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Abstract:
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Initiative for Data and Digital Health addressing the topic of implementation insights on artificial intelligence in health care.
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Executive summary

This report, from Working Group 1 the WHO Strategic Partners Initiative on Data and Digital
Health, addresses the critical gap between the transformative potential of artificial intelligence (Al) in
health care and the practical realities of real-world deployment across Member States’ health
systems. With WHO estimating a global shortfall of 11 million health workers by 2030, Al offers
strategic value for augmenting existing capacity, streamlining clinical and administrative tasks, and
supporting earlier and more accurate diagnosis, but only when implemented through context-
sensitive, ethically grounded and systemically sustainable approaches. This report provides

a synthesized overview of governance frameworks spanning global initiatives to regional legislation
and national frameworks across multiple jurisdictions, while presenting evaluation and
implementation frameworks, and regional approaches that enable health-care organizations to
systematically assess Al solutions with a view to adoption.

A series of 11 detailed case studies from seven countries — Finland, Israel, Latvia, Norway,
Portugal, Spain and the United Kingdom — demonstrate real-world Al implementation across its
capabilities for prediction, classification, association and optimization. These

examples demonstrate that successful Al deployment requires adaptive, nonlinear

processes that address data quality challenges, clinical workflow integration,

stakeholder engagement and robust governance mechanisms.

The case studies emphasize that technical sophistication alone is insufficient and that success
depends on strong clinical involvement, integration with existing workflows, alignment

with organizational priorities and the presence of internal champions who can bridge technical and
clinical perspectives. The findings demonstrate that, while Al can serve as a transformative force in
health care delivery, realizing this promise requires deliberate investment in data infrastructure,
evaluation capacity, workforce training and peer learning mechanisms that enable safer, more
effective implementation across diverse health care contexts.

vii



Background

The Strategic Partners’ Initiative for Data and Digital Health (SPI-DDH) (7) was launched in June
2024 in response to WHO Regional Committee for Europe resolution EUR/RC72/R2 on leveraging
digital transformation for better health in Europe: regional digital health action plan for the WHO
European Region 2023-2030 (2), which called for the WHO Regional Office for Europe to provide
stewardship for a new “strategic partnership council for data and digital health to share information
and encourage collaborative innovation in the European digital health ecosystem”. In response, the
SPI-DDH was created to bring together a diverse constellation of public and private stakeholders
and subject matter experts to tackle key issues relating to the digital transformation of health
systems, and to pursue the goal of all people benefitting from safe, affordable and person-centred
digital health.

At the commencement of the initiative, a voting process was launched to identify the most crucial
topics to be addressed by its members. This resulted in the following topics being identified:

1. unlocking more capacity and access to health care with digitalization and responsible
artificial intelligence (Al);

2. leveraging data and digital technologies to bring health care and prevention into the
home;

3. an ecosystem approach to standards and interoperability in health care; and
4. digital solutions supporting the mental health of the health workforce (public health).

Working groups were established to discuss and address each of the above, each with a mandate
to develop an output they considered would be relevant as a tool to assist health policy-makers in
countries of the WHO European Region.

This report details the result of discussions and the development of the chosen output for working
group 1 in addressing their topic of Digitalization and Responsible Al.

Further detail on case studies referenced in this report and those of other working groups are
available via the SPI-DDH online case study repository (3).



1. Introduction
Why artificial intelligence in health care matters for Member States

Artificial intelligence (Al) is rapidly transforming global health systems, with growing evidence of its
potential to enhance health care, at both the individual and population level, improve health

outcomes and increase system efficiency. For WHO Member States, the question is no longer
whether to engage with Al, but how to do so in a way that is context-sensitive,
ethically grounded and systemically sustainable.

Al offers strategic value at a time of unprecedented strain on health systems. WHO has

estimated that there will be a global shortfall of 11 million health workers by 2030 (4). This shortage
underscores the need for new approaches that can augment the capacity of existing staff,
streamline clinical and administrative tasks, and support earlier and more accurate diagnosis.
According to research from the Organisation for Economic Co-operation and Development (OECD),
early adopters of Al in health care have reported positive effects — such as job reorganization, not
displacement — with gains in reducing tedious tasks and improving worker safety. When
implemented responsibly, Al can support health professionals in working at the top of their licenses,
rather than replacing them (5).

Al is not, however, a conventional medical technology. Its performance and safety are deeply tied to
the data it learns from, the environments in which it is deployed and the workflows it supports.

A model that performs well in one setting may fail in another if demographic, clinical or
infrastructural conditions differ. This sensitivity to context creates both opportunity and risk: Al can
help close care gaps in under resourced areas but, if applied without adaptation or oversight, it

may exacerbate inequities or introduce new forms of harm.

Recognizing these challenges, WHO (6) provided critical guidance for Member States through its
publication Regulatory considerations on artificial intelligence for health. This framework highlights
six areas essential for responsible implementation: documentation and transparency, life cycle risk
management, validation of intended use, data quality, privacy protection and stakeholder
engagement. These principles are fundamental for building trust and ensuring that Al technologies
deliver measurable benefits while minimizing potential harms.

The Global Initiative on Al for Health — launched by WHO with the International Telecommunication
Union (ITU) and the World Intellectual Property Organization — further warns that, without deliberate
strategies to support inclusion, Al adoption may concentrate in high-resource settings, leaving low-
resource environments behind. Addressing this requires investment in cost-effective, scalable

models of training, deployment, and governance that are fit for diverse health care systems (7).

Meanwhile, regulatory agencies such as the United States Food and Drug Administration (FDA) and
national authorities operating under frameworks established by the European Union (EU) (8—

11) have developed pathways for approving Al-based medical devices. In addition, the International
Medical Device Regulators Forum published its working groups guidelines for regulating Software
as Medical Devices (712), as well as guiding principles for Good Machine Learning Practice (13).
While essential, these frameworks often focus on static product evaluation and may not address the
broader challenges of real-world deployment, including bias detection, dynamic

learning systems and long-term oversight. Countries must therefore go beyond certification and
invest in their own national strategies for Al integration, adapted to local health priorities and
capacities.

This report responds to that need by offering concrete insights into implementation. It presents
11 real-world case studies from health systems in seven countries that have deployed Al solutions in
diverse settings and for varied health care challenges. These examples offer evidence of what

works and what does not in specific contexts, and what lessons can inform future planning and



governance. Al in health can serve as a transformative force, but only if adopted with clear goals,
robust governance and a commitment to equity and public value.

Working Group 1

SPI-DDH Working Group 1 (WG1) focused on addressing the rapidly evolving landscape of Al in
health care. With the emergence of both significant opportunities and complex challenges across
sectors and borders, there is a growing need to generate high-quality real-world evidence, to ensure
that the potential of Al is explored and utilized across health systems and in the context of cross-
sectoral collaboration to transform care modalities and delivery, to safeguard public health and
ultimately to improve timely access to safe and effective health technology. In this context, emerging
cases already indicate the value and effectiveness of Al solutions for purposes ranging from
discovery, research and development, clinical development, regulatory pathways and market entry,
to optimizing care delivery.

WG1 has sought to deliver practical, evidence-based and actionable outcomes. It therefore
collected key case studies, analyzed them with a comprehensive framework and sought to ensure
that the insights developed could support evidence-informed decision- and policy-making. Its added
value has lain in facilitating the exchange of implementation experience and insights from real-world
experience, enabling shared learning. Further, although Al solutions are emerging as critical
enablers in discovery, development and other stages of the health technology lifecycle (714), WG1,
at this early stage, has concentrated its efforts on health care delivery and solutions deployed in
clinical practice. To this effect, WG1 focused on generating real-world evidence on Al solutions in
health care, operationalizing its core strategic objectives to reinforce the resilience and
modernization of health systems.

Report purpose and structure

To support its work, WG1 developed a series of Al case studies, using a structured methodology
designed to ensure relevance, diversity and practical value. It began with an exchange of ideas
among stakeholders, followed by the series of Al case studies through an open questionnaire
distributed by SPI-DDH. To deepen the understanding of each case, the collected examples were
further refined and structured through interviews and follow-up questionnaires with the contributors.

The series aims to capture a wide range of real-world experiences and insights from health care
providers, public and private payers, industry partners, government bodies and non-profit-making
organizations. By documenting and sharing these case studies, SPI-DDH seeks to accelerate
learning across the health care ecosystem, enabling the adaptation of effective Al implementation
strategies.

