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Abstract

Background: The use of artificial intelligence (AI) in medical imaging has been growing exponentially. Understanding patient
perceptions and factors influencing their views of AI is critical to develop adequate strategies to support implementation and
acceptance.

Objective: This study aims to investigate the constructs that influence patients’ perceptions and acceptance of AI’s use in the
analysis of their medical images to support screening and diagnosis.

Methods: A systematic review was conducted to meet the research objective. Relevant articles were found by searching 5
databases. Data were extracted using an iteratively refined framework and synthesized narratively due to heterogeneity in study
designs, populations, health care contexts, and outcomes.

Results: A total of 59 relevant studies were included in the review. Patient acceptance of AI in medical image analysis emerged
from multiple interacting factors. The most consistently reported determinant in 48 studies was that AI implementation should
prioritize human-in-the-loop models, positioning AI as supportive tools, working in conjunction with health care providers rather
than as an autonomous decision-maker. Other factors identified were performance of the AI, clarity of accountability, trust, and
ethical factors. Patients’ individual characteristics such as demographics and health history were also noted to influence acceptance
indirectly. The review findings were used to draft a conceptual model to draw attention to the complex relationship among the
identified factors.

Conclusions: This review informed the development of a conceptual model illustrating the complex and interactive factors
shaping patient acceptance of AI in medical imaging, which can be tested prospectively in future studies. Our results highlight
that patients’ likelihood of accepting AI cannot be attributed to a few factors. Instead, promoting acceptance will require a holistic
approach where multiple factors are considered simultaneously and adapted for each use case.

(Interact J Med Res 2026;15:e92969) doi: 10.2196/92969
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Introduction

The use of artificial intelligence (AI) to support medical imaging
analysis has been growing exponentially [1,2]. AI tools are
increasingly used for a variety of tasks, ranging from automated
image acquisition, sophisticated image reconstruction,

classification, and diagnosis [3]. Initially, AI tools were
primarily used for tasks like image segmentation or abnormality
detection, whereas recent applications have advanced to deep
learning–driven complex medical image classification based
on large datasets, with minimal human involvement [4]. For
example, AI applications have shown promising results and
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capabilities in the early detection of lung [5], skin [6], and breast
cancers [7] from various image types such as computed
tomography scans, dermoscopic (magnified) skin images, and
mammography scans. In experimental studies, AI’s performance
has been comparable or surpassed human readers, including
experienced clinicians [8-10]. In the future, AI is expected to
contribute widely to the imaging process, including image
analysis and interpretation, and reduce burden on health care
professionals, ultimately contributing to improved patient
outcomes [1,11,12].

Although the potential benefits of AI in medical image analysis
are widely recognized and its implementation is proceeding
rapidly, its application in health care remains largely confined
to experimental and research settings, with limited integration
into clinical practice in some medical imaging applications [13].
Lack of confidence and skepticism among health care providers
and patients toward novel health care technologies have been
reported as contributing factors [14,15]. As technology
improves, understanding if perceptions and views change is
essential to develop adequate strategies to support the
implementation and acceptance of AI [16].

Most existing studies and reviews to date have addressed health
care professional [17] or multi-stakeholder [18] perceptions and
the factors influencing their acceptance of AI in medical image
analysis. Research has explored patient perceptions of AI
implementation across various medical imaging domains,
identifying factors such as trust, human interaction,
transparency, accuracy, and individual-perceived benefits and
risks associated with AI as key influences [19]. However, despite
this progress, there remains a gap in understanding the full range
of factors and how they interact to shape patients' perceptions
of AI. Recognizing the multitude of factors and how they

interact can enable implementation scientists to suggest
strategies to make the AI more acceptable to patients.
Furthermore, this can guide the development of information
leaflets and consent forms as well as implementation strategies
that are patient-centered and allow informed consent of AI use
across future use cases.

The aim of this review was therefore to identify the factors that
impact patients’views of AI use in medical imaging applications
and to understand how frequently they are reported, how these
variables interact, or how contextual elements such as patient
demographics, health issues, or the role of AI in the health care
process might shape perceptions. The literature was searched
with the aim to (1) identify the factors influencing patients’
perceptions of AI in medical image analysis and (2) understand
how these factors influence patients' acceptance of AI.

Methods

Study Design
We undertook a systematic review of the literature. The SPICE
[20] (Setting, Population or perspective, Intervention,
Comparison, Evaluation) framework was applied to structure
the research question and guide the review process, including
the development of the search strategy, establishing the
inclusion/exclusion criteria, and selection of relevant articles
(Table 1). We followed a 2-phase search strategy (Multimedia
Appendix 1), which was developed with the assistance of a
university librarian. The protocol of this systematic review was
registered with PROSPERO (CRD42024571707) [21]. The
finding of this review was reported according to the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-analysis) guidelines [22].

Table 1. SPICE (Setting, Population or perspective, Intervention, Comparison, Evaluation) framework.

Study detailsQuestionSPICE framework

Medical imaging AIaWhat is the context for your question?Setting

Patient perspectives on medical imaging AIWhat is the perspective of your stakeholders or future users
of the service or product?

Population/Perspective

Health care practitioner using AI in medical image analysisWhat action is being taken?Intervention

Traditional medical image analysis (if applicable)Are there other/alternative actions or outcomes?Comparison

Factors influencing patient perceptions of AI in medical
image analysis either independently or in combination with
one another

What is the outcome measure?Evaluation

aAI: artificial intelligence.

Screening, Selection, Quality Appraisal, and Data
Extraction
The final search was conducted in August 2025. Articles from
the search results were uploaded to Covidence for title and
abstract screening, followed by review of full text articles based
on the inclusion criteria (see Table 2). In this review and its
inclusion, the term “patient” refers to either participants recruited
in a health care setting or individuals from the public who are
potential patients or user personas representing patients. The
term “AI” refers to both hypothetical and established/applied

interventions, incorporated either in the clinic to analyze,
interpret, and process medical images and/or support the
screening, assessment or diagnosis process. The term
“acceptance” refers broadly to patients’ willingness for AI to
be used in their medical image analysis, commonly assessed
through their expectations, preference, or comfort with AI
outputs and AI use.

The screening of titles and abstracts was independently
conducted by 2 reviewers (PMK and LJC). In the instance of
disagreements between the reviewers, conflicts were resolved

Interact J Med Res 2026 | vol. 15 | e92969 | p. 2https://www.i-jmr.org/2026/1/e92969
(page number not for citation purposes)

Kuppanda et alINTERACTIVE JOURNAL OF MEDICAL RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


by discussion and comparison of the article under question
against the predetermined inclusion and exclusion criteria. Full
text review, quality appraisal, and data extraction were
performed primarily by one reviewer (PMK); a random subset
of articles was assessed by a second reviewer (LJC) to ensure
accuracy; and any discrepancies in the extracted data were
resolved through discussion between the reviewers.

The Joanna Briggs Institute (JBI) critical appraisal checklist
[23] was used to assess study quality, with the appropriate tool
applied based on each study’s design (analytical
cross-sectional/qualitative). For mixed methods studies, the
analytical cross-sectional and qualitative checklists were
combined to evaluate the relevant components. As each
checklist varies in length, we calculated the proportion of “yes”
and “no” responses relative to the total number of relevant
questions, excluding items not applicable to the study to
compare study quality. Quality appraisal findings were used to

inform interpretation of the results; therefore, no studies were
excluded based on the quality scores alone.

The data extraction was conducted using an iteratively
developed extraction framework, where the extraction fields
were determined inductively as patterns emerged across the
included studies. This approach was selected to accommodate
the conceptual and methodological diversity of the literature
and to ensure the comprehensive capture of patient-reported
factors influencing perceptions and acceptance of AI in medical
image analysis. Data extraction included the author, year of
publication, study location, study type, health care context, AI
context, recruitment details, number of participants, and the
outcome measures (ie, factors influencing patient perceptions
of use of AI in their medical image analysis). In this review, a
factor was defined as any reported patient-related perception,
attitude, trust, concern, acceptance, or preferences regarding
the use of AI in medical image analysis.

Table 2. Inclusion and exclusion criteria.

ExclusionInclusionCategory

Reviews, commentaries, non-English language articlesPeer-reviewed, original research articles in EnglishGeneral

AI for nondiagnostic tasks (eg, automated image capture, radio-
therapy treatment planning, surgical automation)

AI that analyzes medical images for diagnosis or
screening (applied AI or hypothetical contexts)

AIa intervention

Patient-facing AI (eg, direct-to-consumer tools, chatbots, mHealth
app-based AI)

Used in clinical care and/or by clinicians to support de-
cision making

Purpose/use

No patient-reported factors or perceptions. Perceptions of non-
patient groups such as health care providers, health care industry
representatives, or medical students

Examines patient perceptions, attitudes, trust, accep-
tance, or experience

Patient focus

Studies that do not identify influencing factorsReports factors influencing patient acceptance or expe-
rience of AI

Outcomes of interest

Nonclinical settings or unrelated applicationsImaging in clinical screening/diagnosis settings (eg, ra-
diology, dermatology, ophthalmology, dentistry)

Setting and context

aAI: artificial intelligence.

