensions underlying reasons for and reasons against were

elicited through an exploratory qualitative phase to ensure contextual relevance.

Researchers have employed this framework to investigate consumer behavior in
contexts such as sustainable transportation choices, including bicycle commuting
(Claudy and Peterson, 2014), innovation resistance (Claudy, Garcia and O’Driscoll,
2015), mobile shopping (Gupta and Arora, 2017), and Al chatbot adoption of employees
at the workplace (Pillai et al., 2023). In the travel sector, Lalicic and Weismayer (2021)
found that consumers’ personal values , mediated by both supportive and inhibiting
reasons, significantly predicted intentions to use Al-enabled travel service agents.
Extending BRT to mobility technology, Huang and Qian (2021) surveyed 849 Chinese
consumers and showed that reasons for adopting autonomous vehicles exerted a positive
effect on intention, while reasons against exerted a negative one; moreover,
psychological traits such as need for uniqueness strengthened positive pathways,
whereas risk aversion amplified negative pathways, highlighting how individual
differences shape the reasoning—intention link. Li and Wang (2024) examined 604
prospective users of Al-assisted diagnostic systems and demonstrated that the personal
value of openness to change influenced both supportive and inhibiting reasons, which
in turn affected attitudes and ultimately adoption intention. Although BRT has been
applied in numerous studies to explore factors influencing Al adoption across various
contexts, most have primarily emphasized the role of values in shaping consumers’
cognitive reasoning and subsequent behavioral intentions. However, as originally
proposed by Westaby (2005), beliefs also serve as critical antecedents of reasons. This
dimension has often been underexamined, leaving a notable theoretical gap in the

application of BRT to technology adoption.
Reasons to use Behavioral Reasoning Theory

BRT offers a compelling framework to investigate further the Belief-to-Behavior
Inference (BBI) model introduced by Granados Samayoa and Albarracin (2025),
addressing a shared acknowledgment of the need for a deeper understanding of how and

when specific beliefs influence behavior (Granados Samayoa and Albarracin, 2025;
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Westaby, Rosemarino and Elliot, 2025). While traditional theories like the TRA and
TPB have focused on global measures of attitudes, subjective norms, and perceived
control, they often overlook the context-specific beliefs and reasons that are crucial for
behavioral mechanisms (Westaby, Probst and Lee, 2010; Sahu, Padhy and Dhir, 2020;
Westaby, Rosemarino and Elliot, 2025). Integrating BRT into technology adoption
research thus enables a more profound and better understanding of decision-making
processes, capturing both supportive and opposing considerations simultaneously
(Ryan and Casidy, 2018). Hence, employing BRT offers a significant theoretical
advancement by addressing gaps unaccounted for in TAM, TPB, and UTAUT, thereby
enriching predictive power and practical relevance in technology adoption studies
(Claudy, Garcia and O’Driscoll, 2015; Gupta and Arora, 2017).

BRT emphasizes explicitly the role of reasons for and reasons against a behavior,
which are distinct, context-specific cognitive routes that provide richer information for
predicting intentions and actual behavior than global motives alone (Claudy, Garcia and
O’Driscoll, 2015; Sahu, Padhy and Dhir, 2020). This aligns with the BBI model's call
for research into "practical reasoning" that underlies behavioral formation (Granados
Samayoa and Albarracin, 2025; Westaby, Rosemarino and Elliot, 2025), which BRT
posits can be explored through a "multifaceted BRT" (MBRT) approach that
incorporates primary reasoning, counter-reasoning, and comparative reasoning facets
(Westaby, Rosemarino and Elliot, 2025). Such an integration could provide new insights
into how individuals process decision attributes and beliefs, bridging the gap between
specific beliefs and their direct impact on behavior or intentions, while also considering
recursive effects where behavior influences beliefs (Granados Samayoa and Albarracin,
2025; Westaby, Rosemarino and Elliot, 2025).

Furthermore, BRT's established emphasis on salience, where a smaller set of
primary reasons emerges from a larger constellation of beliefs and becomes more
influential in decision-making, resonates with BBI's conceptualization of salience as an
important explanatory factor (Granados Samayoa and Albarracin, 2025; Westaby,
Rosemarino and Elliot, 2025). The BBI model's typology of existence, descriptive, and
outcome beliefs could also be integrated into BRT to examine the impact of different
types of beliefs on consumers’ rationales, hence their behavioral intention (Granados
Samayoa and Albarracin, 2025; Westaby, Rosemarino and Elliot, 2025). Specifically,
this dissertation conceptualizes anthropocentrism and techno-optimism respectively as

a descriptive belief and an outcome belief.
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1.2.2. Impact of attitude on intention to adopt medical Al

Attitude has long been recognized as a central determinant of behavioral intention
across multiple theoretical frameworks, including the TRA, TPB, and the UTAUT
(Fishbein and Ajzen, 1975; Venkatesh, Thong and Xu, 2012). BRT maintains this core
relationship by positing that a positive global attitude toward a behaviour directly
strengthens the intention to perform it (Westaby, 2005). In the context of healthcare
technology, extensive research has validated this positive association (Li and Wang,
2024). In general, Al adoption behaviors are like the other types of novel technology
adoption that focus on consumers’ attitudes and knowledge. For example, Nadarzynski
et al. (2019) found that consumers who are curious and have a positive attitude toward
the new technology are the most likely to accept Al-powered chatbots. In the
healthcare context, consumers’ evaluations of the technology in question play a central
role in determining subsequent adoption behavior. In this regard, Deng et al. (2014)
found that young and older consumers tend to adopt mobile health services that they
rated favorably. In China, consumers with favourable attitudes toward medical Al were
more inclined to adopt it (Li and Wang, 2024). Given the nascent stage of the adoption
of medical Al in Vietnam, empirical evidence on consumer adoption of this technology
remains limited. Nevertheless, it is posited that Vietnamese consumers’ adoption
intentions will follow similar patterns to those identified in previous studies, with more
positive attitudes leading to stronger intentions to adopt AIMDSS. Thus, the author
proposes the following hypothesis:

H1. Users’ attitude toward AIMDSS will positively influence their intention to
adopt AIMDSS

1.2.3. Impact of reasons on intention to adopt medical AI

The use of the BRT model helps introduce reasons into the examination of factors
influencing consumers’ intention to adopt AIMDSS. Synthesized from established
research, studies show that consumers are likely to adopt alternatives supported by
coherent, plausible, and strongly justified reasons, thereby enhancing decisional
confidence (Pennington and Hastie, 1993; Westaby, 2005). Further, examining reasons
helps clarify how consumers justify and defend their adoption decisions, thereby
reinforcing their sense of self-worth and confidence (Tetlock, Skitka and Boettger, 1989;
Kunda, 1990; Westaby and Fishbein, 1996). Also, justifiable reasons guide consumers
toward clearly defined adoption goals, facilitating more deliberate decision-making

processes (Gigerenzer and Goldstein, 1996; Bagozzi, Bergami and Leone, 2003).
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Additionally, reasons serve an instrumental role in helping consumers cognitively
interpret and rationalize their environment by offering causal explanations for their own
and others' behaviors, thus reducing uncertainty and promoting a clearer understanding
of product/service adoption decisions (Westaby, 2005). Collectively, these advantages
underscore the importance of explicitly incorporating reasons into analyses of the
antecedents of AIMDSS adoption. Given the novelty of AIMDSS, the high-risk
healthcare context, and the relatively early stage of its adoption in a developing country
like Vietnam, there is a clear need to examine further the specific reasons underlying

consumers' intentions to either adopt or resist such innovative technology.

According to Westaby (2005), reasons are defined as specific subjective factors
individuals rely on to justify and explain their intended behavior. The BRT framework
further posits that reasons comprise two sub-dimensions: reasons for and reasons
against. Further, reasons can portray not only people’s pros/cons and benefits/costs
explanations, but also their facilitators/constraints explanations. Empirical studies
applying BRT have demonstrated that reasons for adoption are a significant positive
predictor of behavioural intention. For example, in the context of adopting radical
new technologies, reasons for adoption directly and positively influenced adoption
intentions (Claudy, Garcia and O’Driscoll, 2015). Similarly, when examining mobile
health services, Lee et al. (2023) found that reasons for adoption, such as relative
advantage, compatibility, and perceived threat severity, directly increased users' intention
to use the service. In the chatbot domain, Jan et al. (2023) also found that reasons for (i.e.,
perceived convenience, perceived interactivity, and perceived ubiquity) positively affect
users’ intention to use the agent. However, studies of Claudy (2013) and Claudy (2015)
both reported no significant impact of reasons for on adoption intention of consumers in
the domain of new product and services adoption. Hence, this dissertation posits that
consumers may adopt AIMDSS for several reasons, including their initial trust, personal
innovativeness in the domain of health technology, and modern self. Accordingly, this

relationship warrants further examination, leading the author to propose that:

H2. Users’ reasons for adopting AIMDSS will positively influence their intention
to adopt AIMDSS

Research applying BRT has consistently found a significant negative relationship
between reasons against and intention (Westaby, 2005; Claudy, Garcia and O’Driscoll,
2015; Pillai et al., 2023). In the Al adoption domain, Jan et al. (2023) found that reasons

against had a positive impact on users' resistance to adopting an Al-powered chatbot. In
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the context of AIMDSS adoption in Vietnam, consumers may form reasons against
based on two core components: traditional self and perceived threats. Individuals with a
strong traditional self may express skepticism about replacing human expertise with
algorithmic decision-making or prefer conventional face-to-face consultations over
machine-supported diagnostics. Meanwhile, perceived threats, including identity-based
concerns such as fear that Al undermines the human element in healthcare, and realistic
concerns such as diagnostic errors, data misuse, or job losses in the medical sector, can
reinforce psychological resistance. These reflective dimensions collectively form the
higher-order reasons against construct, which serves as a proximal barrier to the
adoption of AIMDSS. Therefore, the author proposes that:

H3. Users’ reasons against adopting AIMDSS will negatively influence their
intention to adopt AIMDSS

1.2.4. Impact of reasons on attitude toward medical AI

Within BRT, reasons for a behavior represents contextual justifications that
mediate the influence of belief systems on global evaluative constructs such as attitudes
(Westaby, 2005). Empirical evidence across different domains supports the assertion
that positive reasoning enhances attitudes. For example, in sustainability contexts,
Claudy et al. (2013) demonstrated that reasons for adoption positively influence
attitudes toward green energy products, reinforcing that reasoned justifications serve as
cognitive antecedents to attitudinal alignment. In healthcare settings, Li and Wang
(2024) found that reasons for ( i.e., initial trust, health information accessibility,
professional level, and perceived informational support) positively affect the attitude of

consumers toward AIMDSS in China. Thus, the author proposes that:

H4. Users’ reasons for adopting AIMDSS will positively influence their attitudes
toward AIMDSS

Conversely, reasons against a behaviour provides the cognitive basis for an
unfavourable evaluation. When potential users in Vietnam evaluate the downsides of
AIMDSS, such as its potential to undermine the traditional human-centered care, replace
traditional doctor—patient interactions, disrupt familiar healthcare routines, or challenge
deeply rooted norms about human expertise in medicine, these concerns would be more
robust in those who identify themselves as traditional. Nguyen et al. (2009) suggested
that consumers who embrace traditional self are more risk-averse and cautious about
trying new products/services. Additionally, perceived threats, comprising identity threat

(e.g., fears that Al compromises the personal and humanized nature of care) and realistic
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threat (e.g., concerns over diagnostic errors or job displacement), further reinforce
negative appraisals (Huang et al., 2021). However, evidence on the relationship between
reasons against and attitude has been mixed. There was some confirmed negative
relation in the medical Al adoption domain (Pillai et al., 2023; Li and Wang, 2024),
while a non-significant effect of this relation was also reported (Claudy, Peterson and
O’Driscoll, 2013; Jan, Ji and Kim, 2023). As posited by Behavioral Reasoning Theory,
these belief-driven justifications serve as proximal cognitive mechanisms that shape
users’ negative attitudes toward adoption (Westaby, 2005). Thus, in this dissertation, the

author would re-evaluate this relation and propose that:

HS. Users’ reasons against adopting AIMDSS will negatively influence their
attitudes toward AIMDSS

1.2.5. Impact of beliefs on consumers’ reasons and attitude toward medical AI

adoption
1.2.5.1. Impact of technology optimism

Aligning with Samayoa and Albarracin’s (2025) proposed belief categorization,
technology optimism would be classified as an outcome belief, a judgment of the
probability that technology produces a good outcome for the users. Within BRT, this
type of belief serves as a foundation for forming 'reasons for' adoption, guiding how
individuals justify their support for the behavior and shaping their attitudes and
intentions. Empirical studies consistently show that technology optimism is a strong
predictor of favorable attitudes, higher perceived usefulness, and adoption behaviors
across diverse contexts, including smart environments, € commerce platforms, complex
information systems, and AI (Tsikriktsis, 2004; Lin and Hsieh, 2007; Flavian et al.,
2021). In the domain of Al, early evidence indicates that students with higher technology
optimism show greater perceived ease of use, perceived usefulness, and perceived
enjoyment, thus having higher usage intentions (Cui, 2025). Additionally, Jan et al.
(2023) found that techno-optimism (as a motivator) positively influences Korean users'
reasons for using the Al-powered chatbot. However, an examination of the impact of
techno-optimism on reasons against and attitude was not conducted (Jan, Ji and Kim,
2023). Given the limited research on how beliefs influence reasons for and against adoption
(Granados Samayoa and Albarracin, 2025; Westaby, Rosemarino and Elliot, 2025),
together with the nascent stage of medical Al adoption in Vietnam, further qualitative

exploration of the link between technology optimism and reasons for or against adopting
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medical Al is needed. Thus, these links would be further specified in the qualitative

analysis. Therefore, at this stage, the author proposes that:
H6. Techno-optimism will be related to reasons for AIMDSS adoption
H7. Techno-optimism will be related to reasons against AIMDSS adoption

Optimism refers to a positive view of technology, including customers'
perceptions of control, flexibility, convenience, and efficiency (Parasuraman, 2000).
Meta-analytic evidence shows that the optimism facet of Technology Readiness reliably
enhances attitudes and downstream usage intentions across settings, implying a robust
cognitive-affective pathway from optimism to favorable evaluations (Blut and Wang,
2020). Liljander et al. (2006) found a positive association between consumers'
technology optimism and their attitude toward using novel technologies, such as self-
service airline check-in. Thus, in healthcare settings, techno-optimism is expected to
foster receptivity toward medical Al, especially when such systems are presented as
supportive aids that enhance clinicians’ work rather than substitutes, and when human

oversight remains evident. Thus, the author proposes that:
HS8. Techno-optimism will be positively related to attitude toward AIMDSS
1.2.5.2. Impact of anthropocentrism

In this research, anthropocentrism is conceptualized as a descriptive belief,
consistent with the definition proposed by Samayoa and Albarracin (2025), which
defines it as a judgment about the probability that an entity possesses a certain quality.
In this case, it refers to the perceived superiority and centrality of humans relative to
non-human agents. This belief reflects a worldview in which human interests are
paramount, and nature, animals, or artificial agents are instrumentalized to serve those
interests. Empirical evidence suggests that anthropocentric consumers tend to express
negative attitudes toward autonomous agents, such as Al (Fortuna, Wréblewski and
Gorbaniuk, 2023). Thus, the author would expect resistance or negative attitudes from
consumers when Al is positioned as a replacement for them in specific tasks. Such
resistance could be driven by concerns about the erosion of human uniqueness and fears
of being substituted, which have been suggested by Longoni(2019). These reactions are
consistent with intergroup bias theory, which posits that individuals tend to categorize
Al as an out-group entity that lacks shared human characteristics and goals (Haslam,
2006). In such contexts, Al systems are perceived as alien agents, triggering
psychological discomfort and defensive responses due to their symbolic challenge to
human identity and control (de Graaf, Allouch and Klamer, 2015; Ztotowski,
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Yogeeswaran and Bartneck, 2017). The perceived blurring of boundaries between
humans and machines often evokes discomfort, especially when Al systems are seen
as capable of replicating complex cognitive or social functions (Ztotowski,
Yogeeswaran and Bartneck, 2017). As a result, users may begin to question their own

distinctiveness and irreplaceability (Ferrari, Paladino and Jetten, 2016).

However, when Al is framed as a supportive tool that assists human users rather
than replacing them, especially in settings emphasizing human oversight, consumer
receptivity tends to improve (Longoni, Bonezzi and Morewedge, 2019). Still, research
by Longoni (2019) mainly addresses the impact of uniqueness neglect; thus, evidence
on the impact of anthropocentrism on medical Al adoption by consumers in healthcare
is limited. Given the limited empirical evidence on belief—reason linkages (Westaby,
Rosemarino and Elliot, 2025) and the nascent state of medical Al adoption in a
transitional, developing context such as Vietnam, hypotheses 9 and 10 are therefore
proposed as non-directional. Consistent with BRT, the influence of beliefs on reasons is
context-dependent and shaped by the justificatory logic consumers employ when
explaining their behavioral intentions (Westaby, 2005; Westaby, Rosemarino and Elliot,
2025). Accordingly, a qualitative phase is necessary to elucidate how these beliefs
translate into reasons for and reasons against medical Al adoption in the Vietnamese
healthcare context. Thus, H9 and H10 are proposed as follows, and will be further

specified after the qualitative phase.
H9. Anthropocentrism will be related to reasons for AIMDSS adoption
H10. Anthropocentrism will be related to reason against AIMDSS adoption intention

Regarding the relationship between anthropocentrism and attitude, empirical
studies often examine this link from the perspective that machine can replace human in
certain tasks. When Al is portrayed as a substitute for human professionals in high-stakes,
interpretive, or care-laden roles, anthropocentric audiences often register identity and
agency threat, algorithm aversion, and moral unease, dampening attitudes (Dietvorst,
Simmons and Massey, 2015; Bigman and Gray, 2018; Castelo, Bos and Lehmann, 2019;
Cave, Coughlan and Dihal, 2019; Longoni, Bonezzi and Morewedge, 2019). Further, a
negative association between anthropocentrism and attitudes toward Al powered robot was
documented by Fortuna et al. (2024). However, anthropocentrism does not inherently

imply rejection of Al rather, it reflects a belief in the centrality of humans.

When Al is explicitly framed as a supportive decision tool that preserves human

oversight and accountability, anthropocentric individuals may respond more favorably,
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as such systems align with their expectation that humans remain in control. Prior
research shows that acceptance of medical Al improves when Al is positioned as
augmenting rather than replacing clinicians (Longoni, Bonezzi and Morewedge, 2019).
This suggests that when Al is explicitly positioned as a clinician support tool that
preserves human oversight, accountability, and discretion, anthropocentrism can be
associated with more favourable attitudes. In the context of AIMDSS adoption, Al
functions as a human-in-the-loop technology designed to extend clinical competence,
enhance performance, and stabilize trust through physician mediation, explainability,
and governance safeguards (Logg, Minson and Moore, 2019; Fan et al., 2020; Li and
Wang, 2024). Under these conditions, anthropocentrism may foster positive attitudes
toward Al adoption, as the technology is perceived as reinforcing rather than

undermining human authority. Accordingly, this study proposes that:

H11. Anthopocentrism will be positively related to attitude toward AIMDSS

adoption.

Based on the BRT and the hypothesis development, the author propose the

research framework as depicted in Figurel .4.
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Figure 1.4. Theoretical framework
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SUMMARY OF CHAPTER 1

Chapter 1 opens by defining artificial intelligence (Al), emphasizing the unique
features that distinguish it from other forms of technology. The author then provides an
overview of existing literature on Al adoption in general, as well as within healthcare
specifically. This sets the stage for a focused examination of consumer behavior in

relation to Al

The chapter proceeds with a structured synthesis of major research themes
concerning consumer behavior in the Al context. This includes a review of theoretical
frameworks, methodological approaches, and the antecedents that shape Al adoption.
Special attention is given to factors influencing consumers' intention to adopt medical

Al including cognitive beliefs and other enablers or barriers to adoption.

The literature review reveals significant insights, but also highlights several
research gaps that have not been thoroughly explored in previous studies. To address
these issues, the author proposes a theoretical framework to guide the subsequent
research. This framework is carefully selected based on its relevance to the topics

discussed and its potential to offer new perspectives on luxury consumption behavior.

The chapter concludes by presenting a preliminary research model outlining the
core constructs and hypothesized relationships to be empirically tested. Accompanying
this model are research hypotheses derived from the theoretical framework, aiming to
explore key determinants of Al adoption, particularly highstake context such as
healthcare. These elements establish the foundation for the empirical analysis conducted

in subsequent chapters.
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CHAPTER 2: RESEARCH METHODOLOGY

2.1. Research context
2.1.1. The context of Vietnam

Vietnam represents a critical yet underexplored context for examining consumer
adoption of Al in healthcare. As a rapidly developing country undergoing a profound digital
transformation, Vietnam faces the dual challenge of accelerating technological adoption
while navigating infrastructural, educational, and socio-cultural constraints. Despite
governmental support and strategic national programs promoting digital health and Al
applications in medicine (Thu, Nguyen and Taylor-Robinson, 2023), empirical research on
how end-users, particularly consumers, perceive, accept, or resist medical Al remains
limited. This gap is significant, as user acceptance and adoption behaviors are essential for

the long-term sustainability and scalability of such technologies (Venkatesh ez al., 2003).

Vietnam's population is marked by considerable heterogeneity in digital literacy,
particularly between urban and rural areas, which may influence readiness and trust in
emerging Al technologies. Cultural attitudes also play a pivotal role, since the
collectivist orientation and deep-rooted respect for human-centered care in Vietnam may
interact in complex ways with perceptions of automation (Trang, Thang and Vo, 2025),
raising questions about anthropocentrism, trust, and perceived threat. At the same time,
Vietnam’s youthful demographic and growing middle class demonstrate increasing

enthusiasm for innovation, aligning with global trends in digital health consumerism.

While existing studies in digital health primarily focus on healthcare
professionals or system-level implementation (Thu, Nguyen and Taylor-Robinson,
2023), little is known about how ordinary Vietnamese citizens understand, evaluate, and
make decisions about Al-based healthcare solutions. Given that consumer-side adoption
1s a critical component of successful digital health implementation, this research context
offers both practical relevance and theoretical richness. Moreover, with the majority of
global Al adoption research situated in developed countries, insights from Vietnam can
offer a valuable contribution to the literature by illuminating how beliefs, values, and

contextual barriers shape Al adoption in emerging economies.
2.1.2. Al adoption in Vietnamese healthcare setting

Vietnam’s healthcare infrastructure is increasingly supported by a growing digital
foundation, fueled by strong governmental initiatives and strategic policies such as
Decision No. 749/QD-TTg and Decision No. 5349/QD-BYT, which promote digital

56



transformation and the implementation of electronic health records (Ministry of Health,
2019; The Prime Minister, 2020). The widespread adoption of internet connectivity,
mobile smart devices, and cloud technologies has further enabled real-time data sharing
and access, creating a more responsive and scalable environment for healthcare service
delivery. Further, Vietnam has made notable strides in expanding its digital healthcare
infrastructure, with cloud-based services enabling innovative, cost-effective solutions
and 4G networks, supporting the integration of telemedicine, remote monitoring, and
Al-enabled tools (KPMG and Oxford University Clinical Research Unit, 2020). Despite
these advancements, Vietnam’s healthcare system continues to face significant
challenges as a developing middle-income country. With approximately 12.5 physicians
per 1,000 people, Vietnams’ doctor—patient ratio is relatively low in Asia (Le, 2024) .
Large public hospitals in Vietnam frequently experience overcrowding, leading to
excessive wait times and staff burnout (Nguyen et al., 2018; Quan and Taylor-Robinson,
2022). A cross-sectional survey in 15 hospitals revealed that high effort-reward
imbalance and overcommitment are significant predictors of burnout among Vietnamese
healthcare professionals (Bui et al., 2022). Furthermore, Vietnam's aging population is
projected to increase demand for chronic disease management, posing additional
pressure to an already stretched system (Glinskaya et al., 2021). These contextual
factors, including insufficient human resources, skill disparities, inconsistent
infrastructure, and population aging, highlight the urgent need for technological

interventions to support the healthcare workforce and improve service delivery.

Al technologies offer significant potential to alleviate the burdens faced by
Vietnam's healthcare system. For example, remote patient monitoring and predictive
analytics can reduce in-person visits and ease patient load by enabling chronic disease
management outside traditional settings (Nadarzynski et al., 2019; Thu, Nguyen and
Taylor-Robinson, 2023; Kurniawan et al., 2024). Al-powered chatbots and virtual
assistants can support triage, appointment-scheduling, and care coordination, helping
to address staff shortages in primary care and urban hospital clinics (Thu, Nguyen
and Taylor-Robinson, 2023). Additionally, Al-based decision support tools (AIMDSS)
integrated into radiology and clinical workflows, such as VinDr-CXR, have
demonstrated improvements in diagnostic accuracy and throughput, potentially
reducing diagnostic backlogs (Thu, Nguyen and Taylor-Robinson, 2023). By
augmenting clinical capabilities and automating routine tasks, Al can help bridge
human resource gaps, reduce provider fatigue, and improve access to care, especially

in underserved areas.
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Al adoption in Vietnam is still at an early stage, but momentum is growing.
Vietnam’s overall Al adoption rate across industries stands at a modest 9%, markedly
lower than the global average of approximately 23%, healthcare applications are seeing
noteworthy adoption efforts (Thu, Nguyen and Taylor-Robinson, 2023). This includes
Al-based platforms such as DrAid, used in several tertiary institutions for X-ray,
mammogram, and CT scan analysis to detect lung, breast, testicular, and prostate cancers
(Thu, Nguyen and Taylor-Robinson, 2023). Furthermore, private-public initiatives,
supported by major tech companies and government agencies, have begun to scale up
Al infrastructure and talent (e.g., Nvidia’s national Al research centre collaboration) (Vu
and Fenton, 2024). While still emerging, such developments indicate a clear upward
trajectory for Al integration in healthcare. Meanwhile, a current state of medical Al
adoption in Vietnam is mostly refer as nascent. A 2025 assessment of five major public
hospitals found that while Hospital Information Systems (HIS), Laboratory Information
Systems (LIS), and PACS are widely implemented, advanced digital health technologies
such as AIMDSS remain nascent (Tran ef al., 2023).