This report has four key sections, each designed to support a comprehensive understanding of how
Al is being applied in health care settings. They focus on:

e regulatory frameworks, which provide a synthesized overview of existing laws and policies
governing Al in health care across different contexts;

e frameworks and methodologies for evaluating and implementing Al solutions in health care,
offering reference to practical tools and guidance that can be useful in assessing and
implementing of Al technologies;
an introduction to the series that outlines the motivation and rationale behind its creation; and
presentation of the case studies providing detail on real-world examples and policy insights.

Each case study describes how a specific health challenge has been addressed, including an
overview of the achieved or expected impact, a detailed description of the main challenges
encountered during implementation and the resources required, and the key risks lessons learned,
thus ultimately fostering knowledge exchange and supporting evidence-informed decision-making.



2. Governance and key regulatory and legislative considerations

This section reviews the governance and regulatory considerations relevant to the adoption of Al in
health, with a focus on both global and regional initiatives of international organizations. Such
frameworks are being developed to encourage innovation while safeguarding ethics, human rights,
equity and data protection. In addition to these initiatives, some policy analyses have sought to
document and compare emerging approaches, for example, the HealthAl global landscape report
surveys international and national governance efforts, identifies areas of alignment and divergence,
and presents four case studies from Colombia, Lebanon, Pakistan and Rwanda to illustrate how
global frameworks are interpreted in practice (15).

Global initiatives

High-Level Advisory Board on Al

The report of the multistakeholder United Nations Secretary-General’s High-level Advisory Board on
Al (16) highlights the need to ensure sound governance to avoid widening digital divides that could
limit the benefits of Al to a handful of states, companies and individuals. It links the concept of
leaving no one behind to global Al governance, along with key considerations such as the supply
chains, training data, and geopolitical and geoeconomic implications.

The report also emphasizes the need for the inclusion of national governments and regional
organizations in such a governance system. It says that “the very nature of the technology itself —
transboundary in structure and application — necessitates a global approach” and that “the
development, deployment and use of such a technology cannot be left to the whims of markets
alone”, and acknowledging that “governance can also be a key enabler for Al innovation for the
SDGs [Sustainable Development Goals] globally” (16).

Framework Convention on Artificial Intelligence

The Council of Europe Framework Convention on Artificial Intelligence and Human Rights,
Democracy and the Rule of Law (717) was initiated in 2019, with an ad-hoc committee examining the
feasibility of its development, followed by the drafting and negotiation of the text. The Convention
outlines principles, risks and safeguards for the development of Al, as shown in Table 1.

The Convention covers the use of Al systems by public authorities, including private actors acting
on their behalf, and private actors. It does not apply to national defence matters or research and
development activities, except when the testing of Al systems may have the “potential to interfere
with human rights, democracy, or the rule of law” (17).

Table 1. Council of Europe Framework Convention on Framework Convention on Artificial
Intelligence and Human Rights, Democracy and the Rule of Law

Fundamental principles Remedies, procedural rights | Risk and impact
and safeguards management requirements
Activities within the lifecycle of | e Document the relevant e Carry out risk and impact
Al systems must comply with information regarding Al assessments in respect of
the following fundamental systems and their usage actual and potential impacts
principles: and make it available to on human rights, democracy
- affected persons and the rule of law, in an
* human dignity and iterative manner
individual autonomy e The information must be
. sufficient to enable people o Establishment of sufficient
e equality and . e
S concerned to challenge the prevention and mitigation
nondiscrimination o
decision(s) made through measures as a result of the
the use of the system or implementation of these
based substantially on it and assessments




e respect for privacy and to challenge the use of the o Possibility for the authorities

personal data system itself to introduce ban or
protection o Effective possibility to lodge morgtor!a on certain
; application of Al systems
e transparency and a complaint to competent b C
: " (“red lines”)

oversight authorities
e accountability and ¢ Provide effective procedural

responsibility guarantees, safeguards and

rights to affected persons in
connection with the

e safe innovation application of an artificial
intelligence system where
an artificial intelligence
system significantly impacts
upon the enjoyment of
human rights and
fundamental freedoms

o reliability

¢ Provision of notice that one
is interacting with an
artificial intelligence system
and not with a human being

Source: reproduced by permission from Council of Europe (2024).

WHO and ITU products

WHO and ITU have issued a series of publications focused on digital health governance, including
Al. These stress the need for robust legal and regulatory foundations that ensure privacy, data
protection, equitable access and interoperability.

They encourage countries to adopt adaptive and transparent regulatory models, and to invest in
digital literacy, workforce training and ethics oversight to promote trust in Al-powered health
technology. WHO'’s Global Strategy on Digital Health 2020—2025 (18) urged Member States to
embed ethical considerations into all stages of Al adoption.

OECD

The Recommendation of the Council on Artificial Intelligence from OECD (79) sets forth five
recommendations to be implemented in national policies and international cooperation for
trustworthy Al.

OECD promotes a human-centric, risk-based approach to regulating Al in health, grounded in its
core Al principles of transparency, accountability, fairness and privacy. Its framework emphasizes
sector-specific risk assessment, certification processes akin to medical device regulation, and clear
governance and liability structures. OECD also advocates building workforce capacity, ensuring
equitable access to Al technologies and modernizing data protection and cybersecurity standards.
By encouraging global collaboration, shared regulatory models and interoperable infrastructures,
OECD aims to foster responsible Al innovation that improves health outcomes while safeguarding
public trust (20).

Timely access to high-quality health data is fundamental to the responsible adoption of Al in health.
The Recommendation of the Council on Health Data Governance (21) sets forth

12 recommendations to strengthen health data foundations. It encourages better access to health
data to improve the quality, safety and patient-centeredness of health care services; support for
scientific innovation and the discovery of new treatments; and evaluation of new models of health
service delivery. These goals are to be achieved by strengthening the foundations of health data
governance, which includes: encouraging the availability, access and use of personal health data;
promoting the protection of privacy and data security; and supporting legal, policy, process, and



health data interoperability. Key enablers included in the Recommendation are building human and
technical capacity to use and protect data; involving key stakeholders in design and implementation
to foster trust; and enabling incentives, co-operation and accountability to achieve common goals.

Regional legislation

EU Regulation on Al

The first comprehensive law on Al to be enacted was the EU’s Regulation 2024/1689 (11), which
adopts a risk-based approach to outlining a comprehensive framework, defining rules for different
risk levels, setting down transparency requirements and aiming towards the establishment of a
strong Al ecosystem by encouraging innovation and start-ups. Al can potentially threaten
fundamental rights and user safety, so the Regulation adopts a risk-based approach.

It categorizes Al systems into four levels of risk: unacceptable, high, limited and low. This
categorization helps determine the level of regulation that should be applied to Al systems.

European Health Data Space

EU Regulation 2025/327 on the European Health Data Space (22) establishes a common
framework for the use and exchange of electronic health data across the EU. It strengthens
individuals’ access to and control over their personal health information while enabling certain
categories of data to be reused for research, innovation and public policy. By introducing a
harmonized legal and technical framework for electronic health record systems, the Regulation aims
to foster interoperability, trust and a single market for digital health services and products. Entering
into force in March 2025, the Regulation would be implemented gradually, with the support of further
implementing acts.

In the context of Al, the Regulation on the European Health Data Space is particularly relevant:
high-risk Al applications in health care rely on access to high-quality, interoperable and well
governed data, making Regulation 2025/327 a key complement to Regulation 2024/1689 on Al.

Evaluation and implementation frameworks

Health care systems implementing Al-enabled solutions can leverage several structured evaluation
frameworks to ensure responsible deployment and clinical effectiveness. They address the critical
gap between Al technical development and real-world clinical implementation by providing
systematic approaches to assess safety, efficacy, workflow integration and organizational readiness.
They also facilitate the monitoring of implementation, safety, effectiveness and cost—effectiveness
for different modalities.

In parallel, a growing body of academic literature has proposed methodological standards for
evaluating Al studies in health care. A comprehensive review identified more than a dozen reporting
and evaluation frameworks, each addressing different stages of the development, validation and
clinical integration of Al models. These tools are essential for researchers, implementers and
regulators aiming to ensure quality, transparency and reproducibility in Al-driven health care
interventions (23).

Here are four complementary approaches that range from understanding and evaluating the
transparency of Al solutions to a practical checklist on implementation of an Al model:

Organisational PerspecTlve Checklist for Al solutions adoption (OPTICA)

OPTICA is a practical evaluation tool, developed by researchers from Clalit Health Services in
Israel, to help health care organizations systematically assess Al solutions towards adoption. The
structured checklist of 77 items guides health organizations through a stepwise evaluation of Al
solutions, ensuring that each tool is rigorously assessed for clinical relevance, data
representativeness and equity impact before deployment. The checklist is organized in 13 chapters
and four domains: clinical appropriateness, data exploration, development and performance
evaluation, and deployment and monitoring plan. It requires input from five designated stakeholders:



clinical experts, Al developers, data leaders, machine learning operations experts and
organizational Al leaders, to assess all risks or concerns, from the availability and quality of required
input data to the need for stratified performance evaluation across demographic groups.

