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Abstract
Background: Artificial intelligence (AI) in the domain of health care is increasing in prominence. Acceptance is an indispen-
sable prerequisite for the widespread implementation of AI.
Objective: This study aimed to explore barriers and facilitators influencing patients’ acceptance of AI.
Methods: We conducted a systematic review following PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines. Nine databases, including PubMed, Web of Science, and Embase, were comprehensively searched
from inception to December 23, 2025. We included qualitative, quantitative, and mixed methods studies investigating adult
patients’ attitudes toward medical AI. Two researchers independently screened records, extracted data, and appraised meth-
odological quality using the Mixed Methods Appraisal Tool. Following the Joanna Briggs Institute convergent integrated
approach, data synthesis was guided by integrating the Unified Theory of Acceptance and Use of Technology 2 (UTAUT2)
and the Theoretical Domains Framework (TDF). Factors were mapped to behavior change techniques (BCTs) and evaluated
for practical feasibility using the Affordability, Practicability, Effectiveness and cost-effectiveness, Acceptability, Side-effects/
safety, and Equity criteria.
Results: A total of 61 studies met the inclusion criteria out of 7452 search results. Study designs included qualitative
(n=20), quantitative (n=35), and mixed methods (n=6). Performance and effort expectancies were the primary determinants
of acceptance. Major barriers comprised perceived operational complexity, lack of algorithmic trust, reduced interpersonal
interaction, privacy vulnerabilities, and high costs. Facilitators included transparent data governance, interpretability of
AI decisions, improved clinician-patient communication, and human-centered design. Education level and disease severity
emerged as key moderating variables. Through UTAUT2-TDF mapping, we identified 25 distinct BCTs (6 high, 14 medium,
and 5 low feasibility) and formulated 40 actionable intervention strategies.
Conclusions: This study innovatively integrates the UTAUT2 and TDF frameworks to evaluate patient acceptance of medical
AI. Unlike existing reviews that predominantly evaluate isolated psychosocial factors or purely technical attributes, this
transtheoretical approach differentiates itself by merging technology adoption mechanisms directly with behavioral drivers.
Consequently, it contributes to the field by systematically identifying multilevel factors influencing acceptance, including
performance expectancy, effort expectancy, and ethical security, and translating these into 40 actionable BCTs. In real-world
clinical practice, these findings provide a feasible, prioritized blueprint for clinicians and administrators to design patient-cen-
tered interventions, enhancing the clinical integration and long-term effectiveness of medical AI.
Trial Registration: PROSPERO CRD42024598884; https://www.crd.york.ac.uk/PROSPERO/view/CRD42024598884
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Introduction
Artificial intelligence (AI) is a transformative technology
that integrates machine learning and deep learning, dem-
onstrating vast potential across various medical and sci-
entific fields [1]. AI in medicine relies on technologies
such as machine learning and natural language process-
ing to transform medical imaging analysis, clinical deci-
sion support, and personalized treatment planning, thereby
enhancing diagnostic accuracy, efficiency, and patient
outcomes [2,3]. By enhancing diagnostic efficiency and
accuracy through intelligent medical image analysis, early
disease risk prediction, and personalized treatment planning,
AI has significantly improved patient outcomes and health
care experiences [1]. AI has been integrated into the health
care sector to offer effective, clinically relevant solutions for
patients and medical professionals. An expanding body of
literature has demonstrated that AI-based interventions can
equal or even surpass physician expertise [4].

Nevertheless, its adoption on a broader scale remains
limited. Ethical concerns, standardization gaps, and ambigu-
ous legal responsibilities are among the challenges hinder-
ing the widespread implementation of AI in health care
today. According to Rogers’ Diffusion of Innovations theory,
user acceptance is pivotal in determining the adoption rate
of new technologies [5]. In technological contexts, accept-
ance is characterized as the readiness, purpose, and intrin-
sic motivation to use a technology, stemming from positive
attitudes toward the system [6]. The acceptance of AI
systems follows a similar dynamic to other new tools,
but the unpredictable management of complex scenarios
and expectations for human-like interactions often amplify
resistance. Accepting change is a complex process, as humans
are often averse to altering the familiar status quo in favor of
comfort. Yet, for enhancing patient outcomes and experiences
throughout the health care journey in the long term, accept-
ance remains a crucial factor in adopting and integrating
newly introduced innovations such as AI into daily practice
[7]. Understanding patient acceptance is crucial for improving
AI adoption, informing health care policy, and building a
more robust and equitable health care system [8].

With the advancement of medical AI, its implementa-
tion in clinical practice has evoked complex attitudes and
feelings among patients [9,10]. Therefore, many scholars
have investigated the willingness to adopt such technology
among different patient groups, aiming to identify relevant
barriers and facilitating factors. Alsanosi et al [11] used
questionnaire surveys to explore the awareness, attitudes,
and behaviors toward AI among specific patient populations,
finding that education level, age, and self-efficacy posi-
tively influenced their willingness to use it. Gundlack et al
[12] conducted in-depth interviews through a semistructured
approach with a subset of patients, revealing that patients
were most concerned with whether AI could reduce medical
costs, shorten waiting times, and accelerate the diagnostic
and treatment process. Ensuring transparency in the devel-
opment, data processing, and intended use of AI systems
was also considered crucial [13]. Research by Longoni and

Morewedge [10] highlights that, despite clear evidence of
AI’s cost-effectiveness, accuracy, and operational efficiency,
many patients remain hesitant about AI systems that operate
autonomously or make critical medical decisions without
human involvement.