Given the nascent stage of medical Al adoption in Vietnam, there is currently no
official or comprehensive data on adoption rates or the overall state of implementation.
Existing information is fragmented and largely drawn from a limited number of
independent reports and media sources that provide only partial insights into the
adoption of medical Al in the country. Specifically, medical Al adoption in Vietnam has
been most visible in large tertiary public hospitals and advanced private healthcare
providers, where Al systems are primarily deployed as clinical decision support tools
rather than autonomous decision-makers. A representative example is VinBrain’s
DrAid?, an Al-powered medical imaging platform implemented in major public
hospitals such as Central Military Hospital 108, Hue Central Hospital, National Lung
Hospital, Hai Phong Lung Hospital, Ho Chi Minh Medical University Hospital, as well
as private hospital networks including Vinmec International Hospital (VTV Online,
2024). DrAid supports radiologists in interpreting chest X-rays and CT scans by
detecting abnormalities such as lung nodules and pneumonia, with Al outputs reviewed
and validated by physicians within routine clinical workflows. Alongside domestic
solutions, internationally developed systems have also been introduced. For instance,
IBM Watson Oncology has been piloted in selected oncology centers, including the
National Cancer Hospital, Phu Tho General Hospital, and HCMC Oncology Hospital,

2 The illustration of the DrAid of VinBrain is in the Appendix 3, page 183
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to assist oncologists by providing evidence-based treatment recommendations derived
from medical literature and clinical guidelines (KPMG and Oxford University Clinical
Research Unit, 2020)°. Overall, these cases indicate that Al adoption in Vietnam’s
healthcare system is characterized by incremental integration, physician oversight, and
growing but still limited patient exposure, providing a realistic context in which
consumers form beliefs, reasons for, and reasons against adopting Al-supported

healthcare services.

Despite the substantial potential of artificial intelligence (AI) to transform
Vietnam’s healthcare system, particularly in mitigating workforce shortages, improving
diagnostic accuracy, and enhancing care delivery, the integration of advanced Al
applications, such as Artificial Intelligence Medical Decision Support Systems
(AIMDSS) remains limited (Thu, Nguyen and Taylor-Robinson, 2023; Tran et al.,
2023). While early adoption efforts have shown promise, some study suggests that
infrastructural, regulatory, and sociocultural barriers constrain widespread
implementation (Vuong et al., 2019). Regarding the regulation of medical Al adoption,
Al-pioneering countries have adopted diverse approaches to medical Al regulation
(Palaniappan, Lin and Vogel, 2024). Countries (e.g. USA, UK, and Singapore) mostly
adopt a soft-law approach toward the use of Al in healthcare, including professional
guidelines, voluntary standards, and codes of conduct that are adopted by governments
and the industries. On the other hand, some countries have adopted legal frameworks
to regulate the use of Al in healthcare practice, such as the European Union and China
(Palaniappan, Lin and Vogel, 2024). Regarding developing countries, regulatory
approaches to Al in healthcare are mostly still in the early stages, often relying on soft-
law measures or broad national strategies rather than fully developed binding laws.
For example, a comprehensive, standardized guideline and legal framework for Al in
healthcare in Vietnam remain lacking, posing a challenge for adoption by medical
facilities, physicians, and patients. Given the ambiguity surrounding the
implementation of medical Al, the complexity of healthcare decision-making and the
high stakes involved, patients have expressed concerns and resistance toward medical
Al adoption (Plsek and Greenhalgh, 2001; Li and Wang, 2024; Khanijahani et al.,
2022; Yang, Ngai and Wang, 2024). Thus, understanding the factors that facilitate or
hinder consumer adoption of such systems is critical in a developing-country context

like Vietnam.

3 The illustration of the IBM Watson Oncology is in the Appendix 3, page 182
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2.2. Research methodology

Given that medical Al is relatively new and its adoption is still nascent, it is
important to understand the current state of its adoption in Vietnam. Such an
understanding provides an overall picture of the types of medical Al currently in use,
their adoption status, how they are being adopted in the healthcare system, and the
general levels of awareness and practices surrounding medical Al among consumers in
the Vietnamese context. Further, it is essential to explore the role of specific beliefs and
context-specific factors in shaping rationales for or against adopting medical Al, using
the BRT, in Vietnam, where medical Al adoption is considered novel. The insights from
this dissertation would help further specify hypotheses 6, 7, 9 and 10. Lastly, this
dissertation aims to examine the impact of those beliefs, via the reasoning process, on

consumers' intention to adopt medical Al.

To address these objectives, a sequential exploratory mixed-methods design was
employed, incorporating both qualitative and quantitative phases. The research design
1s illustrated in Figure 1.5. The qualitative phase was conducted first to provide rich
insights into the context of medical Al adoption in Vietnam and to refine the conceptual
framework. This phase consisted of semi-structured interviews with key stakeholders
(e.g., medical professionals, policymakers, Al technology experts, and consumers) and
was followed by focus group discussions targeting young consumers. The qualitative
approach enabled the researcher to explore consumers’ perceptions, their beliefs, and
belief-based antecedents of adoption, which are particularly important in a context
where medical Al is novel and consumer understanding is limited (McCracken, 1988;
Silverman, 2009).

Semi-structured interviews are well-suited to exploring the state of medical Al
adoption in Vietnam from the perspectives of diverse stakeholders, including healthcare
professionals, policymakers, and industry representatives. These groups are expected to
offer diverse viewpoints and observations on how medical Al is being adopted. At the
same time, incorporating a small number of consumers offers valuable insights into their
perceptions and awareness of medical Al, as well as potential determinants of adoption.
Their age differences may also yield contrasting views on medical Al adoption.
Moreover, doctors’ observations of patients’ attitudes and perceptions further enrich the

understanding of consumer perspectives at this stage.

On the other hand, focus groups enable researchers to observe group interaction,
shared reasoning, and collective sense-making that are difficult to elicit in one-on-one

settings (Morgan, 1996). The integration of these two methods enriches findings,
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enhances validity, and enables the research to explore both personal reflections and
interpersonal dynamics related to the adoption of medical Al (Patton, 2014).
Furthermore, this focus group consists of young participants representing young
consumers, who, according to KPMG (2020), are expected to become the fastest-
adopting segment of medical Al. As KPMG (2020) suggests, nearly half of Vietnam’s
working-age population is under 34, creating favorable conditions for the adoption of
innovative science and technology. This ‘golden population structure’ positions Vietnam
well for the adoption of digital health solutions, such as medical Al. Focus groups then
allowed the exploration of belief factors and reasoning of young consumers, key
adopters of digital health technologies.

PHASE 1 PHASE 2
A A

~

Research Aims:

hYd N

Explore the current state of
medical Al adoption in
Vietnam

Explore the factors that
influence the adoption of
medical Al of consumers
based on consumers’
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Semi-structured »

Interviews
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Research Aims:
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focusing on the role of
specific beliefs (i.e.,
anthropocentrism and
technology optimism)
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their reasoning for and
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Focus Groups

-

Examine the impact of
specific beliefs (i.e.,
anthropocentrism and
technological optimism) on
consumers’ reasons for and
against adoption, and
consequently on their
attitudes and intentions to
adopt medical Al

QUANTITATIVE

Survey

Figure 1.5. Research design of the dissertation

Additionally, conducting a preliminary qualitative study to elicit the context-

specific reasons for and against adopting medical Al among consumers is consistent
with the methodology proposed by Westaby (2005), which is commonly applied in BRT
research (Westaby, 2005; Claudy, Garcia and O’Driscoll, 2015; Wagner and Westaby,

2020). In accordance with BRT, such elicitation studies enable the development of
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categories representing both supportive and inhibiting reasons that are later incorporated
into the main survey. In this dissertation, reasons were extracted by posing fundamental
questions concerning beliefs, enabling conditions, and barriers that may hinder
consumers’ intention to adopt medical Al. Data were collected through semi-structured
interviews and a follow-up focus group with young consumers. The semi-structured
interviews, conducted with 17 diverse stakeholders (including consumers), offered a
broad perspective on the determinants of medical Al adoption by capturing both
consumer viewpoints and stakeholders’ perspectives on factors that may contribute to
consumer adoption. The focus groups allowed for a richer discussion, enabling
participants to collectively reflect on their beliefs about the evolving role of medical Al
and to elaborate on their rationales, which facilitate or hinder them from adopting
medical Al in their healthcare services. Emerging themes from these qualitative phases
were then identified and cross-validated with the literature to finalize the constructs
related to adoption reasons. Within the BRT paradigm, reasons for and reasons against
were subsequently operationalized as distinct second-order constructs to estimate
consumers’ adoption decisions of medical Al (Ashfaq et al., 2021; Ahmad and Harun,
2023; Ahmad and Rasheed, 2024; Li and Wang, 2024).

Methodologically, combining multiple qualitative data collection strategies
within the same phase is a recommended practice in exploratory research, especially
in under-researched or emerging domains where both depth and breadth of
understanding are necessary (Creswell and Plano Clark, 2018). Such a design aligns
with the principle of methodological complementarity, where different qualitative
techniques compensate for one another’s limitations and strengthen the robustness of
findings (Lambert and Loiselle, 2008).

In the second phase, the author conducted quantitative research to examine the
proposed theoretical model. The quantitative phase involved a structured questionnaire
to empirically examine the hypothesized relationships derived from the literature and
qualitative insights. This mixed-methods strategy allows for the integration of
exploratory depth and empirical validation, addressing both the "why" and "how"
questions qualitatively and the "what" and "to what extent" questions quantitatively
(Fetters, Curry and Creswell, 2013; Creswell and Plano Clark, 2018). This research
design also responds to the call to use other methodologies to study Al adoption,

including mixed-methods approaches (Jain, Wadhwani and Eastman, 2024).
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2.2.1 Phase one: Qualitative study

This qualitative phase comprises two complementary methods: semi-structured
interviews and focus group discussions. Each was designed to fulfill distinct but

interrelated research objectives within the context of medical Al adoption in Vietnam.
2.2.1.1. Semi-structured interviews
Sample selection

The primary purpose of these semi-structured interviews is to explore medical
Al adoption practices, particularly in Vietnam, an emerging Asian market, and the
factors that influence adoption from the consumer perspective. To fulfill these
objectives, the research employed a purposive sampling strategy (Patton, 2014),
targeting individuals with relevant experience or involvement in the development,
implementation, policy-making, or use of medical Al technologies. A total of 17
informants were recruited between 2023 and 2024 through the researchers’
professional network, spanning across three key stakeholder groups: healthcare

professionals, policymakers, and consumers.

Given the nascent yet rapidly evolving state of medical Al in Vietnam, the selection
of informants was deliberately diversified to capture a holistic understanding of the
adoption landscape. The sample includes senior and junior medical doctors from various
specialties (e.g., gastroenterology, endoscopy, and medical imaging), many of whom have
been directly involved in Al-related projects or clinical applications. Policymakers from
the Ministry of Health were included to provide insights into the regulatory and strategic
framework supporting Al integration in the national healthcare system. Furthermore,
representatives from the healthcare industry and medical technology startups were
selected to offer practical perspectives on technological readiness, implementation
challenges, and commercial adoption. Lastly, a small group of digitally literate consumers
across different age groups was interviewed to capture their perceptions and views on

factors that could determine their intention to adopt medical Al

This combination of expert, institutional, and consumer perspectives enabled
the study to capture diverse opinions, thereby uncovering domain-specific factors
influencing consumer adoption of AIMDSS. The diversity of informants' roles,
organizational affiliations, and backgrounds also enhances the analytical validity of
the study by encompassing both top-down (policy and system-level) and bottom-up
(practice- and user-level) viewpoints. The information of informants is provided in

Appendix 4.
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Data collection and analysis

In this dissertation, the author recruited seventeen informants in the period 2023-
2024 to gain a preliminary understanding of the state of medical Al adoption in Vietnam
and the factors that could influence its adoption in the Vietnamese healthcare system.
The interviews lasted 30 to 45 minutes and were conducted at the informant’s office or
at other locations chosen by the informants. All interviews were recorded and

transcribed within 24 hours.

At the beginning of each interview, the researcher explained the study’s
objectives and engaged informants with introductory questions to foster a relaxed and
open environment. To establish a shared understanding, benchmark examples were
provided to clarify key terms, including “Al” “medical Al,” and “medical Al adoption.”
The interview process consisted of two rounds. The first round gathered background
information on informants’ professional profiles, their exposure to technology, and their
awareness of Al in healthcare. The second round explored their perceptions of medical
Al adoption, perceived enabling and inhibiting factors, and views on whether Al could
replace human physicians. Interviews continued until theoretical saturation was reached,
defined as the point at which no new themes or insights emerged from the data (Guest,
Bunce and Johnson, 2006).

The data were analyzed using the reflexive thematic analysis approach outlined
by Braun and Clarke (2006). The analysis proceeded through six iterative phases. First,
the author familiarized themselves with the data by repeatedly reading the transcripts,
noting initial observations and potential patterns. In the second phase, the author
generated initial codes by systematically identifying meaningful segments across the
dataset. Coding was conducted inductively, ensuring that codes remained closely tied to
participants’ accounts rather than to preconceived theoretical categories. In the third
phase, codes were examined and collated into candidate themes that captured broader
patterns of meaning related to consumer reasoning about medical Al adoption. During
phase four, these preliminary themes were reviewed and refined by assessing their
coherence with coded extracts and the dataset as a whole. Themes that lacked sufficient
evidential support were revised, merged, or discarded. Phase five involved defining and
naming the themes through deeper analytic interpretation of their underlying meaning,
scope, and boundaries. In the final phase, the themes were integrated into a coherent
analytical narrative that explains how consumers make sense of medical Al and the

factors that shape their adoption intentions. Throughout the entire analytic process, the
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author adopted a reflexive stance, continually questioning assumptions and
documenting interpretive decisions. Regular discussions with academic supervisors

further enhanced the rigor and trustworthiness of the analysis.
2.2.1.2. Focus groups
Sample selection

To explore consumer perspectives on medical Al, including the role of specific
beliefs and the factors shaping reasoning for and against its adoption, and specifying the
hypotheses 6, 7, 9 and 10, nine focus group discussions were conducted with participants
from a business school in Vietnam. A purposive sampling strategy was adopted to recruit
participants who reflect a key demographic likely to engage with emerging healthcare
technologies. The sample consisted of undergraduate and master’s students, aged 19 to
27, currently enrolled in business and related programs. This age group was chosen
based on the assumption that they tend to exhibit higher digital literacy, greater exposure
to technological innovations, and a stronger inclination to adopt new technologies earlier

than other demographics (Rogers, 2003).

Each round of data collection involved three focus groups, with 7 to 9 participants
per group, consistent with methodological recommendations for generating diverse yet
manageable discussions (Krueger and Casey, 2015). Participants were recruited through
in-class announcements and institutional communication channels. Efforts were made
to ensure diversity in gender and academic level across groups, while maintaining

homogeneity in educational background to foster peer-based dialogue.
Data collection and analysis

Participants, including bachelor's and master's students, are in a similar age range
(19-27 years old). They were recruited in three rounds with a total of 73 participants. In
every round, the author created three groups, each consisting of seven to nine
participants. The participants shared a similar education level (i.e., undergraduate, or
master students) and the gender ratio was relatively balanced for each group. The authors
assumed the moderator role. All focus group discussions were held after class on campus
as part of their extracurricular activities. During the focus group discussions, participants
were invited to share their views on key issues, including their awareness and experience
with medical Al, perceptions of its role in healthcare, opinions on whether medical Al
could replace or complement human tasks in healthcare, willingness to use such
technologies and the factors influencing their decisions, as well as the distinctive

characteristics of young consumers who may be particularly willing, or reluctant, to

65



adopt medical Al. To avoid misinterpretation of the term, a specific example was
provided to stimulate discussion of the AIMDSS implemented in two large local private
hospitals. To elicit factors influencing consumers’ intention to adopt medical Al, the data

was analyzed using reflexive thematic analysis, as outlined by Braun and Clarke (2006).
2.2.2. Phase two: Survey
2.2.2.1. Sample and data collection

In the second phase of this research, a structured survey was conducted to
examine the determinants of consumers’ intention to adopt medical Al in healthcare,
using the proposed theoretical framework. Respondents were recruited through both
online and offline channels. For the online distribution method, the questionnaire was
disseminated to current undergraduate and graduate students, alumni of universities in
Hanoi, and additional participants via online platforms such as Facebook and Zalo. For
the offline method, data collection took place at two large hospitals in Hanoi, where
visitors and patients were invited to participate voluntarily. The age of participants in
the sample group is at least 18, mirroring the fundamental demographic characteristics
of the actual survey population. These sampling strategies were chosen to reach a broad
segment of Vietnamese consumers, particularly those with relatively higher levels of
education and potential exposure to medical technologies, key considerations in studies

on technology adoption in healthcare (Venkatesh et al., 2012).

Before participation, all respondents were informed about the study’s objectives,
confidentiality policies, and their right to withdraw at any time. After screening for
completeness and validity, 487 responses were retained for analysis. The sample size of
487 respondents is well above the recommended thresholds for PLS-SEM. According
to the “10-times rule,” the minimum requirement is ten times the largest number of
structural paths directed at a construct, which in this model is far below 487 (Barclay,
Higgins and Thompson, 1995). Another recent simulation-based method confirms that
PLS-SEM achieves reliable estimates with much smaller sample sizes than older
heuristics (such as the 10-times rule) suggested by Kock and Hadaya (2018). According
to Hair et al. (2022), the most appropriate way to determine sample size in PLS-SEM is
through statistical power analysis. For a medium effect size (f2=0.15), a 5% significance
level, and a power of 80%, the minimum required sample size ranges from
approximately 92 to 160 cases, depending on the number of predictors (Hair et al.,
2022). With 487 valid responses, the sample size in this dissertation comfortably

exceeds these requirements, ensuring adequate statistical power.
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2.2.2.2. Measurements and questionnaire development

A structured questionnaire was developed, comprising four integrated sections to
address the research objectives comprehensively. Section 1 introduces the study and
defines key concepts, including Al, medical Al, and their practical applications in
healthcare. This section also incorporates illustrative examples to help respondents
better understand how Al systems function in medical contexts. Furthermore, it outlines
ethical considerations, including respondents’ confidentiality and procedures for
obtaining informed consent. Section 3 includes 69 items designed to capture a wide
range of constructs relevant to the study. These items were adapted from validated scales
in prior research and modified to align with the specific context, target population, and
thematic focus of the investigation. Section 4 concludes the questionnaire with five
demographic questions concerning age, gender, educational attainment, and income
level. Construct measurements, along with the rationale for any adjustments, are

described as follows.
Intention to adopt medical Al

Regarding adoption intention towards AIMDSS (i.e., medical Al), as with other
TPB factors, Ajzen’s (1991) measurement scale for purchase intention has been used in
various research contexts, especially in studies of luxury product consumption.
Therefore, in this dissertation, the author also adapted the scales from Ajzen (1991),
each with three items: ‘I intend to...”, ‘I plan to...’, and ‘I will try to...”. To enhance
contextual relevance and predictive validity, an additional intention item, 'I intend to use
AIMDSS in the next visit for medical examination services', was included. This
adaptation aligns with the TACT principle (Target, Action, Context, Time), as
recommended by Fishbein and Ajzen (2011), which posits that behavior prediction
improves when intention measures are specific to the behavioral context. Related
approaches, such as implementation intentions (Gollwitzer, 1999) and time-specific
items in health behavior research (Maher et al., 2017), further support the validity of
this adaptation. Study of Chong (2013) has similarly tailored intention items to specific
use scenarios to capture short-term, actionable intentions, particularly in domains where
behavioral execution depends on situational triggers. The scale for intention to adopt

medical Al is presented below:
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Table 2.1. The scale of adoption intention toward AIMDSS

Variable Items Sources

I intend to use AIMDSS when using medical

examination services.

I will try to use AIMDSS when using medical

Adoption o : Adapted

examination services.

intention toward ) : — : from Ajzen

AIMDSS (INT) I intend to use AIMDSS in the next visit for medical (1991)
examination services.
I plan to use AIMDSS when using medical
examination services in the future.

Attitude toward AIMDSS

In this dissertation, a shortened three-item attitude scale was adapted from
Ajzen’s (1991) guidelines to assess participants’ evaluative orientation toward the use
of AIMDSS. The decision to adopt a short-form version aligns with prior studies that
have demonstrated the reliability and validity of abbreviated attitude measures in
technology adoption (e.g.Taylor and Todd (1995)). The chosen wording substitutes
“right choice” and “right decision” for Ajzen’s originally suggested “wise” or “good,”
which are semantically equivalent yet more congruent with the clinical and evaluative
nature of medical technology use. The scale items used in this dissertation are presented
in Table 2.2.

Table 2.2. The scale of attitude toward using AIMDSS

Variable Items Source
For me to use AIMDSS is a right choice
Attitude Adapted
For me to use AIMDSS is beneficial from Ajzen
(ATT)
For me to use AIMDSS is the right decision (1991)

Techno-optimism

Techno-optimism refers to a favorable belief in technology's capacity to improve
everyday life, productivity, and personalization. In this dissertation, the scale measuring
this construct is adapted from the shortened five-item scale of Chung et al. (2015), who
themselves drew on the original techno-optimism scale developed by Parasuraman

(2000). This version is also adopted by other studies, for example, to study consumers’
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acceptance of augmented reality technology (Alvarez-Marin, Veldzquez-Iturbide and
Castillo-Vergara, 2023). A modification was made to suit the healthcare context of this
study better. Specifically, the author replaced the item “Technology gives me more
freedom and mobility” with “I like technologies that allow me to tailor things to fit my

own needs”, both of which originate from Parasuraman (2000)’s original pool of items.

This adjustment reflects the growing emphasis on personalized healthcare
delivery, especially as Al technologies are increasingly used to customize medical
information, treatments, and services to patients (He et al., 2019; Topol, 2019). The
revised item better captures the relevance of consumer-facing Al in healthcare, where

user control and personalization are central to adoption motivation.

Moreover, the same modifications have been made in prior research to adapt the
TRI scale to specific contexts. For example, Richey et al. (2007) have derived a similar
shortened version of the technology optimism, but applied to firm-level examination.
Thus, the adjustment preserves construct validity while enhancing contextual relevance

for the adoption of medical Al among consumers in Vietnam.

Table 2.3. The scale of techno-optimism

Variable Items Source

New technologies contribute to a better quality of life

I prefer to use the most advanced technology

Techno- | Products/ services that use the newest technology are much| Adapted from

optimism| more convenient for me to use Chung et al.

(TO) | Technology makes me more productive in my personal life (2015)

I like technologies that allow me to tailor things to fit my

own needs

Anthropocentrism

Anthropocentrism in this dissertation is measured using a four-item scale
developed by Fortuna et al. (2023) to capture the belief in human centrality and
superiority within the natural order. These items reflect core anthropocentric beliefs in
hierarchical human-nature relationships, exclusive epistemological authority, and moral
precedence over non-human life. Fortuna et al. (2023) validated the scale across diverse
populations, demonstrating strong internal consistency (Cronbach’s a > .85) and sound
convergent and discriminant validity using confirmatory factor analysis. Its robustness

has been confirmed in his subsequent work (Fortuna et al., 2024).
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Table 2.4. The scale of anthropocentrism

Variable Items Source

Man is the final link in the evolution of nature or, from

the religious point of view, “the crown of creation.”

Anthropocentrism| Man is a unique being, a special one in the Universe. | Fortuna et

(ANTH) Only man can get to know the world objectively, as itis | al. (2023)

The good of man is more important than the needs of

any other creatures.

Reasons for:

This research follows Westaby (2005) approach to model reasons for and against
as formative higher-order construct. Westaby (2005, p. 105) notes that individuals often
exhibit substantial variability in the importance they assign to different reasons when
explaining behavior, suggesting that a single reason may account for a large proportion
of the variance in attitudes or behavioral intentions. Building on this insight, Claudy et
al. (2015) opted not to aggregate reasons into broad “reasons for” and “reasons against”
indices. Instead, they modeled reasons as distinct second-order constructs, allowing the
relative influence of specific reasons on consumers’ adoption decisions to be assessed
more precisely Claudy et al. (2015, pp. 536-537). Claudy et al. (2015) further argue that
this approach aligns with principles of measurement theory, which emphasize capturing
the distinct contributions of underlying dimensions rather than masking them through

aggregation.

The reflective—formative hierarchical component model (HCM) is suitable when
the higher-order construct comprises conceptually distinct but causally contributing
subdimensions, each measured reflectively (Becker, Klein and Wetzels, 2012; Sarstedt
et al., 2019). In such cases, a formative structure is appropriate because the
subdimensions do not necessarily covary and should not be expected to reflect a single
latent factor (Diamantopoulos, Riefler and Roth, 2008). In addition, this approach has
also been adopted in other notable BRT studies (Ashfaq et al., 2021; Ahmad and Harun,
2023; Li and Wang, 2024). Therefore, in this dissertation, the author models reasons for
and against as formative higher-order construct. Given that reasons are context- and
innovation-specific and thus needed to be elicited via an exploratory qualitative phase
conducted in phase 1 before the surveys. Following the findings of phase 1, in this

dissertation, reasons for adoption were composed of initial trust, personal
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innovativeness in health technology, and modern self, each reflecting positively

valenced justifications for using AIMDSS.
Initial trust

Initial trust in technology refers to a user’s willingness to rely on a system in the
absence of prior experience or extensive knowledge about its performance (Mcknight et
al., 2011). This study measures initial trust using a shortened four-item scale adapted
from Oliveira et al. (2014), which initially assessed trust in technology in the context of
mobile banking. The four items capture key facets of trustworthiness, including system
reliability, perceived security, benevolence, and overall credibility. The adaptation
maintains conceptual fidelity while tailoring item phrasing to the specific context of Al-
driven medical decision support systems (AIMDSS). This abbreviated version was
chosen for its parsimony and strong alignment with prior trust literature, enabling

efficient measurement without sacrificing content validity.

Table 2.5. The scale of initial trust in AIMDSS adoption

Variable Items Source
AIMDSS seem dependable Adapted
Initial Trust | AIMDSS seem secure from
T AIMDSS was created to help the patients Oliveira et
AIMDSS seem trustworthy al. (2014)

Modern-self

The construct modern self reflects an individual's self-concept aligned with
contemporary lifestyle values, emphasizing openness to change, hedonic consumption,
and fashion consciousness. In this study, modern self is measured using five items adopted
from Nguyen et al. (2009). These items capture key dimensions of modern identity, such as
preference for fashionable appearance (“I like people who dress in modern and fashionable
ways”), hedonic orientation ( “I think it’s important to enjoy a hedonic life”’), and openness
to novelty (“I like to try new products and services”). Additionally, the items reflect modern
lifestyle preferences (“I like the modern lifestyle”) and a positive attitude toward change
(“I think changes add excitement to one’s life”). This scale has been validated and adopted
in prior empirical studies across different contexts (Nguyen, Smith and Cao, 2009;
Nguyen et al., 2019). Together, these items effectively assess the extent to which
individuals identify with a modern, progressive self-image, relevant to understanding their

disposition toward adopting innovative products or technologies such as medical Al
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Table 2.6. The scale of modern self

Variable Items Source

I like people who dress in modern and fashionable ways

I think it’s important to enjoy a hedonic life

Modern self N Cal
I like the modern lifestyle guyen et a

(MS) ; ) (2009)
I like to try new products and services.

