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Abstract

Background: Artificial intelligence (AI) is becoming more common in healthcare and health professions education, but
it is still not consistently used in nursing programs because of a number of contextual factors. To help with effective
implementation and curriculum development, it's important to know what makes it easier or harder for nursing schools
to use AL

Methods: A scoping review was performed utilising the Peters et al. framework to delineate the current evidence
regarding Al integration in nursing and allied health professions education. A systematic search of Google Scholar,
PubMed, and Semantic Scholar yielded 1,245 records; subsequent screening and full-text evaluation resulted in 42 studies
that satisfied the inclusion criteria. Data from empirical studies, case reports, policy papers, and discussion articles were

extracted and thematically synthesised to identify principal barriers, facilitators, and contextual influences.

Results: Major problems included a lack of technological infrastructure, problems with interoperability, and a lack of
technical support. There were also gaps in knowledge and skills among teachers and students. Concerns about ethics and
privacy, a reluctance to change, a lack of resources, and unclear policies and regulations made it even harder for Al to
be adopted. Facilitators included active participation from stakeholders, thorough training focused on Al, a supportive
infrastructure, clear policy frameworks, proven benefits for learning and clinical decision-making, and collaboration
between different fields. Regional, cultural, and contextual disparities significantly impacted the degree and character of Al

integration, with affluent environments typically more equipped to adopt Al-enhanced education.

Conclusion: The integration of Al into nursing education is influenced by a complex interplay of technological, educational,
ethical, policy, and contextual factors. To make AI adoption in nursing curricula more meaningful, it is important to deal
with known barriers and strengthen facilitators using strategies that are sensitive to the context and have many different
parts. The review provides a foundation for creating standardised Al curricula, funding infrastructure, and guiding future

implementation research and policy in nursing education.
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Background of the Study now used in the field, its role in clinical practice and

in educating health professionals remains a topic

Artificial  intelligence  (AI) is  becoming  of debate."The integration of artificial intelligence
increasingly embedded in healthcare. While Al is  (Al) into healthcare has emerged as a transformative
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force, with the potential to significantly enhance
medical diagnosis, treatment, and overall healthcare
delivery.?Advancements in accessible storage,
faster networks, and more powerful computing
have enabled the integration of Al into numerous
healthcare services. Al has now reached a level
of maturity that allows its application in image
analysis, predicting disease patterns, and triage
across a range of medical fields, such as radiology,
gynecology, neurology, cardiology, pathology, and
robotic surgery®Al is becoming a growing trend
in healthcare, driven by increased access to medical
data and algorithm development. Healthcare Al
integration has a unique potential to enhance

healthcare services.*?

John McCarthy came up with the idea for artificial
intelligence (AlI) at the Dartmouth conference in
New Hampshire in 1956. It refers to a new field
of science that studies and creates theories and
methods. Artificial intelligence (Al) is a type of
computer technology that can imitate how people
act and do things that people can’'t do.® In recent
years, Al has been used more and more in medicine,
thanks
recognition, and other technologies. This is especially

to advances in data analysis, image
true for processing medical images and making
intelligent clinical decisions. Al opens up new ways
to find diseases early, diagnose them correctly, and
treat and manage them in a way that works best for

each person.’®

Advances in machine learning, especially deep
learning, along with GPU and public database
development, have enabled big data usage and
sparked worldwide interest in Al technology.®
Recently, artificial intelligence (AI) has gained
prominence in diabetes research and clinical
practice owing to its capacity to effectively and
precisely manage and analyse extensive clinical and
behavioural data.(*'?Artificial intelligence metho-
dologies, encompassing machine learning (ML)
and deep learning (DL), are employed to develop
predictive models that facilitate clinical decision-
making, enhance the forecasting of complication
risks, and customise treatment strategies.’3¥ Al

applications in diabetes treatment encompass early

diagnosis, automated insulin dose control, and the
identification of important glycaemic abnormalities,
thereby establishing a novel paradigm in precision
medicine for diabetes. Nonetheless, the obstacles
and facilitators identified by healthcare professionals
in the efficient incorporation of these Al-based
technologies into standard clinical practice remain
predominantly uninvestigated.®