The OPTICA framework also embeds requirements for organizational Al governance, which include
continuing monitoring and impact assessment, ensuring that Al solutions continue to perform as
intended as real-world conditions evolve (24).

Coalition for Health Al (CHAI): a tool for Al solution transparency

CHAI developed an applied model card that helps health care organizations systematically
document and evaluate Al solutions before deployment. The model card acts as a standardized
nutrition label that systematically documents Al systems’ capabilities, limitations, risks and
performance metrics before clinical implementation. This collaborative framework requires input
from diverse stakeholders: Al developers, clinical experts, data scientists, security teams and
organizational leaders, to ensure that no critical perspective is missed while creating shared
accountability for Al system performance and safety.

Health care organizations can adopt the CHAI structured documentation approach to make
informed, responsible decisions about Al adoption while building stakeholder trust and regulatory
compliance (25).

Regional health care system approach

A collaboration of Integrated Care Systems — health authorities in London, the United Kingdom —
created a step-by-step framework that enables health care organizations to deploy Al safely at
scale. The framework solves the core problem that most health systems face: having Al solutions
available but lacking the structured processes, governance and collaboration mechanisms needed
to implement them safely and effectively across an entire health care system.

The framework establishes a systematic and sequential four-stage implementation process — idea
evaluation, proof of concept, pilot-testing and deployment — with mandatory safety assessments and
continuing monitoring to ensure that Al solutions remain safe and effective over time. It creates a
collaborative regional model in which Al coordination leaders across health systems share expertise
and pool resources, enabling smaller organizations to benefit from collective learning while reducing
duplication and costs. The approach prioritizes comprehensive risk management through clinical
safety reviews, data protection assessments and ethical evaluations, while addressing the human
element through structured workforce training and transparent community engagement, to build
trust in Al-assisted health care decisions (26).

Evaluating Generative Al

HealthBench offers policy-makers a physician-validated, open-source evaluation framework that
provides a standardized methodology for testing generative Al models in health care settings.
Developed by 262 physicians across 26 specialties globally, it delivers the evidence-based
assessment tool that health systems need to evaluate Al performance during implementation. This
method does not measure whether using Al improves outcomes in health care; it measures whether
the Al/large language model gives good answers (27).

Box 1 below provides an example of how Al frameworks have been implemented in the English
National Health System



Box 1. Example - Al frameworks in the English National Health Service

National Health Service Al knowledge repository: structured early-stage due diligence

DTAC: baseline conformance for digital tools




How the frameworks interact and where gaps remain

Table 2. Characteristics of the National Health Service Al knowledge repository and the
DTAC framework

Framework Purpose Best users Limitation

NHS Al knowledge Guide for initial Commissioners, clinical Nonbinding: depends

repository assessment sponsors, integrated care  on local application
systems

Conclusion: enablers, not endpoints




3. Frameworks for Al categorization

In its evaluation of potential categorization of Al frameworks, WG1 considered a number of
resources, such as Morley (30), and selected four groupings (see Fig. 1) of Al capabilities (37) to
organize the case studies in this series.

Fig. 1. Categorization of key Al capabilities in health care
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Source: adapted from DeSilva and Alahakoon (317). License: CC BY 4.0.

1. Prediction capabilities use historical data to predict the likelihood of events such as
individuals’ risk of developing a particular disease based on risk factors distilled from
historical patterns in electronic health records (EHRs) (32).

2. Classification capabilities detect anomalies in the underlying data: for example, using
computer vision to recognize the presence or absence of disease in a diagnostic image (33,
34).

3. Association capabilities create new knowledge (35) for health researchers, planners and
practitioners through, for instance, drawing out correlations and causations around risk
factors of disease or best responders to drug therapies.

4. Optimization capabilities focus on administrative efficiencies in the health care ecosystem.
Apart from cost savings and resource optimization, they can also help with aspects such as
health care practitioners’ well-being (36).

It is important to note that each of the key Al capabilities described lies at the core of a technically
oriented taxonomy that includes applications and indicative algorithms. In that way, users of this
series may be able to link the why of artificial intelligence use (the application) with the what (the
capability) and find a starting point for the how in terms of indicative algorithms (37) as seen in
Fig. 2.
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Fig. 2. Taxonomy of Al capabilities, applications and algorithms
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Source: reproduced from DeSilva and Alahakoon (31). License: CC BY 4.0.

Note: ANN: Artificial Neural Network; CART: Classification and Regression Trees; CNN: Convolutional
Neural Network; GAN: Generative Adversarial Network; GMM: Gaussian Mixture Models; k-means: k-means
clustering algorithm; LSTM: Long Short-Term Memory Network; RF: Random Forest; RNN: Recurrent Neural
Network; SOM: Self-Organizing Maps; XGBoost: Extreme Gradient Boosting.

Where case studies in this series straddle several of the above Al capabilities, WG1 made its best
effort to allocate them into the group that represents the most significant aspect.

From a clinical perspective, it is possible to consider five core categories that highlight Al's
transformative role in enhancing patient care, operational efficiency and clinical work.

1. To improve operational efficiency and resource management, Al can streamline
administrative tasks, resource allocation and predictive capacity planning.

2. In clinical documentation and workflow management, solutions that leverage Al to automate
routine clinical tasks, such as transcription, coding and scheduling, thereby reducing clinician
burden and improving care delivery efficiency.

3. For personalized treatment and remote monitoring, Al applications can tailor health care to
individual patient profiles and enable continuous monitoring of health status outside
traditional care settings.

4. In predictive analytics and risk assessment, technologies use data-driven models to

anticipate patient outcomes, identify high-risk individuals and support early intervention
strategies.
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5. Indiagnostics and imaging, Al systems assist or automate the interpretation of medical
images and diagnostic data to enhance accuracy, speed, and accessibility of diagnosis.

The Focus Group on Atrtificial Intelligence for Health was a partnership between WHO and ITU, the
United Nations specialized agency for digital technologies. In seeking to establish a standardized
assessment framework for the evaluation of Al-based methods for health, the Focus Group on
Atrtificial Intelligence for Health published a thematic classification scheme (37) that distinguishes
public health from clinical health. Clinical health comprises four main categories: prevention,
diagnosis, treatment and research. Within any one of these categories, Al can then be classified as
any one or more of 37 different clinical subclassifications that range from anaesthesiology to
urology. In addition, OECD published a classification framework for Al, not specifically for health
(34).
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4. Case series
Introduction: bridging theory and practice

The landscape of Al in health care is now rich with strategic frameworks and theoretical potential,
but a critical gap persists in the collective understanding of how these frameworks translate into
practice. Despite the wealth of studies and reports on Al's transformative capabilities, detailed
accounts of real-world implementation — the practical stories of how health care organizations are
navigating the complex journey from Al potential to tangible patient and provider benefits — remain
notably absent. This report addresses this crucial gap by providing context-specific case studies that
reveal the nuanced realities of Al deployment across diverse health care settings.

These case studies serve as an essential complement of the conceptual foundations established by
organizations such as WHO, OECD and regional and national regulatory bodies. Where existing
literature effectively maps the strategic landscape and regulatory considerations, this series of
implementation experiences illuminates the actual pathways that health care organizations are
taking to operationalize these principles. By examining both successful deployments and instructive
challenges, it offers health care providers and decision-makers concrete insights into how
theoretical frameworks translate into clinical and operational realities.

The case series represents the collective expertise of WG1, capturing diverse implementation
scenarios across varying resource contexts, clinical domains and organizational structures. Each
case study unpacks the practical complexities that existing reports acknowledge but cannot fully
explore, from securing stakeholder buy-in and addressing technical integration challenges, to
managing the human—Al collaboration that was identified as essential for success. By grounding
abstract concepts in tangible examples, it aims to accelerate the learning curve for health care
systems worldwide, fostering a community of practice where both achievements and setbacks
inform more effective Al implementation strategies. As Al continues its rapid evolution in health care,
this series will be periodically updated to reflect emerging approaches, ensuring that Member States
not only have access to the why of health care Al adoption but, crucially, also the how of successful
implementation.

Methodology

Fig. 3 outlines the scope and purpose of a series of Al case studies in health care; the scope
includes a problem statement, impact assessment, implementation challenges, resource
considerations and knowledge-sharing aspects. The aims are to build a systematic evidence base
and to focus on solutions actually deployed.