I think changes add excitement to one’s life

Personal innovativeness in the domain of health technology

In this study, Personal Innovativeness in the Domain of Health Technology
(PIHT) 1s measured using a domain-specific adaptation of a well-established scale
developed by Agarwal and Prasad (1998). The three items are rooted in the
foundational work of Agarwal and Prasad (1998), who introduced the concept of
innovative users in the information technology domain. By tailoring the wording to
focus specifically on health technologies, this construct captures respondents’
propensity to embrace innovations within a targeted context, rather than reflecting a
general trait of novelty seeking. This domain specificity is essential, as individuals
may exhibit high innovativeness in consumer electronics or lifestyle gadgets, but
behave differently when facing emerging medical technologies (1998). The original
innovativeness scale has proved its robustness across diverse contexts and has been
repeatedly shown to predict early adoption behavior. Examples of the original scale
application include its use in studying the virtual reality simulation adoption of
students (Fagan, Kilmon and Pandey, 2012), and medical Al adoption by doctors
(e.g., Fan et al., (2020)). Consequently, this adapted version is justified both
theoretically and empirically as an appropriate measure of how personal

innovativeness manifests in medical Al adoption.

Table 2.7. The scale of personal innovativeness in domain of health technology

Variable Items Source

Personal If I heard about a new health technology, I would Adapted

look for ways to experiment with it.

Innovativeness in from

domain of Health Among my peers, I am usually the first to try out|Agarwal and
Technology | new health technologies. Prasad
(1998)

(PIHT) I like to experiment with new health technologies.
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Reasons against:

Similar to reasons for, reasons against adoption is a formative construct,
comprised of traditional self and perceived threat. These factors capture the
psychological and cultural rationales consumers may use to justify avoidance of medical

Al technologies.

Traditional self

The construct Traditional Self is measured using a five-item scale developed by
Nguyen et al. (2009), which captures individuals’ self-concept aligned with cultural
conservatism, cautious consumption, and adherence to established social norms. The
items include statements such as “I always try to lead a thrifty life” and “I feel it
necessary to be cautious when buying and using new products,” reflecting a preference
for stability, frugality, and risk aversion. Other items, such as “I prefer to use markedly
traditional products and services” and “It is important to observe and preserve
traditional values in our social relationships”, emphasize the role of social conformity
and respect for cultural heritage. This construct is particularly relevant in contexts such
as healthcare technology, where individuals may resist adopting innovations that deviate
from conventional practices. By capturing these culturally rooted dispositions, the
Traditional Self scale serves as a meaningful predictor of consumer resistance or
hesitation toward emerging technologies, including Al-based medical decision support
systems. The scales’ robustness has been shown in prior empirical studies (Nguyen,

Smith and Cao, 2009; Nguyen et al., 2019). Its measurement is illustrated below.

Table 2.8. The scale of traditional self

Variable Items Source

I always try to lead a thrifty life

I feel it necessary to be cautions when buying and using

new products

Traditional self I prefer to use markedly traditional products and Neuyen et al,

services
(TS) (2009)

For me, it is important to respect others’ opinions about

myself

For me, it is important to observe and preserve

traditional values in our social relationships
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Perceived threat

In this study, perceived threat is conceptualized through two related yet distinct
constructs, which are identity threat and realistic threat, conceptualised by Ziotowski et
al. (2017). In his work, identity threat reflects concerns that rapid Al advances may erode
human distinctiveness and existential value. It is assessed with items such as “Recent
advances in Al are challenging the very essence of what it means to be human” and
“Technological advancements in the area of Al are threatening human uniqueness.” In
contrast, realistic threat captures concrete, material fears associated with Al, as
measured by items such as “The increased use of Al in everyday life is causing more
job loss for humans” and “In the long run, Al poses a direct threat to human safety and
well-being.” Subsequent research in the consumers’ Al adoption context, such as social
robot service (Huang et al., 2021), and resistance to Al (Mou, Gong and Ding, 2024).
It has shown significant predictive relationships with consumers’ negative attitudes and
consumers’ resistance. These empirical validations underscore the robustness and
applicability of the identity and realistic threat dimensions, justifying their use in the

present study of medical Al adoption.

Table 2.9. The scale of perceived threat

Variable Items Source
. Recent advances in Al are challenging the very essence
Identity )
of what it means to be human. Zlotowski et
threat
(ITH) Technological advancements in Al are threatening al. (2017)
human uniqueness.
The increased use of Al in our everyday lives is
Realistic ) )
causing more job loss for humans. Zlotowski et
threat
(RTH) In the long run, Al poses a direct threat to human safety al. (2017)
and well-being.

In addition, other control variables, including perceived behavioral control and
subjective norm, were incorporated into the model, as they represent important global
motives that influence intention (Westaby, 2005; Sahu, Padhy and Dhir, 2020). In
addition, other demographic factors are also considered, namely age, gender, personal
income, family income. Scales of perceived behavioral control and subjective norms

used in this study are provided below.
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Table 2.10. The scale of control variables

Variable Items Source

My family thinks that I should use AIMDSS when using

medical examination services.

Most of my friends and colleagues use AIMDSS when

Subjective | | ) o . Adapted
using medical examination services.
Norms Lot - 1 A SS wh from Ajzen
It is expected of me that I will use AIMDSS when usin
(SN) e AT & g
medical examination services.
The people who are important to me would support the
adoption of AIMDSS when seeking medical care.
For me to use AIMDSS when using medical examination
services would be possible.
. When using medical examination services, if desired, I
Perceived AIMDSS Adanted
can use . t
Behavioral ap 'e
Control [\t is primarily up to me if I want to use AIMDSS when from Ajzen
(PBC) using medical examination services without difficulties] (1991)

(I can afford it)

It 1s not easy for me to access AIMDSS when seeking

care at healthcare facilities. (R)

Note: R indicates a reversed item.

All measurement items were rated on a five-point Likert scale ranging from 1
(strongly disagree) to 5 (strongly agree). A brief and accessible definition of Al-based
Medical Diagnostic Support Systems (AIMDSS) was provided at the beginning of the
questionnaire to ensure participants’ consistent understanding. The original English
items were translated into Vietnamese following a rigorous back-translation procedure.
The final questionnaire was pilot-tested on a small sample of young consumers to assess
clarity and comprehension, and minor revisions were made based on their feedback.
Demographic variables such as gender, occupation, and monthly income were included

at the end of the questionnaire.
2.2.2.3. Data analysis

The analytical approach selected for this study was Partial Least Squares

Structural Equation Modeling (PLS-SEM). Partial least squares structural equation
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modeling (PLS-SEM) was employed in this study because it is particularly well suited
for research that emphasizes prediction and explanation of variance in key outcome
variables, such as consumers’ intention to adopt medical Al (Hair, Ringle and Sarstedt,
2011; Wong, 2013). Moreover, this study applies BRT to examine a relatively
underexplored cognitive mechanism linking beliefs to context-specific reasons and,
subsequently, to attitudes and behavioral intention. Given the limited prior empirical
research that models these belief—reason—intention pathways simultaneously, PLS-SEM
is especially appropriate due to its suitability for exploratory theory development, its
strong predictive orientation, and its capacity to handle complex models incorporating
both formative and reflective constructs (Hair ef al., 2017). Beyond these advantages,
the choice of PLS-SEM is further justified by the complexity of the conceptual model,
which incorporates a reflective—formative higher-order specification. Specifically, the
constructs “reasons for adoption” and ‘“reasons against adoption” are modeled as
formative higher-order constructs, each constituted by multiple reflective first-order
constructs derived from focus group findings. Such hierarchical component models are
best addressed using PLS-SEM, which provides well-established procedures for
estimating reflective—formative relationships (Becker, Klein and Wetzels, 2012; Hair et
al., 2022). Therefore, in this study, sample characteristics and descriptive statistics were
analyzed using SPSS 27, whereas the structural equation modeling (SEM) analysis was

conducted using SmartPLS 4.

According to BRT and the specific objectives of this study, the author conceptualized
reasons for and reasons against adoption as distinct higher-order constructs, each
comprising theoretically relevant first-order dimensions. Accordingly, a two-stage approach
was adopted for model estimation (Hair et al., 2021). In the first stage, the measurement
models of all lower-order reflective constructs were assessed for reliability and validity,
including internal consistency (Cronbach’s alpha and composite reliability), indicator
reliability (outer loadings), convergent validity (average variance extracted, AVE), and
discriminant validity using the heterotrait-monotrait (HTMT) ratio of correlations
(Henseler, Ringle and Sarstedt, 2015). The second stage involved constructing the higher-
order formative components using the latent variable scores of the validated lower-order
constructs. Before second-level order estimation, collinearity among indicators for
formative constructs was assessed using the Variance Inflation Factor (VIF), and the
significance and relevance of formative weights were evaluated (Hair, 2014). After
validating the measurement and structural models using the PLS algorithm, path

coefficients are estimated using bootstrapping. Findings are reported in Section 3.2.
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SUMMARY OF CHAPTER 2

Chapter 2 outlines the methodological framework for this dissertation, which
explores the antecedents of consumer intention to adopt medical Al in healthcare in
Vietnam. The chapter begins by introducing the research context and explaining the
rationale for adopting a sequential exploratory mixed-methods design that integrates

qualitative and quantitative approaches to generate deeper, contextually grounded insights.

The qualitative phase was conducted in two stages: semi-structured interviews
with key stakeholders (including doctors, policymakers, industry professionals, and
consumers) and focus groups with young consumers. These methods were chosen to
explore differing perspectives on medical Al adoption and to identify belief-based
drivers and barriers in the Vietnamese healthcare landscape. The procedures for
participant recruitment, interview design, and thematic analysis are described in detail,
drawing from established qualitative methods to ensure analytical rigor and

trustworthiness.

Following this, the chapter presents the quantitative phase, which aimed to
empirically test the proposed research model developed from the qualitative findings. A
structured survey was administered both online and offline to a diverse sample of 487
Vietnamese consumers. The chapter elaborates on the sampling strategy, questionnaire
design, and sample adequacy based on the number of observed variables. Finally, the
chapter details the statistical analysis techniques used to assess the measurement and
structural models. This breakdown of the research methodology enables readers to

clearly understand the procedures followed in the study and the basis for the findings.
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CHAPTER 3: RESEARCH FINDINGS

3.1. Qualitative Findings
3.1.1. A nascent and fragmented adoption landscape of medical Al in Vietnam

The current application of Al in Vietnamese healthcare is described as nascent,
fragmented, and primarily in the early stages. This finding emerges from the semi-
structured interviews conducted with multiple stakeholders across the healthcare
industry in Vietnam*. Informant A, a leading medicine expert, optimistically stated that
Al 1s "applied quite widely and popularly" in healthcare, particularly through its
integration into "new generation machines" that assist in diagnosis and treatment. He
also clarified that it is "just beginning to apply Al at a relatively simple level" and is not
yet "popular” outside "large hospitals" and "major centers" in Vietnam. Informant J
offered a more cautious perspective, stating that Al has “very little actual practical
application” and is mostly limited to “clinical trials” or “experiments to build an Al
model,” with its “current prevalence” remaining “very low”. Similarly, informant D, an
expert in medical imaging, describes the current stage of medical Al adoption as
"nascent, and because there are no legal regulations, no official products, there is nothing
official yet", noting that foreign products are primarily used in "demo" mode due to a
"lack of payment mechanisms" and inadequate "information technology infrastructure"
in hospitals. Informant B, a medical professor, suggested that the primary applications
of medical Al in Vietnam are either through research and clinical trials conducted at
public hospitals or for commercial purposes in some private hospitals. Nevertheless, she
noted that ‘the number of such advanced hospitals equipped with medical Al is not
significant. In contrast, informant C, a doctor, believes Al is "quite widespread," even
extending to "medical record management" to reduce administrative time, envisioning
a "smart hospital" system by 2028 mandated by the Ministry of Health. Informant E
emphasizes Al as "very necessary" and "almost indispensable” in modern times,
especially for quantitative analysis in imaging, though acknowledging its "rudimentary"
stage in general adoption.

Regarding Al adoption, private hospitals appear more proactive. Both informants
G and J, currently senior doctors at private medical facilities, noted that private
healthcare providers are "very quick to adapt" and "bring new technologies" like Al into

use, driven by market demand. Informant H, currently a vice head at an endoscopy

# Information about the informants is provided in the informants overview table in the appendix 4
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center of a public hospital in Hanoi, points out that "private hospitals or private clinics”,
such as TA hospital and TC hospital, are already utilizing Al. Informant L, a senior
government official, further elaborates that private sector entities "tend to access newer
Al versions faster and earlier" due to their "financial capacity" and more "favorable
investment mechanisms". Informant E confirms this, stating that "private hospitals, even
large or well-known ones, will have to integrate AI" into their new imaging equipment,
mentioning VM hospital, TA hospital, and HN hospital as examples. Conversely, Al
adoption in public hospitals faces distinct challenges. Informant D claims that, to date,
"no single unit, public or private hospital, has actually purchased any Al software for
practical use," with most applications being demos. However, developers prefer demos
in "large public hospital systems" for data collection. Despite this, informants B and C
suggest Al adoption might be "quite a bit more" prevalent in public hospitals due to a
"top-down system" and Ministry of Health regulations. However, informant A highlights
the "very large" financial challenges public hospitals face in adopting Al, and E finds its
adoption still "rudimentary" in public settings, particularly at "grassroots levels".
Informant J stresses that large public hospitals mostly use Al for "clinical trials" or
"building an Al model," with very limited actual application, and points out the "huge
disparity" in patient volume between public and private hospitals, which can hinder data
collection for Al development in the private sector. He also notes that Vietnam's

"technology infrastructure" is "not uniform," even in large public hospitals.

At the provincial level, both healthcare experts at central hospital level (e.g.
informants B, E and H) and local senior doctors at provincial hospitals (e.g. F and G)
agreed that the adoption of Al is considerably limited. Both informants B and E explicitly
state that Al 1s "not yet truly present at grassroots levels" and that "smaller levels, such as
provincial and district levels, still do not have it". Informants F and G offered similar
observations regarding the adoption of medical Al in healthcare facilities at the provincial
level. They pointed to "significant disparity" in infrastructure, information technology,
and medical expertise between central, provincial, and district hospitals, which poses a
significant barrier to widespread Al adoption. Informant C believes that comprehensive
Al integration, including at the provincial level, must be initiated by “large hospitals™ and
“universities” that already possess the necessary infrastructure and robust data systems.
Indeed, informant M, a Vice Head of a global technology giant with years of experience
developing medical Al products in Vietnam, emphasized that central hospitals benefited
from the ‘established information technology infrastructure, government funding, and a

huge influx of daily patients.” Furthermore, both entrepreneurs M and N observed that
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central public hospitals benefit from their large pools of medical experts, who were
‘superior in knowledge, skills, and also technology capacity and exposure.’ In contrast,
public hospitals at lower levels lacked access to the same resources, leading to
‘disparities in expertise and infrastructure’ that, in turn, further hindered the
widespread adoption of Al. Thus, there is an apparent discrepancy in adoption between

public and private hospitals, as well as between central and provincial hospitals.
3.1.2. Uneven awareness and exposure to medical Al of Vietnamese consumers

Both the semi-structured interviews and focus group discussions indicate that
consumers in Vietnam have varied level of awareness and experience with medical Al
Further, their knowledge of medical Al was limited to hearsay or to information gained

from watching TV and surfing the internet. The following excerpts illustrate this point.

From semi-structured interviews, consumers demonstrated varied level of
awareness. For example, although informant Q is aware of Al in healthcare in general,
he is not familiar with specific hospitals in Vietnam that use it. He further noted that he
only trusted Al services from "reputable institutions or foreign professional systems".
Informant P has "heard a lot about Al in healthcare," particularly in endoscopy and
administrative tasks, but has no personal experience or acquaintances who have used
Al-assisted medical services. Meanwhile, informant O recalls hearing about Al in
healthcare "about 5-7 years ago," associating its data aggregation capabilities for
diagnosis and treatment suggestions, though noting these were "in their lab" and "not
yet in actual practical use". He highlights the importance of "communication" in
educating the public, noting that while "younger people" quickly adopt new
technologies, "older people" are "very hesitant”" and "unwilling to learn new things". He

has not personally used Al-assisted medical services, nor does he know anyone who has.

Also, the interview findings suggest that public understanding of medical Al is
still limited due to limited exposure and generational difference. Informant P notes that
patients often "primarily know about AI through certain media" but "cannot truly
understand" the immense difficulties of applying Al in medicine, which, unlike other
fields, "cannot be redone" if a mistake occurs. Informant O points out a generational
divide in technology acceptance, where "younger people" quickly embrace new
technologies, but "older people are very hesitant" and "unwilling to learn new things,"
underscoring the need for public "communication". He also highlights that, for now, Al
in healthcare has been "in their lab" and "not yet in actual practical use," limiting public

exposure and trust.
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Similarly, focus group findings suggest that some consumers are awared of
medical Al, its application, benefits, and the health facilities equiped with such system.
Conversely, some consumers viewed medical Al as too new, which made them feel

skeptical about the technology.

I have heard about the use of Al in healthcare abroad quite widely, but it is not
vet the case in Vietnam, it is still relatively new here. As far as I know, only a few

hospitals are applying for it. (Male, Group 2)

Young consumers, such as those of Gen Z, are currently leading the new trends,
such as digitalization, in various fields, including healthcare. I think they are starting to
realize the practical applications of medical Al. From a Tivi program, I've learned that
Hospital TA is using Al. I think some young people have received it quite positively.
(Female, Group 3)

Also, many of the focus group participants expressed their perceptions of
benefits associated with using medical Al, such as high diagnostic accuracy and
efficiency, and the ability to provide unbiased diagnostic results. A participant

shared her opinion as follows.

I’d feel comfortable when Al participates in both administrative and treatment
processes to reduce the possibility of wrong judgment/diagnosis. It is a very modern
technology, and unlike human beings, it is unbiased in providing diagnostic results!

(Female, Group 6)

Despite that, some participants expressed their concerns about medical Al,
including “being skeptical about Al as a too new technology, created by humans”,
“fearing possible errors since it’s too new”, and “lack of human empathy in dealing

with patients”.

The downside of Al compared with human doctors is that Al lacks emotions,

empathy, and understanding (Female, Group 7)
3.1.3. Coexistence of techno-optimistic belief and human-centered belief

Across all focus group discussions, two interwoven streams of belief consistently
emerged, underpinning participants’ reasoning: one rooted in anthropocentrism,
reflecting concerns about the loss of human-centered care, and the other grounded in
techno-optimism, highlighting enthusiasm for AI’s potential to improve the quality and

efficiency of healthcare delivery.
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3.1.3.1. Pervasive techno-optimistic belief toward Al in healthcare

Across the interviews, there is strong consensus on a positive, open attitude
towards new technology and Al in healthcare. Most informants express a strong
openness and enthusiasm for technological advancements. Informant E stated, "I am
very fond of technology" and believed that staying with old technologies or viewpoints
will quickly lead to obsolescence, emphasizing a desire to update new technologies in
medicine. Informant J also identifies himself as "a very open person in the application of
information technology to support work, especially in the medical field," explicitly stating
his fondness for technology. Similarly, informant D declared himself "a very open person
to new technologies," going further to say he "likes it even more than just being open".
Informant C noted that "everyone would probably like it because it helps a lot in their work,"
and she actively seeks information about new and prominent fields like Al. Junior doctor,
informant I, expressed that he was ‘very interested in new technologies’ and believed that
Al is ‘very good’ for the future, particularly in fields such as surgery, where it can perform
micro-surgeries with high precision. He further noted that Al has ‘very good’ prospects

because it can perform repetitive tasks with greater accuracy than humans.

This positive individual outlook is generally mirrored at an institutional level,
particularly from a policy-making perspective. Informant L, representing a Department
of Science, Technology and Education at Ministry of Health, states that the general view
of state management agencies regarding the application of information technology in
general and Al in particular is a "strong support" aimed at creating a "truly open and
transparent legal environment". this is reinforced by high-level directives such as
Resolution 57 from the Central Committee, Resolution 3 from the Government, and
Ministry of Health (MOH) Decision 787, all geared towards promoting scientific-
technological breakthroughs, innovation, and digital transformation. Another MOH
official, informant K, echoed this, stating that the application of Al is an "inevitable
trend that all places must implement" and it is "a trend that is almost unavoidable in the

whirlpool of society".

Consumers O, P, and Q, all relatively young professionals, exhibit varied yet
often optimistic perceptions of Al and its adoption in medical contexts. Informant O, a
marketing professional, enjoys exploring new technologies, stating, "I am very much
interested in exploring new technologies". He views Al as a limitless tool, asserting,
"The capability of using artificial intelligence in life is infinite. There is nothing that
does not need AI". Although he considers current Al to be “immature,” noting that “Al

has not yet developed to a mature level and remains at a foundational stage,” he
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nonetheless trusts medical Al because of its evidence-based approach and ability to
aggregate large volumes of data. He further explained, "In my opinion, yes [l trust
medical services with Al]. Because the current examination and treatment results and
decisions are evidence-based, and when evaluated based on evidence, Al, machinery,
and equipment will provide a much better result because it aggregates a sufficiently
large database”. Informant P, working in foreign relations, is highly enthusiastic about
Al explicitly stating, "Definitely, definitely. I am quite eager to see what new things the
future holds". He viewed Al as a self-developing technology that will reduce human
workload and significantly alter the labor market, as he anticipates Al's "arrival will
change the labor market a lot". For medical Al, informant P believes it can achieve high
precision in image recognition and diagnosis, potentially surpassing human accuracy:
"I'm quite sure that Al can do well with image recognition and diagnostic technologies...
And with the accuracy of machines, it is often more accurate than humans'". Further, he
1s willing to use such services, asserting, "Definitely, definitely I will use it" particularly
if offered by reputable institutions or foreign professional systems. On the other hand,
Q is less inclined to proactively explore new technologies but is familiar with common Al
tools such as ChatGPT. Despite her general skepticism, informant Q views medical Al,
particularly in endoscopy, as a "breakthrough" that can significantly reduce missed diagnoses
for fatigued doctors. While she initially lacked trust in medical Al, her current work in a
research setting has increased her confidence. All three generally prefer a combination of
doctor and Al for medical services, recognizing Al's role as a valuable support tool rather

than a complete replacement for human expertise, especially in diagnosis.

Thus, the general perception toward medical Al adoption is positive. All
participants seem to be optimistic about the technology and its potential for broader
adoption in both administrative and clinical settings. However, this enthusiasm is
occasionally tempered by a practical assessment of Al's current capabilities. While open
to Al, some interviewees acknowledge its limitations and avoid being overly optimistic

about its adoption at this stage.

In group discussion, a significant number of participants expressed strong
confidence in Al's capabilities, consistently citing its technological superiority and
functional benefits as the basis for their support of medical Al integration. Their
statements exemplify a belief in the superiority of artificial intelligence over human
capabilities in medicine, reflecting an aggressive techno-optimism. This belief manifests
as confidence in AI’s diagnostic accuracy, computational capacity, and surgical

precision. For example, one participant noted, “Al can provide excellent services... even
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better than long-practicing doctors,” which reflects a perception that technological
advancement can not only match but also exceed traditional medical expertise. Another
emphasized AI’s role in micro-surgery, highlighting its “extremely high precision,”
while others pointed to the ability of sensors to “provide more accurate alerts” and
contribute to better diagnoses. Participants also linked Al to efficiency and data
processing power, as evidenced in the comment: “Al can replace a large portion of
human work... I feel completely confident in it.” These views suggest that optimism
about AI’s potential is closely tied to perceptions of functional advantage, trust in
technological development, and the belief that Al progress can meaningfully enhance

healthcare outcomes.
3.1.3.2. Expression of anthropocentric belief in the healthcare context

Several informants suggested that Al should serve as a tool or assistant rather
than replacing human doctors. From a consumer perspective, informant Q believes Al
"cannot completely replace humans," though it can replace "a part". Informant P shares
this sentiment, stating Al "cannot replace humans entirely," though it can be a "useful
tool". From the perspective of physicians, both informants A and B state that Al "cannot
completely replace humans," particularly in areas such as "patient counseling" and
"psychological support”. Informant B emphatically states that Al "cannot replace the
real doctor" and should only act as a "supportive role". From a policymaker's
perspective, informant L consistently reiterates that Al is a "support tool" or "assistant"
and that the "final decision must be the doctor's". Informants highlight specific human
attributes that AI cannot replicate, thereby cementing the central role of the human
doctor. Specifically, informant E points out that Al cannot handle "emotional aspects,"
"psychological support,” or humane communication, particularly in sensitive situations
such as delivering complex diagnoses. Informant F stresses that human doctors possess
"sensibility," "experience," and the ability to handle "unconventional clinical situations"
that Al may lack. From an industry view, informant M acknowledges that AI may
struggle with "empathy and compassion". Also, informant L asserts that human doctors,
with their "feelings, emotions, and intellect,”" are a "higher-level variant” that machines
cannot replace, emphasizing the need for empathy in patient care. Both informants A
and F raise ethical concerns, stating that Al should not make "independent decisions"
because "if something goes wrong with humans, it cannot be undone," and ultimately,
humans "must bear all legal responsibility". Informant B also highlights concerns about
"patient acceptance" of Al, given the "trust-based relationship" between doctor and

patient, and emphasizes that "no patient seeks medical care just to talk to a machine".
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Many participants in the focus group also expressed the same concern. They
suggested that Al should be used alongside human doctors to improve patient outcomes.
In other words, Al is not trusted as an independent tool capable of replacing humans. It
is only trustworthy as a tool to improve human performance. Compared to humans, Al
was considered inferior at complex tasks but superior at assisting doctors. The
participants consider Al to be very effective for repetitive tasks that humans can perform,

but less efficient.

