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Abstract

Cardiovascular disease remains the leading cause of death in the European Union, claiming over 1.7
million lives each year and imposing a substantial economic burden on health systems and societies.
One in five of these deaths is considered preventable. As Europe's population ages, this burden is
projected to intensify, impacting citizens’ life and placing growing pressure on health systems already
facing workforce shortages and constrained budgets. Artificial Intelligence (Al) presents an oppor-
tunity to change this trajectory.

This report examines the current state of Al across the cardiovascular care continuum, from preven-
tion and early risk prediction through detection, diagnosis, personalised treatment, and health system
optimisation. It assesses the maturity and evidence base of key applications, identifies the barriers
to wider adoption, and proposes policy priorities for the European Union.

The evidence reviewed points to real progress in a number of domains. Al-assisted echocardiography,
automated ECG interpretation, CT-derived fractional flow reserve, and Al-supported stroke triage are
among the applications with the strongest validation and the clearest demonstrated benefit in routine
clinical practice. Other applications, including wearable-based risk detection, Al-guided screening for
undiagnosed atrial fibrillation, and machine learning approaches to personalised treatment selection,
show considerable promise but require more rigorous prospective evaluation before broad deploy-
ment can be recommended.

Across the field, a persistent gap exists between technical performance and demonstrated clinical
impact. Most Al tools have been evaluated on accuracy metrics rather than on whether their use
improves patient outcomes, and independent external validation remains limited. Adoption is uneven,
concentrated in well-resourced academic centres, while smaller hospitals and less affluent health
systems often lack the infrastructure, workforce capacity, and financing mechanisms needed to im-
plement and sustain these tools. Consumer-facing Al is already shaping how millions of Europeans
engage with their cardiovascular health, often operating outside traditional clinical governance struc-
tures and raising new regulatory and public health challenges that require urgent policy attention.

The EU has built a strong regulatory and data governance foundation through the Al Act, the Medical
Devices Regulation, and the reform of the EU Pharmaceutical Legislation. In addition, the European
Health Data Space Regulation provides the framework for secure and privacy-preserving access to
health data across Member States, supporting the development, validation and scaling of Al applica-
tions in cardiovascular care. Realising the potential of Al in cardiovascular care will require translating
these frameworks into practical support for validation, implementation, and equitable access. Key
priorities include strengthening post-market surveillance, investing in data infrastructure and work-
force readiness, directing implementation support toward under-resourced settings, and requiring
demonstration of clinical utility rather than technical performance alone as the standard for adoption.

Cardiovascular care offers a compelling domain in which to establish the conditions for responsible
Al deployment: the disease burden justifies investment, clinical pathways are well-defined, and rich
data streams support evidence generation. Lessons learned here will be transferable across the
broader landscape of non-communicable diseases that account for most of the health burden in
Europe.
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Executive Summary

Policy Context

Cardiovascular disease (CVD) claims 1.7 million lives in Europe every year [1], more than any
other disease. 62 million Europeans currently live with CVD, and due to an ageing population,
this number could reach more than 100 million by 2050.

Artificial intelligence presents an opportunity to change this trajectory. Al can enable life-long health
management, allowing it to identify individuals at risk before symptoms appear, accelerate
time-critical diagnoses, support more personalised treatment decisions, and help health sys-
tems allocate resources more effectively. Some applications are already in clinical use; many
more are in development. The question for policymakers is no longer whether Al will play a role in
cardiovascular care, but how to enable its integration in day-to-day healthcare provision
and how to ensure it delivers real benefits for patients and health systems: safely, equita-
bly, and at scale.

The EU Safe Hearts Plan, launched in December 2025, places Al and digital innovation at the
heart of future care delivery. It is underpinned by enabling instruments including the Al Act, the
Medical Device Regulation, the European Health Data Space, and targeted funding through
Horizon Europe, Digital Europe and EU4Health, together positioning Europe to lead in the responsible
deployment of Al in cardiovascular care.

Key Conclusions

Al has clear potential to improve cardiovascular care, but the gap between technical performance
and demonstrated clinical impact remains wide. Most tools have been evaluated on accuracy met-
rics rather than on patient outcomes, care efficiency, or workflow integration. Technical
clearance provides important safeguards but does not guarantee real-world clinical value, and
greater emphasis on demonstration of clinical utility would strengthen the pathway from regula-
tory approval to meaningful patient benefit.

For this report, 14 high-potential Al applications were identified and assessed by experts
against two dimensions: their readiness for clinical use, reflecting the maturity of the evidence
base and the degree to which tools have been validated in real-world settings, and their potential
impact, reflecting the benefits these tools could deliver if widely adopted in clinical practice. These
insights help identify where investment is needed and where the evidence base must first be
strengthened before broader deployment can be recommended (Figure 1). Translating this potential
into population-level benefit will require coordinated action across five priorities:

o Putting clinical evidence first. Funding should prioritise independent validation and
head-to-head comparisons between competing tools, not just technical performance. The
measure of success should be whether Al improves patient outcomes, care experience, and
sustainable costs.

e Investing in infrastructure. Many hospitals lack the infrastructure needed to deploy Al.
Without targeted investment, Al risks widening rather than narrowing disparities in cardio-
vascular care across Europe.



Simplifying regulation. The regulatory burden of navigating multiple overlapping frame-
works falls disproportionately on the small companies and start-ups that develop many car-
diovascular Al tools. The proposed revision of the Medical Devices Regulation and the In
Vitro Diagnostic Medical Devices Regulation, alongside the Digital Omnibus, aim to stream-
line compliance, and further efforts are needed to reduce duplication without compromising
safety.

Building workforce capacity. Al literacy must be integrated into medical education at all
levels. Sustained investment is also needed in the technical roles required to implement and
maintain Al tools within healthcare organisations.

Clarifying the role of consumer Al. Millions of Europeans already use smartwatches and
health apps that generate cardiovascular data. Clear guidance is needed on what these
tools can reliably do, how their data should reach clinicians, and how to manage the de-
mand generated by alerts and self-diagnoses.

Figure 1: Expert assessment of 14 high-potential Al applications in cardiovascular care, mapped against their
readiness for clinical use and their potential population health impact. Applications are colour-coded by do-
main: prevention (green), screening and early detection (blue), and personalised treatment (pink).
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Main Findings

Al is already being used at every stage of cardiovascular care, but its maturity varies considerably.
Some tools are approved and deployed in hundreds of hospitals across Europe; others show
promising results in research settings but are not yet ready for widespread clinical use.

In prevention, Al has the potential to identify people at risk of heart disease before symptoms
appear. |t can detect early signs of heart muscle thickening from a routine electrocardiogram far
more reliably than traditional methods, and this finding predicts future cardiovascular deaths.



Al can also automatically measure calcium deposits in the coronary arteries, a well-established
marker of future heart attack risk, including from scans originally performed for other purposes
such as lung cancer screening. Smartwatches and health apps can flag potential heart rhythm prob-
lems and offer a new pathway to medical attention for people who might not otherwise seek it.
However, any alert requires confirmation by a clinician before a diagnosis is made or treatment
started, as false positives are common. Clearer pathways for integrating these tools into clinical
care are needed to ensure they add value rather than overload already stretched healthcare ser-
vices.

In diagneosis, Al has made the most visible progress. It can assess heart function from ultrasound
scans as accurately as specialist cardiologists while cutting analysis time by more than
half. It can also help non-specialist healthcare workers to perform heart scans with minimal train-
ing, improving access to cardiac care in settings that lack specialists. Al can also detect hidden
atrial fibrillation, a common cause of stroke, from a standard electrocardiogram recorded during
normal heart rhythm, although evidence that it actually reduces stroke rates is still needed.

For treatment decisions, Al can help analyse Computed Tomography (CT) scans of the coronary
arteries to assess whether a narrowing is restricting blood flow, helping clinicians decide who
needs a procedure and who can be safely managed with medication alone. Beyond this, Al models
show promise in identifying patients who may safely avoid semi-invasive imaging before certain
procedures, and multimodal approaches combining electrocardiogram, echocardiography, and
clinical data are being applied to distinguish between conditions that look similar but carry different
clinical implications.

Significant challenges remain. Most Al tools have been tested on technical accuracy rather than
on patient outcomes, and regulatory approval does not guarantee real-world benefit. Greater in-
vestment is needed in local implementation studies that allow institutions to assess whether a tool
performs reliably in their specific setting. Without deliberate efforts to support smaller hospitals,
primary care, and less-affluent regions, Al risks amplifying rather than reducing existing inequalities
in cardiovascular care. Ultimately, the measure of success should be whether Al improves outcomes
for patients, enhances the experience of care, supports healthcare professionals, and helps
healthcare systems operate more sustainably.

Related Joint Research Centre Work

This report is part of a broader corpus of JRC studies on Al in healthcare, ranging from tech-
nical assessments of Al in medical imaging [2] and interpretability methods for cardiovas-
cular applications [3], to the opportunities and risks of generative Al in healthcare [4] and
frameworks for operationalising trustworthy Al in clinical settings [5]. These provide comple-
mentary perspectives on the conditions for responsible Al deployment: the technical foundations,
the transparency requirements, the emerging capabilities, and the governance structures needed to
ensure benefit-risk balance in high-risk applications. Looking forward, horizon scanning [6] extends
this work into the future, identifying trends such as multimodal data integration, digital twins,
and synthetic data generation that may reshape cardiovascular care in the coming years.

Quick Guide

This report is structured in four main parts. Section 1 sets out the broader context, examining the
scale of the cardiovascular disease burden in Europe and the rationale for deploying Al in cardiovas-
cular care. Section 2 describes how Al is being deployed from prevention and early detection to per-
sonalised treatment and health system optimisation, with illustrative EU-funded projects at each
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stage. Section 3 examines the key challenges to implementation, covering reqgulation, data infra-
structure, clinical evidence, and workforce readiness. Section 4 examines Al applications in depth
across three major cardiovascular disease subtypes, with an expert assessment of 14 high-poten-
tial applications mapped against their readiness and potential impact. Section 5 presents conclu-
sions, five policy priorities, and a forward-looking perspective.
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1 Introduction

Cardiovascular disease (CVD) remains the leading cause of mortality and disability in the European
Union, with wide-ranging consequences for individuals, healthcare systems, and the economy. Re-
ducing this burden is a core objective of the EU Cardiovascular Health Plan, which places strong em-
phasis on prevention, early detection, and equitable access to high-quality care. Within this policy
context, this report examines how artificial intelligence (Al) can support these goals, from risk strati-
fication to timely diagnosis, and identifies key opportunities and challenges for implementation.

CVD also represents a particularly suitable entry point for examining the use of Al in healthcare
more broadly. Cardiology is a clinically mature and technologically advanced field, characterised by
well-defined care pathways, widespread use of digital imaging and monitoring technologies, and
the availability of large, longitudinal, and multi-modal datasets. Rich datasets already exist across
hospitals, regional health systems, and national registries, though they largely remain in silos with
limited interoperability or cross-border accessibility. The European Health Data Space!® (EHDS) of-
fers a pathway to unlock this potential by enabling secure secondary use and interoperability across
Member States. These features make cardiovascular care an ideal demonstrator for the develop-
ment and deployment of trustworthy Al under the EHDS framework. Lessons learned in this domain
are expected to be transferable to other non-communicable diseases (NCDs), supporting the
broader objectives of the EU Cardiovascular Health Plan and informing future Al-enabled health
strategies.

CVD is a major public health challenge across the European Union, representing both the leading
cause of death and a significant economic burden. In 2021 alone, CVDs were responsible for 1.7
million deaths in the EU, accounting for 32.4 percent of all deaths, and affecting around 62 million
people [1]. This is considerably higher than cancer, the second leading cause of death, which ac-
counted for 21.6 percent.. Strikingly, around one in five of these deaths could have been avoided
(Figure 2), whether through primary prevention of acute cardiovascular events or improved man-
agement of chronic cardiovascular conditions. This highlights not only the scale of the challenge but
also a clear opportunity to reduce avoidable mortality across Europe!®.

Beyond mortality, CVD is a leading cause of long-term disability, premature retirement, and work
absenteeism, with a marked impact on quality of life and life expectancy. The economic burden is
substantial. In 2021, CVD was estimated to cost the European Union around 282 billion euro annu-
ally*[7][8], corresponding to approximately 2% of GDP*?, largely due to productivity losses and re-
duced economic output. This sustained burden places significant pressure on national health sys-
tems and undermines the EU’s broader economic resilience. Population ageing is expected to further
exacerbate these challenges. The share of people aged 65 and over is projected to increase from
22% to 29% [1] in the EU and from 10% to 16%?"* globally by 2050. This demographic transition
will have profound consequences for CVD burden: globally, the total number of people living with
CVD is projected to increase by 90% between 2025 and 2050, accompanied by a 73.4% rise in
crude cardiovascular mortality and a 54.7% increase in crude disability-adjusted life years [8].

10 Requlation - EU - 2025/327 - EN - EUR-Lex
11 1.1 million deaths linked to avoidable conditions - News articles - Eurostat

12 On per capita basis, CVD-related costs averaged EUR 630 per EU citizen.
13 Chart: Aging Populations | Statista
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Figure 2: Standardised death rates for avoidable diseases and conditions in the EU, 2022.

Standardised death rates for avoidable diseases and conditions in the EU, 2022
(among people under 75 years, per 100 000 inhabitants)
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Source: 1.1 million deaths linked to avoidable conditions - News articles - Eurostat

Addressing a challenge of this magnitude requires a strategic and coordinated response. Al’'s capac-
ity for large-scale data analysis and predictive modelling offers new tools across the care contin-
uum: from early risk identification and population-level stratification to optimised clinical workflows
and personalised treatment pathways tailored to individual patient profiles. In particular, Al offers
opportunities to strengthen prevention and early detection of CVD, which remain central priorities
for reducing avoidable mortality across Europe. At the health system level, Al can support more ef-
ficient resource allocation and help identify underserved groups who may benefit most from pre-
ventive interventions. Realising this potential will require robust data foundations, appropriate clini-
cal validation, and effective integration into care pathways, which are central considerations for the
policy and implementation issues discussed in this report. This creates a strong rationale for policy
attention to Al tools that can support earlier, more targeted, and more scalable cardiovascular care,
both at the individual and health system level.
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2 The Deployment of Al Across the Cardiovascular Care Continuum

Al has the potential to transform cardiovascular care by enhancing the ability to prevent, detect,
treat, and manage disease. Cardiovascular conditions arise from a complex interplay of genetic,
metabolic, behavioural, and environmental factors, and their early stages are often clinically silent.
Traditional risk models capture only a fraction of this complexity, and diagnosis frequently occurs
only after disease has progressed. Al offers a different approach: by integrating large, heterogene-
ous datasets—imaging, electrocardiography, electronic health records (EHRs), wearables, and in-
creasingly genomic and proteomic data—it can identify patterns invisible to conventional analysis,
enabling earlier intervention and more personalised care.

The maturity of Al applications varies considerably across the care pathway. Diagnostic tools are
the most advanced: CE-marked systems for Electrocardiogram (ECG) interpretation, echocardiog-
raphy analysis, coronary physiology assessment, and acute stroke triage are already deployed in
hospitals across Europe. Prevention and continuous monitoring are at an earlier stage, with weara-
ble devices generating cardiovascular data at scale but systematic integration into clinical work-
flows being still limited. Al for personalised treatment selection and clinical decision support is
largely experimental, concentrated in research settings and specialised centres. At the health sys-
tem level, Al is beginning to support hospital operations and emergency response, though large-
scale deployment remains uncommon. The EU is investing to advance these capabilities across the
care continuum. Through Horizon 2020 and Horizon Europe, the European Commission has funded
projects spanning prevention, early detection, personalised treatment, and health system optimisa-
tion (Table 1). The European Innovation Council (EIC) complements these efforts by supporting a
portfolio of high-risk, high-impact research projects and deep-tech startups developing next-gener-
ation diagnostic, imaging, and decision-support technologies for CVD. These projects explore areas
such as advanced cardiovascular imaging analysis, predictive modelling for risk stratification, and
Al-assisted clinical workflows. By supporting both early-stage research and the scale-up of innova-
tive companies, the EIC contributes to strengthening Europe's capacity to translate cutting-edge Al
research into clinically deployable solutions.

The following sections examine these applications in detail, organised across four domains: preven-

tion and risk prediction, early detection and risk stratification, personalised treatment and clinical
decision support, and healthcare system optimisation.
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Table 1: lllustrative projects related to Al for cardiovascular health (co-)funded under Horizon Europe!* for re-
search and innovation.

Programme &

Focus Area Project
’ Budget

Duration||[Key Application

Al platform integrating imaging, genomics,
Horizon Europe 2023-29 proteomics, and wearable lifestyle data to
€6.4M predict cardiovascular event risk and vas-

cular disease progression

VASCUL-AID'®

Al-based personalised risk scores and pre-
Horizon Europe 2024-28 vention strategies for CVD and diabetes,
€6.5M delivered via mobile app with behaviour
change interventions

SHIELD!®

Prevention

& Risk Prediction Al-based multimodal risk stratification for
cardiovascular disease in women aged 40—
2024-29 (|60, with specific attention to sex- and gen-
der-specific risk factors during the meno-
pausal transition

Horizon Europe

ARAMELY
¢ €12M

Al tools integrating clinical, laboratory, and
Horizon Europe 2023-27 imaging data to predict obesity-related
€5.3M vascular disease risk and support clinical
decision-making

Al-POD?®

Al-based decision support system for heart
Horizon Europe 2023-27 failure risk stratification, early diagnosis,
€4.5M and disease progression prediction in pri-
mary and secondary care

STRATIFYHF'®

. Al-based modelling using data from >1
Horizon Europe

Early Detection (CARE4CVD™ |l€a.9M EU contri- 1202328 million patients for early diagnosis, risk

& Risk bution stratification, and prediction of treatment
Stratification response across the CVD spectrum

Trustworthy Al for personalised heart fail-
ure risk assessment and management; in-
2023-27 |[tegrates cardiac imaging, biomarkers, ECG,
and clinical data with federated learning
across 3 continents

Horizon Europe

21
Al4HF €5.9M

14 Except for the Healthcare System Optimisation category, for which Horizon 2020 projects are provided as examples.
15 VASCUL-AID: Developing Trustworthy Al-Driven Tools to Predict Vascular Disease Risk and Progression

6 SHIELD: Strategic Health Initiatives for Effective Disease Prevention

17 CARAMEL: CArdiovascular Risk Assessment in MEnopausal women via multimodal data analysis enabling personalized
prevention strateqgies

18 Al-POD: Trustworthy Al Tools for the Prediction of Obesity Related Vascular Diseases

19 STRATIFYHF: Artificial intelligence-based decision support system for risk stratification and early detection of heart fail-
ure in primary and secondary care

20 {CARE4CVD: Individualised Care from Early Risk of Cardiovascular Disease to Establish Heart Failure

2L Al4HF: Trustworthy Artificial Intelligence for Personalised Risk Assessment in Chronic Heart Failure
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https://cordis.europa.eu/project/id/101080302
https://cordis.europa.eu/project/id/101080905
https://cordis.europa.eu/project/id/101080905
https://cordis.europa.eu/project/id/101112022
https://cordis.europa.eu/project/id/101080430

Privacy-by-design federated platform inte-
grating real-world data sources for Al-
2024-27 ||driven diagnosis, prognosis, and risk as-
sessment across seven cardiovascular con-
ditions

Horizon Europe

CVDLINK?2
€9.7M

Wearable Al-powered device for continuous
point-of-care monitoring, risk estimation,
and prevention of deep vein thrombosis in

Horizon Europe
ThrombUS+2* ||€8.1M EU Contri- ||2024-27

bution high-risk patients
Next-generation point-of-care systems for
Horizon Europe real-time biomarker detection in cancer
RealCare®* €8.4M EU Contri- ||2023-28 ||and cardiac diseases, integrating Al data
bution processing with portable biosensor technol-

ogies

. Multi-scale digital twins of ischaemic and
Horizon Europe

GEMINI?® €10M 2023-29 ||haemorrhagic stroke patients to support
treatment selection
Horizon Europe Al tools for genome-centric multimodal
NextGen?® €7 6M P 2024-28 ||data integration to personalise cardiovas-
' cular therapies
i 18 pathfinder studies on Al-powered diag-
Horizon Europe . . .
Euro- €15M EU contri- 2025-30 nostics, digital health tools, and robotics
. HeartPath?” i for heart failure, atrial fibrillation, and cor-
Personalised bution )
onary disease
Treatment &
Clinical Decision ; i Hr\]/brid clligitadl tlwin p;ll?jtforn'(;l integratirllg bio-
orizon Europe physical models and data-driven analytics
Support SMASH-HCMZ 2024-27
it €8.5M for personalised stratification and manage-
ment of hypertrophic cardiomyopathy
Virtual twin models and Al decision-support
TARGET?® Horizon Europe 2024-28 tgols for the full pathway of atrlgl fibrilla-
€M tion-related stroke, from prevention and
acute management to rehabilitation
Horizon Europe Al and digital solutions to improve the clini-
GRACE?® €12M EU contri- [|2025-29 ||cal management pathway for cardiovascu-
bution lar disease, fostering multidisciplinary care

22 CVDLINK: A federated paradigm of real-world data sources utilization for the empowerment of diagnosis, prognosis and
risk assessment of cardiovascular conditions

23 ThrombUS+: Wearable Continuous Point-of-Care Monitoring, Risk Estimation and Prevention for Deep Vein Thrombosis

24 RealCare: Real-time biomarker detection systems for rapid medical decision-making in cancer and cardiac diseases

25> Towards GEMINI: A Generation of Multi-scale Digital Twins of Ischaemic and Haemorrhagic Stroke Patients

26 NextGen: Next Generation Tools for Genome-Centric Multimodal Data Integration in Personalised Cardiovascular Medi-
cine

27 EuroHeartPath: Leading Innovation in Cardiovascular Pathways for Improved Patient Outcomes

28 SMASH-HCM: Stratification, Management, and Guidance of Hypertrophic Cardiomyopathy Patients using Hybrid Digital
Twin Solutions

29 TARGET: Health virtual twins for the personalised management of stroke related to atrial fibrillation
30 GRACE: bridGing gaps in caRdiAC health managEment
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https://cordis.europa.eu/project/id/101136438
https://cordis.europa.eu/project/id/101136962
https://cordis.europa.eu/project/id/101136962
https://cordis.europa.eu/project/id/101194785
https://cordis.europa.eu/project/id/101137115
https://cordis.europa.eu/project/id/101137115
https://cordis.europa.eu/project/id/101136244
https://cordis.europa.eu/project/id/101194778

coordination and personalised early inter-
vention

Healthcare
System
Optimisation

Horizon 2020
AICCELERATE3!||€9.2M EU contri-
bution

2021-24

Smart Hospital Care Pathway Engine for
Al-driven patient flow management in
emergency and surgical units

Horizon 2020
HosmartAl*? ||€10M EU contri-
bution

2021-24

Open integration platform for Al and robot-
ics in hospital operations, with pilots cover-
ing cardiovascular disease, cancer, and re-
habilitation

Source: cordis.europa.eu.