Al-powered  predictive  analytics  enables
proactive healthcare management. For example, Al
can analyse continuous glucose monitoring data
to predict and prevent diabetic crises or interpret
electrocardiogram (ECG) signals from ubiquitous
devices to detect arrhythmias prior to their onset.t®
As the first people to see patients in different
healthcare settings, clinicians are very important
in making decisions and are the main gatekeepers
for the use and integration of Al solutions. Their
perspectives on the barriers and enablers to Al
acceptance and deployment are expected to
influence the degree and manner in which Al tools
are embraced and integrated into clinical practice
in a variety of situations. Furthermore, the regional
context of clinicians’ practice, including policy
frameworks and cultural differences, influences Al

adoption.®”

Al algorithms have been actively incorporated
into various domains, including the identification
of biomarkers, the selection and initial screening
of appropriate populations, the repurposing of
therapeutic pharmaceuticals, and the detection of
adverse events (AEs). These purposes include finding
new drugs, clinical studies before a medicine is sold,
and keeping an eye on safety once a drug is sold.®

Randomized controlled trials have provided
evidence supporting the safety and efficacy of Al-
assisted decision-making software in a range of
therapeutic fields. In terms of disease detection,
these tools have enabled the early identification
of patients with low ejection fraction, enhanced
the detection rates of actionable lung nodules, and
increased the identification of polyps that are often
overlooked.®?) Recent research has shown that
computer-aided detection (CAD) systems powered
by artificial intelligence have the ability to improve



International Journal of Nursing Education / Vol 18 No. 2, April - June 2026 17

the accuracy of chest radiographs used to test for
lung cancer.®V

In the context of breast imaging, artificial
intelligence offers advantages as well as difficulties.
In particular, the challenges and facilitators related
to the incorporation of Al systems into clinical breast
imaging settings have not been fully described. The
obstacles to Al application in breast cancer imaging
have been somewhat examined in earlier scoping
reviews, but they have not provided a thorough
study of these obstacles.®?

Despite the many advantages, emergency care
facilities have been slow to adopt Clinical Decision
Support Systems (CDSSs), even those built on
artificial intelligence. Common complaints about
their ineffectiveness and low adoption rate include
problems with usability, a lack of interaction with
other medical systems, a lack of time, and alert
fatigue.®**)

The extensive body of academic literature reveals
a complex array of ideas regarding the imple-
mentation of Al in healthcare.?2) However, most
of our comprehension of these complex barriers and
facilitators is derived from anecdotal accounts and
narrative reflections, frequently devoid of a solid
basis in empirical facts or strong theoretical
frameworks.®®) Thus, the process of attaining
successful Al implementation in healthcare
remains enigmatic. We lack a detailed map of the
numerous parameters that affect the incorporation
of Al into therapeutic settings. This study utilises
implementation science to identify the facilitators
and constraints by analysing existing imple-
mentation narratives.

Research Question Based on the PICO Population/
Participants, Concept and Context (PCC) as outlined
by Peters et al. *?

What are the obstacles and enablers to the
integration of artificial intelligence among nursing
educators and students within the realm of
nursing education, concentrating on the notion of Al

adoption and implementation?

Objective of the Study

This study seeks to identify and synthesize the
primary barriers and facilitators to the integration
of artificial intelligence (Al) in nursing education.
It further examines the impact of regional, cultural,
on Al
and offers evidence-based recommendations for

and contextual factors implementation
overcoming obstacles and leveraging facilitators to
enhance the adoption of Al in nursing education.