Despite the valuable insights offered by previous studies,
there remains a lack of systematic integration and supple-
mentation grounded in a unified theoretical framework. This
gap hinders the effective translation of research findings
into practical clinical interventions. Given the complexity
and multidimensionality of patient perceptions, applying
a well-established theoretical model to synthesize existing
evidence on the factors influencing AI adoption can not only
elucidate the underlying mechanisms but also enhance the
generalizability and applicability of research outcomes across
diverse clinical contexts. Various theoretical models have
been developed to measure the acceptance of technological
innovations, such as the technology acceptance model and
the Unified Theory of Acceptance and Use of Technology 2
(UTAUT2) [14]. These approaches have been widely adopted
in prior research, including in the health care field, such
as exploring patient adoption of mobile health apps [15],
telemedicine technologies [16], and wearable devices [17],
demonstrating strong predictive power in explaining patients’
behavioral intentions and actual usage behaviors. UTAUT2
integrates 8 technology acceptance-related theories, includ-
ing the technology acceptance model, by synthesizing key
factors influencing behavioral intention and usage behavior:
performance expectancy, effort expectancy, social influence,
and facilitating conditions [15,18]. It also incorporates
moderating variables such as gender, age, voluntariness, and
experience.

Therefore, this study uses the UTAUT2 framework to
examine the direct determinants of patients’ acceptance
of medical AI technologies from a technology adoption
perspective. However, while this model effectively identi-
fies influencing factors with an emphasis on technological
attributes and user psychology, it offers limited explanatory
power regarding specific behavior change mechanisms [19].
Furthermore, its theoretical dimensions remain relatively
abstract, posing challenges for deriving targeted interven-
tion strategies. To address these limitations, we integrate
the Theoretical Domains Framework (TDF), a well-estab-
lished framework in behavioral science, to supplement and
refine the dimensions of UTAUT2 [20]. By leveraging
the mapping relationships between theoretical domains and
behavior change techniques (BCTs) [21], this integrative
approach bridges technology acceptance theory and behavio-
ral science, enabling the identification of tailored BCTs to
guide clinical practice and enhance patient acceptance of AI.
Building on this dual-theoretical foundation, the primary aim
of this systematic review is to synthesize evidence through
the combined lenses of technology acceptance and behav-
ioral science to comprehensively identify the barriers and
facilitators to patient acceptance of AI in hospital settings.
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Methods
Overview
This review was reported following the PRISMA (Pre-
ferred Reporting Items for Systematic Reviews and
Meta-Analyses) 2020 statement [22]. The protocol was
registered with PROSPERO in October 2024 (registration no
CRD42024598884). A theoretically grounded mixed methods
systematic review provides a structured and integrative
approach to identifying the barriers and facilitators that
influence patient acceptance of AI.
Search Strategy
The literature search was conducted following the PRISMA-
S (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Searching) reporting guidelines
[23]. Two researchers (HS and JY) and an evidence-based
expert (JH) developed the search strategy using the Pop-
ulation, Interest, and Context framework [24]. Eligibility
criteria focused on patients, AI artifacts, and attitudes and
perceptions. Barriers and facilitators were defined as factors
preventing or motivating AI use. The search strategy for this
study was built around the core terms “artificial intelligence,”

“patient,” and “attitude,” combining the use of medical
subject headings and keywords. A comprehensive search
was conducted across PubMed, Web of Science, Embase,
Cochrane Library, CINAHL, CNKI, Wan Fang, VIP, and
SinoMed (inception to December 23, 2025). Detailed search
strategies are provided in Table S1 in Multimedia Appendix
1. Our comprehensive search strategy was executed across
multiple sources to ensure literature saturation. This included
searching major study registries, systematic online database
searches, manual browsing of key journals and organizational
websites, and citation searching (both backward and forward)
of all included studies and relevant reviews. No restrictions
were applied based on publication status or language during
the initial search phase.
Inclusion and Exclusion Criteria
We included qualitative, quantitative, and mixed methods
studies that addressed (1) patients’ perceptions of using AI
in health care (diagnosis and treatment) and (2) barriers and
facilitators to patients’ willingness to use AI. Studies limited
to health care professionals, managers, technology develop-
ers, and medical and nursing students, as well as studies that
only tested the effectiveness of AI, were excluded. Table 1
shows the inclusion and exclusion criteria for this study.

Table 1. Inclusion and exclusion criteria for the mixed methods systematic review on patient acceptance of medical artificial intelligence.
Population Phenomena of interest Context Study type Limits

Inclusion criteria • Patients (regardless
of disease type)

• Patients aged ≥18
years

• Patient
perceptions of the
use of AIa
(diagnostic and
therapeutic).