Analysis
A narrative synthesis approach was used for data analysis, as
the included studies had heterogeneous methods, population
groups, health care specialty, and context of AI. Findings were
compared across studies and organized into conceptually similar
groups, which were summarized and synthesized narratively to
address the research question. As no quantitative synthesis of
the data was undertaken, the patterns described here should be
understood as conceptual.

Results

Screening
In this review, 59 studies [15,19,24-80] were included for data
extraction, quality appraisal, and analysis. The results of the
screening process are detailed in the PRISMA diagram (Figure
1).
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Figure 1. PRISMA (Preferred Reporting Items for Systematic reviews and Meta-Analyses) flowchart of screening and study selection. AI: artificial
intelligence.

Quality Appraisal
The JBI quality score for the articles ranged from 0.5 to 1 (Table
S3 in Multimedia Appendix 1), with higher scores indicating
higher quality. Qualitative studies scored highly overall, with
lower scores mainly reflecting limited reporting of philosophical
positioning. Cross-sectional studies showed greater variability
where lower scores were most commonly due to use of
nonvalidated questionnaires and limited handling of confounding
factors.

Study Characteristics
The characteristics of the 59 included studies are summarized
in Table 3. All included studies were cross-sectional, and 43
studies were quantitative survey–based, with majority (n=20)

utilizing de novo, nonvalidated questionnaires, which were
informed from literature reviews, existing nonvalidated
questionnaires, or expert consultations. Ten included survey
studies also adapted the validated “Patients’ Views on the
Implementation of AI in Radiology questionnaire” [19]. The
qualitative studies mainly used de novo interview guides, with
one using prompts adopted from the Theoretical Framework of
Acceptability [32] and another mapping its findings to the
Theoretical Framework of Acceptability [45]. The included
studies were conducted predominantly in Europe (n=34) and
focused on radiology-oriented imaging contexts such as
mammography (n=13) and general radiology (n=12). The
majority of the studies examined hypothetical AI scenarios
(n=49).
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Table 3. Study characteristics (N=59).

Values, n (%) Characteristic

Study type

43 (73)Quantitative cross-sectional

20 (34)De novo questionnaire, nonvalidated

10 (17)Adapted from a validated standardized instrument [19]

3 (5)Other validated standardized instruments (eg, Trust in Medical Technology, Client Satisfaction Questionnaire-
8 items)

6 (10)De novo questionnaire, partially validated

4 (7)Preference-elicitation instruments (discreet choice/choice-based survey)

13 (22)Qualitative cross-sectional

1 (2)Qualitative open-ended survey

7 (12)Focus/dialogue group/engagement workshops

5 (8)Semistructured interviews

3 (5)Mixed methods

Study location 

34 (57)Europe 

4 (7)Asia 

7 (12)Oceania 

3 (5)Middle East 

7 (12)North America 

1 (2)South America 

2 (3)Africa 

1 (2)Worldwide

Medical domain 

13 (22)Mammography/breast imaging

12 (20)Radiology (general, computed tomography scans) 

9 (15)Dermatology 

8 (13)Ophthalmology 

5 (8)Dental

3 (5)Radiology (prostate cancer) 

4 (7)Radiology (skeletal) 

1 (2)Cardiology 

1 (2)Imaging (cervical cancer) 

1 (2)Neurosurgery – brain imaging

1 (2)Gastroenterology 

1 (2)Dermatology + radiology

AIa application context 

49 (83)Hypothetical AIb

10 (17)Applied AIc

aAI: artificial intelligence.
bHypothetical AI: studies were classified as hypothetical AI when AI or its output was not shown to patients or did not influence clinical care and
perceptions were captured through hypothetical scenarios or questions about AI use.
cApplied AI: studies were classified as applied AI when AI results were either shown to patients or used by their health care practitioner to inform
clinical decisions, allowing patients to experience its presence and report perceptions in the context of actual AI use.

Interact J Med Res 2026 | vol. 15 | e92969 | p. 5https://www.i-jmr.org/2026/1/e92969
(page number not for citation purposes)

Kuppanda et alINTERACTIVE JOURNAL OF MEDICAL RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Results for Aim (a): Factors Influencing Patients’
Perceptions of AI in Medical Image Analysis
Eighteen factors that influence patient acceptance and perception
of AI in medical image analysis were identified and extracted
from the 59 included studies (Table S2 in Multimedia Appendix
1). An overview of the factors identified and the frequency of
their reporting is depicted in Figure 2.

Human-in-the-loop was identified as the most frequently
reported construct across studies and as a key factor influencing

and shaping patient acceptance of AI in their medical image
analysis. A sensitivity style examination revealed that for both
hypothetical and applied AI contexts individually, the top 5
constructs identified were consistent, although their relative
ranking varied slightly in the smaller applied AI sample. This,
therefore, suggests that perceptions elicited in hypothetical
scenarios broadly reflect those observed in applied clinical
settings.

Figure 2. Frequency of the extracted factors across studies with hypothetical and applied artificial intelligence (AI) contexts.

Results for Aim (b): How the Identified Factors
Influence Patients' Acceptance of AI
Based on findings from aim (a) and the factors identified,
patients’ acceptance of AI in medical image analysis appears
to arise through a complex interaction among factors, rather
than major effects of individual factors.

Figure 3 is a visual representation of the multifaceted
relationships between factors and serves as a conceptual model
grounded in associations reported across the included studies.
Arrows represent influences identified through narrative
synthesis and reflect patterns in participants’ preferences and
perceptions rather than empirically tested causal pathways. The
model should be interpreted as an author-synthesized framework
illustrating how factors discussed across studies may interact
in shaping patient acceptance of AI in medical image analysis
and viewed alongside the detailed narrative synthesis in the
Multimedia Appendix 1 for full context.

Across multiple studies, human-in-the-loop deployment was
reported as a central factor associated with higher acceptance
of AI. Accountability was frequently discussed alongside

human-in-the-loop deployment, reflecting patients’expectations
that clinicians retain responsibility and oversight of AI use.
Trust appeared central in how patients evaluated AI, shaping
how perceived benefits, risks, and implementation features
translated into acceptance. The accuracy of the AI system was
commonly reported as a necessary factor for acceptance;
however, its impact on acceptance is dependent on human
involvement and accountable care models.

Studies reported that the preference and importance placed on
the human-in-the-loop model was shaped by patients’ individual
characteristics such as demographic factors, health issues and
history, and sociodemographic characteristics. These factors
serve as contextual factors and influence elements such as
patients’ perceived benefits of AI, their privacy, fairness, and
bias concerns, and demand for transparency and autonomy,
which in turn shapes trust. Operational factors such as cost and
wait time were also noted to influence the acceptance of AI,
either as perceived benefits or as trade-offs, with some patients
willing to compromise on factors such as human involvement,
to achieve improvements in operational conditions or to tolerate
less favorable operational conditions in return for retaining
human involvement.
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Figure 3. Synthesized conceptual model of factors influencing patients’ acceptance of artificial intelligence (AI) in medical image analysis. SES:
socioeconomic status.

Discussion

Patients’ acceptance of AI in medical image analysis was
observed to be influenced by several interacting factors. How
the AI was applied in the health care setting and human
involvement (ie, human-in-the-loop) was most consistently
reported to shape acceptance. Hence, high acceptance was
reported by studies when AI was positioned as a supportive tool
assisting clinicians rather than as functioning autonomously.
Other common influential factors included AI accuracy and
performance, transparency that AI was used, trust in AI, clarity
on who is accountable, and ethical concerns such as privacy
and fairness. Sociodemographic characteristics, clinical and
health experiences, and operational factors such as waiting time
and cost shaped acceptance in more variable and
context-dependent ways.

The level of human involvement in how AI is used had the most
profound impact on patients' acceptance across studies. These
findings are consistent with existing ethical guidelines and
empirical studies emphasizing the importance of human
oversight and accountability in AI deployment [81-83]. For
example, the High-Level Expert Group on Artificial Intelligence
listed “human agency and oversight” and “accountability” as a
key requirement of a trustworthy AI. Furthermore, Australia’s
AI ethics principles state that “People responsible for the
different phases of the AI system lifecycle should be identifiable
and accountable for the outcomes of the AI systems, and human
oversight of AI systems should be enabled.” Furthermore, prior
work has shown that acceptance of AI-supported services
increases when users are informed that humans remain in
control, while fear of human replacement can undermine
acceptance [84-88]. This pattern is reflected in many emerging
AI applications in medical imaging, where systems are typically
designed to support clinician decision-making rather than replace
it, such as AI tools developed for ultrasound-based disease
classification and magnetic resonance imaging lesion detection
[89,90].

