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Abstract 
Introduction:  

Artificial intelligence (AI) is transforming cardiology, enabling a shift from reactive to predictive and 

personalized medicine. This thesis demonstrates the methodological potential and clinical relevance 

of AI across three distinct use cases in cardiovascular health, focusing on: opportunistic screening, 

foundation models for generalizable diagnosis, and digital twin technology for personalized 

intervention. 

 

Methods and Results: 

Opportunistic Screening (Use Case 1): Deep Learning models were applied to routine Chest X-Ray 

(CXR) images of patients referred for suspected Coronary Artery Disease (CAD). The model 

accurately predicted the presence of significant CAD for diagnostic triage (AUC 0.77 with angina) 

and effectively stratified long-term mortality risk (AUC 0.81 when combined with age and CAD 

status). This work validates CXR as a low-cost, scalable source of prognostic biomarkers. 

Foundation Models (Use Case 2): We developed HuBERT-ECG, a self-supervised foundation model, 

pre-trained on an unprecedented 9.1 million 12-lead ECGs. HuBERT-ECG demonstrated robust 

generalizability across 17 downstream tasks and achieved AUROCs >0.90 for 140 out of 164 

cardiovascular conditions. Crucially, the model leveraged inter-relationship learning on the Cardio-

Learning dataset, achieving a dramatic improvement in prediction for complex structural heart 

disease, such as Heart Failure (HF), where ECG signals are conventionally subtle (AUROC on HF 

0.9674±0.0566). 

Digital Twin Architecture (Use Case 3): We conceptualized and architecturally designed the DORIAN 

GRAY Project (funded by Horizon Europe). This project employs a Digital Twin framework and a 

cascading AI model suite to link Cardiovascular Disease (CVD) and Mild Cognitive Impairment 

(MCI) through causal inference and personalized risk stratification. The solution utilizes a highly 

adaptive Avatar-Based Coaching Exergame (ABCE), validated through the dedicated COGIT-HF 

randomized trial protocol , representing a novel design for continuous, real-time digital intervention. 

Conclusions: This thesis successfully demonstrated three scalable and high-impact applications of 

AI in cardiology. The work advances AI methodology across image analysis, time-series foundation 

modeling, and complex digital health architectural design. These contributions offer tangible 

pathways for developing robust, personalized, and efficient tools that enhance clinical decision-

making and promote equitable cardiovascular and cognitive health globally 
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Sinossi in lingua Italiana 
Introduzione 

L’intelligenza artificiale (IA) sta trasformando la cardiologia, favorendo il passaggio da una medicina 

reattiva a un approccio predittivo e personalizzato. Questa tesi illustra il potenziale metodologico e 

l’impatto clinico dell’IA attraverso tre distinti casi d’uso nell’ambito della salute cardiovascolare, 

focalizzati su: screening opportunistico, modelli fondativi per una diagnosi generalizzabile e gemelli 

digitali per interventi personalizzati. 

 

Metodi e Risultati 

Screening Opportunistico: sono stati applicati modelli di deep learning alle radiografie del torace 

(CXR) eseguite routinariamente nei pazienti valutati per sospetta coronaropatia (CAD). Il modello è 

risultato in grado di predire con buona accuratezza la presenza di CAD significativa ai fini del triage 

diagnostico (AUC 0.77 nei pazienti con angina) e di stratificare efficacemente il rischio di mortalità 

a lungo termine (AUC 0.81 combinando età e stato CAD). Lo studio dimostra che la CXR può 

rappresentare una fonte scalabile e a basso costo di biomarcatori prognostici. 

Modelli Fondativi (Foundational Models): è stato sviluppato HuBERT-ECG, un modello fondativo 

auto-supervisionato pre-addestrato su un dataset senza precedenti composto da 9,1 milioni di ECG a 

12 derivazioni. HuBERT-ECG ha mostrato un’elevata capacità di generalizzazione in 17 compiti 

successivi e ha ottenuto un AUROC >0.90 per 140 su 164 condizioni cardiovascolari. In particolare, 

sfruttando le relazioni interne del dataset Cardio-Learning, ha migliorato significativamente la 

predizione di patologie cardiache strutturali complesse, come lo scompenso cardiaco (HF), per le 

quali l’ECG fornisce segnali tradizionalmente poco specifici (AUROC per HF 0.9674 ± 0.0566). 

Architettura del Gemello Digitale: è stata definita l’architettura del progetto DORIAN GRAY, 

finanziato da Horizon Europe, basata su un framework di Gemello Digitale e su una serie di modelli 

di IA integrati. L’obiettivo è collegare malattia cardiovascolare e lieve decadimento cognitivo tramite 

inferenza causale e stratificazione personalizzata del rischio. La piattaforma incorpora un Avatar-

Based Coaching Exergame (ABCE) ad elevato grado di adattività, validato tramite il trial 

randomizzato dedicato COGIT-HF, proponendo un approccio innovativo all’intervento digitale 

continuo e in tempo reale. 

 

Conclusioni 

La tesi dimostra tre applicazioni scalabili e ad alto impatto dell’IA in cardiologia. I risultati avanzano 

lo stato dell’arte nell’analisi di immagini, nella costruzione di modelli fondativi per serie temporali e 
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nella progettazione di architetture complesse per la sanità digitale. Nel loro insieme, questi contributi 

delineano percorsi concreti verso strumenti clinici robusti, personalizzati ed efficienti, finalizzati a 

migliorare il processo decisionale e a promuovere equità nella salute cardiovascolare e cognitiva su 

scala globale 
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1. General Introduction  
 

1.1. Key Artificial Intelligence Applications in Healthcare and Thesis Structure 
Artificial intelligence (AI) is reshaping modern medicine in ways that extend far beyond the adoption 

of new computational tools. Its integration into healthcare represents a profound transformation in 

how we diagnose disease, make clinical decisions, and conceptualize human health. Rather than 

replacing clinicians, AI is emerging as a powerful ally—one that enhances precision, anticipates risk, 

and supports more efficient and equitable care delivery1. 

At its core, AI enables a shift from reactive medicine to predictive and personalized healthcare. By 

uncovering subtle patterns in biomedical data, AI systems can forecast disease trajectories, optimize 

treatment strategies, and support clinical workflows with an accuracy that continues to approach, and 

sometimes surpass, traditional methods. This paradigm shift, however, comes with important 

challenges. Ensuring the reliability, transparency, and safety of AI models remains essential for 

clinical adoption, particularly when algorithmic recommendations may influence high-stakes 

decisions. Ethical questions regarding autonomy, accountability, and explainability cannot be treated 

as secondary considerations: they are foundational to building trust in AI-assisted medicine2. 

The rapid evolution of AI over the past decade highlights not only unprecedented opportunities, but 

also important responsibilities. Issues of privacy, security, fairness, and equitable access must be 

addressed to ensure that technological progress translates into improved care for all patients. 

Within this rapidly evolving landscape, three major applications of AI in healthcare have become 

particularly prominent: 

1) Opportunistic use of existing clinical data for large-scale, low-cost screening: contemporary 

healthcare ecosystems, increasingly reliant on the digitalization of patient information, generate 

immense volumes of imaging and structured clinical data. AI can effectively repurpose these 

datasets—originally collected for other clinical purposes—to screen asymptomatic populations 

and identify individuals at risk for high-burden diseases3. 

2) AI systems that support and enhance clinical decision-making, especially through large-scale pre-

trained or foundation models. These models learn general physiological representations from 

massive datasets, allowing them to perform multiple downstream tasks with minimal additional 

training4.  

3) Mechanistic, multimodal, real-time simulations of biological systems—commonly known as 

digital twins. By integrating longitudinal signals, clinical variables, imaging, and sensor-derived 

physiological data, digital twins aim to reproduce the dynamic behavior of an individual patient’s 
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cardiovascular system. These models hold promise for personalized medicine, early risk 

prediction, and virtual testing of therapeutic strategies before real-world intervention5. 

This thesis, “Applications of Artificial Intelligence in Cardiology: Methodological Advances and 

Three Clinical Use Cases,” is structured around these three transformative domains. Each use case 

corresponds to one of the major applications of AI described above. 

1) Use Case 1 explores the opportunistic use of deep learning models applied to chest X-rays 

imaging to predict cardiovascular outcomes through deep learning, demonstrating how routine 

imaging data can be leveraged for large-scale population screening. 

2) Use Case 2 focuses on the development and evaluation of a self-supervised adaptable, robust, and 

interpretable ECG foundation model (HUBERT-ECG), illustrating the potential of pre-trained 

algorithms to enhance and generalize clinical decision-making. 

3) Use Case 3 introduces the Dorian Gray Project, which uses AI to investigate the heart–brain axis 

and model the relationship between cardiovascular disease and cognitive decline, marking an 

early step toward constructing a cardiovascular digital twin. 

Together, these studies highlight both the methodological innovation and the clinical relevance of AI-

driven approaches in cardiology. They show how AI can improve prediction, support clinicians, and 

deepen our understanding of complex physiological systems—while also revealing the ethical, 

technical, and translational challenges that accompany this rapidly advancing field. 
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2. Use Case 1: Deep Learning for Predicting Cardiovascular Outcomes 

from Chest X-Ray Images 
 

2.1 Background and Rationale 
Atherosclerotic cardiovascular disease (ASCVD) remains the leading cause of mortality, premature 

death, and long-term morbidity worldwide, imposing a substantial and growing burden on healthcare 

systems and societies6. Within the spectrum of ASCVD, coronary artery disease (CAD) is responsible 

for the majority of fatal and non-fatal cardiovascular events, and early identification of individuals at 

increased risk remains one of the greatest challenges in preventive cardiology. 

In the outpatient and diagnostic settings, the need for accurate, scalable, and cost-effective prediction 

strategies is particularly pressing. Traditional CAD prediction models rely on established clinical risk 

factors—age, sex, lipid levels, blood pressure, diabetes, and smoking history—and have been 

validated across selected cohorts7,8. Despite their utility, these tools often perform suboptimally in 

heterogeneous real-world populations due to limited generalizability, evolving risk profiles, and the 

inherently multifactorial nature of CAD. Contemporary clinical guidelines therefore recommend 

estimating the pre-test probability (PTP) of obstructive CAD to guide decisions regarding non-

invasive imaging or invasive coronary angiography9. However, existing PTP algorithms lack the 

granularity and precision required to reliably distinguish those who truly require further testing from 

those who do not, leading to both under- and over-utilization of diagnostic resources. As CAD 

prevalence continues to rise, there is a clear need for sensitive, reproducible, and broadly scalable 

methods capable of refining PTP estimation and improving clinical decision pathways. 

Against this backdrop, artificial intelligence (AI) has emerged as a transformative technology capable 

of addressing several limitations inherent in traditional risk stratification. Advances in machine 

learning (ML) and deep learning (DL) have renewed interest in the diagnostic and prognostic 

potential of non-invasive imaging modalities, particularly those that are low-cost, widely accessible, 

and routinely integrated into clinical workflows10. AI-based image analysis can uncover subtle 

radiographic features and hidden phenotypes imperceptible to human observers, opening new 

avenues for individualized cardiovascular risk prediction and early disease detection11 These 

innovations align with a broader shift toward opportunistic screening, wherein data acquired for one 

clinical purpose are repurposed to extract additional prognostic information without requiring new 

tests, additional radiation exposure, or increased healthcare costs. 

Among all clinical imaging modalities, the chest radiograph (CXR) stands out as a uniquely powerful 

candidate for AI-enabled opportunistic cardiovascular screening. More than a century after its 

introduction, CXR remains the most frequently performed radiological examination worldwide12. It 
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is inexpensive, fast, universally available, and routinely obtained across a wide range of clinical 

indications. Importantly, CXR is often performed early in the assessment of patients with suspected 

cardiopulmonary disease, making it one of the first imaging data points available to clinicians. 

Traditionally, CXRs are used to diagnose lung disease or identify gross cardiac abnormalities, yet the 

majority of examinations are reported as “normal,” and their potential to convey broader prognostic 

information has been largely underestimated. 

In fact, a chest radiograph encodes a rich array of biological signals that extend far beyond its 

conventional interpretive boundaries. Subtle variations in cardiac silhouette geometry, pulmonary 

vascular markings, thoracic morphology, soft-tissue characteristics, skeletal integrity, and even signs 

of systemic comorbidities are captured within the radiographic projection13. Although clinicians 

review thousands of CXRs during their careers, fragmentary follow-up and the complexity of long-

term disease trajectories prevent human readers from linking these early imaging features to future 

cardiovascular outcomes. As a result, much of the prognostic information contained in routine CXRs 

remains latent and underutilized. 

AI provides a unique opportunity to unlock this hidden prognostic value. Deep learning models 

trained on large CXR datasets have demonstrated the ability to detect patterns associated with 

cardiopulmonary disease, vascular aging, metabolic dysfunction, and long-term mortality with a 

degree of consistency and precision unattainable through traditional human interpretation14. Several 

investigations have shown that AI applied to CXRs can predict all-cause mortality, incident 

cardiovascular events, or systemic conditions such as anemia and diabetes15. The first evidence that 

a DL model could derive long-term prognostic information from a single CXR emerged from large 

screening programs in oncology, where AI demonstrated the ability to forecast mortality beyond 

cancer-specific outcomes16. These findings suggest that CXRs contain underrecognized prognostic 

biomarkers that may be harnessed for cardiovascular risk prediction. 

Applying AI to chest radiography for CAD assessment represents a promising frontier for 

cardiovascular medicine. Because CAD evolves gradually—often over decades—subclinical 

structural or physiological changes may be subtly encoded in the thoracic anatomy long before 

clinical symptoms arise. Deep learning algorithms may detect these early indicators, whether 

reflected in cardiac borders, vascular tracings, pulmonary patterns, tissue density gradients, or 

thoracic skeletal configurations, thereby enabling opportunistic risk stratification directly at the point 

of care. Crucially, such screening would require no additional resource use, as CXRs are already 

acquired in emergency departments, outpatient evaluations, and hospital admissions worldwide. 

The rationale for the present work is therefore twofold. 
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First, the global burden of CAD demands innovative, scalable, and sustainable approaches capable 

of improving early diagnosis and risk prediction. 

Second, chest X-ray imaging offers a unique combination of universality, affordability, and 

accessibility upon which AI-driven tools can be deployed at population scale. By leveraging DL 

models applied to routine CXRs, healthcare systems have the potential to enhance primary prevention 

strategies, reduce unnecessary invasive procedures, and improve the early detection of patients at 

heightened risk for adverse cardiovascular outcomes, including long-term mortality. 

In this context, the research conducted in this use case comprises two complementary projects: 

1) Development and clinical validation of a DL model designed to detect the presence of 

significant CAD from chest radiographs—demonstrating the feasibility of using CXR-based 

AI to support diagnostic triage and refine PTP estimation in patients referred for suspected 

CAD. 

2) Evaluation of DL-based prediction of long-term mortality from plain CXR in a real-world 

cohort of patients referred for coronary angiography—extending the role of CXR beyond 

diagnosis to long-term prognostication, and illustrating how routine imaging can be 

repurposed for precision risk stratification. 

Together, these studies contribute to the expanding field of opportunistic AI-driven cardiovascular 

screening, highlighting how existing imaging resources can be repurposed to support scalable, 

efficient, and personalized cardiovascular medicine. 
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Over the past few years, the integration of artificial intel-
ligence has significantly improved early diagnosis and
prediction of acute cardiac events for coronary artery

disease (CAD). CAD is one of the leading causes of
death and morbidity worldwide, and acute coronary
syndromes represent a significant manifestation of the
disease that can have severe consequences for
patients.1,2 By utilizing artificial intelligence, primary pre-
vention strategies can be personalized to individual
patients, resulting in a broader reach at a lower cost,
and the ability to tackle unique challenges such as the low
specificity of current diagnostic tools for patients admitted
to emergency departments with suspected acute coro-
nary syndromes (ACS).3

Editorial comment

Fig. 1

Coronary artery disease prediction
Early detection

Prevention
ACS and HF hospitalizations

Personlized medicine 
Tailored treatmentAI

The three key goals of artificial intelligence applied to the patients affected by coronary artery disease.
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2.2 Deep Learning for Diagnostic Triage of Significant Coronary Artery Disease 
 

Deep Learning to Detect Significant Coronary Artery Disease from Plain Chest Radiographs 

Giuseppe D´Ancona, Mauro Massussi, Mattia Savardi, Alberto Signoroni, Lorenzo Di Bacco, 

Davide Farina, Marco Metra, Roberto Maroldi, Claudio Muneretto, Hüseyin Ince, Davide 

Costabile, Giuliano Chizzola, Salvatore Curello, Stefano Benussi 

 

ABSTRACT 

Aims: To train, test, and validate a deep learning (DL) algorithm for detecting the presence of 

significant coronary artery disease (CAD) based on chest radiographs. 

Methods and Results: Data of patients undergoing chest radiography and coronary angiography 

were retrospectively analysed. A deep convolutional neural network (DCNN) was designed to detect 

significant CAD from the patient posteroanterior/anteroposterior chest radiograph. The DCNN was 

trained for binary classification of severe CAD absence/presence. Coronary angiography reports were 

used as ground truth. Information of 7728 patients referred for suspected angina was reviewed. Severe 

CAD was present in 4482 (58%) patients. Patients were randomly divided for training (70%; n=5454) 

and fine-tuning/testing (10%; n=773) of the algorithm. Internal clinical validation was performed 

with the remaining patients (20%; n=1501). At binary logistic regression, the DCNN prediction was 

the strongest independent determinant of severe CAD (p<0.0001; OR: 1.040; CI: 1.032-1.048). Using 

an operating cut-point with high sensitivity, the DCNN had a sensitivity of 0.90 to detect significant 

CAD (AUC 0.73; 95% CI DeLong, 0.69-0.76). Adding to the AI chest radiograph interpretation 

angina status improved the prediction (AUC 0.77; 95% CI DeLong, 0.74-0.80). 

Conclusion: Our DL algorithm can predict, with high sensitivity, the presence of severe CAD in 

patients referred for suspected angina. It could be used to pre-test significant CAD probability in 

outpatient clinics, emergency room settings, and CAD screening in more extensive settings. Further 

studies are required to externally validate the algorithm and develop a clinically applicable tool. 
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Introduction 

Coronary artery disease (CAD) is the single leading cause of mortality, premature death, and 

morbidity worldwide (1; 2). CAD prediction models based on clinical risk factors have been validated 

against invasive coronary angiography and coronary computed tomography (CT) in limited cohorts. 

Moreover, derived risk scores are not specifically tailored to identify the presence of significant CAD 

that may require prompt treatment (3; 5). For this reason, patients are often referred to various 

diagnostic procedures, with suboptimal triaging and escalating degrees of invasiveness and costs for 

the healthcare budget. There is a general need to develop and apply more sensitive, practical, and 

sustainable CAD mass screening tools to rationalize and eventually expedite triage to more invasive 

coronary diagnostic investigations. 

The recent introduction and popularization of artificial intelligence (AI) has resurged interests in the 

essential role that non-invasive imaging plays in diagnosing cardiovascular diseases (6, 7) and in 

supporting a more precise calculation of the individual’s pre-test probability (PTP) of CAD. In this 

context, the predictive role of first-line diagnostic tools, such as chest radiographs, in patients with 

CAD may be underestimated and could benefit from AI-based applications. In the present manuscript, 

we summarize our experience with the training, testing, and clinically validating of a deep learning 

(DL) algorithm purposefully designed for detecting the presence of significant CAD based on chest 

radiographs. 

 

Methods 

Imaging and Data Curation 

Data of patients referred to our institution for suspected angina and undergoing coronary angiography 

and chest radiography were retrospectively analysed. More than 85% of the chest radiographs and 

coronary angiography were performed within 18 days one from the other (Supplementary figure 1). 

Patients with a known history of CAD, previous history of percutaneous coronary revascularization, 

cardiac surgery, cardiac electronic devices implantation, and patients with low-quality images were 

excluded, to prevent biases in the algorithm training.  

Only posteroanterior (PA) and anteroposterior (AP) chest radiographs were included in the study and 

later-lateral radiographs were excluded because they were not consistently present in all patients. All 

images (computed radiography and digital radiography) were stored in the Institutional Picture 

Archiving and Communication System (PACS).  

Coronary angiography reports were produced by experienced interventional cardiologists, 

prospectively categorized, and digitalized in an electronic database at the time of investigation 
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together with information concerning the patient´s age, gender, body mass index (BMI), angina status, 

and Diamond-Forrester score (age, gender, angina status).  

Algorithm Settings 

A deep convolutional neural network (DCNN) was trained to detect the presence of significant CAD 

from the patient chest radiograph. The ground truth reference of CAD was structured using the 

coronary angiography reports previously produced. Two groups were identified with either no 

significant CAD (complete absence of CAD or presence of < 70% coronary stenosis) or with 

significant CAD (at least one coronary stenosis ≥ 70% in at least one of the main coronary vessels, 

i.e., left main, left anterior descending, left circumflex, and right coronary artery). The system was 

trained for binary classification of absence or presence of severe CAD (0, 1). Patients were randomly 

divided for training (70%) and DCNN model tuning (10%). Internal validation was performed with 

the remaining patients (20%).  

Statistical Analysis 

Statistical analysis was performed using the Python scikit-learn and scipy libraries. Sensitivity, 

specificity, and area under the receiver operating characteristic curve (AUC) were calculated to 

evaluate the binary classifier performance of the DCNN at different thresholds and achieve the highest 

sensitivity or the maximum sum of sensitivity and specificity. AUCs were compared using the 

DeLong parametric method, and 95% confidence intervals (CI) were produced using two-sided CIs 

for proportions. Multivariable analysis using binary logistic regression was performed on the internal 

validation set to identify independent correlation among ML prediction, BMI, age, gender, Diamond-

Forrester score (independent variables), and the presence of significant CAD (dependent variable). 

The statistical significance threshold was p-value < 0.05. Finally, GradCAM heat maps were 

generated to define the chest radiograph features supporting the different DCNN decisions (8). 
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Results 

Patients. Information of 10097 patients referred to our institution for coronary angiography was 

reviewed.   After selection according to the criteria mentioned above, we included 7728 patients 

(Figure 1).  Severe CAD was present in 4482 (58%) patients (2% left main, 47% one vessel, 31% 

two vessels, and 20% 3 vessels disease). Supplementary Table 1 summarizes demographic/clinical 

information in the cohort and severity/distribution of CAD. 

DCNN. Patients were randomly divided for training (70%; n=5454) and fine-tuning/testing (10%; 

n=773) of the algorithm. Internal validation was performed with the remaining patients (20%; 

n=1501). The DCNN had a processing time of about 20 sec to analyse the whole internal validation 

set on a workstation with an Nvidia Titan V Graphics Processing Unit (GPU) with 12GB of memory. 