[ think that Al is only a tool for the (human) doctor. The doctor must be the one

who controls, owns, and employs Al in treatment”. (Male, Group 6)

Another consistent theme that emerged across all focus group discussions is
participants’ deeply rooted belief in the centrality of human qualities in healthcare,
reflecting anthropocentrism. This belief manifests in various ways, including concern
about AD’s inability to replicate human empathy, creativity, and contextual
understanding; skepticism about Al's adaptability in unpredictable medical scenarios;
and a persistent view that doctors must retain control over medical decisions.
Participants frequently referenced the irreplaceable value of emotional intelligence,
stating, for instance, that “Al does not have emotions like humans,” and warning that
ATI’s blunt communication might demotivate patients. Such views position Al not as an
equal or superior agent in care, but as a tool subordinate to human judgment,
emphasizing that “doctors should be the ones to direct and be the master of AI”. At the
same time, another added, “Al is just a supporting tool. Humans are the ones making
the decisions”. This perspective also extended to epistemological concerns. Specifically,
Al is viewed as inherently limited because it is created by humans and lacks the lived
experience and improvisational capacity that physicians bring to complex or novel
cases. One participant expressed this sentiment clearly: “Even if Al is programmed, there
are still unpredictable events in diagnosis and treatment, therefore, doctors are still
needed to deal with emerging situations or cases beyond Al's handling” (Female, Group
6). Collectively, these narratives underscore a clear anthropocentric stance, in which
participants regard human attributes (e.g., empathy, intuition, ethical discretion) as
essential and irreplaceable in medical practice, thereby shaping their reluctance toward
fully autonomous medical Al systems. However, it is worth noting that participants who
held it did not entirely reject the adoption of medical Al. Instead, many participants
supported its use as long as it was framed as a supportive tool rather than a replacement.
This highlights the importance of role framing in shaping acceptance. Whether this

pattern extends more broadly across the population needs further investigation.
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3.1.4. Adoption rationales

From the focus group analysis, several adoption rationales have emerged to

justify participants' intention to adopt medical Al
3.1.4.1. Modern self as a ‘pro reason’ toward medical Al

Focus group participants described consumers who are most willing to adopt
medical Al as modern, tech-savvy, open-minded, and receptive to try new things. Some
shared that since young consumers grew up in the digital era, many of them are more
receptive to new technology, and they are more likely to trust medical AI’s potential.
However, their acceptance is mainly based on a sense of self, rather than on knowledge

or experience (i.e., initial trust), as stated in the following.

Young people often more open to technological development and is therefore
more likely to adopt Al. I think we need to accept a certain level of failure [associated

with new medical Al] to get what we want. Nothing is perfect! (Female, Group 5)

Perhaps, I would accept Al for diagnosis in the beginning of some simple
diseases... But the human body is unlike other things, there are many factors that vary
depending on each person. However, this technology [medical Al] is very promising, so
I think we should somehow support it for future development. Thus, I would be open to

a diagnosis done by Al for some cases. (Male, Group 7)

They [who are tech-savvy and enjoy trying new things] trust in [medical] Al's
power and potential [in treatment]. However, I think they are risk takers because even

modern Al technology can be wrong and unreliable. (Male, Group 9)

3.1.4.2. Personal innovativeness in the domain of health technology as a ‘pro

reason’ toward medical Al

While most participants seem to be well aware of Al, some demonstrate a strong
understanding of its application in healthcare and willingness to use the technology
despite limited exposure. Participants expressed varying levels of willingness to engage
with medical Al tools, particularly in ways that reflect early adopter tendencies and
enthusiasm for technological advancement in healthcare. One participant emphasized
the accuracy and efficiency of Al over traditional methods, underscoring the superior
functionality of Al-driven tools. Further, one participant regarded young people as those
who are most likely to adopt due to their innovativeness and willingness to be leaders in
experiencing new technological trends in healthcare. This framing of Al adoption as a

status-enhancing behavior (e.g., being a “pioneer” or “leader”’) implies a motivational
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dimension beyond utility, in which innovation is pursued for both instrumental and
symbolic reasons. Another participant demonstrates a proactive, supportive attitude
toward emerging health technologies, even while acknowledging the complexity of
health and the limitations of Al. This reflects personal innovativeness, particularly in
healthcare, as evidenced by their openness to experimentation and early-stage use. He
expressed an understanding that the technology may not yet be perfect, but still
perceives value in contributing to its development by adopting it in lower-risk contexts
(e.g., early-stage or simple illnesses). Such reasoning reflects an innovator mindset,
which is willing to engage with novel health solutions ahead of the majority and take

calculated risks in adoption.

I will use Al for health monitoring, such as tracking heart rate, as it would be

more accurate than the manual method (Male, Group 5)

[ think some young people embrace this (referring to Al) very positively. I believe
they would be willing to pay to use it, to become pioneers and leaders in this Al-

integrated healthcare sector (Male, Group 6)

I would accept Al for diagnosing early-stage or basic illnesses, those that Al can
identify based on experience or other influencing factors. Al could use those factors to
make its diagnosis. In reality, the human body is unlike other things; there are many
factors that affect health, and no two people are the same. Still, this technology has
significant potential. I think it deserves some support in development, so I’'m still open

to accepting Al-based diagnoses for certain diseases. (Male, Group 7)
3.1.4.3. Initial trust as a ‘pro reason’ toward medical Al

Third, the group discussions also suggested that initial trust shapes attitudes and

intentions to adopt medical Al. The following is an opinion expressed by one participant.

I trust that Al is developed to assist humans, including in healthcare. My opinion
is that there are still some incurable diseases, and even doctors with many years of
experience can't cure them, why don’t we find hope in something new like Al? If there is

a ray of hope in a ‘no hope’ situation, the confidence in using AI would be quite high.
(Male, Group 5)

I choose to trust Al like everyone else. Its potential, combined with human

capability, will create a certain level of assurance. (Female, Group 7)

Al already holds the knowledge and experience of doctors worldwide, so I completely

trust it. I know Al always works at 100%, whereas doctors might not. (Male, Group 8)
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From this analysis, initial trust, personal innovativeness in health technology, and
orientations toward a traditional self emerged as key rationales participants articulated
for their intention to adopt medical Al. Accordingly, reasons for adoption will be
operationalised through these factors, with a further examination of their appropriateness

presented in Section 3.2.
3.1.5. Resistance rationales

In the focus group discussions, some participants expressed hesitation toward
adopting medical Al despite holding generally optimistic views of the technology.
Analysis of the focus group data revealed several rationales for resistance that
participants used to explain their reservations toward adopting Al-based medical

decision support systems.
3.1.5.1. Traditional self as a ‘counter reason’ toward medical Al

When asked about the reasons for their hesitancy toward medical Al, several
participants cited unfamiliarity with the technology, reluctance to change, and continued

reliance on traditional services. These are reflected in the following excerpts.

Some people simply don't trust computer- or Al-based “doctors” to perform
examinations and issue prescriptions. They prefer human contacts and human doctors

as what they have been long-time familiar with. (Male, Group 6)

I do not know anything about [medical] Al It is too new. I do not feel comfortable
being treated by Al, and I do not know whether it is skilled. How can I trust it? I would

rather have a doctor. (Female, Group 8)

I think most people nowadays still prefer traditional hospital services. Thinking
about doctors with years of experience who can always give us the best advice is
ingrained in many people's minds... Because medical Al is closely related to people’s
health and lives, it requires careful examination before use. Some people are afraid that
their health condition and life can be negatively affected [by medical Al]. (Female,
Group 4)

3.1.5.2. Identity threat as a ‘counter reason’ toward medical Al

Additionally, consumers’ perceptions of specific threats emerge as
psychological barriers to the adoption of medical AI. Both statements go beyond a
general claim that AI lacks empathy. They identified a threat that medical Al
applications can undermine the patient’s sense of self, agency, and moral worth in

care. Specifically, both quotes express consumers’ concern not only about
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informational harshness but also about the erosion of a valued identity, as patients
may still fight the illness and sustain hope. More broadly, respondents fear that Al
will deliver information in an objective and overly direct manner, without buffering
or tact, and in ways that fail to recognize patients’ unique physical and mental
conditions. Moreover, the comparison with humans illustrates certain discrimination
toward Al, as it is seen as an outgroup lacking characteristics such as emotions,
empathy, and understanding. Taken together, these views reflect apprehension about
the diminishing relational and human-centered aspect of care when medical Al is

introduced.

Al cannot calm and reassure patients. When a disease is complex to treat, doctors
still encourage patients to fight the illness. But if Al tells you something like how likely
you are to survive, that would be very difficult for the patient and would not help them

maintain the spirit to overcome their fate. (Male, Group 1)

[ still think human doctors play the key role in diagnosis and treatment. The
downside of AI compared with human doctors is that Al lacks emotions, empathy, and
understanding. A human would not disclose everything to a patient if the condition is
severe, whereas an Al system would be straightforward, which can demotivate patients

who are very ill and cannot be cured. (Female, Group 7)
Al is flawed and inhumane (Male, Group 4)
3.1.5.3. Realistic threat as a ‘counter reason’ toward medical Al

In addition to being wary of identity erosion and the diminishing human aspect
of care, some participants expressed concern about realistic issues, such as patient safety
and doctor job loss, as consequences of medical Al adoption. Specifically, they express
concrete concerns that Al applications in healthcare could still lead to diagnostic errors,
requiring human backup. Meanwhile, a participant expressed a cautious attitude toward
Al applications in general, as they could replace humans in certain jobs. Together, this

threat reinforces their resistance to the use of Al

I do not believe Al can reach the level of accuracy I trust; Al still makes many

errors, and humans handle mistakes better. (Female, Group 8)

I feel uncomfortable being diagnosed by Al because it can confuse one disease

with another. (Female, Group 8)

I think we need a doctor’s help because Al may still make many errors in

differentiating among diseases. (Female, Group 5)
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Are we fully aware of how medicine-related jobs would be taken by Al...
and

...are the jobs, or the career path that we are pursuing, will remain viable, or

whether they could be replaced by Al (Female, Group 6)

Following these findings, identity threat, realistic threat and traditional self
emerge as strong rationale against adopting medical Al for consumers. As in the research
design section, these context-specific reasons were elicited using the process suggested
in the BRT (Claudy, Garcia and O’Driscoll, 2015; Gupta and Arora, 2017; Choudhary
et al., 2025).

3.1.6. Hypotheses specification

The qualitative findings suggests that both anthropocentrism and techno-
optimism function as double-edged beliefs that generate rationales both for and against
the adoption of medical AI. Among anthropocentric participants, there was a strong
preference for human primacy in complex medical decision-making, with one participant
insisting that “I think a human doctor should conduct diagnosis.” This conviction led some
to articulate reasons against adoption, particularly concerning AI’s inability to manage
unexpected or novel conditions: “even if Al is programmed, in treatment there will still be
unexpected cases... it still needs doctors to support those situations.” Others echoed
concerns about empathy and interpersonal communication, arguing that “Al does not have
emotions like humans, it lacks empathy, and this could demotivate patients if they are told
directly that their condition is severe.” Nevertheless, the same anthropocentric belief also
generated reasons for adoption when Al was framed as an assisting tool. For instance,
participants acknowledged that “Al would better be a supportive tool... the combination of
doctor-Al would be better,” while others emphasized Al’s capacity to reduce error and
enhance precision: “in treatment, doctors can still make mistakes, so using Al will reduce
the chance of error.” These narratives illustrate that anthropocentric consumers are not
uniformly resistant; rather, they balance recognition of human superiority with pragmatic

acceptance of Al as a tool to extend human capabilities.

Similarly, techno-optimistic participants consistently expressed confidence in
Al's transformative potential, often portraying it as more advanced than human doctors.
One participant asserted that “Al has the knowledge and experience of doctors
worldwide, so I trust AI completely.” At the same time, another declared that “Al can

replace most human work, with higher accuracy and speed.” These statements reflect
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clear reasons for adoption grounded in optimism about technological progress and
reliability. However, the same techno-optimistic stance also produced reasons against
adoption, as some participants qualified their enthusiasm by restricting Al to specific
roles. As one noted, “My acceptance level is only around 30-50%. Al should only scan
data and measurements; the doctor must still diagnose and decide on the treatment plan.”
Another reinforced this cautious optimism, stating: “Al is very promising... but if it
alone manages my treatment plan, I cannot completely trust it.” These extracts suggest
that even techno-optimists, while enthusiastic about AI’s capability, remain aware of the

risks of over-reliance without human oversight.

Taken together, these findings confirm the proposition of BRT (Westaby, 2005)
that core beliefs underlie the rationales both for and against a given behavior.
Anthropocentrism, by foregrounding human superiority, generates both supportive and
restrictive arguments regarding Al adoption. Likewise, techno-optimism, by
highlighting the promise of technological advancement, yields strong pro-adoption
rationales while simultaneously motivating cautionary reasoning. Following the

analysis, this study further specifies hypotheses 6, 7, 9, and 10, as follows.

H6: Technology optimism will be positively related to reasons for adopting AIMDSS

H7: Technology optimism will be positively related to reasons against adopting
AIMDSS

H9: Anthropocentrism will be positively related to reasons for adopting AIMDSS
H10: Anthropocentrism will be positively related to reasons against adopting AIMDSS
Summary of qualitative findings

The qualitative analysis of semi-structured interviews and focus group
discussions reveals important insights into consumer perspectives on the adoption of
medical artificial intelligence (AI) in Vietnam. Participants demonstrated varying
degrees of awareness and exposure to Al in healthcare, with most acknowledging that
the technology is still in its early stages of implementation in the country. While some
respondents had heard of or engaged with Al-driven applications (e.g., remote
diagnostics, wearable health monitors), they emphasized that such technologies remain

limited in accessibility, public visibility, and integration into mainstream clinical care.

From the discussions, several emerging themes were identified, including the
beliefs that emerged as salient influences on participants’ perceptions of medical Al, as
well as the reasons for and against medical Al adoption. The analysis reveals that

participants’ adoption intentions are grounded in two pivotal beliefs: anthropocentrism
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and techno-optimism. The former positions human-centeredness as essential to care
quality, resisting the impersonal nature of Al, while the latter frames Al as a progressive
force capable of delivering superior clinical outcomes. Specifically, participants with
anthropocentric views emphasized the irreplaceable role of human doctors in providing
emotional support and personalized care, expressing concern that Al lacks empathy and
could undermine the moral and relational core of the patient—doctor relationship. They
often reference Al as a force that disrupts the experience of receiving humane,
emotionally attuned care. In contrast, participants exhibiting techno-optimism framed
Al as a valuable tool for improving diagnostic speed and accuracy, citing its large data-

processing capacity and objectivity.

When participants were asked about enabling factors for medical Al adoption,
several prominent themes emerged among those expressing favorable attitudes,
including personal innovativeness in health technology, an initial sense of trust in Al
systems, and the alignment of adoption with a modern self-identity. Participants
expressed their willingness to experience Al, though acknowledged the complexity of
health and the limitations of the technology. Additionally, participants described their

b

peers who would be open to trying medical Al as “tech pioneers,” reinforcing the
significance of personal innovativeness in the health domain as a potentially key driver
of adoption intention. Further, some participants linked Al adoption to modernity and
progressiveness. Meanwhile, the term' trust' consistently appeared as an important factor
in their consideration of Al adoption in healthcare. Conversely, reasons against adoption
seem to reflect participants’ traditional self-concept, their perceived realistic threats, and
identity threats. Concerns centered around the emotional and identity-related dimensions
of care, such as AI’s inability to provide empathy, human touch, and moral discretion
under challenging diagnoses. Participants feared that blunt Al-generated prognoses could
harm patient morale and diminish the relational quality of care. Others raised doubts about
AT’s diagnostic reliability, citing a lack of transparency and the potential for errors or
misinterpretations, particularly in complex or ambiguous medical cases. Thus, the author
proposed that the reasons for and against adoption be captured through the set of factors

that surfaced from the qualitative analysis.

Overall, the qualitative findings provide rich exploratory insight into consumer
reasoning and beliefs regarding medical Al, especially in the Vietnamese context where
such technologies are still emerging. However, while the data illuminate the key
dimensions influencing consumer attitudes, they do not capture the underlying

mechanisms or quantify the extent to which these factors shape behavioral intentions.
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Therefore, to more rigorously examine how these factors influence the intention to adopt
Al in healthcare, a quantitative study is warranted. Such an approach can test the relative
impact of each factor within a structured theoretical framework, such as the BRT, and

validate the emergent themes in a broader population.
3.2. Quantitative findings
3.2.1. Sample characteristics

After data screening, 487 valid responses were retained for the final analysis, of
which 32% were from offline respondents. Additionally, respondents were drawn from
diverse geographical locations across Vietnam. Although a majority of participants were
based in Hanoi, over 60%, the sample also includes individuals from numerous
provinces in the North, Central, and Southern regions, reflecting a geographically
dispersed respondent pool. ApproximateThe demographic characteristics of the sample
are summarized in Table 3.1. Females constitute the majority, comprising 63.9%
(n=311) of the sample, while males account for 36.1% (n=176). The respondents are
predominantly young, with the largest group aged 20-29 (55.4%, n=270), followed by
those 18-20 and those aged 30-39, each comprising 15.2% (n=74). Participants aged 40-
49 represent 9.9% (n=48), while the smallest age group, those over 49, accounts for just
4.3% (n=21). Given that medical Al represents an emerging digital health technology,
younger consumers constitute an important segment of early adopters. To certain extent,
this sample reflect the age demographic of Vietnam (UNDP, 2025), as median age in
Vietnam is 33.4 years as of 2025 (United Nations, 2024). Recent consumer and market
reports portray Vietnamese young adults as digitally native, heavy users of online
platforms and smartphones, and increasingly health-conscious, allocating growing
expenditure to wellness, supplements, and healthy food choices (BritCham Vietnam,
2021; McKinsey, 2021). Academic and industry evidence further shows that this tech-
savvy, health-oriented cohort is highly receptive to digital health solutions — such as m-
health apps, teleconsultations and personal health tracking, and is a key driver of
Vietnam’s rapidly expanding digital health market (Nguyen et al., 2022; KPMG and
Oxford University Clinical Research Unit, 2020; Tran et al., 2018; Do et al., 2018).
Although respondents over 40 are underrepresented (14 percent), their sample size

remains adequate for analysis.

Regarding educational attainment, the majority of respondents completed high
school (58.5%, n=285), with undergraduates or equivalent qualifications representing

27.3% (n=133) and postgraduate degree holders making up 14.2% (n=69). Regarding
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income, nearly half of the respondents earn less than 5 million VND per month

(49.1%, n=239), with the second most common income bracket being 5-10 million

VND (14.2%, n=69). Smaller proportions of the sample reported incomes between
10-15 million VND (13.6%, n=66), 15-20 million VND (9.4%, n=46), and above 25
million VND (9.7%, n=47), with the smallest group earning between 20-25 million

VND (4.1%, n=29). This distribution suggests the sample is predominantly young,

moderately educated, and generally earning lower- to middle-income levels, reflecting

a representative cross-section of consumers likely to encounter and make decisions about

medical Al technologies in Vietnam.

Table 3.1. Sample Characteristics

Variables Types Frequency Percentage
Gender Male 176 36.1%
Female 311 63.9%
Age Under 20 74 15.2%
20-29 270 55.4%
30-39 74 15.2%
40-49 48 9.9%
Over 49 21 4.3%
Level of education High school 285 58.5%
Undergraduate or Equivalent 133 27.3%
Postgraduate degree 69 14.2%
Income Under Smillion 239 49.1%
5-10 million 69 14.2%
10-15 million 66 13.6%
15-20 million 46 9.4%
20-25 million 29 4.1%
Above 25 million 47 9.7%
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3.2.2. Measurement model assessment

Aforementioned in chapter 2, in analyzing higher-order constructs (HOCs) with
a formative-reflective hierarchical component model (HCM) in SmartPLS, the two-
stage approach is a widely recommended method (Becker, Klein and Wetzels, 2012;
Sarstedt et al., 2019). This approach is especially suitable when the HOC is formative
and composed of reflective lower-order components (LOCs), as it allows for accurate

estimation without inflating the measurement error.

Stage one is estimation of Lower-Order Constructs. In this stage, author assess
the measurement model by analyzing the reflective first-order constructs (LOCs)
independently. This involves assessing the outer loadings, indicator reliability, internal
consistency reliability (e.g., Cronbach’s Alpha, Composite Reliability), and convergent
validity (e.g., AVE) of each LOC. Once validated, the latent variable scores of these
LOC:s are extracted and used as manifest indicators in the second stage. Results of this

stage is below.
3.2.2.1. Descriptive statistics and correlation analysis
Descriptive statistics

The item-level descriptive statistics are presented below, followed by those of the

lower-order constructs.
Intention to adopt AIMDSS

Based on the descriptive statistics provided and following the guidelines
recommended by Hair (2014), the measures of intention to adopt Al-enabled medical
decision support systems (AIMDSS) exhibit generally acceptable distributional
properties. All four items (INT1 to INT4) have means ranging from 3.45 to 3.87,
indicating a moderately high level of intention to adopt AIMDSS among respondents.
The standard deviations range from 0.916 to 1.021, suggesting an adequate level of

variability in the data.

Importantly, the skewness values range from -0.807 to -0.253, and the kurtosis
values range from -0.342 to 0.499, all of which lie within the acceptable thresholds of
+1 recommended for normality assumptions in PLS-SEM Hair (2014). Overall, the
skewness and kurtosis values of all items fall within acceptable thresholds, indicating
no severe deviations from normality and suggesting that the data distribution is suitable

for subsequent multivariate analyses.
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Table 3.2. Item-level descriptive statistics for intention to adopt AIMDSS

N Minimum | Maximum | Mean S,td', Skewness Kurtosis
Deviation
Items
.. .. .. . .. . .| Std. . .| Std.
Statistic | Statistic Statistic | Statistic | Statistic | Statistic Statistic
Error Error
INT1 487 1 5 3.76 .926 -0.629 |0.111 {.499 221
INT2 487 1 5 3.85 916 -0.714 |0.111 |.457 221
INT3 487 1 5 3.45 1.021 -0.253 |0.111 |-.342 221
INT4 487 1 5 3.87 .956 -0.807 |0.111 |.471 221
Valid N|487
(listwise)
Attitude toward AIMDSS

Based on the descriptive statistics provided for the attitude toward AIMDSS
construct, the three observed items (ATT1 to ATT3) demonstrate acceptable
psychometric properties according to Hair (2014). The mean values for the three items
range from 3.52 to 3.91, indicating a generally favorable attitude among respondents
toward adopting Al-enabled medical decision support systems. This suggests that, on
average, respondents agree or moderately agree with positive statements about
AIMDSS. The standard deviations are relatively consistent, ranging from 0.893 to
0.934. This indicates a moderate level of response dispersion, suggesting that although
most participants hold a positive attitude, there is still some variation across the sample.
In terms of skewness and kurtosis, all values fall within the acceptable +1 threshold,
indicating that no severe deviations from normality and suggesting that the data

distribution is suitable for subsequent multivariate analyses.

Table 3.3. Item-level descriptive statistics for attitude toward AIMDSS

Std.
N Minimum | Maximum | Mean o Skewness Kurtosis
Deviation

Items

. . . . . . .| Std. . .| Std.

Statistic | Statistic Statistic | Statistic | Statistic | Statistic Statistic
Error Error

ATT1 487 1 5 3.62 931 -417 | 111 | -.028 | .221
ATT?2 487 1 5 3.91 .893 -.698 | .111 447 | 221
ATT3 487 1 5 3.52 .934 -.190 | .111 | -.196 | .221
Valid N
o 487
(listwise)
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Anthropocentrism

The mean values for the anthropocentrism items range from 3.39 to 3.99,
indicating a moderate to high endorsement of anthropocentric beliefs among
respondents. This suggests that, on average, participants tend to agree with
statements that reflect a human-centered worldview in the context of Al-enabled
healthcare. The highest mean is observed for ANTHI1 (3.99), suggesting stronger
agreement on that item, while ANTH4 has the lowest mean (3.39), indicating
relatively lower endorsement. The standard deviations vary from 0.937 to 1.255,
reflecting moderate to high variability in responses. Notably, ANTH4 shows the
largest spread (SD = 1.255), suggesting greater divergence of opinion among
respondents for that item. Regarding skewness, all four items exhibit negative skew
(ranging from -0.831 to -0.430), indicating slightly left-skewed distributions. This
implies that a substantial portion of participants selected higher values on the scale,
again indicating general agreement with anthropocentric statements. Kurtosis values
range from -0.741 to 0.508, all within the acceptable +1 range suggested by Hair
(2014), meaning the distributions do not present any serious problems related to
peakedness or flatness. Overall, the items display approximately normal distributions
with acceptable skewness and kurtosis, and the sample shows a generally positive

orientation toward anthropocentric beliefs.

Table 3.4. Item-level descriptive statistics for anthropocentrism

Std.
N Minimum | Maximum | Mean o Skewness Kurtosis
Deviation
Items
. . . . . . .| Std. .. | Std.
Statistic| Statistic | Statistic | Statistic | Statistic | Statistic Statistic
Error Error

ANTH1 (487 1 5 3.99 .937 -.831 |.111 |.508 221
ANTH2 (487 1 5 3.85 1.089 -840 |.111 |.164 221
ANTH3 (487 1.0 5.0 3.616 |1.0841 |-.505 |.111 |-.309 |.221
ANTH4 (487 1 5 3.39 1.255 -430 |.111 |-.741 |.221
Valid N (487
(listwise)
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Techno-optimism

The mean scores for the techno-optimism items range from 3.97 to 4.37,
suggesting that, on average, respondents strongly agreed with techno-optimistic
statements. The highest mean was observed for TO1 (4.37), while TOS, though still
relatively high (3.97), was the lowest among the five. The standard deviations, ranging
from 0.800 to 0.887, show relatively low dispersion. This indicates a moderate level of
agreement among respondents, with responses clustering closely around the mean for
all items. All items exhibit negative skewness (ranging from -1.335 to -0.704), indicating
a left-skewed distribution with a higher frequency of responses at the positive end of the
scale. This is consistent with a generally favorable view of technology among the sample
population. The kurtosis values range from 0.423 to 1.997, with TO1 and TO2 showing
relatively high positive kurtosis (1.997 and 1.720, respectively), indicating a more
peaked distribution and fewer extreme values, further confirming that most respondents
strongly agreed with these techno-optimistic items. Overall, the items show acceptable
levels of skewness and kurtosis, meeting Hair (2014)’s threshold for normal distribution

(Iskewness| < 2 and |kurtosis| < 7).