• Barriers and
facilitators to
patients’
willingness to use
AI

• All medical fields • Qualitative
studies

• Quantitative
studies

• Mixed
methods
studies

• Literature in
English or
Chinese

Exclusion criteria • Health care
professionals,
administrators,
or technology
developers only

• Students of
medicine and
nursing

• Studies
investigating the
effectiveness of AI
technology in
health care only

• Nonmedical
scenarios such as
sports and fitness

• Gray
literature

• Conference
abstracts

• Unpublished
studies and
dissertations

—b

aAI: artificial intelligence.
bNot available.

Literature Screening and Data Extraction
Two researchers (HS and MH) independently screened papers
after removing duplicates in EndNote (version 21; Clari-
vate), resolving disagreements through discussion or third-
party consultation (JH). Data on barriers, facilitators, and
interventions were extracted using a data extraction table
[24]. Qualitative studies provided themes and participant
quotes, while quantitative studies included outcome meas-
ures and narrative summaries. Mixed methods studies were
analyzed separately. Extracted details included author, year,

design, participant characteristics, findings, and interventions,
with open-ended survey responses treated as qualitative
data, ensuring comprehensive extraction and synthesis. When
necessary, corresponding authors were contacted to obtain
missing or supplementary data.
Quality Assessment
The Mixed Methods Appraisal Tool (MMAT) [25] was used
to assess the methodological quality of the included studies,
covering qualitative, quantitative (randomized/nonrandom-
ized), and mixed methods designs. Two researchers (HS
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and MH) independently conducted assessments, resolving
disagreements through consensus or consultation with a third
expert (JH).
Synthesis Methods

Overview
This study aims to systematically identify the barriers to and
facilitators of patient adoption of AI in health care settings.
Given that the research question is well-suited to be addressed
through complementary qualitative and quantitative evidence,
we adopted the “convergent integrated approach” from the
Joanna Briggs Institute methodology for data synthesis [26].
This method involves transforming quantitative data into a
qualitative format and integrating it with original qualitative
findings, which are subsequently categorized and integrated
based on similarity in data meaning. This procedure was
initially performed by one researcher and then discussed
and cross-checked with a senior researcher experienced in
evidence-based practice.

We used narrative synthesis rather than meta-analysis due
to substantial heterogeneity in the included studies regarding
design, measurement, and AI application contexts [27]. This
heterogeneity precluded a statistically meaningful quantitative
pooling of effect sizes. Consequently, certain items on the
Synthesis Without Meta-analysis checklist pertaining strictly
to meta-analytical data transformations were not applicable to
this study. Our primary objective was to explore the complex
mechanisms influencing acceptance, an explanatory aim
better served by narrative synthesis that integrates qualitative
and quantitative evidence, rather than by quantifying isolated
effect sizes.

Integrated Analytical Framework
During the thematic synthesis stage, the identified obstacles
and facilitators were summarized by theme and mapped
into the various domains of the UTAUT2 [28], which is a
reliable framework for understanding technology acceptance
[29-32]. To deepen the behavioral analysis, these factors
based on UTAUT2 were further analyzed through the TDF
[33]. The TDF is based on behavioral science and provides

a structured perspective with 14 domains, systematically
describing the determinants of behavior (refer to Table S2 in
Multimedia Appendix 1 for its structure). This step enables
a more precise and context-specific understanding of the
obstacles and facilitators. Finally, to convert these insights
into actionable strategies, the identified TDF domains were
linked to specific BCTs through the established mapping
method [21,34], leveraging the hierarchical BCT taxonomy
(version 1; refer to Table S3 in Multimedia Appendix 1).

Priority Assessment of BCTs
To guide practical implementation, we evaluated the
feasibility of the identified BCTs using the Affordabil-
ity, Practicability, Effectiveness and Cost-Effectiveness,
Acceptability, Side-effects or Safety, and Equity criteria [35].
This process involved independent ratings by 2 researchers
on 6 dimensions (affordability, practicality, effectiveness,
acceptability, side effects, and equity), based on empirical
evidence and contextual knowledge. Discrepancies were
resolved through discussion with a third expert. Each BCT
was subsequently classified as having high, medium, or low
feasibility. The specific definitions and classification rules are
detailed in Tables S4 and S5 in Multimedia Appendix 1. This
feasibility rating was combined with the target level of each
BCT (individual, provider, or system).

Results
Literature Search
A comprehensive search of 9 electronic databases using
a refined search strategy identified 7452 records. After
removing duplicates, 6680 records remained. Following
an initial screening of titles and abstracts, 128 records
were deemed relevant. Subsequently, full-text screening was
performed according to the inclusion and exclusion crite-
ria, excluding irrelevant papers. Ultimately, 61 studies were
included in the final review. All literature was used to extract
barriers and facilitators, with 53 studies used to extract
potential interventions. The literature screening process is
shown in Figure 1.
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Figure 1. Flow diagram for systematic review.