Fig. 3. Scope and purpose of a case series on Al in health care
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WG1 members were invited to submit deployed solutions, known through their networks, that could
be considered as suitable case studies. This was administered through a Microsoft Forms
questionnaire, which enabled a good diversification of cases that represented different perspectives
and contexts across the health care Al ecosystem. The initial responses were then analysed
according the six scope boxes in Fig. 3, each of which addressed a key aspect of the series:

identifying the health care issues the Al solution aims to address (problem);

briefly describing the Al-enabled solution being used (solution);

highlighting the need to quantify the positive outcomes of the Al implementation (impact);
acknowledging the various hurdles involved in implementing Al in health care, not all of
which were relevant to all cases (implementation challenges: data, skills, ethics, clinical and
regulatory challenges);

focusing on the financial and human aspects of the implementation (resources); and

6. underscoring the importance of collaboration and knowledge exchange within the health
care Al community (knowledge sharing).

LN

o

Almost 20 responses were collected and evaluated, and subsequent interactions by WG1 members
explored them in more detail. WG1 used several criteria to decide whether to include specific case
studies, including the maturity level of the project, the availability of real-world implementation
experience and contributors’ willingness to engage in follow-up discussions and share relevant
details. A few case studies were discounted, due to their lack of relevance or close similarity to
others. Eleven case studies were included in total (Table 3).

It is important to emphasize that the inclusion of any technology, vendor or institution in this report
does not imply endorsement by WHO, SPI-DDH WG1 or WHO Member States. References to
vendors or specific clinical implementations are included solely to provide practice-based insights
into real-world challenges and enablers of Al adoption, such as governance models, regulatory
navigation, workflow integration and measurable effects on care. These examples are intended to
support shared learning that can guide future implementation, adoption, and policy-making.

Limitations

While the case studies methodology provides valuable real-world insights, it also has inherent
limitations. The examples presented in this series reflect the experience of selected organizations
that were willing and able to share information during a defined period. As such, the findings may
not be representative of all Al implementations across Member States or health care settings. The
insights derived are context dependent and influenced by factors such as organizational capacity,
regulatory environment and local infrastructure.

Caution should be used in generalizing from these findings without consideration of the specific
conditions in which each case was implemented. Further, because the process relied on self-
reporting and follow-up interviews, the depth and accuracy of information provided may vary. This
series should therefore be viewed as a starting point for learning and dialogue, rather than a
definitive or exhaustive evaluation of Al adoption in health care. Table 3 summarizes the case
studies in this report.
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Table 3. Case studies presented in this report

Case Title Country

1 Al for pulmonary embolism detection Finland

2 Al to transform health data into actionable insights Spain

3 Monitoring system for deployed Al models reviewing chest X-rays United Kingdom

4 Al for predictive coding of the International Statistical Classification of Portugal
Diseases and Related Health Problems, tenth revision (ICD-10)

5 Al implementation for point-of-care cardiac ultrasound Israel

6 Centralized platform to scale multiple Al tools for diagnostic imaging Israel

7 Al for automated organ contouring on computerized tomography (CT) Norway
images in radiotherapy

8 Al-driven risk stratification for hepatitis C screening Israel

9 Agentic Al for emergency department administrative automation United Kingdom

10 Al-Assisted Medication Risk Tool Finland

11 Al for radiology assessment in orthopaedics Latvia

Table 4, below, shows the classification of each case study according to the clinical use
classification framework outlined earlier in this report.

Table 4. Classification of case studies by clinical use
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Case study 1. Al for pulmonary embolism detection (Finland)

Classification(s): Diagnostics and imaging; Operational efficiency and resource management

Problem

A team at the Helsinki University Hospital Diagnostic Centre in Finland implemented an Al solution

that detected pathology — a pulmonary embolism —in CT scans. The solution addressed two areas:
enhancing radiologists’ diagnostic accuracy and improving patient access to timely imaging results
and treatment.

Impact: diagnostic

The solution demonstrated a 25% increase in detection of incidental findings of pulmonary
embolism in cancer patients, leading to a two weeks’ faster access to treatment and improved
patient outcomes. The team also noted a growing confidence in the workforce in utilizing Al
solutions, which meant that further tools could be used to further enhance diagnostics and patient
outcomes.

Implementation challenges

e As to data challenges, the team ensured that vendors met the privacy and security
requirements for integrating with existing hospital computer systems. This maintained data
protection and system compatibility throughout the process.

e As to skills barriers, the project identified specific gaps in regulatory/legal understanding and
domain expertise among project managers and support staff. These were systematically
addressed through internal training programmes and strategic collaboration with external
partners, rather than recruitment, demonstrating a pragmatic approach to knowledge
development.

e As to ethical considerations, understanding that the technology was not designed for the
most critical cases, the team limited certain features, prioritizing local patients’ needs.

e Clinical integration presented significant challenges during the pilot phase. The team
emphasized that deployment decisions were based on patient safety and clinical
functionality, with the planning of triage processes tailored to the team’s specific patient
populations and existing clinical pathways.

e As to regulatory complexities: the system was implemented as Software as a Medical
Device, which is regulated like traditional medical devices requiring initial approval (FDA or
European Conformity marking) and compliance with International Organization for
Standardization (ISO)/International Electrotechnical Commission (IEC) standards, including
IEC 82304-1 (on safety), IEC 62304 (on software lifecycle), ISO 13485 (on quality
management) and ISO 14971 (on risk management). Team members noted that regulatory
requirements aligned effectively with their established practices, although continuing
requirements include maintaining quality management systems, conducting post market
surveillance and submitting regulatory notifications for significant updates, which can delay
software improvements compared to nonmedical applications.

Resources and knowledge sharing

The implementation required substantial organizational commitment involving a multidisciplinary
team of data scientists, clinicians, information technology (IT) developers, regulatory experts and
project managers to systematically evaluate 60 Al products, with 15 (25%) reaching production
deployment. The team published its evidence-based testing methodology (38) and continues
developing deployment and surveillance documentation. This programmatic approach demonstrates
the significant human and intellectual resources needed for rigorously integrating Al while
maintaining clinical standards and patient safety.
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Case study 2. Al to transform health data into actionable insights (Spain)

Classification(s): Predictive analytics and risk assessment; Clinical documentation and workflow
management; Personalized treatment and remote monitoring.

Problem

In multiple care settings, delays in manually recording data from medical devices can increase the
risk of patient harm and reduce care efficiency. Medical devices can include glucose meters, blood
pressure monitors, scales, pulse oximeters, thermometers and other devices. In long-term care
facilities run by the Clariane Group, staff shortages limited the time available for entering clinical
data. At Hospital Sant Joan de Déu in Barcelona, the challenge centred on supporting remote
monitoring for patients receiving palliative care and care for rare diseases without overwhelming
existing clinical teams or infrastructure.

Solution: clinical operations

To address these challenges, both institutions partnered with Doctomatic, to use an Al-based
solution that accurately transcribes health data from medical devices and transforms them into
actionable insights in patients’ digital care records. The solution enables real-time monitoring while
reducing the burden on staff. It was therefore used to automate data transcription to enhance
operational efficiency in Clariane nursing homes and remote monitoring of patients of Hospital Sant
Joan de Déu.

Impact

The deployment at Clariane demonstrated administrative time savings of 123.74 hours per month
per facility and high staff satisfaction scores (8.9/10). These results underscore the system’s value
in improving resource utilization and patient safety in long-term care settings.

The deployment at Hospital Sant Joan de Déu continues; early-stage integration highlights the
system’s potential to extend care to home-based patients with complex conditions.

Implementation challenges

e As to data challenges, the system encountered significant variation in image quality that
affected recognition accuracy. The team implemented a tiered verification system that
automatically routed low-confidence images to human reviewers, along with photography
guidelines during implementation training. Its iterative approach improved algorithm
accuracy from 95% to 98%, with human beings providing verification for uncertain readings.

e As to skills barriers, health care staff in both settings demonstrated widely varying comfort
levels with technology, which was addressed through comprehensive training materials,
recorded sessions and peer-to-peer training via internal champions.

e As to ethical considerations, the team encountered instances where patients inadvertently
included sensitive information in images, particularly with weight scales. This was addressed
through the use of established protocols for staff and patients, including privacy guidance
during measurements and robust data anonymization processes.

e As to clinical integration, the implementation faced resistance from established clinical
workflows, leading the team to design integration with existing processes rather than
replacement of them, emphasizing simplicity and reduced administrative burden. At Hospital
Sant Joan de Déu, diversity in EHRs and integration of the application programming
interface remain active challenges, requiring technical alignment across multiple hospital
systems.

e As to regulatory complexities, the solution was operated in an international market, and
understanding local regulatory requirements ensured compliance.
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Resources and knowledge sharing

The use of a resource-efficient deployment model, with costs scaled by patient volume, allowed for
smaller upfront investment and the demonstration of value before expansion. Key factors for
success included champion-led adoption, integration-focused implementation, and alignment with
current clinical workflows.
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Case study 3. Monitoring system for deployed Al models reviewing X-
rays (United Kingdom)

Classification(s): Operational efficiency and resource management; Diagnostics and imaging.