Figure 1. Graphical Abstract 
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Clinical characteristics of patients who tested negative compared to those who tested positive to the 

DCNN-based chest radiography prediction of severe CAD are reported in Table 1. Using an operating 

cut-point with high sensitivity, the algorithm had 

sensitivity of 0.90 and specificity of 0.31 to detect 

significant CAD in the internal validation group (AUC 

0.73; 95% CI DeLong, 0.69-0.76). The operating point 

leading to the maximum sensitivity-specificity sum 

produced a sensitivity of 0.71 [CI 0.66-0.77] and a 

specificity of 0.63 [CI 0.56-0.6] (table 2). Adding to the 

AI-based chest radiograph interpretation angina status 

improved the prediction (AUC 0.77; 95% CI DeLong, 

0.74-0.80). Finally, the Diamond-Forrester prediction 

achieved an AUC of 0.70 (95% AUC CI: 0.66-0.73) with 

the point of maximum sensitivity-specificity sum having 

a sensitivity of 0.68 (CI 0.61-0.74) and specificity of 0.63 

(CI 0.56-0.70) (Figure 2). 

To understand which kind of information flows through the DL model, we removed the last layer in 

charge of identifying the CAD risk, and we used the obtained intermediate representation to train a 

logistic regression model that tries to estimate age, gender, and BMI. The predicted age has a 

correlation of 0.38 (p<0.001) with respect to the real one, while the BMI has a correlation of 0.54 

(p<0.001). Finally, the gender prediction reaches 86% accuracy (specificity: 73%; sensitivity: 92%). 

The C-statistic of the multivariable model to predict 

presence of severe CAD was 0.75 (95% CI: 0.70- 

0.79). At binary logistic regression the DCNN 

prediction was the strongest independent 

determinant of severe CAD (p<0.001; OR: 1.040; 

CI: 1.032-1.048) (table 3).  Starting from the chest 

radiograph the DCNN could differentiate patients 

according to presence and extension of severe CAD. 

Figure 3 shows the comparison, within the 

validation group, of the scores attributed from the 

DCNN according to the distribution of CAD 

severity and its extension (moderate noncritical 

Figure 2. Receiver operating characteristic (ROC) 
curves for the binary classification of the presence 
significant coronary artery disease (CAD) 
demonstrating area under the curve (AUCs) of 0.77 for 
AI + angina Type; 0.76 for AI + Diamond Forrester; 0.73 
for AI 

Figure 3. Comparison, within the validation group, of the 
scores attributed from the DCNN according to the 
distribution of coronary artery disease (CAD) severity and its 
extension (moderate noncritical CAD, severe single vessel 
CAD, severe multivessel CAD). 
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CAD, severe single vessel CAD, severe multivessel CAD).  

Heat Maps. Attention maps were created considering the DCNN with highest performance. Heat 

maps primarily localized to the cardiac silhouette, left ventricular apex, pulmonary bases, pulmonary 

parenchyma, costophrenic sinuses, pulmonary hila, thoracic aorta, supra-aortic vessels, and clavicle 

region (Figure 4, panel A-F). 

 
Figure 4. (A-F) Heat-maps of 6 patients aSected by severe CAD. Areas suggestive of CAD presence are highlighted in degrees 

of green tonality 

Discussion  

Study findings can be summarized as follows: 1) Our DL algorithm can predict, from a one projection 

chest radiograph, the presence of severe CAD; 2) Results are confirmed with invasive coronary 

angiography and are internally validated; 3) At internal validation, the DCNN could differentiate 

severity and extension of CAD; 4) The algorithm also has a good prediction of accepted CAD risk 
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scores, such as age, gender, and BMI; 4) Although the accuracy of the DCNN prediction is superior 

to that achieved by accepted risk scores such as the Diamond-Forrester, adding the angina type to the 

model significantly improves the severe CAD prediction of the DCNN. 

CAD is the leading global health burden, and, for this reason, sensitive, practical, and sustainable 

CAD screening tools are required to rationalize and guide its diagnosis and eventual treatment. 

Guidelines suggest that an individual's PTP of CAD should be calculated in those presenting with 

chest pain (9,10). Different risk scores have been developed to categorize risk based on the clinical 

history and prompt triage to more costly, invasive, and less ubiquitous diagnostic modalities (3, 4). 

Although non-invasive first-line imaging tools could play an essential role in supporting CAD 

diagnosis in patients referred for suspected angina, their potential remains unexploited. Chest 

radiograph, one of the first imaging investigations performed in patients referred for chest pain and 

suspected angina, is, for example, considered neither sensitive nor specific for the actual diagnosis of 

CAD and, for this reason, it is hardly kept into consideration when stratifying patients at risk of CAD. 

Concurrently, chest radiographs are ubiquitous, have fast acquisition, and carry a plethora of 

information concerning the patient's overall and specific health status17. Previous literature has shown 

that specific areas in the chest radiograph may present direct and indirect signs of cardiovascular 

pathology, including significant CAD. 

Watanabe et al. have recently demonstrated that aortic arch calcification with pericardial fat mass 

detected on a single chest radiograph image is closely associated with predictive variables of 

cardiovascular diseases, such as the carotid intima-media thickness, cardio-ankle vascular index, the 

Suita score, and other cardiovascular risk points (11). Moreover, there is growing evidence that the 

burden of calcification at the aortic valve and mitral ring level, which can be easily detected with the 

chest radiograph, is directly related to the presence of CAD and the extent and composition of 

coronary arteries plaque (12, 13). Furthermore, chest radiographs contain essential information about 

the patient body habitus, the pulmonary condition (including lung congestion, interstitial lung disease, 

chronic obstructive pulmonary disease), and the bone mineral density (at the clavicle and vertebral 

bodies level), which are all related to the presence of CAD (14, 17).  Finally, even simple geometrical 

measurements derived from the chest radiograph, such as, for example, cardiothoracic ratio, can 

independently predict cardiovascular mortality in patients undergoing coronary angiography (18). 

The introduction of AI-based interpretation of medical images has demonstrated the potential to 

detect markers of pathology that remain overlooked by human observers and improve image 

interpretation across a significant breadth of clinical practice (19). AI offers the unprecedented 

possibility to discover even new and previously unexplored hidden features of disease within clinical 

data. DL, a type of AI, can unleash complex relationships in large data sets, like those present within 
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diagnostic images and make predictions that would not be otherwise supported by the most used 

models of cardiovascular risk stratification. AI-based interpretation of ubiquitous and readily 

available imaging may lead to a sensitive prediction of CAD and, in this way, open future possibilities 

for opportunistic screening in larger populations. 

In previous studies AI has been used to automatically compute coronary arteries calcium (CAC) 

scores from ECG-gated cardiac CT and non-contrast CT images (20, 21). Although often used as a 

first-line screening tool in patients with suspected angina, CT scans have higher costs, radiation 

burden, and are less available than chest radiographs. In a recent study, Kamel et al. have shown, in 

a small cohort of 1010 patients, that DCNNs can predict the likelihood of CACs on chest radiographs 

(22), using cardiac CT as ground truth and achieving a sensitivity of 91% and specificity of 29% in a 

sensitivity-optimized algorithm. Although the authors did not focus on predicting CAD severity but 

rather on the presence/absence of CAC, their findings are encouraging and confirm the potential of 

AI-based chest radiograph interpretation for the definition of CAD presence.  

Our study focused on the specific prediction of severe CAD, defined as at least one coronary stenosis 

≥ 70% in at least one of the main coronary vessels. Our model, differently from the one proposed by 

Kamel et al. (22), was not trained to derive the diagnosis of CAD based on the simple recognition of 

coronary calcifications at chest radiograph. The presence of CACs is not necessarily related to 

significant coronary lesions. Furthermore, the quality of chest radiographs can be suboptimal to detect 

coronary vessels calcifications, even when read by an intelligent system whose image resolution and 

recognition are superior to those of the human eye. 

As ground truth to train and test our DCNN, we used reports from the gold-standard method for CAD 

severity definition, i.e., invasive coronary angiography, that gives information beyond simple calcium 

detection. In our semi-supervised system, we did not limit the DCNN analysis on specific areas of 

the chest radiograph, like for example the cardiac region. Consequently, and as emerging from the 

attention maps produced from the chest radiographs, the areas supporting a positive attribution of 

severe CAD were not necessarily defined by the presence of peculiar patterns at the level of the 

cardiac silhouette. Although to make light on the "black box" of the ML algorithms decision-making 

process is not an easy task, we have seen that the DCNN has also identified chest radiographs patterns 

outside of the isolated cardiac region and has used them to rule out the presence of severe CAD. 

The trained DCNNs can predict commonly used CAD risks stratification factors, such as age, BMI, 

and gender, and possibly consider them when ruling in the presence of severe CAD (23, 24). In 

logistic regression, the DCNN predicts severe CAD independently by the risk factors, suggesting that 

the system provides supplementary information in the risk assessment model. This finding is 
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confirmed because the DCNN has overcome the prediction of already accepted and used screening 

tools based on clinical factors, like the Diamond-Forrester score.  

As expected, the algorithm cannot easily predict clinical variables such as angina status from the chest 

radiograph. This information is crucial in identifying patients at risk of having severe CAD. Adding 

the information concerning the angina status to the DCNN allowed us to improve the accuracy in 

predicting severe CAD (AUC from 0.73 to 0.77), with values of sensitivity around 90%. Finally, we 

must emphasize performing an adequate image mining to prevent training biases. Thanks to the timely 

screening that allowed us to exclude patients with previous cardiac interventions, including cardiac 

surgery, PCI, and cardiac electronic devices implantation, we identified no secondary confounding 

factors in the radiographs that may have influenced and biased the DCNN decision process and 

identification of CAD patients. In our training and testing phases, we have included chest radiographs 

performed in bed and the standing position, in emergent and elective settings, and images produced 

by nine different portable and stationary radiographic machines available in our Institution. This 

research setting reflects the everyday clinical practice, reduces the risks of distributional shift, and 

enhances the chances of success for a future external validation phase. 

 

Conclusion  

Our DL algorithm trained on coronary angiograms and plain chest radiographs can predict, with high 

sensitivity, the presence of severe CAD in patients referred for invasive coronary investigations. The 

algorithm optimized for sensitivity has shown a 10% false-negative rate and could be used as a tool 

for a more rational and prompter triaging to diagnosis/treatment of patients with suspected angina, 

using escalating degrees of invasiveness. These results were achieved within a study cohort with a 

high prevalence (58%) of severe CAD, where a confirmatory invasive angiography had been required 

to plan treatment.  

Chest radiographs are ubiquitous, and the algorithm could be used with the angina status information 

for pre-test significant CAD probability assessment in outpatient clinics and emergency room 

settings. Further studies are required to externally validate the algorithm, evaluate its performance in 

broader cohorts with a lower prevalence of CAD, optimize its ability to distinguish among different 

degrees of CAD extension, and develop a practical tool for everyday clinical applicability that could 

also provide information about patient’s longevity and prognosis18. 
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Supplementary figure 1. Time distribution of the Chest Radiographs (CXR) with respect to 
coronary angiography. Negative values represent a CXR taken before the coronary angiography. 
Supplementary figure 2. Chest Radiographs (CXR) grouped according to different manufacturer.  
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Table 1. Demographic/clinical information in patients who tested negative and positive on the 
DCNN-based chest radiography prediction of severe CAD.  Continuous variables presented with 
mean and standard deviation. 

BMI=body mass index 

Table 2. DCNN performance for prediction of significant CAD on chest radiographs compared to 
Diamond-Forrester performance. 

  
 

Sensitivity 
 

Specificity 
 

Diamond Forrester 
 

0.94 (CI 0.95 0.91-0.97) 
 

0.22 (CI 0.95 0.16-0.28) 
 

 
0.68 (CI 0.95 0.62-0.75) 

 
0.64 (CI 0.95 0.57-0.71) 

 

AI 
 

0.90 (CI 0.95 0.86-0.94) 
 

0.32 (CI 0.95 0.25-0.38) 
 

 
0.72 (CI 0.95 0.65-0.78) 

 
0.63 (CI 0.95 0.56-0.70) 

 

AI + Diamond Forrester 
 

0.90 (CI 0.95 0.86-0.94) 
 

0.35 (CI 0.95 0.28-0.41) 
 

 
0.64 (CI 0.95 0.57-0.70) 

 
0.76 (CI 0.95 0.70-0.82) 

 

AI + Angina Type 
 

0.90 (CI 0.95 0.86-0.94) 
 

0.36 (CI 0.95 0.30-0.44) 
 

 
0.67 (CI 0.95 0.60-0.73) 

 
0.77 (CI 0.95 0.71-0.84) 

 

AI=artificial intelligence 

Table 3. Predictors of CAD at logistic regression analysis 

 OR (CI 95%) p-value 

Age 1.013 (0.978-0.991) 0.006 
BMI 1.003 (0.977-1.029) 0.842 
Sex (male) 1.022 (0.783-1.333) 0.873 
Diamond Forrester score 1.022 (1.018-1.026) <0.001 
AI prediction 1.040 (1.032-1.048) <0.001 

BMI=body mass index; AI=artificial intelligence 

 

 

 

 

 

 

 Algorithm tested negative Algorithm tested positive p-value 
Age 75±13 74±12 0.172 
BMI 25±4 27±4 <0.001 
Sex (male) 37% 77% <0.001 
Absent Angina 43% 32% <0.001 
Atypical Angina 33% 31% <0.001 
Typical Angina 24% 37% <0.001 
Diamond Forrester 
score 47.2±29.4 61.3±29.2 <0.001 
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Supplementary table 1. Baseline characteristics of the examined population 

 Study population 
(N=7728) 

Sex (male) 5429 (71%) 
Age (years)   74 ± 12 
BMI 26 ± 4 
Coronary angiography  
    Absent CAD 2911 
    Moderate CAD 726 
    Left Main CAD 68 
    1 vessel CAD 1996 
    2 vessels CAD 1165 
    3 vessels CAD 862 

BMI=body mass index; CAD=coronary artery disease 
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2.3 Long-Term Mortality Prediction using Deep Learning on Chest X-Rays 
 

Plain Chest Radiographs Predicts Long-Term Mortality: Artificial Intelligence Approach in 

Patients Referred for Suspected Coronary Artery Disease 

Giuseppe D'ancona, Mattia Savardi, Mauro Massussi, Viktor Van Der Valk, Roderick W.C. 

Scherptong, Alberto Signoroni, Davide Farina, Monica Murero, Hüseyin Ince, Stefano Benussi, 

Salvatore Curello, Fatih Arslan 

ABSTRACT 

Background: Deep learning (DL) based interpretation of chest X-ray (CXR) has been shown to 

predict follow-up mortality of patients screened for neoplastic disease. 

Purpose: We summarize our experience with a DL model to predict, from a single projection CXR, 

long-term mortality of patients referred for angina and coronary angiography. 

Methods: Demographic, clinical, and follow-up data of patients referred to our institution (Italy) 

were analyzed retrospectively. A deep convolutional neural network (DCNN) was designed to predict 

follow-up mortality from CXRs. External validation was performed on patients referred to a medical 

institution in the Netherlands. 

Results: 6031 were randomly divided for model training (70%; n=4259) and model fine-

tuning/model validation (10%; n=602). Internal clinical validation was performed with the remaining 

patients (20%; n=1170). Patients were stratified according to DL-CXR risk score quartiles. Median 

follow-up was 6.1 years (IQR 3.3 – 8.7). The DL-CXR risk score was the strongest predictor of 

follow-up mortality (p<0.005; OR: 3.16; CI: 2.47-3.85) and had an AUC of 0.793 (95% AUC CI: 

0.759-0.827, Sens. 78%, Spec. 0.68%). The prediction model improved when age and coronary artery 

disease (CAD) status were included (AUC 0.81; CI: 0.775-0.843). Estimated mortality increased 

significantly with DL-CXR risk score (Low-risk 5%, Moderate 17%, High 29%, Very High 46%; 

p<0.0001). Results on external validation confirmed the DL-CXR-risk score prediction performance 

(AUC 0.712 CI: 0.495-0.928; Sens 0.838; Spec 0.338). 

Conclusion: In patients with suspected angina referred for coronary angiography, the DL CXR-risk 

score could stratify long-term mortality risk better than age, CAD status, sex, and BMI. 
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Introduction 

The chest radiograph (CXR) is one of the first imaging investigations performed on patients referred 

for suspicion of cardiac conditions and possibly the most common imaging test performed in the 

medical field [1, 2]. Most CXRs are reported as non-pathologic and are used to rule out a specific 

clinical suspicion mostly related to the lungs. However, CXRs carry a plethora of different 

information, often completely undiscovered and unreported, concerning the patient's overall and 

specific health status [3]. When identified, this information could help make the diagnosis at the time 

of referral, support risk stratification of future morbidity and mortality, and guide a chain of decisions 

concerning lifestyle changes, screening planning, and prevention strategies. Clinicians and 

radiologists evaluate many CXRs during their medical career but are rarely able to follow patients in 

their long-term clinical developments, and, for this reason, they cannot connect and articulate the 

multifaceted radiographic findings at time zero with events occurring at long-term follow-up. 

The recent introduction and popularization of artificial intelligence (AI) have resurged interest in the 

essential role that non-invasive ubiquitous and affordable imaging modalities such as CXRs may play 

in diagnosing pathologies and eventually helping define outcomes at follow-up. Deep learning (DL) 

has demonstrated the potential to detect markers that remain overlooked by human observers and 

could improve image interpretation across many clinical practices [4]. Apart from the emerging 

potential that AI is demonstrating for the enhancement and support of diagnosis at the time of patient 

referral, the use of AI to define a patient's prognosis starting from simple medical images, offers even 

more fascinating, and challenging, perspectives. The hypothesis that a DL model can produce long-

term prognostic information from CXR has already been confirmed within a lung and prostate 

screening program [5]. In this manuscript we summarize our experience with the training, testing, 

and clinically validating of a DL algorithm purposefully designed for predicting, from a single 

projection CXR, long-term mortality of patients referred for chest pain and suspected coronary artery 

disease (CAD). 

 

Methods 

Imaging and Data Curation. The patients´ cohort included in the present study has been already used 

by our group to test, train, and validate a deep convolutional neural network (DCNN) solution for 

detecting significant CAD based on chest radiographs [6]. 

Data of patients referred to our institution (Spedali Civili di Brescia, Brescia, Italy) for suspected 

angina were retrospectively analysed. Radiographs were performed using nine different radiographic 

machines. Exclusion criteria to prevent algorithm training biases included: previous history of 
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percutaneous coronary revascularization, cardiac surgery, cardiac electronic devices implantation, 

and low-quality acquisition.  

Only posteroanterior (PA) and anteroposterior (AP) CXRs were included in the study, and lateral 

radiographs were excluded because they were not consistently present in all patients. All images were 

stored in the institutional Picture Archiving and Communication System (PACS).  

Coronary angiography reports, produced by interventional cardiologists, were prospectively 

collected, and categorized in an electronic database at the time of investigation. Severe CAD was 

defined for patients with at least one visually estimated coronary diameter stenosis with severity of 

≥70% for non–left main disease and ≥50% for left main disease [6]. All other patients were classified 

as having no significant/severe CAD. We only used physiological assessment with fractional flow 

reserve (FFR) and instantaneous wave-free ratio (iFR) in coronary lesions of uncertain significance. 

Results were incorporated to draw the final diagnosis.  

Demographic and clinical information concerning the patient´s age, biological sex, body mass index 

(BMI), angina status at time of referral were also collected [7].  

For every patient included in the cohort, demographic information contained in the hospital electronic 

medical records (EMR) was matched with the Italian National Census data, to document follow-up 

status (dead or alive) in August 2022.    

Patients had signed informed consent to use relevant clinical information for scientific purposes. All 

data have been anonymized, and the study protocol has been approved by the local scientific and 

ethical committee. 

Algorithm Settings. A DCNN was trained to detect long-term clinical- outcome from the patient CXR 

at time of referral for coronary angiogram. The ground truth reference of follow-up status was 

structured using official data from the Italian census. Based on the follow-up status, we identified two 

groups, dead or alive at long-term follow-up.  

We trained the system for binary classification (0, Alive; 1 Dead). Patients were randomly divided 

for training (70%) and DCNN model tuning (10%). We performed internal validation (model testing) 

with the remaining patients (20%). 

Given the workload and the numerosity of training samples, we selected a DCNN pre-trained on 

PadChest [8], NIH ChestX-ray8 [9], CheXpert [10], and MIMIC [11] datasets. In particular, after an 

extensive model search, we found ResNet50 to be the most suited [12]. We exploited 

TorchXRayVision backed up with PyTorch on Python 3.7 for the model training and validation [13]. 

The performed hyperparameters search to minimize validation loss was carried out using a binary 

cross-entropy with 100 maximum epochs and early stopping to avoid overfitting. To improve 
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robustness, data augmentation was performed by applying random geometric, brightness, and contrast 

transformations. All the images underwent a standard normalization between 0 and 1. 

External Validation. After internal validation of the DCNN, we performed external validation using 

a sample of 193 patients referred for chest pain to a different medical institutionlocated in north-

western Europe, the Leiden University Medical Center, (Leiden, the Netherlands). Inclusion criteria 

in the external validation group were the same as those used for the inclusion in the original dataset. 

Statistical Analysis. Statistical analysis was performed using the Python scikit-learn and scipy 

libraries. Sensitivity, specificity, and area under the receiver operating characteristic (ROC) curve 

(AUC) were calculated to evaluate the binary classifier performance of the DCNN at different 

thresholds and achieve the highest sensitivity or the maximum sum of sensitivity and specificity. 

AUCs were compared using the DeLong parametric method, and 95% confidence intervals (CI) were 

produced using two-sided CIs for proportions. The association between the DL-derived chest 

radiograph-risk score and follow-up all-cause mortality (primary outcome) was tested using Cox 

proportional hazards regression models and Kaplan-Meier (KM) statistics. The ROC AUCs were used 

to further assess follow-up mortality discrimination of the AI derived radiography-risk score and 

compare it to that of already known risk-factors (age, sex, body mass index, presence and extension 

of CAD, and angina status). The statistical significance threshold was a p-value < 0.05. Finally, 

GradCAM heat maps were generated to define the chest radiograph features supporting the different 

DCNN decisions [14].  

Results 

 
Figure 51. Graphical abstract 
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Patients: A total of 6031 patients was randomly divided for model training (70%; n=4259) and model 

fine-tuning/model validation (10%; n=602). Internal clinical validation (model testing) was 

performed with the remaining patients (20%; n=1170). Demographic and clinical information, 

including presence and eventual degree of CAD are presented in Table 1. 

 
Figure 62. Kaplan-Meier curves for all-cause mortality in the overall population and two groups stratified by AI prediction. (A) 
Follow-up curve. (B) Quartile analysis of AI prediction 

DCNN: Patients were stratified according to DL-based interpretation quartiles (DL-CXR risk score). 