Methods
Design

To pinpoint the main obstacles and enablers
for incorporating artificial intelligence (AI) into
nursing education, a scoping review method was
chosen. This approach, as opposed to a systematic
review, highlights the exploratory and conceptually
unclear nature of the field. The scoping review
follows the framework proposed by Peters et al.®?
and involves these steps: (1) Setting the objective
and formulating the research question, (2) Defining
criteria for selecting pertinent sources, (3) Planning
the strategy for searching, selecting, extracting,
and presenting evidence, (4) Finding relevant
sources, (5) Applying inclusion and exclusion criteria
to select eligible sources, (6) Gathering pertinent data
from the chosen sources, (7) Analyzing the extracted
data in accordance with the research objective,
(8) Organizing and reporting the results, and (9)
Summarizing the findings, drawing conclusions,
and discussing their implications.

Results Study
Selection and Characteristics

The search strategy found a total of 1,245 records
on Google Scholar, PubMed, and Semantic Scholar.
After getting rid of duplicates and looking at
the titles and abstracts, 78 full-text articles were
checked to see if they were eligible. After applying
the inclusion and exclusion criteria, 42 studies were
incorporated into the review.

These
articles, case reports, policy papers, and discussion

studies included empirical research
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papers that concentrated on the integration of
Al in health professions education, especially in
nursing education. The studies were conducted in
North America, Europe, Asia, and Australia, which
shows that they took place in different cultural and
regional settings.

Obstacles to the Integration of Al in Health
Professions Education The literature revealed several
significant barriers:

1. Technological Problems: Al adoption was
slowed down by poor infrastructure, Al systems
that couldn’t work with existing educational
platforms, and not enough technical support.

2. Knowledge and Skill Gaps: Teachers and
students often didn’'t know enough about Al
concepts and uses, which led to resistance or
misuse.

3. Ethical and privacy concerns: Stakeholders
were worried about data security, patient
privacy, and the moral use of Al-generated

information.
4. Resistance to Change: Cultural and
institutional inertia, doubts about Al's

dependability, and worries about losing jobs
made people hesitant to use Al tools.

5. Resource Constraints: Lack of money and
training materials made it hard to use Al
technologies in the classroom.

6. Uncertainty about policies and rules: Unclear
rules about how Al can be used in schools
and hospitals made it hard for people to use it
widely.

Things that help Al become a part of health
professions education

The literature also found things that help Al
integration work well:

1. Stakeholder Engagement: Getting teachers,
students, doctors, and policymakers involved
in the development and use of Al helps it be
accepted and useful.

2. Comprehensive Training Programs: Teaching
people the basics of Al, how to use it, and the
ethical issues that come with it gives them the
skills they need to use it safely and effectively.

3. Supportive Infrastructure: Investments in

compatible technology platforms, reliable
internet access, and technical help make

integration go more smoothly.4

4. Clear Policy Frameworks: Creating rules and
standards for how Al can be used in schools
and hospitals makes things less confusing and
more trustworthy.

5. Proven advantages: Proof that Al improves
learning outcomes, clinical decision-making,
and patient care encourages use.

6. Working together across fields: Collaborations
between computer scientists, teachers, and
healthcare workers improve the design and use
of Al tools.

Effects of Contextual, Cultural, and Regional
Factors The acceptance of Al was greatly impacted
by regional differences in educational resources,
cultural views, and technological advances. Due to
improved finance and infrastructure, high-income
nations, for instance, showed stronger integration
of Al while low- and middle-income regions
encountered more significant obstacles. Acceptance
levels were influenced by cultural elements such as
professional norms and technological trust. Wide
variations in policy contexts also have an impact on
the extent and speed of implementation.

