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Abstract
Background

Artificial Intelligence (Al) holds transformative potential for enhancing the efficiency and objectivity of
hospital accreditation and quality assessment. However, a significant gap exists between expert vision
for advanced Al integration and the current, fragmented reality of hospital-level implementation,
compounded by unresolved ethical and governance challenges. This study aimed to empirically
investigate this implementation gap and develop a pragmatic, risk-governed framework to guide the
responsible adoption of Al in medical quality assessment and accreditation processes.

Methods

A mixed-methods, dual-survey design was employed: 1) A Delphi survey to capture expert consensus (n
= 27 senior accreditation surveyors and quality management experts); 2) A cross-sectional field survey
to assess hospital practice (n = 55 hospitals in China). Surveys covered Al application priorities, adoption
barriers, ethical concerns, and implementation pathways. Data were analyzed using Kendall's W
coefficient for consensus and descriptive/ cross-tabulation analyses.

Results

A pronounced aspiration-reality gap was identified. Experts prioritized advanced Al functions like
intelligent standard interpretation and automated document review (mean scores > 4.1/5), yet hospital
adoption of these was low (< 7%). Hospital Al use was primarily confined to basic quality indicator
monitoring (30.9%) and risk warning (25.5%). Key barriers included poor data interoperability (27.3%),
technical complexity (21.8%), and low algorithm explainability (20.0%). Strong consensus emerged on
top ethical risks: data privacy breaches, algorithmic opacity, and ambiguity in accountability. Experts and
hospitals converged on a preferred, sequential implementation pathway: Data Foundation — Technology
Governance — Application Piloting — Accreditation Integration.

Conclusions

Successful Al integration into accreditation requires closing the implementation gap through a
structured, phased approach that prioritizes data standardization, algorithm transparency, and robust
ethical governance from the outset. The proposed risk-governed framework provides a scalable,
practice-oriented roadmap for policymakers, accreditation bodies, and hospitals to harness Al’s benefits
while safeguarding against its risks, ultimately enhancing the quality and safety of care.

1. Background
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Healthcare systems globally are pursuing digital transformation, with Artificial Intelligence (Al) emerging
as a pivotal tool to improve quality, safety, and efﬁciency[”. Hospital accreditation, a cornerstone of
external quality assurance, demands consistent, objective evaluation—a process theoretically well-suited
to augmentation by Al for tasks ranging from automated compliance checking to predictive risk
analytics[z]. Despite this potential, the integration of Al into routine accreditation practice remains
nascent and uneven, creating a disconnect between expert expectations and frontline hospital
capabilities—a phenomenon we term the ‘Al Accreditation Implementation Gap'3l.

Expert discourse and pilot studies envision Al-driven accreditation featuring real-time data analytics,

intelligent standard interpretation, and automated report generation[‘”. Conversely, many hospitals
struggle with foundational issues like data fragmentation, rendering advanced Al applications

impractical[s]. This gap is exacerbated by significant ethical and governance uncertainties, including

concerns over data privacy, algorithmic bias, and ambiguous accountability for Al-driven decisions!®l.
While high-level principles for ethical Al in health have been outlined by bodies like the World Health
Organization (WHO)[7], operational frameworks tailored to the specific context of accreditation are
lacking.

This study addresses this critical need. By directly comparing the consensus of accreditation experts
with the on-the-ground realities and perceptions of hospitals, we aim to: 1) Quantify the gap in Al
adoption priorities and capabilities; 2) Identify shared perceptions of key barriers and ethical risks; and 3)
Synthesize these insights into a practical, risk-governed implementation framework. This framework is
designed to provide a structured pathway for safely and effectively bridging the chasm between
visionary potential and practical, responsible implementation in hospital quality assessment.

2. Methods
2.1 Study design

We employed a convergent, mixed-methods design involving two parallel, structured surveys conducted
between January and February 2026. This dual-survey approach enabled triangulation between
normative expert perspectives and descriptive hospital practices (See Fig. 1). Ethical approval was
obtained from the Ethics Committee of Shenzhen Hospital Accreditation Research Center (SHARC), and
all participants provided informed consent. Anonymity and data protection were guaranteed throughout.