Median follow-up was 6.1 years (IQR 3.3 – 8.7) with a KM overall estimated mortality of 21.9% (CI 

19.2%-24.5%) (Figure 2, panel A). Estimated mortality increased significantly according to the DL-

CXR risk score (Low-risk 5%, Moderate 17%, High 29%, Very High 46%; p<0.0001) (Figure 2, 

panel B). At Cox regression, the DL-CXR risk score was the strongest predictor of follow-up 

mortality (p<0.005; HR: 3.30; CI: 2.35-4.64) (Figure 3) and had an AUC of 0.793 (95% AUC CI: 

0.759-0.827, Sens. 78%, 

Spec. 68%), that was 

significantly better than that 

achieved when using 

coronary angiography 

findings (AUC: 0.569, 95% 

CI: 0.526-0.611) (p<0.001) 

and age (AUC 0.735, 95% 

CI: 0.694-0.776) (p<0.004) 

as predictors. The DL-CXR 

AI risk score

Severe CAD

Age

Male Sex

BMI

Angina

Figure 2Figure 73. Forest plot illustrating hazard ratios (HR) for mortality. 
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mortality prediction model improved when age 

and CAD status at the referral time were included 

(AUC 0.81; CI: 0.775-0.843) (Figure 4).  

Table 2 summarizes the confusion matrix of the 

model including CXR-score, age, and CAD 

status. 

External validation with 193 patients confirmed 

the DL-CXR risk score prediction performance 

(AUC 0.66 CI: 0.495-0.928; Sens 0.667; Spec 

0.606. KM survival analysis revealed a graded 

association between DL-CXR risk score 

categories and mortality (p=0.04) 

(Supplementary Figure 1). 

Heat Maps: Attention maps were created considering the DCNN with the highest performance (i.e., 

the one including the DL-CXR risk score, CAD status and age). Heat map activations are primarily 

localized to the cardiac silhouette, left ventricular apex, pulmonary bases, pulmonary parenchyma, 

costophrenic sinuses, pulmonary hila, thoracic aorta, neck/supra-aortic vessels, and clavicle region 

(Figure 5). 

 

 
Figure 95. Heatmaps of four patients (two females and two males) showing areas of attention by AI in predicting mortality, 
highlighted in varying shades of yellow. 
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Figure 4

Male, 54yo, CABG for 3-vessels CAD
Status: Alive at 6-y follow-up 

Female, 72yo, MINOCA 
Status: Alive at 7-y follow-up 

Male, 43 yo, diabetes PCI  for STEMI-ACS, 3 vessels CAD
Status: CV Death for sepsis at 10-y follow-up 

Female, 62yo, HFrEF, PCI for 1-vessel CAD,
Status:  Death for end stage HF at 5-y follow-up

Figure 3

Sensitivity Specificity Precision F1 score Accuracy
AI + Age + severe 
CAD 0.77 0.84 0.82 0.79 0.81

Figure 84. Receiver operating characteristic (ROC) curves for 
binary classification of survival/mortality. The area under the 
curve (AUC) values are as follows: 0.81 for AI + Age + CAD, 0.79 for 
DL-AI, 0.74 for Age, and 0.57 for CAD. 
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Discussion: Our study shows  that: 1) the DCNN model predicted long-term (6-year) overall 

mortality from a single CXR view perfomed in  patients with suspected angina pectoris referred for 

coronary angiography; 2) DL-based prediction of long-term mortality outperformed the prediction 

based on age, sex and CAD presence/severity; 3) The intrinsic generalizability of the model is 

supported by the fact that the dataset covered years of clinical routine, in a large hospital setting, 

where multiple radiographic acquisitions occurred using different radiographic equipment; 4) The 

performance of our DCNN has been confirmed at internal and external validation on patients 

referred for a similar reason (chest pain, CAD suspicion) to a different medical facility in a different 

European country; 5) Although our results are encouraging, the DCNN has not been tested on a 

broader population without chest pain, with a lower prevalence of CAD, with a less complex 

comorbidity profile who may have a lower long-term mortality rate.  

CXR is a well-established and broadly used first-line diagnostic tool in patients with suspected 

cardiopulmonary conditions. It contains a plethora of information about the patient's general health, 

such as body habitus, cardiovascular condition, pulmonary status (lung congestion, interstitial lung 

disease, chronic obstructive pulmonary disease), and the bones/skeletal condition, including mineral 

density. All this information is related to the presence of comorbidities and a frailty profile that may 

impact follow-up survival [15-19] and may support the fact that an DL-read simple CXR may predict 

patients' outcomes better than any single risk factor taken alone.  

We have previously demonstrated that DL-read CXRs could be used to pre-test significant CAD 

probability in patients referred for suspected angina [6]. A DCNN adequately trained in identifying 

severe CAD, using coronary angiography as ground truth, can detect the presence of severe CAD 

from a one-projection CXR and distinguish among patients with different degrees of CAD severity 

[6]. Starting from this assumption, we have focused the present study on the same patient cohort 

previously referred for coronary angiography and have trained, this time, our DCNN to predict 

mortality outcomes at long-term follow-up. In a prognostic study, Lu et al. have used a large cohort 

of patients (over 50,000) from the Prostate, Lung, Colorectal, and Ovarian Cancer Screening Trial 

(PLCO) to train and validate a DCNN to predict long-term mortality from chest radiograms. System 

performance was externally validated using data from the screening radiography arm of the National 

Lung Screening Trial (NLST) [5]. Using DCNN interpretation of diagnostic findings and standard 

risk factors, Lu et al. could identify patients with an increased risk of 6- and 12-year mortality. The 

CXR-risk score exhibited a graded association with mortality, ranging from 2.7% in the low-risk 

group to 33.9% in the very high-risk group [5]. The DL-CXR risk score achieved AUC values of 0.75 

for 12-year mortality in the internal testing set and 0.68 for 6-year mortality in the external testing set 

[5]. In the same patient population, the same group has more recently confirmed that the DL CXR-
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risk has a graded association with lung disease mortality after adjustment for risk factors, including 

age, smoking, and radiologic findings (with Hazard ratios up to 11) [20]. Our study, conducted in a 

cohort with a high prevalence of severe CAD (over 50%), further confirms this graded association. 

All quartiles of DL-CXR risk scores showed higher mortality rates, possibly due to the complex 

comorbid profile of our patients, particularly those with severe CAD, which led to poorer outcomes 

compared to patients in a cancer prevention program.  

As emerging from our analysis and previously confirmed by Lu et al., the DCNN interpretation of 

the CXRs allows us to identify a prognostic value that is complementary to broadly used      risk 

factors for follow-up mortality [6]. It has already been proposed that substituting biological age 

measures for chronological age could improve the performance of existing risk scores [21]. Raghu et 

al. and more recently Mitsuyama et al. have proposed an AI/DL-based estimate of biological age 

starting from a CXR [22, 23]. The CXR age predicts longevity and the presence of various chronic 

diseases beyond chronological age [22, 23]. There are possibly some common activation areas that 

can be identified within the radiographic image, like the mediastinum width, the aortic knob 

calcification and aortic tortuosity, the cardiac silhouette geometrical ratios, the bone and muscle 

density, and so on that modify with age. All these parameters could actually be used as surrogates for 

biological age and act  together, to support a single estimator of the biological age and overall health 

status, for the AI-based prediction of chronic conditions, outcomes after interventions, and long-term 

events [24-29]. Our logistic regression and ROC statistics findings confirm that the AI/DL-based 

CXR-score can predict long-term mortality significantly better than chronological age. 

Apart from the prediction of long-term outcomes, DL evaluation of emergency department CXRs has 

been used to identify patients referred for acute chest pain syndrome who are at risk for a 30-day 

composite adverse outcome, including acute coronary syndrome, pulmonary embolism, aortic 

dissection, and overall mortality [30]. The DL tool improved the prediction of these acute adverse 

outcomes beyond age, sex, and conventional troponin/d-dimer positivity [30]. In a first referral 

setting, the CXR-score could help clinicians to defer unnecessary additional, more invasive 

investigations in 14% of the referred patients [30].  

It should be emphasized that the DL-based CXR score should not be extrapolated from the overall 

clinical setting, and additional clinical information concerning the patient's demography and health 

status may help optimize the image-based AI/DL prediction of events in the acute setting and during 

long-term follow-up. Kolossváry et al. have reported a significant improvement in the prediction of 

30-day cardiovascular adverse events in a model that included, simultaneously, age, sex, biomarkers 

(troponin), and AI-based CXR score (from an AUC of 0.80 in the sole CXR-score model to an AUC 

of 0.85 in the CXR-score, sex, age, troponin model) [30]. Raghu et al. have shown only a slight 
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improvement in the prediction of 12-year follow-up mortality, from an AUC of 0.75 to an AUC of 

0.78, when adding to the CXR-score based model information concerning documented risk factors 

(age, sex, smoking category, diabetes, hypertension, obesity, underweight, past myocardial infarction, 

past stroke, and past cancer) and reported CXR pathologic findings (such as e lung nodule, significant 

atelectasis, pleural plaque or effusion, lymphadenopathy, chest wall or bony lesion, 

COPD/emphysema, cardiomegaly or other cardiovascular abnormality, and lung fibrosis)      [22] . 

The impact of known pathologic conditions, such as CAD, on follow-up mortality has been 

documented and should be considered when designing DL-based prediction models [23]. All patients 

included in our cohort had undergone coronary angiography and could be stratified by the presence 

and extension of CAD. Interestingly, the CXR-based mortality prediction seemed more substantial 

than the CAD classification alone. The impact of CAD on mortality could have been indeed buffered, 

as all patients in the study underwent appropriate initiation and maintenance of adequate treatment 

after coronary angiography, including invasive interventions, whenever required [31] and, as a result, 

adding age and CAD status only slightly improved the performance of the CXR score.  

Previously proposed mortality risk scores, built on linear models (such as logistic and linear 

regression), explainable tree-based models, and more complex DL models, have shown good 

accuracy, with AUCs reaching 0.90 in the prediction of long-term mortality, by including many 

demographics, laboratory, questionnaires, and at times epigenetic and gene expression data for the 

identification of so-called biological clocks [32-36].   

Although we believe that DL models that incorporate additional demographic and clinical data, 

including multiple additional imaging and laboratory tests, may have a more accurate prognostic 

value and may be able to detect changes in risk that can occur at different time points and result from 

external human-driven interventions, we should be aware of the budgetary and organizational costs 

vs. accuracy trade-offs. In this light, the main aim of our research was to support the fact that the 

DCNN can extract from a simple, affordable, and ubiquitous investigation, such as the CXR 

performed at the time of referral in different settings, the "hidden fingerprints" of long-term outcomes 

that are embedded in the image, and that the DCNN performance is independent of additional 

demographic or clinical information.  

 

Limitations 

The DCNN has been trained, tested, and validated on patients referred for invasive coronary 

angiography, considering a clinical suspect of angina. Critical patients' selection biases limit our 

findings. The population carries a specific burden of comorbidities that is not necessarily present in 

other patients' groups and may have impacted events occurrence. For this reason, the DCNN should 
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also be validated in a broader population of healthy people that are asymptomatic for chest pain. 

Moreover, because of the study's retrospective nature and many additional budgetary/logistical 

limitations, we have included only a limited amount of clinical information from our study cohort. In 

the future, to achieve a more accurate and personalized non-static event prediction and clinical utility 

of the model, the CXR-score will need to be integrated with additional demographic, clinical, and 

possibly medical imaging, laboratory test findings, time-dependent events, and human interventions. 

Those implementations may impact the model's explainability, sustainability, and fairness 

(applicability in different and less structured healthcare environments). Finally, shedding light on the 

"black box" of the DL algorithm's decision-making process is not an easy task, and the suboptimal 

explainability of the model may hinder its application in the healthcare sector. Although the produced 

attention maps may partly enhance the CXR areas most often involved in the mortality prediction, 

we still do not know why the model assigns a specific score and makes a particular prediction. We 

will need to address this issue in the future by investigating the cause of death and resorting to 

techniques around explainable AI/DL that help clarify complex DL models. 

 

Conclusion  

CXRs are routinely performed in patients referred for different conditions and healthy subjects for 

screening. This simple and affordable imaging modality should be considered for risk stratification, 

including the prediction of long-term mortality. Our DCNN model predicted, from a CXR, long-term 

overall mortality of patients with suspected angina pectoris referred for coronary angiography. The 

performance has been confirmed at internal and external validation on patients in two different 

European regions (north and south). The DCNN CXR-risk score could stratify long-term mortality 

risk better than any other risk factor, including CAD presence and extension, sex, and chronological 

age. These findings may be used to optimize screening and prevention actions for this very comorbid 

group of patients, although at present, our findings cannot be extended to patients’ cohorts with 

different risk profiles, including healthy individuals. In the future, the DL-based CXR-score could be 

used as a supportive, easy-to-apply tool to estimate, together with a plethora of additional tests, the 

risk of follow-up adverse events and to guide, in this way, anticipated actions to change unhealthy 

lifestyles and trigger a prompt referral to additional and more specific investigations, whenever 

clinically sound.  
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Table 1. Baseline Characteristics of the Overall Study Population and of the Internal Validation 

Cohort Split into 4 Quartiles According to DL-CXR Risk Score. 

 
Overall Population 

(N=6031) 

Validation cohort (N=1170) 

Low Risk 

(N=234) 

Moderate Risk 

(N=206) 

High Risk 

(N=318) 

Very High Risk 

(N=412) 

Age, y 68±12 69±12 71±11 67±11 64±12 

Biological Sex (M) 67% 65% 63% 69% 75% 

BMI 26±5 26±5 26±5 26±4 27±4 

Coronary angiography 

Non-obstructive CAD 

1 Vessel CAD 

2 Vessels CAD 

3 Vessels CAD 

Left Main CAD 

 

44% 

27% 

16% 

12% 

1% 

 

41% 

26% 

18% 

14% 

1% 

 

46% 

29% 

15% 

11% 

1% 

 

44% 

28% 

18% 

10% 

0% 

 

47% 

23% 

17% 

13% 

0% 

BMI=body mass index; CAD=coronary artery disease 

 

Table 2. Confusion matrix and extracted metrics of the internal validation cohort 

 Predicted label 

True label 129 123 

84 834 

AUC Sensitivity Specificity Precision NPV 

0.81 87% 61% 91% 49% 
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Supplementary Figure. External validation of DL-CXR risk score in the overall population, with 

the two groups stratified by AI prediction (A), and corresponding ROC curves with an AUC of 0.66 

(B) 
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3. Use Case 2: Self-Supervised Learning for ECG Interpretation 

(HUBERT-ECG Foundation Model) 

3.1 Rationale and Innovation: The Foundation Model Paradigm for ECG 

Interpretation 

The electrocardiogram (ECG) is one of the most widely used diagnostic tools in cardiovascular 

medicine, providing a rapid, inexpensive, and non-invasive assessment of cardiac physiology. For 

over a century, clinicians have relied on the ECG to detect arrhythmias, conduction abnormalities, 

ischemia, and structural heart disease. Despite its fundamental role, ECG interpretation demands 

considerable expertise, and even experienced clinicians are limited by the physiological complexity 

of electrical signals and by inter-reader variability19. In recent years, AI has begun to reshape the way 

clinicians interpret this ubiquitous test, revealing that the ECG contains far more diagnostic and 

prognostic information than previously recognized. 

AI—particularly deep learning—has opened the possibility of decoding subtle patterns hidden within 

raw ECG waveforms, many of which are beyond the perceptual threshold of human readers. 

Convolutional and transformer-based architectures have already demonstrated the capability to 

reproduce human-like ECG interpretation at scale20, but also to identify conditions not classically 

diagnosable from surface ECGs. Large linked datasets of ECGs and clinical outcomes have enabled 

models to detect left ventricular systolic dysfunction, silent atrial fibrillation, hypertrophic 

cardiomyopathy, electrolyte disturbances, and even demographic traits such as age and sex21. These 

findings have established the ECG as a powerful, fully digital biomarker that can support a wide 

variety of clinical predictions. 

The ECG is an ideal substrate for advanced AI for several reasons. It is performed millions of times 

per day worldwide, requires no specialized equipment beyond standard acquisition devices, and 

produces uniform digital signals that are highly reproducible and easily transferable. The growing 

availability of cloud-based ECG repositories and wearable ECG devices further expands the potential 

of AI-enhanced ECGs (AI-ECGs), enabling their integration into routine care, telemedicine pathways, 

and population-level screening programs. As research in AI-ECG evolves, it has become increasingly 

clear that these models can extract a multidimensional fingerprint of cardiovascular health, capturing 

information on cardiac structure, conduction properties, autonomic tone, and even systemic 

conditions. 

However, despite these advances, current AI-ECG systems are usually trained for narrow, task-

specific problems. Most models are designed to detect a single disease or predict one outcome at a 
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time22. This fragmentation limits their generalizability across patient populations, healthcare settings, 

and clinical tasks. Moreover, the creation of high-performing models typically requires large datasets 

that are not always available, especially for rare diseases or smaller clinical centers. These limitations 

have motivated the search for a new paradigm: the development of foundation models for ECG 

analysis. 

Foundation models—large-scale architectures trained on massive unlabeled datasets using self-

supervised learning—have transformed natural language processing and computer vision, providing 

models that can be efficiently adapted to many downstream tasks with minimal fine-tuning23. 

Translating this paradigm to cardiovascular medicine offers the potential to unify ECG interpretation 

into a single, versatile model capable of supporting a wide range of diagnostic and prognostic 

applications. 

The clinical logic behind an ECG-based foundation model is clear. The ECG can inform three major 

categories of cardiovascular assessment: 

1. Diseases for which the ECG is the primary diagnostic tool. These include arrhythmias, conduction 

disturbances, channelopathies, and several electrical or repolarization disorders. A foundation model 

trained on millions of ECGs could replicate and enhance clinician-level expertise for these conditions, 

enabling rapid triage, screening, and quality control across diverse healthcare settings. 

2. Diseases where the ECG provides supportive—but not definitive—diagnostic information. In 

conditions such as heart failure, valvular disease, pulmonary hypertension, ischemia, and 

cardiomyopathies, the ECG reflects secondary electrical or structural changes that are clinically 

informative but often subtle. AI can amplify these weak signals, allowing for improved detection or 

risk stratification even when the ECG is not the primary diagnostic modality. 

3. Prediction of cardiovascular events and outcomes. Perhaps the most disruptive potential lies in 

prognostication. Deep learning has shown that ECG waveform patterns encode information about 

long-term mortality, cardiometabolic risk, vascular aging, and incident disease24. A foundation model 

could unify these capabilities, enabling precise forecasting of adverse events directly from a routine 

ECG. 

This clinical framework—spanning diagnostic, supportive, and prognostic applications—motivates 

the development of a generalizable, high-capacity model that can be adapted to a multitude of real-

world tasks. In this context, we introduce HuBERT-ECG, a self-supervised, large-scale foundation 

model pre-trained on an unprecedented dataset of 9.1 million 12-lead ECGs, encompassing 164 

cardiovascular conditions across diverse populations and care settings. By adding simple task-specific 

output layers, HuBERT-ECG can be fine-tuned for a broad array of applications ranging from disease 
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detection to event prediction. In 17 real-world downstream tasks, the model achieves AUROCs 

ranging from 0.843 in small datasets to 0.99 in large clinical cohorts, demonstrating exceptional 

robustness. When trained to detect 164 overlapping conditions, it achieves AUROCs above 0.90 for 

140 diseases and above 0.95 for 97 diseases. Moreover, HuBERT-ECG predicts 2-year mortality with 

AUROCs up to 0.91, confirming its ability to capture prognostic signatures embedded in the ECG. 

HuBERT-ECG is therefore designed not as a single-purpose model, but as a clinically grounded, 

generalizable, and scalable ECG foundation model capable of supporting three major roles: 

high-accuracy diagnosis for diseases fundamentally encoded in the ECG, enhanced detection of 

structural and systemic conditions where ECG findings are subtle, and powerful prediction of adverse 

cardiovascular outcomes. By releasing both the pre-trained model and the accompanying codebase, 

this work establishes a strong baseline for future research and clinical translation. Ultimately, 

HuBERT-ECG represents a meaningful step toward unifying AI-ECG applications under a single, 

flexible model, paving the way for a new generation of AI-enabled cardiovascular diagnostics and 

risk prediction. 
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3.2 HuBERT-ECG: Self-Supervised Learning for Scalable, Multitask ECG 
Diagnosis and Prediction 

 

HuBERT-ECG as a self-supervised foundation model for broad and scalable cardiac applications 

Edoardo Coppola, Mattia Savardi, Mauro Massussi, Marianna Adamo, Marco Metra, Alberto 

Signoroni 

 

ABSTRACT 

Deep learning models have shown remarkable performance in electrocardiogram (ECG) analysis, but 

the limited availability and size of ECG datasets have constrained their success, resulting in systems 

that are more task specialists than versatile generalists. To counter this, we introduce HuBERT-ECG, 

a novel self-supervised foundation ECG model pre-trained on a large and diverse dataset of 9.1 

million 12-lead ECGs encompassing 164 cardiovascular conditions. By simply adding a proper 

output layer, HuBERT-ECG can be fine-tuned for a wide array of downstream tasks, from diagnosing 

diseases to predicting future cardiovascular events. Across 17 diverse real-world scenarios, HuBERT-

ECG achieves AUROCs from 0.843 on small datasets to 0.99 on larger sources. When fine-tuned to 

detect 164 overlapping conditions simultaneously, our model delivers AUROCs above 0.9 and 0.95 

for up to 140 and 97 diseases, respectively. HuBERT-ECG can also predict death events within a 2-

year follow-up with AUROCs up to 0.91. We release pre-trained models and code as building 

baselines. 

Introduction 

The electrocardiogram (ECG) has long been a cornerstone of cardiovascular diagnostics, serving as 

a non-invasive, cost-effective and widely available tool for assessing cardiac and noncardiac 

diseases1. Through its recurring waveforms, the ECG captures a unique “language of the heart”, 

encoding both physiological and pathological vital information through distinctive 

electrophysiological “fingerprints”2. This language, although seemingly simple in its structure, 

reveals complex and meaningful patterns that allow the identification of deviations from expected 

cardiac functions, providing valuable insights into heart health. 

Integrating deep learning (DL) into ECG analysis represents a transformational opportunity to 

significantly improve its clinical utility3. In fact, DL algorithms can transform raw ECG traces into 

powerful digital biomarkers, enabling early detection, risk stratification, and intervention across a 

wide range of cardiovascular conditions. Previous studies have demonstrated substantial impact of 

DL in specific areas of ECG interpretation. For example, DL models have consistently shown solid 
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performance in detecting conditions where the ECG is the gold standard for diagnosis (e.g. atrial 

fibrillation, tachycardia, and bradycardia), leading to validated algorithms4. Conversely, DL 

applications in the diagnosis of morphological conditions, such as heart failure, pulmonary 

thromboembolism and aortic stenosis, are less widespread but growing5. Although these conditions 

rely primarily on imaging modalities, previous works demonstrate that DL can successfully use ECG 

data to predict cardiovascular conditions beyond those traditionally associated with ECG patterns, 

including non-cardiac conditions such as liver disease or diabetes6, providing a valuable complement 

to conventional imaging approaches7. Finally, the use of DL to predict future cardiovascular events 

(CVEs), such as myocardial infarction and stroke, represents the most ambitious application of this 

technology. While early results are promising, this area presents greater challenges due to the 

complexity of predicting outcomes from ECG patterns8. From a machine learning perspective, current 

limitations in ECG dataset size, availability, range of conditions and patient demographics have led 

to developing ECG models that are more task specialists9 rather than competent and versatile 

generalists, traits that typically characterise foundation models10. In fact, specialised models often 

struggle to adapt to new domains or even different data distributions within the same task11. For 

example, an ECG model trained solely to detect atrial fibrillation on a dataset where each recording 

is labelled as either positive or negative for this condition will be unable to identify other cardiac 

abnormalities unless retrained on a new dataset. Similarly, if a model is trained exclusively on ECGs 

from individuals over 65, where atrial fibrillation is prevalent, it might fail to perform well on younger 

patients. In stark contrast, by pre-training in a self-supervised manner on large and diverse unlabelled 

datasets, foundation models can learn robust and generalised data representations that are transferable 

to a wide variety of downstream tasks, requiring only lightweight fine-tuning for specific domains or 

distributions12. 