AI-based image analysis systems are increasingly capable of
high diagnostic performance, reflecting the ongoing emphasis
among the emerging AI interventions to enhance diagnostic
accuracy [91-93]. However, as identified in this review, although
the accuracy of AI was frequently prioritized by patients, it did
not override the preference for human involvement in the use
of AI. Similarly, the emerging AI systems are typically designed
to support clinician decision-making rather than operate
autonomously, reflecting that these models account for
human-in-the-loop requirement. Furthermore, similar to previous
research, this review found that transparency and explainability
support acceptance primarily by boosting patients’ trust rather
than through inducing a detailed technical understanding of AI
among them [94-96].

Studies reported that factors such as privacy and fairness
influenced how patients interpret the benefits and risks of AI,
thereby shaping their trust and accordingly acted as either
facilitators or barriers of acceptance. Concerns related to
privacy, fairness, and bias among patients mirror growing
evidence that these concerns can undermine trust in AI-enabled
health care [88]. Age, gender, and education of patients were
the most commonly studied demographic factors; however,
correlations with patients' optimism toward AI were
not consistent. The inconsistent influence observed in this review
aligns with literature on technology acceptance, which also
found that demographic characteristics do not directly influence
acceptance. Studies on technology acceptance more broadly not
specific to AI found that demographic characteristics such as
education shape an individual’s technological familiarity,
perceived benefits, and expectations of the intervention, which
ultimately influences their acceptance [97]. Despite this,
acceptance can be high or low within each demographic
subgroup and can change over time, as more information about
a new technology becomes available and therefore needs to be
assessed in future studies.

Patients’ individual characteristics like their medical history,
experience with clinical contexts, and personal psychological
factors were noted to act as context-setting factors, influencing
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expectations and sensitivities around AI. Operational factors
such as waiting times and costs were identified as trade-offs,
with patients potentially willing to trade-off some of their health
care professionals’ involvement and accept autonomous use of
AI in their screening or diagnosis for shorter wait times and
reduced costs, or vice versa.

This study has several limitations. First, the conceptual model
is grounded in data extracted from the included studies and
informed by the authors’ interpretation; however, given the
complexity of the relationships identified, not all potential
interactions could be exhaustively represented. Second, the
heterogeneous nature of the included studies and the use of
varying survey tools limited direct comparison and quantitative
synthesis. Third, certain factors such as cultural influence,
socioeconomic status, and race or ethnicity were underreported
across studies. This may limit the depth of conclusions that can
be drawn in these areas and bias the findings toward populations
and health care settings most commonly represented in the
literature. This, therefore, may limit the generalizability of
conclusions to more diverse contexts. Fourth, variations in
terminology and conceptualization of “acceptance” across
studies may affect comparability. Fifth, while the search terms
and search strategy was developed with adequate guidance to
be as exhaustive as possible, there is potential that some relevant
publications may have not made into the search results due to
variations in the keywords or controlled vocabulary used.
Finally, our review focused on peer-reviewed sources reporting
original research, including letters or short reports with sufficient
methodological detail. Therefore, the findings may emphasize
concerns that are more likely to be published, such as privacy,
fairness, or specific medical contexts, and may underrepresent
perspectives reported in conference proceedings, regional
reports, or grey literature. This limitation should be considered
when interpreting the results and designing future studies.

Overall, this review suggests that successful implementation of
AI in medical image analysis should prioritize
human-in-the-loop designs. Policymakers and health care
organizations should focus on building governance frameworks
that strengthen trust, address privacy and fairness concerns, and
ensure that responsibility for AI-assisted decisions remains
clearly assigned to human professionals. Furthermore,
considering the complex relationship among these influencing
factors, with one impacting the other in most instances,
patients’ choice of accepting AI cannot be attributed to one or
a few factors. Instead, promoting acceptance will require a
holistic approach where all influencing factors are considered on
a case-by-case basis. 

Having a standard set of constructs and variables to assess
patients’ acceptance may be beneficial and enable the
development of a structured approach to enhance patient
acceptance of AI. The influencing factors identified in this
review can form the basis for the development of standard
measurement constructs to understand patients' acceptability of
AI in medical image analysis for screening and diagnosis. These
constructs can be further explored and substantiated by
discussions and interviews with patients.

It is important to note that the relationships represented in Figure
3 should not be interpreted as causal pathways. Most included
studies were cross-sectional surveys that assessed reported
preferences or perceptions, often using hypothetical scenarios.
As such, the model represents an interpretive synthesis of
reported associations and patterns in participants’ reasoning
rather than empirically tested mechanisms. The framework is
therefore intended to guide future research that could
prospectively examine these relationships.

Acknowledgments
The authors would like to thank the university librarian for their assistance in developing and refining the search strategy for this
systematic review.

Funding
This research is partly funded by the National Health and Medical Research Council (NHMRC) Centre of Research Excellence
grant (2006551) and NHMRC Synergy grant (2009923). PMK is supported by a research training program scholarship from the
University of Queensland. MJ is funded by an investigator research fellowship from the NHMRC (2034422).

Data Availability
This systematic review was a secondary study; therefore, data availability is not applicable to this article. Details of the search
strategy are included in the Multimedia Appendix 1.

Authors' Contributions
Conceptualization: PMK, MJ, LJC
Data Curation: PMK
Formal analysis: PMK, LJC
Funding acquisition: MJ
Investigation: PMK, LJC
Methodology: PMK, MJ, LJC
Supervision: LJC

Interact J Med Res 2026 | vol. 15 | e92969 | p. 8https://www.i-jmr.org/2026/1/e92969
(page number not for citation purposes)

Kuppanda et alINTERACTIVE JOURNAL OF MEDICAL RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Writing – original draft: PMK
Writing – review and editing: PMK, MJ, LJC
All authors have read and approved the final manuscript.

Conflicts of Interest
None declared.

Multimedia Appendix 1
PRISMA checklist.
[DOCX File , 135 KB-Multimedia Appendix 1]

References

1. Alexander A, Jiang A, Ferreira C, Zurkiya D. An intelligent future for medical imaging: a market outlook on artificial
intelligence for medical imaging. J Am Coll Radiol. Jan 2020;17(1 Pt B):165-170. [FREE Full text] [doi:
10.1016/j.jacr.2019.07.019] [Medline: 31918875]

2. Prakash D, Gupta A. Introduction to computer-aided diagnosis (CAD) tools and applications. In: Gupta A, Neelapu BC,
Rana SS, editors. Computer-Aided Diagnosis (CAD) Tools and Applications for 3D Medical Imaging, Advances in
Computers. Amsterdam. Elsevier; Jan 20, 2025:1-69.

3. Najjar R. Redefining radiology: a review of artificial intelligence integration in medical imaging. Diagnostics (Basel). Aug
25, 2023;13(17):2760. [FREE Full text] [doi: 10.3390/diagnostics13172760] [Medline: 37685300]

4. Savadjiev P, Chong J, Dohan A, Vakalopoulou M, Reinhold C, Paragios N, et al. Demystification of AI-driven medical
image interpretation: past, present and future. Eur Radiol. Mar 2019;29(3):1616-1624. [doi: 10.1007/s00330-018-5674-x]
[Medline: 30105410]

5. Cellina M, Cacioppa LM, Cè M, Chiarpenello V, Costa M, Vincenzo Z, et al. Artificial intelligence in lung cancer screening:
the future is now. Cancers (Basel). Aug 30, 2023;15(17):4344. [FREE Full text] [doi: 10.3390/cancers15174344] [Medline:
37686619]

6. Gohil Z, Desai M. Revolutionizing dermatology: a comprehensive survey of AI-enhanced early skin cancer diagnosis. Arch
Computat Methods Eng. Apr 23, 2024;31(8):4521-4531. [FREE Full text] [doi: 10.1007/s11831-024-10121-7]

7. Darbandi MR, Darbandi M, Darbandi S, Bado I, Hadizadeh M, Khorram Khorshid HR. Artificial intelligence breakthroughs
in pioneering early diagnosis and precision treatment of breast cancer: A multimethod study. Eur J Cancer. Sep
2024;209:114227. [doi: 10.1016/j.ejca.2024.114227] [Medline: 39053289]

8. Liu X, Faes L, Kale AU, Wagner SK, Fu DJ, Bruynseels A, et al. A comparison of deep learning performance against
health-care professionals in detecting diseases from medical imaging: a systematic review and meta-analysis. Lancet Digit
Health. Oct 2019;1(6):e271-e297. [FREE Full text] [doi: 10.1016/S2589-7500(19)30123-2] [Medline: 33323251]