2.1 Prevention and Proactive Health Management

The indicators used to assess the risk of heart disease and stroke span multiple, complementary di-
mensions of cardiovascular care. They include non-modifiable factors such as age, sex, and genetic
predisposition; modifiable risk factors that are routinely monitored and targeted through prevention
and clinical management; standard clinical assessments that provide direct information on the
structural, functional, and electrical status of the heart and vasculature; and a growing set of ad-
vanced and emerging biomarkers that offer more granular insight into underlying pathophysiologi-
cal processes. Together, these indicators capture the multifactorial nature of CVD and the interplay
between biological, behavioural, and environmental determinants. Table 2 summarises these cate-
gories and illustrates how different types of indicators contribute to cardiovascular risk assessment,
diagnosis, and ongoing monitoring across the care continuum.

Table 2: Categories of cardiovascular risk indicators and their clinical applications>3.

Type of indicator

HRepresentative examples

HRole in cardiovascular care

Non-modifiable
factors

Age, sex, genetic predisposition, family history

Baseline cardiovascular risk and
lifetime susceptibility

Modifiable risk
factors

Blood pressure, dyslipidaemia, diabetes mellitus, |[Primary targets for prevention,
smoking, obesity, physical inactivity, diet, depres- ||risk reduction, and long-term
sion, chronic stress, sleep disorders

management

Standard clinical
assessments

Electrocardiography (ECG), echocardiography, car-||Detection, staging, and monitor-
diac stress testing, ambulatory blood pressure ing of structural, functional, and
monitoring, Holter monitoring, carotid ultrasound ||electrical abnormalities

Lab tests and
emerging
biomarkers

High sensitivity C reactive protein, interleukin 6, |[Deeper characterisation of patho-
TNF a, lipoprotein(a), NT proBNP, high sensitivity ||physiology, residual risk, and dis-
troponin |, cystatin C, ICAM, VCAM3*

ease progression

Source: own elaboration.

31 AICCELERATE: A Smart Hospital Care Pathway Engine

32 HosmartAl: Hospital Smart development based on Al

33 Own elaboration based on expert input.

34 |CAM: intercellular adhesion molecule; VCAM: vascular cell adhesion molecule
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Unlike non-modifiable factors (age, genetics, family history), the major modifiable risk factors are
well-established and can be effectively addressed through lifestyle modifications and medical inter-
ventions. Therefore, early identification and intervention targeting modifiable risk factors represents
a possibly very effective strategy for reducing CVD burden. The scale of this opportunity is substan-
tial. In the EU, high blood pressure accounts for over 140 deaths per 100,000 population from is-
chaemic heart disease (IHD), stroke, hypertensive heart disease (HHD), and atrial fibrillation (AF)
combined, more than any other modifiable risk factor. Dietary risks and high LDL cholesterol follow,
each contributing significantly to cardiovascular mortality, while tobacco use, high body-mass index,
air pollution, and physical inactivity add further to the burden (Figure 3). These are precisely the fac-
tors that Al-enabled continuous monitoring and early intervention could help address at scale.

Figure 3: Cardiovascular disease mortality attributable to modifiable risk factors in the EU.

High blood pressure

Dietary risks

High LDL cholesterol

High body-mass index

Risk factors

Tobacco

I |schemic heart disease

Air pollution
[ Stroke
[ Hypertensive heart disease
Low physical activity [ Atrial fibrillation and flutter
!'IJ QICI 4I0 6.0 Slﬂ 160 1:&0 ldl-ﬂ

Deaths per 100,000
Source: Global Burden of Disease (GBD)

The integration of Al and wearable technologies is beginning to reshape preventive medicine by en-
abling continuous monitoring and early identification of risk factors [9]. Wearable devices can con-
tinuously monitor physiological parameters such as heart rate, blood pressure, and sleep [10]. While
these devices generate a vast amount of data, Al is required to efficiently extract value from this
information and provide meaningful insights for early detection and lifestyle modification [9]. This
represents a fundamental shift from a reactive, clinic-based model to a continuous, proactive, and
patient-driven one. Al’s ability to interpret this data is the key to empowering both patients and cli-
nicians in preventive care, helping to mark a shift from reactive treatment to proactive health man-
agement [11]1[12].

Beyond wearables, Al-powered conversational tools and symptom checkers are also emerging as a
means for citizens to engage with their own health data. Large language model (LLM)-based appli-
cations and symptom assessment platforms allow individuals to input data from wearables, clinical
reports, or self-reported symptoms and receive personalised guidance or a preliminary health as-
sessment. While these tools are not intended to replace clinical judgement, they may serve as a
first or second opinion for persons seeking to understand their cardiovascular risk or interpret moni-
toring data. However, the reliability, safety, and regulatory status of such tools vary considerably,
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and their integration into formal care pathways remains limited. In terms of maturity, the use of Al
and wearables for cardiovascular prevention is still at an early stage of clinical adoption. While con-
sumer devices are widely available and several have received CE-marking, their systematic use in
clinical workflows remains the exception rather than the norm. Most wearable-generated data is not
yet integrated into EHRs, and evidence on the impact of these technologies on long-term cardiovas-
cular outcomes is still emerging.

EU-funded initiatives are working to bridge this gap. VASCUL-AID (Horizon Europe, €6.4 million,
2023-2029) is developing an Al-driven platform that integrates imaging, genomic, and proteomic
data with lifestyle information from wearables to predict cardiovascular event risk and disease pro-
gression in patients with abdominal aortic aneurysm and peripheral arterial disease. SHIELD (Hori-
zon Europe, €6.5 million, 2024-2028) uses Al to create personalised risk scores and prevention
strategies for CVD and diabetes, delivering behaviour change goals, lifestyle recommendations, and
health literacy content via a mobile app. CARAMEL (Horizon Europe, €12 million, 2024-2029) is ad-
dressing a significant gap in risk assessment for women aged 40 to 60 by developing Al-based
multimodal models that account for sex- and gender-specific risk factors during the menopausal
transition, a period when cardiovascular risk increases markedly but is frequently overlooked in clin-
ical practice. AI-POD (Horizon Europe, €5.3 million, 2023-27) is developing Al tools that integrate
clinical, laboratory, and imaging data to predict vascular disease risk in patients with obesity, a pop-
ulation in which standard risk scores perform poorly. These projects illustrate how continuous moni-
toring, Al-based risk stratification, and digital interventions can support a shift from reactive treat-
ment to proactive health management.

2.2 Early Detection and Risk Stratification

Among the domains of cardiovascular care, detection and risk stratification are where Al has made
its most visible and clinically validated progress. Current diagnostic practice tends to favour high
specificity, reflecting the need to keep healthcare manageable and affordable: tests are designed to
confirm disease reliably before triggering treatment or intervention. Al does not simply invert this
logic, but rather opens the possibility of more sequential approaches, where highly specific models
continue to drive immediate clinical action while more sensitive tools identify individuals warranting
closer monitoring or earlier preventive intervention. This staged model, where risk stratification pre-
cedes rather than replaces definitive diagnosis, remains underdeveloped in Al research and is only
beginning to be reflected in clinical guidelines.

By leveraging large-scale, multimodal datasets such as imaging, electrocardiography, wearable sen-
sor data, and structured and unstructured information from patient medical records, Al models can
detect subclinical disease, stratify individual risk, and identify patients who may benefit from earlier
or more intensive intervention. Deep learning (DL) algorithms are increasingly applied to cardiac im-
aging modalities such as computed tomography (CT), particularly coronary CT angiography (CCTA),
and cardiac Magnetic Resonance Imaging (MRI) to identify early atherosclerotic changes or func-
tional abnormalities. Al-enhanced ECG analysis can uncover subtle conduction patterns or electrical
instability indicative of early myocardial damage and ventricular remodelling®®, before clinical
symptoms emerge. Similarly, machine learning (ML) applied to longitudinal EHR data can forecast

35 Structural and functional changes in the heart muscle that result from sustained stress or injury, such as hypertrophy or
fibrosis.
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the onset of hypertension, treatment resistance, or the transition to heart failure (HF) with greater
accuracy than traditional risk models [13]1[14]. Beyond supervised prediction, unsupervised learning
techniques are also being explored to identify novel patient phenotypes based on the integration of
clinical, imaging, and molecular data. These approaches can map patients into a latent space repre-
senting distinct risk profiles, enabling more granular stratification and potentially revealing sub-
groups that respond differently to treatment. Such phenotyping methods are an active area of re-
search, though not yet widely adopted in clinical practice.

It is important to note that early detection remains challenging, as most imaging and other diagnos-
tic tools are still predominantly used when patients already present with symptoms, though some
modalities such as ECG are increasingly applied in screening contexts, including in athletes and
high-risk populations. The most mature Al applications in this domain are in diagnosis, particularly
Al-powered feature extraction tools that support radiologists in interpreting cardiac imaging. Several
such tools have received regulatory clearance in Europe and the US, and are increasingly used to
accelerate interpretation, reduce workload, and improve consistency. These tools are designed to
augment rather than replace clinical judgement, and human oversight remains essential at critical
decision points. These advances enable more precise and dynamic risk stratification, moving beyond
population-level predictions toward continuous, personalised assessment of cardiovascular health.
Moreover, the integration of Al with opportunistic imaging and remote monitoring tools facilitates
early detection in routine care and outside clinical settings. By capturing early physiological and
structural signals of disease, Al-driven approaches hold strong potential to reduce late diagnoses,
guide preventive therapies, and improve long-term cardiovascular outcomes across diverse popula-
tions.

However, several limitations must be addressed before these tools can be reliably deployed at
scale. Al algorithms trained on data from a single imaging manufacturer, hospital, or patient popu-
lation often suffer from poor generalisation when applied in different settings. Ensuring robust per-
formance across diverse scanners, clinical environments, and demographic groups is essential to
avoid biased or unreliable predictions. Addressing these challenges will require diverse, representa-
tive training datasets and rigorous external validation across multiple sites and populations.

EU-funded initiatives are advancing these capabilities. STRATIFYHF (Horizon Europe, €4.5 million,
2023-2027) is developing an Al-based decision support system for HF that integrates clinical, im-
aging, biomarker, and wearable data to enable risk stratification, early diagnosis, and disease pro-
gression prediction in both primary and secondary care settings. iCARE4CVD (Innovative Health Initi-
ative, €9.9 million, 2023-2028) is applying Al to data from over one million patients to classify in-
dividuals into clinically meaningful subgroups, stratify risk, and predict individual treatment re-
sponse across the full spectrum of CVD from early risk to established HF. Al4HF (Horizon Europe,
€5.9 million, 2023-2027) is developing trustworthy Al for personalised HF risk assessment, inte-
grating cardiac imaging, biomarkers, ECG, and clinical data through federated learning across multi-
ple continents to ensure broader generalisability. CVDLINK (Horizon Europe, €9.7 million, 2024~
2027) is building a privacy-by-design federated platform that integrates real-world data sources
across seven European countries to develop and validate Al tools for diagnosis, prognosis, and risk
assessment across seven cardiovascular conditions. ThrombUS+ (Horizon Europe, €8.1 million EU
contribution, 2024-2027) is taking a different approach, developing a wearable Al-powered device
for continuous point-of-care monitoring of deep vein thrombosis in high-risk patients, including
those recovering from surgery or undergoing cancer treatment. These projects collectively exemplify
the shift toward more granular, personalised risk assessment and underscore the need for diverse,
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representative datasets and rigorous external validation to ensure reliable performance across dif-
ferent clinical settings and populations.

2.3 Personalised Treatment and Clinical Decision Support

Al is reshaping clinical decision-making by enabling more personalised and timely treatment strate-
gies. Many cardiovascular Al applications go beyond data-driven pattern recognition by grounding
predictions in physiological measurements and mechanisms, an approach sometimes described as
physiology-driven Al and closely related to the concept of computational modelling and digital twins
(DTs) of the cardiovascular system [15]. In conditions such as IHD, stroke, and HHD, Al models could
identify which patients are most likely to benefit from specific interventions, optimise drug selection
and device settings, and anticipate individual therapeutic response or adverse effects [16]. In IHD,
CT-derived fractional flow reserve (CT-FFR) exemplifies physiology-driven Al: computational fluid
dynamics models, accelerated by Al-based segmentation of coronary anatomy from CT images, de-
rive functional blood flow information to guide revascularisation decisions. It is worth noting, how-
ever, that in many current implementations, the Al contribution is primarily in automated image
segmentation, rather than in the functional modelling itself; more transformative applications, such
as Al-based surrogates of fluid simulations or Al-informed device design, remain largely investiga-
tional. Similarly, Al-assisted planning tools for structural heart interventions such as left atrial ap-
pendage (LAA) occluder implantation use automated extraction and characterisation of patient-spe-
cific anatomy to determine optimal device size and implantation position for each individual's ge-
ometry. In stroke care, automated lesion detection supports time-critical reperfusion decisions. Ma-
chine learning models analysing EHRs are also improving the management of hypertension by pre-
dicting treatment resistance and supporting medication adjustment [17].

Several EU-funded initiatives are advancing these applications. GEMINI (Horizon Europe, €10 million,
2023-2029) is creating multi-scale DTs of ischaemic and haemorrhagic stroke patients to support
treatment selection. NextGen (Horizon Europe, €7.6 million, 2024-2028) is developing Al tools for
genome-centric multimodal data integration to personalise cardiovascular therapies. TARGET (Hori-
zon Europe, €7 million, 2024-2028) is building virtual twin models and Al decision-support tools for
the full pathway of AF-related stroke, from prevention and acute management through to rehabili-
tation. SMASH-HCM (Horizon Europe, €8.5 million, 2024-2027) is developing a hybrid DT platform
that integrates biophysical models and data-driven analytics for personalised stratification and
management of hypertrophic cardiomyopathy, one of the leading causes of sudden cardiac death in
young people. EuroHeartPath (Innovative Health Initiative, €15 million EU contribution, 2025-2030)
is conducting 18 pathfinder studies on Al-powered diagnostics, digital health tools, and robotics to
optimise detection, diagnosis, and treatment of HF, AF, and coronary disease. GRACE (Innovative
Health Initiative, €12 million EU contribution, 2025-2029) takes a systems-level perspective, using
Al and digital solutions to improve the end-to-end clinical management pathway for CVD, fostering
multidisciplinary care coordination and earlier personalised intervention. Collectively, these efforts
aim to enhance clinical decision support, reduce unnecessary interventions, and promote more equi-
table cardiovascular care across Europe.

2.4 Healthcare System Optimisation

Al's capacity to analyse real-time and historical health data makes it a powerful tool for improving
the responsiveness, efficiency, and resilience of healthcare systems. In the hospital setting, Al com-
bined with lean management methodologies can optimise clinical workflows, forecast patient
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admissions, anticipate peaks in care demand, and help allocate limited resources such as beds,
staff, and critical care units. For cardiovascular care, this capability holds clear relevance: acute
events such as myocardial infarctions, strokes, and hypertensive crises require rapid intervention
and coordinated emergency response. Al can help optimise the functioning of cardiac care networks
by forecasting surges, supporting triage decisions, and informing ambulance dispatch or catheteri-
sation laboratory (cath-lab) activation based on incoming data streams. An emerging approach is
the use of DTs of hospitals, which create virtual replicas of physical facilities to simulate patient
flows, test operational scenarios, and optimise resource allocation with minimal risk. The Cortex ini-
tiative at Hospital Sant Joan de Déu in Barcelona®® exemplifies this approach: a command centre
that provides real-time visibility into bed occupancy, surgical schedules, intensive care unit (ICU) ca-
pacity, and patient monitoring across the hospital. By comparing individual patient data against
hundreds of similar cases using Al, the system can anticipate complications and support proactive
decision-making, including earlier transfer of stable cardiac patients from intensive care to general
wards.

EU-funded initiatives are advancing these capabilities more broadly. AICCELERATE (Horizon 2020,
€9.2 million, 2021-2024) developed a Smart Hospital Care Pathway Engine that uses Al to optimise
patient flow management in emergency and surgical units, tested across five European hospitals
including Hospital Sant Joan de Déu. HosmartAl (Horizon 2020, €10 million, 2021-2024) created an
open integration platform for deploying Al and robotics across hospital operations, with eight large-
scale pilots covering areas including CVD, cancer diagnostics, and rehabilitation. Looking ahead, the
EU4Health flagship initiative on Al and health data for cardiovascular health (EU4H-2026-SANTE-
PJ-04, €20 million) will support the validation and scale-up of mature Al applications for risk predic-
tion, early detection, personalised prevention, treatment, and rehabilitation across the cardiovascu-
lar care continuum, while building a trusted European health data ecosystem. Beyond hospitals, Al
also shows promise for improving emergency medical services. AI4EMS* (Horizon 2020, €1.5 EU
contribution, 2018-2020) explored Al to assist ambulance call handlers in identifying out-of-hospi-
tal cardiac arrests, reducing delays in care. More broadly, projects using Al to model emergency de-
partment admissions and ICU occupancy show that data-driven systems can support proactive plan-
ning and mitigate bottlenecks*®. Despite this, there is limited evidence of large-scale deployment
focused specifically on cardiovascular emergencies. Given the high burden and time-sensitivity of
these events, this is an area where further investment would be both strategic and impactful. A
comparable gap exists in primary care. Beyond the emerging use of automatic transcription tools to
reduce documentation burden, Al applications aimed at optimising resource allocation, triaging car-
diovascular risk in patient lists, or prioritising referrals remain limited in primary care settings. This
is a significant omission given that primary care is where cardiovascular risk is most commonly first
identified and where earlier, more systematic intervention could prevent a substantial share of hos-
pitalisations and adverse events.