Unimodal foundation models have achieved significant success across traditional domains—

including natural language processing (e.g., the GPT series13-16, BERT17, T518), computer vision (e.g., 

DINO19, MAE20), and audio processing (e.g., Wav2Vec221, HuBERT22)—by leveraging large-scale 

self-supervised pre-training on extensive unannotated datasets. More recently, these advancements 

have also facilitated multimodal learning, where models integrate multiple data modalities to achieve 

a more holistic understanding of information within data (e.g., Google Gemini1, GPT-4o2). In the 

medical domain, progress has been slower due to the limited availability of large medical datasets11,22. 

However, this trend has begun to shift, leading to the emergence of foundation medical models such 

as CONCH24, Prov-GigaPath25 and Virchow26 for computational pathology; KAD27 and CheXzero28 

 
1 https://gemini.google.com/ 
2 https://openai.com/index/hello-gpt-4o/ 
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for radiology; MedSAM29, for medical image segmentation; EchoCLIP30 for echocardiography; and 

BiomedGPT31 for various biomedical tasks. While recent efforts in electrocardiography attempted to 

develop foundation ECG models, they invariably lack one or more critical characteristics: large-scale 

and diverse pre-training data; self-supervised learning to learn generalisable representations; 

comprehensive evaluation across multiple datasets and tasks (particularly with scarce data); efficient 

fine-tuning for broad applicability. For instance, several works32-37 leverage contrastive-learning 

methods, but miss the combination of large-scale, diverse pre-training and extensive evaluation. 

HeartBEiT38 exploits self-supervision during its large-scale pre-training, but suffers from limited 

source diversity and narrowly scoped evaluation, testing performance on only three tasks. KED39 

demonstrates impressive zero-shot capabilities via text supervision, but lacks large-scale, diverse pre-

training data, omits self-supervision (reaching less general representations19) and is evaluated only 

on form and rhythm conditions, thereby limiting broad diagnostic utility. Most recently, 

ECGFounder40 offers the ability to work for the identification of 150 conditions through a supervised 

training of a model on a large single-site database (Harvard Emory) of 10 million ECGs. 

In this work, inspired by HuBERT22 architecture, we present HuBERT-ECG, a new ECG foundation 

model specifically designed for broad transferability and generalisation across a wide range of 

datasets and tasks, from diagnosing diseases to predicting future CVEs. HuBERT-ECG is pre-trained 

through self-supervision on an extensive dataset of 9.1 million ECGs from a large and diverse 

population across four countries. Noteworthy, over 2.4 million ECGs in our dataset are annotated 

with one or more conditions from a comprehensive set of 164 diagnoses, allowing HuBERT-ECG to 

learn and generalise over a wide spectrum of pathologies. These diagnostic labels are derived 

exclusively from the ECG signal—without integration of clinical, biomarker, or imaging data—and 

accurately reflect how ECGs are interpreted in current practice by automated systems or ECG-reading 

physicians. When fine-tuned and evaluated on the unparalleled number of 17 datasets, simulating 

numerous real-world scenarios of varying complexity, size and diversity, HuBERT-ECG 

demonstrates both efficiency and accuracy, showcasing the potential to serve as a strong foundation 

for addressing three crucial types of tasks: (1) detecting conditions where the ECG is the primary 

diagnostic tool (e.g., atrial fibrillation, bundle branch blocks); (2) supporting the identification of 

conditions where the ECG plays a non-primary but potentially informative role (e.g., heart failure, 

myocardial infarction); and (3) predicting future cardiovascular events (e.g., death, hospitalization).  

Finally, to support ongoing research on cardiovascular diseases and accelerate innovation, we release 

HuBERT-ECG models and code to the community. We make available HuBERT-ECG in three model 

sizes (or configurations)—SMALL (30 million parameters), BASE (93 million parameters) and 

LARGE (188 million parameters)—to both meet the computational constraints of future users and 
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address a broad range of applications where some model sizes may perform better than others. By 

sharing insights from comprehensive, benchmarked evaluations on many diverse downstream 

datasets, we aim to facilitate HuBERT-ECG successful adoption and customisation for research 

purposes. 

Results 

ECG Representation Learning through Self-supervised Pre-training 

To develop a robust and generalisable ECG foundation model, we propose HuBERT-ECG, a self-

supervised foundation model inspired by HuBERT22, originally designed for speech signals. 

HuBERT-ECG learns meaningful ECG representations through an iterative process combining (1) 

feature extraction, (2) clustering and (3) masked modelling. Specifically, descriptive ECG features 

are extracted from ECG segments and then clustered by a clustering model. Subsequently, during pre-

training, embedded versions of ECG segments are masked and HuBERT-ECG is trained to predict 

which cluster they belong to. By repeating this process across multiple pre-training iterations, and 

progressively refining the feature extraction, HuBERT-ECG improves its ability to capture the 

underlying structure of ECG signals, ultimately achieving generalisable ECG representations. 

Data
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We pre-train HuBERT-ECG on an extensive and diverse dataset of 9.1 million ECGs from four 

countries (Fig. 1a-d, Fig. 2a, “Methods” – Data and Preprocessing).  

In the first iteration, prior to masked modelling, we extract and cluster Mel Frequency Cepstral 

Coefficients41 (MFCCs) from raw ECG segments. MFCCs, known for capturing key frequency 

components of the signal, highlight the essential structure of the ECG. In the second iteration, we 

extract semantically higher features from the model’s 8th layer (latent representations) and refine the 

clusters. This iterative refinement allows HuBERT-ECG to learn a deeper understanding of ECG 

patterns and structure through masked modelling. HuBERT-ECG architecture and pre-training 

specifics are detailed in “Methods” - HuBERT-ECG Architecture and Theoretical Framework. 

Feature extraction and clustering are illustrated in “Methods” – Unsupervised label discovery. 

Specifications and implementation details are provided in “Methods” – Implementations and 

“Methods” – Self-supervised pre-training. 

To further evaluate the adaptability of our approach and offer models capable of addressing diverse 

needs after fine-tuning, we also pre-train SMALL and LARGE model sizes in a single iteration using 

more refined latent representations. 

 

Supervised fine-tuning on downstream data and evaluation 

To comprehensively assess HuBERT-ECG’s performance and adaptability across various clinical 

scenarios, we compile 16 downstream datasets for fine-tuning and evaluation. These datasets include: 

the labelled partition of Ribeiro42 (also known as CODE); CPSC and CPSC-Extra43; PTB44; PTB-

XL45 which, with 6 different sets of conditions, gives rise to 6 different datasets; the publicly available 

partition of Georgia46; Chapman-Shaoxing47 (Chapman); Ningbo First Hospital48 (Ningbo); part of 

Figure 11. (a) Datasets: The model is pre-trained on 11 datasets comprising over 9.1 million samples. Then, the model is fine-
tuned and tested on 16 datasets and their aggregation covering 164 heart-related conditions. (b) Pre-training and Testing 
Pipeline. (c) T Transfer Learning and Provided Models: Three model variants (SMALL, BASE, LARGE) 
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the dataset used in Tianchi Arrhythmia Competition3 (Hefei); Shandong Provincial Hospital49 (SPH); 

and SaMi-Trop50. In addition, to create a hard benchmark that mirrors real-world cardiological 

practice—managing a wide range of cardiovascular conditions in patients with diverse health 

profiles—we harmonise labels from each dataset and merge all these sources into a new, 

comprehensive dataset named Cardio-Learning. This dataset includes 2.4 million ECGs from four 

countries, each labelled with one or more conditions from a comprehensive, highly imbalanced set of 

164 conditions. After fine-tuning, which requires only a small fraction of pre-training time, HuBERT-

ECG is evaluated on hold-out test sets of 17 datasets (16 individual + Cardio-Learning). The obtained 

performance is then compared with that achieved by training the same model from scratch, i.e., using 

randomly initialised weights. This comparison is common practice in self-supervised learning 

literature and reveals how self-supervised pre-training enhances both learning efficiency and 

generalisation. Where applicable, we also benchmark against existing state-of-the-art methods. To 

ensure consistent evaluation, address label distribution disparities, and employ a robust, threshold-

independent metric, we report model performance using the Area Under the Receiver Operating 

Characteristic Curve (AUROC). The fine-tuning procedure is detailed in “Methods” - Supervised 

Fine-tuning. The following results, presented across diverse application scenarios, are meant to 

demonstrate the robustness and transferability of HuBERT-ECG’s self-supervised ECG 

representations. 

HuBERT-ECG is efficient on small-sampled datasets. In diagnostic scenarios with small datasets, 

such as PTB (515 instances, 17 conditions), CPSC (6,878 ECGs, 9 conditions) and CPSC-Extra 

(3,453 ECGs, 52 conditions), HuBERT-ECG consistently shows solid performance and exhibits 

distinct macro-trends. On PTB (Fig. 3a), the SMALL and BASE configurations perform comparably 

well when fine-tuned, achieving AUROCs of 0.843±0.029 and 0.848±0.03, respectively.  

On CPSC (Fig. 3b), the SMALL model sizd achieves an AUROC of 0.945±0.002 and is slightly 

surpassed by the BASE (0.949±0.002) and LARGE (0.949±0.006) models. On this dataset we 

outperform contrastive learning works (e.g., Liu et al.34,35, Tian et al.39 and Zhang et al.37 achieved 

AUROCs of 0.932, 0.915, 0.910, and 0.920, respectively) while remaining competitive with models 

specifically pre-trained and optimised for arrhythmia detection only (e.g., Na et al.51 with 0.980).  

On CPSC-Extra (Fig. 3c), a more challenging dataset, HuBERT-ECG SMALL performs best, 

reaching an AUROC of 0.894±0.076. This result illustrates the advantages of smaller architectures in 

such intricate, low-data contexts, where larger model configurations might overfit and perform less 

effectively (BASE 0.756±0.02; LARGE 0.774±0.023). Noteworthy, fine-tuned models also provide 

 
3 https://tianchi.aliyun.com/competition/entrance/231754/introduction 
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0.03-0.058 AUROC improvements over their randomly initialised counterparts, with the less relevant 

exception of the BASE configuration on CPSC-Extra, demonstrating the clear benefit of pre-training 

even on smaller datasets. 

HuBERT-ECG remains efficient in increasingly difficult contexts. Diagnostic complexity extends 

beyond simple metrics like dataset size or the number of classes. It is significantly influenced by the 

inherent subtlety and difficulty of identifying certain conditions, low per-class sample sizes, and 

highly skewed label distributions. These factors are well-exemplified by the Georgia and Chapman 

datasets, each featuring over 10,000 ECGs labelled with 65 and 52 conditions unevenly distributed. 

In these complex diagnostic scenarios, fine-tuning HuBERT-ECG consistently leads to better 

performance than training from scratch, yielding improvements of 0.065-0.078 on Georgia and 0.039-

0.061 on Chapman.  

On Georgia, HuBERT-ECG BASE reaches an AUROC of 0.832±0.007 (Fig. 3d). For the sake of 

comparison, Tian et al.39 and Zhang et al.37 facilitated the learning problem by limiting the diagnostic 

scope to 20 and 46 classes, reaching AUROCs of 0.900 and 0.866. When we fine-tune our BASE 

Figure 12. HuBERT-ECG macro-averaged performance across 16 datasets varying weights initialization and model size. 
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configuration on these exact subsets, we substantially match the reported AUROCs: 0.895±0.079 on 

the 20-class problem and 0.858±0.093 on the 46-condition one. In contrast, when directly evaluated 

on the same condition subsets without retraining, despite being fine-tuned to detect all 65 diagnoses 

simultaneously, HuBERT-ECG BASE reaches competitive (0.853±0.003) and matching 

(0.855±0.093) AUROC scores. 

On Chapman (Fig. 3e), all model configurations perform similarly, with the SMALL one topping 

(0.859±0.008). To address the label distribution skewness, Chapman’s authors suggested grouping 

conditions into four macro-categories, highly simplifying the diagnostic task. Following this 

approach, Liu et al.34 and Kiyasseh et al.32 reported AUROCs of 0.997 and 0.932, respectively. When 

our BASE configuration is fine-tuned under the same grouping, it matches the state-of-the-art with 

an AUROC of 0.9945±0.0009. Notably, when we directly test all model configurations on these four 

broader classes—despite being fine-tuned to recognise the original 52 co-occurring conditions—they 

achieve highly competitive AUROC values (SMALL 0.975±0.002; BASE 0.975±0.009; LARGE 

0.984±0.001) without marked performance loss. This strong performance underscores HUBERT-

ECG’s robustness across varying levels of diagnostic granularity, even without simplifications of the 

underlying problem during training. 

HuBERT-ECG enables accurate diagnostics in large-scale, complicated scenarios. Trained on 

extensive datasets, diagnostic foundation models are expected to perform robustly in large-scale, 

complicated scenarios, where they should identify a disease among many others, even accounting for 

significant inter-patient variations that can substantially affect diagnostic accuracy. To explore 

HuBERT-ECG’s transferability to these scenarios, we leverage large datasets with few to tens of 

possible conditions including Ribeiro, PTB-XL, Hefei, SPH and Ningbo. 

On Ribeiro, a large-scale dataset (2.3 million ECGs, 6 conditions), every HuBERT-ECG 

configuration performs excellently regardless of weights initialization. The BASE model performs 

best when fine-tuned (0.9989) and surpasses the trained-from-scratch counterpart (0.9984) whereas 

the SMALL and LARGE configurations perform similarly (Fig. 3f). Table 2, which includes only the 

best model configuration in terms of AUROC alongside existing models for conciseness, shows that 

HuBERT-ECG BASE outperforms the model from Ribeiro et al.42 in terms of sensitivity, specificity, 

AUROC and area under precision and recall curve (AUPRC). We also surpass ECGFounder40 on all 

these metrics. The full comparison including all model sizes, which provide comparable or slightly 

higher performance on other metrics, is provided in Supplementary Table 7.  

The PTB-XL45 dataset comprises 21,837 ECGs annotated with 71 possible labels covering diagnostic, 

form and rhythm statements. The authors state that 44 diagnostic conditions can be aggregated into 

23 diagnostic subclasses and 5 broader diagnostic superclasses, while there are 12 possible rhythm 
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statements and 19 different form abnormalities. Therefore, one can evaluate a model on 6 different 

datasets, referred to as PTB-XL All, Form, Rhythm, Diagnostic (Diag.), Diag. Subclass, Diag. 

Superclass, that differ from each other in the reported labels. On these sources, fine-tuned models 

surpass randomly initialised counterparts for almost each model configuration (Fig. 3g-l). 

Particularly, HuBERT-ECG BASE achieves an AUROC greater than 0.900 on 5 out of 6 datasets. An 

extensive comparison with works from the literature is presented in Supplementary Table 8. Many of 

these studies focus only on some PTB-XL class subsets (e.g., All, Superclass), limiting possible 

comparisons, and most of them leverage models specifically optimised for this ECG benchmark. In 

this context, the dataset-agnostically pre-trained HuBERT-ECG proves competitive with state-of-the-

art works tailored on PTB-XL52 and surpasses other solutions34,35,37. Unlike prior approaches such as 

KED39, ECGFounder40 and ECGFM37—which restricted their scope to simplified subsets of PTB-XL 

All (46 diagnostic classes for KED and 30 for the others) and reported AUROC scores of 0.858, 0.924 

and 0.917 respectively—our models demonstrate markedly superior performance, even under more 

challenging conditions. For fair benchmarking, we fine-tune our BASE model following the same 

configurations of these methods. Under identical conditions, our model reaches superior AUROCs: 

0.911±0.003 on the 46-condition problem and 0.921±0.009 on the 30-class one. Differently, when 

directly evaluated on these class subsets, despite being fine-tuned for the full 71-class learning 

problem, HuBERT-ECG models achieve the following AUROCs: 0.900 (SMALL), 0.904 (BASE), 

and 0.901 (LARGE) on KED’s 46-class subset; 0.918 (SMALL), 0.926 (BASE), and 0.923 (LARGE) 

on ECGFounder and ECGFM’s 30-class subset. This collection of robust and superior performance, 

even under more challenging learning conditions, highlights the broader generalisability of HuBERT-

ECG’s self-supervised representations compared to the those learnt by existing supervised or 

contrastive methods.  

On Hefei (more than 20k samples, 29 conditions), all fine-tuned models surpass the respective 

randomly initialised counterparts, with the BASE configuration performing best with an AUROC of 

0.9661±0.0025 (Fig. 3m). On SPH49, a collection of 25,770 ECGs annotated with 44 diagnostic 

statements, all our models achieve comparable results, with the LARGE model size reaching the 

highest AUROC (0.943) (Fig. 3n). To the best of our knowledge, we are the first to address this dataset 

in its full complexity. 

Finally, on Ningbo48 (34,905 ECGs, 76 co-existing conditions), fine-tuned models generally 

outperform the trained-from-scratch counterparts, with the BASE size achieving the highest AUROC 

of 0.9439±0.0053 (Fig. 3o). 

HuBERT-ECG can be a good predictor of future cardiovascular events. Predicting future CVEs is 

an exceptionally challenging task, especially given the scarcity of publicly available datasets. In this 
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context, the SaMi-Trop50 dataset offers an opportunity to assess HuBERT-ECG’s predictive 

capabilities. It includes 1632 ECGs from patients with Chagas disease monitored during a 2-year 

follow-up period, 268 of which are normal recordings and 104 are marked as “death events”. On this 

dataset, the BASE and LARGE model configurations benefit more than the SMALL one from pre-

trained weights. In fact, although competitive, the fine-tuned SMALL version reaches an AUROC of 

0.8705±0.0279 while the randomly initialised counterpart achieves a score of 0.8883±0.0308. In 

contrast, the BASE (0.8627±0.0422) and LARGE (0.8622±0.0451) configurations perform 

marginally better than their trained-from-scratch counterparts. We attribute this behaviour to the low 

number of events within SaMi-Trop, where a single misclassification can result in significant 

changes. For comparison purposes, we benchmark against the state-of-the-art work by Ferreira et 

al.53. While we use only the raw ECG traces, they used a combination of handcrafted ECG features, 

sociodemographic variables and self-reported symptoms to fit a Random Forest estimator, and 

evaluate their model in terms of 𝐺!"#$ score, where 𝐺!"#$ = #𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 ∙ 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦. Fixing 

the same classification threshold, our best model surpasses theirs, reaching a 𝐺!"#$ of 0.78 against 

one of 0.77, while, in terms of AUROC, no comparison is possible due to the lack of predictions and 

code. 

HuBERT-ECG navigates extremely complex scenarios. In real-world clinical practice, cardiologists 

are expected to diagnose a wide spectrum of heart-related conditions, adapting to the nuances of each 

patient's health profile, regardless of how frequently a condition appears. To emulate this complexity, 

we employ the newly assembled, comprehensive Cardio-Learning dataset, which contains more than 

2.4 million ECGs and 164 overlapping conditions, where the ECG is either the primary diagnostic 

tool, a non-primary supportive diagnostic tool, or used to estimate the risk of future CVEs. The fine-

tuned HuBERT-ECG BASE provides a macro-averaged AUROC of 0.8517±0.0193, while HuBERT- 

ECG SMALL and LARGE follow with scores of 0.8453±0.0058 and 0.8403±0.0378, respectively 

(Fig. 4a-c). When the conditions are grouped according to the ECG diagnostic role—primary 

diagnostic tool or informative support for diagnosis—the BASE configuration achieves averaged 

AUROCs of 0.84079±0.019 and 0.8777±0.0197, respectively. Most interestingly, without any 

additional recordings and by leveraging inter-relationship among conditions, HuBERT-ECG raises 

AUROC values in predicting future deaths for SaMi-Trop patients to 0.9096±0.0782, significantly 

surpassing the best model presented for this task in the previous paragraph.  

Benchmarking HuBERT-ECG against reported human performance. To contextualize the clinical 

relevance of HuBERT-ECG, we retrospectively compare the performance of its fine-tuned version on 

the Ribeiro dataset with that of human readers reported in Ribeiro et al.42. That study involved two 
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4th-year cardiology residents, two 3rd-year emergency residents, and two 5th-year medical students, 

whose sensitivity and specificity values were averaged across the six diagnostic categories. 

Using the same dataset and label set, and the balanced accuracy as aggregation metric, we find that 

always at least two fine-tuned HuBERT-ECG configurations outperform medical residents/students 

on all the six diagnostic categories, and all configurations always surpass at least two groups of 

residents/students (see Table 3). However, it is important to note that this is not a direct head-to-head 

comparison, and no statistical testing can be performed due to the unavailability of individual 

predictions from the human annotators. Nonetheless, the results suggest that HuBERT-ECG, when 

fine-tuned, is capable of matching or surpassing human-level performance on key diagnostic tasks, 

highlighting its potential in downstream clinical applications. 

 

Fine-tuning HuBERT-ECG requires less compute time than training from scratch. While 

acquiring sufficient labelled data is already a known bottleneck, compute time represents an equally 

critical constraint in deep learning workflows, particularly in domains where large datasets and 

Figure 13. HuBERT-ECG label-wise performance for (a) SMALL, (b) BASE, and (c) LARGE configurations across all datasets, 
including Cardio-Learning. Label backgrounds are coloured based on the diagnostic role of the ECG (Zoom in for better 
view) 
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complex models necessitate resource-intensive experimentation, hyperparameter optimization, and 

ablation studies. As demonstrated in Table 4, fine-tuning the pre-trained HuBERT-ECG is markedly 

more efficient across most scenarios. The aforementioned steps, not included in the presented results, 

are already performed during the self-supervised pre-training of HuBERT-ECG and can therefore be 

skipped by future users, offering a clear advantage over workflows that require developing models 

entirely from the ground up. 

 

Discussion 

In this paper, we introduce HuBERT-ECG, a novel foundation model for comprehensive ECG 

analysis available in three scalable configurations (SMALL, BASE, and LARGE) to address diverse 

clinical needs through a targeted fine-tuning. Pre-trained via self-supervision on an extensive dataset 

of 9.1 million ECGs from four countries and diverse populations, HuBERT-ECG demonstrates strong 

performance in identifying 164 cardiovascular conditions. This is rigorously validated across 16 

individual datasets and their aggregation (Cardio-Learning), encompassing small to very large ECG 

collections, annotated with few to many overlapping conditions. Across all evaluations, the three 

model configurations consistently achieve AUROCs above 0.9 for an average of 136, 138, and 135 

conditions and surpass 0.95 AUROC for an average of 95, 94, and 94 conditions, respectively (Fig. 