Problem

A health care provider working across England and Scotland needed a system for effective
oversight of commercial Al diagnostic systems for chest X-rays, operating across multiple locations.
The provider needed to monitor the Al models’ system performance and clinical usage patterns after
deployment, something often cited in literature but rarely done in health care.

Solution: clinical operations

By implementing a centralized real-time Federated Al Monitoring System, powered by Newton’s
Tree, a global health care Al company, the hospitals were able to better manage their resource
allocation and identify potential overreliance on Al recommendations, in addition to technically
monitoring the algorithm performance. This ability to monitor not only technical algorithm
performance but also its influence on clinical decision-making patterns represents an advance in
responsible Al governance.

Implementation challenges

e As to data challenges, the team prioritized data privacy/security and bias/fairness concerns
by implementing an on-premise deployment model with a federated monitoring
infrastructure. This architecture preserved local data governance while enabling centralized
oversight.

e As to skills barriers, the project identified a specific gap in clinical expertise among data
scientists, which was addressed through internal training programmes and strategic
recruitment of personnel with relevant domain knowledge.

e As to ethical considerations, the team encountered limitations in the quality of data on
patients’ ethnicity, which ultimately prevented comprehensive demographic analysis.

e As to clinical integration, the implementation leveraged existing systems rather than creating
standalone applications, minimizing workflow disruption while maximizing utility.

e As to regulatory complexities, the team recognized that data privacy regulations, often
perceived as implementation barriers, actually provided a framework for developing its
federated monitoring approach. The project secured local ethical approval, rather than
pursuing traditional regulatory pathways for medical devices, demonstrating adaptability to
the regulatory landscape.

Resources and knowledge sharing

By focusing on monitoring commercially available Al products, rather than developing new
algorithms, and by embedding the system into existing technical architecture, the project optimized
the hospitals’ limited resources while maximizing clinical utility and governance capabilities. This
implementation demonstrates the value of cross-disciplinary collaboration involving data scientists,
clinicians, IT developers, regulatory experts and project managers. Clear communication around
technical implementation and design was important in preventing confusion about data flows and
information governance frameworks.
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Case study 4. Al for predictive coding of ICD-10 (Portugal)

Classification(s): Clinical documentation and workflow management; Operational efficiency and
resource management.

Problem

The Shared Services of the Ministry of Health of Portugal implemented a predictive coding system
that assigned ICD-10 diagnostic codes to hospital episodes. The project developed a coding aid tool
that suggests the most likely ICD-10 codes associated with each case, targeting improvements in
both the efficiency and accuracy of the medical coding process. This implementation addresses a
high-volume administrative function that directly affects health care reimbursement, clinical
documentation quality and health system analytics capabilities.

Impact: administrative operations

The implementation delivered measurable improvements in medical coding processes, specifically
reducing coding time while enhancing accuracy. The system’s performance was evaluated through
quantitative metrics, including the number of correctly suggested codes compared to the actual
required codes, and the accuracy percentage of those suggestions.

Implementation challenges

e As to data challenges, the team prioritized data usability assessment and implemented high-
quality data standards with regulatory compliance, emphasizing controlled vocabularies,
data minimization principles and continuous international privacy measures for
deidentification.

e As to skills barriers, the implementation revealed a significant gap between clinical experts’
understanding of Al capabilities and what the technology could realistically deliver. This
knowledge disparity created misaligned expectations that required continuing
communication and education to dispel.

e As to ethical considerations, the team utilized the General Data Protection Regulation
(GDPR) as an appropriate instrument to operationalize European principles for ethical Al in
the absence of a formal regulation. This approach demonstrates how existing regulatory
frameworks can be adapted to guide responsible Al implementation.

e As to clinical integration, the implementation faced challenges with practitioner expectations,
particularly among medical coders who anticipated that the system would learn from their
feedback. The team invested significant effort in explaining the necessary balance between
accuracy and precision in algorithm development, highlighting the communication
requirements for successful Al adoption in clinical environments.

e In the absence of Al-specific regulation, the team leveraged GDPR as its primary regulatory
framework.

Resources and knowledge sharing

The implementation demonstrated organizational commitment through the Advanced Analytics and
Intelligence unit of the Shared Services, following a structured approach to development and
deployment. Key insights emphasized the critical importance of expectation management, with the
team noting that the importance of initially defining the expectations of what the algorithm could or
could not provide, so that the medical coders did not have the idea that the project would perform all
of the coding for them. This highlights how projects on health care Al must navigate both technical
challenges and human factors, requiring transparent communication about Al capabilities and
limitations while balancing technical accuracy against usability considerations.
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Case study 5. Al implementation for point-of-care cardiac ultrasound
(Israel)

Classification(s): Diagnostics and Imaging.
Problem

At Sheba Medical Center, clinicians in emergency departments, internal medicine wards and
outpatient settings faced significant barriers to timely cardiac assessment. A key challenge was the
limited availability of experts who could both perform and interpret cardiac ultrasound. This led to
delays in the diagnosis of conditions such as heart failure and valvular disease. The absence of
immediate, expert-level diagnostic capabilities at the bedside, particularly for non-cardiologists, was
identified as a critical gap in routine clinical practice.

Impact: diagnostics

Sheba Medical Center collaborated with the Al As Soon As Possible (AISAP) firm to implement a
cloud-based Al platform for point-of-care ultrasound, featuring 12 FDA-cleared modules that assist
non-cardiologists with real-time interpretation of ultrasounds and automated quantitative
assessments for structural heart disease.

A prospective study of 660 patients demonstrated significant clinical impact: 55% of patients had
direct changes in clinical decision-making based on Al-supported findings, with over 30% of cases
prompting treatment escalation or de-escalation, early discharge or care transitions. Scans were
completed in under 5 minutes, and there was high agreement between observers and formal
echocardiography reports. As of the second quarter of 2025, the platform had performed over 3 000
scans across six departments and the emergency room, with nearly 150 trained clinicians actively
using the system integrated into routine workflows and electronic medical records.

Implementation challenges

e As to the deployment model, implementation followed a phased rollout beginning with two
clinicians in a single internal medicine department. Based on user feedback and clinical
impact, it expanded incrementally to three departments with six users, and then to six
departments with 15 users. After this, 10 clinicians in the emergency department were
onboarded.

e As to skills barriers, a standardized training programme of 2—3 hours was provided for all
users. It included instruction on the AISAP platform, focused education on cardiac ultrasound
and hands-on scanning sessions tailored to clinicians’ prior experience. While the training
provided the necessary foundation, clinicians required additional time and repeated use to
build confidence and proficiency in applying the tool effectively in clinical settings.

e Workflow integration required iterative adaptation of the platform based on real-world use.
Technical adjustments were made to reduce the number of clicks, simplify the user interface
and shorten the time from image acquisition to interpretation.

e As to cultural change, transitioning from reliance on delayed echocardiography interpretation
to real-time, Al-supported diagnosis required clinician engagement and departmental
alignment.

e As to stakeholder alignment, adoption depended on support from department heads and
institutional leadership to embed the platform within standard clinical policies.

Resources and knowledge sharing

The implementation was supported by the innovation ecosystem of the ARC (Accelerate, Redesign,
Collaborate) Center for Digital Innovation at Sheba Medical Center. It enabled collaboration
between clinicians and technology developers through real-time clinical feedback and phased
deployment for gradual scaling. This approach, combined with structured training programmes and
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workflow integration, provides a replicable model for other hospitals considering Al-based diagnostic
support systems, particularly when establishing co-development partnerships with technology
companies.

Real-world evidence was generated through internal studies and operational monitoring to assess
clinical, operational, and economic value. The AISAP platform has since expanded across multiple
departments at Sheba and other institutions, although this case study focuses specifically on Sheba
Medical Center’s implementation experience.
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Case study 6. Centralized platform to scale multiple Al solutions for
diagnostic imaging (Israel)

Classification(s): Operational efficiency and resource management, Diagnostics and imaging.