Al can also support healthcare professionals directly. Clinical documentation is a major contributor
to burnout, and this burden has been identified as a key driver of staff attrition [18]. Al-powered

36 Liquid Hospital | SJD Barcelona Children's Hospital

37 Artificial Intelligence for Emergency Medical Services: a smart digital assistant for faster and more accurate cardiac
arrest recognition during emergency calls | H2020 | CORDIS | European Commission

38 Prediction of emergency department presentations for acute coronary syndrome using a machine learning approach |
Scientific Reports
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ambient documentation tools, which automatically generate clinical notes from consultations, have
shown consistent reductions in documentation time and clinician workload in early studies[19][20].
Beyond documentation, Al can improve how clinicians access and synthesise medical knowledge,
helping them retrieve relevant evidence, guidelines, and patient-specific recommendations at the
point of care [21]. The European Commission has recognised this potential: the 2025 Horizon Eu-
rope work programme includes a dedicated call (GenAl4EU, HORIZON-HLTH-2025-01-CARE-01) for
the development of generative Al virtual assistant solutions to support healthcare professionals,
covering use cases from clinical decision support to information retrieval.

By integrating predictive Al into hospital operations and regional emergency planning, health sys-
tems can move from reactive crisis management to anticipatory, data-informed responses. This not
only improves patient outcomes but also addresses chronic systemic pressures, such as workforce
shortages and ICU overcrowding, by allowing more intelligent deployment of available resources.
The same logic applies to primary care, where Al-supported resource optimisation could help man-
age growing patient lists, reduce unnecessary referrals, and ensure that cardiovascular risk is identi-
fied and acted upon earlier. Such process optimisation is essential if Europe is to sustain its public-
oriented healthcare systems, which represent distinctive EU values of universal access and solidar-
ity, and which face growing demographic and financial pressures.
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3 Path to Implementation: Challenges and Mitigation Strategies

While Al holds substantial promise for cardiovascular care, significant barriers remain between
technological potential and widespread clinical adoption. These barriers span regulatory complexity,
data infrastructure, evidence generation, trust, and organisational readiness. They are deeply inter-
connected. In practice, the implementation of Al in cardiovascular care follows a multi-stage path-
way. Early-stage innovation typically emerges from academic research and startup ecosystems,
where algorithms are developed and technically validated. Subsequent phases involve pre-clinical
and clinical validation, regulatory approval, health technology assessment, and integration into clini-
cal workflows. Barriers arise at every stage, and understanding where they occur is essential to ad-
dressing them effectively.

Through a combination of requlatory frameworks, data governance instruments, funding pro-
grammes, and implementation support, the EU has constructed a strategic response that maps onto
each stage of this pathway. This section examines these challenges and the corresponding mitiga-
tion strategies across five interconnected domains: regulatory harmonisation, data availability and
infrastructure, transparency and validation, evidence and clinical utility, and trust and readiness.

3.1 Regulatory Harmonisation in the EU Landscape

A recognised barrier to Al deployment in cardiovascular care is the complexity of navigating multiple
intersecting requlatory frameworks. The EU regulatory landscape for healthcare Al comprises both
cross-sector legislation, including the Al Act and the Product Liability Directive, and healthcare-spe-
cific regulations including the Medical Devices Regulation (MDR), the In Vitro Diagnostic Regulation
(IVDR), the Health Technology Assessment Regulation (HTAR), and the EHDS. These frameworks gov-
ern different but overlapping aspects of Al-enabled medical technologies: algorithmic risk and
transparency, product safety and clinical performance, liability for harm, clinical value assessment,
and data access and governance. Developers and healthcare institutions must navigate these re-
quirements in concert, and clear guidance on their interplay is essential. A key difficulty, however,
lies less in the content of these regulations than in how to navigate them in practice. Unlike the
FDA, which offers structured early dialogue between developers and regulators, the EU system has
historically relied on notified bodies to implement regulatory requirements, without a comparable
mechanism for pre-submission engagement. Inconsistent interpretation of MDR requirements
across notified bodies further compounds this uncertainty. The Commission has recognised this gap:
its December 2025 proposal to revise the MDR and IVDR (COM(2025) 1023 final) introduces a for-
mal legal basis for structured pre- and post-submission dialogue between manufacturers and noti-
fied bodies, as well as a new breakthrough device designation providing priority review and early
regulatory engagement for innovative technologies (MDCG 2025-9).

3.1.1 The Al Act

The Al Act (Requlation (EU) 2024/1689) establishes a risk-based approach to Al governance, classi-
fying systems into risk categories and imposing correspondingly proportional obligations. Most
healthcare Al applications — diagnostic tools, clinical decision support systems, patient monitoring
— fall under the high-risk category, where "the stakes for life and health are particularly high" and
"increasingly sophisticated diagnostic systems and systems supporting human decisions should be
reliable and accurate.” The high-risk classification triggers a comprehensive set of pre-market and
post-market obligations that apply throughout the product lifecycle, from data governance and
technical documentation to transparency, human oversight, robustness, and post-market surveil-
lance. High-risk systems face strict requirements across the Al value chain, with distinct obligations
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for providers (risk management, robustness, conformity assessment) and deployers (human over-
sight, monitoring, incident reporting, fundamental rights impact assessment). This distribution of re-
sponsibility is particularly significant in healthcare, where the same Al tool may be developed by a
technology company, procured by a hospital, and used by a clinician, with each actor carrying dis-
tinct legal obligations. The Al Act applies jointly with sectoral legislation such as the MDR and IVDR.
For Al systems that qualify as medical devices, both frameworks apply: the MDR/IVDR governs clini-
cal safety and performance, while the Al Act addresses Al-specific risks including transparency, hu-
man oversight, and algorithmic robustness. This articulation reflects the framework currently in
force; as noted above, the Commission proposal (COM(2025) 1023) may affect how these obliga-
tions interact. Table 3 summarises how these requirements align across key compliance areas.

Table 3: Summary of Al Act requirements for medical Al systems and their relationship with existing requla-
tory frameworks.

Compliance Area Al Act Requirements MDR/IVDR & EHDS Interplay

EHDS establishes the legal and interoperability
framework for lawful data access; actual
availability depends on Member State imple-
mentation.

Training, validation, and testing da-
Data Governance tasets must be relevant, representa-
tive, and appropriately documented.

Record-keeping, traceability, and
clear instructions for use including
capabilities, limitations, and in-
tended purpose.

MDCG 2025-6 enables integration of Al Act
transparency obligations into existing
MDR/IVDR documentation processes.

Transparency

Systems must enable users to un-  ||Complements MDR/IVDR emphasis on clinical
derstand outputs, override recom-  |juser responsibility; reinforces Al as decision-
mendations, and intervene when support rather than autonomous decision-
necessary. maker.

Human Oversight

Lifecycle risk management address- ||[Extends existing MDR/IVDR risk management
Risk Management |/ing health, safety, and fundamental ||(ISO 14971) to cover algorithmic bias, data

rights, including Al-specific risks. drift, and cybersecurity.
Post-Market Ongoing performance monitoring; Extends MDR/IVDR vigilance obligations to in-
serious incident reporting to compe- |(|clude Al-specific monitoring (drift detection,
Surveillance tent authorities. bias emergence).

High-risk Al requires conformity as-
sessment; medical devices can use ||Single assessment pathway for Al Act and
existing MDR/IVDR notified body pro-|{|MDR/IVDR compliance reduces duplication.
cedures.

Conformity

Assessment

Source: own elaboration.
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3.1.2 Maedical Devices and In Vitro Diagnostic Regulations

Al systems that meet the definition of a medical device—software intended for diagnosis, preven-
tion, monitoring, prediction, prognosis, treatment, or alleviation of disease—fall under the MDR or
IVDR. Both regulations employ risk-based classification systems, with higher-risk devices requiring
conformity assessment by independent notified bodies. The MDR and IVDR mandate rigorous clinical
evidence, continuous post-market surveillance, and traceability through the Eudamed database and
unique device identification system. For Al-based medical devices, conformity assessment must ad-
dress both traditional device requirements and Al-specific considerations. MDCG 2025-6, jointly
adopted by the Medical Device Coordination Group and the Al Board, provides guidance on integrat-
ing Al Act obligations into existing MDR/IVDR quality management systems. This supports a more
integrated conformity assessment approach across both frameworks and aims to reduce duplica-
tion and administrative burden.

3.1.3 The Digital Omnibus Package

The EU is actively working to streamline this requlatory landscape. The Digital Omnibus package
(November 2025) represents the Commission's most significant effort to reduce complexity, re-
sponding to concerns in the Draghi Report about innovation barriers. Key measures relevant to
healthcare Al include:

e Postponed application of certain high-risk Al provisions, linked to the availability of harmo-
nised standards, common specifications, or guidelines: once the Commission confirms their
availability, the high-risk rules will apply six months later for Annex Il systems and twelve
months later for systems embedded into requlated products (Annex |), with fixed long-stop
dates of 2 December 2027 and 2 August 2028 respectively.

e Extended transitional periods for general-purpose Al transparency requirements.
e Expanded regulatory sandbox provisions, including at EU level.

e Extension to small mid-cap enterprises of simplified compliance measures currently availa-
ble to small and medium-sized enterprises (SMEs).

e New legal basis (Article 4a) for processing sensitive personal data for bias detection and
correction.

e Streamlined conformity assessment enabling single application and assessment under both
Al Act and MDR/IVDR / Further clarification of the interplay between the Al Act and the
MDR/IVDR, confirming that medical device manufacturers can rely on the MDR/IVDR con-
formity assessment procedure to demonstrate compliance with both frameworks.

e A shiftin Al literacy obligations, requiring the Commission and the Member States to foster
Al literacy, instead of enforcing an unspecified obligation on providers and deployers, while
training obligations for high-risk deployers remain.

e Non-legislative support measures including an Al Act single information portal and service
desk to assist developers and deployers in navigating compliance requirements.

The Commission emphasises that "simplification does not mean softening standards." The package

aims to reduce administrative burdens by at least 25% for all businesses (35% for SMEs) by 2029.

MedTech Europe has welcomed the intent to streamline legislation while noting that concerns about
unclear and duplicative concepts remain to be addressed.
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3.1.4 Regulatory Sandboxes

Further support comes from Al regulatory sandboxes, controlled environments where developers
can test innovative Al systems under regulatory supervision before market deployment. Under Arti-
cle 57 of the Al Act, all Member States must establish at least one operational sandbox by 2 August
2026. For healthcare Al, sandboxes offer opportunities to receive direct regulatory guidance during
development, test algorithms with real-world clinical data, and obtain documented engagement in-
forming future compliance. SMEs and startups receive priority access and free participation. In De-
cember 2025, the Commission released a draft Implementing Regulation®® detailing sandbox opera-
tion, including provisions for sandbox plans, documentation, and exit reports. The Commission has
also proposed an EU-level sandbox under the Al Office's competence, with strengthened cross-bor-
der cooperation between national sandboxes.

3.2 Data Availability and Infrastructures

The development and validation of Al for cardiovascular care depends fundamentally on access to
large, diverse, and high-quality health datasets. Training algorithms to detect early disease, stratify
risk, or predict treatment response requires data that spans populations, institutions, and clinical
contexts. Yet, health data in Europe remains highly fragmented, siloed within hospitals, regions, and
Member States, often stored in incompatible formats, and subject to inconsistent interpretations of
data protection rules. This fragmentation is a structural barrier to Al development: without access to
representative data, algorithms risk poor generalisability, embedded bias, and limited clinical utility.

3.2.1 Fragmentation of Health Data in the EU

EHRs across Member States use different terminologies, coding systems, and data structures, mak-
ing cross-border data aggregation for Al development exceptionally difficult. Even within institu-
tions, inconsistent data curation, annotation practices, and incomplete longitudinal follow-up limit
the utility of existing records for training and validating Al models. Differences in governance prac-
tices, institutional capacity, and interpretations of data protection requirements can create uncer-
tainty for health data sharing across institutions and Member States and often result in overly cau-
tious approaches that impede legitimate data use, even when institutions wish to collaborate.

Work to overcome these challenges began before the introduction of the EHDS. Work on a European
EHR exchange format (XxEHR) has been underway through a series of EU-supported initiatives, es-
tablishing common standards for the cross-border exchange of priority data categories. The EHDS
Regulation now provides the legal basis for scaling this work. Under Article 15, the Commission is
required to adopt implementing acts specifying the technical architecture of the xEHR by March
2027.

The challenge extends to routine clinical practice. In many hospitals, clinicians lack simple, secure,
and efficient tools for exchanging clinical information with colleagues across departments or insti-
tutions. In time-critical situations, medical images, ECG tracings, and other clinical data must be
shared rapidly, yet institutional IT systems often fail to support this need effectively. In practice,

39 https://digital-strategy.ec.europa.eu/en/consultations/commission-seeks-feedback-draft-implementing-act-establish-ai-
regulatory-sandboxes-under-ai-act
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clinicians sometimes rely on informal communication channels to exchange medical information
rapidly in time-critical situations, highlighting the need for secure, interoperable clinical communica-
tion tools. That such workarounds remain widespread reflects the gap between what clinicians need
and what institutional IT systems currently provide. Addressing this gap is a prerequisite not only for
Al-enabled care coordination but for safe and efficient clinical practice more broadly.

Beyond access, data quality poses a distinct challenge. High-quality Al development depends on
data consistently coded using international terminologies such as SNOMED-CT for clinical terms and
ICD-10 for diagnoses, with structured fields for procedures, medications, laboratory values, and out-
comes. Cardiovascular care generates particularly complex data spanning imaging, electrophysiol-
ogy, biomarkers, and longitudinal clinical observations, all of which must be harmonised for effec-
tive Al use. In practice, much clinical data remains in unstructured formats: free-text clinical notes,
scanned documents, dictated reports, and inconsistently coded entries that require significant pro-
cessing before use in Al training or validation. Furthermore, training data that underrepresents cer-
tain populations, whether by age, sex, ethnicity, socioeconomic status, geographic region, or comor-
bidity profile, risks producing models that perform poorly or inequitably when deployed in diverse
clinical settings.

3.2.2 The European Health Data Space

The EHDS, which entered into force in March 2025, represents the EU's most ambitious effort to ad-
dress data fragmentation. The regulation establishes a legal, governance, and interoperability
framework for health data exchange across Member States, with provisions for both primary use
(facilitating individuals' access and control over their personal health data with seamless cross-bor-
der sharing) and secondary use (enabling authorised researchers, public health authorities, and Al
developers to apply for access to health data for research, innovation, regulatory, and policy pur-
poses under strict privacy and security standards).

For Al development, the secondary use provisions are particularly significant. The EHDS creates a
legal basis under which authorised actors can apply for access to electronic health data for pur-
poses including training, testing, and validating Al systems. Central to this framework is
HealthData®EU, a decentralised EU-wide infrastructure that connects Health Data Access Bodies
(HDABs) established in each Member State. Each HDAB is responsible for processing and assessing
secondary use applications against defined criteria, issuing data permits, ensuring data is provided
in anonymised or pseudonymised form where appropriate, and maintaining secure processing envi-
ronments. HDABs must also establish and maintain national dataset catalogues and inform the
public about data uses.

The regulation mandates interoperability standards, including the European EHR exchange format,
to reduce technical barriers to cross-border data access. The TEHDAS2 Joint Action is developing
technical specifications and guidelines to ensure health data can be accessed securely across bor-
ders, while the SHAIPED project, funded under the Digital Europe Programme and starting in March
2025, pilots the development, validation, and deployment of Al models using the HealthData@EU
infrastructure, specifically supporting HDABs in establishing Al pathways for medical device devel-
opment.

For cardiovascular Al, this framework opens significant opportunities. Large-scale registries, imaging
archives, and longitudinal EHRs could become accessible for algorithm training and external valida-
tion through authorised access pathways, enabling models to be tested across diverse populations
and healthcare settings. Cross-border access would support research into rarer cardiovascular
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conditions and improve the representativeness of training datasets. The ability to link clinical, imag-
ing, and genomic data under appropriate governance could accelerate precision approaches to car-
diovascular risk prediction and treatment selection.

The EHDS establishes rights, obligations, and governance structures,; it does not itself make data
available. Actual data availability depends on implementation by Member States and data holders.
Implementation is phased: most provisions on secondary use under Chapter IV apply from March
2029, while specific categories of data, such as genomic and other omics data, are subject to appli-
cation from March 2031. Within the first two years, Member States must establish their HDABs and
digital health authorities. These timelines govern the legal and governance framework; national and
institutional initiatives may enable earlier access under existing legal bases.

3.2.3 European Health Data Infrastructures

The Commission has invested substantially in European health data infrastructures that go beyond
governance frameworks, providing the actual computing capacity, federated data access, and in-
teroperability tools needed to develop and validate Al in health. Several of these are directly rele-
vant to cardiovascular Al and are already operational or in active deployment.

The Virtual Human Twins (VHT) Initiative® is a flagship under the Apply Al Strategy, with over €100
million in Commission investment. It supports the development of patient-specific computational
models integrating clinical, imaging, and physiological data across scales of human anatomy. Dedi-
cated Horizon Europe research and innovation actions focus on integrated, multi-scale computa-
tional models of patient pathophysiology for personalised disease management, with cardiovascu-
lar applications among the primary use cases. A state-of-the-art Advanced VHT Platform, funded
under the Digital Europe Programme and launched in June 2025, provides shared infrastructure for
the integration, validation, and scaling of these models, offering researchers and clinicians access to
supercomputing capacity, synthetic data, and open-source specifications in a secure, privacy-pre-
serving environment.

The INDICATE project*, co-funded under the Digital Europe Programme, deploys a pan-European
federated infrastructure for intensive care unit data. It supports the development and clinical evalu-
ation of machine learning models for the early detection of organ failure, including cardiovascular,
based on time-series patient data collected across participating institutions, with an explicit focus
on accounting for regional, sex, and minority differences in model development and validation.

In the genomics domain, the 1+ Million Genomes initiative and its implementation vehicle, the Ge-
nomic Data Infrastructure project, are building a federated, secure European infrastructure for ge-
nomic and corresponding clinical data across 20 Member States. The Genome of Europe project®,
co-funded under the Digital Europe Programme with 49 partners across 27 countries, is establishing
a pan-European reference database of at least 100,000 representative genomes. Its Common and

40 https://digital-strategy.ec.europa.eu/en/policies/virtual-human-twins: Horizon Europe WP23-24 topic: Integrated, multi-
scale computational models of patient patho-physiology for personalised disease management

41 https://indicate-europe.eu/use-cases/early-detection-of-organ-failure/

42 https://framework.onemilliongenomes.eu/common-complex-diseases
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Complex Diseases use case focuses on decision-support tools based on polygenic risk scores, with
direct applications to cardiovascular risk prediction and personalised prevention.

3.2.4 Computing Infrastructures: Al Factories

Building on these data infrastructures, the EU is also investing in the computing capacity needed to
put them to use. The Al Factories initiative, part of the Al Continent Action Plan launched in April
2025, builds on the existing network of EuroHPC supercomputers to create dynamic ecosystems in-
tegrating Al-optimised supercomputing, data resources, programming facilities, and human capital.
Nineteen Al Factories have been launched under the EuroHPC Joint Undertaking, with 17 focusing
on healthcare among other topics. These facilities give startups, SMEs, researchers, and industry ac-
cess to supercomputing resources for training, developing, and improving Al models.

Several Al Factories have explicit healthcare focus areas. Finland's LUMI Al Factory concentrates on
manufacturing, health, life science, and communication technologies. Italy's IT4LIA focuses on agri-
tech, cybersecurity, healthcare, and education. Spain's BSC Al Factory, built around the MareNos-
trum 5 supercomputer, emphasises health, climate, agriculture, and energy applications. Health data
infrastructures funded through the DIGITAL Programme will link with these Al Factories, advancing
the objectives of both the Apply Al Strategy and the EHDS.

The Data Labs initiative, to be established as part of the Al Factories, will bring together and feder-
ate data from different factories covering the same sectors, linking to Common European Data
Spaces including health. These labs will offer services including data cleaning, enrichment, stand-
ardisation, and interoperability tools, helping to bridge the gap between raw health data and Al-
ready datasets.

3.2.5 Federated Approaches and Early Implementation

Until the EHDS governance framework is fully operational, data access for Al development will con-
tinue to depend on institutional capacity, bilateral agreements, and federated approaches that allow
algorithms to be trained across sites without centralising sensitive data.

Projects such as Al4HF and iCARE4CVD are already demonstrating how federated learning can ena-
ble multi-site collaboration under current constraints. A comparable model is emerging in cancer
imaging through EUCAIM*, the European Federation for Cancer Images, which has built a federated
infrastructure connecting over 88 imaging datasets across nine cancer types and is in the process
of transitioning to a permanent European Digital Infrastructure Consortium** (EDIC) with planned
integration into the HealthData@EU framework. While focused on oncology, EUCAIM illustrates the
governance and technical architecture that federated cardiovascular imaging infrastructures could
adopt. These approaches will remain relevant even as the EHDS matures, offering a complementary
pathway for privacy-preserving Al development.