5a). These results underscore the generalisability of HuBERT-ECG’s self-supervised representations 

to highly different clinical contexts. Looking ahead, our performance analysis aims not only to shed 

light on the data requirements for effective fine-tuning but also to guide performance optimisation on 

new ECG-based datasets. In diagnostic contexts with small-sampled datasets, which, requiring 

limited collection efforts, are common, HuBERT-ECG demonstrates both efficiency and accuracy, 

even when the number of conditions outpace the number of examples, often resulting in highly 

imbalanced label distributions. In these contexts, the SMALL and BASE configurations are 

preferable, demonstrating superior generalisation capabilities, whereas the LARGE configuration is 

less recommended. As the number of patients, ECGs and conditions increases, simulating more 

realistic diagnostic environments, HuBERT-ECG delivers remarkable results regardless of diagnostic 

granularity, albeit requiring adequate data collection efforts for fine-tuning. Furthermore, scaling up 

model size proves advantageous on larger sources, although smaller configurations remain 

competitive, thus providing desirable flexibility for complicated diagnostic fine-tuning. Notably, on 

Ribeiro, the largest individual dataset we use, HuBERT-ECG showcases the capacity to achieve 

excellent precision-sensitivity and specificity-sensitivity trade-offs (Table 2), matching or surpassing 

reported human performance (Table 3). Although Fig. 3f shows that the benefits of pre-training are 

marginal at the extremely high performance levels obtained from such large datasets with only a few 
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conditions, this does not diminish the value of our approach. In fact, such extensive data collection 

and labelling efforts—combined with only six conditions—are uncommon in real-world settings. 

Nonetheless, when benchmarking our performance against prior studies, we demonstrate our 

straightforward fine-tuning consistently leads to high performance, frequently approaching or 

surpassing that of models specifically developed for individual datasets or condition groups (e.g., 

arrhythmias). In addition, aiming at learning efficiency, we show that fine-tuning the pre-trained 

HuBERT-ECG generally requires less compute time than training from scratch, which also demands 

costly hyper-parameter tuning and ablation studies. Ultimately, when comparing with other methods 

proposed as foundation models, HuBERT-ECG showcases matching or stronger performance even 

under more challenging learning conditions. These findings underscore the high generalisability and 

utility of its self-supervised ECG representations, especially when data is overall scarce, certain 

classes are underrepresented, or when compute time is a considerable constraint. 

Furthermore, HuBERT-ECG exhibits robust performance in highly complex clinical scenarios 

exemplified by Cardio-Learning, which aggregates ECGs from diverse sources and countries without 

task-specific separation and creates a realistic representation of heterogeneous real-world data. In this 

challenging context, HuBERT-ECG effectively identifies conditions for which the ECG serves as 

either a primary or informative support signal for diagnosis. Crucially, fine-tuning on Cardio-

Learning enables HuBERT-ECG to leverage important inter-relationships among conditions, leading 

to substantial improvements in AUROC for label prediction—even for conditions that appear only in 

single subsets. For example, when fine-tuning the BASE model on PTB, the AUROCs for Coronary 

Heart Disease (CHD) and Heart Failure (HF) are 0.7656 and 0.7514, respectively. Remarkably, when 

fine-tuned on Cardio-Learning, these scores increase significantly to 0.9488±0.0399 for CHD and 

0.9674±0.0566 for HF (Fig. 5b). 

Similarly, in the highly challenging task of predicting future mortality events, HuBERT-ECG achieves 

mean AUROCs of 0.8784, 0.9096, and 0.8857 for the SMALL, BASE, and LARGE configurations, 

respectively, with average improvements of 1.31, 4.69, and 2.35 percentage points (Fig. 5c). These 

findings strongly suggest that training a model to recognize a broad spectrum of ECG-derived 

diagnostic labels can significantly enhance its performance in complex prediction tasks, including 

those where the ECG plays a non-primary but potentially informative role. Importantly, although the 

model is trained on labels from ECG readings, its rich representations can be further fine-tuned using 

high-quality clinical endpoints (e.g. electronic health records, imaging and/or genomic data), 

potentially unlocking even greater performance on tasks beyond traditional ECG applications. 

Another relevant finding from HuBERT-ECG’s label-wise performance on Cardio-Learning is its low 

prediction variance (Fig. 4). This suggests that merged labels within Cardio-Learning refer to 
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consistent concepts, thus (1) excluding major label inconsistencies, and (2) supporting both our label 

harmonisation process and HuBERT-ECG’s robustness to label noise. Furthermore, a visual 

inspection of the fine-tuned HuBERT-ECG attention mechanism confirms its ability to attend to 

clinically relevant ECG segments rather than arbitrary noise (see Supplementary Information – Sec. 

3). While HuBERT-ECG has been rigorously tested across diverse cardiovascular conditions, our 

findings suggest its considerable potential to extend its application toward more personalised clinical 

insights.  These include predicting patient response to therapies or identifying non-cardiac conditions 

through ECG analysis, paving the way for truly personalised cardiovascular care. For example, in the 

management of heart failure, HuBERT-ECG could be fine-tuned to predict patient responsiveness to 

resynchronisation therapy, thereby optimising patient selection criteria54. This capability would 

facilitate a more tailored therapeutic approach, aimed not only at predicting adverse events but also 

at enhancing outcomes, reducing hospitalisations, and improving quality of life. Such advancements 

could fundamentally transform cardiovascular precision medicine, with the use of foundation ECG 

models for helping clinicians tailor therapies with greater precision55. 

Despite the highly encouraging results, our approach has certain limitations. First, although the data 

collection spans more countries than in previous studies, it does not include large and highly 

populated regions (e.g., Africa and India), which we aim to incorporate in future versions. Second, 

the scarcity of accessible ECG datasets for predicting future CVEs partially limits our ability to fully 

assess the HuBERT-ECG's potential in this still underexplored domain. Broader access to suitable 

datasets for testing the model in this challenging field is desirable to accelerate research. Third, direct 

and fair comparisons with previous systems, both deep-learning-based and rule-based, remain 

challenging. Many existing works focus on limited subsets of available datasets (often reducing the 

actual number of conditions), do not open-source their implementations or evaluation datasets, or do 

not follow standard practices in metric computation, hampering reproducibility and equitable 

benchmarking. Lastly, we observe that while some conditions are better classified in Cardio-Learning 

than in their original datasets, others show lower performance. This discrepancy may stem from 

erroneous labels or incomplete assignments. For example, in PTB-XL, a major label source, key terms 

in reports are extracted to retrospectively infer the physician’s diagnostic confidence, with labels 

assigned even at low-confidence levels. Conversely, other datasets may rely on more robust labelling 

protocols, potentially resulting in identical ECGs from different sources receiving different diagnoses. 

Additionally, less experienced physicians may overlook certain conditions, while overly confident 

ones might exclude or place less emphasis on others, as also found by Li et al.40. These inaccuracies 

can reduce the data efficiency, requiring more data to compensate for their effects. 
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Methods 

Data and Preprocessing 

While many ECG-focused studies addressing general clinical questions primarily rely on datasets 

from the Physionet Challenges56,57, overlooking other substantial and valid sources, HuBERT-ECG 

self-supervised pre-training leverages both public and access-on-demand 12-lead ECG datasets. 

These include the labelled and unlabelled partitions from Ribeiro42 (except the predefined, publicly 

available test-set), CPSC and CPSC-Extra43, PTB44 and PTB-XL45, the publicly available partition 

from Georgia46, Chapman-Shaoxing47 and Ningbo First Hospital48, the partition from the Tianchi 

Arrhythmia Competition4, Shandong Provincial Hospital49, and MIMIC-IV ECG58. For supervised 

fine-tuning and evaluation we reuse all the aforementioned sources and include the new SaMi-Trop50 

dataset. We instead exclude the unlabelled partition of Ribeiro and MIMIC-IV for this phase. 

Although some datasets appear during both self-supervised pre-training and supervised fine-tuning, 

this a widely accepted practice in developing foundation models that undergo a self-supervised pre-

training. Notable examples include those by Caron et al.19,59 in computer vision, Hsu et al.22 and 

Baevski et al.21 in speech representation learning, Azizi et al.60, Pai et al.61 and Haghighi et al.62 in 

various types of medical image analyses, Ritcher et al.63 in cell genomics, and ultimately Mehary & 

Strodthoff36 and Tang et al.64 in the ECG domain. In addition, a recent survey65 on the impact of self-

supervised pre-training for diagnostic tasks involving many different types of medical data, points 

out that pre-training with self-supervision and fine-tuning a model on the same data brings no tangible 

benefit. This is due to the lack of any information leakage, as no clinical/downstream labels or task-

specific signal is exposed during the self-supervised pre-training. In our case, pre-training target 

variables are also pseudo-labels, discovered in an unsupervised manner using feature descriptors 

(MFCCs and latent representations) that do not carry any disease-specific, clinical, or dataset-specific 

information. For self-supervised pre-training, all labels and clinical annotations are removed from the 

pre-training datasets, resulting in an unlabelled dataset of 9.1 million ECGs (Fig. 2a–Pretrain). The 

effectiveness of the data selection in capturing the diversity of ECG signals is illustrated through a 

UMAP66 projection of the ECG embeddings (Fig. 1e). To assess HuBERT-ECG’s downstream utility 

on clinical tasks and datasets of varying complexity, we fine-tune it on each collected dataset5 and 

test it on hold-out partitions of such data sources. Additionally, we create a challenging new dataset, 

which we name Cardio-Learning, by merging all the above sources into a new one comprising over 

2.4 million ECGs with 164 potentially co-occurring conditions. These conditions can be grouped into 

three categories based on the diagnostic role of the ECG, as shown in Fig. 1f. During the creation of 

 
4 https://tianchi.aliyun.com/competition/entrance/231754/introduction 
5 PTB-XL generates 6 different datasets that differ from each other in the presented conditions. 



59 
 

Cardio-Learning, to ensure label consistency across different sources, diagnostic labels are 

harmonised independently by three expert cardiologists. First, diagnostic labels that appear under 

slightly varying nomenclature are consolidated using unique terms. For example, all instances of atrial 

fibrillation are uniformly labelled as “AF” instead of “AFIB” or “AF_” (see Supplementary Table 1).  

Second, diagnostic concepts that appear under multiple synonyms are standardised to a single 

diagnostic category. For instance, following established practices56,57, ECGs labelled as premature 

atrial contraction (PAC) or supraventricular premature beats (SVPB) are standardised to PAC|SVPB, 

as both conditions refer to the same concept. Third, hierarchically broader diagnostic categories are 

assigned to ECGs already labelled with more specific ones (e.g., Left Bundle Branch Block ECGs 

also receives the Bundle Branch Block label). However, we avoid two actions: (1) we do not infer 

more specific conditions from more general labels unless explicitly confirmed in the original 

annotation (e.g., Bundle Branch Block ECGs do not receive the Left Bundle Branch Block label); (2) 

if a constituent dataset includes both a more specific and a more general condition, but explicitly does 

not assign the general condition to ECGs labelled with the specific one, we respect this distinction 

and do not add it. Remarkably, as shown in Figs. 1b and 1d, the ECGs used in this study were 

obtained from patients exhibiting a broad age distribution and diverse geographical origins spanning 

four countries. To the best of our knowledge, this constitutes one of the largest and most heterogenous 

dataset ever assembled to date in terms of the number of conditions, demographics, and geographic 

origin of the individuals. For pre-processing, consistent with the approach of Natarajan et al.67, a finite 

impulse response bandpass filter is applied to exclude frequencies outside the [0.05, 47] Hz range, 

which is reported to encompass the dominant components of P waves, T waves and QRS complexes68. 

Subsequently, we investigate the impact of the sampling rate, which has no standard value and 

regulates the degree of dilution of the information content, on both the upstream and downstream 

performance. Our experimental findings indicate that resampling the ECGs at 100 Hz provides a 

suitable trade-off between downstream performance and training time, while preserving all the 

relevant physiological information content according to the Nyquist-Shannon theorem 

(Supplementary Information–Sec. 1.2). Following this, the ECG signal is rescaled to the [-1, 1] range, 

mirroring the procedure employed by Natarajan et al.67. Finally, unlike other works, we use 5-second 

12-lead ECGs instead of 10-second recordings, hence halving memory occupation and accelerating 

both training and inference. In addition, the selected temporal and spectral parameters align with 

those derived in Mehari & Strodthoff69. 
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HuBERT-ECG Architecture and Theoretical Framework 

A schematic representation of the HuBERT-ECG architecture, its pre-training phases and its fine-

tuning are shown in Fig. 2b. 

Self-supervised pre-training 

For each pre-training iteration we reserve 90% of the unlabelled dataset for training and the remaining 

10% for internal validation. We set a batch size of 448 instances and find empirically the optimal 

masking percentage 𝑝 = 33% (see Supplementary Information-Sec. 2.1) The first iteration consists 

of 80k training steps, while the second iteration counts 770k steps. The third iteration, instead, 

consists of 362.5k and 422.5k steps for the SMALL and LARGE model sizes, respectively. We use 

Adam optimiser with β = (0.9,0.98), an initial weight decay of 0.01 and a dropout probability of 0.1 

along with a learning rate scheduler that ramps up for the first 8% of the training steps and then decays 

linearly to zero. Peak learning rates are set to 5e-5/5e-5/2.5e-5 for the BASE, SMALL and LARGE 

model configurations, respectively. In addition, we find benefits from exploiting a dynamic 

regularisation during pre-training (Supplementary Information–Sec. 1.3). This technique “penalises” 

the model by incrementally increasing its dropout probability and weight decay if performance does 

not improve on the internal validation set for penalty-count consecutive times. Otherwise, if 

performance improves on the internal validation set, with respect to the best validation loss or 

accuracy, the model is “rewarded” by reversing the effects of the last penalty, i.e., decreasing its 

dropout probability and weight decay. It is important to note that the initial weight decay and dropout 

probability are the minimum achievable values, while penalty-count emerges as a significant 

hyperparameter to be tuned according to the frequency with which validations are performed. During 

the first and third iterations, with randomly initialised models, we set the penalty-count to 4 and 

CHD

HF

HVD

CMIS

RAAB

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

FT on Cardio-Learning
TfS on Cardio-Learning
FT on original dataset

Figure 14. HuBERT-ECG’s performance overview with focus on diagnostic accuracy for conditions for which the ECG is used as 
an informative support of for predicting future CVEs. (a) average number of conditions, with min-max ranges, classified with at 
least 0.90 and 0.95 AUROC by HuBERT-ECG model configurations in at least one downstream dataset. (b) HuBERT-ECG averaged 
AUROC performance for conditions for which the ECG is an informative support for diagnosis and that appear only in one 
downstream dataset when the model is (1) fine-tuned on Cardio-Learning, (2) trained from scratch on Cardio-Learning, and (3) 
fine-tuned on the original downstream dataset. “FT” means fine-tuning; “TfS” means training from scratch. Conditions 
abbreviations: “HF” means Heart Failure; “CHD” means Coronary Heart Disease; “RAAB” means Right Atrial Abnormality; “CMIS” 
means Chronic Myocardial Ischemia; “HVD” means Heart Valve Disorder. (c) HuBERT-ECG AUROC trend in the prediction of 
death events for SaMi-Trop patients when it is fine-tuned on Cardio-Learning, trained from scratch on Sami-Trop, and fine-tuned 
on SaMi-Trop 
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perform an internal validation every 2500 steps. For the second iteration, the internal validation is 

performed every 5000 steps, while maintaining the same value of penalty-count. 

Supervised fine-tuning 

In order to assess the robustness of HuBERT-ECG’s self-supervised representations on clinically 

relevant datasets simulating real-world scenarios, we fine-tune the model on each labelled dataset 

considered in this study. These datasets differ greatly from each other in the number of instances (Fig. 

1a), patients’ age distribution (Fig. 1d), and spectrum of possible conditions, each belonging to one 

of the three classes outlined in Fig. 1f. When training-validation-test splits are predefined, or when at 

least the test set is known and defined a-priori, as in the case of PTB-XL, SPH or Ribeiro, we adhere 

to the original split to allow fair comparisons with previous works. However, for datasets where such 

a split is not available or applicable (i.e., Hefei, Ningbo, Chapman, CPSC, Georgia), we first extract 

a fixed hold-out test set, containing 10% of the dataset instances, using a stratified sampling to ensure 

that all the dataset diagnostic classes are represented. We then perform a 4-fold cross-validation on 

the remaining instances to tune the hyperparameters of the four models, selecting the best candidate 

from each fold for the evaluation on the hold-out test set. Finally, we average performance metrics 

that the four best candidates obtained during inference. Instead, for datasets with an extremely low  

cardinality compared to the model size, such as PTB, CPSC-Extra and SaMi-Trop, we split the dataset 

four times in a stratified manner into four <training, test> folds. Then, for each fold, lacking a 

validation set, we skip any hyperparameter tuning and train four models until either a near-zero 

training error is reached or a minimum improvement delta is not achieved. We then run inference 

directly on the corresponding hold-out test set with the last model checkpoint. When fine-tuning on 

PTB, CPSC-Extra and SaMi-Trop, to prevent overfitting on these small datasets, we set a minimal 

early stopping’s patience of 2 to allow for transitory fluctuations in the training loss descent and set 

a the minimum improvement delta to 1 × 10%& for both the loss function and evaluation metrics. 

Lastly, to construct the Cardio-Learning dataset, we merge the training, validation, and test sets from 

each constituent dataset to form the corresponding overall training, validation, and test partitions, 

ensuring the prevention of any data leakage between these partitions. We perform a 4-fold cross-

validation even on Cardio-Learning. Prior to any fine-tuning, we analyse the label distribution of each 

dataset and exclude the instances labelled with conditions that occur only once. We do so because 

these conditions are either unlearnable or untestable, as their solitary instances cannot be included in 

both the training and test sets. However, if a condition occurs twice in the dataset, we assign one 

instance to the training set and one to the test set, allowing the model to attempt to learn the condition 

while providing a way to assess its generalisability within the limits of this setup. Eventually, when a 

condition occurs three times, we place one example per split. During each fine-tuning procedure, we 
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optimise a binary cross-entropy loss function but refer to the macro-averaged multi-label AUROC on 

the validation set for checkpointing and model selection. The model checkpoint that yields the highest 

AUROC is used for inference. To fine-tune HuBERT-ECG we follow a straightforward protocol: we 

attach atop the pre-trained model a randomly initialised linear layer and fine-tune all the weights of 

the resulting architecture, except those of the convolutional embedder. In contrast to Hsu et al.22, we 

do not use the freezing-steps hyperparameter, as our experiments do not demonstrate any efficacy in 

maintaining the encoder’s parameters fixed while training only the final linear layer. Drawing 

inspiration from Devlin et al.17, we reduce the batch size to 64 instances and the learning rate to 1e-

5. Also, to gain finer control over the identification of a good model candidate, we validate our models 

every 50 or 500 steps, contingent on the dataset size, hence more frequently than during pre-training. 

Due to the high number of trainable parameters and the limited size of most datasets, HuBERT-ECG 

shows a tendency to overfitting but we observe no benefits from using either a strong dropout (up to 

0.5) or a high weight decay (up to 0.1), nor from freezing some encoding layers. However, 

experiments with LayerDrop74 ([0.0, 0.1, 0.15, 0.2]) indicate its potential to mitigate validation loss 

divergence and metrics degradation. In addition, we note improvements when using a time-aligned 

random crop as data augmentation technique, a strategy that we also replicate at test time when we 

take the most confident prediction among those made on multiple crops of the same instance. In 

summary, our findings suggest that the best performance is obtained when fine-tuning the entire 

Transformer encoder, zeroing the dropout probability, maintaining the weight decay at 0.01, and 

sweeping over the LayerDrop probability. We track all experimental runs using Weights and Biases6.  

Data availability  

The PTB, CPSC, CPSC-Extra, Georgia, Chapman, PTB-XL, and Ningbo datasets are publicly 

accessible through PhysioNet at the following URL: https://physionet.org/content/challenge-

2021/1.0.3/training/ningbo/#files-panel.  

The Hefei dataset used in this study can be downloaded from the Tianchi platform at: 

https://tianchi.aliyun.com/competition/entrance/231754/information/. 

The SPH dataset is available through Figshare at the following Springer Nature repository: 

https://springernature.figshare.com/collections/A_large-scale_multi-label_12-

lead_electrocardiogram_database_with_standardized_diagnostic_statements/5779802/1.  

The SaMi-Trop dataset can be downloaded from Zenodo at: https://zenodo.org/records/4905618.  

The Ribeiro dataset is accessible for scientific research upon request to the respective owner. 

However, its test set is publicly available from Zenodo at: https://zenodo.org/records/3765780. 

 
6 https://wandb.ai/site 

https://physionet.org/content/challenge-2021/1.0.3/training/ningbo/#files-panel
https://physionet.org/content/challenge-2021/1.0.3/training/ningbo/#files-panel
https://tianchi.aliyun.com/competition/entrance/231754/information/
https://springernature.figshare.com/collections/A_large-scale_multi-label_12-lead_electrocardiogram_database_with_standardized_diagnostic_statements/5779802/1
https://springernature.figshare.com/collections/A_large-scale_multi-label_12-lead_electrocardiogram_database_with_standardized_diagnostic_statements/5779802/1
https://zenodo.org/records/4905618
https://zenodo.org/records/3765780
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Code availability 

The full pipeline utilised in this study is available at the following GitHub repository: 

https://github.com/Edoar-do/HuBERT-ECG. This repository includes: (1) code for data 

preprocessing, from raw data management to the creation of the train-validation-test partitions used 

in our research; (2) scripts for replicating the pre-training, fine-tuning and inference of every model 

developed across all datasets; and (3) code for reproducing our performance validation. Eventually, 

to both facilitate reproducibility and enable rapid implementation, we provide (4) pre-trained weights 

for all model configurations on Hugging Face7. (5) Access to model weights fine-tuned on Cardio-

Learning is on-demand. This model is intended as a more disease-oriented baseline for further fine-

tuning.  
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  SMALL BASE LARGE 

Convolutional 
embedder 

strides 4, 2, 2, 2, 2 

10, 3, 3, 2, 2 

512 

kernels width 

channels 

Transformer encoder 

layers 8 12 16 

internal dimension 512 768 960 

feed-forward 
dimension 

2048 3072 3840 

attention heads 8 8 12 

Embedding dimension W 256 256 512 

Number of parameters 30M 93M 188M 

Table 1 | HuBERT-ECG architecture summary.  

  

Condition Models Sensitivity Specificity AUROC AUPRC 

AF 

Ribeiro et al. 0.769 1.000 0.885 0.773 

Li et al. 1.000 0.996 0.999 N.A 

HuBERT-ECG 
BASE 

1.0000 

(CI:0.9999–
1.0000) 

1.0000 

(CI:0.9999–
1.0000) 

1.0000 

(CI:0.9999–
1.0000) 

1.0000 

(CI:0.9999–
1.0000) 

IAVB 

Ribeiro et al. 0.929 0.995 0.962 0.807 

Li et al. 0.864 0.957 0.949 N.A. 