9. Wu JT, Wong KCL, Gur Y, Ansari N, Karargyris A, Sharma A, et al. Comparison of chest radiograph interpretations by
artificial intelligence algorithm vs radiology residents. JAMA Netw Open. Oct 01, 2020;3(10):e2022779. [FREE Full text]
[doi: 10.1001/jamanetworkopen.2020.22779] [Medline: 33034642]

10. Tschandl P, Codella N, Akay BN, Argenziano G, Braun RP, Cabo H, et al. Comparison of the accuracy of human readers
versus machine-learning algorithms for pigmented skin lesion classification: an open, web-based, international, diagnostic
study. Lancet Oncol. Jul 2019;20(7):938-947. [FREE Full text] [doi: 10.1016/S1470-2045(19)30333-X] [Medline: 31201137]

11. Athavale R, Gutiérrez V, Jha S. AI in medicine: an introduction to the potential benefits and challenges, and why doctors
need to be involved. The Obstetric & Gynaecologis. Sep 26, 2024;26(4):177-182. [FREE Full text] [doi: 10.1111/tog.12950]

12. Ali O, Abdelbaki W, Shrestha A, Elbasi E, Alryalat M, Dwivedi Y. A systematic literature review of artificial intelligence
in the healthcare sector: Benefits, challenges, methodologies, and functionalities. Journal of Innovation & Knowledge. Jan
2023;8(1):100333. [FREE Full text] [doi: 10.1016/j.jik.2023.100333]

13. Laï M-C, Brian M, Mamzer M-F. Perceptions of artificial intelligence in healthcare: findings from a qualitative survey
study among actors in France. J Transl Med. Jan 09, 2020;18(1):14. [FREE Full text] [doi: 10.1186/s12967-019-02204-y]
[Medline: 31918710]

14. Tyson A, Pasquini G, Spencer A, Funk C. 60% of Americans would be uncomfortable with provider relying on AI in their
own health care. Pew Research Center. Feb 22, 2023. URL: https://www.pewresearch.org/science/2023/02/22/
60-of-americans-would-be-uncomfortable-with-provider-relying-on-ai-in-their-own-health-care/ [accessed 2025-12-24]

15. Ibba S, Tancredi C, Fantesini A, Cellina M, Presta R, Montanari R, et al. How do patients perceive the AI-radiologists
interaction? Results of a survey on 2119 responders. Eur J Radiol. Aug 2023;165:110917. [doi: 10.1016/j.ejrad.2023.110917]
[Medline: 37327548]

16. Shamszare H, Choudhury A. Clinicians' perceptions of artificial intelligence: focus on workload, risk, trust, clinical decision
making, and clinical integration. Healthcare (Basel). Aug 16, 2023;11(16):2308. [FREE Full text] [doi:
10.3390/healthcare11162308] [Medline: 37628506]

Interact J Med Res 2026 | vol. 15 | e92969 | p. 9https://www.i-jmr.org/2026/1/e92969
(page number not for citation purposes)

Kuppanda et alINTERACTIVE JOURNAL OF MEDICAL RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=ijmr_v15i1e92969_app1.docx&filename=93aefc1fa151bbe9e9401538f6dda160.docx
https://jmir.org/api/download?alt_name=ijmr_v15i1e92969_app1.docx&filename=93aefc1fa151bbe9e9401538f6dda160.docx
https://linkinghub.elsevier.com/retrieve/pii/S1546-1440(19)30863-4
http://dx.doi.org/10.1016/j.jacr.2019.07.019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31918875&dopt=Abstract
https://www.mdpi.com/resolver?pii=diagnostics13172760
http://dx.doi.org/10.3390/diagnostics13172760
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37685300&dopt=Abstract
http://dx.doi.org/10.1007/s00330-018-5674-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30105410&dopt=Abstract
https://www.mdpi.com/resolver?pii=cancers15174344
http://dx.doi.org/10.3390/cancers15174344
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37686619&dopt=Abstract
https://doi.org/10.1007/s11831-024-10121-7
http://dx.doi.org/10.1007/s11831-024-10121-7
http://dx.doi.org/10.1016/j.ejca.2024.114227
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39053289&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(19)30123-2
http://dx.doi.org/10.1016/S2589-7500(19)30123-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33323251&dopt=Abstract
https://europepmc.org/abstract/MED/33034642
http://dx.doi.org/10.1001/jamanetworkopen.2020.22779
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33034642&dopt=Abstract
https://europepmc.org/abstract/MED/31201137
http://dx.doi.org/10.1016/S1470-2045(19)30333-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31201137&dopt=Abstract
https://doi.org/10.1111/tog.12950
http://dx.doi.org/10.1111/tog.12950
https://doi.org/10.1016/j.jik.2023.100333
http://dx.doi.org/10.1016/j.jik.2023.100333
https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-019-02204-y
http://dx.doi.org/10.1186/s12967-019-02204-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31918710&dopt=Abstract
https://www.pewresearch.org/science/2023/02/22/60-of-americans-would-be-uncomfortable-with-provider-relying-on-ai-in-their-own-health-care/
https://www.pewresearch.org/science/2023/02/22/60-of-americans-would-be-uncomfortable-with-provider-relying-on-ai-in-their-own-health-care/
http://dx.doi.org/10.1016/j.ejrad.2023.110917
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37327548&dopt=Abstract
https://www.mdpi.com/resolver?pii=healthcare11162308
http://dx.doi.org/10.3390/healthcare11162308
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37628506&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


17. Hua D, Petrina N, Young N, Cho J-G, Poon SK. Understanding the factors influencing acceptability of AI in medical
imaging domains among healthcare professionals: a scoping review. Artif Intell Med. Jan 2024;147:102698. [FREE Full
text] [doi: 10.1016/j.artmed.2023.102698] [Medline: 38184343]

18. Chew HSJ, Achananuparp P. Perceptions and needs of artificial intelligence in health care to increase adoption: scoping
review. J Med Internet Res. Jan 14, 2022;24(1):e32939. [FREE Full text] [doi: 10.2196/32939] [Medline: 35029538]

19. Ongena YP, Haan M, Yakar D, Kwee TC. Patients' views on the implementation of artificial intelligence in radiology:
development and validation of a standardized questionnaire. Eur Radiol. Feb 2020;30(2):1033-1040. [FREE Full text] [doi:
10.1007/s00330-019-06486-0] [Medline: 31705254]

20. Booth A. Clear and present questions: formulating questions for evidence based practice. Library hi tech. 2006:355-368.
[FREE Full text] [doi: 10.1108/07378830610692127]

21. Kuppanda PM, Caffery LJ. Constructs influencing patient experience or perception of use of artificial intelligence (AI) in
medical imaging diagnostics? A systematic review. PROSPERO. Aug 03, 2024. URL: https://www.crd.york.ac.uk/
PROSPERO/view/CRD42024571707 [accessed 2024-08-31]

22. Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, et al. The PRISMA 2020 statement: an updated
guideline for reporting systematic reviews. BMJ. Mar 29, 2021;372:n71. [FREE Full text] [doi: 10.1136/bmj.n71] [Medline:
33782057]

23. Critical appraisal tools. Joanna Briggs Institute. URL: https://jbi.global/critical-appraisal-tools [accessed 2025-08-31]
24. Xuereb F, Portelli DJL. The knowledge and perception of patients in Malta towards artificial intelligence in medical imaging.

J Med Imaging Radiat Sci. Dec 2024;55(4):101743. [FREE Full text] [doi: 10.1016/j.jmir.2024.101743] [Medline: 39317135]
25. Fransen SJ, Kwee TC, Rouw D, Roest C, van Lohuizen QY, Simonis FFJ, et al. Patient perspectives on the use of artificial

intelligence in prostate cancer diagnosis on MRI. Eur Radiol. Feb 2025;35(2):769-775. [doi: 10.1007/s00330-024-11012-y]
[Medline: 39143247]

26. Popic D, Marinovich ML, Houssami N, Hall J, Carter SM. How should artificial intelligence be used in breast screening?
Women's reasoning about workflow options. PLoS One. 2025;20(5):e0323528. [FREE Full text] [doi:
10.1371/journal.pone.0323528] [Medline: 40446203]

27. Goessinger EV, Niederfeilner J, Cerminara S, Maul J, Kostner L, Kunz M, et al. Patient and dermatologists' perspectives
on augmented intelligence for melanoma screening: A prospective study. J Eur Acad Dermatol Venereol. Dec
2024;38(12):2240-2249. [doi: 10.1111/jdv.19905] [Medline: 38411348]

28. Lee L, Salami RK, Martin H, Shantharam L, Thomas K, Ashworth E, et al. "How I would like AI used for my imaging":
children and young persons' perspectives. Eur Radiol. Dec 2024;34(12):7751-7764. [doi: 10.1007/s00330-024-10839-9]
[Medline: 38900281]