Table 3.5. Item-level descriptive statistics for techno-optimism

Std.
N Minimum | Maximum | Mean o Skewness Kurtosis
Deviation
Items
. .. . . . .. | Std. .| Std.
Statistic | Statistic | Statistic | Statistic | Statistic | Statistic Statistic
Error Error

TO1 487 1 5 4.37 .800 -1.335 | .111 | 1.997 | .221
TO2 487 1 5 432 .823 -1.244 | 111 | 1.720 | .221
TO3 487 1 5 4.16 .881 -913 A11 | 582 221
TO4 487 1 5 4.10 .887 -.909 A11 | 727 221
TO5 487 1 5 3.97 .881 =704 11 | 423 221
Valid N| 487
(listwise)

Initial trust

The mean scores for the items range from 3.32 to 4.02, suggesting generally

favorable trust toward AIMDSS, with variation across items. IT1 has the highest mean
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(4.02), indicating stronger agreement on this item. In contrast, IT2 (mean = 3.32) and
IT4 (mean = 3.38) show slightly lower levels of agreement. The standard deviations
fall between 0.871 and 0.937, showing moderate variation in responses, with no
evidence of extreme dispersion. The skewness values range from -1.019 (IT1) to -
0.171 (IT4), indicating that all items are left-skewed, particularly IT1. This suggests
that more respondents selected higher-scale values, indicating relatively high levels of
trust, especially for IT1. Kurtosis values are all within the normal range (Hair, 2014)
with IT1 showing a more peaked distribution (1.546), meaning responses were more
concentrated around the mean for that item. The other items (IT2-1IT4) have values
near zero, indicating a fairly normal distribution without heavy tails or peaks. Overall,
the descriptive statistics reveal those participants generally express moderate to high
initial trust in AIMDSS, with some variability across items. The distributions are
within acceptable thresholds of skewness (< I2]) and kurtosis (< I71), indicating that the

items meet normality assumptions for further analysis.

Table 3.6. Item-level descriptive statistics for initial trust

Std.
N  |Minimum |Maximum| Mean o Skewness Kurtosis
Deviation
Items
. . . . . .| Std. .. | Std.
Statistic| Statistic | Statistic |Statistic| Statistic | Statistic Statistic
Error Error

IT1 487 1.0 5.0 4.02 871 -1.019 | .111 | 1.546 | .221
IT2 487 1.0 5.0 3.32 .937 -261 | 111 | .044 | 221
IT3 487 1.0 5.0 3.52 .881 -289 | 111 | .144 | 221
IT4 487 1.0 5.0 3.38 915 -171 | 111 ] 121 | .221
Valid N (487
(listwise)

Personal innovativeness in the domain of health technology

The mean scores for the items range from 2.90 to 3.66, suggesting moderate
levels of personal innovativeness among participants. PIHT3 and PIHT1 show higher
means (3.66 and 3.62, respectively), indicating moderate agreement with statements
reflecting an openness or willingness to try health technologies. PIHT2 shows a lower
mean (2.90), suggesting a relatively more conservative or hesitant attitude of

participants toward being the pioneer in experiencing new health technology. This
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seems reasonable, as individuals may become more cautious toward new health
technologies when their personal health is at stake. Standard deviations range from
0.969 to 1.154, with PIHT2 showing the highest variability. This indicates broader
variation in how participants perceive their willingness to adopt or experiment with
health technology. Kurtosis values are also within the acceptable range (+7), ranging
from -0.714 (PITHT?2) to 0.023 (PIHT3). These values suggest no significant issues with
the distribution shapes (neither overly peaked nor flat). Overall, the distribution of
responses meets the normality assumptions, supporting the use of this construct in

further multivariate analyses.

Table 3.7. Item-level descriptive statistics for personal innovativeness in the
domain of health technology

Std.
N Minimum| Maximum| Mean o Skewness Kurtosis
Deviation

Items

. .. .. . . . .| Std. .. | Std.

Statistic| Statistic | Statistic | Statistic| Statistic | Statistic Statistic
Error Error
PIHT 1 487 1 5 3.62 .969 -293 | 111 | -.364 | 221
PIHT?2 487 1 5 2.90 1.154 149 | 111 | -.714 | 221
PIHT3 487 1 5 3.66 .996 =540 | .111 023 | 221
Vali
FalldN | e
(listwise)
Modern self

The descriptive statistics for the Modern Self construct indicate generally
favorable attitudes toward modernity among respondents. The mean values for all five
items range from 3.69 to 4.15 on a five-point Likert scale, suggesting that participants
tend to agree with statements reflecting a modern self-concept. Notably, MS5 (“I see
myself as modern”) has the highest mean (4.15) and the lowest standard deviation
(0.831), indicating strong consensus. The distribution of responses is slightly negatively
skewed (e.g., skewness of -0.953 for MS5), meaning that more respondents selected
higher ratings. Kurtosis values are mostly near zero or slightly positive, indicating
distributions that are fairly normal or slightly peaked. These statistics suggest that
respondents generally identify with modern self, and the responses are both consistent

and centered around agreement.
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Table 3.8. Item-level descriptive statistics for modern self

N | Minimum|Maximum| Mean S_td'_ Skewness Kurtosis
Deviation

Items

. . . . . .. | Std. .. | Sud.

Statistic | Statistic | Statistic | Statistic| Statistic | Statistic Statistic
Error Error
MS1 487 1 5 3.69 914 -337 | 111 | -.085 | 221
MS2 487 1 5 4.09 .899 -922 | 111 | .849 | 221
MS3 487 1 5 3.89 913 -597 | 111 | .141 | 221
MS4 487 1 5 3.90 914 -676 | 111 | 340 | 221
MS5 487 1 5 4.15 831 -953 | 111 | 1.243 | 221
Valid N
o 487
(listwise)
Traditional self

The Traditional Self construct displays a more varied pattern. Mean scores range
from 3.26 (TS3) to 4.01 (TS2), reflecting a moderate level of endorsement for traditional

self-identities. TS3 appears to be the least endorsed item, possibly indicating some

tension or ambivalence toward certain traditional values. In contrast, TS2, with a mean

of 4.01 and skewness of -0.844, suggests strong agreement with that specific aspect of

traditional identity. The standard deviations are somewhat larger for certain items (e.g.,

TS4 at 1.120), implying more dispersed responses. Overall, the descriptive statistics

indicate a complex perception of traditional values among respondents, with some items

being more strongly endorsed than others.

Table 3.9. Item-level descriptive statistics for traditional self

Std.
N  |Minimum|Maximum| Mean o Skewness Kurtosis
Deviation
Items
. . . .. . .. | Std. .. | Std.
Statistic| Statistic | Statistic |Statistic| Statistic | Statistic Statistic
Error Error
TS1 487 1 5 3.71 .963 -438 11 -.151 221
TS2 487 1 5 4.01 913 -.844 A11 554 221
TS3 487 1 5 3.26 .929 .098 11 -.093 221
TS4 487 1 5 3.52 1.120 -416 A11 -.506 221
TS5 487 1 5 3.81 .896 -491 A11 .039 221
Valid N
o 487
(listwise)
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Perceived threat

The construct Perceived Threat is composed of two subdimensions: Realistic
Threat (RTH) and Identity Threat (ITH). The descriptive statistics indicate moderate
levels of perceived threat among respondents. For realistic threat, RTH1 has a mean of
3.73 with a standard deviation of 1.059, showing moderate agreement with some
variation in responses. RTH2 has a lower mean (3.31) and a slightly higher standard
deviation (1.112), indicating a broader spread of opinions. Skewness values for both
items are negative, suggesting a slight tendency toward agreement. In the identity threat
subdimension, ITHI (mean = 3.72, SD = 0.989) shows a central tendency similar to
RTH1, whereas ITH2 has a slightly lower mean of 3.46 and a higher standard deviation
of 1.141. The negative skewness in both identity threat items also indicates that more
respondents lean toward agreement, though the presence of mild kurtosis and standard
deviations near or above 1 reflects some diversity in viewpoints. Overall, the data
suggest that respondents perceive both realistic and identity-related threats associated
with medical Al to a moderate extent, with a slight tendency toward agreement, though

there 1s some variability in individual experiences or concerns.

Table 3.10. Item-level descriptive statistics for perceived threat

Hems N  MmnimumMaximum| Mean Dejitjt.ion Skewness Kurtosis
Statistic | Statistic | Statistic | Statistic | Statistic | Statistic [Std. Error| Statistic [Std. Error

RTH1 487 1 5 3.73 1.059 | -503 |.111 -320 | .221
RTH2 487 1 5 3.31 L.112 | -185 |.111 -554 | 221
ITHI 487 1 5 372 10989 |-606 |.111 079 | .221
ITH2 487 1 5 346 | 1.141 |-356 |.111 -669 | 221
Valid N | 487

(listwise)

Table 3.11 presents the mean and standard deviation of the lower-order
constructs. The descriptive statistics of these variables indicate that respondents reported
moderate to moderately high levels across all constructs, with mean values ranging from
3.39 to 4.18 on the measurement scale. Among the variables, Technology Optimism
exhibits the highest mean (M =4.18, SD = 0.73), suggesting that respondents generally
hold positive expectations toward the benefits of technology, including medical Al
Similarly, Modern Self (M = 3.94, SD = 0.73) and Intention to adopt medical AI (M =
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3.73, SD = 0.84) also show relatively high mean scores, indicating a favorable self

perception aligned with modernity and a generally positive adoption tendency.

In contrast, Personal Innovativeness in the domain of Health Technology records
the lowest mean (M = 3.39, SD = 0.87), implying that while respondents are open to
technology in general, they are more cautious when it comes to personally
experimenting with or adopting new health technologies. The mean scores for
Anthropocentrism, Attitude, Perceived Threat, Initial Trust, and Traditional Self cluster
around the midpoint of the scale (approximately 3.55-3.71), reflecting a balanced

coexistence of supportive and cautious orientations toward medical Al

Regarding variability, the standard deviations range from 0.71 to 0.89, indicating
acceptable dispersion and sufficient heterogeneity in respondents’ perceptions and
beliefs. Constructs such as Anthropocentrism (SD = 0.89) and Perceived Threat (SD =
0.89) exhibit relatively greater variability, suggesting greater divergence in respondents’
views on human centrality and the potential risks of medical Al. Overall, the means and
standard deviations indicate that the sample provides sufficient variation for subsequent
analysis and reflects a generally positive yet nuanced stance toward medical Al adoption

among Vietnamese consumers.
Correlation analysis

The correlation matrix shows that initial trust, attitude, and technology optimism
are strongly associated with intention to adopt AIMDSS, suggesting that positive beliefs
and trust play an important role in shaping adoption decisions. Identity threat and
realistic threat correlate moderately with anthropocentrism and the traditional self,
indicating that more traditional or human-centered beliefs are associated with higher
perceived threats. Modern self and personal innovativeness in the domain of health
technology are positively correlated with attitude, intention, and technology optimism,
underscoring the role of self-concept and personal innovativeness in fostering more

favorable views of medical Al.
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Table 3.11. Descriptive statistics and correlation matrix

Variables Mean |SD 1 2 3 4 5 6 7 9 10
1. Anthropocentrism | 3.7136 | 0.8891 | 0.815

2. Attitude 3.6817 [0.8192 |0.301™ | 0.891

3. Perceived threat 3.5549 [0.8855 |0.387" |0.161" | 0.823

4. Initial trust 3.5616 |0.7609 | 0.33" |0.749™ | 0.209" | 0.845

5. Intention 3.7341 [0.8353 |0.284™ |0.747" | 0.191™ | 0.682 | 0.876

6. Modern Self 3.9429 |0.7280 |0.531™ [0.379™ |0.310™ | 0.388™ | 0.469™ | 0.816

7. Personal 3.3922 [0.8737 | 0.375™ | 0.457" |0.276" | 0.449™ | 0.522*" | 0.52"" |0.843
Innovativeness in

the domain of

Health Technology

9. Technology 41823 [0.7272 [ 0377 10.545" | 0.332" 0.524™ | 0.613™ | 0.646™ | 0.579" | 0.853
Optimism

10. Traditional Self |3.6616 | 0.7080 | 0.484™ |0.289™ |0.461"" | 0.374™ |0.358™ | 0.559" | 0.373™ |0.413™ | 0.736

Notes: N=487. Two-sided test. " p < 0.01.

The diagonal shows the square root of the AVE.

Values under the diagonal represents the inter-construct correlations.
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3.2.2.2. Reliability and validity analysis
Outer loadings

The outer loadings for all items across constructs demonstrate satisfactory levels,
indicating strong indicator reliability in the measurement model, as presented in Table
3.12. According to Hair (2014), outer loadings should ideally exceed 0.70 to confirm
that indicators adequately represent their respective latent constructs. Most items meet
or exceed this threshold. Notably high loadings are seen for constructs such as Attitude
(ranging from 0.877 to 0.906), Intention to adopt (0.832 to 0.914), Techno-optimism
(0.763 to 0.885), and Personal Innovativeness in Health Technology (PIHT1 = 0.889,
PIHT3 = 0.888). These reflect strong convergent validity. Only a few items slightly
approach but do not fall below the threshold (e.g., Traditional Self - TS4 = 0.655 and
Anthropocentrism - ANTH4 = 0.726). Overall, the outer loadings provide robust
evidence of construct validity and support the reliability of the measurement model used

in this study. The outer loadings are reported in table 3.12.
Construct reliability and convergent validity

The reliability analysis results in Table 3.12 indicate that all constructs meet or
exceed recommended thresholds for internal consistency and convergent validity,

supporting the robustness of the measurement model.

Regarding internal consistency, Cronbach’s alpha values for all constructs range
from 0.769 (Traditional self) to 0.906 (Techno-optimism), exceeding the acceptable
threshold of 0.70 (Hair et al., 2014). This indicates that the items within each construct
exhibit good internal reliability. Although Traditional self has the lowest alpha (0.769),

it still falls within an acceptable range.

Composite reliability (CR), which provides a more precise estimate of internal
consistency than Cronbach’s alpha, also supports these findings. All CR values are
above 0.70, ranging from 0.771 (Traditional self) to 0.906 (Techno-optimism), further

confirming satisfactory construct reliability.

Regarding convergent validity, the Average Variance Extracted (AVE) for all
constructs also exceeds the minimum threshold of 0.50, with values ranging from 0.591
(Traditional self) to 0.795 (Attitude). This indicates that, on average, more than 50% of
the variance in the indicators is explained by their corresponding constructs, providing

strong evidence of convergent validity.

105



Table 3.12. Reliability and validity results

Average
Variables Items Outer Cronbach’s | Composite | variance
loadings alpha Reliability | extracted
(AVE)
Anthropocentrism| ANTH1 0.815 0.831 0.843 0.665
ANTH2 0.873
ANTH3 0.84
ANTH4 0.726
Attitude ATTI1 0.906 0.871 0.871 0.795
ATT2 0.892
ATT3 0.877
Intention INT1 0.891 0.899 0.902 0.768
INT2 0.914
INT3 0.832
INT4 0.865
Modern self MS1 0.741 0.873 0.879 0.665
MS2 0.774
MS3 0.879
MS4 0.829
MSS5 0.847
Personal PIHT1 0.889 0.796 0.828 0.710
innovativeness PIHT?2 0.741
in domain of
health technology PIHT3 0.888
Techno-optimism TO1 0.881 0.906 0.906 0.728
TO2 0.885
TO3 0.863
TO4 0.869
TOS 0.763
Initial trust IT1 0.767 0.865 0.868 0.713
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Average

Variables Items QOuter |Cronbach’s| Composite | variance
loadings alpha Reliability | extracted
(AVE)
IT2 0.864
IT3 0.86
IT4 0.884
Traditional self TS1 0.723 0.769 0.771 0.591
TS2 0.756
TS3 0.744
TS4 0.655
TS5 0.796
Perceived threat ITH1 0.816 0.841 0.842 0.677
ITH2 0.831
RTH1 0.798
RTH2 0.846

Discriminant validity

The discriminant validity assessment, as shown in Table 3.13, was evaluated

using the Heterotrait-Monotrait Ratio of Correlations (HTMT) criterion, where values

below 0.90 indicate satisfactory discriminant validity between constructs (Hair, 2014;

Henseler, Ringle and Sarstedt, 2015). All HTMT values between pairs of constructs are

below the conservative threshold of 0.90, suggesting that each construct in the

measurement model is empirically distinct from the others. Thus, the results confirm

that all constructs exhibit satisfactory discriminant validity based on HTMT analysis.

This ensures that the observed relationships in the structural model are not confounded

by multicollinearity or redundancy among constructs.
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Table 3.13. Discriminant validity (HTMT)

Personal
mnovative-
Anthropo- ) Initial ) Modem | nessin | Perceived | Techno-
) Attitude Intention ) o
centrism trust self | domainof | threat |optimism
health tech-
nology
Anthropo-
centrism
Attitude 0.343
Initial trust 0.381 0.864
Intention 0.313 0.843 0.776
Modern self 0.615 0.433 0.447 0.523
Personal
innovative-
ness in domain| 0.464 0.542 0.532 0.6 0.6
of health
technology
Perceived
0.463 0.189 | 0.248 0.222 0.368 0.337
threat
Techno-
o 0.413 0.613 0.595 0.677 0.722 0.655 0.383
optimism
Traditional
" 0.59 0.345 0.451 0.419 0.662 0.432 0.558 0.483
se

Discriminant validity — HTMT < 0.90 (for conceptually similar constructs)

Furthermore, the Fornell-Larcker criterion results provide strong evidence of

discriminant validity in the model (Table 3.11). In all cases, the square root of the

average variance extracted (AVE) on the diagonal is greater than the inter-construct

correlations (Table 3.11) , thereby fulfilling the recommended criterion (Fornell and
Larcker, 1981).

Overall,

the measurement model was validated,

confirming reliability,

convergent validity, and discriminant validity. Accordingly, the latent variable scores of
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the lower-order constructs (LOCs) were extracted and used as manifest indicators for

the second-stage analysis.
3.2.2.3. Common method bias

Given that all data were collected from the same respondents using a single
survey instrument, Common Method Bias (CMB) may pose a threat to the validity
of the results. To evaluate this concern, both procedural and statistical remedies

were considered.

From a procedural standpoint, anonymity was ensured, and the wording of the
items was carefully refined to minimize ambiguity and social desirability bias, as
recommended by Podsakoff et al. (2003).

From a statistical standpoint, the Variance Inflation Factor (VIF) values from the
inner and outer models were examined as a proxy test for CMB. According to Kock
(2015), VIF values below 3.3 suggest that CMB is unlikely to be a significant issue. In
this study, all inner and outer VIF values were well below this threshold, ranging from

1.0 to 2.734, indicating no critical multicollinearity or method bias.

Table 3.14 reports the outer VIF values. All outer VIF values fall well below the
conservative threshold of 3.3, suggesting no multicollinearity issues among the first-
order constructs forming the second-order constructs Reasons for and Reasons against
(Kock, 2015),. This indicates that each lower-order component contributes uniquely to

the higher-order constructs, validating the formative specification.

Table 3.14. Outer VIF values

Lower-order constructs VIFs
Initial Trust 1.307
Modern self 1.437
Personal innovativeness in the domain of health technology 1.53
Perceived Threat 1.257
Traditional self 1.257

The inner VIF values for predictors in the structural model range from 1.000 to
2.734, all of which are below the critical threshold of 3.3, and far below the conservative
threshold of 5.0 (Kock, 2015). This indicates no serious collinearity among the exogenous
constructs in predicting endogenous variables such as Attitude, Intention, Reasons for,

and Reasons against. The inner VIF values are presented in table 3.15 below.
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Table 3.15. Inner VIF values

Attitude | Tntention Reaéons Reasons Tech.n0.10 gy
against for optimism

Anthropocentrism 1.496 1.164 1.164 1.000
Attitude 2.202
Intention
Reasons against 1.566 1.381
Reasons for 2.331 2.734
Technology optimism | 2.018 1.164 1.164

3.2.2.4. Structural model assessment

The R? values represent the explanatory power of the model for each endogenous
construct. According to the guidelines by Hair et al. (2011), an R? value of 0.75 is
considered substantial, 0.50 moderate, and 0.25 weak. As reported in table 3.16, the
model demonstrates moderate to strong explanatory power for intention to adopt AIMDSS
(R%2=0.633), attitude (R? = 0.546), and reasons for adoption (R? = 0.550), suggesting that
the specified antecedents adequately explain these outcomes. Meanwhile, reasons against
adoption exhibits a weaker R? of 0.332, which remains acceptable in exploratory research
contexts. These results indicate that the proposed model captures meaningful variance in

key psychological drivers and behavioral outcomes related to Al adoption in healthcare.

The predictive relevance of the model was examined using the blindfolding procedure
(Stone, 1974; Geisser, 1975). In table 3.16, all Q? values were greater than zero, confirming
the predictive capability of the endogenous constructs (Hair et al., 2021). Specifically,
Attitude (Q? = 0.429) and Intention (Q? = 0.480) demonstrated large predictive relevance,
while Reasons for (Q? = 0.368) indicated medium-to-large predictive relevance. Reasons
against (Q? = 0.228) also exceeded the recommended threshold of 0.15, reflecting medium
predictive relevance. These results provide strong evidence that the model possesses

substantial predictive validity across both higher-order and lower-order constructs.

Table 3.16. Results of R? and predictive relevance Q2

R? Q?
Attitude 0.546 0.429
Intention 0.633 0.480
Reasons against 0.332 0.228
Reasons for 0.550 0.368
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The {2 values offer insight into the effect sizes of individual exogenous variables
on each endogenous construct. The {2 values are illustrated in the below table 3.17.
Notably, reasons for — attitude (f? = 0.535) and attitude — intention (f2 = 0.255)
exhibits large and moderate effect sizes, respectively, supporting the central role of
attitude formation in the adoption process. Technology optimism strongly predicts
reasons for (f2 = 0.715), highlighting the importance of positive beliefs about
technological progress. Additionally, anthropocentrism shows small to moderate effects
on both reasons for (0.125) and reasons against (0.217), suggesting its dual influence
on consumers’ cognitive evaluations. Some paths, such as reasons against — intention
(0.001) and reasons against — attitude (0.020), show negligible to small effects,

indicating limited direct influence.

Table 3.17. f2 result
Variables Attitude | Intention | Reasons against | Reasons for

Anthropocentrism 0.001 0.217 0.125
Attitude 0.255

Intention

Reasons against 0.020 0.001

Reasons for 0.535 0.158

Technology Optimism 0.007 0.104 0.715

The Standardized Root Mean Square Residual (SRMR) is a commonly used
goodness-of-fit index in Partial Least Squares Structural Equation Modeling (PLS-
SEM). It measures the average magnitude of the difference between the observed and
expected correlations. The result on this model fit indice is presented in the table 3.18.
According to Hu and Bentler (1999), as well as Henseler et al. (2016), an SRMR value
below 0.08 generally indicates a good model fit. In this model, the SRMR is reported as
0.07, which is under the recommended threshold. This suggests that the model has an
acceptable fit, and the residuals between the predicted and observed correlation matrices
are sufficiently low. Therefore, the structural model can be considered adequately

specified in terms of overall fit.

Table 3.18. Model fit index

Estimated model

SRMR 0.07
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3.2.3. Hypotheses testing
Assessment of second-order construct

The second-order path estimates reveal the relative contributions of the lower-
order constructs to the formation of the higher-order constructs reasons for and reasons
against adopting AIMDSS. As presented in table 3.19, among the antecedents of reasons
for initial trust exhibits the strongest influence (B = 0.654, p < 0.001), indicating that
trust in the reliability and benevolence of AIMDSS plays a critical role in shaping
positive justifications for adoption. Modern self (B = 0.317, p < 0.001) and personal
innovativeness in the domain of health technology (B = 0.262, p < 0.001) also significantly
contribute to reasons for, suggesting that consumers who perceive themselves as
progressive or willing to experiment with new technologies are more inclined to construct
favorable reasoning toward AIMDSS. For the reasons against construct, traditional self
exerts the most substantial influence (f = 0.821, p < 0.001), underscoring the role of cultural
adherence to conventional norms and skepticism toward technological change. Perceived
threat also significantly contributes (f = 0.31, p = 0.004), reflecting concerns about the
potential negative impacts of Al on human uniqueness or safety. All outer weights are
statistically significant (p < 0.05), demonstrating that each lower-order component (LOC)
is a meaningful contributor to its respective higher-order construct. Notably, the stronger
weights of Initial Trust and Traditional Self underscore their central roles in shaping reasons
for and against Al adoption in healthcare, respectively. This supports the validity of the
reflective—formative model and justifies the use of these constructs in the structural
model (Becker, Klein and Wetzels, 2012).

Table 3.19. Results on the outer weights

Coeff. P values

Initial trust -> Reasons for 0.654 0
Modern self -> Reasons for 0.317 0
Personal innovativeness in the domain of health technology -> 0.262 0
Reasons for

Perceived threat -> Reasons against 0.31 0.004
Traditional self -> Reasons against 0.821 0

Direct effect testing

To evaluate the magnitude and statistical significance of the structural path

coefficients, the author conducted a bootstrapping procedure using 5,000 resamples,
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with a two-tailed test at a 0.05 significance level. The detailed results of the
hypothesis testing are reported in Table 3.20. Among the eleven proposed
hypotheses, eight were supported based on statistical significance (p < 0.05), while
three were not supported. Attitude toward AIMDSS demonstrated a strong and
significant positive effect on intention to adopt (B = 0.453, p < 0.001, 2 = 0.255),
supporting H1. Both reason constructs showed differential impacts: reasons for
adoption significantly influenced both intention (B = 0.397, p < 0.001, H2) and
attitude (B = 0.749, p < 0.001, H4), with large effect sizes, while reasons against
adoption negatively affected attitude (f = —0.120, p = 0.003, HS), though its direct
effect on intention was nonsignificant (f = 0.016, p = 0.652, H3), indicating a
potential mediating role of attitude. Regarding antecedents of reasoning, techno-
optimism significantly increased both reasons for (B = 0.609, p < 0.001, H6) and
reasons against (f = 0.284, p < 0.001, H7), although its direct effect on attitude was not
statistically significant (B = 0.079, p = 0.092, H8). Similarly, anthropocentrism was
positively associated with both reasons for (f = 0.255, p < 0.001, H9) and reasons against
(B=0.409, p <0.001, H10), but did not significantly influence attitude directly (f =—0.027,
p = 0.478, H11). These findings align with the theoretical assumptions of Behavioral
Reasoning Theory (Westaby, 2005), underscoring the critical role of context-specific
reasons in shaping attitudes and intentions, while also highlighting the indirect influence

of individual beliefs on adoption decisions.