Study and Patient-Reported Experience
Measure Description
This study included 61 studies categorized by research
design: 20 qualitative (primarily semistructured interviews),
2 randomized controlled trials, 6 mixed methods, 6 quantita-
tive descriptive, and 27 nonrandomized studies. Quantitative
studies mainly used questionnaires, with one adapting the
UTAUT2 model [36]. Sample sizes ranged from 9 to 2899
participants. Geographically, studies spanned 19 countries,
with 45 from 15 developed countries (eg, 15 from the United
States) and 16 from 4 developing countries (eg, 9 from
China). Detailed characteristics of the included studies and
participants are summarized in Table 2.
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The study population includes patients using medical AI aged
≥18 years, recruited from communities, hospitals, and online
surveys. Patient types varied, with a focus on patients with
cancer (n=11), radiology (n=8), perioperative (n=4), diabetes
(n=3), dental (n=5), and stroke (n=2). Nine studies included
patient and health care professional perspectives; only patient
data were analyzed to align with research objectives. The
comprehensive data and full extraction details are provided in
Table S6 in Multimedia Appendix 1 due to space constraints.
Quality Assessment
According to the MMAT evaluation, the average score of
the included studies was 4.4. Approximately 85% (n=53) of
the studies met all or 80% of the quality assessment criteria.
About 11% (n=6) of the studies met 60% of the quality
assessment criteria. Two studies met only 40% or less of
the quality assessment criteria. In general, the methodologi-
cal quality of the included studies was assessed as relatively
high. The MMAT User Manual mentions the treatment of
low-quality studies, which are rounded off according to the
topic of the study; in this study, these 2 papers were valuable
in contributing to the research topic and were therefore not
excluded [25]. The MMAT scores for each included study are
provided in Table 2, and detailed item-level assessments are
provided in Table S7 in Multimedia Appendix 1.
Identified Barriers and Facilitators

Overview
To ensure transparency in the analytic process, we fol-
lowed structured steps. First, 2 researchers independently

conducted open coding and reached a consensus through
discussion, forming an initial codebook. These codes were
then categorized into the 7 core dimensions of UTAUT2
(eg, “concern about effectiveness” was classified under
“performance expectancy”). Subsequently, codes within each
UTAUT2 dimension were mapped to specific TDF domains
to explain their underlying behavior change mechanisms (eg,
“public misunderstanding” corresponded to the “knowledge”
domain). The model correspondence is shown in Figure
2. When overlaps in mapping occurred, the primary corre-
sponding domain was determined through team discussion
based on the most direct and dominant driving mechanism
reflected in the data. Ultimately, UTAUT2 provided a clear
structure of acceptance dimensions (the “what”), while TDF
offered an in-depth explanation of behavioral mechanisms
(the “why”), with their integration jointly supporting the
presentation of the results (as shown in Table 3). Perform-
ance expectancy and effort expectancy were the most cited
barriers or facilitators to patients’ use of AI in medicine.
The corresponding text describing barriers and facilitators is
provided in Table S8 in Multimedia Appendix 1.

Figure 2. An integrated model of patient acceptance of artificial intelligence (AI) in health care: combining Theoretical Domains Framework (TDF)
and Unified Theory of Acceptance and Use of Technology 2 (UTAUT2) framework.
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Table 3. Barriers and facilitators to patient acceptance of medical artificial intelligence (AI)a, mapped to the integrated Unified Theory of Acceptance
and Use of Technology 2 (UTAUT2) and Theoretical Domains Framework (TDF).
UTAUT2b model construct and TDFc model
corresponding domain Barriers Facilitators
Performance expectancy
  Knowledge • Public prejudice and misunderstanding of

new technology
• Public fear and resistance to new

technology

• Understanding the importance of AIa in
health care

  Beliefs about consequences • Possibly worse outcomes
• Lack of trust in AIa
• Difficult to measure effectiveness

Belief in AI’s faster diagnostic speed, high
efficiency, and accurate diagnostic results

Effort expectancy
  Skills • Complex technology operation

• Need to invest more time in learning and
adapting to new technology applications and
operational processes

• Convenient operation

  Beliefs about capabilities • Uncertainty about new technology
• Reduced self-efficacy

• Assisting the doctor’s decision-making
function

• Enhanced self-efficacy
Social influence
  Social influences • Cultural adaptability and intergroup threat

• Few people around or family members use
AI

• Unclear medical responsibility attribution
• Insufficient patient-doctor communication

• Public trust
• Recommendations from trusted sources

(doctors)
• Improved patient-doctor communication

Facilitating conditions
  Environmental context and resources • Insufficient patient privacy security

protection
• Cybersecurity not ensured
• Insufficient data reliability and transparency
• Technical errors and false information

obtained
• Lack of humanistic care in AI
• Imperfect AI technology

• Protection of patient privacy (sensitive
issues)

• Cybersecurity ensured
• Reliable data (fairness, interpretability,

and transparency)

Hedonistic motivation
  Emotion • Poor new technology usage experience

• Lack of personalized experience
• Novel experience

Price value
  Motivation and goals • High cost of new technology application

• Expensive (unequal opportunities)
• Fear of high trial-and-error costs

• Cost savings

Habit
  Behavioral regulation • Unaccustomed to using AI technology

• May make patients unwilling to persist in
using new medical technology to manage
their health.

—d

aAI: artificial intelligence.
bUTAUT2: Unified Theory of Acceptance and Use of Technology 2.
cTDF: Theoretical Domains Framework.
dNot available.