29. Rodler S, Kopliku R, Ulrich D, Kaltenhauser A, Casuscelli J, Eismann L, et al. Patients' trust in artificial intelligence-based
decision-making for localized prostate cancer: results from a prospective trial. Eur Urol Focus. Jul 2024;10(4):654-661.
[doi: 10.1016/j.euf.2023.10.020] [Medline: 37923632]

30. Clements W, Thong L, Zia A, Moriarty H, Goh G. A prospective study assessing patient perception of the use of artificial
intelligence in radiology. APJHM. Apr 07, 2022:1. [FREE Full text] [doi: 10.24083/apjhm.v17i1.861]

31. Fink C, Uhlmann L, Hofmann M, Forschner A, Eigentler T, Garbe C, et al. Patient acceptance and trust in automated
computer-assisted diagnosis of melanoma with dermatofluoroscopy. J Dtsch Dermatol Ges. Jul 2018;16(7):854-859. [doi:
10.1111/ddg.13562] [Medline: 29927518]

32. Gatting L, Ahmed S, Meccheri P, Newlands R, Kehagia AA, Waller J. Acceptability of artificial intelligence in breast
screening: focus groups with the screening-eligible population in England. BMJ Public Health. Dec 2024;2(2):e000892.
[doi: 10.1136/bmjph-2024-000892] [Medline: 40018529]

33. Wahlich C, Chandrasekaran L, Chaudhry UAR, Willis K, Chambers R, Bolter L, et al. Patient and practitioner perceptions
around use of artificial intelligence within the English NHS diabetic eye screening programme. Diabetes Res Clin Pract.
Jan 2025;219:111964. [doi: 10.1016/j.diabres.2024.111964] [Medline: 39709112]

34. Malerbi FK, Mezzomo Ventura B, Fischer M, Penha FM. Patients perceptions of artificial intelligence in a deep
learning-assisted diabetic retinopathy screening event: a real-world assessment. J Diabetes Sci Technol. May
2024;18(3):750-751. [doi: 10.1177/19322968241234378] [Medline: 38404014]

35. Palmisciano P, Jamjoom AAB, Taylor D, Stoyanov D, Marcus HJ. Attitudes of patients and their relatives toward artificial
intelligence in neurosurgery. World Neurosurg. Jun 2020;138:e627-e633. [doi: 10.1016/j.wneu.2020.03.029] [Medline:
32179185]

36. Viberg Johansson J, Dembrower K, Strand F, Grauman A. Women's perceptions and attitudes towards the use of AI in
mammography in Sweden: a qualitative interview study. BMJ Open. Feb 14, 2024;14(2):e084014. [FREE Full text] [doi:
10.1136/bmjopen-2024-084014] [Medline: 38355190]

37. Lennox-Chhugani N, Chen Y, Pearson V, Trzcinski B, James J. Women's attitudes to the use of AI image readers: a case
study from a national breast screening programme. BMJ Health Care Inform. Mar 2021;28(1):e100293. [FREE Full text]
[doi: 10.1136/bmjhci-2020-100293] [Medline: 33795236]

Interact J Med Res 2026 | vol. 15 | e92969 | p. 10https://www.i-jmr.org/2026/1/e92969
(page number not for citation purposes)

Kuppanda et alINTERACTIVE JOURNAL OF MEDICAL RESEARCH

XSL•FO
RenderX

https://linkinghub.elsevier.com/retrieve/pii/S0933-3657(23)00212-9
https://linkinghub.elsevier.com/retrieve/pii/S0933-3657(23)00212-9
http://dx.doi.org/10.1016/j.artmed.2023.102698
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38184343&dopt=Abstract
https://www.jmir.org/2022/1/e32939/
http://dx.doi.org/10.2196/32939
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35029538&dopt=Abstract
https://europepmc.org/abstract/MED/31705254
http://dx.doi.org/10.1007/s00330-019-06486-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31705254&dopt=Abstract
https://doi.org/10.1108/07378830610692127
http://dx.doi.org/10.1108/07378830610692127
https://www.crd.york.ac.uk/PROSPERO/view/CRD42024571707
https://www.crd.york.ac.uk/PROSPERO/view/CRD42024571707
https://www.bmj.com/lookup/pmidlookup?view=long&pmid=33782057
http://dx.doi.org/10.1136/bmj.n71
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33782057&dopt=Abstract
https://jbi.global/critical-appraisal-tools
https://linkinghub.elsevier.com/retrieve/pii/S1939-8654(24)00474-0
http://dx.doi.org/10.1016/j.jmir.2024.101743
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39317135&dopt=Abstract
http://dx.doi.org/10.1007/s00330-024-11012-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39143247&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0323528
http://dx.doi.org/10.1371/journal.pone.0323528
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40446203&dopt=Abstract
http://dx.doi.org/10.1111/jdv.19905
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38411348&dopt=Abstract
http://dx.doi.org/10.1007/s00330-024-10839-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38900281&dopt=Abstract
http://dx.doi.org/10.1016/j.euf.2023.10.020
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37923632&dopt=Abstract
https://doi.org/10.24083/apjhm.v17i1.861
http://dx.doi.org/10.24083/apjhm.v17i1.861
http://dx.doi.org/10.1111/ddg.13562
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29927518&dopt=Abstract
http://dx.doi.org/10.1136/bmjph-2024-000892
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40018529&dopt=Abstract
http://dx.doi.org/10.1016/j.diabres.2024.111964
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39709112&dopt=Abstract
http://dx.doi.org/10.1177/19322968241234378
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38404014&dopt=Abstract
http://dx.doi.org/10.1016/j.wneu.2020.03.029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32179185&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=38355190
http://dx.doi.org/10.1136/bmjopen-2024-084014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38355190&dopt=Abstract
https://informatics.bmj.com/lookup/pmidlookup?view=long&pmid=33795236
http://dx.doi.org/10.1136/bmjhci-2020-100293
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33795236&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


38. Haan M, Ongena YP, Hommes S, Kwee TC, Yakar D. A qualitative study to understand patient perspective on the use of
artificial intelligence in radiology. J Am Coll Radiol. Oct 2019;16(10):1416-1419. [doi: 10.1016/j.jacr.2018.12.043]
[Medline: 30878311]

39. El-Sayed MZ, Rawashdeh M, Moossa A, Atfah M, Prajna B, Ali M. Patient perspectives on AI in radiology: insights from
the United Arab Emirates. Clin Imaging. Sep 2025;125:110543. [doi: 10.1016/j.clinimag.2025.110543] [Medline: 40513450]

40. Bahakeem BH, Alobaidi SF, Alzahrani AS, Alhasawi R, Alzahrani A, Alqahtani W, et al. The general population's
perspectives on implementation of artificial intelligence in radiology in the western region of Saudi Arabia. Cureus. Apr
2023;15(4):e37391. [FREE Full text] [doi: 10.7759/cureus.37391] [Medline: 37182053]

41. Pelayo C, Hoang J, Mora Pinzón M, Lock LJ, Fowlkes C, Stevens CL, et al. Perspectives of Latinx patients with diabetes
on teleophthalmology, artificial intelligence-based image interpretation, and virtual care: a qualitative study. Telemed Rep.
2023;4(1):317-326. [FREE Full text] [doi: 10.1089/tmr.2023.0045] [Medline: 37908628]

42. Baghdadi LR, Mobeirek AA, Alhudaithi DR, Albenmousa FA, Alhadlaq LS, Alaql MS, et al. Patients' attitudes toward the
use of artificial intelligence as a diagnostic tool in radiology in Saudi Arabia: cross-sectional study. JMIR Hum Factors.
Aug 07, 2024;11:e53108. [doi: 10.2196/53108] [Medline: 39110973]

43. Nelson CA, Pérez-Chada LM, Creadore A, Li SJ, Lo K, Manjaly P, et al. Patient perspectives on the use of artificial
intelligence for skin cancer screening: a qualitative study. JAMA Dermatol. May 01, 2020;156(5):501-512. [FREE Full
text] [doi: 10.1001/jamadermatol.2019.5014] [Medline: 32159733]

44. Carter SM, Carolan L, Saint James Aquino Y, Frazer H, Rogers WA, Hall J, et al. Australian women's judgements about
using artificial intelligence to read mammograms in breast cancer screening. Digit Health. 2023;9:20552076231191057.
[FREE Full text] [doi: 10.1177/20552076231191057] [Medline: 37559826]

45. Manning F, Mahmoud A, Meertens R. Understanding patient views and acceptability of predictive software in osteoporosis
identification. Radiography (Lond). Oct 2023;29(6):1046-1053. [FREE Full text] [doi: 10.1016/j.radi.2023.08.011] [Medline:
37734275]

46. Frühauf J, Leinweber B, Fink-Puches R, Ahlgrimm-Siess V, Richtig E, Wolf IH, et al. Patient acceptance and diagnostic
utility of automated digital image analysis of pigmented skin lesions. J Eur Acad Dermatol Venereol. Mar 2012;26(3):368-372.
[doi: 10.1111/j.1468-3083.2011.04081.x] [Medline: 21504486]