Discussion

This scoping review emphasises the intricate
interaction of technological, educational, ethical,
cultural, and policy-related aspects affecting Al
incorporation in nursing education. Although

Al  possesses transformative  potential for

improving education and clinical readiness,

surmounting obstacles necessitates comprehensive
approach. Highlighting stakeholder engagement,
customised infrastructure,

training,  strong

and transparent governance can expedite Al
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should
be guided by regional and cultural nuances

deployment. Implementation strategies
to guarantee contextual relevance and equity.
The results correspond with the extensive literature
on healthcare Al application, highlighting the
necessity for empirical, theory-based research
to enhance comprehension of facilitators and
barriers. This review synthesises existing research
and establishes a basis for focused interventions
and policy formulation in nursing education.
Constraints The review is constrained by possible
publication bias and the heterogeneity of the
included research, which differed in design,
focus, and quality. The swift advancement of Al
technologies may surpass the existing literature.
Moreover, the emphasis on nursing education
to other healthcare

may restrict applicability

professions.
Conclusions

The effective incorporation of Al in nursing
education requires the resolution of technological,
educational, ethical, and contextual challenges,
alongside the utilisation of facilitators like
stakeholder engagement and supportive policies.
Strategies that are customised to regional and
cultural contexts are crucial. Future research must
focus on the empirical assessment of implementation
and the

models to

interventions development of strong

theoretical provide guidance.This
scoping review has certain problems, such as
possible publication bias because it doesn’t include
unpublished studies, grey literature that wasn’t
found in the databases investigated, and publications
in languages other than English. These things could
make the evidence less complete. The differences in
design, focus, context, and quality of the studies that
were included make it hard to compare them and
stop us from formally judging their effectiveness or
causality. Also, because Alin education is changing so
quickly, the results could go out of date very quickly,
especially when it comes to newer tools. Finally,
the main focus on nursing and health professions
education may make it hard to use the results in other
educational or clinical contexts, especially in places

with few resources.

Ai Adoption in Health Professions
Education.

Recommendations

Create standardised Al curricula that include
technical skills, ethics, and real-world uses.

Put money into infrastructure and technical
support that is specific to schools.

Encourage people from different fields to work
together to make Al tools that put the user first.

Set clear rules and policies for how Al can be used
in education and practice.

Encourage all stakeholders to get involved to make
the project more acceptable and useful.

Do long-term studies to see how integrating Al
affects educational and clinical outcomes.

Source of Funding: Self
Conflict of Interest: No

References

1. Balay-odao EM, Omirzakova D, Bolla SR, Almazan
JU, Cruz JP. Health professions students’ perceptions
of artificial intelligence and its integration to
health professions education and healthcare: a
thematic analysis. Al & Soc [Internet]. 2025 Mar 1
[cited 2025 Dec 10];40(3):1863-73. Available from:
https:/ /link-springer-com kiitlibrary.remotexs.in/
article/10.1007/s00146-024-01957-5

2. Hatem NAH, Ibrahim MIM, Yousuf SA. Assessing
Yemeni university students’ public perceptions
toward the use of artificial intelligence in healthcare.
Sci Rep [Internet]. 2024 Dec 1 [cited 2025 Dec
10];14(1):28299. Available from: https:/ /link-springer-
com .kiitlibrary.remotexs.in/article/10.1038 /s41598-
024-80203-w

3. Yu KH, Beam AL, Kohane IS. Artificial intelligence in
healthcare. Nat Biomed Eng. 2018 Oct;2(10):719-31.

4. Artificial intelligence in health care: within touching
distance - The Lancet [Internet]. [cited 2025 Dec 10].
Available from: https:/ /www.thelancet.com/
journals/lancet/article/PIIS0140-6736(17)31540-4/
fulltext



20

International Journal of Nursing Education / Vol 18 No. 2, April - June 2026

10.

11.

12.

13.

14.

15.