2.2 Participants and Data Collection

e Expert Delphi Survey: A panel of 27 senior experts was convened, including experienced hospital
accreditation surveyors, healthcare quality directors, health informaticians, and health policy
researchers. Inclusion criteria mandated a minimum of 5 years of direct experience in accreditation
or quality governance. The survey assessed the perceived importance of various Al application
modules, ethical risks, and preferred implementation pathways using 5-point Likert scales.
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e Hospital Field Survey: A cross-sectional survey was administered to 55 hospitals across China,
stratified by tier (e.g., tertiary, secondary), ownership, and region. The questionnaire, completed by
hospital quality management directors or chief information officers, captured current Al adoption
status, perceived barriers, and support needs.

e The structured questionnaires used in both Delphi expert survey and hospital cross-sectional survey
were originally designed exclusively for this research and have not been published in any prior
literature. The full English version of the integrated survey questionnaire is uploaded as a
supplementary file, and relevant descriptions are marked within the main text.

2.3 Data Analysis

Expert consensus was measured using Kendall's W coefficient of concordance. Items with a mean
score = 4.0 and a moderate-to-strong consensus (W = 0.5) were considered high-priority. Hospital survey
data were analyzed using descriptive statistics and cross-tabulation in SPSS 26.0. A structured gap
analysis matrix was developed to juxtapose expert priorities (“what should be”) against hospital realities
(“what is”) across four dimensions: Al functions, barriers, ethical risks, and support needs.

3. Results
3.1 The Aspiration-Reality Gap in Al Adoption

Analysis revealed a substantial gap between expert vision and hospital practice. Experts assigned
highest priority to advanced, accreditation-specific Al functions such as intelligent interpretation of
accreditation standards (Mean = 4.56) and automated review of certification materials (Mean = 4.41). In
stark contrast, hospital adoption was predominantly at a basic level: quality indicator monitoring (31.3%)
and risk warning systems (25%). The advanced functions experts prioritized were rarely deployed
(adoption < 7%) (See Table 1).

Barriers to adoption were clearly identified. Hospitals reported poor data interoperability between
systems (27.3% of respondents citing it as a top barrier) and high technical complexity (21.8%) as the
most significant impediments. This aligns with expert consensus, which ranked the establishment of
unified data interface standards as the most critical first step in implementation (Mean = 4.63).

3.2 Convergence on Ethical Risks and Governance Needs

Despite the gap in adoption, there was strong alignment between experts and hospitals on ethical risks.
Both groups identified patient/hospital data privacy leakage (Hospital concern score: 3.60/5),
algorithmic bias leading to unfair evaluation (3.58/5), and unclear accountability for Al decision errors
(3.56/5) as top concerns. This consensus underscores that ethical governance is not a secondary
consideration but a prerequisite for trust and adoption.
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Furthermore, hospitals expressed a clear demand for the very governance structures experts advocated.
The most requested support conditions were unified data interoperability standards (cited by 76.4% of
hospitals), clear ethical and policy guidelines (69.1%), and data security assurance technologies (65.5%).

3.3 A Consensus-Driven Implementation Pathway

Both stakeholder groups converged on a logical, sequential implementation pathway, validating a phased
approach (See Fig. 2):

Data Layer: Establish unified data standards and interfaces to solve interoperability.
Technology Layer: Develop transparent, explainable algorithms and ensure robust cybersecurity.
Application Layer: Pilot high-priority modules (e.qg., risk warning) in controlled settings before scaling.