43 Home - Cancer Image Europe

44 European Digital Infrastructure Consortium - EDIC | Shaping Europe’s digital future
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In parallel, forthcoming EU-level actions under EU4Health will support early implementation in prior-
ity domains. The cardiovascular flagship action aims to anticipate the application of Chapter IV by
facilitating the federation, standardisation, and reuse of high-quality cardiovascular datasets for Al
development and validation, in alignment with the EHDS governance model.

3.2.6 Building Capacity Across the Ecosystem

Realising the potential of these frameworks requires substantial investment that goes well beyond
institutional readiness. Data preparation, federated Al development, and the deployment of Al tools
in clinical settings each demand different forms of capacity, technical, organisational, and human,
that must be built in parallel and at scale across the entire ecosystem.

At the institutional level, preparing data for access under the EHDS framework, or for use in feder-
ated Al development, demands not only technical systems for data extraction, formatting, and se-
cure transmission, but also dedicated professionals who can bridge clinical practice and data sci-
ence. Biomedical engineers, clinical informaticians, health data managers, and data scientists are
essential to ensure data is curated correctly, quality-controlled, and catalogued in interoperable for-
mats. Many institutions currently lack this capacity, and building it will require sustained investment
in workforce development, training, and infrastructure.

Beyond individual institutions, capacity gaps also exist at the level of health systems, regional net-
works, and national ecosystems. Change management, clinical engagement, and the practical inte-
gration of Al tools into care workflows are as important as technical infrastructure, yet they receive
comparatively little attention in funding and policy discussions. Al tools that are technically sound
but poorly integrated into clinical practice will not deliver value, regardless of the sophistication of
the underlying data infrastructure.

LLMs and other Al tools are increasingly explored to assist with retrospective standardisation of
EHRs, offering potential to extract structured information from legacy data at scale. However, these
approaches introduce their own validation requirements and cannot substitute for prospective data
quality improvements embedded in clinical workflows. Ensuring balanced, representative datasets
will also require deliberate curation strategies, prospective collection designs, and targeted efforts
to include underrepresented groups.

3.3 Transparency and Validation

3.3.1 Transparency Challenges

A particular challenge for cardiovascular Al is ensuring adequate transparency. Many Al systems op-
erate as 'black boxes' where relationships between inputs and outputs are not readily interpretable.
Clinicians are reluctant to act on recommendations they cannot verify, and transparency toward pa-
tients is important for maintaining trust in decisions affecting their care. This opacity can conflict
with evidence-based medicine, which relies on clinicians understanding the basis of recommenda-
tions they act upon. Cases have emerged where models based their predictions on artefacts such as
imaging equipment identifiers rather than clinically relevant features, errors only uncovered through
subsequent explainability analysis.

The challenge extends beyond algorithmic interpretability to disclosure practices. Many commer-
cially available Al tools lack adequate information regarding training and validation datasets,
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making it difficult to assess robustness, potential biases, and generalisability. Key questions, such
as which populations were included, how ground truth labels were established, and what perfor-
mance was achieved in external validation, often remain unanswered. Healthcare professionals do
not need to understand complex computational processes, but they do need to know what features
influenced a decision, the model's confidence level, and conditions under which performance may
degrade [3].

The absence of standardised benchmark datasets further limits an objective comparison between
tools. Without agreed-upon benchmarks reflecting diverse European populations, performance
claims cannot be independently verified, complicating procurement decisions and slowing evidence
generation. This makes it difficult for healthcare institutions to compare products, for regulators to
assess submissions, and for clinicians to know which tools they can trust. The Al Act addresses this
directly, requiring providers of high-risk Al systems to ensure transparency through record-keeping,
traceability, and clear instructions covering capabilities, limitations, and intended purpose, while de-
ployers must be able to understand outputs and intervene when necessary. There is scope to build
on these obligations by developing standardised disclosure formats that translate regulatory re-
quirements into practical guidance for developers and clinicians alike.

3.3.2 Testing and Experimentation Facilities

A structural barrier to validation is the limited availability of environments in which Al tools can be
rigorously tested before clinical deployment. Real-world or simulated settings where Al systems can
be evaluated for safety, usability, and integration with care pathways remain scarce across most
Member States.

The EU has taken steps to address this. The Testing and Experimentation Facilities (TEFs) for Al, in-
cluding the health-focused TEF-Health, provide shared infrastructure for validating Al solutions
across Member States, offering access to realistic datasets, interoperability testing, and simulated
clinical environments. TEF-Health enables developers to test Al systems against diverse patient pop-
ulations and clinical scenarios before seeking regulatory approval or clinical deployment, helping to
identify performance gaps, biases, or integration challenges early in the development cycle.

Complementing this, the European Digital Infrastructure Consortium for Digital Twins in Healthcare
(EDITH) focuses on advancing DT and biophysical modelling capabilities. These virtual representa-
tions of patients and physiological systems offer a pathway for testing Al algorithms in silico, re-
ducing reliance on costly and time-consuming clinical trials for initial validation while maintaining
rigorous safety standards.

3.3.3 Toward Standardised Benchmarks

Addressing validation gaps will require regulatory emphasis on disclosure, industry commitment to
transparent reporting, and investment in shared benchmark datasets. The EU4Health Cardiovascular
Flagship Action could play a catalytic role by developing reference datasets and validation frame-
works for cardiovascular Al, establishing benchmarks that reflect the diversity of European popula-
tions and enabling objective comparison between tools.

Such benchmarks would serve multiple purposes: supporting requlatory assessment by providing

standardised performance metrics, enabling healthcare institutions to make informed procurement
decisions, facilitating post-market surveillance by establishing baselines against which real-world
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performance can be compared, and accelerating research by providing common datasets for algo-
rithm development and comparison.

3.4 Evidence and Clinical Utility

3.4.1 The Evidence Gap

A common challenge in healthcare Al is the disconnect between model performance and clinical
utility. While rapid advances have produced models with impressive technical performance, their
readiness for clinical use in cardiovascular care remains uneven. Many Al systems demonstrate
strong results on retrospective datasets or narrowly defined tasks, yet provide limited support for
real-world clinical decision-making. A recent review found that only 11 randomised controlled trials
of Al in cardiology had been conducted through late 2024, despite more than 100 FDA-cleared ap-
plications already on the market [22]. Similarly, another systematic review found that of nearly 500
Al models for cardiovascular risk prediction, none had undergone independent external validation
[23]. These findings underscore that strong performance in controlled settings does not guarantee
clinical utility.

Part of this gap reflects a mismatch between how Al models are designed and how clinical deci-
sions are made. Clinical reasoning in cardiovascular medicine typically relies on probabilistic judge-
ment, longitudinal observation, and contextual information, often involving the balancing of com-
peting risks and benefits rather than applying binary rules or fixed thresholds. Al models trained on
simplified labels or proxy endpoints, and producing categorical classifications without calibrated un-
certainty, may fail to reflect this complexity. Their outputs can be technically correct yet clinically
difficult to interpret or act upon, and may even contribute to disagreement between clinicians and
Al recommendations rather than supporting informed decision-making.

Moreover, models are typically optimised to maximise predictive accuracy on a defined outcome,
yet clinical value depends on whether acting on predictions improves patient outcomes, integrates
into care pathways, and does so without unintended harms or excessive resource use. A model that
accurately predicts risk but does not change management, or that triggers interventions with mar-
ginal benefit and significant burden, may offer little real-world value despite strong technical per-
formance.

The Healthcare Quadruple Aim [24] provides a useful lens for assessing whether technical innova-
tion translates into meaningful system-level value (Figure 4). The framework organises health sys-
tem improvement around four objectives: improving population health, enhancing patient experi-
ence, reducing costs, and supporting the wellbeing of healthcare professionals. Progress along one
dimension should not come at the expense of the others. An Al system may improve clinical out-
comes by detecting disease earlier, yet increase clinician workload because of poor user interface
design, excessive alerts, or time-consuming data entry requirements. Conversely, a tool may en-
hance patient experience through personalised communication or remote monitoring, while being
too costly or resource-intensive to scale sustainably. Highly accurate models may erode profes-
sional autonomy or trust if their outputs are opaque or difficult to integrate into clinical reasoning,
undermining clinician wellbeing and adoption despite technical success. Applying the Quadruple Aim
shifts the focus from isolated performance metrics to balanced value creation: successful clinical Al
should improve outcomes without degrading care experience, reduce costs without increasing pro-
fessional burden, and support clinicians rather than displacing or overwhelming them.
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Beyond technical performance and clinical accuracy, economic value plays a critical role in deter-
mining whether Al tools are adopted into routine care. Health systems and reimbursement bodies
must assess not only whether Al improves diagnostic performance, but also whether it reduces
costs, improves workflow efficiency, or enables earlier detection that reduces downstream expendi-
ture. Yet the economic evidence base remains thin: three recent systematic reviews found that stud-
ies with rigorous quantification of economic outcomes represent only a small fraction of the pub-
lished literature, and that existing cost-effectiveness analyses rely predominantly on modelling as-
sumptions rather than prospective real-world data[25][26][27]. Strengthening this evidence base
through prospective studies designed alongside clinical validation is essential to close the gap be-
tween demonstrated clinical benefit and sustainable adoption.

Figure 4: The Healthcare Quadruple Aim.
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Source: own elaboration.

3.4.2 Pre-Market Validation

The evidence base for many commercially available Al tools remains thin. While requlatory approval
requires demonstration of safety and performance, the clinical evidence supporting CE-marked Al
devices varies considerably in quality and scope [28]. Many tools receive approval based on retro-
spective validation studies using datasets from a limited number of centres, without prospective
evaluation in diverse clinical settings or demonstration of impact on patient outcomes. External vali-
dation across different populations, imaging equipment, and care pathways is often absent or lim-
ited. Rigorous clinical validation does not necessarily require randomised controlled trials; equiva-
lence studies, prospective registries, and real-world evaluation designs can all provide meaningful
evidence of clinical utility. This creates uncertainty for healthcare institutions seeking to adopt Al
tools: without robust evidence of clinical effectiveness and generalisability, procurement decisions
become difficult, and the risk of deploying systems that underperform in local settings remains
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high. The absence of head-to-head comparisons between competing tools further complicates deci-
sion-making, leaving institutions reliant on manufacturer claims rather than independent evidence.

3.4.3 Post-Market Evidence

Evidence generation remains a critical bottleneck. While numerous Al tools have reached regulatory
approval or are close to deployment, robust evidence demonstrating improved patient outcomes is
still limited. In many cases, validation focuses on technical performance rather than clinical impact,
workflow integration, or downstream consequences. This creates a risk of premature deployment of
systems that are not yet mature enough to support clinical decision-making in routine care.

The consequences of inadequate pre-market evaluation are becoming apparent. A recent analysis
of 950 FDA-cleared Al-enabled medical devices found that 6.3% had been subject to recalls, with
439% of these recalls occurring within the first year of market authorisation, roughly double the rate
observed for conventional devices [29]. Most recalled devices lacked pre-market clinical validation,
and the most common causes were diagnostic or measurement errors. While this study examined
FDA-cleared devices, similar patterns may emerge in Europe as Al deployment scales; the findings
underscore the need for more rigorous pre-market evaluation and for post-market surveillance sys-
tems capable of detecting performance degradation, emerging biases, or unintended clinical conse-
quences.

Post-market evidence generation is equally important but often neglected. Al systems may perform
differently in real-world deployment than in controlled validation studies, due to differences in pa-
tient populations, data quality, workflow integration, or user behaviour. Continuous monitoring of
performance, detection of drift, and assessment of clinical impact are essential to ensure that Al
tools continue to deliver value after deployment. A further complication is that Al tools are rarely
static: models are continuously retrained on new data, updated, and improved after deployment,
meaning that published validation evidence may no longer reflect the performance of a tool cur-
rently in use. Version control, change documentation, and the threshold for re-evaluation after sig-
nificant updates remain poorly standardised, creating gaps between what has been validated and
what is actually being applied in clinical settings. The Al Act and MDR/IVDR impose post-market sur-
veillance obligations on providers: monitoring performance, detecting serious incidents, reporting to
competent authorities, and for Al systems specifically, tracking algorithmic drift and bias emer-
gence. Yet systematic frameworks for post-market evidence generation remain underdeveloped,
and many institutions lack the capacity to conduct ongoing evaluation. The EU4Health Cardiovascu-
lar Flagship Action includes provisions for validating Al applications across the care continuum, with
potential to generate real-world evidence on clinical impact and health system effects.

3.4.4 Closing the Gap

Addressing the disconnect between model performance and clinical utility will require a shift in how
Al tools are developed, evaluated, and monitored: greater emphasis on prospective validation in di-
verse settings, evaluation against the Quadruple Aim rather than technical metrics alone, attention
to workflow integration and clinician acceptance, and systematic post-market evidence generation.
Building this evidence base is essential for earning the trust of clinicians, patients, and health sys-
tems that will ultimately determine whether Al realises its potential to improve cardiovascular care.
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3.5 Trust and Readiness

The successful adoption of Al in cardiovascular care depends not only on regulatory approval and
technical performance, but on the willingness of clinicians, patients, and healthcare organisations to
trust and use these tools in practice, and on the capacity of health systems to integrate, finance,
and sustain them. Significant barriers remain across each of these dimensions.

3.5.1 Trust and Acceptance

Trust remains a significant barrier to Al adoption. Many clinicians are cautious about relying on Al-
generated recommendations, particularly when the reasoning behind outputs is opaque, when out-
puts do not fit naturally into existing information flows and clinical workflows, or when systems
have not been validated in similar settings. Concerns about accountability, specifically who bears
responsibility when an Al-supported decision leads to harm, further contribute to hesitancy.

Patient acceptance is similarly uneven. While some patients welcome Al-assisted care as a route to
faster or more precise diagnosis, surveys indicate a significant trust gap: although patients may be
comfortable with Al freeing up clinician time, only around 29% report that they would trust Al for
basic health advice*. Transparent communication about how Al is used, what role it plays in clinical
decisions, and how human judgement remains central is essential to maintaining trust in the thera-
peutic relationship.

These trust deficits point to a deeper challenge: the core obstacle to Al adoption in cardiovascular
care is often not technological capability, but the quality and design of human oversight across the
full Al lifecycle. "Human-in-the-loop" is not a single safeguard but a set of distinct and interdepend-
ent roles, spanning the point of care, the governance of deployment, and the ongoing monitoring of
models after deployment. Failure in any one of these domains undermines safety and accountabil-
ity. Crucially, these practices are shaped by health system structures, reimbursement models, requ-
latory frameworks, and cultural priorities, and cannot be universally standardised. Al systems devel-
oped in one context may embed assumptions about resources and acceptable interventions that do
not translate to other settings, a particularly important consideration for the diverse health systems
of EU Member States [30]. When these conditions are not met, even technically strong Al systems
may fail to gain acceptance or deliver value in practice.

Part of the problem lies in the disconnect between developers and clinical end-users. Many Al tools
are designed by teams with limited exposure to the realities of healthcare delivery, resulting in sys-
tems that perform well in research settings but prove difficult to use in routine care. Bridging this
divide requires closer collaboration throughout the development lifecycle, with clinicians involved as
active partners in problem definition, dataset curation, and validation design. Effective oversight
must be treated as a design specification that is deliberately adapted to local contexts, rather than
exported as a universal model.
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3.5.2 Consumer-Facing Al

The rapid uptake of patient-facing Al tools, including consumer wearables and general-purpose Al
chatbots, is creating new pressures on cardiovascular care services. While these technologies can
support earlier awareness of potential health issues, many are developed for commercial rather
than medical purposes, and their evidence base often lags behind their widespread use.

Consumer wearables capable of detecting arrhythmias such as AF are increasingly recognised in
clinical practice. The 2024 ESC guidelines incorporate consumer wearables into the AF detection
pathway, and many clinicians are already advising at-risk patients to use them, with some initiating
anticoagulation based on smartwatch-detected AF episodes[12][31]. However, the guidelines em-
phasise that any alert requires confirmation by a competent clinician before a diagnosis is estab-
lished or treatment initiated. The clinical value of these alerts is highly dependent on patient selec-
tion: false positives are more common in younger or low-risk populations where the pre-test proba-
bility of AF is low, while evidence suggests that positive predictive value improves substantially in
older or higher-risk individuals [32] [33]. The converse problem of false negatives also deserves at-
tention, as patients may not appreciate the inherent limitations of these devices, for instance that
they are not designed to detect conditions such as myocardial infarction, potentially leading to false
reassurance. In practice, alerts frequently generate false positives, leading to unnecessary patient
anxiety, avoidable consultations, and specialist referrals, contributing to strain on already resource-
constrained health services. At the same time, patients increasingly arrive at consultations with
self-generated diagnoses or risk assessments derived from LLMs or other Al systems. Most patients
lack medical training and may struggle to interpret probabilistic outputs, uncertainty, or contextual
limitations. Al-generated information can therefore be misunderstood or overinterpreted, amplifying
perceived risk rather than supporting informed decision-making.

These developments highlight the importance of improving public awareness of what consumer Al
tools can and cannot do, providing guidance on appropriate use, and developing pathways for inte-
grating validated patient-facing technologies into clinical care without overwhelming health ser-
vices.

3.5.3 Financing and Institutional Capacity

Widespread Al adoption is further slowed by organisational and economic factors. Many healthcare
institutions face limited budgets for digital innovation [34], and the business case for Al investment
remains weak: most Member States lack reimbursement pathways for Al tools, leaving adoption
largely dependent on hospital budgets or national innovation funds [35][36]. Innovators face paral-
lel pressures: initial MDR certification is estimated to cost €200,000-600,000 per product, with in-
dustry surveys reporting significant R&D capacity diverted from innovation to regulatory compliance
and more than half of companies considering or initiating product withdrawals from the European
market*®. These requirements exist to ensure patient safety, but the burden falls disproportionately
on start-ups and small companies, precisely the profile of many cardiovascular Al innovators.

At the same time, private investment is playing an important role in accelerating the development
of Al-enabled healthcare technologies. Recent analyses indicate that digital health investment in
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Europe reached approximately €4.8 billion*’, while healthcare Al funding in the United States
reached €6 billion in 20248, Despite this growing investment, only a small proportion of startups
targeting health systems progress beyond early funding stages [37]. This reflects a persistent "val-
ley of death" between technological innovation and clinical deployment, driven by the long timelines
required for clinical validation, regulatory approval, and health system adoption. While clinical and
regulatory development often takes 8-12 years[38][39], venture capital investors typically expect
returns within 5-7 years*, creating structural tensions between innovation cycles and investment
horizons.

Beyond financing, these challenges are compounded by uneven capacity across the healthcare land-
scape. Larger academic centres may have access to clinical informatics teams, data scientists, and
dedicated digital health units capable of evaluating, deploying, and monitoring Al tools. Smaller hos-
pitals, primary care networks, and health systems in less-resourced regions often lack this infra-
structure. Similar disparities exist at national level, where differences in digital maturity, regulatory
capacity, and healthcare funding mean that some Member States are far better positioned to adopt
Al than others. Without deliberate efforts to address these gaps, e.g. supporting piloting and evi-
dence generation across several types of healthcare settings, and the benefits of Al risk being une-
venly distributed, potentially amplifying existing inequalities in cardiovascular care across Europe.

3.5.4 Workforce Readiness and Digital Skills

Addressing these disparities will require investment in workforce readiness, which remains a critical
gap. Digital skills education and training across the EU are often insufficient, with particular short-
falls in advanced areas such as Al [40]. Most healthcare professionals have not been trained to
work with Al in clinical settings, and medical curricula do not yet systematically prepare clinicians to
evaluate Al outputs or recognise when such tools may fail. Beyond clinical training, hospitals also
need biomedical engineers and data scientists working within clinical operations rather than exclu-
sively in academic or research institutions, positioned within data management and governance
structures to ensure Al tools are properly implemented, monitored, and maintained.

Building this capacity will require coordinated action across undergraduate and postgraduate train-
ing, continuing professional development, and the development of governance structures within
healthcare organisations to oversee Al adoption responsibly. The EU is supporting these efforts
through the DIGITAL and EU4Health programmes, which fund advanced training and upskilling initi-
atives in digital health and Al, co-designed with higher education institutions, research organisa-
tions, and industry. The Apply Al Strategy, launched in October 2025, includes provisions to
strengthen the EU workforce to be Al-ready across sectors, with healthcare identified as a priority
domain. A European Network of Expertise on Al Deployment in Healthcare is planned for establish-
ment in late 2027 to consolidate guidelines and best practices.