Beam AL, Kohane IS. Translating Artificial Intelligence
Into Clinical Care. JAMA [Internet]. 2016 Dec 13 [cited
2025 Dec 10];316(22):2368-9. Available from: https://
doi.org/10.1001/jama.2016.17217

Tan J, Qin F, Yuan ]J. Current applications of artificial
intelligence combined with urine detection in disease
diagnosis and treatment. Transl Androl Urol [Internet].
2021 Apr [cited 2025 Dec 10];10(4):1769-79. Available
from: https:/ / pmc.ncbi.nlm.nih.gov/articles/
PM(C8100834/

ChenJ, Remulla D, NguyenJH, Dua A, Liu Y, Dasgupta
P, et al. Current status of artificial intelligence
applications in urology and their potential to influence
clinical practice. BJU Int. 2019 Oct;124(4):567-77.

Goldenberg SL, Nir G, Salcudean SE. A new era:
artificial intelligence and machine learning in prostate
cancer. Nat Rev Urol. 2019 July;16(7):391-403.

Hamamoto R, Komatsu M, Takasawa K, Asada
K, Kaneko S. Epigenetics Analysis and Integrated
Analysis of Multiomics Data, Including Epigenetic
Data, Using Artificial Intelligence in the Era of Precision
Medicine. Biomolecules. 2019 Dec 30;10(1):62.

Kiran M, Xie Y, Anjum N, Ball G, Pierscionek B,
Russell D. Machine learning and artificial intelligence
in type 2 diabetes prediction: a comprehensive
33-year bibliometric and literature analysis. Front
Digit Health. 2025;7:1557467.

Yang Q, Bee YM, Lim CC, Sabanayagam C, Yim-Lui
Cheung C, Wong TY, et al. Use of artificial intelligence
with retinal imaging in screening for diabetes-
associated  complications:  systematic  review.
EClinicalMedicine. 2025 Mar;81:103089.

Yang Z, Tian D, Zhao X, Zhang L, Xu Y, Lu X, et
al. Evolutionary patterns and research frontiers
of artificial intelligence in age-related macular
degeneration: a bibliometric analysis. Quant Imaging
Med Surg. 2025 Jan 2;15(1):813-30.

Usman TM, Saheed YK, Nsang A, Ajibesin A, Rakshit
S. A systematic literature review of machine learning
based risk prediction models for diabetic retinopathy
progression. Artif Intell Med. 2023 Sept;143:102617.

Yismaw MB, Tafere C, Tefera BB, Demsie DG, Feyisa
K, Addisu ZD, et al. Artificial intelligence based
predictive tools for identifying type 2 diabetes patients
at high risk of treatment Non-adherence: A systematic
review. Int ] Med Inform. 2025 June;198:105858.

CangelosiG, Conti A, Caggianelli G, Panella M, Petrelli
F, Mancin S, et al. Barriers and Facilitators to Artificial
Intelligence Implementation in Diabetes Management

16.

17.

18.

19.

20.

21.

22.

23.

from Healthcare Workers” Perspective: A Scoping
Review. Medicina (Kaunas) [Internet]. 2025 Aug 1
[cited 2025 Dec 10];61(8):1403. Available from:https:/ /
pmc.ncbi.nlm.nih.gov/articles/ PMC12387811/

Alzghaibi H. Adoption barriers and facilitators of
wearable health devices with Al integration: a patient-
centred perspective. Front Med [Internet]. 2025 Apr 3
[cited 2025 Dec 10];12. Available from: https:/ /www.
frontiersin.org/journals/medicine/articles/10.3389/
fmed.2025.1557054/ full

Scipion CEA, Manchester MA, Federman A, Wang
Y, Arias JJ. Barriers to and facilitators of clinician
acceptance and use of artificial intelligence in
healthcare settings: a scoping review. 2025 Apr 1
[cited 2025 Dec 10]; Available from: https:/ /bmjopen.
bmj.com/content/15/4/e092624

Chen Z, Liu X, Hogan W, Shenkman E, Bian ]J.
Applications of artificial intelligence in drug
development using real-world data. Drug Discov
Today. 2021 May;26(5):1256-64.

Nam ]G, Hwang EJ, Kim ], Park N, Lee EH, Kim
HJ, et al. Al Improves Nodule Detection on Chest
Radiographs in a Health Screening Population:
A Randomized Controlled Trial. Radiology. 2023
Apr;307(2):e221894.