47. Ongena YP, Yakar D, Haan M, Kwee TC. Artificial intelligence in screening mammography: a population survey of
women's preferences. J Am Coll Radiol. Jan 2021;18(1 Pt A):79-86. [FREE Full text] [doi: 10.1016/j.jacr.2020.09.042]
[Medline: 33058789]

48. Miró Catalina Q, Femenia J, Fuster-Casanovas A, Marin-Gomez FX, Escalé-Besa A, Solé-Casals J, et al. Knowledge and
perception of the use of AI and its implementation in the field of radiology: cross-sectional study. J Med Internet Res. Oct
13, 2023;25:e50728. [FREE Full text] [doi: 10.2196/50728] [Medline: 37831495]

49. Baillie L, Stewart-Lord A, Thomas N, Frings D. Patients', clinicians' and developers' perspectives and experiences of
artificial intelligence in cardiac healthcare: a qualitative study. Digit Health. 2025;11:20552076251328578. [FREE Full
text] [doi: 10.1177/20552076251328578] [Medline: 40534891]

50. Holen S, Martiniussen MA, Bergan MB, Moshina N, Hovda T, Hofvind S. Women's attitudes and perspectives on the use
of artificial intelligence in the assessment of screening mammograms. Eur J Radiol. Jun 2024;175:111431. [doi:
10.1016/j.ejrad.2024.111431] [Medline: 38520804]

51. Arora PC, Sandhu KK, Arora A, Gupta A, Waghmare M, Rampal V. Acceptability of artificial intelligence in dental
radiology among patients in India: are we ready for this revolution? Oral Radiol. Jan 2025;41(1):69-77. [doi:
10.1007/s11282-024-00777-z] [Medline: 39384683]

52. Yap A, Wilkinson B, Chen E, Han L, Vaghefi E, Galloway C, et al. Patients perceptions of artificial intelligence in diabetic
eye screening. Asia Pac J Ophthalmol (Phila). May 01, 2022;11(3):287-293. [FREE Full text] [doi:
10.1097/APO.0000000000000525] [Medline: 35772087]

53. Foresman G, Biro J, Tran A, MacRae K, Kazi S, Schubel L, et al. Patient perspectives on artificial intelligence in health
care: focus group study for diagnostic communication and tool implementation. J Particip Med. Jul 24, 2025;17:e69564.
[FREE Full text] [doi: 10.2196/69564] [Medline: 40705399]

54. Jonmarker O, Strand F, Brandberg Y, Lindholm P. The future of breast cancer screening: what do participants in a breast
cancer screening program think about automation using artificial intelligence? Acta Radiol Open. Dec
2019;8(12):2058460119880315. [FREE Full text] [doi: 10.1177/2058460119880315] [Medline: 31839989]

55. Agarwal G, Salami RK, Lee L, Martin H, Shantharam L, Thomas K, et al. Parental and carer views on the use of AI in
imaging for children: a national survey. Insights Imaging. Aug 09, 2025;16(1):172. [doi: 10.1186/s13244-025-02021-6]
[Medline: 40782183]

56. Ozcan BB, Dogan BE, Xi Y, Knippa EE. Patient perception of artificial intelligence use in interpretation of screening
mammograms: a survey study. Radiol Imaging Cancer. May 2025;7(3):e240290. [doi: 10.1148/rycan.240290] [Medline:
40249272]

57. Kosan E, Krois J, Wingenfeld K, Deuter CE, Gaudin R, Schwendicke F. Patients' perspectives on artificial intelligence in
dentistry: a controlled study. J Clin Med. Apr 12, 2022;11(8):2143. [FREE Full text] [doi: 10.3390/jcm11082143] [Medline:
35456236]

Interact J Med Res 2026 | vol. 15 | e92969 | p. 11https://www.i-jmr.org/2026/1/e92969
(page number not for citation purposes)

Kuppanda et alINTERACTIVE JOURNAL OF MEDICAL RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1016/j.jacr.2018.12.043
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30878311&dopt=Abstract
http://dx.doi.org/10.1016/j.clinimag.2025.110543
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40513450&dopt=Abstract
https://europepmc.org/abstract/MED/37182053
http://dx.doi.org/10.7759/cureus.37391
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37182053&dopt=Abstract
https://europepmc.org/abstract/MED/37908628
http://dx.doi.org/10.1089/tmr.2023.0045
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37908628&dopt=Abstract
http://dx.doi.org/10.2196/53108
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39110973&dopt=Abstract
https://europepmc.org/abstract/MED/32159733
https://europepmc.org/abstract/MED/32159733
http://dx.doi.org/10.1001/jamadermatol.2019.5014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32159733&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/20552076231191057?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/20552076231191057
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37559826&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1078-8174(23)00163-3
http://dx.doi.org/10.1016/j.radi.2023.08.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37734275&dopt=Abstract
http://dx.doi.org/10.1111/j.1468-3083.2011.04081.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21504486&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1546-1440(20)30989-3
http://dx.doi.org/10.1016/j.jacr.2020.09.042
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33058789&dopt=Abstract
https://www.jmir.org/2023//e50728/
http://dx.doi.org/10.2196/50728
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37831495&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/20552076251328578?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
https://journals.sagepub.com/doi/10.1177/20552076251328578?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/20552076251328578
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40534891&dopt=Abstract
http://dx.doi.org/10.1016/j.ejrad.2024.111431
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38520804&dopt=Abstract
http://dx.doi.org/10.1007/s11282-024-00777-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39384683&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2162-0989(23)00712-0
http://dx.doi.org/10.1097/APO.0000000000000525
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35772087&dopt=Abstract
https://jopm.jmir.org/2025//e69564/
http://dx.doi.org/10.2196/69564
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40705399&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/2058460119880315?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/2058460119880315
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31839989&dopt=Abstract
http://dx.doi.org/10.1186/s13244-025-02021-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40782183&dopt=Abstract
http://dx.doi.org/10.1148/rycan.240290
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40249272&dopt=Abstract
https://www.mdpi.com/resolver?pii=jcm11082143
http://dx.doi.org/10.3390/jcm11082143
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35456236&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


58. Jagemann I, Wensing O, Stegemann M, Hirschfeld G. Acceptance of medical artificial intelligence in skin cancer screening:
choice-based conjoint survey. JMIR Form Res. Jan 12, 2024;8:e46402. [FREE Full text] [doi: 10.2196/46402] [Medline:
38214959]

59. Kawsar A, Hussain K, Kalsi D, Kemos P, Marsden H, Thomas L. Patient perspectives of artificial intelligence as a medical
device in a skin cancer pathway. Front Med (Lausanne). 2023;10:1259595. [FREE Full text] [doi:
10.3389/fmed.2023.1259595] [Medline: 38046409]

60. Pesapane F, Rotili A, Valconi E, Agazzi GM, Montesano M, Penco S, et al. Women's perceptions and attitudes to the use
of AI in breast cancer screening: a survey in a cancer referral centre. Br J Radiol. Jan 01, 2023;96(1141):20220569. [doi:
10.1259/bjr.20220569] [Medline: 36314388]

61. Woode ME, De Silva Perera U, Degeling C, Aquino YSJ, Houssami N, Carter SM, et al. Preferences for the use of artificial
intelligence for breast cancer screening in Australia: a discrete choice experiment. Patient. Sep 2025;18(5):495-510. [doi:
10.1007/s40271-025-00742-w] [Medline: 40347323]

62. McGhee KN, Barrett DJ, Safarini O, Elkassem AA, Eddins JT, Smith AD, et al. Patient preferences for artificial intelligence
in medical imaging: a single-center cross-sectional survey. J Imaging Inform Med. Apr 2026;39(2):1100-1112. [doi:
10.1007/s10278-025-01629-w] [Medline: 40775178]

63. Pearce A, Carter S, Frazer HM, Houssami N, Macheras-Magias M, Webb G, et al. Implementing artificial intelligence in
breast cancer screening: women's preferences. Cancer. May 01, 2025;131(9):e35859. [FREE Full text] [doi:
10.1002/cncr.35859] [Medline: 40262029]

64. Lim K, Neal-Smith G, Mitchell C, Xerri J, Chuanromanee P. Perceptions of the use of artificial intelligence in the diagnosis
of skin cancer: an outpatient survey. Clin Exp Dermatol. Mar 2022;47(3):542-546. [doi: 10.1111/ced.14969] [Medline:
34610153]

65. Tirapelli C, Gaêta-Araujo H, Costa ED, Scarfe WC, Oliveira-Santos C, Fischer KM, et al. Patient perceptions of artificial
intelligence in dental imaging diagnostics: a multicentre survey. Dentomaxillofac Radiol. Sep 01, 2025;54(6):427-436.
[doi: 10.1093/dmfr/twaf018] [Medline: 40080713]