These initiatives reflect a recognition that sustainable Al adoption requires not only technological
infrastructure and regulatory clarity, but a workforce equipped to use these tools effectively and

47 2024 Europe Digital Health Funding Propelled to Record Highs by Mega Deals and Al - Galen Growth
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4% Based on experience reported by innovation ecosystem partners engaged through the European Innovation Council.
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critically. Without parallel investment in human capacity, the potential of Al in cardiovascular care
will remain unrealised. Beyond regulatory approval and technical validation, the uptake of Al tools in
clinical practice will also depend on health system factors such as procurement processes, integra-
tion into clinical workflows, and national reimbursement arrangements. In the absence of clear
pathways on these fronts, even well-validated tools are unlikely to move beyond pilots into routine
care.
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4 Use Cases on Major CVD subtypes

This section examines Al applications across three major CVD subtypes: IHD, cardioembolic stroke
and AF, and HHD. These conditions together account for the majority of cardiovascular deaths and
disability in Europe. For each subtype, the report reviews the epidemiological context and identifies
the Al applications with the greatest potential for clinical impact.

A panel composed of three Al experts and one cardiologist assessed these 14 high-potential appli-
cations against two dimensions: their current readiness for clinical use, based on the maturity of the
evidence base and the degree of real-world validation, and their potential impact on population
health, reflecting the benefits these tools could deliver if widely adopted. The results are summa-
rised in Figure 17, which maps each application on a readiness-impact matrix and provides an at-a-
glance overview of where the field currently stands.

4.1 Ischemic Heart Disease

4.1.1 Epidemiology and Risk Factors

IHD remains the leading cause of cardiovascular mortality in Europe, despite continuous advances
in prevention, diagnosis, and treatment. According to the ESC Cardiovascular Statistics 2021 [41],
IHD accounted for roughly 1.6 million deaths across the WHO European Region in 2019, represent-
ing nearly half of all cardiovascular deaths. However, this burden is distributed unevenly: Central
and Eastern European Member States exhibit age-standardised mortality rates more than triple
those observed in Western Europe (Figure 5), reflecting persistent gaps in prevention, diagnosis, and
access to specialist care [42].

Demographically, IHD incidence increases sharply with age and remains consistently higher among
men, although the gap narrows after menopause. In women, the disease often presents with atypi-
cal symptoms and is underdiagnosed or diagnosed later, contributing to worse post-infarction out-
comes. As the European population ages, the absolute number of IHD cases is expected to rise, even
as age-adjusted mortality declines.

Across Europe, the main modifiable determinants of IHD mortality include high systolic blood pres-
sure, elevated LDL cholesterol, hyperglycaemia, obesity, tobacco use, unhealthy diet, and physical
inactivity. These factors frequently cluster in metabolic syndrome, a condition marked by insulin re-
sistance, abdominal obesity, and chronic inflammation that sharply increases cardiovascular risk.
The persistence of sedentary lifestyles, especially among younger and working-age populations,
continues to drive this trend. According to Global Burden of Disease (GBD)*° 2021 estimates, these
risks account for the majority of IHD-related deaths [43]. Figure 5 (right panel) highlights high blood
pressure and poor diet as the leading contributors, followed by hyperglycaemia, obesity, and to-
bacco use.

Additional exposures such as air pollution and alcohol consumption contribute indirectly by promot-
ing hypertension and vascular dysfunction, further compounding the effects of primary metabolic

50 Global Burden of Disease (GBD)
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risk factors. Taken together, these patterns underscore the need for integrated prevention strategies
targeting both behavioural risk factors and their systemic drivers [44].

Early detection and accurate risk stratification remain critical to reducing IHD mortality. More than
half of IHD deaths occur in individuals without a prior diagnosis [45], revealing the limitations of
current clinical risk models such as SCOREZ2 [46], which are based on population averages and often
poorly calibrated for specific subgroups. Imaging biomarkers have become increasingly valuable for
detecting subclinical disease. Coronary artery calcium (CAC) scoring, CT coronary angiography, and
cardiac MRl markers of ischemia and ventricular remodelling enable quantification of structural and
functional changes that precede overt disease [47][48]. The use of Al in these modalities now al-
lows automated, reproducible analysis, facilitating opportunistic risk assessment from non-cardiac
CT scans and enabling large-scale screening initiatives [49], including in settings where specialist
expertise is limited.

Figure 5: Ischemic heart disease deaths per 100,000 in the EU (left) and the main modifiable risks factors
(right).
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Complementing imaging, ECG and wearable sensors are emerging as scalable tools for continuous
and remote cardiovascular monitoring. The integration of Al algorithms with ECG and photoplethys-
mography data supports the early identification of subtle conduction abnormalities, silent ischemia,
and arrhythmic events that may signal underlying myocardial injury. Arrhythmias are not a primary
cause of IHD but a frequent manifestation of it, arising from ischemia-induced electrical instability
and post-infarction remodelling. Detecting these patterns early, particularly through wearable or
home-based ECG monitoring, provides a pathway to identifying high-risk individuals before clinical
symptoms appear[50][51].

Al applications extend across the full cardiovascular care continuum. Beyond risk stratification and
early detection, Al supports clinical decision-making by integrating imaging, laboratory, and clinical
data; guides personalised treatment selection; and enables continuous disease monitoring and fol-
low-up. By combining population-level risk information with individual physiological and imaging bi-
omarkers, these technologies can enhance risk prediction, support targeted prevention, and inform
more equitable health strategies across the EU. Such advances align with ongoing European
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initiatives, including the EHDS and the EU Non-Communicable Diseases Initiative!, which seek to
harness digital innovation to reduce premature cardiovascular mortality and narrow the health gap
between Member States.

4.1.2 High-Potential Al Applications

Al-Enhanced Echocardiography

Echocardiography is the most widely used cardiac imaging modality, offering real-time assessment
of cardiac structure and function without ionising radiation. Unlike CT or MRI, ultrasound equipment
is easily portable, relatively inexpensive, and widely deployed across healthcare settings, including
primary care and resource-limited environments. However, echocardiographic assessment has tradi-
tionally been operator-dependent and time-consuming, with significant inter-observer variability
that can affect diagnostic consistency.

Al is transforming echocardiography across multiple dimensions. Many of these developments are
already on the roadmap of major imaging vendors, driven by competitive pressure and the demon-
strable value of automation, meaning that Al-enhanced echocardiography is increasingly a clinical
reality rather than a future opportunity. The most established application is automated measure-
ment of left ventricular ejection fraction (LVEF), the single most important echocardiographic pa-
rameter for clinical decision-making in HF, myocardial infarction, valvular disease, and arrhythmias
[52]. DL models can automatically trace endocardial borders and calculate LVEF with minimal user
intervention, achieving accuracy comparable to expert cardiologists while reducing processing time
by up to 77% [53]. A blinded randomised trial demonstrated that Al assessment of LVEF was supe-
rior to sonographer assessment, with fewer studies requiring substantial correction by cardiologists
[54]. Beyond ejection fraction, Al can automate measurement of chamber volumes, wall thickness,
Doppler parameters, and global longitudinal strain, reducing examination time and eliminating inter-
observer variability [52] (Figure 6).

A particularly promising application is Al-assisted phenotyping of conditions that share overlapping
echocardiographic appearances but carry different clinical implications. Cardiac amyloidosis, an in-
filtrative cardiomyopathy that can mimic other causes of increased wall thickness, is one example
where improved phenotyping is clinically important, not least because of the recent emergence of
effective disease-specific therapies. Al models trained on echocardiographic video clips have
demonstrated high accuracy in distinguishing cardiac amyloidosis from phenotypic mimics, with ex-
ternal validation across 18 international sites achieving 85% sensitivity and 93% specificity [55].
More broadly, Al-based phenotyping of hypertrophic cardiac disease and its phenocopies represents
a growing area of clinical relevance, enabling more precise differentiation between conditions that
were previously difficult to distinguish on conventional criteria. Similarly, Al tools for detecting HF
with preserved ejection fraction (HFpEF) have been developed and validated, addressing a condition
that remains challenging to diagnose with conventional echocardiographic criteria [56].

Perhaps most significant for addressing access disparities is Al-enabled image acquisition guidance
for non-expert operators. Prospective trials have demonstrated that nurses and other healthcare
professionals without prior ultrasound experience can acquire diagnostic-quality echocardiographic
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images when guided by Al-based software providing real-time feedback on probe positioning [571.
In one international study, novices using Al guidance achieved image quality non-inferior to expert
sonographers for assessment of ventricular size and function [58]. This capability has significant
implications for screening programmes and primary care settings where trained sonographers are
scarce. Al-enhanced point-of-care echocardiography with handheld devices could enable HF screen-
ing by non-specialists, with studies showing that novices with only two weeks of training can detect
reduced ejection fraction with high accuracy [59].

Figure 6: Strategies for the effective use of Al in echocardiography.
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Challenges remain. Image quality significantly affects Al performance, and poorly acquired im-
ages can lead to erroneous measurements. Current guidance recommends that inexperienced oper-
ators should not rely solely on Al without mentorship, particularly during the learning phase. Algo-
rithm performance may vary across vendors, patient populations, and imaging conditions, necessi-
tating ongoing validation. Data privacy, clinician trust, and integration into clinical workflows remain
barriers to widespread adoption.

In summary, Al-enhanced echocardiography represents one of the most promising avenues for eq-
uitable expansion of cardiovascular diagnostics. Unlike CT- or MRI-based tools, which require sub-
stantial infrastructure, potential radiation exposure, and specialist interpretation, targeted echocar-
diography can be deployed at the point of care with portable devices. Al reduces operator depend-
ency, improves consistency, and may enable earlier detection of cardiac disease in settings where
traditional expertise is limited. These characteristics make Al-enhanced echocardiography particu-
larly relevant for narrowing disparities between well-resourced centres and underserved populations
across Europe.

43



Expert Assessment

Readiness Impact
@& D @& D)
A A

Al-enhanced echocardiography received a high readiness score, reflecting the availability of vali-
dated commercial products and integration into major vendor platforms. Impact was rated slightly
lower: while the technology holds genuine promise for accelerating analysis and extending cardiac
assessment to low-resource settings, real-world gains remain uncertain and experts expect its clini-
cal value to grow as deployment matures.

Coronary Artery Calcium Scoring

CAC scoring is one of the most clinically established methods for cardiovascular prevention and
early diagnosis, and it remains the clearest example of an Al-driven imaging tool already transition-
ing into routine deployment. CAC quantification on CT, traditionally expressed as the Agatston score
[60], has been validated as a robust and reproducible marker of subclinical atherosclerosis. Clinical
guidelines endorse its use for refining preventive treatment decisions, particularly in asymptomatic
individuals at intermediate risk, where it contributes one piece of a broader risk assessment picture
alongside classical risk factors. Its clinical value lies in guiding decisions on preventive therapies
such as statins rather than as a standalone diagnostic tool, with thresholds ranging from O (very
low risk) to 21000 (very high-risk) embedded in clinical practice [49].

Historically, CAC scoring was performed manually or semi-automatically, which was time-consum-
ing, operator-dependent, and therefore underutilised despite its prognostic value. Al has trans-
formed this landscape by enabling rapid, accurate, and reproducible scoring. CNN and U-Net-based
pipelines have demonstrated high agreement with manual Agatston scoring, while reducing pro-
cessing time to seconds per scan[61][62]. A meta-analysis of 25 studies confirmed strong agree-
ment between automated and manual CAC scoring (pooled k = 0.83), reinforcing the robustness of
AI-CAC across diverse datasets and protocols [48]. Such reproducibility underpins the growing con-
sensus that AlI-CAC is not just research-ready but clinically ready.

One of the most transformative opportunities lies in opportunistic CAC assessment on ECG-non-
gated CT scans. Although the Agatston method was developed on gated cardiac CT, studies show
high correlation between gated and non-gated CAC scores [63]. A recent multivendor validation
study confirmed near-perfect performance of a fully automated DL system on ECG-gated CT and
good to excellent performance on non-gated low-dose chest CT, with residual misclassification at-
tributable largely to protocol differences rather than model failures [64] (Figure 7). This opens the
door to dual-purpose screening strategies: for example, lung cancer screening programmes or onco-
logic surveillance often involve low-dose chest CT in older adults with a history of smoking, a popu-
lation also at elevated risk for CVD. Integrating automated CAC scoring into these scans enables
simultaneous assessment of cancer and cardiovascular risk, improving preventive care without ad-
ditional imaging burden. Fully automated pipelines reduce processing time from minutes to seconds,
making high-throughput evaluation feasible for screening programmes and large population stud-
ies. Commercial systems (e.g. Siemens Al-Rad Companion, Coreline AVIEW, Nanox Al HealthCCSng,
Artrya DeepC) and standardised reporting frameworks such as CAC-DRS further support integration
into daily practice.
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Figure 7: CAC scoring on ECG-gated calcium CT and non-gated low-dose chest CT.

Source: Kim, S. et al. 2025 [64].

Challenges remain. Non-gated acquisition may underestimate Agatston scores, with some pa-
tients reclassified to lower categories compared with gated scans. Xie et al. reported that 9% of
CAC-positive patients on gated CT were downgraded to CAC = O on non-gated scans [65]. To miti-
gate this, qualitative grading frameworks such as CAC-DRS [66] have been proposed, allowing visual
classification of non-gated images into very low, mild, moderate, and severe categories, which mir-
ror quantitative scoring and support clinical decision-making. Beyond technical considerations, ac-
cess and equity pose important constraints. CT remains less available than ultrasound, particularly
in primary care and resource-limited settings, and involves ionising radiation, limiting its suitability
for repeated screening or younger populations. Prioritising CT-based Al applications without parallel
investment in alternative modalities risks widening existing disparities. Ultrasound-based tools,
which are cheaper, portable, radiation-free, and widely deployed, may offer greater potential for
scalable, equitable early detection. Al-enhanced echocardiography, for example, can automate car-
diac function assessment with accuracy comparable to expert cardiologists and is increasingly vali-
dated for use by non-specialist operators.

In summary, CAC scoring stands out as one of the most clinically mature Al applications in cardio-
vascular imaging. It combines decades of evidence with modern DL pipelines, reproducible valida-
tion, integration into guidelines, and growing commercial availability. The extension to non-gated CT
imaging expands its role into opportunistic screening, particularly for lung cancer and oncology pop-
ulations at elevated risk. Al-driven CAC scoring therefore exemplifies how Al can move from proof-
of-concept to routine preventive cardiology.
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CAC scoring was rated highly for both readiness and impact. The technology is already integrated
into most dedicated cardiac CT scanners, and opportunistic scoring from routine thorax scans is in-
creasingly common. The main limitation flagged by experts is inconsistent performance across cen-
tres. On impact, the ability to screen large populations for cardiovascular risk without additional
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imaging burden was seen as the key driver, though efficient integration into clinical workflows re-
mains a work in progress.

CT Plaque Analysis and CT-Derived Fractional Flow Reserve

While CAC scoring provides a robust estimate of overall calcified plaque burden, it does not capture
the full complexity of coronary atherosclerosis. Cardiovascular risk is not only determined by the
quantity of plaque but also by its composition, structure, and biological behaviour, referred to as
plague morphology and plaque dynamics. Vulnerable plaques, even when non-calcified or minimally
stenotic, can lead to acute coronary events due to their propensity to rupture or erode. These fac-
tors are not reflected in calcium scoring and require more advanced imaging approaches.

Al methods have been developed to automatically segment coronary arteries, detect stenoses, and
characterise plaque morphology. Reviews emphasise that Al enables automated CCTA analysis with
reliable plaque quantification and reduced interobserver variability. These tools detect non-calcified
low--attenuation plaque, positive remodelling, and other high-risk features linked to future acute
coronary syndromes. Importantly, plague morphology provides incremental prognostic information
beyond calcium scoring alone: studies show that lesions with low-attenuation cores or positive re-
modelling carry elevated event risk even when CAC is low. In line with this, recent Al-driven plaque
staging systems with improved long-term risk stratification have been proposed to adjust treatment
intensity.[67][68].

Beyond anatomical plaque characterisation, Al also supports functional assessment through non-
invasive fractional flow reserve derived from CCTA (FFR-CT). Conventional FFR-CT relied on compu-
tational fluid dynamics (CFD), which is computationally expensive and limits scalability. Recent DL
approaches have enabled rapid estimation directly from CT data, with diagnostic performance com-
parable to invasive FFR. Studies demonstrate that DL-based FFR-CT achieves strong correlation and
agreement with invasive measurements while reducing computation times from hours to seconds
[69]. Hybrid approaches combining physics-based modelling with neural networks further improve
prediction robustness [70]. Systematic reviews confirm that DL-enabled FFR-CT enhances functional
assessment beyond anatomical stenosis, improving diagnostic accuracy and guiding revascularisa-
tion decisions. Comparative analyses of commercial Al-based FFR-CT tools also indicate good repro-
ducibility across platforms, although variability between vendors remains an important considera-
tion [71]. This functional perspective is clinically important, since stenosis severity alone is an imper-
fect predictor of ischemia, and Al-based FFR-CT provides physiologic insights that support more pre-
cise treatment planning.

Recent evidence shows that DL-based CT-FFR achieves diagnostic accuracies greater than 0.8, with
sensitivities and specificities often exceeding 90%. Computation time has been reduced from sev-
eral hours with CFD-based approaches to under one minute with fully automated pipelines [72][73]
(Figure 8). Modern implementations integrate lumen and plaque segmentation with reduced-order
flow modelling, yielding reproducible results across scanners and clinical sites. Automated CT-FFR
has been successfully validated in multicentre studies, demonstrating strong correlation with inva-
sive FFR (r=0.8) and high success rates (>99%) even in routine and acute chest pain settings [72].

Al-based CT-FFR quantifies the haemodynamic significance of coronary lesions and, when combined
with plaque characterisation from CCTA, enables a more comprehensive assessment of high-risk
features such as thin fibrous caps, lipid-rich necrotic cores, and microcalcifications that are linked to
plaque rupture and acute coronary syndromes [71]. Furthermore, the integration of AlI-FFR with
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traditional cardiovascular risk factors has been shown to improve prognostic accuracy for major ad-
verse cardiovascular events (MACE), compared with anatomical assessment alone [72].

Figure 8: Pipeline of CT-FFR calculation.
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Challenges remain. Accuracy decreases in heavily calcified lesions due to blooming and beam-
hardening artifacts. Algorithm performance may vary with scanner type, reconstruction kernel, and
patient characteristics such as heart rate or diabetes status. In that context external validation
across populations and adherence to standardised acquisition and reconstruction protocols are es-
sential for robust deployment. Challenges also extend beyond technical validation. The American
Heart Association (AHA) scientific statement on Al in cardiovascular imaging underlines that adop-
tion requires transparent model reporting, representativeness of training data, and adherence to
FAIR and MIDaR principles for data quality and interoperability [74]. Lack of explainability, automa-
tion bias, and limited clinician training remain barriers to trust and integration into clinical workflow.
Ethical and regulatory frameworks, including those under the MDR, emphasise traceability, account-
ability, and risk management in Al-driven diagnostic tools. As with CAC scoring, access and equity
considerations apply. CT-based tools remain less available in primary care and resource-limited set-
tings, involve ionising radiation, and require specialist infrastructure. Prioritising these applications
without parallel investment in more accessible modalities risks widening disparities between
healthcare systems and patient populations.

In summary, Al-driven plaque analysis and FFR-CT are more complex than CAC scoring but are rap-
idly moving toward clinical adoption. As underlined in recent evaluations, generalisability through
external validation is essential, given heterogeneity in CT acquisition protocols, vendors, and popula-
tions. Commercial platforms such as HeartFlow, cFFR, and Siemens’ Al-Rad Companion Cardiac CT
are already being deployed in clinical practice in Europe, marking an important step toward broader
adoption. Al-enhanced plaque analysis and CT-derived FFR represent the next frontier in coronary
risk stratification after CAC. By integrating anatomical, morphological, and physiological infor-
mation, these tools deliver more precise identification of at-risk patients and enable individualised
preventive and interventional strategies. While CE- and FDA-cleared solutions demonstrate clinical
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readiness, widespread and safe deployment depends on harmonised validation standards, cross-
vendor benchmarking, and clinician training. Strategies for equitable access must be embedded
early in the adoption process, ensuring that Al tools are tested across varied settings, supported by
public infrastructure where needed, and integrated in a way that promotes transparency and clinical
trust.

Expert Assessment

Readiness Impact
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CT plague analysis received a low readiness score, reflecting its largely research-based use and lim-
ited multi-centre clinical validation. Experts also raised questions about whether Al-based plaque
characterisation will ultimately prove clinically relevant in routine practice, tempering expectations
around its potential impact despite the theoretical value of identifying vulnerable plaques.