HuBERT-ECG 
BASE 

0.7500 

(CI:0.6071-
0.8929) 

0.9981 

(CI:0.9962-
1.0000) 

0.9977 

(CI:0.9961-
0.9994) 

0.9560 

(CI:0.9264-
0.9856) 

CLBBB|LBBB 

Ribeiro et al. 1.000 1.000 1.000 1.000 

Li et al. 1.000 0.996 0.998 N.A. 

HuBERT-ECG 
BASE 

0.9000 

(CI:0.8333-
0.9667) 

1.0000 

(CI:0.9999–
1.0000) 

1.0000 

(CI:0.9999–
1.0000) 

1.0000 

(CI:0.9999–
1.0000) 

CRBBB|RBBB 

Ribeiro et al. 1.000 0.995 0.997 0.895 

Li et al. 0.971 0.971 0.989 N.A. 

HuBERT-ECG 
BASE 

0.9400 0.9943 0.9986 0.9740 
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(CI:0.8529-1.0000) (CI:0.9899-
0.9987) 

(CI:0.9974-
0.9998) 

(CI:0.9513-
0.9967) 

SBRAD 

Ribeiro et al. 0.938 0.996 0.967 0.782 

Li et al. 1.000 0.955 0.967 N.A. 

HuBERT-ECG 
BASE 

1.0000 

(CI:0.9999–
1.0000) 

0.9919 

(CI:0.9864-
0.9975) 

0.9980 

(CI:0.9954-
1.0000) 

0.8860 

(CI:0.7504-
1.0000) 

STACH 

Ribeiro et al. 0.937 0.997 0.985 0.923 

Li et al. 0.974 0.970 0.989 N.A. 

HuBERT-ECG 
BASE 

0.9730 

(CI:0.9729–
0.9731) 

0.9950 

(CI:0.9913-
0.9987) 

0.9990 

(CI:0.9983-
0.9997) 

0.9640 

(CI:0.9342-
0.9938) 

MACRO-
AVERAGED 

Ribeiro et al. 0.935 0.997 0.966 0.863 

Li et al. 0.9682 0.9742 0.9818 N.A. 

HuBERT-ECG 
BASE 

0.9255 

(CI:0.8943-
0.9567) 

0.9969 

(CI:0.9954-
0.9983) 

0.9989 

(CI:0.9983-
0.9995) 

0.9630 

(CI:0.9403-
0.9857) 

Table 2 | Fine-tuned HuBERT-ECG BASE performance on Ribeiro benchmarked against that from Ribeiro et al.42 
and Li et al.40 according to multiple metrics. Sensitivity and Specificity are obtained setting the threshold to 0.5, 
as done by Ribeiro et al., for a fair comparison. Performance uncertainty is reported using 95% confidence 
intervals obtained via empirical bootstrapping using 1000 bootstrap iterations. Label abbreviations and 
corresponding diagnosis can be found in Supplementary Table 1. A full comparison of all HuBERT-ECG model 
sizes, which may perform better than the BASE one on certain conditions for certain metrics, is provided in 
Supplementary Table 7. 
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Condition Predictor Sensitivity Specificity Balanced 
Accuracy 

AF 
 

HuBERT-ECG SMALL 1.0000 
(CI:0.9999–1.0000) 

0.9754 
(CI:0.9656-0.9853) 

0.9877 
(CI:0.9827-0.9926) 

HuBERT-ECG BASE 1.0000 
(CI:0.999–1.000) 

1.0000 
(CI:0.9999–1.0000) 

1.0000 
(CI:0.9999–

1.0000) 

HuBERT-ECG LARGE 1.0000 
(CI:0.9999–1.000) 

0.9748 
(CI:0.9644–0.9853) 

0.9874 
(CI:0.9821-0.9926) 

Cardiology residents 0.7690 0.9960 0.8825 
Emergency residents 0.6150 0.9980 0.8065 

Medical students 0.9230 0.9890 0.9560 

IAVB 

HuBERT-ECG SMALL 0.9290 
(CI:0.8580-1.0000) 

0.9531 
(CI:0.9387-0.9675) 

0.9411 
(CI:0.8983-0.9837) 

HuBERT-ECG BASE 0.7500 
(CI:0.6071-0.8929) 

0.9981 
(CI:0.9962-1.0000) 

0.8741 
(CI:0.8016-0.9464) 

HuBERT-ECG LARGE 1.0000 
(CI:0.9990–1.0000) 

0.9485 
(CI:0.9337–0.9637) 

0.97425 
(CI:0.9663-

0.9818) 
Cardiology residents 0.6790 0.9970 0.838 
Emergency residents 0.8210 0.9840 0.9025 

Medical students 0.929 0.9790 0.9540 

CLBBB|LBBB 

HuBERT-ECG SMALL 1.0000 
(CI:0.9999–1.0000) 

0.9940 
(CI:0.9893-0.9987) 

0.997 
(CI:0.9946-

0.9993) 

HuBERT-ECG BASE 0.9000 
(CI:0.8333-0.9667) 

1.0000 
(CI:0.9999–1.0000) 

0.9500 
(CI:0.9166-0.9833) 

HuBERT-ECG LARGE 0.9330 
(CI:0.8993–0.9667) 

0.9950 
(CI:0.9913–0.9987) 

0.9640 
(CI:0.9453-0.9827) 

Cardiology residents 0.9000 1.0000 0.9500 
Emergency residents 0.8670 0.9990 0.9330 

Medical students 0.9000 0.9970 0.9485 

CRBBB|RBBB 

HuBERT-ECG SMALL 1.0000 
(CI:0.9999–1.000) 

0.9850 
(CI:0.9776-0.9924) 

0.9672 
(CI:0.9887-0.9962) 

HuBERT-ECG BASE 0.9400 
(CI:0.8529-1.0000) 

0.9943 
(CI:0.9899-0.9987) 

0.9792 
(CI:0.9214-0.9993) 

HuBERT-ECG LARGE 0.9710 
(CI:0.9420–1.0000) 

0.9874 
(CI:0.9798–0.9950) 

0.9825 
(CI:0.9609-0.9975) 

Cardiology residents 0.9710 0.9940 0.8820 
Emergency residents 0.7650 0.9990 0.9685 

Medical students 0.9410 0.9960 0.9904 

SBRAD 

HuBERT-ECG SMALL 1.0000 
(CI:0.9999 –1.0000) 

0.9808 
(CI:0.9716-0.9901) 

0.9960 
(CI:0.9857-0.9950) 

HuBERT-ECG BASE 1.0000 
(CI:0.9999–1.0000) 

0.9919 
(CI:0.9864-0.9975) 

0.9990 
(CI:0.9931-

0.9987) 

HuBERT-ECG LARGE 1.0000 
(CI:0.9999–1.0000) 

0.9796 
(CI:0.9704–0.9889) 

0.9670 
(CI:0.9851-0.9944) 

Cardiology residents 0.9380 0.9960 0.9355 
Emergency residents 0.8750 0.9960 0.8725 

Medical students 0.7500 0.9950 0.9773 

STACH 

HuBERT-ECG SMALL 0.9730 
(CI:0.9729–0.9731) 

0.9816 
(CI:0.9722-0.9911) 

0.9773 
(CI:0.9725-0.9821) 

HuBERT-ECG BASE 0.9730 
(CI:0.9729–0.9731) 

0.9950 
(CI:0.9913-0.9987) 

0.9840 
(CI:0.9821-

0.9859) 
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HuBERT-ECG LARGE 0.9730 
(CI:0.9728–0.9732) 

0.9829 
(CI:0.9734–0.9924) 

0.9790 
(CI:0.9731-0.9828) 

Cardiology residents 0.8110 0.9990 0.9050 
Emergency residents 0.9460 0.9970 0.9715 

Medical students 0.8380 0.9960 0.9170 
Table 3 | Fine-tuned HuBERT-ECG performance on Ribeiro benchmarked against two 4th year cardiology residents 
(Cardiology residents), two 3rd year emergency residents (Emergency residents), two 5th year medical students 
(Medical students) involved in the study by Ribeiro et al.42. Both residents’ and students’ performance are 
averages, as reported in the original study. Label abbreviations and corresponding diagnoses can be found in 
Supplementary Table 1. 

Table 4 | Comparison between fine-tuning (FT) and training-from-scratch time (TfS), on average, across datasets 
and model sizes. Time is expressed as number of training steps.  

 

 

 

 

 

 

 

 

 

 

 

Dataset 

Model size 

HuBERT-ECG SMALL 
(FT / TfS) 

HuBERT-ECG BASE 
(FT / TfS) 

HuBERT-ECG 
LARGE 

(FT / TfS) 
PTB 3.3k / 3.5k 2.3k / 2.15k 1.8k / 1.5k 
Cpsc 5.8k / 6.7k 4.8k / 4.4k 3.2k / 3.1k 
Cpsc-Extra 9.2k / 8.15k 6.7k / 3.9k 5.3k / 2.8k 
Georgia 5.2k / 8.13k 5.4k / 6.3k 2.8k / 4.8k 
Chapman 5k / 9.22k 4.4k / 5.3k 3.3k / 3.5k 
Ribeiro 55k / 60k 45k / 55k 50k / 40k 
PTB-XL All 12.5k / 27k 9k / 19k 8.5k / 19k 
PTB-XL Diag. 11k / 21k 9.5k / 24.5k 7.5k / 20k 
PTB-XL Diag. Superclass 7k / 18.5k 6k / 15.5k 4.5k / 16.5k 
PTB-XL Diag. Subclass 8k / 12.5k 6.5k / 24.5k 8k / 8k 
PTB-XL Rhythm 7.5k / 19.5k 8.5k / 25.5k 5.5k / 20k 
PTB-XL Form 6.5k / 17k 6.5k / 9k 5.5k / 9k 
Hefei 10.1k / 18.2k 5.8k / 15.2k 5.2k / 13.7k 
SPH 10.5k / 27k 5.5k / 14.5k 7.5k / 21k 
Ningbo 15.8k / 35.5k 12.6k / 21.7k 10.1k / 20k 
SaMi-Trop 0.9k / 0.8k 1.1k / 0.6k 0.8k / 0.5k 
Cardio-Learning 30k / 30.1k 27.8k / 42.1k 32.5k / 27.4k 
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3. Use Case 3: The Dorian Gray Project – Linking Cardiovascular 
Disease and Cognitive decline 

 

4.1 The DORIAN GRAY Project: Architectural Design for a Cardiovascular 
Digital Twin 

The concept of the digital twin—a dynamic, virtual replica of a physical system—will be 

transforming healthcare by enabling real-time simulation, forecasting, and optimization of complex 

processes25. Its application in healthcare, although much more recent, is rapidly gaining momentum. 

In a clinical context, a digital twin can be described as an in silico representation of an individual that 

integrates multimodal and continuously updated data to model health trajectories, predict outcomes, 

and support personalized therapeutic decisions. These virtual replicas evolve through a constant 

exchange of information with their real-world counterparts, creating an interconnected “cyber-

physical” loop capable of adaptive learning and real-time feedback. 

Despite its promise, translating digital twin technology into medicine faces substantial challenges. 

Clinical data are often heterogeneous, fragmented, and acquired irregularly; biological models of 

disease remain incomplete; and many determinants of health—particularly behavioral and social 

factors—are difficult to capture systematically. As a result, current healthcare digital twin initiatives 

vary widely. Some rely only on static or retrospective datasets to forecast future health states, 

functioning as passive predictive tools. Others aim for a more sophisticated active design, 

continuously incorporating real-time streams from wearables, mobile devices, or environmental 

sensors to dynamically refine predictions. The latter approach, although far more powerful, requires 

robust multimodal integration, advanced AI methodologies with short reaction times, and a 

coordinated clinical ecosystem capable of supporting continuous data exchange. 

In this evolving landscape, the European Union has launched several initiatives to explore next-

generation digital health tools. Among them, the Horizon Europe–funded project DORIAN GRAY 

(“Devising a Personalized Risk Stratification and Holistic Management for Prevention of Cognitive 

Impairment in Patients with Different Cardiovascular Phenotypes,” grant agreement 101156266) 

represents one of the first large-scale efforts to develop a clinically actionable digital twin for the 

prevention of cognitive decline in individuals with cardiovascular disease (CVD) or at high 

cardiovascular risk26. 
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The project is grounded in the growing recognition that cardiovascular disorders and mild cognitive 

impairment (MCI) are deeply interconnected. Conditions such as heart failure accelerate the 

biological mechanisms leading to cognitive deterioration, while traditional cardiovascular risk 

factors—hypertension, diabetes, obesity, sedentary lifestyle—also predispose individuals to 

neurocognitive decline27. The central ambition of DORIAN GRAY is therefore twofold: first, to 

elucidate the mechanistic pathways linking CVD and MCI; and second, to exploit these insights to 

build a personalised, AI-augmented digital ecosystem that can identify individuals at risk, intervene 

early, and promote resilience in ageing populations. 

To achieve this vision, the project integrates traditional clinical variables with emerging digital 

biomarkers captured through real-world data (RWD). Genomic, metabolomic, proteomic, imaging, 

and lifestyle information from established datasets will be harmonised to build the foundational 

structure of the digital twin within the PORTRAIT platform. This core model will then be enriched 

by continuous data streams—heart rate, sleep metrics, physical activity, behavioural patterns—

collected via smartwatches and mobile devices during the clinical studies. Such a combination of 

high-resolution biological profiling and real-time behavioural monitoring provides a uniquely 

comprehensive view of the factors that influence cognitive performance and its deterioration. 

One of the most innovative components of DORIAN GRAY is the development of an avatar-based 

coaching exergaming (ABCE) system, implemented through the MIRROR app. This tool merges two 

synergistic functions: a digital cognitive-physical training environment (the “exergame”) and an AI-

driven coaching system that shapes healthy behaviours. Each participant interacts with a 

customizable, neutral-shaped virtual avatar that guides them through physical-cognitive tasks, 

provides real-time feedback, and adapts difficulty based on performance. While avatar technologies 

have previously been explored in post-stroke rehabilitation, their application to cognitive impairment 

and dementia prevention remains largely unexplored. The ABCE therefore represents a pioneering 

model of multidomain intervention that simultaneously targets physical activity, cognitive 

stimulation, lifestyle change, and social engagement. 

The coaching system extends well beyond traditional decision support. Using adaptive and persuasive 

strategies, it encourages individuals to adopt healthier routines in daily life—improving nutrition, 

increasing activity levels, enhancing sleep quality, and mitigating behaviours known to accelerate 

cognitive decline. Healthcare professionals supervise the personalised plan through a dedicated 

clinician dashboard, adjusting goals and monitoring progress. Importantly, relatives and friends are 

also incorporated into selected exergame tasks, transforming the intervention into a socially enriched 

experience, which has been shown to reinforce motivation and adherence. 
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The DORIAN GRAY framework will undergo rigorous evaluation through two clinical studies. First, 

a pilot randomized trial in patients with heart failure and MCI will assess feasibility, usability, and 

early signals of clinical impact in a population with limited therapeutic options. Subsequently, an 

implementation study will test adherence and real-world acceptability in individuals with MCI and 

cardiovascular risk factors. Together, these studies will generate evidence on the effectiveness of the 

multidomain digital intervention, previously validated in nondigital formats, now enhanced by AI-

driven adaptability and continuous monitoring. 

Beyond clinical validation, the project includes a comprehensive socio-economic, ethical, and legal 

assessment to inform the potential deployment of the solution at scale. Partner organisations—

including experts in exploitation and innovation management—will support the definition of Key 

Exploitable Results (KERs) and the design of pathways for sustained adoption beyond the project’s 

duration. This strategy ensures alignment between scientific development, regulatory considerations, 

communication, and real-world implementation. 

Ultimately, DORIAN GRAY showcases how digital twins, multimodal AI, and real-world data can 

converge into an innovative and clinically meaningful system for personalised prevention. By 

identifying early “fingerprints” of cognitive decline, modelling individual trajectories, and delivering 

tailored interventions through an engaging avatar-based platform, the project embodies a new 

paradigm for the management of non-communicable diseases. Its integrative approach lays the 

foundation for future digital twin applications across multiple conditions, marking a significant 

advance toward the European vision of personalised, predictive, participatory, and preventive 

healthcare. 
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The rationale behind DORIAN 
GRAY
Mild cognitive impairment (MCI) and cardiovascular disease (CVD) often 
co-occur in older adults, with cognitive decline affecting up to one-third of 
patients with CVD. According to the World Health Organization, over 55 
million people worldwide were living with dementia in 2021, a number 
projected to rise to 78 million by 2030. In Europe, the median 
age-standardized prevalence of CVD is ∼7077 per 100 000 in men and 
6026 per 100 000 in women.1 These striking figures underscore the 
growing public health challenge posed by the intersection of CVD and 
cognitive decline. The association between MCI and CVD goes beyond 
shared risk factors, as CVD itself can directly contribute to MCI. 
Mechanistic links include cerebral infarcts affecting cognitive-critical brain 
regions, arterial stiffness leading to end-organ damage, and chronic cere-
bral hypoperfusion from low cardiac output (e.g. heart failure or atrial fib-
rillation) causing neuroinflammation and white matter injury.2 Evidence 
from the European COGNITION.MATTERS HF study highlighted specif-
ic deficits in attention and verbal memory among heart failure patients, 
with structural correlates such as medial temporal lobe atrophy.3

Despite these findings, MCI remains underdiagnosed in CVD popu-
lations, with limited evidence-based strategies for its prevention and 
management.4 Addressing this gap requires integrating cardiovascular 
and cognitive data to develop personalized, proactive approaches for 
mitigating the dual burden of these conditions in ageing populations. 
In this context, the European Union, through the Horizon research 
and innovation action, has funded the ‘Devising a Personalized Risk 
Stratification and Holistic Management for Prevention of Cognitive 
Impairment in Patients with Different Cardiovascular Phenotypes’ 
(DORIAN GRAY) project (grant agreement no. 101156266). The con-
sortium, led by the University of Brescia, brings together the diverse ex-
pertise of 24 leading institutions, including 12 academic partners, 5 
hospitals, 5 companies, 1 scientific society, and 1 charity.

DORIAN GRAY’s ambition and 
timeliness
The DORIAN GRAY project started in January 2025, and its pro-
gramme of work is based on 17 work packages (WPs) to be delivered 
over a period of 5 years (Figure 1).

The DORIAN GRAY project aspires to uncover the mechanisms 
linking MCI with CVD and develop an integrated, personalized ap-
proach to mitigate dementia risk, promote resilience, and improve 
health in the ageing population. By focusing on data from CVD 
patients—where pathways to MCI are amplified—the project aims 
to identify mechanisms driving cognitive impairment and its progression 
in populations with cardiovascular risk.

Timely and innovative, DORIAN GRAY leverages multi-modal AI 
technology to harmonize clinical and real-world data from diverse 
sources, including wearable devices and mobile apps (Figure 1). 
This approach enables precise risk stratification and tailored inter-
ventions across primary, secondary, and tertiary prevention strat-
egies At the core of the project is the PORTRAIT platform, a 
cutting-edge framework that integrates genomics, biomarkers, im-
aging, and real-world data (RWD) to detect early signs of MCI. 
Complementing this is the MIRROR app, which delivers a persona-
lized, adaptive intervention tailored to each patient. Through an 
avatar-based coaching system, the app dynamically adjusts cognitive 
and physical exercises based on user feedback and physiological data 
collected from smartwatches. This closed-loop approach not only 
enhances engagement and effectiveness but also enables real-time 
tracking of performance, generating valuable RWD that may serve 
as early markers for MCI diagnosis. In addition, the digital coaching 
combined with the avatar-based exergame enables the transfer of 
positive behaviours from the virtual world of the game to real life, 
avoiding the standardized, top-down format common in conven-
tional health apps.

D
ow

nloaded from
 https://academ

ic.oup.com
/eurheartj/article/46/43/4456/8272625 by guest on 15 N

ovem
ber 2025



75 
 

4.2 Scientific Rationale: The Heart–Brain Axis and Disease Phenomenology 

 

Connecting the Dots: A Narrative Review of the Relationship between Heart Failure and 

Cognitive Impairment.  

Mauro Massussi2, Maria Giulia Bellicini1, Marianna Adamo1, Andrea Pilotto3-5, Marco Metra1, 

Alessandro Padovani3-6, Riccardo Proietti7 

ABSTRACT 

IMPORTANCE Large clinical data underscore that heart failure is independently associated to an 

increased risk of negative cognitive outcome and dementia. Emerging evidence suggests that cerebral 

hypoperfusion, stemming from reduced cardiac output and vascular pathology, may contribute to the 

largely overlapping vascular dementia and Alzheimer’s disease. Despite these insights, cognitive 

outcomes remain largely overlooked in heart failure management. This narrative review outlines the 

prevalence and risk of cognitive impairment in heart failure patients, exploring potential shared 

pathophysiological mechanisms and examing the impact of heart failure therapy on cognitive deficits. 

Additionally, it discusses clinical implications and suggests future treatment approaches targeting 

therapeutic outcomes. 

OBSERVATIONS Cognitive impairment is prevalent among individuals with heart failure, with 

reported rates varying widely depending on assessment methods. Shared pathological pathways and 

risk factors, including atrial fibrillation, hypertension, obesity, and type 2 diabetes mellitus, suggest 

a causal link. Mechanisms such as poor perfusion, microembolic events, ischemic syndromes, and 

cerebral inflammation contribute to this relationship. Moreover, heart failure itself may exacerbate 

cognitive dysfunction. This emerging understanding posits that vascular dementia and Alzheimer's 

disease may represent a pathophysiological continuum, driven by both the accumulation of misfolded 

proteins and cerebrovascular pathology due to cardiovascular dysfunction. Understanding these links 

is crucial for developing effective treatment strategies. 

CONCLUSIONS AND RELEVANCE The complex interplay between heart failure and cognitive 

impairment underscores the necessity for a holistic patient care approach. Both conditions share 

analogous disease processes, influencing self-management and independence in patients. Prioritizing 

brain health in heart failure management is essential to enhance patient prognosis and general well-

being. 
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Introduction 

Heart failure (HF) is a prevalent condition, affecting at least 26 million people worldwide and posing 

a significant social and economic impact on public health. Based on a United States. investigation, 

healthcare costs for HF vary from $441 to $1585 per-patient-per-month (PPPM), depending on the 

patient's stability or a worsening HF event[1]. This burden is expected to increase as the global 

population ages, with HF prevalence predicted to double within 40 years[2]. Similarly, mild cognitive 

impairment (CI), defined as a statistical construct denoting performance on cognitive tests 

consistently below age- and education-specific norms [3], and its severe form, dementia, are also 

associated with increasing social and economic burdens. Current estimates suggest that over 55 

million people worldwide are affected by CI, though many mild cases may go unrecognized [4]. In a 

German Health Economics study, the net annual costs of dementia vary by disease stage, ranging 

from €15,474 up to €41,808 [5]. Similar to HF, the prevalence of CI is higher in Western countries, 

primarily due to the older average age of the population. However, it is important to recognize that 

the lower prevalence of CI in middle and low-income countries may also be attributed to 

underdiagnosis, in addition to differences in population age. With the population aging in these 

regions as well, the number of individuals affected by dementia is projected to nearly double every 

20 years worldwide, with a significant increase expected in developing countries [6]. CI and HF often 

co-occur in the ageing population and they probably interact each other, even if the precise 

pathophysiological processes underlying this association are not yet fully understood. There is 

recognition that HF may be considered an independent predictor, though the universality and 

unequivocal nature of this prediction remain subjects of ongoing research [7].  