Performance Expectancy
Performance expectancy is the extent to which patients feel
that the use of AI has contributed to the perception of illness
[14], which can be further explained by the dimensions
of knowledge, beliefs about outcomes, behavioral regula-
tion, and environmental context and resources in TDF. In

summary, patients’ performance expectancy of medical AI is
primarily shaped by a tension between widespread cognitive
biases and misconceptions (n=28) and a strong belief in its
efficacy when supported by empirical evidence (n=31).
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Effort Expectancy
Effort expectancy reflects the effort required for patients
to use AI, linked to TDF dimensions such as skills, cogni-
tion, and behavioral regulation [14]. The foremost challenges
are high operational complexity and substantial learning
investment (n=17), whereas facilitation hinges on interface
optimization and process simplification to reduce cognitive
load (n=22). This highlights that ease of use is not merely a
convenience but a critical prerequisite for patient engagement
with AI tools.

Social Influence
Social influence, defined as the impact of surrounding
groups on AI adoption, includes subjective norms and
public trust [14]. Low technology adoption, reduced clinician-
patient interactions (n=26), and ethical concerns (n=27)
were frequently reported as barriers. In contrast, facilitators
such as endorsements from authoritative institutions and
enhanced clinician-patient communication (n=9) were noted
as promoting acceptance. Collectively, these findings indicate
that social and relational factors, including interpersonal trust
and perceived legitimacy, are consistently salient in shaping
patient responses to AI. Within the TDF framework, this
theme aligns with domains of interpersonal relationships and
professional roles.

Facilitating Conditions
Facilitating conditions reflect organizational support for
system use, aligning with the TDF dimension of environmen-
tal context and resources [14]. Key barriers included data
reliability issues, privacy vulnerabilities, and cybersecurity
risks, with insufficient privacy protection being a signifi-
cant concern (n=22). Facilitators focused on establishing
transparent data governance, enhancing privacy encryption,
and reinforcing cybersecurity protocols to ensure fairness,
interpretability, and transparency (n=12).

Hedonistic Motivation
This refers to the degree of pleasure or enjoyment an
individual derives from using new technology [15], corre-
sponding to the TDF dimensions of emotion, affect, motiva-
tion, and goals. The most frequently reported barrier was the
mechanized nature of technology use, which led to a lack
of empathy, increased patient anxiety, and a reduced sense
of self-efficacy. In contrast, the primary facilitator was the
design of personalized interaction models to enhance positive
user experiences and integrate emotion-aware algorithms to
mitigate patients’ negative psychological responses.

Habit
Habit is the tendency to automate behaviors resulting
from the patient’s frequent use of technology [92]. The

corresponding TDF dimension is behavioral regulation.
Patients’ reluctance to adopt new technologies was the
most frequently reported barrier due to their preference for
traditional methods.

Price Value
Price value reflects the balance between technology benefits
and economic costs [15,93], linked to the TDF domain of
environmental context and resources. A cost-benefit calculus
shapes perceptions of price value. The primary barrier is
the high upfront financial cost and associated risk (n=14),
while facilitators focus on policy subsidies and training to
alleviate economic burdens and demonstrate long-term value
(n=10). This economic perspective confirms that cost-effec-
tiveness and affordability are practical, decisive factors for
many patients.

Moderating Variables
The UTAUT2 model highlights moderating variables (eg,
age, gender, and experience) influencing AI adoption in
health care. This study expanded the analysis to include
disease severity and education level. Experience, defined
as perceived performance enhancement, was linked to TDF
dimensions such as knowledge and environmental context.
Prior experience increased AI acceptance, while gender
and age did not significantly impact most studies [47,71].
Although findings varied, disease severity and education level
were identified as additional moderators. Further research is
needed to clarify these relationships and develop targeted
interventions for AI adoption.
BCTs and Implementation Strategies
Through group discussions, 27 factors from UTAUT2 and
TDF domains were mapped to 93 potential BCTs. After
consolidation, 25 distinct BCTs were assessed using the
Affordability, Practicability, Effectiveness and Cost-Effec-
tiveness, Acceptability, Side-effects or Safety, and Equity
criteria and categorized by feasibility: 6 (24%) as high, 14
(56%) as medium, and 5 (20%) as low (detailed in Table S10
in Multimedia Appendix 1). High-feasibility BCTs (eg, 4.1
and 5.1) are low cost, easy to integrate, and well accepted.
Medium-feasibility BCTs (eg, 6.1 and 15.1) are evidence-
based but face operational constraints, while low-feasibility
BCTs (eg, 9.1 and 12.1) require system- or policy-level
changes beyond clinical teams. Concrete examples for these
BCTs were drawn from the literature (Table S9 in Multimedia
Appendix 1), resulting in 40 targeted interventions. Complete
results are shown in Table 4 (the serial numbers and other
details of the relevant BCT are provided in Table S3 in
Multimedia Appendix 1).
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Table 4. Behavior change techniques (BCTs) mapped from identified barriers and facilitators to inform interventions for enhancing patient artificial
intelligence (AI) acceptance.
UTAUT2a component and
relevant BCTb Target level Feasibility Example quotes
Performance expectancy
  TDFc domain: knowledge
   Instructions on how to

perform the behavior
Patient High Provide information on the effects of using AIMd and educating patients

about the benefit of the current health care system [76], and
participants requested that information and training be provided in a
number of different ways (eg, pamphlets, in-person training, computer-guided
supports, and sharing of patient experiences) [94].