Table 3.20. Direct effects (baseline model)

First-order estimate paths é):et; 2 p-value Hypothesis Results

Direct effects

Attitude -> Intention 0.453  0.255 0 H1 Supported
Reasons for -> Intention 0.397  0.158 0 H2 Supported
Reasons against -> Intention 0.016  0.001  0.652 H3 Not supported
Reasons for -> Attitude 0.749  0.535 0 H4 Supported
Reasons against -> Attitude -0.12 0.02 0.003 H5 Supported
Techno-optimism -> Reasons for 0.609 0.715 0 H6 Supported
Techno-optimism -> Reasons against 0.284  0.104 0 H7 Supported
Techno-optimism -> Attitude 0.079  0.007  0.092 HS8 Not supported
Anthropocentrism -> Reasons for 0.255 0.125 0 H9 Supported
Anthropocentrism -> Reasons against 0.409 0.217 0 H10 Supported
Anthropocentrism -> Attitude -0.027  0.001  0.478 H11 Not supported
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Indirect effect testing

Table 3.21 presents the results of the mediation analysis examining the indirect
effects of techno-optimism and anthropocentrism on intention to adopt AIMDSS
through attitudinal and reasoning pathways. The direct mediating role of attitude alone
was not statistically significant for either techno-optimism ( = 0.036, p = 0.106) or
anthropocentrism (f = -0.012, p = 0.486), suggesting that attitude does not
independently transmit the effect of these antecedents to intention. However, significant
serial mediation pathways emerged when incorporating the reasoning constructs.
Specifically, techno-optimism exerted a strong positive indirect effect on intention via
reasons for adoption and attitude (B = 0.207, p < 0.001), while also displaying a small
but significant negative indirect effect through reasons against and attitude (f = —-0.015,
p = 0.016). Similarly, anthropocentrism showed a significant positive indirect effect
through reasons for and attitude (f = 0.087, p < 0.001) and a negative indirect effect
through reasons against and attitude (B = —0.022, p = 0.012). These findings align with
the propositions of Behavioral Reasoning Theory (Westaby, 2005), highlighting that the
influence of beliefs on behavioral intentions is primarily channeled through context-

specific reasoning and attitudinal evaluations.

Table 3.21. Indirect effects

Coeff. P values

Techno-optimism -> Attitude -> Intention 0.036  0.106
Anthropocentrism -> Attitude -> Intention -0.012  0.486
Techno-optimism -> Reasons for -> Attitude -> Intention 0.207 0

Techno-optimism -> Reasons against -> Attitude -> Intention -0.015  0.016
Anthropocentrism -> Reasons for -> Attitude -> Intention 0.087 0

Anthropocentrism -> Reasons against -> Attitude -> Intention -0.022  0.012

Extended model (with control variables)

When control variables were incorporated into the model, the explanatory
structure of intention to adopt medical Al remained broadly consistent with the baseline
model, thereby underscoring the robustness of the hypothesised relationships. The direct
effects of attitude (B =0.271, p <0.001) and reasons for adoption ( = 0.254, p < 0.001)
on intention remained significant. However, their effect sizes decreased compared to the
baseline model (f = 0.453 and B = 0.397, respectively). Similarly, reasons against

adoption continued to exert no significant influence on intention (f = —0.006, p = 0.854),
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consistent with the baseline result (f = 0.016, p = 0.652). Notably, while the baseline
model indicated a marginally positive but insignificant association, the extended model
revealed a negative direction, which is more theoretically consistent with the BRT
framework, although the effect remained non-significant. These findings suggest that
the main theoretical relationships proposed in the baseline model are not substantially

altered when additional variables are considered.

At the attitudinal level, the extended model retained the strong positive
association between reason for adoption and attitude (B = 0.749, p < 0.001). In
contrast, reasons against adoption retained its significant negative effect ( =-0.120,
p =0.003). The direct effect of techno-optimism on attitude remained non-significant
(B = 0.079, p = 0.092), although its indirect effects via reasons for and against
adoption persisted, as observed in the baseline. Likewise, anthropocentrism
continued to significantly predict both reason for (f = 0.255, p < 0.001) and reason
against adoption (B = 0.409, p < 0.001), while showing no direct effect on attitude (3
= —0.027, p = 0.479). These patterns align closely with the baseline findings,

supporting the robustness of the proposed belief-reason—attitude pathways.

The inclusion of controls, however, revealed additional determinants of
intention. Among the demographic factors, age exhibited a small but significant
negative effect (B =—-0.076, p = 0.013), suggesting that younger consumers are more
inclined to adopt medical Al. Gender also showed a significant effect (B = 0.121, p
= 0.030), suggesting that adoption intentions may differ between male and female
respondents. By contrast, family income ( = 0.030, p = 0.299) and personal income
(B = 0.041, p = 0.286) were not significant predictors. Notably, the inclusion of
subjective norms ( = 0.234, p < 0.001) and perceived behavioural control (B =0.197,
p < 0.001), consistent with the reasoning structure of BRT, significantly enhanced

the model's explanatory power.

Overall, the extended model confirms the robustness of the baseline findings
while refining the picture of consumer adoption of medical Al. The reduction in effect
sizes of attitude and reasons on intention after incorporating control variables suggests
partial overlap in explanatory power with global motives and demographics, yet the
hypothesised relationships remained stable and significant. Notably, the extended model
highlights the complementary role of subjective norms and perceived behavioural
control, in line with the broader theoretical framework of BRT. The emergence of age
and gender effects further contextualises adoption patterns, pointing to socio-

demographic sensitivities not captured in the baseline model.
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Table 3.22. Direct effects (extended model)

Path coefficients | P values
Anthropocentrismropocentrism -> Attitude -0.027 0.479
Anthropocentrism -> Reasons against 0.409 0
Anthropocentrism -> Reasons for 0.255 0
Age -> Intention -0.076 0.013
Attitude -> Intention 0.271 0
Gender -> Intention 0.121 0.03
Family Income -> Intention 0.03 0.299
Personal Income -> Intention 0.041 0.286
Perceived behavioral control -> Intention 0.197 0
Reasons against -> Attitude -0.12 0.003
Reasons against -> Intention -0.006 0.854
Reasons for -> Attitude 0.749 0
Reasons for -> Intention 0.254 0
Subjective norms -> Intention 0.234 0
Techno-optimism -> Attitude 0.079 0.092
Techno-optimism -> Reasons against 0.284 0
Techno-optimism -> Reasons for 0.609 0
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SUMMARY OF CHAPTER 3

Chapter 3 presents the full spectrum of empirical findings derived from both
qualitative and quantitative phases of the research. The chapter begins with an overview
of the qualitative results obtained through semi-structured interviews and focus groups.
These exploratory insights uncover key thematic patterns that shed light on consumer
perceptions, motivations, and concerns regarding the adoption of Al-enabled medical

decision support systems (AIMDSS).

Subsequently, the chapter transitions into the quantitative analysis, which
includes a comprehensive examination of the survey data. This section outlines the
demographic characteristics of the sample, followed by assessments of the measurement
model's reliability and validity, including tests of internal consistency, convergent
validity, and discriminant validity. The chapter also presents the outcomes of the
structural model evaluation, providing statistical evidence for the hypothesized
relationships within the revised research framework. Together, these results provide a

solid empirical foundation that supports the study's theoretical propositions.

The chapter concludes by setting the stage for the final discussion in Chapter 4,
where the author will interpret the findings in greater depth, linking them to prior
literature and research objectives. This forthcoming discussion will also emphasize the
study’s contributions to the academic understanding of Al adoption in healthcare and

outline practical implications for industry stakeholders and policymakers.
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CHAPTER 4: DISCUSSION AND IMPLICATIONS

4.1. Discussion

The present study applies the BRT theoretical framework. It employs a mixed-
methods approach to explain the significant impact of beliefs (i.e., anthropocentrism and
techno-optimism) on reasons and intentions to adopt AIMDSS. The results of this study
demonstrate several valuable findings. Notably, the employment of a preliminary
qualitative study helps enrich understanding of the state of medical Al adoption in a
developing country, with Vietnam as an example. More importantly, this qualitative
approach unveils factors that constitute the rationales for and against the consumers’
adoption of medical Al. Based on the reasons extraction and hypotheses specification in
the preliminary study, this study examined a comprehensive framework from a
behavioral rationality perspective to understand the reasons for and reasons against
adopting AIMDSS of consumers. Specifically, initial trust, modern self, and personal
innovativeness in the domain of health function as subconstructs of reasons for adopting
AIMDSS. Meanwhile, traditional self and perceived threat as subconstructs of reasons
against have significant adverse effects on AIMDSS adoption. The results supported the
conclusion that beliefs (i.e., anthropocentrism and techno-optimism) have substantial
influence on reasons for and against, as well as on attitudes toward, AIMDSS. While
reasons for are observed to have a direct and substantial effect not only on users’
attitudes but also on their intentions to adopt AIMDSS, reasons against exert only a
significant negative impact on attitude but no significant impact on consumers’
intentions. Thus, the insignificant effect of reasons against on intention is in contrast
with the findings of previous studies (Wagner and Westaby, 2020; Ahmad and Harun,
2023; Li and Wang, 2024), but consistent with findings of Claudy et al. (2015). The
findings suggest that both anthropocentric and techno-optimistic consumers are inclined
to adopt medical Al. However, the underlying motivational structures differ between the
two groups. For techno-optimistic consumers, the reasons in favour of adoption
outweighed those against, whereas for anthropocentric consumers, the reasons against

adoption outweighed those for.
4.1.1. The current status of medical Al adoption in Vietnam

The exploratory phase demonstrates that medical Al adoption in Vietnam is still
at a nascent stage. Findings reveal the uneven penetration across settings, with earlier
and more agile uptake in private hospitals and large urban centers, and limited or largely

demonstrative use in public and provincial facilities. This finding reinforces earlier
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observations on the embryonic stage of medical Al adoption in Vietnam (Vuong et al.,
2019; Chanh et al., 2023) and aligns with evidence of uneven Al implementation across
healthcare systems in low- and middle-income countries (Zuhair et al., 2024; Wibowo
et al., 2025). Such inadequate infrastructure may result in uneven quality and access to
healthcare (Wibowo et al., 2025), thereby limiting consumers’ exposure to medical Al..
As a result, consumers may have a limited understanding of how medical Al systems
function, leading them to base their adoption intentions primarily on other factors, such

as their underlying beliefs.

Subsequently, findings from both semi-structured interviews and focus groups
indicate a generally positive attitude toward Al and digital transformation. However,
both informants and focus group participants show a strong preference for Al as a
supportive role rather than as a replacement for human doctors in medical services.
Findings from this phase also help probe the context-specific reasons underlying
consumers’ intention to adopt medical Al. Specifically, the qualitative analysis revealed
a set of emerging themes that participants invoked as rationales in discussing medical
Al adoption. Initial trust in medical AI, modern self, and personal innovativeness in
health were identified as reasons for adoption. In contrast, identity threat, realistic threat,
and traditional self surfaced as reasons against it. These reasons were consistently
expressed across informants and focus group participants and were closely tied to beliefs
of anthropocentrism and techno-optimism. This supports BRT (Westaby, 2005), which

posits that beliefs provide the foundation for reasons ‘for’ and ‘against’” adoption.
4.1.2. The influence of global motives on intention to adopt medical Al

The results highlighted the importance of attitude, which significantly and
positively influenced behavioral intention, aligning with extensive evidence in existing
technology acceptance literature (Venkatesh, Thong and Xu, 2012; Li and Wang, 2024).
The strong predictive power of attitude supports Westaby’s (2005) original proposition
within BRT, affirming attitude as global motives crucial to the intention formation
process. Mixed-methods findings consistently show that consumers tend to express
generally positive but conditional attitudes toward clinical Al supporting use in many
scenarios yet insisting on human oversight, transparency, and accountability (Young et
al., 2021; Fritsch et al., 2022). In both qualitative and quantitative findings, positive
attitudes of consumers are tempered by their reasons against, specifically perceived
threats and traditional self. Still, the overall valence is favourable, which makes an
Attitude — Intention effect theoretically and empirically plausible in consumer samples.
This finding is consistent with a previous BRT study of Li and Wang (2024), which
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found that consumers’ favourable attitude toward Al-assisted diagnostic systems
significantly enhanced their adoption intention. Hajiheydari et al. (2025) also reported

similar findings in patients evaluating Al diagnosis.

In addition to attitude, other global motives in this study, namely perceived
behavioral control and subjective norms, were also found to exert a positive influence
on consumers’ adoption intentions. This finding is consistent with both the TPB (Ajzen,
1991) and BRT (Westaby, 2005). Subjective norm significantly predicted intention ( =
0.234, p < .001), suggesting that consumers’ decisions to adopt medical Al are shaped
not only by their personal evaluations but also by the expectations and approval of
significant others. This is consistent with prior research showing that normative pressure
from family, peers, and especially healthcare professionals exerts a strong influence on
willingness to engage with Al-enabled health services (Young et al., 2021). Similarly,
perceived behavioral control was also significant (f = 0.197, p < .001), indicating that
consumers’ belief in their capacity and resources to use medical Al technologies is an
important determinant of intention. Hajiheydari et al. (2025) found that patients’
confidence in their ability to use AI diagnosis was a significant motivator. Taken
together, these results underscore that attitude remains the strongest predictor of
intention to adopt novel technologies such as medical Al in healthcare, even after

accounting for other global motives.
4.1.3. The influence of reasons on intention to adopt medical AI
4.1.3.1. The influence of reasons for

In BRT, reasons are the proximal, content-rich justifications that bridge beliefs to
global motives and behavior (Westaby, 2005). Reasons for adopting AIMDSS,
comprising initial trust, modern self, and personal innovativeness in the domain of
health technology, emerged as significant determinants of both attitudes and intentions.
The second-order estimated path supported the appropriateness of measuring reasons
for these constructs, as all paths were statistically significant. These findings support
Agarwal and Prasad’s (1998) arguments about personal innovativeness as a critical
driver of technological adoption, especially in healthcare contexts where innovation is
closely associated with health outcomes (Fan et al., 2020). Similarly, the role of initial
trust as an antecedent of technology acceptance resonates with existing empirical
evidence, underscoring its foundational role in consumer—technology relationships,
especially in sensitive domains such as healthcare (Gefen, Karahanna and Straub, 2003;
Sollner, Hoffmann and Leimeister, 2016; Jain, Wadhwani and Eastman, 2024). The
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modern self-concept, reflecting a desire to identify with contemporary lifestyles and
openness to innovation, further underlines the relevance of consumer identity in shaping

technology acceptance.

The findings revealed substantial positive impact of reasons for on both intention
and attitude, lending support to hypotheses 2 and 4. Also, these findings provide further
support for the significant positive relationships between reasons for and attitude, as
well as reasons for and intention, consistent with previous studies (Claudy et al., 2013;
Li and Wang, 2024; Wagner and Westaby, 2020). Whereas, this finding is contrast with
the previous finding of Claudy et al. (2015) which suggest the no significant relationship
between reasons for and intention. This comparison is only relative, as reasons are
context-dependent, and the reasons employed in studies applying BRT differ across
contexts (Westaby, 2005). The strong positive links from reasons for to attitude and from
reasons for to intention appear contingent on the constituent enablers that supply the
content of those reasons, notably initial trust, personal innovativeness in the health
domain, and a modern self. These findings support prior evidence that higher levels of
consumers’ initial trust are associated with more favorable evaluations of medical Al
and a greater willingness to use it (Nadarzynski et al., 2019; Young et al., 2021; Li and
Wang, 2024). Personal innovativeness in the health domain predisposes consumers to
evaluate novel medical technologies as attractive and workable, thereby increasing the
persuasive force of reasons for and strengthening their effects on both attitude and
intention. These findings are consistent with prior studies showing that consumers with
higher personal innovativeness report stronger purchase intentions for novel health
products (Zhang et al., 2017; Jeong and Choi, 2022), likely because they ascribe higher
social image benefits and perceive greater novelty, aesthetic appeal, and relative
advantage (Jeong and Choi, 2022). Following Nguyen et al. (2009), the modern self
reflects individuals’ adherence to imported values, norms, and beliefs in transitional
Asian markets and is commonly associated with openness to new products, experiences,
and change, as well as a lifestyle. In this study, the modern self emerges as a strong
factor of reasons for adopting medical Al. The results indicate that consumers tend to
align with their self-concept, so those with a modern self-concept exhibit more positive

attitudes and stronger intentions to adopt novel technologies, such as medical Al
4.1.3.2. The influence of reasons against

The modest negative effect of reasons against on attitude (HS), together with the
non-significant direct effect on intention (H3), contrasts with prior studies that report a

significant negative relationship between reasons against and intention (Ahmad and
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Harun, 2023; Li and Wang, 2024; Wagner and Westaby, 2020). However, these findings
are consistent with Claudy et al. (2015), who suggest that consumer resistance to
innovation often operates indirectly by shaping unfavorable attitudes rather than
triggering immediate behavioral avoidance. Reasons against medical Al adoption,
comprising traditional self and perceived threats, showed no significant direct effect
on intentions but negatively influenced attitudes. Thus, reasons against adoption
likely represent attitudinal barriers rather than direct impediments to intended
behavior, aligning with prior innovation resistance literature (Heidenreich and
Handrich, 2015). Further, it should be noted that reasons are context-specific, thus,
reasons against across contexts are different. Therefore, factors constituting reasons
against medical Al adoption should be considered to justify this result. In this study,
perceived threat consists of identity threat and realistic threat. Identity threat captures
the feeling that medical Al diminishes human distinctiveness, professional judgment, or
the relational quality of care. Realistic threats capture concrete risks such as diagnostic
errors, bias, privacy breaches, and safety failures. These threat-based cognitions load
into the reasons against construct and, in line with BRT, depress consumers' attitudes.
This is visible in the significant negative path from reasons against to attitude ( =
—0.120, p = 0.003). By contrast, the direct path from reasons against to intention is
statistically null (B = -0.006, p = 0.854). Although AIMDSS is designed as an assistive
form of medical Al, consumers may still perceive both identity threat and realistic threat,
particularly in the high-stakes context of healthcare. When medical Al is cognitively
categorized as an out-group relative to humans, it heightens sensitivity to identity-
related concerns, including perceived threats to human expertise, professional authority,
and the irreplaceability of human judgment. In addition, patients may be concerned
about the erosion of human identity in healthcare, which has traditionally been grounded
in the relational bond between healthcare professionals and patients, encompassing not
only disease treatment but also empathy, emotional support, and moral care. At the same
time, realistic threat arises from concerns about tangible risks associated with Al use,
including diagnostic errors, system malfunction, data bias, safety issues, and unclear
accountability when Al-supported decisions lead to adverse outcomes. Concerns about
unclear accountability when Al-supported decisions lead to adverse outcomes further
reinforce perceptions of realistic threat. As a result, even when consumers acknowledge
the potential benefits of AIMDSS, these perceived threats can reduce receptivity or
temper otherwise positive attitudes toward its adoption. Regarding the traditional self,
this result aligns with evidence that individuals who identify as traditional are cautious

toward new products and services (Nguyen, Smith and Cao, 2009; Nguyen et al., 2019).
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Consequently, a completely novel offering such as medical Al is less likely to be
evaluated positively by traditional consumers, particularly in the sensitive healthcare
context. The insignificant path Reasons against -> Intention suggested the direct

influence is not supported; instead, their influence is transmitted through attitude.
4.1.4. The role of beliefs in determining intention to adopt medical Al

Techno-optimism and anthropocentrism both positively influenced reasons for
and against adoption. The dual impacts of techno-optimism, capturing consumers'
simultaneous recognition of technology’s benefits and potential downsides, suggest that
optimism toward technology does not preclude acknowledgment of risks, but instead
promotes balanced consideration. Likewise, anthropocentrism’s influence on both sets
of reasons corroborates the dual nature of consumer beliefs: anthropocentric consumers
may embrace Al that enhances human capabilities yet remain wary of perceived threats

to human uniqueness (Kaplan and Haenlein, 2020; Belanche, Casal6 and Flavian, 2021).

4.1.4.1. The direct effects of beliefs on attitude and reasons

This study finds that techno-optimism does not exert a significant direct effect on
consumers’ attitudes toward adopting AIMDSS in the Vietnamese context. This result
diverges from prior studies that report a positive relationship between techno-optimism
and favorable attitudes toward emerging technologies, such as augmented reality in
education (Alvarez-Marin, Veldzquez-Iturbide and Castillo-Vergara, 2023) and smart
home technologies (Leung and Cheung, 2025). It is not anomalous when seen in light
of studies where optimism does not translate directly into core evaluations once more
proximal appraisals are modelled. A plausible explanation lies in the high-stakes and
trust-sensitive nature of healthcare decision-making, where general optimism toward
technology may be insufficient to directly shape attitudes toward Al-supported medical
decisions. From a Behavioral Reasoning Theory perspective, techno-optimism may
instead operate indirectly by influencing context-specific reasons for or against
adoption, rather than functioning as a direct attitudinal antecedent. In addition, the
Vietnamese healthcare context, characterized by strong reliance on physician authority
and limited direct patient interaction with medical Al, may further attenuate the direct
translation of techno-optimism into positive attitudes toward AIMDSS. Blut and Wang
(2020) suggest that technology readiness motivators, such as optimism, do support
technology use, but mostly by shaping intermediate evaluations (perceived quality,
value, usefulness, etc.), rather than through a strong, universal direct effect on use or
attitudes. Jan et al. (2023) conceptualise technology optimism as part of the broader

category of technology-readiness motivators and demonstrate that these motivators
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shape individuals’ reasons for using Al chatbots. Their model does not include a direct
pathway from optimism to attitude. Instead, they show that optimism strengthens
reasons for adoption, and that these reasons subsequently exert a substantial effect on
attitudes and behavioural intentions. This structure reflects a view of techno-optimism
as a distal readiness factor whose influence is channelled through context-specific
justifications rather than through an immediate evaluative response. That insight helps
explain the non-significant effect of techno optimism on attitudes in the present study
(H8). Once reasons for and against adopting AIMDSS are included in the model, the
impact of general optimism toward technology is mainly absorbed by these mediating
mechanisms. Jan et al. (2023)’s findings therefore support the interpretation that techno-
optimism contributes to overall adoption. Still, its role is expressed indirectly through
the formation of reasons rather than through a substantial direct effect on attitudes. This
pattern aligns with the assumptions of BRT, which posits that broad beliefs are distal
antecedents that influence attitudes only after individuals articulate concrete reasons

relevant to the decision context.

In the AI adoption literature, anthropocentrism is frequently characterised as a
belief that privileges human agency, authenticity, and control. This orientation often
leads individuals to view Al systems as encroaching on domains that should remain
fundamentally human, thereby fostering scepticism and negative attitudes toward Al-
enabled solutions. Empirical studies have shown that individuals with strong
anthropocentric beliefs tend to perceive Al as a threat to human uniqueness, moral
agency, or professional expertise (Fortuna, Wréblewski and Gorbaniuk, 2023; Fortuna
et al., 2024). These perceptions can generate concerns about loss of control or
dehumanisation, which directly reduce favourability toward Al-based decision tools.
However, as a supporting tool such as AIMDSS, this study hypothesized that
anthropocentric people may perceive this system more favourably as they consider it serves
their needs, thus reinforcing humans’ central role (H11). However, the results showed that
this direct effect was not statistically significant. This outcome is not entirely surprising
when interpreted through the lens of Behavioral Reasoning Theory. Previous BRT studies
have shown that distal antecedent, such as value, exert a non-significant direct effect on
attitude (Ahmad and Harun, 2023; Pillai et al., 2023; Wagner and Westaby, 2020;
Claudy, Garcia and O’Driscoll, 2015; Claudy, Peterson and O’Driscoll, 2013). Thus, it
would be reasonable that distal beliefs, such as anthropocentrism, may not directly shape
attitudes once individuals begin to evaluate the behaviour through context-specific reasons.

In other words, although anthropocentric individuals may hold strong human-centred
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beliefs, these beliefs influence attitudes primarily through concrete reasoning. The non-
significant direct effect found in this study therefore suggests that anthropocentrism exerts
its influence indirectly, by shaping the reasons for/ against adoption, which subsequently
drive attitudes. Given that empirical evidence on the relationship between anthropocentrism
and attitude within this framework is currently lacking, this study is among the first to
examine the role of anthropocentric belief through the lens of BRT. Thus, future studies

should re-examine the relationship between belief and attitude within the BRT framework.
4.1.4.2. The indirect effects

The mediation analysis significantly enriched our understanding by highlighting
that techno-optimism and anthropocentrism indirectly shaped behavioral intentions
through reasons and attitudes. The nonsignificant mediating role of attitudes alone
underscores the criticality of integrating specific reasons, supporting Westaby (2025)s’
recent suggestion for expansion of BRT. The significant serial mediation (techno-
optimism — reasons for adoption — attitudes — intention) reinforces the theoretical
assertion that consumers' overarching positive beliefs about technology (techno-
optimism) influence intentions primarily through the formulation of context-specific

positive reasoning, as discussed by Westaby et al. (2025).

Furthermore, the small but significant negative indirect effect (techno-optimism
— reasons against — attitudes — intentions) shows that even generally positive beliefs
about technology can still produce subtle countervailing pressures that dampen
adoption. This pattern underscores the complex ways in which beliefs translate into
behavior, consistent with the Belief-to-Behavior Inference (BBI) model proposed by
Granados Samayoa and Albarracin (2025). According to BBI, consumers actively
engage in comparative reasoning processes, balancing positive beliefs against potential
drawbacks (Granados Samayoa and Albarracin, 2025). The findings thus empirically
illustrate this dynamic cognitive balancing act, demonstrating that techno-optimistic
consumers do not ignore potential risks; rather, they integrate both favorable and

unfavorable beliefs into their ultimate intention formation.

Anthropocentrism also exerted dual indirect effects, revealing that this belief can
simultaneously activate mechanisms that encourage and discourage adoption, rather
than pushing behavior in a single direction. Anthropocentric consumers positively
embraced AIMDSS when perceived as supportive of human roles (positive indirect
path), yet simultaneously expressed significant reservations regarding threats to human

identity and traditional values (negative indirect path). Such dual reasoning echoes
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recent conceptualizations of human—Al interactions, emphasizing consumer
ambivalence toward technology that intersects with core human values and identities
(Belanche, Casal6 and Flavian, 2021; Huang and Rust, 2021a).

In summary, this study advances understanding of how consumers’ specific
beliefs (i.e. anthropocentrism and techno-optimism) shape behavioral intention through
context-specific reasoning processes. Consistent with prior BRT research, the findings
confirm a strong positive relationship between reasons for and both attitude and
intention to adopt AIMDSS (Claudy et al., 2013; Li and Wang, 2024; Wagner and
Westaby, 2020). However, in contrast to Li and Wang (2024), who report a significant
negative effect of reasons against on Chinese consumers’ intention to adopt AIMDSS,
this study finds that reasons against do not exert a significant direct effect on intention
in the Vietnamese context. Instead, reasons against influence intention indirectly
through attitudes, while underlying belief constructs exert positive and significant
effects on both reasons for and reasons against. This pattern is fully consistent with BRT,
which posits that beliefs do not influence behavioral intention directly, but operate
through context-specific reasons that translate beliefs into attitudinal evaluations and
intention (Westaby, 2005, 2025).