Problem

Clalit Health Services, Israel’s largest integrated health care organization, is facing radiologist
shortages and growing imaging demand. While seeking to deploy multiple Al algorithms across
radiology and pathology, Clalit discovered that evaluating and implementing each Al solution
separately was both too slow and resource intensive to scale effectively. The organization needed a
systematic approach to rapidly deploy multiple Al solutions while ensuring clinical safety,
performance monitoring and seamless workflow integration.

Solution: clinical operations

Clalit adopted an Al orchestration platform from the Aidoc firm that integrates directly with its picture
archiving and communication system (PACS), allowing centralized management of multiple Al
solutions from various vendors and internal teams. This unified approach replaced the need for
individual Al implementations, significantly simplifying onboarding, monitoring and maintenance
processes across the imaging network. The platform reduced operational burden while enhancing
Clalit’s ability to efficiently evaluate and deploy new Al applications. Following successful
implementation, system use was expanded to emergency medicine departments with further
expansion being considered for additional clinical areas.

Implementation challenges

e As to the deployment model, the rollout followed a phased, site-specific approach, with each
hospital coordinating implementation through its imaging department and deputy director for
technology. Initial adoption was voluntary, allowing clinical teams to engage based on
readiness.

e As to skills barriers, dedicated Aidoc teams supported each site during onboarding, working
closely with Clalit staff to ensure technical and clinical integration.

e As to algorithm monitoring, in line with recommendations from Israel’s National Imaging
Council, Clalit addressed the need for continuing performance monitoring. The annual re-
evaluation of algorithms requires substantial clinical and technical resources. To manage
this, monitoring processes were embedded into routine workflows to allow early detection of
performance degradation, such as issues following equipment upgrades, without relying
solely on periodic audits.

e The organizational insight was that Al implementation often necessitates revisiting and
adjusting existing workflows. A key lesson was the importance of appointing clinical leads
who understand local processes and can guide both clinical and operational adaptation.
These roles are critical for successful and sustainable integration.

Resources and knowledge sharing

The initiative required coordination among clinical, imaging, digital health, innovation, cybersecurity,
and IT teams, with funding provided partly by Israel’s Ministry of Health as part of a national
advanced imaging initiative. Clalit's implementation followed its internal Al integration framework,
OPTICA, and was executed in collaboration with the platform vendor as part of their broader digital
health strategy.

The experience demonstrated the importance of structured workflows, integrated monitoring, and
clearly defined clinical ownership. Key lessons include the need for workflow adaptation,
sustainable monitoring mechanisms and new clinical roles to support Al integration. These are
critical elements for other health systems adopting Al at scale.
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Case study 7. Al for automated organ contouring on CT images in
radiotherapy (Norway)

Classification(s): Diagnostics and imaging.
Problem

At Haukeland University Hospital’s radiotherapy unit, clinicians had to delineate organs at risk on
every patient’s CT images to plan precise cancer treatments. This contouring process was tedious
and time consuming, as experts drew organ boundaries slice by slice on the CT scan. It also
suffered from inconsistencies, as different specialists may draw slightly different contours. With
around 2500 cancer patients receiving radiotherapy at Haukeland each year, this manual workload
created a significant operational challenge.

Solution: diagnostics

A project was conceived to address these issues by using Al to automatically outline organs on CT
scans, thereby streamlining the process. Haukeland purchased an Al system for automatic
delineation of CT images — the ART-Plan™ software from TheraPanacea — and procured a different
system for its proton beam therapy facility.

Impact

The solution led to time savings of up to 80% per CT scan of head and neck patients and 50% for
breast and prostate patients, with significantly reduced variability between users. The quality of the
contours is much more consistent. This uniformity in contouring is expected to make radiation
targeting more reliable and could translate into better patient outcomes. The introduction of Al auto-
contouring enhances the radiotherapy department’s capacity and quality of care, freeing up staff
resources, standardizing planning practices and potentially enabling patients to start therapy faster
with a higher degree of safety.

Haukeland University Hospital treats 2500 patients annually with radiotherapy for cancer of the
breast, prostate, and head and neck. Initially, the technology was purchased for 1000 patients in the
first year, but the allocation was quickly exhausted, and the Hospital purchased an additional

1000 patient licenses.

Implementation challenges

e As to data challenges, during procurement data had to be sent to the manufacturer. CT
scans of head-and-neck patients can only be pseudo-anonymized, and the project therefore
needed a contract for GDPR compliance with all manufacturers.

e As to skills barriers, dosimetrists initially demanded near perfection from the technology. To
address this, a peer review process was introduced to highlight the variations and biases
between different dosimetrists’ plans. A clinical trial involving 20 patients was conducted,
using imaging data to make comparisons.

e As to clinical integration, costs were the main criterion in the procurement process, weighted
at 50%, so quality aspects, such as the precision of the delineation, had a lower weighting.
This could have led to the cheapest offer being preferred if the quality and potential time
savings had not been carefully evaluated. At the time of procurement, cloud-based solutions
were disregarded due to uncertainties about legal aspects, and a local implementation was
chosen. A cloud-based solution, however, could have led to easier maintenance and
technical implementation. While two different systems are in use, they are likely to be
consolidated into one as a result of financial constraints and maintenance burden, quality
issues notwithstanding.
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Resources and knowledge sharing

The time savings from automatic delineation meant that staff could be reassigned within the
organization. The team does extensive outreach to other hospitals in Norway, communicating the
solution and benefits, has worked with other hospitals and has published its results (39).
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Case study 8. Al-driven risk stratification for hepatitis C screening
(Israel)

Classification(s): Predictive analytics and risk assessment.

Problem

Despite the availability of highly effective antiviral treatments, hepatitis C remains underdiagnosed
worldwide. Clalit Health Services faced a significant challenge: traditional screening approaches,
even when aligned with guidelines from WHO and the Centers for Control and Disease Prevention,
yielded low detection rates. Of the approximately 50 000 individuals screened annually, only a few
dozen carriers were diagnosed, reflecting poor efficiency in identifying undiagnosed carriers. Such a
gap in early identification impedes timely treatment and increases the risk of liver complications
such as cirrhosis and cancer.

Solution: clinical operations

To overcome this challenge, researchers from the Clalit Research Institute developed an Al model
using 25 years of patient data from Clalit’s electronic health records to identify the patients most
likely to have undiagnosed hepatitis C. The system generates personalized risk scores and
integrates directly into clinician workflows to guide targeted screening decisions.

The pilot results were striking: the Al identified approximately 500 high-risk individuals, 38 of whom
tested positive for hepatitis C, matching the number found through previous mass screening of

50 000 people and representing a hundredfold improvement in efficiency. The system provides
explainable recommendations to clinicians, enabling faster treatment initiation and supporting more
precise public health screening. As of the middle of 2025, Clalit was scaling up the solution across
its health care system, with plans to apply the approach to other diseases with high rates of
undiagnosed cases.

Implementation challenges

e As to clinical integration, integrating Al outputs into clinicians’ daily workflow required
embedding the risk scores into existing EHR interfaces. The system not only flags high-risk
patients but also provides a transparent rationale to support physician trust and decision-
making.

e Gaining clinician acceptance meant addressing the so-called black box nature of machine
learning models. By focusing on explainable features and clinical logic, the system
reinforced trust.

e The model was developed under strict data governance frameworks, ensuring regulatory
compliance and the ethical use of personal health data.

e As to skills barriers, clinicians needed to adapt to a new model of proactive case finding.
Efforts were made to streamline alerts and reduce false positives, minimizing unnecessary
burden on clinical teams.

Resources and knowledge sharing

The project was led by Clalit Innovation in collaboration with internal Al research teams from Clalit
Research Institute, clinical leaders and IT professionals. Its unified, longitudinal EHR system
provided a strong foundation for training machine learning models, while Clalit’s innovation culture
and digital health experience enabled rapid development and deployment. The implementation used
a phased approach emphasising explainable Al results.

Key factors in success included engaging clinicians early with continuing feedback, embedding Al
insights into existing clinical workflows, rather than creating separate alerts, and setting realistic
expectations for Al as a decision support tool rather than automation. This approach demonstrates
how combining data science, clinical expertise and robust infrastructure can achieve significant
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population health improvements. The model is applicable to other silent or underdiagnosed
conditions where targeted, data-driven screening can deliver substantial benefits (40).
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Case study 9. Agentic Al for emergency department administrative
automation (United Kingdom)

Classification(s): Operational efficiency and resource management.