   Demonstration of the
behavior

Patient High Detailed instructional content: provide a comprehensive, step-by-step guide
on the functionality and operation of AIe systems, including visual aids such
as diagrams, flowcharts, and videos to illustrate key concepts and procedures.

  TDF domain: beliefs about
consequences

   Information about health
consequences

Patient High Provide information (eg, written, verbal, and visual) about AI; educate and
involve patients in the future direction of this technology; demonstrating to
patients that the use of AI in their own health care is safe, effective, and
ethical; and establish a baseline educational level [72].

   Salience of consequences Patient Medium Using methods specifically designed to emphasize the consequences of
performing the behavior to make them more memorable.

   Anticipated regret Patient Medium Enhance patients’ awareness of the usefulness of AI
by showcasing successful cases to patients, provide them with a preliminary
understanding of the expected outcomes.

Effort expectancy
  TDF domain: skills (constructs

other than interpersonal skills)
   Goal setting (behavior) Patient High Devise ways to perform the behavior: provide participants with an AI device;

patients need to understand all information about AI and require that all
health care providers undergo technology training [47].

   Feedback on behavior Patient Medium Monitor and provide feedback on exercise performance (exercise type,
frequency, duration, and intensity), and monitor and show performance via
mobile phone or sports bracelet.

   Self-monitoring of behavior Patient High Establish a method for participants to monitor and record their AI use.
   Feedback on outcomes of

behavior
Patient Medium Provide feedback about body metrics using AI devices:

use sport bracelets, heart rate bands, and other devices to monitor
physiological indicators; by optimizing the structure of the application and
designing user-friendly apps with simple navigation and clear interfaces,
usability can be improved, thereby increasing patient acceptance [84].

  TDF domain: beliefs about
capabilities

   Verbal persuasion about
capability

Clinician Medium Enhance the professional quality of medical staff
by improving the professional capabilities of medical staff, enhancing
patients’ trust in the medical staff and the AI products they recommend.

Social influences
  TDF domain: social influences
   Social support (unspecified） All Low Social support (practical) formulates comprehensive laws and regulations;

clarifies the liability attribution of AI in the medical field to protect the legal
rights and interests of patients and medical staff [63]; strengthens publicity
efforts, establishes management systems and standards, and reinforces
communication and guidance.

   Information about others’
approval

Patient Medium Provide information about what other people think about AI; make
participants aware that many patients have a positive attitude toward AI; and
leverage primary care providers’ recommendations [45].

   Restructuring the social
environment

All Medium Provide participants with a social environment suitable for using AI; change
perspectives of participants’ family members so that they support the
participant’s choice; emphasize communication between patients and medical
staff. When adopting AI technology, focus on patient experience, reduce
repetitive work time of medical staff, increase communication with patients,
and implement the core concept of humanistic care nursing.
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UTAUT2a component and
relevant BCTb Target level Feasibility Example quotes
Facilitating conditions
  TDF domain: environmental

context and resources
   Monitoring of behavior by

others without feedback
Clinician Low Monitoring of participants’ use without feedback: monitoring of participants’

use by professionals (eg, physical therapists, nursing staff, and so on) to
optimize the delivery of follow-up interventions.

   Credible source System Low Ensure reliable and transparent data sources:
safeguard the security of the network environment used by AI and ensure that
patients’ privacy data is not leaked.

   Restructuring the physical
environment

System Low Provide a safe and reliable data environment; formulate relevant policies and
behavioral norms to ensure data security and reliability. Provide a safe place
to use AI; ensure protection of data and provide patients with assurance
regarding strict conditionality. Convey purpose, benefits, and potential risks
in written form (brochures) for patients [51]; ensure suitable AI equipment
and convenient access; protect patient privacy and increase transparency in
medical data processing; enhance transparency in the decision-making
process [65].

   Restructuring the social
environment

System Medium Provide a social environment that promotes AI use, ensuring AI tools
preserve the integrity of the human physician-patient relationship [40].

   Adding objects to the
environment

System Low Add objects to the environment to facilitate behavior, provide personalized
AIM services based on patients’ specific situations to enhance their perceived
value.

Hedonistic motivation
  TDF domain: emotion
   Monitoring of emotional

consequences
Clinician Medium Provide emotional support (from professionals, exercise partners, family, or

friends)
   Information about emotional

consequences
Clinician Medium Monitoring participants’ feelings after use: monitor participants’ feelings to

avoid negative experiences and adjust subsequent tasks accordingly.
Price value
  TDF domain: motivation and

goals
   Review outcome goals All Medium Empowering personalized care and patient autonomy with feedback: AI

assists health care professionals in providing personalized care while
safeguarding patient autonomy and decision-making ability. Meanwhile,
patient usage feedback is promptly adopted to optimize AI use and enhance
patient satisfaction.

Habit
  TDF domain: behavioral

regulation
   Goal setting (behavior) Patient High Goal setting:

encourage patients to gradually adapt to AI operation through exploration and
practice.

   Action planning System Low Tailored using programs for participants:
regulatory agencies should establish normative standards and evaluation
guidelines for implementing AI in health care in cooperation with health care
institutions [62].