Accreditation Layer: Integrate Al as a ‘co-pilot’ in a ‘Al preliminary screening + expert verification’ human-
in-the-loop model, which was rated as highly reasonable (Mean = 4.48 by experts).
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Table 1

Comparison of Expert Priority vs. Hospital Implementation of Al Application Modules

Dimension

Core Al
Functions

Primary Barriers

Top Ethical
Risks

Support Needs

Implementation
Logic

Expert Consensus

(What Al should
do)

Intelligent
standard
interpretation,
document
automation, multi-
source analysis
(Mean >4.1/5)

Need unified data
interfaces,
transparent
algorithms, staged
pilots

Privacy, opacity,
bias, responsibility
ambiguity

Ethical principles,
supervision,
responsibility
division

Data —
Technology —
Application —
Accreditation

Hospital Reality

(What Al is
doing)

Mainly quality
indicator
monitoring
(31.3%), risk
warning (25%)

Data
interoperability
(27.5%), technical
complexity
(21.6%),

poor
explainability
(19.6%)

Privacy (3.60),
accountability
(3.58), data

control (3.56)

Data standards,
security tech,
training, policy
guidance

Stuck at data
level

Gap Identified

Accreditation-
level Al rarely
used (< 7%)

Barriers match
expert pathway

High cross-
stakeholder
agreement

Hospitals
request expert-
proposed
governance

MAI
accreditation
intelligence

gap"

Governance
Implication

Start from data
layer, then
progress upward

Validate phased
implementation
model

Ethical
governance is
prerequisite

Framework is
feasible and
demanded

Governance-led
progression
required

4. Discussion

This study empirically delineates the ‘Al Accreditation Implementation Gap’, demonstrating that the
hurdle is not a lack of vision or willingness, but a series of structural and governance bottlenecks. The
high degree of convergence between experts and hospitals on the nature of these barriers and risks
provides a solid, collaborative foundation for a shared way forward.

Our findings emphasize that data interoperability is the non-negotiable foundation. Without standardized,

high-quality data flows, advanced Al is untenable. This echoes global calls for investing in health data

infrastructure as a prerequisite for digital health!®l, Secondly, algorithmic transparency and explainability
are prerequisites for trust in high-stakes accreditation contexts. The rejection of “black-box” models is

consistent with the broader move towards responsible Al that demands auditability and understanding[gl.
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Finally, ethical governance must be proactive, not reactive. The shared high concern over privacy, bias,
and accountability underscores that governance frameworks must be co-designed and implemented in

tandem with the technology itself('%l.

The proposed risk-governed, phased framework directly addresses these insights. Its sequential nature—
starting with governance and data foundations—mitigates the risk of expensive, failed technology
projects and builds institutional capacity progressively[”]. The endorsed “human-in-the-loop” model for
the accreditation layer ensures Al augments, rather than replaces, expert judgment, preserving human
oversight for complex, contextual decisions!'Z. This approach aligns with and operationalizes recent
WHO guidance on regulating Al for health, translating principles into a concrete pathway for the
accreditation domainl'3l,

Our framework’s emphasis on staged progression also helps manage the “Al paradox” in healthcare: the
tension between rapid innovation and the imperative of safety“"']. By embedding risk governance at each
phase, it allows for incremental scaling of benefits while systematically containing risks.

4.1 Limitations and Future Research

This study has limitations. The hospital sample, while diverse, is from a single country, and regulatory
environments may influence generalizability. The data are cross-sectional, capturing perceptions and
status at one point in time. Future research should validate the framework through longitudinal pilot
implementations in diverse health systems and measure its impact on accreditation efficiency, cost, and,
ultimately, quality of care outcomes.

5. Conclusions

Bridging the gap between the expert vision for Al and hospital practice in accreditation is both necessary
and achievable. The path forward is not merely technological but fundamentally organizational and
governance-led. This study provides an empirically derived, risk-governed framework that prioritizes data
foundations, algorithmic transparency, and ethical guardrails. By adopting this structured, phased
approach, accreditation bodies, policymakers, and hospital leaders can collaboratively steer the
responsible integration of Al. This will harness its power to enhance the objectivity, efficiency, and
predictive capability of quality assessment systems, ultimately fostering a more robust, learning-driven,
and safer global healthcare ecosystem.