Problem

Emergency departments face severe staffing shortages worsened by overwhelming administrative
burdens. Clinical staff must divert time from patient care to handle manual tracking and
documentation, while administrators spend hours on repetitive tasks across multiple systems. A
hospital in the United Kingdom was facing great pressure on resources, leading to treatment delays,
poor patient experience and missed breach targets, breaking the NHS standard requiring 95% of
patients in emergency departments to be admitted, transferred or discharged within four hours of
arrival. The hospital wanted an Al solution to automate repetitive administrative tasks and free staff
time for patient care.

Impact: administrative operations

In collaboration with an Al partner, the hospital implemented an agentic Al system that was able to
identify when critical steps occur for patients and what important steps are missing, and analyse the
capacity bottlenecks in ways not possible for human beings. Early results show significant time
savings: a 50% reduction in time spent by senior operational managers on performance reporting
and a 30% reduction in time spent by administrators in the department. The system monitors key
departmental metrics including time from triage to first clinical assessment, time to specialty referral,
time between diagnostic order and clinical decision, and four-hour standard compliance. These
early results align with initial expectations and demonstrate increased operational efficiency in
emergency department workflows.

Implementation challenges

e As to data challenges, data quality was the primary concern, due to inconsistent
documentation practices across staff groups. The agentic system addressed this by
recognizing inconsistent data entry and proactively flagging variations, with human-in-the-
loop feedback improving performance over time.

e No specific ethical challenges were encountered. The focus on operational tasks, rather than
clinical decision-making, combined with human-in-the-loop design, minimized ethical
complexities.

e As to clinical integration, the system integrated alongside existing tools without requiring new
workflows or significant process changes. One compromise involved excluding Al
interpretation of clinical data from the initial scope, owing to ongoing considerations of
medical device classification.

e As to regulatory complexities, the operational nature allowed adherence to best practices
under the United Kingdom Al guidelines and ISO 42001, rather than complex medical device
pathways. The focus on administrative applications involved simpler regulatory requirements
than clinical decision-making systems.

Resources and knowledge sharing

The project required a multidisciplinary team including data scientists, clinicians, IT developers,
project managers and data protection officers. No significant skill gaps were identified that required
additional training or hiring.

The key lesson learned was the importance of optimizing training; future implementations should
invest in a train-the-trainer approach to reduce training burden during rollout. The system’s design
incorporates data quality education into user training, while the Al’s ability to flag variations and
improve through feedback creates a scalable model for other emergency departments. The
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technology’s system-agnostic design and focus on operational rather than clinical tasks enable rapid
deployment across different hospital environments while maintaining compliance through
established Al governance frameworks.
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Case study 10. Al-assisted medication risk tool (Finland)

Classification(s): Predictive analytics and risk assessment; Operational efficiency and resource
management; Clinical documentation and workflow management.

Problem

In acute care, clinicians face time pressure, fragmented data and complex medication histories,
making timely identification of risks difficult. The project at Wellbeing Services in the county of North
Savo addresses the challenge of identifying medication-related risks in emergency patients,
particularly risks related to falls, gastrointestinal bleeding and delirium. The aim is to enhance
patient safety and reduce health care costs by providing more efficient and reliable detection of
medication-related harm.

To meet this need, an Al-assisted tool was developed that combines generative Al with rule-based
algorithms to compile and summarize risk-related information from clinical data. Al was chosen
because it enables rapid synthesis of structured and unstructured information, supporting clinicians
in emergency settings where manual review is not feasible.

Impact

The project aims to improve patient safety, optimize workflows and support cost—effectiveness in
emergency care. While a randomized controlled trial (RCT) began in October 2025 and results are
not yet available, early implementation and user feedback have met expectations for feasibility and
usability.

Key indicators for evaluation include the tool’s effect on identifying risks, improving safety,
streamlining workflows and reducing costs. Quantitative results will be analysed in 2026 and 2028,
and the tool is expected to demonstrate positive clinical and economic impact

Implementation challenges

o Regulatory requirements significantly shaped the implementation. To comply with the EU
regulations on medical devices and Al (710,71), the first version was developed as a
nonmedical device, limiting Al functionality to data aggregation and visualization and not
allowing inferential functions. This ensured compliance and data safety while an RCT was
conducted, with inference to be added in the next, regulated phase.

o A multidisciplinary team completed a data protection impact assessment and implemented
secure methods for handling sensitive data. A favourable ethical opinion was obtained from
the research ethics committee to ensure proper safeguards for data use, safety and consent.
Technical integration with clinical workflows required process adjustments and close
collaboration between the pharmacy, emergency services, IT and legal teams. If the project
were to be repeated, the regulatory and ethical processes and technical integration testing
would start earlier, and clinical user involvement would begin even sooner.

Resources and knowledge sharing

The project brought together data science, clinical, IT, and regulatory and project management
expertise, with support from public funders and DigiFinland, which develops and supports national
digital solutions for the needs of cross-sectoral public administration. Skill gaps in Al and clinical
domains were addressed through collaboration across professional groups. The tool was pilot-
tested as part of clinical workflows, using an iterative approach based on user feedback. Knowledge
will be shared through publishing of the results of the RCT and future clinical and regulatory work to
support adoption in other health systems.
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Case study 11. Al for radiology assessment in orthopaedics (Latvia)

Classification(s): Diagnostics and imaging; Operational efficiency and resource management;
Predictive analytics and risk assessment.

Problem

The Children’s Clinical University Hospital, in Riga, adopted Al in radiology for two purposes: for
identification of bone fractures and automatic determination of bone age. In line with the Hospital’s
medium-term strategy for 2020-2025 to improve health care capacity, it adopted these solutions to
optimize efficiency in medical imaging. The overarching goals included reducing the length of
diagnostic episodes, enhancing workforce efficiency and shortening the time required for image
analysis and reporting.

Impact: diagnostics

All trauma patients’ radiology scans are analysed for fractures and automatically transferred to the
Hospital's PACS. The software proved to be valuable, particularly after hours, when immediate
radiologist interpretation is unavailable. In these situations, it provides clinicians with rapid
diagnostic support that is particularly helpful when their experience may not be sufficient for precise
fracture analysis. The Al is a useful addition to the radiologists’ work, particularly in for initial
assessment before a radiologist’s review. Al does, however, make the radiologists’ assessment
process longer, as they are required to wait a few minutes for output.

The verification system for bone age is used in endocrinological and legal settings, where either a
child’s growth is impaired and it is necessary to verify the age of the bones, or for legal purposes,
where it is used to determine a child’s age where it is uncertain, for example, in immigration cases.

Implementation challenges

e The team did not report any significant challenges in terms of the technical implementation
of the solution, and the automatic transfer to the PACS was especially helpful.

e Bone structures in children differ from those of adults, which has led to occasional
inaccuracies, especially in paediatric cases where fractures present atypically and growth
plates can mimic fractures.

e The bone age programme sometimes fails to produce results if the images are improperly
captured or if incorrect data are entered into the hospital’s information system. These
challenges have provided opportunities to improve imaging practices and enhance the
accuracy of data entry, ultimately leading to better overall workflow quality.

e During initial testing, the system produced incorrect results more often than anticipated. This
led to some groups, such as orthopaedic surgeons, having low trust in the solution.

e If the software mistakenly fails to identify a fracture, this is later discovered in the
radiologists’ examination of the images, and the patient is called back if discharged.

Resources and knowledge sharing

When errors in the software are identified, the team actively communicates with the providers and
provides feedback to help refine the solutions. If the solution fails to produce results, owing to
improperly captured images, the team focuses on ensuring that imaging practices are improved.
Errors in data entry are identified and addressed within the Hospital’s information system to prevent
similar issues in the future.

The Hospital is actively communicating with other hospitals in Latvia; as the only specialist
paediatric hospital in the country, it receives cases from all over the country.
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5. Discussion and cross-case insights

The integration of Al into health care is not merely a technological challenge but also involves a
complex interplay of policy, practice and human resource dynamics. Real-world case studies can
help to reveal the nuances of Al implementation, providing evidence that can inform both
operational strategies and policy reforms. As health care organizations navigate workforce
challenges and regulatory uncertainties, policy-makers have a pivotal role in creating environments
that nurture experimentation that leads to true innovation. By encouraging collaborative learning and
continuous policy refinement, stakeholders can work together to unlock the full potential of Al in
health care, ultimately leading to safer, more efficient and more equitable health care systems.
Ultimately, this collaborative approach — enriched by the collective experience of WG1 — aims to
transform theoretical potential into measurable improvements in patient care and operational
efficiency. The members of WG1 hope that this case series will evolve and be periodically updated
with contributions from practitioners and experts, to drive continuing innovation and learning in the
field of Al in health care.