Effect of a deep-learning computer-aided detection
system on adenoma detection during colonoscopy
(CADe-DB trial): a double-blind randomised study -
ScienceDirect [Internet]. [cited 2025 Dec 11]. Available
from:https:/ /www.sciencedirect.com/science/
article/abs/ pii/S246812531930411X

Performance of a Deep Learning Algorithm
Compared with Radiologic Interpretation for Lung
Cancer Detection on Chest Radiographs in a Health
Screening PopulationRadiology [Internet]. [cited
2025 Dec 11]. Available from: https://pubs.rsna.
org/doi/abs/10.1148/radiol.2020201240?utm_

source=rsna&getft_integrator=rsna

Masud R, Al-Rei M, Lokker C. Computer-Aided
Detection for Breast Cancer Screening in Clinical
Settings: Scoping Review. JMIR Medical Informatics
[Internet]. 2019 July 18 [cited 2025 Dec 11];7(3):e12660.
Available from: https:/ / medinform.jmir.org/2019/3/
€12660

Houssami N, Kirkpatrick-Jones G, Noguchi N, Lee CL
Artificial Intelligence (AI) for the early detection of
breast cancer: a scoping review to assess Al’s potential
in breast screening practice. Expert Rev Med Devices.
2019 May;16(5):351-62.



International Journal of Nursing Education / Vol 18 No. 2, April - June 2026 21

24.

25.

26.

27.

Khairat S, Marc D, Crosby W, Al Sanousi A. Reasons
For Physicians Not Adopting Clinical Decision
Support Systems: Critical Analysis. JMIR Med Inform.
2018 Apr 18;6(2):e24.

Segal MM, Rahm AK, Hulse NC, Wood G, Williams
JL, Feldman L, et al. Experience with Integrating
Diagnostic Decision Support Software with Electronic
Health Records: Benefits versus Risks of Information
Sharing. EGEMS (Wash DC) [Internet]. [cited 2025 Dec
11];5(1):23. Available from: https:/ / pmc.ncbi.nlm.nih.
gov/articles/PMC5994959/

Barriers and facilitators to the adoption of artificial
intelligence in radiation oncology: A New Zealand
study - Technical Innovations and Patient Support
in Radiation Oncology [Internet]. [cited 2025 Dec 11].
Available from: https:/ /www.tipsro.science/article/
$2405-6324(21)00018-4/ fulltext

Strohm L, Hehakaya C, Ranschaert ER, Boon WPC,
Moors EHM. Implementation of artificial intelligence
(AI) applications in radiology: hindering and
facilitating factors. Eur Radiol [Internet]. 2020 Oct 1

28.

29.

30.

31.

32.

[cited 2025 Dec 11];30(10):5525-32. Available from:
https:/ /doi.org/10.1007/s00330-020-06946-y

Morrison K. Artificial intelligence and the NHS: a
qualitative exploration of the factors influencing
adoption. Future Healthc J. 2021 Nov;8(3):e648-54.

Jr TW, Xing F, Barén AE, Feser W], Hirsch E, Miller
YE, et al. Quantifying the incremental value of deep
learning: Application to lung nodule detection.
PLOS ONE [Internet]. 2020 Apr 14 [cited 2025 Dec
11];15(4):€0231468. Available from: https:/ /journals.
plos.org/plosone/article?id=10.1371/journal.
pone.0231468

Capobianco E. High-dimensional role of Al and
machine learning in cancer research. Br ] Cancer. 2022
Mar;126(4):523-32.

Davenport T, Kalakota R. The potential for artificial
intelligence in healthcare. Future Healthc J. 2019
June;6(2):94-8.

JBI Manual for Evidence Synthesis [Internet]. [cited
2025 Dec 11]. Available from: https:/ /jbi-global-wiki.
refined.site/space/jbi-global-wiki.refined.site