Readiness Impact
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CT-derived FFR was rated more favourably on readiness, with commercial products already availa-
ble, though access remains largely restricted to well-resourced or private settings. Impact was rated
moderately, with experts noting that broader clinical benefit will depend significantly on cost reduc-
tion, and that current enthusiasm is partly driven by commercial marketing rather than established
clinical evidence.

Al-Enhanced ECG and Wearable Sensing for Early Risk Detection

While Al-driven CT techniques provide detailed anatomical and physiological insight into coronary
disease, electrocardiography remains the most widely available cardiovascular diagnostic test glob-
ally. Recent advances in DL have transformed the ECG from a reactive diagnostic tool into a predic-
tive and continuous monitoring instrument. Al-enhanced ECG (AI-ECG) algorithms can detect subtle
waveform abnormalities associated with ischemia, myocardial scarring, or early left ventricular dys-
function long before overt symptoms or imaging findings emerge [75].

Large-scale studies have demonstrated that deep neural networks trained on millions of standard
resting ECGs can predict long-term cardiovascular mortality, incident myocardial infarction, and the
future development of structural heart disease. Models such as the Stanford Estimator of ECG Risk
(SEER) [76] have achieved discriminative performance comparable to traditional risk scores like
SCORE2 [46] or ASCVD [77], while requiring no laboratory or imaging data. By leveraging routine,
low-cost ECGs, Al enables scalable risk assessment in primary care and screening programs where
advanced imaging may not be feasible [78].

In the context of IHD, AI-ECG methods have shown the ability to identify both acute and chronic is-
chemic signatures. DL models have demonstrated high diagnostic accuracy for detecting obstructive
coronary artery disease and prior myocardial infarction from a single 10-second ECG, in some stud-
ies surpassing expert interpretation and enabling early referral for imaging confirmation [79]. Multi-
modal frameworks that combine ECG waveforms with traditional risk factors or clinical metadata
have shown further improvement in risk stratification and prediction of MACE, outperforming
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models based on demographics and comorbidities alone [78]. Al-based ECG analysis has also been
extended to portable and wearable devices, supporting continuous, real-world monitoring of IHD.
Single-lead or smartwatch-derived ECGs analysed by DL have demonstrated reliable detection of
ischemic changes, arrhythmias, and repolarisation abnormalities in ambulatory conditions [80]. Be-
yond detection, longitudinal wearable data provide a foundation for dynamic risk monitoring, allow-
ing continuous reassessment of cardiovascular status as physiology and lifestyle change. Such real-
time surveillance could in principle enable adaptive prevention strategies and more timely therapeu-
tic interventions, shifting the clinical paradigm from episodic testing to continuous cardiovascular
health management.

Challenges remain. Data heterogeneity, motion artifacts, and varying device quality can affect
signal reliability. Privacy and data governance remain major concerns, as ECG signals are inherently
identifiable and may contain biometric signatures that require robust data protection frameworks.
The lack of harmonised standards for training, validation, and reporting complicates regulatory ap-
proval and cross-vendor interoperability. Explainability and clinician trust are additional prerequi-
sites for integration into clinical workflows, alongside transparent performance reporting and equi-
table validation across populations.

In summary, Al-enhanced ECG and wearable sensing complement imaging-based risk assessment
by bridging the gap between population-level screening and individual diagnostics. While CAC scor-
ing, plaque characterisation, and CT-FFR offer detailed anatomical and functional evaluation once
structural disease is present, AI-ECG offers a scalable approach for early physiological risk profiling.
It can detect subtle conduction abnormalities, silent ischemia, or repolarisation patterns linked to
myocardial stress, which often arise downstream of hypertension, hyperlipidemia, or other risk ex-
posures. These models do not detect atherosclerosis directly but may identify patterns statistically
associated with future cardiovascular events, even in seemingly healthy individuals. As validation
accumulates across populations and care settings, AI-ECG and wearable analytics are likely to play
a growing role in preventive cardiology, particularly for the early detection of individuals at elevated
risk for IHD.

Expert Assessment

Readiness Impact
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Readiness and impact scores reflect a balance across the range of applications covered in this sec-
tion, with impact rated higher than readiness overall. Automated ECG reading is a mature technol-
ogy where Al offers incremental gains, while Al extraction of novel predictive signals remains under
clinical evaluation. High-quality wearable sensors exist but remain expensive, limiting broad deploy-
ment. The high impact score reflects the potential of these tools for early diagnosis and continuous
cardiovascular surveillance, particularly if device costs fall and screening pipelines become more ef-
ficient.
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4.2 Cardioembolic Stroke and Atrial Fibrillation

4.2.1 Epidemiology and Risk Factors

Stroke is a leading cause of death and long-term disability worldwide. It is a heterogeneous condi-
tion, with three main subtypes: ischaemic stroke, caused by an obstruction of blood flow to the
brain; intracerebral haemorrhage, resulting from bleeding within the brain tissue; and subarachnoid
haemorrhage, characterised by bleeding into the space between the brain and the skull.

The burden of stroke varies substantially across Europe (Figure 9). Prevalence differs markedly be-
tween Member States, with Eastern European countries such as Bulgaria recording rates several
times higher than those observed in Western and Southern Europe. Among subtypes, ischaemic
stroke is by far the most common, followed by intracerebral haemorrhage and subarachnoid haem-
orrhage. Mortality patterns reflect similar regional disparities, with Bulgaria recording the highest
death rates and Ireland among the lowest. The same east-to-west gradient is observed for stroke-
related disability, measured both in years lived with disability and disability-adjusted life years.
Since 1990, stroke prevalence has shown a significant downward trend in Europe, more pronounced
for ischaemic stroke and intracerebral haemorrhage than for subarachnoid haemorrhage [81].

Figure 9: Stroke deaths per 100,000 in the EU (left) and the main modifiable risk factors (right).
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Stroke-induced disability represents one of its most significant long-term consequences. Many sur-
vivors experience hemiparesis, speech and language impairments, cognitive deficits, and visual or
sensory disturbances, which limit their ability to perform daily activities independently. This loss of
autonomy often requires long-term rehabilitation, caregiving, and social support, imposing psycho-
logical, social, and economic strain on patients, families, and society [82]. The marked variability in
outcomes across countries suggests differences in access to rehabilitation services, quality of acute
care, and secondary prevention, underscoring the need for coordinated efforts to reduce stroke-re-
lated disability and improve survivors' quality of life.

Among modifiable risk factors, high systolic blood pressure is by far the most important determi-
nant of stroke burden across Europe (Figure 9, right panel), consistently the leading contributor to
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stroke-related deaths, Years Lived with Disability (YLD), and Disability-Adjusted Life Year (DALY)
across all age groups and sexes. High LDL cholesterol ranks second, followed by dietary risks, high
fasting plasma glucose, ambient air pollution, and tobacco use.

Cardioembolic mechanisms account for 20 to 30% of ischaemic strokes, though this proportion is
likely underestimated given the challenges in detecting paroxysmal AF and other occult cardiac
sources [83]. These strokes are typically more severe than other subtypes: emboli originating from
the heart tend to be large, occluding major cerebral arteries and causing extensive territorial infarc-
tions. AF is the leading cardiac source, currently affecting over eleven million people in the European
Union with projections exceeding 14 million by 2060 [84]. Compared with individuals in normal si-
nus rhythm, those with AF face approximately fivefold higher stroke risk and twice the risk of all-
cause mortality [85]. AF prevalence remains below 1% in adults under 55 but rises sharply to 9 to
12% in those over 75 [86], underlying approximately one in six ischaemic strokes overall and one in
four among patients over 80 [87]. The European Community Stroke Project, a multinational registry
across seven countries, found that AF patients had substantially worse outcomes: at three months,
339% had died compared with 20% of non-AF patients, and AF independently increased the proba-
bility of disability by 50% [88].

Figure 10: Atrial fibrillation deaths per 100,000 in the EU (left) and the main modifiable risk factors (right).
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Unlike IHD, AF is not primarily an atherosclerotic disorder but the result of progressive structural
and electrical remodelling of the atrial myocardium. Chronic pressure overload, metabolic inflam-
mation, and fibrotic changes alter conduction pathways and create the substrate for arrhythmia.
Consequently, AF onset is driven largely by long-term exposure to modifiable cardiovascular risk
factors. GDB 2021 data identify high systolic blood pressure as the leading contributor to AF-
related mortality in Europe, followed by elevated body mass index, dietary risks, high alcohol con-
sumption, and tobacco use (Figure 10, right panel). Hypertension increases left atrial pressure and
wall stress, leading to enlargement and fibrosis; obesity amplifies these effects through systemic
inflammation and sleep apnoea; and excess alcohol consumption increases AF risk through oxida-
tive stress and altered calcium handling [89]. AF-related mortality follows a geographic pattern dis-
tinct from overall stroke: rates are highest in Northern and Central Europe (Sweden, Finland,
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Germany) rather than the East, likely reflecting differences in diagnostic intensity, population age
structure, and reporting practices (Figure 10).

A critical challenge is undetected AF. Up to one third of affected individuals are unaware of their
condition until presenting with stroke, because AF is often paroxysmal and asymptomatic [90]. Tra-
ditional screening methods such as pulse palpation or short-term ECG monitoring detect only a
fraction of cases. Studies using implantable cardiac monitors in cryptogenic stroke patients have
detected previously undiagnosed AF in 12% at one year and up to 30% at three years, compared
with only 2 to 3% detected with conventional 24-hour monitoring[91][92]. Other cardiac sources of
embolism include left ventricular thrombus following myocardial infarction, valvular heart disease,
and patent foramen ovale [93].

Despite comprehensive evaluation, 20 to 30% of ischaemic strokes remain cryptogenic, without an

identified cause [94]. Many are presumed cardioembolic, with occult AF or atrial cardiomyopathy as
the underlying mechanism. This diagnostic gap, combined with the severity of cardioembolic stroke

and the large population harbouring undiagnosed AF, has driven substantial interest in Al-based ap-
proaches to detect AF from ECG and wearable data, predict which patients harbour undiagnosed ar-
rhythmia, and identify echocardiographic markers of embolic risk.

4.2.2 High-Potential Al Applications

Al-Enhanced ECG for Detection of Occult Atrial Fibrillation

AF is the most common cardiac cause of stroke, yet paroxysmal AF often escapes detection on rou-
tine monitoring [95]. Approximately 20% of patients who have a stroke associated with AF are first
diagnosed at the time of stroke or shortly thereafter, and stroke is the initial manifestation of AF in
nearly one-quarter of cases. Al-enhanced electrocardiography has demonstrated the ability to iden-
tify patients with underlying AF from ECGs recorded during sinus rhythm, detecting subtle abnor-
malities invisible to the human eye.

For instance, the landmark Mayo Clinic study [96] developed a convolutional neural network (CNN)
trained on over 180,000 patients that achieved an Area Under the (Receiving Operating Characteris-
tic) Curve (AUC) of 0.87 for identifying patients with AF from a standard 10-second, 12-lead ECG
recorded during sinus rhythm. Subsequent external validation and replication studies have shown
more variable performance. A systematic review of 14 studies encompassing 33 Al models reported
a median AUC of 0.74 (95% ClI 0.63-0.83), with substantial heterogeneity depending on study de-
sign, ECG format, population characteristics, and AF confirmation timeframe [97]. Nevertheless,
across high-quality studies with external validation, Al models for predicting new-onset AF from si-
nus rhythm ECGs consistently achieve AUROCs in the range of 0.69-0.85, often matching or ex-
ceeding established clinical risk scores such as CHARGE-AF [98][99].

When applied to stroke populations, these AI-ECG models show promise. In patients with embolic
stroke of undetermined source (ESUS), a transformer-based Al model applied to sinus rhythm ECGs
achieved an AUC of 0.81 for predicting AF detection on subsequent insertable cardiac monitor sur-
veillance, improving to 0.88 when integrated with clinical parameters [1001. The Al algorithm exhib-
ited greater accuracy in identifying longer AF episodes and showed a temporal trend indicating that
Al-based AF risk scores increased as the ECG recording approached AF onset. This enables targeted
deployment of extended cardiac monitoring resources to patients most likely to benefit, rather than
applying resource-intensive monitoring uniformly. Al models can also be applied to continuous ECG
monitoring data from stroke units, combining raw ECG signals with derived heart rate variability
metrics to achieve improved AF prediction [101].

52



Beyond binary AF detection, Al can improve stroke risk stratification in patients with known AF. Tra-
ditional scores such as CHA;DS;-VASc have well-documented limitations, including poor precision
for intermediate-risk patients. Up to 7,000 strokes still occur annually among approximately 1 mil-
lion patients assessed as "low-risk" by CHA2;DS,-VASc [31]. Explainable Al models incorporating
broader clinical features and accounting for interactions between risk factors have shown improved
discrimination compared with conventional scores, potentially enabling more personalised anticoag-
ulation decisions.

Challenges remain. Performance of AI-ECG models varies substantially across populations and
settings, with external validation studies consistently showing lower accuracy than development co-
horts. The clinical significance of Al-detected AF risk is uncertain: whether patients flagged as high-
risk but without documented AF should receive anticoagulation, or whether intensified monitoring
improves outcomes, remains unproven.

In summary, Al-enhanced electrocardiography offers a promising approach to closing the AF de-
tection gap that underlies a substantial proportion of cardioembolic strokes. AI-ECG models enable
risk stratification from routine clinical recordings, guiding selective deployment of extended moni-
toring to patients most likely to benefit. As validation accumulates and clinical pathways are estab-
lished, these tools may help reduce the burden of preventable cardioembolic stroke.

Expert Assessment

Readiness Impact
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Readiness was rated moderately, reflecting the maturity of automated ECG reading as a foundation
while Al extraction of novel predictive signals remains under clinical evaluation. Impact was rated
higher, driven by the prevalence of ECG as a clinical tool and the potential to identify undiagnosed
AF at scale. Experts noted that realising this potential will depend on resolving sensitivity and speci-
ficity trade-offs and establishing clear clinical pathways for high-risk patients.

Wearables and Continuous Rhythm Monitoring

Consumer wearable devices, particularly smartwatches equipped with photoplethysmography (PPG)
and single-lead ECG capabilities, offer continuous, non-invasive monitoring that can detect paroxys-
mal AF episodes that would be missed by intermittent screening. The Apple Heart Study enrolled
over 400,000 participants without known AF; among those receiving irregular pulse notifications
who subsequently wore an ECG patch, the positive predictive value for AF was 849% [32]. Similar
validation studies have demonstrated high sensitivity and specificity for AF detection across multi-
ple smartwatch platforms [12] (Figure 11).

Al algorithms enhance the diagnostic performance of wearable-acquired data. Machine learning
models can reduce the burden of inconclusive single-lead ECG tracings, improving the clinical utility
of consumer devices [103]. Al-based analysis of handheld single-lead ECGs has demonstrated the
ability to predict incident AF up to 2 years in advance, extending the utility of these devices beyond
simple arrhythmia detection to true risk prediction [104]. A recent randomised controlled trial
demonstrated that 6-month smartwatch-based screening significantly enhanced detection of new-
onset AF compared with standard care in patients at elevated stroke risk [105].

For stroke prevention, wearables may be particularly valuable for secondary prevention monitoring
after cryptogenic stroke. However, current evidence suggests that smartwatches cannot substitute
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for established methods such as insertable cardiac monitors in high-risk patients, given the need for
prolonged monitoring to detect infrequent paroxysmal episodes [106]. Nevertheless, wearables rep-
resent a scalable, cost-effective component of a stepped screening approach, with Al-enhanced al-
gorithms progressively improving their diagnostic yield.

Figure 11: Sensitivity and specificity for 5 consumer wearable smart devices.
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Source: Mannhart, D. et al. 2023 [12].

Challenges remain. Consumer device notifications may generate anxiety and prompt unnecessary
healthcare utilisation in low-risk individuals. AF patients using wearables can experience fear and
anxiety in response to irregular rhythm notifications, with wearable users more likely to contact clin-
ics and send messages to healthcare providers [107]. Signal quality varies with wear patterns, skin
type, and motion, leading to false positives that burden both patients and clinicians [106]. Further-
more, evidence on the utility of consumer wearable technologies and the overall cost-effectiveness
of population-based screening remains too sparse to provide clear guidance, limiting integration
into clinical pathways [108].

In summary, wearables represent a scalable, cost-effective component of a stepped screening ap-
proach for AF detection. While they cannot replace prolonged monitoring with insertable cardiac
monitors in high-risk patients such as those with cryptogenic stroke, they may serve as a first-line
tool for population-level surveillance, identifying individuals who warrant further evaluation. As Al-
enhanced algorithms continue to improve diagnostic yield, wearables are likely to play an expanding
role in both primary and secondary stroke prevention.

Expert Assessment

Readiness Impact
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Readiness was rated moderately, reflecting good performance on high-quality devices while noting
that consumer-grade wearables still face challenges around signal noise, variable data quality, and
the need for better patient selection. Impact was rated higher, with experts recognising the potential
of continuous monitoring for population-level AF detection, while emphasising that this potential
will only be realised if device costs fall and wearables are embedded in well-designed screening
pipelines.
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Echocardiographic Assessment of Cardiac Embolic Sources

Beyond rhythm detection, echocardiography plays a central role in identifying structural cardiac
sources of embolism, including LAA thrombus, patent foramen ovale (PFO), valvular abnormalities,
and intracardiac masses. Al applications in this domain are emerging rapidly, though most remain in
early validation stages.

Left Atrial Appendage Thrombus Prediction

LAA is the source of more than 99% of intracardiac thrombi responsible for cardioembolic stroke in
patients with AF [109]. Transesophageal echocardiography (TEE) remains the gold standard for LAA
thrombus detection, with high sensitivity and specificity. However, TEE is semi-invasive, requires
passage of a probe through the throat®?, causes patient discomfort, and demands specialised equip-
ment and expertise, all of which limit its scalability. CT is increasingly used as an alternative, given
limitations in transthoracic echocardiography's ability to visualise the LAA adequately. Against this
background, Al-based tools are being developed to identify patients who genuinely require invasive
or semi-invasive imaging, potentially reducing unnecessary procedures while maintaining diagnostic
safety.

The LATTEE (Left Atrial Thrombus on Transoesophageal Echocardiography) registry represents the
most robust evidence in this space [110]. This 13-site prospective study enrolled over 4,300 pa-
tients undergoing TEE before cardioversion or catheter ablation across Poland. The investigators de-
veloped a machine learning model (LAT-AI) trained on clinical and transthoracic echocardiography
(TTE) features from 12 sites (n=2,827) and externally validated on patients from two independent
sites (n=1,284). The model achieved an AUC of 0.85 for predicting LAA thrombus, significantly out-
performing both left ventricular ejection fraction and CHA,DS,>-VASc score alone. Feature im-
portance analysis identified left atrial dimension, non-paroxysmal arrhythmia status, NYHA func-
tional class, and INR values among the most predictive variables. Importantly, when applied with a
threshold designed for 99% negative predictive value, the model could potentially avoid TEE in ap-
proximately 40% of patients, a substantial reduction in procedural burden without compromising
diagnostic safety [110] (Figure 12).

Other groups have developed similar machine learning models incorporating transthoracic echocar-
diography parameters alongside clinical and laboratory data. A recent study trained four machine
learning algorithms (Random Forest, Logistic Regression, Support Vector Machine, and XGBoost) on
698 patients with non-valvular AF, with prospective validation in 140 additional patients. Significant
predictors of LAA thrombus included permanent AF type, HF, elevated BNP and D-dimer levels, mi-
tral regurgitation severity, reduced left ventricular ejection fraction, left atrial diameter, CHA;DS,-
VASc score, and LAA emptying velocity [111]. These models achieved high discriminative perfor-
mance, though external validation in diverse populations remains limited.
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Figure 12: Development and validation of an Al model (LAT-AI) to detect left atrial appendage thrombus by
transoesophageal echocardiography.
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Expert Assessment
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Readiness was rated moderate, reflecting a promising but still largely research-based evidence
base with limited validation across diverse populations. Impact was also rated moderate to good:
while the potential to reduce unnecessary invasive procedures is meaningful given the prevalence
of cardioembolic stroke, experts noted uncertainty about how Al-based thrombus prediction would
translate into changes in clinical management.

Computational Fluid Dynamics and Digital Twin Approaches

An emerging frontier involves computational fluid dynamics (CFD) simulations to model blood flow
patterns within the left atrium and LAA, enabling patient-specific assessment of thrombotic risk
based on haemodynamic parameters such as blood velocity, wall shear stress, and endothelial cell
activation potential (ECAP). CFD studies have demonstrated that LAA morphology significantly influ-
ences haemodynamic behaviour, with certain morphologies associated with greater blood stasis and
higher thrombotic risk [112]. Beyond thrombosis risk assessment, CFD has also been applied to pro-
cedural planning for LAA occlusion (LAAO), enabling prediction of device-related thrombus for-
mation and optimisation of device sizing and positioning for a given patient geometry [113].