4.2. Theoretical contributions

In this dissertation, the author addresses a gap in the existing literature on the
adoption of Al-based Medical Decision Support Systems (AIMDSS), where limited
research has examined the influence of beliefs, specifically anthropocentrism and
techno-optimism, on consumers’ behavioral intentions to adopt such systems. The
findings contribute to a deeper understanding of consumer adoption of medical Al by
focusing on AIMDSS as a technological breakthrough in the healthcare industry and by
exploring the roles of both facilitating and inhibiting factors within the proposed theoretical
framework (Prakash and Das, 2021; Li and Wang, 2024). To the author’s knowledge, this
dissertation is among the first to investigate the combined effects of dual belief systems,
anthropocentrism, and techno-optimism, on consumers’ intentions to adopt AIMDSS
through the lens of their underlying reasoning. Thus, this research responds to calls for
further exploration of belief-to-behavior relationships by applying Behavioral Reasoning
Theory (BRT) to explain consumers’ reasoning pathways toward adoption (Granados
Samayoa and Albarracin, 2025; Westaby, Rosemarino and Elliot, 2025).

First, this dissertation makes a specific theoretical move by treating

anthropocentrism and technology optimism as co-existing beliefs that jointly shape
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consumers’ reasons for and against adopting AIMDSS. Furthermore, this dissertation
extends BRT application by explicitly examining the impact of these dual beliefs rather
than a single belief construct. Specifically, individuals’ beliefs (i.e., anthropocentrism
and techno-optimism) both positively predict reasoning (for and against) adopting
AIMDSS. This pattern contrasts with previous BRT-based research, which has
predominantly examined the influence of values on behavioral intention (Westaby,
Rosemarino and Elliot, 2025; Li and Wang, 2024; Sahu, Padhy and Dhir, 2020). Prior
studies typically report asymmetric effects, in which certain values strengthen reasons for
adoption while weakening reasons against (or vice versa) for various services, including
medical Al (Li and Wang, 2024; Sahu, Padhy and Dhir, 2020; Ahmad and Harun, 2023;
Ashfaq et al., 2021; Claudy, Garcia and O’Driscoll, 2015). In contrast, this dissertation is
among the first to investigate the role of beliefs within the BRT framework, given limited
attention on this relationship (Granados Samayoa and Albarracin, 2025; Westaby,
Rosemarino and Elliot, 2025). Further, the results demonstrate that these beliefs
simultaneously enhance both supportive and opposing reasons for AIMDSS adoption.
Moreover, results suggest that the magnitude of these effects differs across beliefs. For
techno-optimism, its influence on reasons for adoption outweighs its influence on reasons
against adoption, suggesting that techno-optimism primarily facilitates acceptance.
Anthropocentrism shows the opposite pattern: although it increases both sets of reasons, its
more substantial effect on reasons against indicates that anthropocentrism ultimately acts as
a barrier to adoption. Individuals with a human-centric worldview are more sensitive to
inhibiting factors triggered by automation in healthcare, leading them to place greater
emphasis on reasons against the use of medical Al. Conversely, techno-optimists assign
greater weight to reasons supporting adoption, as they are predisposed to view technological
advancements as beneficial and capable of generating positive outcomes in everyday life,
including healthcare. Moreover, the validated serial mediation (belief — reason — attitude
— intention) highlights the importance of reasoning as a cognitive bridge between belief
and behavior, offering a refined theoretical lens for understanding technology adoption. It
supports the belief-to-behavior inference of Samayoa and Albarracin (2025) by showing
that anthropocentric belief and techno-optimistic belief do not directly shape adoption
intention but instead exert their influence through context-specific reasons, which

subsequently inform attitudinal evaluations and intentional outcomes.

Second, this dissertation contributes to the extant literature on determinants of
intention to adopt medical Al of consumers by unveiling context-specific set of reasons

for/against the adoption of medical Al. Previous studies on this matter have focused on
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a value-relevant set of factors. Li and Wang (2024) investigated the impact of value (
1.e., openess to change) on medical Al adoption of Chinese consumers, and found strong
support for reasons for (including initial trust, health information accessibility,
professional level and perceived informational support), and reasons againsts (privacy
concern, uniqueness neglect, health information evaluation and utilization, and
information quality). In contrast, this dissertation with the focus on beliefs (i.e.,
anthropocentrism and techno-optimism), has found that reasons for adopting AIMDSS
of consumers in the Vietnamese healthcare context are initial trust, personal
innovativeness in the domain of health technology, and modern self; whereas reasons
against consist of perceived threats and traditional self via a mixed-method approach.
This result reinforces the evidence suggesting the important role of initial trust of
consumers in facilitating medical Al adoption, lending support to previous findings
(Frank et al., 2021; Gaczek et al., 2023; Kumar, Vrontis and Pallonetto, 2024; Li and
Wang, 2024). Also, this dissertation is the first to consider personal innovativeness in
the domain of health technology as an important factor in consumers' adoption of
medical AI.  While previous studies have examined the impact of personal
innovativeness in the domain of information technology on doctors’ adoption of medical
Al (Fan et al., 2020; Tran et al., 2021), it would be a shortcoming to assume that
consumers who are innovative in using information technology would keep their stance
in healthcare, a domain where their health is at stake. In other words, one may be open
and inclined to adopt new technology in general (e.g., ChatGPT, metaverse, Siri, etc.),
but may not be as open to novel health technologies such as AIMDSS. Thus, the
measurement of PIHT has been adapted to capture the innovativeness of individuals not
only in technology but in health technology, an aspect that is more critical as it could
have adverse effects on their lives. Thus, integration of this factor in reasons for would
be another contribution of this dissertation. Regarding perceived threats, the literature
suggests that both identity threats and realistic threats negatively influence attitudes
toward and intentions to adopt Al (Ztotowski, Yogeeswaran and Bartneck, 2017;
Cunneen, Mullins and Murphy, 2019; Huang et al., 2021). This study corroborates these
findings by showing that these threat perceptions form strong reasons against adopting
medical Al. Furthermore, the substantial positive impact of anthropocentrism on reasons
against indicates that anthropocentric individuals are particularly sensitive to such
threats, as they tend to interpret Al-driven automation as undermining human expertise,
diminishing the role of clinicians, and encroaching on the uniquely human elements of
care. Consequently, anthropocentrists are more likely to amplify concerns about loss of

control, reduced human judgment, and potential harm arising from delegating decision-
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making to machines, even though AIMDSS serve as a supporting tool to humans. Thus,
this finding enriches the understanding of how anthropocentrism may activate consumer

resistance, explicitly through perceived identity and realistic threats.

Another contribution to the medical Al adoption literature is the incorporation of
self-concepts as reasons for/against consumers’ behavioral intention to adopt novel
technology such as AIMDSS. Transitional economies such as Vietnam provide a unique
sociocultural setting in which individuals simultaneously draw on both a modern self,
characterized by openness to innovation, autonomy, and forward-looking identities, and a
traditional self that emphasizes conformity, risk aversion, and reliance on established
norms. Thus, these dual self-concepts may shape how consumers evaluate emerging
technologies like AIMDSS, making them either more receptive to or more hesitant about
adoption. Despite their theoretical relevance, self-concepts have mainly been examined in
the domains of organic food consumption and travel behaviour (Huang, LeBlanc and Choi,
2016; Nguyen et al., 2019). Thus, this study revisits the concept and provides empirical
evidence that the modern self and the traditional self, respectively, serve as strong reasons
for and against adoption. This finding adds conceptual depth to the literature and highlights

the importance of sociocultural identity in shaping responses to Al in healthcare.

Lastly, the findings provide theoretical insights into the role of anthropocentrism
in the technology adoption literature. Historically, anthropocentric beliefs have
predominantly been examined as impediments to Al acceptance due to their emphasis
on human centrality and uniqueness (Kaplan and Haenlein, 2020; Huang and Rust,
2021b). However, this dissertation presents a different theoretical position, revealing
that anthropocentrism can simultaneously facilitate and hinder adoption, contingent on
how the technology is cognitively framed (human-enhancing vs. human-replacing).
Such dual roles resonate with the "technology paradox" articulated by Mick and
Fournier (1998), in which technology simultaneously embodies potential for consumer
empowerment and threats to consumer well-being. Therefore, this research contributes
theoretically by expanding the conceptual boundaries of anthropocentric beliefs within
consumer behavior literature, highlighting their context-sensitive ambivalence rather
than a monolithic negative stance toward technological innovations. (Heidenreich and
Handrich, 2015; Belanche, Casal6 and Flavian, 2021).

4.3. Practical implications
Building on the empirical findings, this section translates the research model into
concrete and feasible Al adoption strategies for the healthcare sector. The proposed

implications are explicitly aligned with (i) hospitals’ organizational capabilities and
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service quality improvement, (ii) the national digital transformation orientation of the
Party and the State, and (iii) the key psychosocial variables in the research model,
including techno-optimism, anthropocentrism, reasons for, and reasons against
adoption. By structuring the implications across hospitals, medical Al developers, and
policymakers, this section aims to enhance the practical relevance and policy

applicability of the study’s findings.
4.3.1. Implication for hospitals

Firstly, in relation to the techno-optimism construct, which strongly influences
reasons for adopting AIMDSS, healthcare providers in developing countries like
Vietnam should focus efforts on consumers with high technology optimism, often
comprising younger, digitally savvy individuals (Pillai et al., 2023). Hospitals and
clinics could practically leverage this by initiating targeted educational and promotional
campaigns via digital platforms, such as social media and mobile health apps. Such
campaigns should highlight the concrete benefits of AIMDSS, including improved
diagnostic accuracy, time savings, and modernized healthcare experiences. Further,
implementing a medical Al experience hub within hospitals or community health centers
could practically resonate with techno-optimistic segments by allowing first-hand

interactions, thereby increasing initial trust (Li and Wang, 2024).

Secondly, recognizing that anthropocentrism simultaneously generates reasons
for and against adopting AIMDSS, healthcare administrators and policymakers must
carefully frame AIMDSS to effectively target consumer segments that hold human-
centered values. These may include older patients and individuals who identify as
traditional, who feel more connected to traditional Vietnamese healthcare practices.
Practically, healthcare professionals should position AIMDSS explicitly as tools
designed to empower rather than replace human physicians, emphasizing human—Al
collaboration scenarios (Longoni, Bonezzi and Morewedge, 2019; Belanche, Casal6 and
Flavian, 2021; Kunz and Wirtz, 2023). For instance, hospitals could explicitly integrate
AIMDSS into physician—patient consultations, allowing patients to visually observe
how the AI assists medical staff in providing better, patient-centered care. Moreover,
engaging respected medical practitioners as ambassadors to advocate for the
complementary roles of AIMDSS could reassure patients concerned about threats to
traditional human roles. Such authoritative endorsements, accompanied by clear
narratives affirming human primacy, would mitigate anthropocentric consumers' identity
threats and realistic concerns regarding technology displacing human judgment (Kaplan
and Haenlein, 2020; Huang and Rust, 2021Db).
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Thirdly, the significant negative influence of reasons against adoption (traditional
self and perceived threats) on consumer attitudes necessitates targeted practical actions
addressing cultural conservatism and technology-related threats prevalent among
Vietnamese healthcare consumers. Specifically, leveraging innovative educational
approaches, such as visualization videos, can effectively help consumers imagine a
future in which AIMDSS is seamlessly integrated into healthcare delivery. By clearly
depicting scenarios where Al complements and enhances human medical expertise
rather than replacing it, these visualization videos help patients understand the practical
benefits and protective measures, thereby alleviating concerns about autonomy and
safety. Moreover, creating short video stories featuring older individuals who have had
positive experiences with medical Al can help patients connect emotionally with the
message. Such testimonials can reframe perceptions, reduce long-standing anxieties,
and make the technology feel more relatable and trustworthy. Therefore, combining
transparency, participatory design, visualization-driven educational materials, and
culturally tailored storytelling represents a comprehensive and engaging strategy for
addressing perceived threats, building consumer trust, and fostering broader adoption of

AIMDSS in healthcare settings in developing countries.

Fourth, the qualitative findings suggest that both doctors and patients feel
insecured about adopting medical Al in the healthcare services due to concern of safety.
This is further justified in the robust impact of realitic threat on reasons against adopting
AIMDSS of consumers following the survey. Thus, hospitals should develop and
disseminate comprehensive guidelines for the use of Al in clinical practice to ensure that
both physicians and patients are fully informed. These guidelines should specify how
Al systems are integrated into diagnostic and treatment processes, outline the
responsibilities of healthcare professionals when using Al support, and clarify patient
rights when Al tools are involved. Hospitals should also prepare educational leaflets and
communication materials for patients. These materials should explain, in accessible
language, the role of Al in the healthcare service, its expected benefits for safety and
efficiency, and any potential limitations or risks. Providing transparent and consistent
information in this manner can enhance trust, promote informed decision-making, and

support the responsible adoption of medical Al in routine care.

In addition, given the existence of traditional self of consumers and the
conservative stance of medical experts, hospitals should also consider adopting a
gradual integration roadmap for medical Al. Rather than implementing Al systems

abruptly, a stepwise approach that begins with small-scale pilots, followed by phased
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expansion, allows patients and clinicians to become familiar with the technology and
adjust naturally to its presence in routine care. This progressive rollout also provides
opportunities to identify operational issues early and refine workflows before full

implementation.

Lastly, continuous training for healthcare staff is essential. Physicians, nurses,
and support personnel need to understand not only the technical functions of Al systems
but also how to communicate clearly with patients about their role, benefits, and
limitations. Equipping staff with strong Al literacy and patient centered communication
skills helps create a more supportive environment, in which patients feel informed,

respected, and confident when engaging with Al-assisted healthcare services.
4.3.2. Implication for medical Al developers

Beyond technical performance and regulatory compliance, medical Al
developers can take several additional, consumer-oriented actions to increase adoption.
The suggestions below focus on practicality and direct impact on consumer perceptions

and behavior.

First, developers can simplify how medical Al is presented to consumers by
avoiding overly technical language and reframing Al in terms of tangible patient
benefits. Instead of emphasizing algorithms or computational power, communication
should focus on outcomes that matter to patients, such as earlier detection, fewer missed
diagnoses, shorter waiting times, or better treatment monitoring. Clear and benefit-

oriented framing helps consumers understand why Al is relevant to their own health.

Second, developers can design Al systems that actively support shared decision
making. For example, Al outputs can be structured to present multiple options or
confidence ranges rather than a single definitive recommendation. When patients see
that Al supports discussion between themselves and their doctors, rather than replacing
clinical judgment, they are more likely to feel respected and willing to engage with the
technology. This shared decision-making allowance also helps patient have more
understanding and control of their treatment procedure, thus reducing their realistic

threat posed by medical Al

Third, developers can invest in local validation and localization. Demonstrating
that Al systems are trained, tested, or calibrated using local patient data and clinical
guidelines can significantly improve consumer confidence, particularly in countries like
Vietnam where patients may be skeptical of imported technologies. Local language

interfaces and culturally appropriate explanations further enhance relevance and trust.
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This would be particularly meaningful for more traditional consumers who tend to place
greater trust in locally grounded medical practices and may be more cautious toward

technologies developed or validated in foreign contexts.

Fourth, developers can work with healthcare providers to lower psychological
and experiential barriers by allowing patients to encounter Al in low-risk, familiar
settings. Examples include AI assisted health screening programs, follow-up
monitoring, or preventive care applications. Early positive experiences in non-critical
contexts can normalize Al use and reduce anxiety when it is later applied in more serious

clinical situations.

Fifth, developers should collaborate closely with hospitals, clinicians, and patient
groups throughout the design process. Early engagement with end users allows
developers to identify practical challenges, ethical concerns, and contextual
expectations that might not be visible from a purely technical perspective. Co-design
processes can ensure that the technology fits naturally into clinical workflows and
respects patient needs, cultural norms, and local resource limitations. For services that
integrate medical Al, developers should consider adding a patient view mode that allows
patients to see what the AI has detected, the estimated accuracy, and a simple
explanation, followed by the doctor’s final conclusion. This presentation helps patients
perceive Al as a supportive companion that offers an additional perspective rather than

a replacement for the clinician.

Last, developers can actively involve patients in post-deployment
improvement. Simple feedback tools, patient satisfaction surveys, or channels for
reporting concerns signal that patient voices matter and that the technology evolves
based on real user experiences. This sense of participation can strengthen trust and
long-term acceptance. Also, that enables hospitals and developers to continuously

refine and improve the service.
4.3.3. Implication for policymakers

The qualitative finding on current status of medical Al adoption in Vietnam
has revealed major obstacles for wider implementation of this technology in
healthcare services for consumers. To resolve those national level issues,
policymakers play a crucial role in enabling responsible and scalable adoption of

medical Al in the healthcare sector.

First, a national roadmap for medical Al adoption should be developed to provide

a phased and coordinated strategy for implementation across different levels of
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hospitals. For Vietnam, such a roadmap should align with the country’s ongoing digital
transformation in healthcare and clearly identify priority use cases that are both feasible
and beneficial under current conditions, such as Al supported image analysis, triage
assistance, or chronic disease risk prediction. The roadmap should differentiate
adoption timelines across hospital tiers, with central and major urban hospitals
serving as early pilot sites to test solutions, refine workflows, and generate evidence
before scaling to provincial and district hospitals where resources are more limited.
It should also assign specific responsibilities to key stakeholders, including the
Ministry of Health for regulatory and data standards, hospitals for implementation
and validation, academic institutions for capacity building and evaluation, and
industry partners for technical support under transparent and safe standards.
Importantly, the roadmap must acknowledge regional disparities in digital
infrastructure and workforce capacity, specifying when provincial hospitals should
rely on national or regional cloud-based Al platforms rather than maintaining high-
cost systems locally. By linking Al adoption to broader investments in electronic
medical records, hospital information systems, and internet connectivity, this
roadmap would enable Vietnam to advance medical Al in a gradual, realistic, and

equitable manner across its diverse healthcare settings.

Second, the establishment of clear legal and regulatory frameworks is essential
for reducing uncertainty and ensuring safe use of medical Al. Specifically, policymakers
should establish a clear legal framework governing the responsible use of Al in
healthcare. Such a framework should define the scope of permissible Al applications in
clinical practice, specify standards for accuracy, validation, and data protection, and
delineate the respective responsibilities of Al developers, healthcare institutions, and
medical professionals. Policymakers should also introduce requirements for
transparency, including mandatory disclosure of Al involvement in diagnosis or
treatment and clear procedures for obtaining informed consent. In addition, mechanisms
for accountability and redress are needed so that patients have clear pathways for
reporting concerns or seeking resolution when Al related errors occur. Developing such
legislation would provide legal certainty, promote ethical implementation, and safeguard
patient rights as Al continues to expand in healthcare settings. Thus, hospitals would
have a solid basis for developing internal guidelines for the use of medical Al within
their facilities. At the same time, patients would gain greater confidence in services
supported by both Al and physicians, even among those who tend to be more traditional

or initially concerned about possible threats.
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Third, regarding technological infrastructure, policymakers should consider
building shared national or regional Al infrastructure that hospitals can access without
maintaining costly on-site computing systems. Cloud based tools, centralized data
storage, and standardized model updates can reduce operational burdens and allow
resource limited hospitals to benefit from high quality Al systems. Also, improving
digital and internet infrastructure in provincial hospitals is essential for ensuring that
medical Al tools function reliably. Policymakers should prioritize bandwidth upgrades,
expand internet coverage through collaboration with telecommunications providers, and
support hybrid cloud systems that can operate under unstable connectivity conditions.
Strengthening these foundational elements will allow provincial facilities to integrate Al

more effectively and equitably.

Fourth, targeted funding schemes are needed to support provincial hospitals
where financial constraints often limit access to advanced technologies. Policymakers
can allocate dedicated resources for Al related equipment, network upgrades, and cloud
access, while also encouraging public and private partnerships to expand financial
support for underserved regions. In Vietnam, such schemes are particularly important
because provincial and district hospitals often operate with limited budgets and outdated
infrastructure, making it difficult for them to participate in digital transformation
initiatives. A structured funding mechanism could prioritise hospitals that serve large
rural populations, cover essential costs such as hardware procurement, data storage
solutions, and secure connectivity, and provide subsidies for staff training on Al
supported workflows. Additionally, policymakers could introduce incentive programs
for technology firms to collaborate with provincial hospitals through discounted
licensing, co investment models, or corporate social responsibility projects aimed at
enhancing rural healthcare capacity. International development partners and donor
organisations may also be mobilised to support Al readiness activities, especially in
regions with significant health disparities. By directing financial resources toward these
specific needs, policymakers can help ensure that the benefits of medical Al extend
beyond major urban centres and contribute to a more equitable and efficient healthcare

system nationwide.

Last, tiered training programs should be implemented to address the variation in
medical and IT competencies among healthcare workers, particularly in provincial
areas. Training initiatives should include basic digital literacy, foundational Al literacy,
and practical guidance on interpreting Al output. A structured and continuous training

approach can strengthen readiness and improve the quality of Al supported care.
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These policy recommendations are aligned with the Party and State’s strategic
orientations on national digital transformation and the application of advanced
technologies in healthcare, as articulated in Resolution No. 52-NQ/TW (2019) on
proactive participation in the Fourth Industrial Revolution, Decision No. 749/QD-TTg
2020 on the National Digital Transformation Program to 2025 with orientation toward
2030 (The Prime Minister, 2020), and the Health Sector Digital Transformation Program
(Ministry of Health of Vietnam, 2019). In addition, they are consistent with the
Government’s scheme on developing the application of data on population,
identification, electronic authentication data for national digital transformation, as
reflected in Decision No. 06/QD-TTg, 2022 (The Prime Minister, 2022) and the ongoing
National Telemedicine Program of the Ministry of Health. The emphasis on phased
adoption, human-centered and physician-led Al deployment, infrastructure investment,
and workforce capacity building reflects the State’s objective of promoting innovation

while ensuring safety, equity, and public trust in healthcare services.
4.4. Limitations and future research directions

Despite important theoretical and practical insights into consumer adoption of Al
Medical Decision Support Systems (AIMDSS) in Vietnam, this dissertation is subject to
some limitations. First, the demographic composition of both the focus group
participants and the survey sample is skewed toward younger individuals, which may
limit the generalizability of the findings to older healthcare consumers who typically
have more frequent and complex interactions with medical services. Additionally, the
uneven proportion of online and offline survey responses represents a potential
limitation, as it may have subtly influenced the sample composition by favoring
respondents who are more familiar with digital platforms. Consequently, the
generalizability of the findings to older or less digitally fluent populations is limited to
some extent. Future research should aim to recruit more demographically representative
samples across age, digital literacy, and health status to validate the current findings and

explore generational differences in reasoning and adoption behavior.

Second, the study was conducted exclusively within the Vietnamese context, a
transitional, developing economy with unique socio-cultural, economic, and healthcare
system characteristics. Although Vietnam provides a valuable context for examining
early-stage medical Al adoption, particularly in public health systems with limited
digital maturity, the findings may not generalize to other developing countries with

different institutional structures or to developed countries where medical Al is more
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advanced and healthcare infrastructure is more digitized. Future cross-national
comparative studies, particularly those examining adoption in similar Southeast Asian
contexts or in advanced economies, could help validate the model and identify context-
specific moderating factors such as regulatory environments, digital infrastructure, or

cultural values regarding human—AI interaction.

Third, this dissertation has focused on anthropocentrism in relation to AIMDSS,
which represents an assistive form of medical Al. The influence of anthropocentrism on
consumers’ intention to adopt other categories of medical Al, especially those with
anthropomorphic attributes, may differ considerably. This distinction is increasingly
relevant as Al technologies evolve from supportive to semi-autonomous and
autonomous systems, which may provoke fundamentally different consumer beliefs,
threats, and ethical concerns. Future research could expand the model by comparing
adoption drivers and resistance factors across assistive versus replacement Al
systems in healthcare. For instance, researchers could examine whether
anthropocentric beliefs or perceived threats exert stronger deterrent effects in the
context of human-replacing Al, and whether trust and techno-optimism retain their

predictive power under such conditions.

Also, future research could explore longitudinal designs to assess how
reasoning processes and adoption intentions evolve as consumers become more
familiar with AIMDSS in real clinical settings. Furthermore, integrating affective
or emotional responses (e.g., anxiety, awe, or perceived moral discomfort) into the
reasoning framework may provide a deeper understanding of the psychological
processes underlying consumer judgments, particularly when the technology
challenges core aspects of identity or human roles. Lastly, given the growing use of
generative Al in patient-facing tools such as chatbots and symptom checkers,
researchers could investigate how reasoning patterns differ across various Al
applications, ranging from diagnostic support to patient engagement platforms,
thereby offering a more comprehensive picture of consumer attitudes toward the Al-

powered transformation of healthcare.
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SUMMARY OF CHAPTER 4

In Chapter 4, the author offers an in-depth interpretation of the study’s empirical
results, extending the analyses introduced in Chapter 3. This chapter discusses the
theoretical and practical implications of the findings, contextualizing them within the
existing body of literature discussed earlier in the dissertation. By systematically linking
the results to prior research, the author highlights how the current study advances
understanding, particularly in the domain of Al adoption in healthcare by providing
novel insights and addressing previously unexplored dimensions. The chapter also
underscores the study’s unique contributions to the emerging field of medical Al
adoption, both in theoretical enrichment and in applied relevance. Furthermore, it
revisits the research objectives and questions outlined at the outset, demonstrating how
the findings respond to these aims and contribute to a clearer, more comprehensive
understanding of consumer behavior toward Al technologies in healthcare. Through this
integrated discussion, the chapter consolidates the study’s overall contribution and its

value for academic and policy-oriented discourse.
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CONCLUSION

Understanding consumer adoption of medical Al is particularly critical in
transitional economies such as Vietnam, where digital healthcare is still in the nascent
stage. This dissertation applies Behavioral Reasoning Theory to explore how diverse
belief systems shape intentions to adopt AIMDSS. The Vietnamese cultural context,
characterized by the coexistence of dual self-concepts, increasing digital literacy, and
growing healthcare demands, offers a compelling backdrop for investigating both
supportive and resistant psychological mechanisms. The findings reveal that reasons for
adoption, such as initial trust, modern self-concept, and personal innovativeness in
health technology, significantly promote positive attitudes and strengthen intention to
adopt. In contrast, reasons against, particularly rooted in perceived threats and
traditional self-orientations, act as barriers to favorable attitude formation. The central
role of attitude as a mediating global motive highlights its importance in translating
belief structures into behavioral intention. These results underscore the need to account
for the psychological tension between progressive and conservative belief systems in

technology acceptance research.