Al implementation was consistently described as a nonlinear, adaptive process. The projects
evolved in response to internal and external factors, with teams adjusting strategies around data
access, clinical integration and oversight as challenges emerged. This highlights the need for
flexible, iterative approaches that allow for learning and refinement over time.

A recurring challenge across cases was data quality and availability. Although many institutions had
digital records, issues such as fragmentation, limited interoperability, privacy challenges in
accessing record-level training and validation data, and a lack of structured or labelled data limited
the ability to develop or validate Al models effectively. These constraints point to the importance of
investment in data governance, infrastructure and interoperability standards. Another challenge that
starts to emerge in health organizations that implement several Al solutions refers to the data
transportation over the network. Although maximal data will improve algorithm accuracy,
organizations tend to minimize the data being sent out, owing to performance and network
limitations.

Projects that progressed beyond their pilot stages often shared similar features: strong clinical
involvement, integration with clinical and operational workflows, alignment with organizational
priorities and the presence of internal champions who could bridge technical and clinical
perspectives. These factors appeared to be more important to success than technical sophistication
alone.

Relatively few projects incorporated formal evaluation frameworks, and even fewer linked evaluation
to health outcomes. This limits opportunities for shared learning and accountability and suggests a
need to implement feasible frameworks that fit care settings. As such, this report highlights relevant
evaluation and implementation frameworks.

Governance mechanisms varied substantially. While some projects operated under clear
institutional or national oversight, others relied on vendor-led protocols or internal guidance. The
absence of consistent frameworks for transparency, accountability and human oversight presents a
risk, especially as Al systems become more deeply embedded in clinical workflows. Innovative
governance mechanisms, such as regulatory sandboxes for Al solutions in health care, offer a
controlled environment where real-world testing of Al solutions can take place under supervision of
a regulator for a limited period. These can accelerate the necessary ecosystem learning in parallel,
which helps to transform health care and maximize the potential of using Al solutions so that health
care workers can operate at the top of their licenses. This is valuable considering the forecast
shortages in most of the health professions globally (4), high burnout rates and the high costs of
unutilized resources.

Finally, several organizations noted the value of peer learning and exchange across institutions. The
willingness to share experiences, including challenges and setbacks, reflects a recognition that Al in
health care is still an emerging field. Supporting mechanisms for structured knowledge sharing may
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help reduce duplication of effort and enable safer, more effective implementation across diverse
contexts.

Going forward, countries and health systems aiming to scale up Al solutions are likely to need to
address a combination of data readiness, evaluation capacity, clinical and managerial engagement,
governance clarity and peer learning. It is paramount that Al solutions address challenges related to
transparency, equity and interoperability. This case series offers one contribution towards that
collective effort.

Key learning points

The case studies presented above show a set of applications of Al across health care settings, each
addressing specific clinical and operational challenges. Collectively, they highlight the potential of Al
to enhance diagnostic accuracy, operational efficiency, and patient outcomes. Benefits can be
foreseen in five areas.

1. As to enhanced diagnostic capabilities, Al can improve diagnostic accuracy and speed,
particularly in cases where human expertise is limited or delayed. Successful
implementations show measurable improvements in clinical decision-making and treatment
timelines.

2. For operational efficiency, Al can streamline administrative processes, reducing manual
workload and errors. This leads to improved resource utilization, staff satisfaction and quality
of data for analytics.

3. Inthe area of governance and monitoring, monitoring after deployment is critical for ensuring
that Al systems remain effective and ethically sound. Continuous oversight can identify
potential overreliance on Al and facilitate adjustments to clinical workflows.

4. As to integration and adaptation, the effective integration of Al into existing workflows
requires iterative adaptation and continuing clinician training. Phased rollouts based on user
feedback can enhance acceptance and utilization.

5. Ethical frameworks and compliance with regulations such as GDPR and ISO standards are
essential for the responsible deployment of Al in health care. Addressing data privacy, bias
and user expectations must be prioritized throughout the implementation process.
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6. Policy considerations

The following policy considerations are targeted at health authorities and governments to support
implementation of Al across different health system contexts. They are drawn from the case studies
together with implementation experience of the WG1 members. Where indicated, supporting actions
refer to those listed in tables 5-7 below.

1.

Establish programmes to ensure health data quality and interoperability

High-quality, standardized data are the foundation for reliable Al applications. By improving
data accuracy, consistency, and interoperability, health care providers can better support Al
integration. These data programmes also enable effective monitoring systems (Action 4) and
interoperable pilot programmes (Action 7), ensuring that Al solutions are built and evaluated
on solid, trusted data.

Foster collaborative sandboxes

Creating innovation sandboxes encourages active collaboration among health care
providers, developers and regulators. These environments are ideal for testing solutions
based on standardized data (Action 1) and serve as proving grounds for scalable pilot
models (Action 5). They also foster discussions around ethics (Action 6) and policy
development (Action 7) in real-world contexts.

Promote continuous education and training

Continuing education enhances Al literacy among health care professionals, helping them
engage meaningfully in sandbox environments (Action 2) and contribute to pilot projects
(Action 5). Training also supports the effective use of monitoring tools (Action 4) and builds
understanding around ethical practices (Action 6) and policy standards (Action 7).

Invest in monitoring and evaluation tools

Real-time monitoring and evaluation systems rely on high-quality data (Action 1) and provide
critical feedback for iterative development in sandbox initiatives (Action 2) and pilot
programmes (Action 5). These tools also inform education programmes (Action 3) by
identifying knowledge gaps and are key to verifying alignment with ethical standards

(Action 6).

Support pilot programmes with scalable models

Pilot programmes provide a controlled way to test Al solutions using validated data (Action 1)
and within collaborative sandboxes (Action 2). They benefit from trained personnel (Action 3)
and are guided by insights from monitoring tools (Action 4). The results from pilot
evaluations inform the creation of comprehensive guidelines (Action 7).

Embed ethics at every stage of Al development

Ethics should be embedded at every stage of Al development, from data collection (Action 1)
to pilot-testing (Action 5) and staff training (Action 3). Ethical oversight in sandboxes (Action
2) and through monitoring systems (Action 4) ensures Al systems are fair, transparent and
accountable. These ethical principles form the backbone of integration guidelines (Action 7).

Establish comprehensive guidelines for Al integration

Draw on insights from data quality initiatives (Action 1), sandbox experiments (Action 2),
training programmes (Action 3), monitoring systems (Action 4), pilot evaluations (Action 5),
and ethical frameworks (Action 6) to create clear, adaptable policies. These guidelines will
ensure responsible, effective, and scalable Al deployment in health care settings.

Potential prioritization of policy considerations

Based on their available resources and capacity to deliver policy changes, countries may wish to
prioritize different actions in implementing the above policy considerations in three different phases:
foundational, developmental and advanced. Several themes cut across these actions: Every phase
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includes ethical considerations; Feedback loops between monitoring, pilot programmes and
guidelines ensure continuous learning. In addition, capacity building through education underpins all
other components. The actions presented in the tables below refer to those policy considerations
described above.

Foundational phase

The goal of the foundational phase is to build the core infrastructure for safe and ethical Al
exploration (Table 5).

Table 5. Priority actions for low-capacity countries in the foundational phase

Actions What it enables Links to policy
consideration

Establish standards for accurate, Reliable input for all 1 (Health data quality and
consistent, and interoperable data future Al systems interoperability)
Build Al literacy among health care Informed participation in 3 (Continuous education
staff and leaders development and and training)

oversight
Introduce ethical frameworks Public trust and safe 6 (Ethical Al development)
addressing fairness, transparency experimentation

and accountability

Developmental phase

The goal of the developmental phase is to begin controlled, collaborative testing and performance
monitoring (Table 6).

Table 6. Priority actions for medium-capacity countries in the developmental phase

Actions Content Links to policy
consideration

Create innovation hubs with Foundation of trained 2 (Collaborative sandboxes)
providers, developers and regulators personnel and trusted
to test Al in controlled settings data (foundational and

advanced phases)

Deploy systems to track Al Enabler of safe scaling 4 (Monitoring and
performance, clinical outcomes and  up and learning evaluation tools)
user feedback

Advanced phase

The goal of the advanced phase is to scale up, evaluate and standardize Al systems at the national
level (Table 7).
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Table 7. Priority actions for high-capacity countries in the advanced phase

Actions

Implement phased, real-world testing Data, training, monitoring

with feedback loops to refine Al
solutions

Develop national/regional policies
based on insights from pilot
programmes, monitoring and ethics

Is informed by

and collaboration
readiness

Content from the two
previous phases that
feeds into robust policy-
making

Links to policy
consideration

5 (Scalable pilot
programmes)

7 (Comprehensive
guidelines for integration)
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