Abbreviations
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Artificial Intelligence
2.WHO

World Health Organization

Page 7/12



Declarations

Ethics approval and consent to participate

This study was conducted in full accordance with relevant regulations and internationally recognized
guidelines for health services research. No human clinical experiments, tissue samples, or individually
identifiable personal health data were involved in this study.

Per the ethical management rules of the Shenzhen Hospital Accreditation Research Center (SHARC), all
questionnaire research projects should obtain ethical clearance from the institutional ethics committee
before launching field investigation. The study was approved by the Ethics Committee of SHARC.

All invited experts and hospital completed written informed consent prior to participating in the survey.
The consent document clarified that all institutional information provided would be kept confidential and
only aggregated statistical results would be used for academic analysis.

All survey-related procedures were carried out in strict compliance with institutional ethical governance
requirements and relevant research norms for health management studies.

Consent for publication

Not applicable. This manuscript does not contain any individual person’s data in any form (e.qg.,
individual details, images, or videos).

Availability of data and materials

The datasets generated and/or analysed during the current study are not publicly available due to
containing sensitive institutional information and confidentiality agreements with participating hospitals.
However, aggregated data supporting the findings of this study are available from the corresponding
author, Li Xuan, upon reasonable request and with the permission of the Shenzhen Hospital
Accreditation Research Center.

Competing interests
The authors declare that they have no competing interests.
Funding

This research received no specific grant from any funding agency in the public, commercial, or not-for-
profit sectors.

Authors' contributions

LX and HHM conceived and designed the study, coordinated data collection, performed the statistical
analysis, and drafted the manuscript. CCW contributed to the literature review and interpretation of

Page 8/12



results. LXD and LZY supervised the methodological framework and critically revised the manuscript for
important intellectual content. All authors read and approved the final manuscript.

Acknowledgements

The authors sincerely thank all the accreditation experts and hospital quality management directors who
participated in the Delphi survey and field survey. Their professional insights and practical experiences
were invaluable to this research.

Authors' information

Li Xuan holds a Master’s degree from the Institute for Hospital Management, Tsinghua University. She
currently serves as the Head of the Standards Research Department and the Accreditation Management
Department at the Shenzhen Hospital Accreditation Research Center.

He Huimin holds a Master’s degree from the Institute for Hospital Management, Tsinghua University. She
currently serves as the Medical Affairs Manager at Shenzhen Qianhai Taikang Hospital.

Qian Qingwen is a Ph.D. and currently a Professor at the Institute for Hospital Management, Tsinghua
University.

Luo Xudong is a Ph.D. and currently works as a Surveyor at the Shenzhen Hospital Accreditation
Research Center.

Luo Zhiyi is a Master’s candidate at the Institute for Hospital Management, Tsinghua
University.frameworks.

References

1. Mesko B, Topol EJ. The imperative for regulatory oversight of large language models (or generative
Al) in healthcare. NPJ Digit Med. 2023;6(1):120. 10.1038/s41746-023-00873-0.
https://www.nature.com/articles/s41746-023-00873-0.

2. Kayral iH, incegil D, Senel FC, et al. Next-generation accreditation in healthcare: the role of digital
transformation and artificial intelligence. Int J Qual Health Care. 2026;38(1):mzaf137.
10.1093/intghc/mzaf137. https://academic.oup.com/intghc/article/38/1/mzaf137/7959525.

3. Kelly CJ, Karthikesalingam A, Suleyman M, et al. Key challenges for delivering clinical impact with
artificial intelligence. BMC Med. 2019;17(1):195. 10.1186/s12916-019-1426-2.
https://bmcmedicine.biomedcentral.com/articles/10.1186/s12916-019-1426-2.

4. Bellei EA, Debon R, Costa E, et al. How hospital accreditation requirements bridge enablers for Al
readiness: interpretative analysis of intersections in framework standards. Front Digit Health.
2026;8:1769181. 10.3389/fdgth.2026.1769181. https://www.frontiersin.org/journals/digital-
health/articles/10.3389/fdgth.2026.1769181/full.