66. Lysø EH, Hesjedal MB, Skolbekken J, Solbjør M. Men's sociotechnical imaginaries of artificial intelligence for prostate
cancer diagnostics - a focus group study. Soc Sci Med. Apr 2024;347:116771. [FREE Full text] [doi:
10.1016/j.socscimed.2024.116771] [Medline: 38537333]

67. Adams SJ, Tang R, Babyn P. Patient perspectives and priorities regarding artificial intelligence in radiology: opportunities
for patient-centered radiology. J Am Coll Radiol. Aug 2020;17(8):1034-1036. [doi: 10.1016/j.jacr.2020.01.007] [Medline:
32068006]

68. Jutzi TB, Krieghoff-Henning EI, Holland-Letz T, Utikal JS, Hauschild A, Schadendorf D, et al. Artificial intelligence in
skin cancer diagnostics: the patients' perspective. Front Med (Lausanne). 2020;7:233. [FREE Full text] [doi:
10.3389/fmed.2020.00233] [Medline: 32671078]

69. Whitestone N, Nkurikiye J, Patnaik JL, Jaccard N, Lanouette G, Cherwek DH, et al. Feasibility and acceptance of artificial
intelligence-based diabetic retinopathy screening in Rwanda. Br J Ophthalmol. May 21, 2024;108(6):840-845. [doi:
10.1136/bjo-2022-322683] [Medline: 37541766]

70. York T, Jenney H, Jones G. Clinician and computer: a study on patient perceptions of artificial intelligence in skeletal
radiography. BMJ Health Care Inform. Nov 2020;27(3):e100233. [FREE Full text] [doi: 10.1136/bmjhci-2020-100233]
[Medline: 33187956]

71. Ye T, Xue J, He M, Gu J, Lin H, Xu B, et al. Psychosocial factors affecting artificial intelligence adoption in health care
in China: cross-sectional study. J Med Internet Res. Oct 17, 2019;21(10):e14316. [FREE Full text] [doi: 10.2196/14316]
[Medline: 31625950]

72. Yakar D, Ongena YP, Kwee TC, Haan M. Do people favor artificial intelligence over physicians? a survey among the
general population and their view on artificial intelligence in medicine. Value Health. Mar 2022;25(3):374-381. [doi:
10.1016/j.jval.2021.09.004] [Medline: 35227448]

73. Shah P, Mishra D, Shanmugam M, Vighnesh MJ, Jayaraj H. Acceptability of artificial intelligence-based retina screening
in general population. Indian J Ophthalmol. Apr 2022;70(4):1140-1144. [FREE Full text] [doi: 10.4103/ijo.IJO_1840_21]
[Medline: 35326001]

74. Sachdeva M, Datchoua AM, Yakam VF, Kenfack B, Jonnalagedda-Cattin M, Thiran J-P, et al. Acceptability of artificial
intelligence for cervical cancer screening in Dschang, Cameroon: a qualitative study on patient perspectives. Reprod Health.
Jun 28, 2024;21(1):92. [FREE Full text] [doi: 10.1186/s12978-024-01828-8] [Medline: 38937771]

75. Schmidt KA, Sood S, Dilmaghani S, Leggett C, Dierkhising R, Goyal M, et al. Understanding patients’current acceptability
of artificial intelligence during colonoscopy for polyp detection: a single-center study. Techniques and Innovations in
Gastrointestinal Endoscopy. 2025;27(2):250905. [doi: 10.1016/j.tige.2024.250905]

76. Keel S, Lee PY, Scheetz J, Li Z, Kotowicz MA, MacIsaac RJ, et al. Feasibility and patient acceptability of a novel artificial
intelligence-based screening model for diabetic retinopathy at endocrinology outpatient services: a pilot study. Sci Rep.
Mar 12, 2018;8(1):4330. [doi: 10.1038/s41598-018-22612-2] [Medline: 29531299]

Interact J Med Res 2026 | vol. 15 | e92969 | p. 12https://www.i-jmr.org/2026/1/e92969
(page number not for citation purposes)

Kuppanda et alINTERACTIVE JOURNAL OF MEDICAL RESEARCH

XSL•FO
RenderX

https://formative.jmir.org/2024//e46402/
http://dx.doi.org/10.2196/46402
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38214959&dopt=Abstract
https://europepmc.org/abstract/MED/38046409
http://dx.doi.org/10.3389/fmed.2023.1259595
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38046409&dopt=Abstract
http://dx.doi.org/10.1259/bjr.20220569
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36314388&dopt=Abstract
http://dx.doi.org/10.1007/s40271-025-00742-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40347323&dopt=Abstract
http://dx.doi.org/10.1007/s10278-025-01629-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40775178&dopt=Abstract
https://onlinelibrary.wiley.com/doi/10.1002/cncr.35859
http://dx.doi.org/10.1002/cncr.35859
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40262029&dopt=Abstract
http://dx.doi.org/10.1111/ced.14969
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34610153&dopt=Abstract
http://dx.doi.org/10.1093/dmfr/twaf018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40080713&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0277-9536(24)00215-6
http://dx.doi.org/10.1016/j.socscimed.2024.116771
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38537333&dopt=Abstract
http://dx.doi.org/10.1016/j.jacr.2020.01.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32068006&dopt=Abstract
https://europepmc.org/abstract/MED/32671078
http://dx.doi.org/10.3389/fmed.2020.00233
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32671078&dopt=Abstract
http://dx.doi.org/10.1136/bjo-2022-322683
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37541766&dopt=Abstract
https://informatics.bmj.com/lookup/pmidlookup?view=long&pmid=33187956
http://dx.doi.org/10.1136/bmjhci-2020-100233
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33187956&dopt=Abstract
https://www.jmir.org/2019/10/e14316/
http://dx.doi.org/10.2196/14316
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31625950&dopt=Abstract
http://dx.doi.org/10.1016/j.jval.2021.09.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35227448&dopt=Abstract
https://europepmc.org/abstract/MED/35326001
http://dx.doi.org/10.4103/ijo.IJO_1840_21
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35326001&dopt=Abstract
https://reproductive-health-journal.biomedcentral.com/articles/10.1186/s12978-024-01828-8
http://dx.doi.org/10.1186/s12978-024-01828-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38937771&dopt=Abstract
http://dx.doi.org/10.1016/j.tige.2024.250905
http://dx.doi.org/10.1038/s41598-018-22612-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29531299&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


77. Haggenmüller S, Maron RC, Hekler A, Krieghoff-Henning E, Utikal JS, Gaiser M, et al. Collaborators. Patients' and
dermatologists' preferences in artificial intelligence-driven skin cancer diagnostics: A prospective multicentric survey study.
J Am Acad Dermatol. Aug 2024;91(2):366-370. [FREE Full text] [doi: 10.1016/j.jaad.2024.04.033] [Medline: 38670313]

78. Dontchos BN, Dodelzon K, Bhole S, Edmonds CE, Mullen LA, Parikh JR, et al. Opinions and preferences regarding
artificial intelligence use in health care delivery: results from a national multisite survey of breast imaging patients. J Am
Coll Radiol. Sep 2025;22(9):1032-1040. [doi: 10.1016/j.jacr.2025.05.001] [Medline: 40339678]

79. Ayad N, Schwendicke F, Krois J, van den Bosch S, Bergé S, Bohner L, et al. Patients' perspectives on the use of artificial
intelligence in dentistry: a regional survey. Head Face Med. Jun 22, 2023;19(1):23. [FREE Full text] [doi:
10.1186/s13005-023-00368-z] [Medline: 37349791]

80. Bahadir HS, Keskin NB, Çakmak EŞK, Güneç G, Cesur Aydin K, Peker F. Patients' attitudes toward artificial intelligence
in dentistry and their trust in dentists. Oral Radiol. Jan 09, 2025;41(1):52-59. [doi: 10.1007/s11282-024-00775-1] [Medline:
39379636]

81. Assessment List for Trustworthy Artificial Intelligence (ALTAI) for self-assessment. EU-Commission. URL: https:/
/digital-strategy.ec.europa.eu/en/library/assessment-list-trustworthy-artificial-intelligence-altai-self-assessment [accessed
2025-11-01]

82. Australia’s AI ethics principles. Australian Government, Department of Industry, Science and Resources. Nov 07, 2019.
URL: https://www.industry.gov.au/publications/australias-artificial-intelligence-ethics-principles [accessed 2025-11-06]

83. Ploug T, Sundby A, Moeslund TB, Holm S. Population preferences for performance and explainability of artificial intelligence
in health care: choice-based conjoint survey. J Med Internet Res. Dec 13, 2021;23(12):e26611-e26626. [FREE Full text]
[doi: 10.2196/26611] [Medline: 34898454]