This is a non-casual association: a significant portion of dementia cases can be attributed to 

cardiovascular risk factors, which could potentially be prevented through cardiovascular risk 

modification. Furthermore, HF can lead to varying degrees of CI, influenced by genetic factors (e.g., 

APOE) and environmental elements. Hence, given the presence of several of the nine 'aspects of non-

casual association' discussed by Hill in 1965 (strength of association, consistency, specificity, 

temporality, biological gradient, plausibility, coherence, experiment, and analogy), we can 

hypothesize a multifaceted relationship between HF and CI [8]. 

In this narrative review, we will firstly describe the prevalence and analyse the risk of CI, in patients 

with HF. Second, we will discuss the possible pathophysiological mechanisms by which HF 

constitutes a risk factor for CI. Third, we will summarize the literature evidence on the effects of HF 

therapy on cognitive dysfunction. Finally, we discuss clinical implications and future treatment 

approaches in terms of therapeutic targets.  
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Prevalence of cognitive impairment in heart failure 

According to the existing literature, CI is highly prevalent among individuals with HF, with reported 

rates spanning from 3% to 80%, depending on the assessment methods for cognition (table 1). Studies 

drawing from extensive cohorts, including data from International Classification of Diseases (ICD) 

records, consistently report a prevalence of almost 15% with some single study reporting different 

values. For instance, Lafo et al. observed a 36% prevalence of CI among a highly comorbid 

population of veterans hospitalized primarily for HF; this population had also a notably high rate of 

hospital readmission (30-day readmission rate: 15%, 1-year readmission rate: 59%) and mortality 

(30-day mortality 6%, 1-year mortality 41%)[9]. Biagi et al. reported a 35% prevalence in another 

extensively comorbid cohort of 1444 patients admitted with a diagnosis of chronic HF to Internal 

Medicine Department [10]. Conversely, three studies reported a lower dementia prevalence (3.2%, 

6.9%, and 6.9%, respectively) considering a relatively low comorbid population [11–13]. 

Unfortunately, for the majority of these cohort studies the clinical subtypes of dementia/CI (vascular 

dementia vs Alzheimer’s disease (AD) are not available. The only published prospective data on mild 

CI (MCI) and HF originates with fully data available have been presented within the 

COGNITION.MATTERS HF study, following 148 patients for up to 6 years, collecting data on 

cognitive function, brain imaging, and inflammatory biomarkers [14]. The study's principal findings 

revealed that HF patients exhibited selective deficits in attention (41%) and verbal memory domains 

(28%), with medial temporal lobe atrophy (potentially indicating underlying AD-related pathology) 

identified as a probable structural correlate of cognitive dysfunction. Studies investigating the 

potential risk of CI development in HF patients remain limited and yield conflicting results (table 2). 

Most studies suggest a significantly higher risk compared to the general population (with HR ranging 

from 1.3 to 1.7), while a few show non-significant outcomes, possibly due to the relatively low 

number of HF patients in those studies [15–17]. In contrast, a Swedish nationwide analysis reported 

a potentially protective role of HF against dementia risk in patients with atrial fibrillation (AF) [18], 

hypothesizing that effective drug treatment in HF patients and higher mortality rates in the AF and 

HF subgroup might explain this unexpected result. A comprehensive meta-analysis by J.A. Cannon 

et al. involving 37 studies, demonstrated a significantly elevated risk of CI in HF patients (prevalence 

43%) compared to matched controls without HF [19]. It's worth noting that patients affected by CI 

are often excluded from clinical studies, and that may underestimate the actual prevalence. Included 

studies, however, exhibit significant heterogeneity, with dementia prevalence ranging from 10% to 

79%. Another meta-analysis by N. Li, which encompassed 119 studies, reported a pooled proportion 

of 41% in the 95 studies that examined CI using standardized tests. Several studies have explored the 

timing of cognitive decline in relation to the onset of HF. Most of these studies suggest that cognitive 
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decline tends to manifest after the onset of HF rather than before it. For example, Sterling et al. found 

that the prevalence of CI 1-18 months before HF onset was comparable to that in control subjects 

(14.9% [ 11.7-18.6%] vs. 13.4% [11.6%-15.4%], p<0.43) [20]. Similarly, Sun et al. reported a low 

prevalence of dementia in patients with newly diagnosed HF (4.2% in women and 2.5% in men) [11]. 

Regarding the impact of HF duration on cognitive decline, Hammond et al. reported a faster decline 

in Modified Mini-Mental State Examination (MMSE) scores over five years following HF onset [21]. 

Bressler et al. also found that the greatest six-year decline in cognitive test scores was significantly 

associated with an increased risk of developing HF [22]. In the ARIC study, Witt et al. observed that 

participants with HF had a higher prevalence of dementia (RRR = 1.60 [95% CI 1.13, 2.25]) and MCI 

(RRR = 1.36 [95% CI 1.12, 1.64]) at visit 5 (2011–2013), with a decline in cognition between visit 4 

(1996–1998) and 5 that was greater in those who developed HF after visit 4 [23]. Long-term data 

from Adelborg et al. indicated an increased risk of dementia in patients with HF over 1-35 years of 

follow-up, with risk ratios of 1.21 (95% CI 1.18–1.24) during the first 10 years, 1.19 (95% CI 1.11–

1.28) during 11-20 years, and 1.38 (95% CI 1.07–1.79) during 21-35 years [24]. Ren et al. further 

reported that 11.0% of patients developed new-onset dementia after a median follow-up of 4.1 years 

(IQR: 1.2–10.2) post-HF diagnosis, with a higher incidence in women (64%) [25]. Regarding the 

correlation between the severity of HF and the prevalence of CI, several studies have demonstrated a 

significant relationship. Lee et al. found that patients with New York Heart Association (NYHA) 

functional class II or higher were independently associated with cognitive decline [26]. Similarly, 

Brunén et al. confirmed that patients with NYHA class III-IV had a higher prevalence of CI [27]. The 

WARCEF trial highlighted an independent association between left ventricular ejection fraction 

(LVEF) and MMSE decline [28]. On the other hand, the ARIC cognition study found no significant 

difference in the incidence of CI between HF with reduced ejection fraction (HFrEF) and HF with 

preserved ejection fraction (HFpEF) patients [23]. Additionally, in acute decompensated HF, no 

significant disparity was observed in mean Montreal Cognitive Assessment (MoCA) scores or in the 

proportion of patients with MoCA scores below 26 between HFpEF and HFrEF groups [29]. The link 

between LVEF and cognitive function may be nonlinear, suggesting a potentially exponential 

association, with a stronger impact observed at lower LVEF levels compared to higher ones. Lastly, 

the potential misdiagnosis of depressive symptoms as cognitive impairment in older HF patients must 

be considered, as this could affect the accuracy of CI prevalence estimates. Some studies, have noted 

the difficulty in differentiating between CI and depression in these patients, highlighting the need for 

careful clinical evaluation [26]. 

Cardiovascular risk factors and cognitive impairment 
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Evaluation of the complex interaction between the heart and brain is necessary to address patient 

prognosis and well-being. The shared pathological pathways and risk factors, including AF, 

hypertension, obesity, and type 2 diabetes mellitus (T2DM), provide vital clues to understanding the 

causal link between HF and CI[30,31]. Poor perfusion, microembolic events, ischemic syndromes, 

cerebral inflammation, endothelial dysfunction with blood-brain barrier damage, and the presence of 

amyloid deposits may collectively contribute to unravelling the intricate relationship between HF and 

CI (Figure 1). 

 

Atrial fibrillation and cognitive impairment burden. The age-adjusted incidence rate of atrial 

fibrillation (AF), reported as 1.33 per 1000 person-years, exhibits a range from 0.13 per 1000 person-

years in individuals aged under 55 years, to 7.65 per 1000 person-years in those aged 85 years or 

older [32]. Multiple observational studies, along with several comprehensive meta-analyses, have 
Figure 15. Schematic diagram mapping the shared risk factors and underlying physiological mechanisms between heart 
failure and cognitive dysfunction 
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consistently highlighted that AF is closely linked to an elevated risk of CI and dementia. Notably, the 

extensive biracial population-based ARIC-NCS study, spanning two decades, found that individuals 

diagnosed with AF exhibited a substantially greater cognitive decline when compared to their 

counterparts who did not develop AF (HR 1.23, 95% Confidence Interval (CI) 1.04-1.45) [33]. 

Notably, even after rigorous adjustment for common confounding factors such as age, sex, education, 

apolipoprotein E, smoking, body mass index (BMI), arterial hypertension, type 2 diabetes mellitus 

(T2DM), coronary heart disease and stroke, the association remains significant, especially among 

younger patients. This underscores the autonomous role of AF in accelerating cognitive dysfunction, 

prompting further inquiry into its potential causal contribution. The primary driver of AF-induced CI 

is cerebral infarction. However, other proposed pathways include: 

• Cerebral Hypoperfusion: AF unsettles the heart's atrioventricular synchrony, leading to decreased 

cardiac output, stroke volume, and blood pressure. Research in elderly populations with persistent 

AF has revealed a connection to reduced total cerebral blood flow and impaired whole brain 

perfusion, as assessed by phase contrast Magnetic Resonance Imaging (MRI) of the brain [34]. 

• Inflammation and Systemic Atherosclerotic Vascular Disease: inflammation is believed to 

promote hypercoagulability and thrombus formation, potentially increasing the risk of stroke and 

disrupting cerebrovascular regulation, which has links to AD and vascular dementia. 

Inflammation may also serve as a nonspecific marker of atherosclerotic vascular disease. Recent 

studies have further explored the connection between inflammation, atherosclerosis, and atrial 

fibrillation (AF), highlighting the potential impact on cognitive decline [35]. 

• Microhemorrhage: the relationship between the burden of cerebral microbleeds, often attributed 

to oral anticoagulant therapy, particularly in lobar locations (overlapping with cerebral amyloid 

angiopathy, CAA), and cognitive function is a subject of ongoing debate [36,37]. 

Recent evidence suggests that rhythm-control strategies, particularly catheter ablation, are associated 

with a reduced risk of CI and dementia in patients with AF. A meta-analysis by Guo et al. found that 

rhythm-control therapy was significantly associated with a lower risk of future dementia (HR 0.74, 

95% CI 0.62–0.89) compared to rate-control strategies. Specifically, AF ablation was linked to 

significantly lower risks of overall dementia (HR 0.62, 95% CI 0.56–0.68), AD (HR 0.78, 95% CI 

0.66–0.92), and vascular dementia (HR 0.58, 95% CI 0.42–0.80) [38]. Notably, an American study 

of 38,176 patients demonstrated that catheter ablation was associated with a 41% lower risk of 

dementia compared to antiarrhythmic drugs (1.9% vs 3.3%; HR 0.59, 95% CI 0.52–0.67, P <.0001) 

[39]. Similarly, a nationwide cohort study in Korea involving 11,726 AF patients reported a reduced 

risk of dementia with catheter ablation compared to antiarrhythmic or rate-control drugs alone (HR 

0.73, 95% CI 0.58–0.93) [40]. 
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Hypertension and cognitive impairment burden. Hypertension affects approximately 1.4 billion 

adults, 31% of the adult population, worldwide [41]. Recent findings from a comprehensive meta-

analysis conducted by Qin and colleagues revealed a noteworthy association between hypertension 

and MCI, with an overall pooled prevalence of 30%. Interestingly, MCI prevalence in hypertensive 

patients demonstrated regional disparities, with rates of 26% in Asia, 40% in Europe, and 17% on a 

global scale. After age-stratification, the prevalence of MCI was 44% (95% CI: 1–86) in hypertensive 

patients under 60 years old compared to 28% (95% CI: 24–32) in those aged 60 and above. It is 

important to note that the younger age group’s data is based on only two studies, leading to a wide 

confidence interval [42]. Mehra et al. reported a notably high prevalence of 66% for MCI in their 

study on the impact of hypertension on cognitive functions. In this study, 45.7% of participants had 

metabolic syndrome, a rate significantly higher than in the general population (9.2%–41%). Those 

with metabolic syndrome exhibited poorer cognitive performance across all domains of the MoCA, 

even after adjusting for age, education, depression severity, and illness duration. Lower education 

levels, lower income, and higher age were significantly associated with lower MoCA scores [43]. 

Additionally, the use of MoCA, which may lack precision in individuals with lower education levels, 

could contribute to the high prevalence reported [44]. Hypertension might play a pivotal role in the 

pathophysiology of CI, with a multifaceted impact on vascular structure. The potential connection 

between hypertension, HF and CI [45] is driven by a complex interplay of mechanical, cellular, and 

molecular factors that trigger vascular smooth muscle cell remodelling [46]. Hypertension fosters the 

development and accumulation of atherosclerotic plaques in key arteries, including the carotid, 

vertebral, and intracranial cerebral arteries. It is closely associated with or often preceded by arterial 

stiffening, attributed to various factors such as collagen deposition and elastin fragmentation. This 

stiffening elevates pulse pressure and enhances mechanical stress transmission through the 

cerebrovascular system, leading first to small vessel adaptive changes aimed at protecting the 

downstream microcirculation, and then to small penetrating arteries fibrotic thickening that are a 

common feature in both HF and dementia. Furthermore, microvascular rarefaction, which involves a 

reduction in vascular density encompassing both capillaries and arterioles, is observed in both human 

subjects and animal models of hypertension [47,48]. It is believed to result from the increased 

pressure transmitted to the microvascular bed. Given the limited presence of vessels in the white 

matter, this phenomenon may contribute to the development of white matter lesions. Cerebral 

microhaemorrhages are closely associated with hypertension [49,50] and are linked to compromised 

cognitive function. The progression of white matter hyperintensities and small vessel disease appears 

to correlate in several longitudinal studies with the duration of hypertension and the poor effectiveness 
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of blood pressure control [51]. Another characteristic of small vessel disease involves the enlargement 

of the perivascular space surrounding intracerebral arteries and veins. 

 Obesity, type 2 diabetes mellitus and cognitive impairment burden. In a nationwide survey 

conducted by the National Health and Nutrition Examination, the age-adjusted prevalence of obesity 

in the U.S. was recorded at 42.4% in 2017–2018, demonstrating variations across age groups: 40.0% 

for individuals aged 20–39, 44.8% for those aged 40–59, and 42.8% for adults aged 60 and above 

[52]. Additionally, a robust, dose-dependent relationship has been established, connecting higher BMI 

levels with an increased risk of heart failure, particularly in patients with HFpEF [53,54]. A multitude 

of deleterious pathological features, such as insulin resistance, gut dysbiosis, oxidative stress, 

inflammasome activation, and systemic inflammation, are associated with obesity and T2DM [55–

57]. Each of these pathological features may contribute to neuroinflammation and brain injury. 

Chronic systemic inflammation is a hallmark of obesity and can be instigated by adipose tissue 

expansion (adipocyte hypertrophy and proliferation). Adipose tissue expansion promotes a hypoxic 

environment where adipocytes undergo apoptosis, causing further inflammation[58]. Adipokines are 

of particular interest due to their ability to modulate insulin resistance, dysregulate the gut-brain axis, 

and increase systemic inflammation, which may contribute to the development of neuroinflammation 

and dementia pathology[59]. Impaired insulin signalling may be one of the early drivers of amyloid 

deposition in AD, showing how this morbidity can link the pathology of T2DM and AD. Research 

has shown that insulin degrading enzyme can break down Aβ, indicating that insulin resistance could 

potentially contribute to changes in Aβ metabolism and increased amyloid pathology in AD[60]. 

Insulin resistance in murine models has been shown to promote amyloid precursor protein (APP) 

phosphorylation and to increase the formation of amyloid plaques in the brain[61], moreover insulin 

resistance has been shown to contribute to neuroinflammation and neurodegeneration [62,63].   

Physical inactivity and cognitive impairment burden. It’s crucial to underscore the pivotal role of 

physical inactivity in patients with HF, particularly in the context of cognitive function. Studies have 

compellingly demonstrated that physical inactivity is significantly associated with CI in HF patients, 

in terms of executive function, attention, processing speed, and cognition screening scores [64]. This 

evidence emphasizes the critical need for interventions aimed at reducing sedentary behaviour and 

increasing physical activity levels. Engaging in regular physical activity not only improves cognitive 

function but also holds potential for reducing depression and enhancing overall well-being [65]. 

Higher levels of physical activity, measured in terms of step count and time spent in moderate-

vigorous activity, have consistently shown positive correlations with improved cognitive function, 

while lower physical activity levels have been associated with cognitive dysfunction [66]. 
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Hyperlipidaemia and cognitive impairment burden Atherosclerosis, the hallmark of hyperlipidemia, 

is a systemic process that affects large and small blood vessels throughout the body, including the 

brain. Furthermore, the brain is highly dependent on cholesterol for membrane structure and function. 

Dysregulation of cholesterol metabolism has been linked to CI, and it has been suggested that 

cholesterol-lowering therapies could reduce the risk of cognitive dysfunction. [67,68].  

 

Translational implications  

The connection between HF and CI extends beyond shared risk factors; HF itself can potentially 

contribute to cognitive dysfunction. Complex interactions occur at multiple levels between AD 

hallmarks, such as extracellular senile plaques rich in Aβ peptide, intraneuronal neurofibrillary 

tangles (NFTs) composed of hyperphosphorylated microtubule-binding protein tau (p-tau), and key 

CV disease features, including neuroinflammation, cerebrovascular dysfunction, blood-brain barrier 

(BBB) injury, and cerebral amyloid angiopathy (CAA) [3,69]. Recent evidences suggests that AD 

and cerebrovascular dementia are part of a disease continuum, where intersecting pathways can 

favour either vascular or parenchymal amyloid deposition. The primary amyloid peptide in 

parenchymal lesions of AD is Aβ1-42, while Aβ1-40 is more prevalent in peripheral atherosclerotic 

lesions. Factors altering the Aβ1-40/-42 ratio, like apolipoprotein E4, favour amyloid deposits in the 

form of cerebral amyloid angiopathy rather than parenchymal plaques. This preference for Aβ species 

in different tissues may result from substantial Aβ1-40 production by platelets, plaque-invading 

macrophages, endothelial cells, and vascular smooth muscle cells. Additionally, APOE isoforms have 

varying effects on Aβ production, aggregation, and clearance [70]. Specifically, the APOEe4 allelic 

variant represents the most potent genetic risk factor for sporadic AD and identifies a distinct 

clinicopathological entity, while APOEe2 is associated with a lower AD risk [70]. Nevertheless, 

evidence suggests that APOEe4 is linked to compromised cerebrovascular integrity and function, 

contributing to blood-brain barrier dysfunction and serving as a risk factor for CI due to 

cerebrovascular dementia, both in the presence and absence of AD pathology. 

Heart failure pharmacotherapy and cognitive impairment. The effect of pharmacological therapy 

for HF on cognitive dysfunction has been a topic of investigation, with specific focus on certain 

medications. While anticoagulation's established role in reducing incident dementia in AF patients 

is well-known, its impact on HF patients without known AF remains uncertain. Experimental studies 

suggest that anticoagulant agents, such as heparin and enoxaparin, may inhibit amyloid beta 

neurotoxic effects through their glycosaminoglycan structure, affecting APP function and BACE1 
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activity [71]. The evidence regarding their effect on cognitive test performance and covert infarcts in 

stable CAD or peripheral artery disease patients treated with rivaroxaban and aspirin is inconclusive. 

 Angiotensin receptor-neprilysin inhibitors (ARNIs) are theorized to potentially impact cognitive 

function by affecting amyloid beta peptides in the central nervous system. Neprilysin inhibition could 

reduce their breakdown, while increased bradykinin levels may damage the blood-brain barrier and 

contribute to amyloid plaque deposition [72]. The real-world analysis of the PARADIGM-HF trial 

did not demonstrate these effects[73]. Similarly, inhibition of angiotensin-converting enzyme (ACE) 

may influence the availability of amyloid beta peptides. ACE inhibitors (ACEIs) have been found to 

increase levels of Ab1-42, while the results for Ab1-40 levels have shown inconsistency, with either 

an increase or no change observed. While pathophysiological hypotheses and in-vitro studies suggest 

potential mechanisms, clinical data also managed to shed light on this matter. For instance, in a study 

involving 1220 patients admitted with HF, abbreviated mental test scores improved from admission 

to discharge in 30% of patients after the initiation of ACEIs, compared to 22% of HF patients not 

receiving these drugs (odds ratio, 1.6 [95% CI, 1.2–2.1]) [74]. The role of sodium-glucose 

cotransporter-2 inhibitors (SGLT2Is) is also being explored; in a prospective study of 162 frail 

patients with diabetes, HFpEF, and baseline MoCA scores <26, empagliflozin monotherapy 

correlated with improved MoCA scores 1 month after admission, whereas treatment with insulin or 

metformin did not. It's important to note that the authors did not control for treatment duration or 

serum glucose levels [75]. These findings suggest a potential cognitive benefit associated with 

SGLT2Is in HF patients, and further research is needed to elucidate the mechanisms behind these 

effects and to explore the long-term cognitive implications of this therapy. Recent studies have shown 

promising outcomes for glucagon-like peptide-1 receptor agonists (GLP-1 RAs) in obese patients 

with HFpEF [76]. Four meta-analyses have been conducted to assess the influence of GLP-1 RAs on 

cognitive function in individuals with T2DM [77–80]. However, it's important to note that none of 

these analyses specifically investigated the cognitive effects in patients with HF, highlighting the need 

for further research to better understand the potential effects of GLP-1 RAs on cognitive function 

[81]. Despite the significance of CI potentially linked with HF, major pharmacological trials, 

including those involving ARNIs and SGLT2 inhibitors, have not extensively reported on this aspect. 

It may not be feasible to include dementia patients in these trials, but the inclusion of patients with 

MCI could provide valuable insights, considering the potential impact on adherence and treatment 

efficacy.  