   Feedback on behavior Patient Medium Monitor and provide feedback on exercise performance (eg, exercise type,
frequency, duration, and intensity) via mobile phone or sports bracelet.

   Habit formation Clinician Medium Timely adoption of patient usage feedback:
regularly follow up with patients to understand their usage of AI technology
and willingness to continue using it.

aUTAUT2: Unified Theory of Acceptance and Use of Technology 2.
bBCT: behavior change technique.
cTDF: Theoretical Domains Framework.
dAIM: artificial intelligence in medicine.
eAI: artificial intelligence.
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Discussion
Principal Findings
This review aimed to explore the main barriers and ena-
blers underlying patients’ adoption of AI in hospital settings.
Prior studies have examined the intention to use AI among
different types of patients, but there has been no systematic
synthesis of barriers and facilitators. This study used an
innovative approach to synthesize patients’ views on using
AI in medicine, integrating barriers and facilitators of patient
adoption of AI in medicine based on the UTAUT2 and TDF.

Our findings reveal that AI in medicine adoption is driven
by a 3-tier mechanism: “technology acceptance, contex-
tual modulation, and ethical security.” Moreover, individ-
ual differences influence AI acceptance. For example, age
moderates the perception of technological complexity, with
older adults favoring simpler systems [67,72]. Education level
is a cognitive mediator, affecting performance expectancy by
shaping AI-related knowledge [51,60,65,71,75,84]. Addition-
ally, disease severity exhibits an inverted U-shaped rela-
tionship with AI acceptance, where patients with moderate
conditions demonstrate the highest acceptance [64,73].

Regarding the most important barriers and enablers
identified in this review, performance expectancy and effort
expectancy were the most cited factors influencing patients’
use of AI in medicine. This finding substantiates the results
of earlier studies [37,61,67]. Patients’ recognition of AI’s
diagnostic efficiency and accuracy emerges as the primary
determinant of acceptance under performance expectancy
[15,30], aligning with findings from Schmitz et al [16]
in cross-national telemedicine research. Additionally, within
the TDF framework, the “knowledge” domain significantly
impacts patient adoption of AI, highlighting that awareness
and understanding of AI technologies are crucial determi-
nants of acceptance and use [37,61,67]. There is a need
to improve AI knowledge and increase willingness to use
AI, which can be achieved by enhancing patient education
through outpatient health seminars and multimedia educa-
tional videos.

In addition, the operational feasibility of AI plays a key
role in promoting patient use. The perceived value of AI for
patients increases significantly when they are able to receive
positive feedback and are effectively supported by health
care professionals when using it [95]. For example, an AI
robotic system that receives positive feedback from health
care professionals during rehabilitation training can enhance
patients’ confidence and sense of accomplishment, further
promoting the usage of AI [96]. However, poorer usability
can be a source of fear for patients toward new technologies
and, therefore, may hinder their adoption [96]. A “progressive
complexity” strategy, embedding educational modules within
basic applications, may facilitate gradual comprehension and
trust development in AI systems [36,84].

Social networks profoundly shape patient willingness to
use AI, extending beyond physician recommendations to
include family members, friends, and community influence.

Family acceptance acts as a critical multiplier—tech-savvy
relatives often facilitate AI adoption by assisting with device
operation or interpreting digital health reports, whereas
households with low health literacy may resist AI due
to distrust of unfamiliar technology [63]. Peer influence
also plays a role: patients are more likely to embrace
AI-driven tools after observing positive experiences shared
by friends or online communities, particularly in manag-
ing chronic conditions such as diabetes or hypertension.
Conversely, negative anecdotes within social circles (eg,
stories of AI misdiagnosis) can amplify skepticism, creat-
ing “information cascades” that undermine trust [47]. These
dynamics highlight the need for targeted social marketing
strategies, for example, family-centered education workshops
or peer advocacy programs to address intergenerational and
community-specific barriers.

Cultural adaptability is primarily shaped by specific
constructs within the UTAUT2 and TDF frameworks, with
social influence being the most culturally sensitive dimen-
sion. This review finds that in collectivist societies (eg,
East Asia), social influence often manifests as deference
to family or group consensus [97], effectively shifting the
adoption unit from the individual to the collective. Con-
versely, in individualistic cultures, it leans more on trust in
professional authority or empirical evidence. Consequently,
implementation strategies must be contextualized: collectivist
settings may require designs that facilitate family-inclusive
decision-making and leverage community opinion leaders,
whereas individualistic contexts should emphasize transparent
personal benefits and institutional endorsements. Systemat-
ically analyzing culture through these theoretical lenses
enables more targeted and effective AI implementation across
diverse health care systems.

Ethical safety concerns, particularly the “algorithmic black
box,” undermine trust in AI’s reliability among patients and
clinicians [45,58,62,64,67]. Explainable AI, by providing
transparent diagnostic reasoning and interpretable reports,
mitigates skepticism and strengthens technical credibility
[39]. While AI may reduce patient embarrassment in sensitive
consultations [46], overreliance risks eroding humanistic
doctor-patient interactions, exacerbating anxiety [37,40,44,45,
49,50]. Balancing privacy protection with human-centered
design remains a critical research frontier.