Page 9/12



5. lyengar K, Upadhyaya GK, Vaishya R, Jain V. COVID-19 and applications of smartphone technology in
the current pandemic. Diabetes Metab Syndr. 2020;14(5):733-7. 10.1016/j.dsx.2020.05.033.

6. Grote T, Berens P. On the ethics of algorithmic decision-making in healthcare. J Med Ethics.
2020;46(3):205-11. 10.1136. https://jme.bmj.com/content/46/3/205. /medethics-2019-105586.

7. World Health Organization. Ethics and governance of artificial intelligence for health: WHO
guidance. Geneva: World Health Organization; 2021.
https://www.who.int/publications/i/item/9789240029200.

8. The Lancet Digital Health. Walking the tightrope of artificial intelligence guidelines in clinical
practice. Lancet Digit Health. 2020;2(11):€559. 10.1016/S2589-7500.
https://www.thelancet.com/journals/landig/article/PI11S2589-7500(20)30245-8/fulltext. (20)30245-
8.

9. Amann J, Blasimme A, Vayena E, Frey D, Madai VI. the Precise4Q consortium. Explainability for
artificial intelligence in healthcare: a multidisciplinary perspective. BMC Med Inf Decis Mak.
2020;20(1):310. 10.1186/s12911-020-01332-6.
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-020-01332-6.

10. Morley J, Machado CCV, Burr C, et al. The ethics of Al in health care: A mapping review. Soc Sci Med.
2020;260:113172. 10.1016/j.socscimed.2020.113172.
https://www.sciencedirect.com/science/article/abs/pii/S0277953620303919?via%3Dihub.

11. Tian J, Zhao Z, Tang L, Song Y, Li Y, Jiang N. From Pilot Trap to Institutional Capacity: A Governance
Framework for Sustainable Clinical Al Implementation in Health Systems. J Med Internet Res.
2026;28:€92680. https://www.jmir.org/2026/1/€92680.

12. Blease C, Locher C, Léon-Carlyle M, Doraiswamy PM. Artificial intelligence and the future of
psychiatry: Qualitative findings from a global physician survey. Digit Health.
2020;6:2055207620968355. 10.1177/2055207620968355.

13. World Health Organization. Regulatory considerations on artificial intelligence for health. Geneva:
World Health Organization; 2023. https://www.who.int/publications/i/item/9789240078871.

14. Li LT, Haley LC, Boyd AK, et al. Technical/Algorithm, Stakeholder, and Society (TASS) Barriers to the
Application of Artificial Intelligence in Medicine: A Systematic Review. J Med Syst. 2023;47(1):94.
https://digitalcommons.library.tmc.edu/uthshis_docs/694.

Figures

Page 10/12



Study Aim

Mixed-Method Dual Survey

Delphi Survey Field Survey
27 Experts 55 Hospivals

T ki J

Expert Vision Hospital Practice
Al Functions = Risks « Pathways Adoption « Barriers « Heeds

Four-Dimension Gap Analysis
Function « Barrier « Ethical Risk =
Suppart Heed

L J

Consensus Prerequisites
Data » Algorithm » Governance

¥

Risk-Governed Phased Framework

Figure 1

Research Design and Analytical Framework

Page 11/12



4 Phase 1: Data Foundation
l Unified Data Standards ——— = Data Interoperability ———— Data Security & Privacy |
L : I L I
4 Phase 2: Technology Governance
Explainable & Auditable Technical Human-in-the-lcop
Algorithms Standardisation Design |
\_ [ |
[ Phase 3: Application Politing
Basic Monitoring & Early . Document Review & Multi-Source Data
| Waming | Standard Interpretation [ Fusian |
\_ | j’ |
Fhase 4. Full Accreditation Integration
| Al-Enhanced On-site | Real-Time Risk Early Ethics & Risk |
Review Waming Supervision
[
&
Continuous Quality |mpravamant
Figure 2

Risk-Governed Phased Implementation Framework for Al in Hospital Accreditation
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