Clinical Implications of MCI in patients affected by HF:  
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CI and brain health in HF patients have profound clinical implications, evident in a meta-analysis of 

over 10,000 individuals, highlighting reduced treatment adherence, compromised self-care abilities, 

and a decreased likelihood of seeking assistance among those with CI [82]. While HF guidelines 

underscore the importance of recognizing cognitive impairment, especially in the context of frailty, 

communication challenges, and end-of-life decisions, they currently lack specific recommendations 

for routine screening or diagnosis in clinical practice. Additionally, insights from the Registro de 

Insuficiencia Cardiaca (RICA) suggest that HF patients with severe CI face heightened mortality and 

morbidity risks, characterized by advanced age, increased comorbidity burden, lower survival rates, 

and a higher incidence of death or readmission at 1 year [27]. Nevertheless, acknowledging this 

association is crucial as it influences the risk/benefit ratio of various therapeutic interventions. The 

efficacy of pharmacotherapy and procedural interventions may be constrained if patients have limited 

life expectancy to derive benefits. For instance, if life expectancy is less than one year, the probability 

of benefit from interventions such as implantable cardioverter-defibrillators or transcatheter 

mitral/aortic valve procedures is low, and hence not warranted [83]. 

Beyond clinical implications, the economic impact of cognitive impairment in HF warrants attention, 

emphasizing the need for a comprehensive bioeconomical assessment to address the multifaceted 

challenges posed by this condition. 

To address a promptly diagnose of MCI in patients with HF, van Nieuwkerk and colleagues have 

proposed a two-step algorithm [84]. The first step involves inquiring about substantial cognitive 

decline noted by patients or their relatives over the past year, followed by assessing its impact on 

daily life. A positive response triggers cognitive screening, as some patients with severe deficits may 

not perceive their cognitive problems. Clinical suspicion, raised by unexplained falls, medication 

errors, history of delirium, or depressive symptoms, also warrants screening, especially in patients 

over 65. The second step involves a multidomain cognitive screening test tailored to the patient's 

baseline cognitive level. Given that executive functioning and memory are commonly affected in 

cardiac patients, screening tools should cover these domains. The MoCA and MMSE are commonly 

used for global cognition assessment. MMSE, with a cutoff of 24 points, exhibits good sensitivity 

and negative predictive value but lower specificity for dementia. MoCA, designed for MCI, is more 

sensitive but has lower specificity for dementia [85]. An optimal MoCA cutoff may be 26, showing 

excellent sensitivity and negative predictive value but poorer specificity for dementia. The Informant 

Questionnaire on Cognitive Decline in the Elderly (IQCODE) is useful for proxies in assessing 

cognitive trajectories [73]. Multidomain cognitive screening tool, such as MoCA or the MMSE or 

similar digital cognitive testing [86] stratify risk and inform the need for referral to specialist memory 
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services. HF patients might be affected by multiple domains CI (including attention, executive 

function, language, memory, and visual-spatial capacities). The inclusion of standardized 

neurocognitive outcomes within cardiovascular trials could serve as a beacon for identifying high-

risk patients. NeuroARC, with its commitment to standardized neuropsychological endpoint 

definitions, advocates for the integration of cognitive screening at each trial visit, possibly leveraging 

the MoCA as a valuable tool [87]. The current landscape lacks reliable imaging and blood biomarkers 

for identifying individuals at risk for AD or cognitive decline[88,89]. Integrating such biomarkers 

into screening strategies could significantly advance the identification of high-risk patients and 

improve overall cognitive assessment in the HF population [75]. 

Management  

A recent statement from the American Heart Failure Society highlights that there are no specific 

interventions proven to improve cognition or delay the progression of CI in patients with HF [90]. 

Potential approaches include the treatment of contributing factors, the promotion of physical activity, 

leaving specific advanced neurologic pharmacotherapies for selected cases[91] (figure 2).  

 

1) Given the intricate nature of medication schedules and the prevalence of medication-related issues 

among individuals with HF and CI, physicians must meticulously assess and reconcile medication 

plans. Implementing strategies to enhance outcomes in this context may involve deprescribing, a 

Figure 16. Potential Approaches for Managing Cognitive Dysfunction in Heart Failure Patients. This diagram outlines various 
pharmacological and non-pharmacological strategies for addressing cognitive dysfunction in individuals with heart failure. 
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supervised process of medication discontinuation. Candidate medications for deprescribing might 

include those known to exacerbate HF and/or listed in criteria such as the Beers criteria [92], 

which identifies medications with potential risks outweighing benefits in older adults, particularly 

concerning cognition. Additionally, treating comorbidities can further improve outcomes in this 

patient population (i.e. pressure control in hypertensive patients and rhythm control in AF patients 

[93].  

2) Despite the pleiotropic effect of exercise training in HF, including enhancements in exercise 

capacity, cardiac function, peripheral effects, and quality of life, limited research has explored the 

impact of physical exercise on individuals with HF and MCI. Tanne et al. demonstrated cognitive 

improvements in 20 severe HF patients after an 18-week supervised exercise program [94]. 

Redwine et al. reported similar enhancements in cognitive performance in 69 HF participants with 

tai chi and resistance band exercises over 16 weeks [95]. However, Kitzman et al. did not observe 

cognitive improvements in 349 HF patients following a 12-week rehabilitation program (multi 

domain physical rehabilitation program emphasising strength, balance, mobility, and endurance) 

[96].Conversely, Gary et al. found improved verbal memory in 69 HF participants with combined 

exercise and cognitive training over three months [97]. The aforementioned studies have poorly 

defined interventions, and short follow-up durations, thereby posing a high risk of bias. 

3) New pharmacotherapeutic agents have emerged for addressing distinct categories of cognitive 

dysfunction. Cholinesterase inhibitors (such as donepezil, rivastigmine, and galantamine) are 

presently advocated for managing MCI and dementia associated with AD. However, the utility of 

cholinesterase inhibitors in cognitive impairment unrelated to AD (for example in vascular CI) is 

not supported by evidence; this raises concerns regarding heightened risk of adverse effects (e.g., 

cardiac and gastrointestinal), alongside varying levels of evidence quality. Consequently, 

consensus guidelines do not advocate for the use of cholinesterase inhibitors in treating cognitive 

impairment not associated with AD due to the off-label nature and lack of evidence-based support 

for such usage [98]. Recently, disease-altering monoclonal antibodies have gained approval for 

treating individuals with MCI and dementia arising from AD. Phase 3 trials have demonstrated 

the efficacy of monoclonal antibodies (aducanumab-avwa; lecanemab-irmb) in diminishing 

amyloid-beta plaques within the brain, resulting in moderate alleviation of CI [99,100]. However, 

both treatments are associated with an increased vulnerability to amyloid-related imaging 

abnormalities, including cerebral microhemorrhages, cerebral macrohemorrhages, superficial 

siderosis, brain edema, or sulcal effusion. Subjects with HF were excluded from these clinical 

trials, considering the widespread use of anticoagulation in HF patients. However, the benefit and 

targets of disease-modifying treatment beyond classical AD is still ongoing and definitively need 
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to be updated according to new findings and prospective results.  

Conclusions 

In conclusion, the intricate relationship between HF and CI underscores the urgent need for a 

comprehensive approach to patient care. Both conditions are subject to similar disease processes and 

pathophysiological mechanisms, emphasizing their close interplay. The profound impact of CI on HF 

self-care and independence further emphasizes the importance of addressing cognitive health in HF 

management, with significant implications for patient prognosis and quality of life. This accentuates 

the critical need for treatment strategies capable of addressing the cognitive dysfunction associated 

with HF, leading to improved patient brain health and well-being. 
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Abstract

Large clinical data underscore that heart failure is independently associated to an increased risk of negative cognitive outcome
and dementia. Emerging evidence suggests that cerebral hypoperfusion, stemming from reduced cardiac output and vascular
pathology, may contribute to the largely overlapping vascular dementia and Alzheimer’s disease. Despite these insights, cog-
nitive outcomes remain largely overlooked in heart failure management. This narrative review outlines the prevalence and risk
of cognitive impairment in heart failure patients, exploring potential shared pathophysiological mechanisms and examining
the impact of heart failure therapy on cognitive deficits. Additionally, it discusses clinical implications and suggests future
treatment approaches targeting therapeutic outcomes. Cognitive impairment is prevalent among individuals with heart fail-
ure, with reported rates varying widely depending on assessment methods. Shared pathological pathways and risk factors, in-
cluding atrial fibrillation (AF), hypertension, obesity and type 2 diabetes mellitus, suggest a causal link. Mechanisms such as
poor perfusion, microembolic events, ischaemic syndromes and cerebral inflammation contribute to this relationship. More-
over, heart failure itself may exacerbate cognitive dysfunction. This emerging understanding posits that vascular dementia and
Alzheimer’s disease may represent a pathophysiological continuum, driven by both the accumulation of misfolded proteins
and cerebrovascular pathology due to cardiovascular dysfunction. Understanding these links is crucial for developing effective
treatment strategies. The complex interplay between heart failure and cognitive impairment underscores the necessity for a
holistic patient care approach. Both conditions share analogous disease processes, influencing self-management and indepen-
dence in patients. Prioritizing brain health in heart failure management is essential to enhance patient prognosis and general
well-being.
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Introduction

Heart failure (HF) is a prevalent condition, affecting at least
26 million people worldwide and posing a significant social
and economic impact on public health. Based on a US inves-
tigation, healthcare costs for HF vary from $441 to $1585
per-patient-per-month (PPPM), depending on the patient’s

condition, whether stable or experiencing a worsening HF
event.1 This burden is expected to increase as the global pop-
ulation ages, with HF prevalence predicted to double within
40 years.2 Similarly, mild cognitive impairment (CI), defined
as a statistical construct denoting performance on cognitive
tests consistently below age- and education-specific norms,3

and its severe form, dementia, are also associated with
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4.3 Data Specification and AI Grounding: Methodological framework 

The Dorian Gray Project's methodology is founded on a rigorous, multi-phased approach, 

conceptualized to translate the complex causality of the heart-brain axis into an actionable digital 

twin. This framework is characterized by the establishment of a large-scale multimodal data 

foundation, the design of a cascading AI model suite, and the integration of a real-time behavioral 

intervention system. 

1. Multimodal Data Foundation and Harmonization 

The project is grounded in high-volume, heterogeneous retrospective data, a critical step that dictates 

the feasibility and training of all downstream AI models. 

Data Scale and Scope: The foundation leverages data on over 55,000 individuals from 10 international 

observational and clinical cohorts across four European countries and the USA, with a total of 

∼235,000 individuals when including real-world clinical data from the USA. The cohorts cover 

middle-to-older age adults with up to 23 years of follow-up on cognitive function (Table 1). 

Multimodal Input Specification: The framework mandates the integration of diverse data types to 

capture the complexity of the disease: 

- Neuroimaging Features (MRI): Extraction of standardized features, including volumetric indices 

(e.g., cortical thickness via FreeSurfer), cerebral Small Vessel Disease (cSVD) features (e.g., 

automated detection of White Matter Hyperintensities and cerebral microbleeds), and 

hemodynamic/functional connectivity parameters. 

- Omics Data: Harmonization of metabolomic (up to 251 metabolites) and proteomic data (up to 

3072 proteins via Olink/SOMAscan platforms). Harmonization techniques, such as z-scores for 

relative measurement units and Mendelian Randomization for validation, are used for robust 

biomarker selection. 

Data Architecture (CDM): All heterogeneous data will be harmonized into a Common Data Model 

(CDM), which is interlinked with international standards like SNOMED-CT, ICD, and OMOP to 

ensure interoperability and reuse (FAIR principles). 

2.  Cascading AI Model Suite (PROBAI Models) 

The AI modeling approach unfolds across three distinct phases, moving from interpretable causality 

to advanced "black box" prediction, ultimately integrating a language model for knowledge 

refinement. 

Phase 1: Explainable and Causal Modeling (PROBAI_STATIC & PROBAI_DYN): This phase 

employs interpretable "white box" methods like Random Forest and XGBoost for initial multi-

modality data exploration and feature selection. Causal Inference is integrated using Causal Bayesian 

Networks (CBNs) and Fuzzy Logic Probability Trees (FPDT) for static modeling and Dynamic  
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Bayesian Networks (DBNs) for dynamic modeling, advancing beyond mere correlation to establish 

causal understanding. This foundation is crucial for interpretability and robustness. 

Phase 2: "Black Box" Methods and Digital Biomarkers: The predictive accuracy is enhanced using 

advanced deep learning techniques, including Convolutional Neural Networks (CNNs) and Graph 

Neural Networks (GNNs) (or hypergraph neural networks) to process unstructured and relational 

data. Transformer-based architectures are employed for temporal data analysis, extracting deep causal 

relationships over time from longitudinal data streams.The core goal is to replace or extend 

conventional biomarkers with digital features (digital biomarkers) extracted from passive and active 

data sources (e.g., smartwatches, exergame performance). 

Phase 3: Knowledge Refinement (Tiny Language Model): A compact language model (LM) is 

developed as an add-on and combined with a knowledge graph (generated from causal models) using 

techniques like Retrieval-Augmented Fine Tuning (RAFT) to specialize the LM for CVD and MCI-

related knowledge. 

3. Digital Twin & Behavioral Intervention Loop 

The final stage involves deploying the AI models into the PORTRAIT platform to support real-time 

clinical decisions and personalized behavioral change interventions.  

The PORTRAIT Platform: This cloud platform acts as the Digital Twin backbone, integrating the AI 

models and ensuring seamless multi-source data ingestion, scalability, and security. 

 

Table 1. Datasets for development and validation of the AI model 
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AI-Driven Coaching System (CS): The Digital Twin feeds the CS with real-time predictions and 

actionable insights. This system implements a Behavioral Change Interventional Framework (ABCE 

logic), providing personalized guidance and feedback through the MIRROR app.  

- The CS is grounded in the Health Action Process Approach (HAPA) model, structuring the 

intervention into motivational and volitional phases.  

- Real-time data from wearables and exergame performance dynamically adapt the physical-

cognitive training sessions, ensuring personalization based on adherence and performance levels. 

Clinical Dashboard: The system culminates in a dashboard for Healthcare Professionals (HCPs) that 

integrates all multi-source prospective data, risk predictions, trajectories, and Explainable AI (XAI) 

versions of the model paths for each patient, facilitating interpretability and informed decision-

making.  

This comprehensive and layered methodological framework represents a significant and novel design 

for integrating multimodal AI, causal inference, and dynamic behavioral intervention in 

cardiovascular health. 
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4.4. Clinical Trial Design for AI System Validation: The COGIT-HF protocol 

As the final, crucial step in validating the DORIAN GRAY Digital Twin and its therapeutic strategy, 

the project will be tested in the investigator-initiated COGIT-HF trial. This randomized controlled 

trial (RCT) is designed to evaluate the feasibility and initial efficacy of the AI-augmented 

multidomain intervention in a high-risk patient population, directly addressing the limitations of 

current non-specific interventions in the heart-brain axis. 

 

Trial Objectives and Rationale 

The trial's design is driven by the urgent need for personalized interventions for cognitive decline in 

heart failure (HF) patients. Existing multidomain interventions show promise (e.g., FINGER study28), 

but lack personalization and struggle with adherence. COGIT-HF aims to overcome these limitations 

using the digital twin approach. 

Objective Category Specific Goal 

Primary Objective 
(Feasibility) 

To evaluate the feasibility of the avatar-based coaching exergame (ABCE) 
on top of Optimal Medical Therapy (OPT) versus OPT alone in improving 
cognitive function in patients with HF and MCI across five European 
countries. 

Secondary Objectives To assess adherence to the digital treatment and its impact on quality of life 
(KCCQ-23 scores). 

Exploratory / Translational 
Objectives 

Inform sample-size calculation for a future full-scale RCT, develop and refine 
the patient-specific digital-twin model using longitudinal data, and identify 
and validate novel digital biomarkers from continuous monitoring. 

 

Study Design and Population 

The COGIT-HF trial is structured as a pilot randomized controlled trial. 

Trial Setting: Participants will be recruited from at least five hospitals throughout Europe. 

Study Population (Inclusion Criteria): 

- Men and women aged ≥55 years. 

- Chronic Heart Failure (HF) defined according to ESC 2021 guidelines (LVEF <50% and/or 

increased natriuretic peptides). 

- Mild Cognitive Impairment (MCI) defined as 18 ≥ MoCA score ≤26. 

Intervention and Randomization: Eligible participants will be randomized to one of two arms: 

- Standard of Care Arm (OPT): Optimal Medical Therapy alone. 

- Intervention Arm (OPT + ABCE): Optimal Medical Therapy plus access to the Digital Avatar-

Based Coaching Exergame (ABCE). 

Randomization is stratified by country and uses random permuted blocks. 
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The Intervention: Avatar-Based Coaching Exergame (ABCE) 

The intervention arm receives the ABCE, which is the core of the digital therapeutic tested in the 

DORIAN GRAY trial. It delivers a multidomain intervention through the MIRROR app. 

Multidomain Focus: The program integrates dual-task paradigms, combining physical exercise 

(Aerobic/Cardiovascular, Strength, Flexibility, Balance) with cognitive stimulation (Attention, 

Memory, Problem Solving). 

Personalization Loop: Participants engage in structured sessions 3−5 times per week. A smartwatch 

continuously collects physiological data (e.g., heart rate, sleep, activity). This real-time data feeds the 

digital twin model to continuously adapt and personalize the exercise intensity, difficulty, and 

cognitive task complexity, ensuring safety and optimal progression. 

Coaching Component: The digital coach provides personalized feedback and supports experiential 

learning, reinforcing medication adherence and healthy lifestyle behaviors. 

 

Key Outcome Measures 

The trial measures outcomes reflecting both clinical status and the technological success of the digital 

twin design. 

Outcome Measurement Timepoint Focus 

Primary Endpoint Change in NTB Global Z-score (a composite cognitive 
measure) 

Clinical 
Efficacy/Cognition 

Key Secondary 
Endpoints 

Changes in CANTAB remote-testing, Quality of Life (KCCQ 
scores), and adherence to the digital treatment 

Quality of 
Life/Adherence 

Mechanistic 
Endpoints 

Changes in Blood Biomarkers (pTau217, NfL, GFAP), 
and Functional MRI (resting state imaging) at baseline and 12 
months 

Biological 
Mechanism 

Digital 
Biomarkers 
(Exploratory) 

Assessing predictive performance of combined models (clinical 
+ biological + digital) using continuous data features (e.g., 
HRV, sleep fragmentation, in-app accuracy/time-to-response 
metrics) 

AI Validation/Model 
Refinement 

 

The COGIT-HF trial is critical to fulfilling the translational aims of the doctorate, demonstrating the 

viability of using an AI-augmented digital twin to deliver personalized, effective care to complex, 

high-risk cardiac populations. 
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5. Conclusions 
The goal of this doctoral work, "Applications of Artificial Intelligence in Cardiology: Methodological 

Advances and Three Use Cases," was to demonstrate the transformative potential of artificial 

intelligence in cardiology, shifting the paradigm from reactive to predictive, personalized, and 

proactive healthcare. This thesis successfully explored three major, complementary applications of 

AI, each addressing a critical unmet clinical need and contributing significantly to the methodological 

landscape of AI in Medicine. 

 

5.1. Main Contributions of This PhD 
The collective contribution of this thesis is defined by the strategic application of diverse AI 

technologies across three distinct levels of the clinical ecosystem: Opportunistic Screening, 

Foundation Models, and Personalized Digital Intervention.  

 

1. Contribution to Scalable and Low-Cost Screening (Use Case 1) 

This work established the viability of Opportunistic Screening by successfully extracting latent 

prognostic value from ubiquitous, low-cost imaging. 

Clinical Impact: We demonstrated that Deep Learning (DL) models applied to routine Chest X-Rays 

(CXR) can accurately predict significant Coronary Artery Disease (CAD) for diagnostic triage and 

long-term all-cause mortality in high-risk cohorts. 

Methodological Innovation: The research confirmed that the DL model could differentiate the 

severity and extension of CAD and that the DL-derived CXR risk score acts as a strong independent 

determinant of severe CAD and long-term mortality, often outperforming traditional clinical risk 

scores like the Diamond-Forrester score. This validates CXR as a powerful source of underutilized 

prognostic biomarkers. 

 

2. Contribution to Generalizable Diagnostic Tools (Use Case 2) 

This work marked a methodological leap forward by pioneering the Foundation Model paradigm for 

ECG interpretation, addressing the inherent limitations of fragmented, task-specific AI systems. 

Clinical Impact: We developed HuBERT-ECG, a large-scale, self-supervised foundation model pre-

trained on 9.1 million ECGs. This model proved highly versatile and generalized, achieving high-

accuracy detection for 164 cardiovascular conditions and demonstrating capability in three major 

roles: primary diagnosis, supportive diagnosis, and predicting future cardiovascular events. 

Methodological Innovation: By using self-supervised learning on vast, unlabeled data, HuBERT-ECG 

significantly enhanced performance, particularly in complex scenarios (e.g., boosting AUROCs for 
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Heart Failure and Coronary Heart Disease prediction when fine-tuned on multimodal data). This 

establishes a new, flexible baseline for AI-ECG applications. 

 

3. Contribution to Personalized Digital Intervention (Use Case 3) 

This work provided the foundational blueprint for constructing an AI-augmented Digital Twin 

ecosystem, laying the methodological and clinical ground for next-generation personalized 

prevention. 

Clinical Impact: Through the Horizon Europe-funded DORIAN GRAY Project, we conceptualized a 

multimodal, personalized, and adaptive intervention to target the critical link between Cardiovascular 

Disease and Mild Cognitive Impairment. 

Methodological Innovation: We designed a rigorous framework for integrating high-dimensional 

retrospective data (Omics, Neuroimaging) with Real-World Data (RWD) from smartwatches via the 

PORTRAIT platform. This enables a cascading AI model suite (PROBAI Models) focused on causal 

inference and dynamic prediction, validated through the dedicated COGIT-HF randomized trial 

protocol. 

 

5.2. Broader Implications and Recommendations 
The findings across these three use cases offer clear implications for both clinical practice and public 

health stakeholders: 

• For the Healthcare System (Efficiency and Equity): The demonstrable power of AI in repurposing 

ubiquitous and affordable tools like CXR and ECG validates a strategy for large-scale, low-cost 

screening. Deploying such systems can enhance efficiency, rationalize diagnostic triage, and 

promote more equitable access to preventative risk stratification. 

• For Clinicians (Prediction and Decision Support): Foundation models like HuBERT-ECG 

represent a paradigm shift from narrow, single-task algorithms to versatile, generalizable AI allies 

that can extract multi-dimensional physiological fingerprints, thereby enhancing precision and 

broadening the diagnostic capability of routine tests. 

• For Patients (Personalization and Adherence): The Digital Twin methodology developed in 

DORIAN GRAY offers a path toward truly personalized medicine. By dynamically adapting 

interventions (ABCE) based on continuous individual data, AI can overcome traditional barriers 

to adherence, fostering patient empowerment and enhancing the efficacy of multidomain 

therapies. 

• For Future Research (Methodological Advancements): The challenges encountered underscore 

the ongoing need for research into Explainable AI (XAI), robust model validation in diverse 
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cohorts, and the ethical management of complex, real-world data streams to build trust and ensure 

fairness in AI-assisted medicine. 

In conclusion, this thesis confirms that Artificial Intelligence is not merely an auxiliary tool but a 

foundational element of future cardiovascular medicine, capable of delivering measurable 

advancements in risk prediction, patient management, and health system efficiency. 
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