This dissertation contributes to the literature by extending BRT to the emerging
domain of medical Al, offering a belief-based perspective that unpacks the coexistence
of facilitating and inhibiting forces in consumer reasoning. The dual role of belief
constructs such as techno-optimism and anthropocentrism, acting as antecedents to both
“reason for” and “reason against” dimensions, illustrates the complexity of adoption
behavior in morally and technologically sensitive domains. From a practical standpoint,
the findings emphasize the importance of trust-building, personalization, and belief
alignment in promoting the use of Al in healthcare settings. For healthcare providers,
policymakers, and technology developers, particularly in emerging markets, these
insights suggest that promoting Al adoption requires more than showcasing functional
benefits. It also involves addressing concerns about cultural identity and ethical
apprehensions. Future research could build on this foundation by exploring cross-
cultural comparisons, longitudinal shifts in reasoning patterns, or the role of generative

Al tools in influencing trust and personalization in digital healthcare ecosystems.
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APPENDICES

Appendix 1: Interview guide for the semi-structured interview

Topic: Determinants of intention to use artificial intelligence in healthcare: an

empirical study in Vietham

1.

Record the participant’s name, assign a coded identifier, note the interview time,
and confirm the participant’s informed consent to take part in the interview.
Before starting the interview, introduce yourself and thank the participant for

their time and participation.

. Introduce the study, its objectives, and the concept of artificial intelligence in

healthcare, including several illustrative examples of Al applications in
healthcare; emphasize the voluntary nature of participation and the participant’s
right to answer or decline to answer any question or to stop the interview at any
time; and emphasize the confidentiality and anonymity of all information
provided.

Request permission to audio-record the interview; if permission is not granted,
take written notes instead.

Inform the participant of the expected duration of the interview.

Ask for permission to begin the interview and to proceed with audio recording

and note-taking.

Section A: Study Information

Objective 1: To explore the current state of artificial intelligence adoption in

healthcare in Vietnam.

Objective 2: To explore consumers’ perceptions, beliefs, and factors influencing

their intention to adopt artificial intelligence in healthcare.

Section B: Interview Questions

Target informants: Doctors

Objective 1: To explore the current state of artificial intelligence adoption in

healthcare in Vietnam

Could you briefly introduce your current professional role and responsibilities?

Have you had any direct or indirect experience with Al applications in
healthcare? If so, could you describe one or more specific examples and share

your impressions or experiences with them?
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How do you assess the current application of Al in healthcare? From the
perspective of a medical professional, could you share your views, expectations,
or concerns regarding the implementation of Al in clinical practice?

How do you evaluate the current level of Al adoption in the healthcare sector in

Vietnam?

Based on your observations, in which types of healthcare facilities are Al
applications mainly being implemented (e.g., public vs. private hospitals, central-
level vs. provincial-level institutions), and at which stages of the care process
(e.g., screening, diagnosis, or treatment)?

In your opinion, what specific benefits and potential risks may arise from the
application of Al in healthcare?

In your view, what advantages does the adoption of Al in healthcare currently

bring in Vietnam, and what difficulties or challenges does it face?

Objective 2: To explore consumers’ perceptions, beliefs, and factors influencing

their intention to adopt Al in healthcare from the perspective of key stakeholders

Do you believe that the role of physicians in the healthcare system should always

remain central, even when Al can support or replace certain tasks? Why or why not?

In your opinion, should AI primarily serve as a decision-support tool for
physicians, or 1in certain situations be able to provide independent
recommendations without direct human supervision? How does this view affect

the physician—patient relationship?

Based on your interactions with patients, how do you perceive patients’ attitudes

and reactions toward healthcare services that involve AI?

In your opinion, do patients feel comfortable with Al participating in or replacing

certain aspects of their healthcare process? Why do you think so?

Target informants: Policymakers

Objective 1: To explore the current state of artificial intelligence adoption in

healthcare in Vietnam

Could you briefly introduce your current position and professional

responsibilities?

From the perspective of a health policymaker, how do you assess the role and

potential of Al in the current healthcare system?
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In your view, what benefits could the application of Al in healthcare bring to the
healthcare system and to patients, and what risks or challenges does it pose that

need to be managed at the policy level?

How would you characterize the current situation and level of implementation of

Al-based healthcare applications in Vietnam’s healthcare sector?

According to your assessment, in which types of healthcare institutions are Al
applications currently being implemented (e.g., public vs. private hospitals,
central-level vs. provincial-level facilities), and at which stages of the healthcare

process (e.g., screening, diagnosis, or treatment)?

From a policy perspective, what do you consider to be the main facilitating
factors and barriers to the implementation of Al in healthcare in Vietnam? In
addition, how do you evaluate the existing legal and policy frameworks
governing the use of Al in healthcare?

Objective 2: To explore consumers’ perceptions, beliefs, and factors influencing

their intention to adopt Al in healthcare from the perspective of key stakeholders

Do you believe that the role of physicians in the healthcare system should always
remain central, even when Al can support or replace certain tasks? Why or why

not?

In your opinion, should Al in healthcare primarily function as a decision-support
tool for physicians, or in some cases be allowed to make independent decisions
without human supervision? Does this have any implications for the physician—

patient relationship? Does it pose any potential risks to patients?

Target informants: Medical Al developer/ distributor

Objective 1: To explore the current state of artificial intelligence adoption in

healthcare in Vietnam

Could you briefly introduce your current role and professional responsibilities?

From your perspective as a leader in a healthcare technology company, how do

you assess the current application of Al in the healthcare sector?

In your opinion, what core benefits does the adoption of Al in healthcare offer,
and what key risks or challenges does it pose for service users and other
stakeholders?
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How would you characterize the current state and level of AI implementation in

medical examination and treatment in Vietnam?

Based on your experience, in which types of healthcare facilities are Al-based
solutions mainly being implemented (e.g., public vs. private hospitals, central-
level vs. provincial-level institutions), and at which stages of the healthcare

process (e.g., screening, diagnosis, or treatment)?

How do you evaluate the facilitators and barriers to the implementation and
scaling up of healthcare Al solutions in Vietnam, particularly from the consumer

perspective?

Objective 2: To explore consumers’ perceptions, beliefs, and factors influencing

their intention to adopt Al in healthcare from the perspective of key stakeholders

Based on your observations, what specific factors influence Vietnamese

consumers’ intention to use Al-based healthcare services?

Do you believe that the role of physicians will change as Al becomes capable of

supporting or replacing certain medical tasks? Why or why not?

In your view, should AI in healthcare primarily serve as a decision-support tool
for physicians, or in some cases be able to make independent decisions without
direct physician supervision? How might this affect the physician—patient

relationship?

If you were a consumer, would you feel comfortable with Al being involved in
your medical examination or treatment, for example in complex or life-critical

decisions? Why or why not?

Do you believe that physicians possess unique qualities that cannot be replaced

by machines or technology? Why or why not?

Target Informants: Consumers

Objective 1: To explore the current state of artificial intelligence adoption in

healthcare in Vietnam

Could you briefly introduce your current occupation or work situation?

When you hear about the use of Al in healthcare, what thoughts or feelings

usually come to your mind?

In your opinion, what benefits could the use of Al in medical examination and

treatment bring to patients, and what risks or concerns do you have?
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Based on your knowledge or personal experience, are Al applications in
healthcare currently common in Vietnam? In which types of healthcare facilities
do you usually hear about or observe Al being used (e.g., public vs. private
hospitals, central-level vs. provincial-level hospitals)? At which stages of the care
process is Al most often applied, such as screening, diagnosis, or treatment

monitoring?

As a healthcare service consumer, what advantages and difficulties do you

perceive in the current application of Al in healthcare in Vietnam?

Objective 2: To explore consumers’ perceptions, beliefs, and factors influencing

their intention to adopt Al in healthcare from the perspective of key stakeholders

Would you be willing to use Al-based healthcare services when seeking medical

care? Why or why not?

In your view, does the role of physicians change as Al is increasingly used to

support or replace certain tasks in medical care? Why?

Do you think AI in healthcare should primarily support physicians, or in some
cases be able to make independent decisions without physician supervision?
Why?

Would you feel comfortable with Al being involved in your medical examination

or treatment, for example in complex or life-critical decisions? Why?

Do you believe that physicians possess unique qualities that cannot be replaced

by machines or technology? If so, what are those qualities?

Do you think there are aspects of healthcare that physicians will always perform
better than technology, regardless of technological advancements? If so, what

aspects are they?

When faced with conflicting recommendations from a physician and an Al

system, whom would you trust more? Why?
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Appendix 2: Focus group guide

Topic: Determinants of intention to use artificial intelligence in healthcare: an

empirical study in Vietnham

Objective: To explore consumers’ perceptions, beliefs, and the reasons for and
reasons against adopting artificial intelligence in healthcare from the consumer

perspective.

A. Initial Awareness and Familiarity
Main questions
» Have you ever heard of or learned about artificial intelligence (Al) in the
healthcare sector?
e In your opinion, how familiar are consumers, especially young people, with Al
in healthcare today?
Moderator probes (if needed)
e Where did you hear about Al in healthcare (e.g., media, hospitals, social
networks, personal experience)?
e Can you give an example of an Al application you have heard about?
B. General Evaluations of Al in Healthcare
e In your opinion, what benefits can Al bring to healthcare services compared
with physicians?
e What are your thoughts and feelings about the use of Al in healthcare?
Moderator probes (if needed)
e Do these thoughts feel more positive or negative overall?
o What experiences or information shaped these feelings?
C. Reasons for adopting Al in healthcare
e In which specific situations would you feel comfortable using AI? Why?
 How do you evaluate the diagnostic accuracy of Al compared with physicians?
o In your own healthcare experience, to what extent would you like Al to be
involved?
Moderator probes (if needed)
e Would this apply to screening, diagnosis, treatment support, or follow-up care?
» Does your comfort depend on the severity of the illness or the complexity of the
decision?
D. Reasons for not adopting medical Al

» In which specific situations would you feel uncomfortable using AI? Why?
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What do you think about the possibility of Al making errors during the
diagnostic process?

Do you have any concerns or apprehensions about using Al in healthcare?
Why?

E. Trust Formation and Decision Logic

What information would you need in order to trust healthcare services provided
by AI?

If you had the opportunity to experience healthcare services that apply Al, do
you think you would feel satisfied with and trust such services?

F. The role of physicans

Do you think the role of human physicians in healthcare services will change
with the emergence of Al in healthcare? If so, why?

Would you be willing to accept Al directly participating in medical
examinations or supporting the treatment process? Why?

Do you think AI can replace human physicians in certain roles? Why?
Moderator probes (if needed)

Which aspects of healthcare should always involve human physicians?

Are there roles where Al could fully replace humans, or should it always remain

supportive?
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Appendix 3: Survey questionnaire
PHIEU CAU HOI

S6 phiéu:
Khdo sdt nay huéng t&i tim hiéu cdc nhdn té anh hwong t6i ¥ dinh ciia ngueoi tiéu ding
chdp nhdn sir dung hé thdng hd tro quyét dinh y khoa véi su hd trg ciia AI khi tham gia
kham chira bénh tai cdc co s y té. Nhitng ¥ kién ctia Anh/ Chi gép phan tao nén su
thanh cong cua dé tai. Cac thong tin c4 nhan s& dugc giir bi mat.
Khao sat dy kién mét 7-10 phit dé hoan thanh, mong anh/chi kién nhan va doc ki cau
hoi khi tra 10i.
Dinh nghia va minh hoa vé hé thdng dugc cung cip bén dudi dé gitp anh/ chi hiéu duoc
0 hon.
Xin chan thanh cdm on déng gép cua Anh/ Chi!
Cac dinh nghia lién quan
Tri tué nhan tao (AI): viéc st dung cdc hé thong mdy tinh dé mé phong nhiing ning
luc von ¢6 cua con nguoi, nhu thyc hién céc cong viéc thé chét hodc co hoc, tu duy va
cam nhan.
H¢ thong hd tro quyét dinh y khoa c6 AI: 1a cdc (mg dung mdy tinh duoc thiét ké dé
gitip cdc bdc si 1am sang dua ra quyét dinh chan doan va diéu tri... Trong céc hé thong
do AI diéu khién, mdy hoc va cdc k¥ thuat Al khic dugc sir dung dé xir 1y luong 16n dir
liéu 14m sang, xdc dinh cdc md hinh va cung cip thong tin chi tiét hd trg viée ra quyét
dinh cu thé cho tung bénh nhan.
Minh hoa 1: H¢ thong AI hd tro chan dodn ton thwong trong ndi soi
Trong qué trinh ngi soi, bac si theo ddoi man hinh c6 tich hgp Al Hé théng s€ tu dong
khoanh viing céc viing nghi ngd ton thuong va dua ra dé xuat nham hd trg bac si trong

qua trinh chan doén.
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Minh hoa 2: Hé thong hd tro quyét dinh y khoa c6 AI trong chin doan va diéu tri
ung thw

IBM Watson for Oncology 1a mot hé théng tri tué nhan tao dugc phat trién dé hd tro bac
sT trong viéc chan dodn va diéu tri ung thu. Duya trén dir liéu y khoa khong 16 va hudng
dan diéu tri tir cdc chuyén gia, hé théng dua ra cic phuong an diéu tri dugc cd nhan héa
cho tirng bénh nhan. Cong cy nay gidp rit ngin thoi gian ra quyét dinh va nang cao do

chinh xdc trong 1am sang.

L
E
o~
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Minh hoa 3: Hé thong hd tro quyét dinh y khoa c6 AI trong Chéan doan hinh idnh

DrAid 12 nén tang trf tué nhan tao do VinBrain phat trién nham hd trg bac si trong chan
dodn hinh anh y khoa. Hé thong c6 thé phét hién va phén tich hang loat bat thudng trén
phim X-quang, CT, MRI vé6i d6 chinh x4c cao.

V6i link online: mét video dugc nhing dé thay thé anh & phién ban phiéu khao sit ban in.

Anh/ Chi da doc hiéu cdc thong tin trén va dong ¥ tham gia khao sat nay

O Bong ¥
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Phén I: Xin anh/ chi hiy thé hién mic do dong ¥ v6i nhirng quan diém/ tuyén
b6 sau vé hé thong hd tro quyét dinh y khoa sir dung AI khi di kham chira bénh
(VD: hé thong chin dodn hinh dnh sir dung AI)

Rat A . Rat
R Khong | Binh ;
khong Y, . Dong y | dong
~__, | dongy | thwong .
dong y y

. Heé théng hd tro quyét dinh y khoa
st dung Al dugc tao ra nham hd B Ll2 I3 [ Ja (s
trg nguoi bénh

. C6 thé yén tim dya vao hé thong
hd trg quyét dinh y khoa str dung L1 L2 13 P (s
Al

. Heé théng hd tro quyét dinh y khoa ap s s Oa s
st dung Al dam bdo an toan

. Hé thdng hd trg quyét dinh y khoa 4 (o (s 7 s
su dung Al la dang tin cay

. Theo t01, chép nhan st dung hé
théng hd trg quyét dinh y khoa c6
Al khi di khdm, chira bénh la lya

chon ding din

(4 ) (I3 P [1s

. Theo t01, chép nhan st dung hé
théng hd trg quyét dinh y khoa c6
Al khi di kham, chira bénh mang
lai nhiéu loi ich

(4 ) (I3 P [1s

. Theo toi, chap nhan st dung hé
th(’)ng.hé. trg quyét dinh y khoa c6 O, - s . []s
Al khi di kham, chita bénh la lya
chon khon ngoan

. Theo t61, khong nén st dung hé s
théng hd trg quyét dinh y khoa c6 L1 ]2 (13 Iy
Al khi di kham, chira bénh

. Nguoi than va gia dinh t6i s€ tan Cls
thanh viéc toi chip nhan sir dung (11 (> | Oz | a4
hé théng hd tro quyét dinh y khoa
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c6 Al khi di kham, chira bénh

10. Nhirng nguodi quan trong voi toi
ting ho toi st dung hé théng hd tro
quyét dinh y khoa c6 Al khi di
kham, chira bénh

R

L2

[ ]3

11.Ban be va dong nghiép cia tdi
ting ho sir dung hé thong hd trg
quyét dinh y khoa c6 Al khi di
kham, chira bénh

R

L2

[ ]3

12. Nhin chung, nhitng nguoi quan
trong voi toi s& tng hd viéc chip
nhan st dung hé théng chan doédn
hinh anh c6 Al trg gitp khi di
kham, chita bénh

L1

(13

13.Ciing khong d& dé tiép can hé
théng hd trg quyét dinh y khoa c6
Al khi di khdm, chira bénh & co
Oy té

L1

(13

14. Vi t61, viéc su dung hé théng hd
trg quyét dinh y khoa c6 Al khi di
khdm, chira bénh 1a kha thi

L1

(13

15.Néu mudn, viéc sir dung hé théng
hd trg quyét dinh y khoa c6 Al khi
di khdm, chita bénh & co s y té 12
trong kha nang cua t61 (kha nang
chi tra, tiép can...)

L1

(13

16.T6i thay khong gap khé khan gi
néu mudn s dung hé théng ho tro
quyét dinh y khoa c6 Al khi di
kham, chita bénh & co s6' y té.

R

L2

[]3
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Phén II: Y dinh chip nhén hé thong hd trg quyét dinh y khoa cé sir dung AI
Xin vui 1ong thé hién muic d6 dong ¥ voi nhirng tuyén bd sau. Néu hé thong hé tro quyét
dinh y khoa ¢6 Al ¢6 & co s6'y té ma anh/ chi di khdm chita bénh:

Rit

khong | Khong | Binh | Dong |
P Ao \ , dong
dong | dongy | thwong j
d y

y

1. Tbi s& chap nhn sir dung hé thong hd
trg quyét dinh y khoa c6 Al khi di L4 Hp) L3 iy s
kham chira bénh

2. Téic6 y dinh chap nhan sir dung hé
thdng hd trg quyét dinh y khoa c6 Al L4 Hp) L3 iy s
khi di kham chita bénh

3. Trong lan di khdm chita bénh sap t6i,
t6i ¢6 y dinh s& sir dung hé théng hd mf B! 3 s | Os
trg quyét dinh y khoa c6 Al

4. Trong tuong lai, khi di khdm chira
bénh t6i s& sir dung hé thong hd tro [ (s BE s | Os
quyét dinh y khoa c¢6 Al
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Phan III: Quan niém vé cong nghé, con ngwoi va vé ban than

Xin anh/ chi vui 1ong thé hién muc d6 dong ¥ véi nhirng tuyén bd sau:

dang gay ra nhi€u mat vi¢c lam hon

RAt A
. . . N Rat
khong | Khong | Binh | Pong |
P A \ , dong
dong | dongy | thwong | vy .
4 y
y
. Céc cong nghé moi gép phan ning cao
z X g; A’gpp s T P 3 g | s
chat lugng cudc song
. Cong ngh¢ gitp moi viéc hi¢u qua hon
g gA.gXP o1 viee g q al O, P ay Os
trong cudc song hang ngay
. Téi thich sir dung cac cong nghé tién
g x ,/g B hEns [h 12 3 g | Us
tién nhat hién co
. T6i thay thuan tién hon nhiéu khi sir
dung cic san pham/dich vu c6 tng L4 Hp) L3 iy s
dung cdng nghé méi nhét
. Cong ngh¢ mo1 cho phép toi tuy chinh
moi thir && phit hop véi nhu cau cta L4 Hp) L3 iy s
riéng toi
. Con ngudi 12 mit xich cudi cuing trong
ud trinh tién héa clia ty nhién & theo
1 a1 ecar q Lh p) [3 g | [s
quan diém ton gido, la “dinh cao cta
tao hoa”
. Con ngudi 1a mot sinh vat doc nhét,
. .g e ae e . Lh Hp) L3 La | Us
mot sinh vat dac biét trong Vi tru nay
. Chi ¢6 con ngudi méi c6 thé hiéu biét
thé gidi mot cach khach quan, nhu né L4 Hp) L3 14 s
vén ¢6
. Lot ich cua con ngudi quan trong hon
.koA%.qA\'g, L Hp) [13 14 s
nhu cau cua bat ky sinh vat nao khac
10. Viéc st dung Al ngay cang tang trong
cudc sdng hang ngdy cia ching ta Lh Hp) L3 e | Us
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Rit .
. . . N Rat
khong | Khong | Binh | Dong |
P A4 \ , dong
dong | dongy | thwong | y j
, y
y
cho con nguoi
11. Vé 1au dai, Al gdy ra mdi de doa truc
tiép dén su an toan va hanh phic cta L4 Hp) L3 P s
con nguoi
12.Nhing tién bo gan day trong cong
nghé Al dang thach thirc ban chét cila 1y Hp) [13 4 s
con nguoi
13.Nhing tién bo cong nghé trong linh
vuc Al dang de doa dén tinh doc ddo L Hp) (3 iy s
cuia con nguoi
14.Tbi ludn cb gang hudng tdi mot cude
o UOReO BB ANANE IAAMELENEe \ 0 | Oy | Os | De | Os
song tiet kieém
15.T6i thay can phai than trong khi mua
o p 7 ';'g,. a 12 ! (g | s
va st dung ciac san pham maoi
16.Tdi thich st dung cdc san pham va
: . A o L 1> BE g | Us
dich vu mang tinh truyén thong
17.D6i véi toi, didu quan trong 13 phai tén
trong ¥ kién ctia ngudi khic vé ban h Hp) L3 iy s
than minh
18.Ddi v6i toi, didu quan trong 13 phai
tuan thu va bao ton céc gid tri truyén h Hp) L3 iy s
thdng trong cdc mdi quan hé xa hoi
19.T6i thich nhitng ngudi dn mac hién dai
C s Lh p) K g | Us
va thoi trang.
20.Tbi nghi diéu quan trong 12 biét tin
. A A h P L3 4 (s
hudng cudc song
21.Téi thich 16i sdng hién dai [ (s BE s | Os
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R4t

R . . | Rat
khong | Khong | Binh | Dong |
P A4 \ , dong
dong | dongy | thwong | y j
, y
y
22.Toi thich thir cac san phém va dich vu
.. B P L3 14 s
mai
23.Tbi nghi rang nhitng thay dbi s& tao
thém htng thi cho cudc sdng cia moi h Hp) HE] L4 s
nguoi
24.Néu t6i nghe n6i vé mot cong nghé
stc khoe mai, toi s& tim cdch dé trai L WP 3 iy s
nghiém no.
25.Trong sd nhitng ngudi ban cia toi, toi
thudng 12 ngudi du tién trai nghiém h Hp) HE] iy s
cac cong nghé¢ strc khoe mai.
26.Toi thich trai nghiém cic cong ngh¢
Lh P} L3 g | Us

strc khde moi.

191




Phan IV: Théong tin c4 nhan

1. Xin anh /chi vui 1ong cho biét

hoc van cua anh/ chi:

] 11 Nam Ll N
€161 tinh cua anh/chi:
2. Xin vui 1ong cho biét tudi cua
anh /chi :
3. Xin vui long cho biét trinh 40 | (1, Hoc PTTH 12 Tét nghiép
PTTH

(13 T6t nghiép dai hoc/cao dang
(4 Béng sau dai hoc (ThS/TS)

4. Xin vui 1ong cho biét nghé
nghiép cta anh/ chi thudc

nhom:

5. Xin vui 1ong cho biét ton gido

cua anh/ chi

11 Sinh vién
"] Céan bd quan ly/Chu don vi kinh doanh
J3 Nhan vién marketing/sales

"J4 Nhén vién van phong

11 Khong 12 Phat gido

13 Kito gido [14 Khéc (xin néu rd):...

6. Xin vui 1ong cho biét thu nhap
trung binh hang thang caa CA
NHAN anh/ chi?

1 <5 triéu dong

(1o Tir 5 triéu dong dén 10 triéu dong
(13 Tir 10 triéu déng dén 15 triéu dong
4 Tur 15 triéu dong dén 20 triéu dong
[Js Tir 20 triéu dong dén 25 triéu dong
[l Trén 25 triéu dong

7. Xin vui 1ong cho biét thu nhap
trung binh hang thang cua
GIA PINH anh/ chi?

11 Duéi 10 triéu dong

[, Tir 10 triéu déng dén 20 triéu dong
(13 Tir 20 triéu déng dén 30 triéu dong
(14 Tur 30 triéu dong dén 40 triéu dong
[Js Tir 40 triéu dong dén 50 triéu dong

[l Trén 50 triéu dong
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Pé giip cho cong viéc nghién ciru thudn loi hon, xin anh/ chi cho biét tén va dia chi

lién he:

XIN TRAN TRONG CAM ON ANH/ CHI PA DANH THOI GIAN HOAN
THANH KHAO SAT!
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Appendix 4:

Informants overview

ID Types Industry Positions Background
A leading expert in the
field of gastroenterology
in Vietnam. VP of the
Vietnam
Professor, Head of
A | Doctor Healthcare o Gastroenterology
a medical institute ..
Association.
Member of a national-
level research project on
medical Al development
A reputable expert in the
field of gastroenterology
Associate in Vietnam and Asia.
Professor, Head of | Lead researcher of a
B | Doctor Healthcare Endoscopy Center | national-level research
of Hanoi Medical | project on medical Al
University Hospital | development; Jointly
developed several
medical Al products
Senior medical Senior medical 1ma.g1ng
C Doctor Healthcare doctor in Medical doctors. Had experience
. with medical Al
Imaging
Head of Medical Imaging
Associate Department at Hanoi
Professor, Head of | Medical University
D | Doctor Healthcare . ) .
Medical Imaging Hospital; Co-developed
Department several Al products in
medical imaging
. Head of Medical Imaging
PhD, Vice Head of )
. ) Department at Hanoi
E | Doctor Healthcare Medical Imaging ) ) )
Medical University
Department ]
Hospital; Co-developed
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ID Types Industry Positions Background
several Al products in
medical imaging

F Doctor Healthcare Senior medical Senior endoscopist
doctor in
Endoscopy
G Doctor Healthcare Senior medical Senior endoscopist
doctor in
Endoscopy, Head
of the Endoscopy
department
H Doctor Healthcare Experienced Experienced endoscopist;
medical doctor in Member of a few research
endoscopy projects on medical Al
development
I Doctor Healthcare Junior medical Junior endoscopist
doctor in
endoscopy
J Doctor Healthcare Senior medical Experienced endoscopist;
doctor in Member of a few research
Endoscopy projects on medical Al
development
K Policymaker | Government Government Government official at
official the Ministry of Health of
Vietnam
L Policymaker | Government Government Government official,
official, Head of a | Director of the
department at the Department of Science,
Ministry of Health | Technology, and
Education at the Ministry
of Health of Vietnam
M Industry Medical VP/ Entrepreneur Founder of a leading
Technology Vietnamese medical

technology startup in

Vietnam; Vice President
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ID Types Industry Positions Background
of a global giant
technology company

N Industry Healthcare Founder/ Medical | Founder; Medical
Supplier Supplier
0] Consumer Marketing Head of Marketing | 40 years old tech
department enthusiast consumer
P Consumer | Office Legal Staff 27 years old tech
enthusiast consumer
Q Consumer | Government Diplomatic officer | 28 years old tech

enthusiast consumer
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