However, traditional CFD simulations are computationally intensive, requiring hours to days of pro-
cessing time, which precludes their integration into routine clinical workflows. To address this
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limitation, a group has developed a DL surrogate model capable of predicting CFD-derived throm-
bosis risk indices instantaneously from patient-specific LAA geometry alone. This model, trained on
hundreds of synthetic and real LAA geometries, can predict ECAP distributions with average errors
below 5%, dramatically reducing computational time while preserving predictive accuracy [114]
[115] (Figure 13). More recently, researchers have proposed DT frameworks that integrate clinical
data, morphological features from imaging, and CFD-derived haemodynamic parameters using un-
supervised machine learning to identify distinct patient phenogroups with different stroke risk pro-
files [116].

Figure 13: Generation of ECAP maps from synthetic and real data.
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Source: Moralez Ferez, X. et al,, 2021 [114].

While these computational approaches remain largely investigational, they represent a promising
direction for moving beyond simplistic clinical risk scores toward truly personalised thrombotic risk
assessment. Validation in prospective cohorts and demonstration of improved clinical outcomes will
be essential before widespread adoption.

Expert Assessment

Readiness Impact
A A

Readiness was rated moderate to good, with CFD approaches still largely confined to research set-
tings while DT frameworks are beginning to move toward clinical implementation, particularly data-
driven variants that do not rely on computationally intensive simulations. Impact was similarly rated
moderate to good: CFD faces inherent scalability constraints, but DTs were seen as having strong
longer-term potential, with experts expecting their clinical value to grow as simulation capabilities
become more robust and accessible.

Valvular Heart Disease and Other Embolic Sources

Several other cardiac conditions increase stroke risk through various mechanisms. Severe aortic ste-
nosis is associated with increased thromboembolic risk, and AI-ECG models have been developed to
detect moderate-to-severe aortic stenosis from standard 12-lead ECGs with AUCs exceeding 0.90,
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potentially enabling population-level screening [117]. Infective endocarditis causes stroke through
septic emboli from infected valvular vegetations; early detection and treatment reduces neurologi-
cal complications. Mitral valve disease, particularly rheumatic mitral stenosis, remains a significant
cause of cardioembolic stroke globally, especially in low- and middle-income countries.

Fully automated echocardiography interpretation systems using DL can now detect and grade mul-
tiple valvular lesions, including aortic stenosis, aortic regurgitation, mitral stenosis, and mitral regur-
gitation, with AUROCs of 0.88-0.99 in prospective validation across 1,374 consecutive echocardio-
grams [118]. While these systems are not specifically designed for stroke risk assessment, they
may facilitate more comprehensive evaluation of potential embolic sources. The recent EchoNext
model, validated across diverse health systems, demonstrated successful detection of multiple
forms of structural heart disease from ECGs, supporting the potential for Al to expand access to
heart disease screening at scale [119].

Expert Assessment
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Readiness was rated moderate to good, reflecting solid performance of Al tools for automated
measurement from imaging, though experts noted that non-Al tools are already performant in this
area and that large multimodal datasets for further validation remain limited. Impact was also
rated moderate to good, driven by the growing prevalence of valvular disease in an ageing popula-
tion, with experts emphasising that clinical relevance will depend on integration with echocardiog-
raphy rather than ECG-based approaches alone.

Patent Foramen Ovale Detection and Risk Assessment

Patent foramen ovale, a remnant of foetal circulation present in approximately 25% of the adult
population, has been implicated as a major contributor to cryptogenic stroke through paradoxical
embolism. The prevalence of PFO rises to 40-50% among patients with cryptogenic stroke, sug-
gesting a causal relationship in appropriately selected individuals. Multiple randomised controlled
trials, including RESPECT [120], CLOSE [121], REDUCE [122], and DEFENSE-PFO [123], have now
demonstrated that transcatheter PFO closure significantly reduces recurrent stroke risk compared
with medical therapy alone in patients younger than 60 years with cryptogenic stroke, with relative
risk reductions ranging from 45% to 97% and numbers needed to treat of approximately 20-42
over five years[124][125]. These trials have led to regulatory approvals and guideline endorse-
ments for PFO closure in appropriately selected patients.

Al applications for PFO detection remain in early development. Several single-centre studies have
explored DL approaches for automating PFO detection and right-to-left shunt grading from contrast
transthoracic echocardiography, reporting accuracies of 78-90% and diagnostic times of 1-2 sec-
onds compared with several minutes for manual physician review [126]. Machine learning has also
been applied to predict which PFO patients are at highest risk for cryptogenic stroke based on TEE
morphologic and functional characteristics, with one study achieving an AUC of 0.82 [127]. However,
these remain proof-of-concept studies with small sample sizes (150-200 patients), lack external
validation, and have not been implemented clinically. No FDA-cleared or CE-marked Al tools cur-
rently exist specifically for PFO detection from echocardiography, in contrast to the more mature Al
applications for other structural heart conditions such as aortic stenosis or HF with preserved ejec-
tion fraction.
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Readiness was rated low to moderate, reflecting the early stage of Al development in this area, lim-
ited research activity, and the absence of validated clinical tools. Impact was rated moderate, with
experts noting that PFO closure remains a relatively niche indication and that the added value of Al
in this context is unclear.

4.3 Hypertensive Heart Disease

4.3.1 Epidemiology and Risk Factors

HHD represents a spectrum of cardiac structural and functional changes arising from chronically el-
evated blood pressure. These include left ventricular hypertrophy, myocardial fibrosis, impaired di-
astolic function, and eventually HF. While hypertension is a major risk factor for multiple cardiovas-
cular conditions, HHD constitutes a distinct clinical and epidemiological entity. It reflects the cumu-
lative myocardial impact of sustained pressure overload and remains a major contributor to prema-
ture cardiovascular death, particularly in Central and Eastern Europe [128].

According to GDB 2021 estimates®3, HHD accounted for approximately 1.33 million deaths globally
in 2021, with wide variation in age-standardised mortality between regions [128]1[129]. As shown in
Figure 14, countries such as Bulgaria, Romania, Slovakia, and the Baltic States report mortality
rates exceeding 70 deaths per 100,000 population, whereas rates in Western Europe, including
France, Spain, and the Netherlands, remain below 10 per 100,000. Bulgaria recorded the highest
age-standardised mortality rate globally at 103.4 per 100,000. This east-west gradient is among
the steepest observed for any cardiovascular cause and reflects persistent disparities in hyperten-
sion detection, treatment, and control, as well as broader differences in diet, health behaviours, and
health system capacity [130][131].

High systolic blood pressure is the unequivocal driver of HHD, accounting for nearly all attributable
deaths in Europe. The condition develops insidiously over years of poorly controlled hypertension,
with early left ventricular hypertrophy often going undetected until symptoms of HF or arrhythmia
emerge. Among persons with hypertension, the prevalence of left ventricular hypertrophy detected
by echocardiography ranges from 36 to 419%, though figures as high as 58 to 77% have been re-
ported in high-risk hypertensive populations [132][133]. The right panel of Figure 14 highlights the
dominant modifiable contributors to HHD mortality in the EU. High systolic blood pressure alone ex-
plains over 50 deaths per 100,000 population, followed by dietary risks and elevated body mass
index. These risk factors are highly interrelated: excess sodium intake, low potassium consumption,
and diets high in processed foods contribute directly to hypertension, while obesity promotes sym-
pathetic activation, insulin resistance, and renal sodium retention, all of which amplify blood pres-
sure and accelerate myocardial damage.

53 Global Burden of Disease (GBD)
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Environmental and behavioural exposures further compound risk. Lead exposure remains a non-
negligible contributor, particularly in regions with legacy industrial pollution or inadequate water in-
frastructure. Excess alcohol consumption is associated with increased blood pressure and direct car-
diotoxicity. In some regions, particularly Eastern Europe and the Baltics, low winter temperatures ex-
acerbate seasonal blood pressure fluctuations and increase the incidence of hypertensive crises,
contributing to higher seasonal mortality rates [134].

HHD is often underdiagnosed due to its gradual progression and nonspecific symptoms. Unlike coro-
nary artery disease, which can present acutely, HHD tends to evolve silently until the onset of HF,
AF, or sudden cardiac death. Echocardiographic detection of left ventricular hypertrophy and im-
paired diastolic function is useful for identifying subclinical disease, but access remains uneven
across Europe, particularly in rural and lower-income regions. Moreover, many individuals with HHD
are unaware they have hypertension, or remain undertreated due to therapeutic inertia, poor adher-
ence, or fragmented primary care services. In countries with high HHD mortality, rates of blood
pressure awareness, treatment, and control remain below 50%, far from the levels required to pre-
vent long-term cardiac damage[130][131].

Figure 14: Hypertensive heart disease deaths per 100,000 in the EU (left) and the main modifiable risk fac-
tors (right).

Hypertensive Heart Disease Deaths per 100 000 (EU, 2021) Top Modifiable Risk Factors

Deaths per 100 000
<10
10-20
20-40
B 40-70
. 70

High systolic blood pressure

Dietary risks

High body-mass index

Lead exposure

— _ High alcohol use

Low temperature

T T

10 20 30 40 50

Deaths per 100 000 population

Source: Global Burden of Disease (GBD)

The epidemiology of HHD is closely tied to demographic and socioeconomic trends. The condition
disproportionately affects older adults, but the rising prevalence of obesity, sedentary lifestyles, and
early-onset hypertension has led to an increasing number of middle-aged adults presenting with
cardiac hypertrophy and impaired diastolic filling. In most Member States, men exhibit higher rates
of HHD mortality, reflecting earlier onset of hypertension and lower treatment adherence. However,
women with HHD may be more likely to develop HF with preserved ejection fraction, a form that re-
mains poorly understood and frequently underdiagnosed [135].

From a policy perspective, the continued burden of HHD across Europe reflects a failure to manage
the most modifiable cardiovascular risk factor. Despite the availability of effective, low-cost antihy-
pertensive medications, blood pressure control rates remain suboptimal in many EU countries. In

Central and Eastern Europe, health system constraints, out-of-pocket medication costs, and limited
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integration of preventive care undermine the effectiveness of hypertension management. Popula-
tion-wide interventions such as salt reduction policies, front-of-pack labelling, and fiscal measures
to limit processed food consumption remain underused despite clear evidence of benefit.

The geographic pattern of HHD mortality in Europe offers a stark reminder of the unfinished agenda
in cardiovascular prevention. Unlike some forms of heart disease that require advanced imaging or
genetic screening to detect, HHD develops from a risk factor that is easily measurable and almost
always modifiable. Its persistence as a leading cause of death in several EU countries reflects ongo-
ing gaps in the implementation and accessibility of effective prevention and control strategies.

4.3.2 High-Potential Al Applications

Deep Learning on ECG for Detection of Left Ventricular Hypertrophy

Electrocardiography reflects the electrical and structural consequences of elevated blood pressure,
including autonomic imbalance, conduction changes, and cardiac remodelling. Traditional ECG crite-
ria for left ventricular hypertrophy have notoriously poor sensitivity, detecting fewer than half of
cases confirmed by echocardiography. DL offers a substantial improvement by extracting subtle
patterns across the entire 12-lead signal that are invisible to conventional interpretation.

The most promising approaches anchor DL outputs to imaging-verified phenotypes rather than rely-
ing on noisy hypertension labels from office blood pressure readings. An Al model developed using
ECG recordings from over 28,000 patients aged 20 to 60 years achieved an AUC of 0.89 for detect-
ing echocardiography-verified Left Ventricular Hypertrophy (LVH), with consistent performance (AUC
0.86) in an independent validation cohort and external validation in a Japanese population (AUC
0.83) [136]. Importantly, this study demonstrated that Al-predicted LVH independently predicted
cardiovascular and all-cause mortality over six-year follow-up, with hazard ratios of 1.91 and 1.54
respectively, even after adjustment for age, sex, and comorbidities. This linkage to hard clinical end-
points addresses a critical gap in the field, where most models report only discrimination metrics
without demonstrating downstream clinical relevance.

Other groups have developed CNN- LSTM (Long Short-Term Memory) architectures achieving simi-
larly strong performance, with sensitivity substantially exceeding traditional voltage criteria [137].
DL has also shown ability to distinguish hypertrophic cardiomyopathy from pressure-induced hyper-
trophy on ECG, a clinically important differentiation with implications for family screening and sud-
den death prevention [138]. A recent systematic review identified growing evidence for ECG-based
Al in LVH detection, though highlighted persistent challenges in generalisability across devices, de-
mographic groups, and clinical settings [139].

The principal advantage of ECG-based Al is scalability. ECGs are ubiquitous, inexpensive, and al-
ready embedded in clinical workflows worldwide. An Al-enabled ECG could function as a first-line
screening tool to identify patients who warrant confirmatory echocardiography, potentially improv-
ing early detection of HHD in primary care and community settings where access to imaging is lim-
ited.

Challenges remain. Generalisation across devices, demographic groups, and clinical settings is a
persistent limitation, and most models have been validated on technical metrics rather than clinical
outcomes. ECG alone may be insufficient given the heterogeneity of HHD presentations.

In summary, the principal advantage of ECG-based Al for LVH detection is scalability: ECGs are
ubiquitous, inexpensive, and already embedded in clinical workflows worldwide. Combined with
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strong diagnostic performance and a demonstrated link to cardiovascular mortality, an Al-enabled
ECG could function as a first-line screening tool to identify patients who warrant confirmatory echo-
cardiography, potentially improving early detection of HHD in primary care and community settings
where access to imaging is limited. Realising this potential will require integration into structured
preventive pathways and broader validation across diverse populations.

Expert Assessment

Readiness Impact
A A

Readiness was rated moderate to good, reflecting availability in research settings and on high-end
systems, with experts noting that ECG alone may be insufficient given the heterogeneity of HHD
presentations. Impact was rated high, driven by the large prevalence of the condition and the scala-
bility of ECG as a first-line screening tool, though experts noted that realising this potential will re-
quire integration into structured preventive and clinical pathways.

Multimodal Unsupervised Phenotyping

Beyond simple classification, unsupervised machine learning offers the potential to identify clini-
cally meaningful disease phenotypes by integrating complex, high-dimensional data that clinicians
cannot easily synthesise. Recent work has demonstrated the value of applying this approach to
whole-cardiac-cycle echocardiographic data in hypertension and hypertrophic cardiomyopathy [140]
[141] (Figure 15).

Figure 15: Unsupervised machine learning identifies clinically distinct phenogroups in hypertrophic cardiomyo-
pathy from 12-lead ECG morphology.
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Rather than relying on single summary measurements such as ejection fraction or peak strain,
these methods use entire deformation and velocity curves from the cardiac cycle as input to

62



clustering algorithms. In patients with hypertension, this approach identified distinct phenogroups
corresponding to normal cardiac function and others to advanced pressure-overload remodelling,
capturing patterns that would be difficult to discern from conventional measurements alone. The
methodology has been extended to hypertrophic cardiomyopathy, where multicentre studies inte-
grating echocardiographic, clinical, and genetic data identified phenogroups with markedly different
risk profiles, from high-risk clusters with pathogenic genotypes and family history of sudden death
to lower-risk groups with milder phenotypes [141][142].

Multimodal DL approaches combining ECG and echocardiography have achieved strong perfor-
mance for distinguishing hypertrophic cardiomyopathy from HHD, with an AUC of 0.91 reported for
the joint model compared with lower accuracy for either modality alone [143]. These approaches
represent a shift from Al as a diagnostic replacement toward Al as a tool for disease characterisa-
tion and risk stratification, augmenting rather than supplanting clinical reasoning.

Challenges remain. These approaches are at an early research stage and face significant tech-
nical challenges in integrating large multimodal datasets across heterogeneous clinical settings.
Validation in prospective cohorts and demonstration of impact on clinical decision-making will be
required before they can move toward routine use.

In summary, multimodal unsupervised phenotyping represents a shift from Al as a diagnostic re-
placement toward Al as a tool for disease characterisation and risk stratification. Its broad applica-
bility across cardiovascular conditions and its potential contribution to precision medicine give it
high long-term impact, even if clinical deployment remains a longer-term prospect.

Expert Assessment

Readiness Impact
@ D @& )
A A

Readiness was rated low, reflecting the early research stage of these approaches and the technical
challenges of integrating large multimodal datasets. Impact was rated high by the experts, who saw
multimodal phenotyping as having broad potential across cardiovascular conditions and as a key
step toward precision medicine, even if clinical deployment remains a longer-term prospect.

Electronic Health Record-Based Risk Stratification

EHRs and routinely collected clinical data represent the most mature foundation for Al applications
in hypertension management. These data include demographics, longitudinal blood pressure meas-
urements, medication histories, laboratory results, and comorbidity profiles, features already em-
bedded in clinical workflows that lend themselves naturally to predictive modelling. Compared with
imaging or wearable modalities, EHR-based Al is closest to real-world implementation because it
relies on existing data infrastructure and imposes minimal additional cost.

Machine learning approaches applied to EHR data have shown encouraging results for identifying
patients at risk of incident hypertension, treatment-resistant hypertension, and secondary complica-
tions such as left ventricular hypertrophy, chronic kidney disease, or HF. A meta-analysis of 52 hy-
pertension prediction studies compared machine learning algorithms with traditional logistic regres-
sion and Cox models, finding pooled C-statistics of 0.76 and 0.75 respectively [144]. This modest
difference suggests that algorithmic complexity alone does not guarantee better prediction; careful
feature selection and data quality may matter more than the choice of model architecture.
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More sophisticated approaches that exploit the temporal structure of EHR data have shown greater
promise. In a study of over 230,000 patients, long short-term memory networks trained on se-
quences of vital signs, laboratory values, and diagnoses, achieved an AUC of 0.94 for predicting hy-
pertension onset within one year [145]. This suggests that capturing how clinical variables evolve
over time, rather than simply aggregating them, may offer meaningful improvements in risk strati-
fication.

Despite these advances, translational maturity remains constrained by methodological and infra-
structural limitations. Ground truth labels derived from single office blood pressure readings are
noisy compared with ambulatory or home monitoring. Data heterogeneity across institutions and
inconsistent coding practices undermine model portability [146]. Many studies report only discrimi-
nation metrics without addressing calibration, subgroup performance, or clinical utility [147]. Few
models have been prospectively tested within clinical workflows, and almost none have demon-
strated improvements in patient outcomes.

The most defensible role for EHR-based Al is as a risk stratification and decision support tool, ena-
bling early identification of high-risk individuals and guiding targeted follow-up or preventive inter-
ventions rather than serving as a diagnostic replacement. Successful implementation will require
sustained investment in data standardisation, transparency regarding model performance across
subgroups, and prospective validation demonstrating impact on clinical outcomes.

Challenges remain. Ground truth labels, data heterogeneity, and inconsistent coding practices con-
tinue to undermine model portability and generalisation. Federated multi-national studies will be
needed to demonstrate broader validity across heterogeneous health systems, and few models
have yet demonstrated improvements in patient outcomes in prospective clinical settings.

In summary, EHR-based Al holds high impact potential by enabling detection of often-missed con-
ditions at scale using routinely collected data. Its most defensible role is as a risk stratification and
decision support tool, and realising this potential will depend on sustained investment in data stand-
ardisation, interoperability, and prospective validation.

Expert Assessment

Readiness Impact

C D @& )
A A

Readiness was rated moderate, reflecting a solid research foundation using existing clinical infra-
structure, but with experts noting the need for federated multi-national studies to demonstrate
broader validity and portability across heterogeneous systems. Impact was rated high by the ex-
perts, driven by the potential to detect often-missed conditions at scale using routinely collected
data, though they acknowledged that realising this potential will require significant investment in
data standardisation and interoperability.

Wearables and Cuffless Blood Pressure Monitoring

Cuffless blood pressure estimation using photoplethysmography (PPG), alone or combined with
electrocardiography, has attracted substantial commercial and research interest. In September
2025, Apple introduced a Hypertension Notification Feature in its smartwatch, cleared by the FDA,
which uses a machine learning algorithm trained on data from over 100,000 individuals to identify
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signs of hypertension from PPG signals collected opportunistically over 30 days®*. The feature
achieves a specificity of 92% but a sensitivity of only 41%, meaning that more than half of hyper-
tensive individuals will not be identified, though those who receive a notification most probably
have elevated blood pressure [148].