84. Aoki N. The importance of the assurance that “humans are still in the decision loop” for public trust in artificial intelligence:
Evidence from an online experiment. Computers in Human Behavior. Jan 2021;114:106572. [FREE Full text] [doi:
10.1016/j.chb.2020.106572]

85. Tran V-T, Riveros C, Ravaud P. Patients' views of wearable devices and AI in healthcare: findings from the ComPaRe
e-cohort. NPJ Digit Med. 2019;2:53. [FREE Full text] [doi: 10.1038/s41746-019-0132-y] [Medline: 31304399]

86. Gaube S, Biebl I, Engelmann MKM, Kleine A-K, Lermer E. Comparing preferences for skin cancer screening: AI-enabled
app vs dermatologist. Soc Sci Med. May 2024;349:116871. [FREE Full text] [doi: 10.1016/j.socscimed.2024.116871]
[Medline: 38640741]

87. Li Y, Wu B, Huang Y, Luan S. Developing trustworthy artificial intelligence: insights from research on interpersonal,
human-automation, and human-AI trust. Front Psychol. 2024;15:1382693. [FREE Full text] [doi:
10.3389/fpsyg.2024.1382693] [Medline: 38694439]

88. Gillespie N, Lockey S, Curtis C, Pool J, Akbari A. Trust in artificial intelligence: a global study. The University of Queensland
and KPMG Australia. URL: https://ai.uq.edu.au/project/trust-artificial-intelligence-global-study [accessed 2025-09-16]

89. Wu M, Yan C, Sen G. Computer-aided diagnosis of hepatic cystic echinococcosis based on deep transfer learning features
from ultrasound images. Sci Rep. Jan 03, 2025;15(1):607. [FREE Full text] [doi: 10.1038/s41598-024-85004-9] [Medline:
39753933]

90. Guo T, Luan J, Gao J, Liu B, Shen T, Yu H, et al. Computer-aided diagnosis of pituitary microadenoma on dynamic
contrast-enhanced MRI based on spatio-temporal features. Expert Systems with Applications. Jan 2025;260:125414. [FREE
Full text] [doi: 10.1016/j.eswa.2024.125414]

91. Chen Y, Feng L, Zheng C, Zhou T, Liu L, Liu P, et al. LDANet: Automatic lung parenchyma segmentation from CT images.
Comput Biol Med. Mar 2023;155:106659. [doi: 10.1016/j.compbiomed.2023.106659] [Medline: 36791550]

92. Liang X, Chen S, Shu L, Wang D, Chen Q, Cao Y, et al. Enhancing polyp detection in endoscopy with cross-channel
self-attention fusion. Smart Health. Jun 2025;36:100578. [FREE Full text] [doi: 10.1016/j.smhl.2025.100578]

93. He Y, Chen Q, Xiong Z, Liang X, Cao Y, Liu B. One-stage framework for thyroid nodule detection with mixup and negative
sample utilization. 2025. Presented at: 2025 IEEE International Conference on Image Processing (ICIP); September 14-17,
2025; Anchorage, AK, USA. [doi: 10.1109/ICIP55913.2025.11084660]

94. Ploug T, Holm S. Right to contest AI diagnostics. In: Lidströmer N, Ashrafian H, editors. Artificial Intelligence in Medicine.
Switzerland. Springer; Feb 18, 2022:227-238.

95. Beltrami EJ, Brown AC, Salmon PJM, Leffell DJ, Ko JM, Grant-Kels JM. Artificial intelligence in the detection of skin
cancer. J Am Acad Dermatol. Dec 2022;87(6):1336-1342. [FREE Full text] [doi: 10.1016/j.jaad.2022.08.028] [Medline:
35998842]

96. Phung M, Muralidharan V, Rotemberg V, Novoa RA, Chiou AS, Sadée CY, et al. Best practices for clinical skin image
acquisition in translational artificial intelligence research. J Invest Dermatol. Jul 2023;143(7):1127-1132. [FREE Full text]
[doi: 10.1016/j.jid.2023.02.035] [Medline: 37353282]

97. Porter C, Donthu N. Using the technology acceptance model to explain how attitudes determine internet usage: the role of
perceived access barriers and demographics. Journal of Business Research. Sep 2006;59(9):999-1007. [FREE Full text]
[doi: 10.1016/j.jbusres.2006.06.003]

Interact J Med Res 2026 | vol. 15 | e92969 | p. 13https://www.i-jmr.org/2026/1/e92969
(page number not for citation purposes)

Kuppanda et alINTERACTIVE JOURNAL OF MEDICAL RESEARCH

XSL•FO
RenderX

https://linkinghub.elsevier.com/retrieve/pii/S0190-9622(24)00649-2
http://dx.doi.org/10.1016/j.jaad.2024.04.033
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38670313&dopt=Abstract
http://dx.doi.org/10.1016/j.jacr.2025.05.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40339678&dopt=Abstract
https://head-face-med.biomedcentral.com/articles/10.1186/s13005-023-00368-z
http://dx.doi.org/10.1186/s13005-023-00368-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37349791&dopt=Abstract
http://dx.doi.org/10.1007/s11282-024-00775-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39379636&dopt=Abstract
https://digital-strategy.ec.europa.eu/en/library/assessment-list-trustworthy-artificial-intelligence-altai-self-assessment
https://digital-strategy.ec.europa.eu/en/library/assessment-list-trustworthy-artificial-intelligence-altai-self-assessment
https://www.industry.gov.au/publications/australias-artificial-intelligence-ethics-principles
https://www.jmir.org/2021/12/e26611/
http://dx.doi.org/10.2196/26611
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34898454&dopt=Abstract
https://doi.org/10.1016/j.chb.2020.106572
http://dx.doi.org/10.1016/j.chb.2020.106572
https://doi.org/10.1038/s41746-019-0132-y
http://dx.doi.org/10.1038/s41746-019-0132-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304399&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0277-9536(24)00315-0
http://dx.doi.org/10.1016/j.socscimed.2024.116871
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38640741&dopt=Abstract
https://europepmc.org/abstract/MED/38694439
http://dx.doi.org/10.3389/fpsyg.2024.1382693
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38694439&dopt=Abstract
https://ai.uq.edu.au/project/trust-artificial-intelligence-global-study
https://doi.org/10.1038/s41598-024-85004-9
http://dx.doi.org/10.1038/s41598-024-85004-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39753933&dopt=Abstract
https://doi.org/10.1016/j.eswa.2024.125414
https://doi.org/10.1016/j.eswa.2024.125414
http://dx.doi.org/10.1016/j.eswa.2024.125414
http://dx.doi.org/10.1016/j.compbiomed.2023.106659
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36791550&dopt=Abstract
https://doi.org/10.1016/j.smhl.2025.100578
http://dx.doi.org/10.1016/j.smhl.2025.100578
http://dx.doi.org/10.1109/ICIP55913.2025.11084660
http://psycnet.apa.org/?&fa=main.doiLanding&doi=10.1037/a0029041
http://dx.doi.org/10.1016/j.jaad.2022.08.028
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35998842&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0022-202X(23)01945-0
http://dx.doi.org/10.1016/j.jid.2023.02.035
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37353282&dopt=Abstract
https://doi.org/10.1016/j.jbusres.2006.06.003
http://dx.doi.org/10.1016/j.jbusres.2006.06.003
http://www.w3.org/Style/XSL
http://www.renderx.com/


Abbreviations
AI: artificial intelligence
JBI: Joanna Briggs Institute
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-analysis
SPICE: Setting, Population or perspective, Intervention, Comparison, Evaluation

Edited by S Consoli; submitted 05.Feb.2026; peer-reviewed by X Liang, J Zhang, H Chen; comments to author 10.Mar.2026; accepted
20.Apr.2026; published 01.Jun.2026

Please cite as:
Kuppanda PM, Janda M, Caffery LJ
Constructs Influencing Patient Perceptions of Use of AI in Medical Imaging Analysis: Systematic Review
Interact J Med Res 2026;15:e92969
URL: https://www.i-jmr.org/2026/1/e92969
doi: 10.2196/92969
PMID:

©Preksha Machaiya Kuppanda, Monika Janda, Liam J Caffery. Originally published in the Interactive Journal of Medical Research
(https://www.i-jmr.org/), 01.Jun.2026. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in the Interactive Journal of Medical Research, is properly cited. The
complete bibliographic information, a link to the original publication on https://www.i-jmr.org/, as well as this copyright and
license information must be included.

Interact J Med Res 2026 | vol. 15 | e92969 | p. 14https://www.i-jmr.org/2026/1/e92969
(page number not for citation purposes)

Kuppanda et alINTERACTIVE JOURNAL OF MEDICAL RESEARCH

XSL•FO
RenderX

https://www.i-jmr.org/2026/1/e92969
http://dx.doi.org/10.2196/92969
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