Beyond mitigating ethical and relational barriers, our
synthesis points toward the necessity of proactively rehuman-
izing AI-driven health care. This concept involves intention-
ally designing AI systems and their implementation contexts
to preserve and enhance, rather than replace, essential human
elements such as provider presence, empathy, and meaning-
ful interaction. Studies, such as the work of Almokdad
et al [98] in digital hospitality, underscore the critical
importance of human presence in mitigating the impersonal
nature of automated services. Translating this to health care,
AI should be positioned as a tool that augments, rather
than replaces, the clinician. To operationalize this, con-
crete strategies include (1) adopting “AI-as-assistant” design
paradigms where clinicians remain central in communica-
tion and decision-making, (2) implementing empathy-aware
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algorithms to prompt providers to address patient emotional
states, and (3) leveraging AI’s efficiency gains to protect or
increase time for direct patient-clinician interaction.

Additional psychological and economic factors include
hedonic motivation, habituation, and price-value trade-offs.
Positive emotional experiences with AI (eg, intuitive
interfaces) boost initial acceptance [36,47,83,89,96], whereas
habit-driven preference for traditional methods necessitates
proactive demonstration of AI’s clinical advantages [38,
62,66,83,87,89]. Although AI adoption may incur higher
upfront costs [9,58,63,66,67,81,89], its long-term potential
to reduce unnecessary diagnostics and optimize treatment
pathways could yield cost savings [88,90]. Future research
should contextualize AI’s economic impact within health care
settings while prioritizing personalized, culturally sensitive
implementations.

The BCT taxonomy (version 1) provides a standardized
framework for behavioral interventions in AI implementa-
tion [34]. This study advances its practical application by
introducing a feasibility lens, which transforms a theoret-
ical list of techniques into a prioritized implementation
strategy. Our assessment distinguishes high-feasibility BCTs
(eg, instruction and goal setting) as immediately actionable
tools for frontline adaptation, such as optimizing interfaces
for older adults [99]. Medium-feasibility BCTs, including
strategies such as social comparison to address privacy
concerns [55], require deliberate planning and resources.
Ultimately, sustainable adoption depends on low-feasibility,
systemic enablers, such as transparent data governance, which
establish the necessary foundation for trust. Integrating barrier
mapping with this feasibility-driven prioritization creates a
clear, staged model for implementation. It clarifies what
clinicians can do now, what requires organizational support,
and what must be advocated at the policy level, offering a
pragmatic roadmap for integrating AI into health care.

In summary, the primary contribution of this study lies
in its theoretical integration and methodological innovation.
Distinct from previous research that predominantly focused
on technological attributes or isolated psychosocial factors,
this review establishes a comprehensive analytical model
that links technology acceptance with behavior change by
integrating the UTAUT2 and TDF frameworks. Beyond this
theoretical contribution, this integrative model deepens the
understanding of barriers and facilitators to patient adop-
tion of AI and, importantly, translates these insights into
actionable evidence by mapping the findings to specific
and prioritized BCTs. This evidence directly informs and
empowers multiple stakeholders: it provides health care
administrators with a blueprint for implementation strategies,
equips clinicians with tools for patient engagement, guides

AI developers toward human-centered design principles, and
supports policymakers in developing frameworks for ethical
evaluation and governance. Ultimately, this review bridges
the gap between theoretical understanding and practical
application, thereby enhancing the translational value of
research on AI acceptance in health care.
Limitations and Strengths
The strength of this study lies in its systematic synthesis of
qualitative and quantitative evidence, conducted through a
mixed methods evaluation guided by an integrated theoreti-
cal framework. Theoretically, it innovatively combines the
UTAUT2 model with the TDF to analyze barriers and
facilitators influencing patients’ adoption of AI in health
care, thereby providing a dual perspective that incorporates
both technology acceptance and behavioral science. This
theory-informed approach allows for a coherent interpreta-
tion of existing evidence and establishes a robust foundation
to support patient-centered AI implementation, while also
informing the design of future interventions and health policy
initiatives.

This review has several limitations. First, methodological
constraints include potential publication bias and language
restrictions (Chinese and English only), which may affect
the comprehensiveness and cultural generalizability of the
findings. Second, the evidence base is limited by the uneven
geographical distribution of included studies, with underre-
presentation from developing countries, and the retention
of 2 lower-quality studies that did not alter the overall
conclusions. Third, the proposed interventions are theoreti-
cally derived from TDF-BCT mapping and lack empirical
validation. Finally, given the rapid evolution of AI technology
and its regulatory context, the findings represent a snapshot in
time and require ongoing re-evaluation as the field advances.
Conclusions
This study uses a mixed methods approach to explore key
factors influencing patient acceptance of health care AI.
Integrating the UTAUT2 model with the theoretical domains
of the TDF systematically identifies barriers and facilitators,
emphasizing the need for tailored implementation strat-
egies. Theory-based interventions are proposed by mapping
the TDF to BCTs. Findings highlight that building trust
in technology and prioritizing human-centered design are
essential for acceptance, while privacy and ethical concerns
remain significant barriers. Further research is needed to
assess the effectiveness and sustainability of patient-centered,
multicomponent interventions and to establish a dynamic
monitoring system for evolving patient perceptions amid
technological advancements.
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