Recent prospective validation studies have shown more promising results. In a multisite study of
196 participants not taking antihypertensive medication, Google developed a multimodal Al system
combining PPG and accelerometry from a consumer smartwatch that detected hypertension with
accuracy comparable to office and home blood pressure measurements when benchmarked against
24-hour ambulatory monitoring [149] (Figure 16). However, this study excluded treated hyperten-
sives, and broader challenges remain: calibration drift over time, device-to-device variability, and
limited validation across diverse populations continue to constrain clinical utility. Neither the Apple
nor the Google system has been endorsed by scientific societies for diagnosis or management of
hypertension, and confirmation by validated cuff-based measurement remains essential.

Figure 16: Overview of a Google smartwatch-based Al system for hypertension detection.
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These limitations notwithstanding, wearable-based hypertension detection may improve substan-
tially in coming years. Advances in sensor technology, larger and more diverse training datasets,
and hybrid approaches combining multiple sensing modalities are likely to enhance accuracy [150].
The integration of continuous PPG monitoring with contextual data such as activity, sleep, and heart
rate variability may enable more robust detection algorithms. For now, the most appropriate role for
these technologies is opportunistic population-level screening in untreated individuals, potentially
identifying those who should undergo formal evaluation, rather than diagnosis or monitoring of
treated hypertensives. As the technology matures, wearables may eventually enable the continuous,
unobtrusive blood pressure surveillance that has long been a goal of hypertension management.

Challenges remain. Sensitivity is still limited, calibration drift over time and device-to-device vari-
ability pose ongoing technical hurdles, and validation across diverse and treated populations is still
insufficient for clinical endorsement. The gap between consumer availability and clinical readiness
remains wide.

In summary, wearable-based blood pressure monitoring holds high long-term potential for popula-
tion-level detection of undiagnosed hypertension, but its current role is appropriately limited to op-
portunistic screening in untreated individuals. Clinical value will depend on improving sensitivity,

54 https://www.accessdata.fda.gov/cdrh_docs/pdf25/K250507.pdf
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broadening validation, and embedding these tools within structured preventive pathways rather
than relying on standalone consumer use.

Expert Assessment

Readiness Impact
A A

Readiness was rated low to moderate, reflecting promising early results on high-end devices but the
need for broader validation across diverse populations and real-world conditions. Impact was rated
high, with experts highlighting the potential of continuous blood pressure monitoring at population
scale, while noting that clinical value will depend on integration into structured preventive pathways
rather than standalone consumer use.

4.4 Summary of Expert Assessments

Across the 14 applications assessed, a consistent pattern emerges: readiness and impact do not al-
ways align. Some of the most clinically mature tools, such as Al-enhanced echocardiography and
CAC scoring, score well on both dimensions. Others, particularly multimodal phenotyping, EHR-based
risk stratification, and wearable blood pressure monitoring, were rated lower on readiness despite
high anticipated impact, reflecting the gap between research promise and clinical deployment.

Figure 17: Expert assessment of 14 high-potential Al applications in cardiovascular care, mapped against their
readiness for clinical use and their potential population health impact. Applications are colour-coded by domain:
prevention (green), screening and early detection (blue), and personalised treatment (pink).
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Applications in screening and early detection generally show stronger readiness, with Al-enhanced
ECG for AF detection, continuous rhythm monitoring, and detection of valvular cardioembolic
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sources already demonstrating validated performance in clinical or near-clinical settings. Personal-

ised treatment applications, including CT plaque analysis, CFD and DT approaches, and LAA throm-

bus prediction, tend to score lower on readiness, as most remain confined to research or specialised
centres.

Experts consistently highlighted that impact scores reflect potential rather than current reality. Real-
ising that potential will in most cases require broader validation, cost reductions, and integration
into structured clinical pathways. Figure 17 maps all 14 applications on a readiness-impact matrix,
providing an at-a-glance view of where the field stands across the three CVD subtypes examined in
this report.
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5 Conclusions

CVD claims over 1.7 million lives in Europe each year. Al has attracted substantial investment as a
potential tool for improving diagnosis, risk stratification, and care delivery. This report has examined
the evidence across the cardiovascular care continuum.

The evidence is mixed. Some Al applications are already embedded in routine clinical practice across
European hospitals. Others have accumulated strong validation data and could deliver meaningful
benefit with targeted investment in implementation. Many more remain unproven in the settings
where they would actually be used. Distinguishing between these categories is essential for setting
policy priorities and directing resources where they can make a difference.

5.1 Al Across the Cardiovascular Care Continuum

Al tools are present at every stage of cardiovascular care, though their maturity varies considerably.
Some are already CE-marked and deployed in hundreds of hospitals. Others show consistent perfor-
mance across validation studies but await the implementation support and outcome evidence
needed for widespread adoption. The sections that follow trace Al applications from prevention
through to treatment, noting where the technology stands and what would be required to move for-
ward.

Identifying individuals at risk before symptoms develop is a natural application for Al. CAC scoring is
among the most established: Al can quantify calcium deposits, a strong predictor of future heart at-
tacks, with accuracy matching manual expert assessment, and the same analysis can be applied
opportunistically to scans performed for other indications such as lung cancer screening. Al can also
detect left ventricular hypertrophy from routine ECGs with far greater sensitivity than traditional cri-
teria, and Al-detected hypertrophy predicts cardiovascular death even after accounting for other risk
factors. Given that ECGs are inexpensive and ubiquitous, this could serve as a first-line screening
tool in primary care, though implementation remains limited and outcome evidence is still needed.
Wearable technology is evolving rapidly: smartwatches can now identify signs of elevated blood
pressure from pulse signals, though the technology remains more specific than sensitive, and con-
firmation with standard measurement is essential. Medical societies have not endorsed these tools
for diagnosis or management, but they may have a role in identifying untreated individuals who
should undergo formal evaluation.

Cardiac function assessment is well established. Al can measure heart chamber size and pumping
function as accurately as expert cardiologists, while reducing interpretation time by 50 to 70%. Al-
assisted echocardiographic assessment has matched or exceeded standard sonographer readings in
blinded comparisons. Perhaps more significant for access to care, Al can guide non-expert operators
to acquire diagnostic-quality images with minimal training, opening the possibility of cardiac as-
sessment in settings that lack specialist services. Several CE-marked platforms are deployed across
European hospitals. Arrhythmia detection spans clinical and consumer settings. Al can identify
rhythm abnormalities from standard 12-lead ECG recordings with reliability comparable to cardiolo-
gists, and several platforms are CE-marked for automated interpretation. Smartwatches extend this
capability outside the clinic, detecting irregular heart rhythms suggestive of AF, though confirmation
with standard methods remains necessary. Detection of undiagnosed AF represents a significant
opportunity not yet fully realised. Roughly one-third of patients who suffer an AF-related stroke
have never been diagnosed, because the arrhythmia is often intermittent and silent. Al can identify
high-risk patients from a routine ECG, even when recorded during normal rhythm, detecting subtle
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abnormalities invisible to human readers. Trial evidence that Al-guided screening reduces stroke
rates, rather than just improving detection, is still needed.

Guiding intervention decisions has a clear application in coronary artery disease. Al-enabled analysis
of CT angiography can estimate non-invasively whether a narrowed coronary artery is restricting
blood flow, helping clinicians decide who needs intervention and who can be managed with medica-
tion alone. This approach is now recommended in ESC guidelines, and several CE-marked platforms
are available across Europe. Emergency stroke care represents perhaps the clearest example of Al
adding value. Every minute of delay costs years of healthy life. Al systems that detect major vessel
blockages from CT scans are deployed in over a thousand hospitals globally, automatically alerting
specialist teams and compressing time to treatment. Meta-analyses confirm significant reductions
in door-to-treatment times. Reducing unnecessary invasive testing is an emerging application. Al
models trained on clinical and echocardiographic data show promise in identifying patients at low
risk of left atrial appendage thrombus who may not require semi-invasive imaging before certain
procedures, though external validation in diverse populations remains limited. Disease characterisa-
tion represents another growing area. Multimodal approaches integrating ECG, echocardiography,
and clinical data are being applied to distinguish between conditions that present similarly but carry
different implications. In hypertrophic cardiomyopathy, Al-assisted phenotyping has identified pa-
tient subgroups with markedly different risk profiles, with consequences for family screening and
sudden death prevention. These applications represent a shift from Al as a diagnostic replacement
toward Al as a tool for augmenting clinical reasoning.

These tools share common limitations regardless of where they are applied along the care pathway,
though none are insurmountable. Most have been validated on technical performance rather than
on whether their use improves patient outcomes, patient experience, clinician workload, or system
efficiency. This is not unusual for emerging medical technologies, and it reflects the natural se-
quence of development: technical validation precedes clinical implementation. But it does mean that
for many tools, the case for adoption rests more on plausible benefit than demonstrated impact.
Closing this evidence gap should be a priority.

Adoption remains uneven. Well-resourced academic centres have led implementation, while smaller
hospitals, primary care networks, and health systems in less affluent Member States often lack the
infrastructure, IT systems, or expertise to deploy these tools. Many institutions operate with legacy
systems, fragmented EHRs, and insufficient computing capacity that create technical barriers to Al
integration. This pattern is common with new health technologies and can be addressed through
targeted investment and knowledge sharing. Without such efforts, however, Al risks widening rather
than narrowing existing disparities in cardiovascular outcomes across Europe.

Regulatory clearance provides important safequards but offers limited assurance of real-world
value. Emerging evidence, largely based on non-EU experience, suggests that Al-enabled medical
devices may be recalled at higher rates than conventional devices, with one recent analysis finding
that over 40% of recalls occurred within the first year of market authorisation, at roughly double
the rate observed for conventional devices, and with diagnostic or measurement errors among the
most common causes. Post-market surveillance could be strengthened, and the pathway from CE
marking to demonstrated benefit in routine practice deserves more attention from both requlators
and health systems. Closing that gap requires not only stronger post-market surveillance, but also
greater investment in the intermediate step that often receives least attention: local trials and im-
plementation studies within healthcare settings, which allow institutions to assess whether a tool
performs reliably in their specific patient populations, workflows, and technical environments before
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committing to full deployment. This stage is sometimes facilitated through EU grant funding, and
deserves wider recognition as a critical part of the adoption pathway.

The workforce dimension warrants consideration. Al tools are sometimes presented as solutions to
staff shortages, but their implementation creates its own demands: training, workflow integration,
quality assurance, and ongoing maintenance. When thoughtfully implemented, these tools can re-
duce burden and free clinicians for tasks that require human judgement. When poorly implemented,
they can add complexity without commensurate benefit. The difference often lies in how much at-
tention is paid to the needs of healthcare professionals during deployment.

The patient perspective also deserves attention. Most Al development has focused on clinical accu-
racy, with less consideration of how patients experience Al-assisted care and whether they trust al-
gorithmic recommendations. Consumer-facing Al is already shaping how millions of Europeans un-
derstand their cardiovascular health, largely outside any clinical governance framework. Patients
arrive at consultations having received alerts, risk scores, and preliminary assessments from apps
and wearables that clinicians may have no visibility of. This is a present challenge that requires ur-
gent attention to communication standards, integration pathways, and realistic public expectations.

The measure of success for cardiovascular Al should not be technical performance alone. The
healthcare Quadruple Aim provides a useful framework: Al should be assessed on whether it im-
proves outcomes for patients, enhances the experience of care, supports healthcare professionals in
their work, and helps health systems operate more sustainably.

5.2 Policy Priorities

Realising the potential of Al in cardiovascular care will require coordinated action across multiple
fronts. The following priorities emerge from the challenges identified in this report.

Prioritise Validation Over Novelty. The field does not lack Al models, but it often lacks rigorous
evidence that these models improve patient outcomes. Funding bodies should place greater empha-
sis on clinical utility, independent validation, and comparative evaluation alongside technical perfor-
mance, and should actively incentivise head-to-head comparisons between competing tools. The
EU4Health Cardiovascular Flagship Action and Testing and Experimentation Facilities offer mecha-
nisms to advance this agenda.

Accelerate Data Readiness. The European Health Data Space provides a long-term framework,
but institutions need support now to prepare for its implementation. At the hospital level, clinicians
still lack simple, secure, and efficient ways to exchange data across departments and institutions, a
basic prerequisite for care coordination. This means investment in data standardisation, interopera-
bility solutions, and the workforce of clinical informaticians needed to enable routine data sharing
and to curate datasets for Al development and validation. Health Data Access Bodies will play a
central role, but their effectiveness depends on Member State implementation and adequate re-
sourcing.

Modernise infrastructure and Ensure Equitable Access. Al deployment depends on infrastruc-
ture that many healthcare institutions currently lack. Investment is needed to upgrade legacy IT sys-
tems, improve interoperability between clinical applications, and ensure adequate computing capac-
ity and network bandwidth at the hospital level. At the European level, Al Factories and federated
data infrastructures provide shared resources for training and validating Al models, but their value
depends on institutions being equipped to connect to and benefit from them. These challenges are
most acute in smaller hospitals, primary care networks, and less-resourced Member States. EU
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funding mechanisms should support infrastructure modernisation and Al adoption in under-re-
sourced settings. Without such efforts, Al risks widening rather than narrowing existing disparities in
cardiovascular care across Europe.

Build Workforce Capacity. Al literacy must be integrated into medical education at all levels. Cli-
nicians need not understand the computational details of machine learning, but they must be able
to evaluate Al outputs critically and maintain appropriate oversight. The DIGITAL and EU4Health
programmes fund training initiatives, and the Apply Al Strategy identifies healthcare as a priority
domain, but sustained investment will be required to close existing skills gaps.

Streamline Regulatory Pathways. The regulatory burden for Al medical devices, while necessary
to protect patients, falls disproportionately on start-ups and small companies, precisely the profile
of many cardiovascular Al innovators. Recent initiatives, including the proposed Digital Omnibus
Package and the ongoing revision of the medical devices framework, aim to simplify aspects of the
regulatory landscape, but continued attention is needed to reduce duplication between overlapping
frameworks, accelerate notified body capacity, and lower the cost of compliance without compro-
mising safety standards. Regulatory sandboxes can help innovators navigate requirements more ef-
ficiently, and harmonised guidance from bodies such as the MDCG should continue to clarify expec-
tations for Al-specific challenges.

Clarify the Role of Consumer Al. Guidance is needed on how data from wearables and health
apps should be integrated into clinical workflows, and how to manage the demand generated by
alerts and self-diagnoses. The regulatory status of consumer Al tools varies considerably, creating
confusion for both patients and clinicians. Recent MDCG guidance has clarified that app stores and
developers may be considered economic operators under the MDR, and the EHDS explicitly includes
data from wearables and wellness applications within its scope for both primary and secondary use.
However, practical questions remain about how patient-generated health data should be incorpo-
rated into clinical decision-making, what validation standards should apply, and how to ensure in-
teroperability with EHRs. Public communication should help citizens understand what consumer Al
tools can and cannot reliably do, and clinical pathways should be developed to manage the inter-
face between consumer-generated alerts and professional care.

5.3 Looking Ahead

What distinguishes the applications that have succeeded from those that have stalled is rarely the
sophistication of the underlying technology. It is the quality of the evidence, the fit with clinical
workflows, and the availability of the infrastructure needed to deploy and sustain them. These are
the dimensions that deserve the most policy attention going forward.

Converting validated tools into population-level benefit requires sustained investment in implemen-
tation science, clinical trial infrastructure, and data governance alongside continued technical devel-
opment. Al alone will not resolve the fundamental challenges facing European health systems:
workforce shortages, funding constraints, and uneven access to care. But thoughtfully deployed and
rigorously evaluated, it can make a meaningful contribution. The measure of success should not be
the number of tools developed or approved, but whether they improve what matters: better out-
comes for patients, better experience of care, sustainable costs for health systems, and better
working conditions for healthcare professionals.
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List of abbreviations and definitions

Abbreviations

Full term

Definition

AF

Al

AUC / AUROC

CAC

CCTA

CFD

CNN

CcT

CcvD

DALY

DL

Atrial Fibrillation

Artificial Intelligence

Area Under the (Receiver
Operating Characteristic)
Curve

Coronary Artery Calcium

Coronary Computed To-
mography Angiography

Computational Fluid Dy-
namics

Convolutional Neural Net-
work

Computed Tomography

Cardiovascular Disease

Disability-Adjusted Life
Year

Deep Learning

An irregular and often rapid heart rhythm that increases the
risk of stroke and other cardiovascular complications.

The theory and development of computer systems able to
perform tasks that normally require human intelligence,
such as learning, reasoning, and decision-making.

A standard metric for evaluating the discriminative perfor-
mance of classification models; values closer to 1 indicate
better performance.

Calcium deposits in the coronary arteries, quantified by com-
puted tomography (CT) scanning as a marker of subclinical
atherosclerosis.

An imaging technique used to visualise the coronary arteries
and detect stenoses or plaque.

Numerical simulation of fluid flow, used to model blood flow
patterns and assess thrombotic risk in the heart.

A type of deep learning (DL) architecture particularly suited
to image analysis tasks.

A medical imaging technique using X-rays to produce de-
tailed cross-sectional images of the body.

A broad category of conditions affecting the heart and blood
vessels, including coronary artery disease, stroke, heart fail-
ure, and others.

A measure of overall disease burden combining years of life
lost to premature death and years lived with disability.

A subset of machine learning using multi-layered neural net-
works to learn complex patterns from data.



Abbreviations

Full term

Definition

DT

ECG

ESUS

FFR-CT

HF

IHD

LAA

LAAO

Digital Twin

Electrocardiogram

Electronic Health Record

Embolic Stroke of Unde-
termined Source

Fractional Flow Reserve
derived from Computed
Tomography

Heart Failure

Ischaemic Heart Disease

Left Atrial Appendage

Left Atrial Appendage Oc-
clusion

A virtual replica of a physical system or patient, continuously
updated with real-world data, used to simulate, predict, and
optimise the behaviour of its physical counterpart.

A recording of the electrical activity of the heart, used to de-
tect arrhythmias, ischaemia, and structural abnormalities.

A digital record of a patient's medical history, diagnoses,
treatments, and clinical data, used to support healthcare de-
livery and continuity of care, and increasingly leveraged as a
data source for Al-driven research and clinical decision sup-
port.

A subtype of ischaemic stroke in which no clear cause is
identified despite thorough investigation.

A non-invasive physiologic simulation technique that models
coronary blood flow from CCTA data using computational
fluid dynamics, to assess the haemodynamic significance of
coronary artery stenoses without invasive catheterisation.

A clinical syndrome with symptoms and/or signs caused by a
structural and/or functional cardiac abnormality, corrobo-
rated by elevated natriuretic peptide levels and/or objective
evidence of pulmonary or systemic congestion.

A group of conditions resulting from a mismatch between
myocardial oxygen supply and demand, most commonly due
to atherosclerosis of the coronary arteries and/or functional
alterations of the coronary microcirculation, encompassing
clinical presentations from stable angina to myocardial in-
farction.

A blind-ended outpouching of the left atrium and the pre-
dominant site of thrombus formation in atrial fibrillation, re-
sponsible for the majority of AF-related cardioembolic
strokes.

A procedure to seal off the LAA to prevent thrombus for-
mation in patients with atrial fibrillation who cannot take
anticoagulants.



Abbreviations

Full term

Definition

LLM

LSTM

LVEF

LVH

MACE

ML

MRI

PFO

U-Net

YLD

Large Language Model

Long Short-Term Memory

Left Ventricular Ejection
Fraction

Left Ventricular Hypertro-
phy

Major Adverse Cardiovas-
cular Events

Machine Learning

Magnetic Resonance Im-
aging

Patent Foramen Ovale

U-shaped Network

Years Lived with Disability

A type of Al model trained on large volumes of text, capable
of generating and interpreting natural language.

A type of recurrent neural network suited to learning from
sequential or time-series data.

The fraction of blood pumped out of the left ventricle with
each heartbeat; a key measure of cardiac function.

Thickening of the heart muscle wall, typically caused by sus-
tained high blood pressure.

A composite clinical endpoint commonly including heart at-
tack, stroke, and cardiovascular death.

A subset of artificial intelligence in which algorithms learn
patterns from data to make predictions or decisions, improv-
ing their performance with experience without being explic-
itly programmed.

A non-invasive medical imaging technique that uses strong
magnetic fields and radiofrequency pulses to induce reso-
nance of hydrogen atoms in body tissues, producing detailed
images of internal organs and structures without the use of
ionising radiation.

A small opening between the upper chambers of the heart
that fails to close after birth, associated with cryptogenic
stroke.

An encoder-decoder convolutional neural network architec-
ture with skip connections between corresponding encoder
and decoder layers, widely used for biomedical image seg-
mentation tasks, enabling precise localisation from very few
training images.

A measure of the burden of non-fatal health outcomes, rep-
resenting the number of years lived in less than full health
due to disease or injury.
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