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LIST OF ABBREVIATIONS AND TERMS  
 

In this research, diverse statistical metrics are used to assess the reliability and clinical useful-

ness of predictive models. Without context, these metrics can often be challenging to interpret, 

as each emphasises different aspects of model performance. To facilitate comprehension, this 

review provides a concise glossary of commonly cited measures—such as discrimination indi-

ces, calibration, and reclassification metrics—alongside standard diagnostic measures, such as 

sensitivity, specificity, and predictive values.  

 

Table 1. List of Abbreviations 

Abbrevia-
tions 

Full Term / Definition Context in This Review 

AI Artificial Intelligence Broad computational approaches 
used in medical imaging and analytics 

ML Machine Learning Data-driven AI methods learn fea-
ture–outcome associations 

DL Deep Learning Multilayer neural networks for end-
to-end image analysis 

CNN Convolutional Neural Network Core DL architecture for fundus im-
age tasks 

Transformer / 
Swin 

Self-attention DL architecture (e.g., Swin 
Transformer) 

Captures long-range image context; 
stability in retinal CVD prediction 

Reti-CVD Retinal Cardiovascular Disease biomarker DL risk enhancer predicting 10-year 
CVD risk/events 

RetiCAC Calcium in the coronary artery (equivalent) DL model estimating CAC-equiva-
lent risk from fundus images 

Reti-WHO Retinal WHO 10-year risk DL reproduction of WHO 10-year 
CVD risk from fundus photos 

XMACE Explainable MACE model (two-stage) DL first predicts 10 risk factors → 
and then 5-year MACE 

rpCVD CVD model of retinal photography (pri-
mary care) 

Pragmatic screening workflow in 
clinics 

DL-FAS Deep-Learning Funduscopic Atherosclero-
sis Score 

Fundus-based surrogate related to ca-
rotid atherosclerosis/mortality 

CAC Coronary Artery Calcium CT biomarker of coronary atheroscle-
rosis 

CIMT Carotid Intima-Media Thickness Ultrasound atherosclerosis surrogate 
PWV Pulse Wave Velocity Arterial stiffness marker (vascular 

ageing) 
baPWV Brachial-Ankle Pulse Wave Velocity Peripheral arterial stiffness index 
CRAE / 
CRVE 

Equivalent Central Retinal Arteriolar / Ven-
ular 

Quantitative vessel calibre metrics 

FRS Framingham Risk Score Traditional 10-year risk calculator 
SCORE / 
SCORE2 

Systematic Coronary Risk Evaluation (2) European CVD risk models 

QRISK3 QResearch Cardiovascular Risk Algorithm 
v3 

UK 10-year CVD risk calculator 

PCE Pooled Cohort Equations US AHA/ACC 10-yr ASCVD risk 
equation 
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ASCVD Atherosclerotic Cardiovascular Disease Composite outcome (e.g., MI, stroke, 
CV death) 

MACE Major Adverse Cardiovascular Events Composite clinical endpoint 
MI Myocardial Infarction Event endpoint in several analyses 
BP Blood Pressure Systemic risk factor (SBP/DBP) 
SBP / DBP Systolic / Diastolic Blood Pressure Continuous targets in DL regression 
HbA1c Glycated haemoglobin Glycaemic control marker 
HDL / LDL High- / Low-Density Lipoprotein Lipid biomarkers 
eGFR Estimated Glomerular Filtration Rate Kidney function marker (external val-

idation context) 
AUC Area Under the Curve Discrimination metric 
ROC Receiver Operating Characteristic Curve relating sensitivity/specificity 
C-index Concordance Index Time-to-event discrimination (sur-

vival models) 
NRI / IDI Net Reclassification / Integrated Discrimi-

nation Improvement 
Incremental value over baseline 
scores 

HR Hazard Ratio Relative risk of survival models 
MAE Mean Absolute Error Accuracy for continuous predictions 
Grad-CAM Gradient-Weighted Class Activation Map-

ping 
DL saliency visualisation 

SHAP Shapley Additive Explanations Feature-importance explanation 
IGOS Integrated Gradients Occlusion Sensitivity Saliency method used in XMACE 
SIVA-DLS Singapore I Vessel Assessment – DL Sys-

tem 
Automated retinal calibre measure-
ment 

QUARTZ Quantitative Analysis of the retinal vessel 
system 

Automated vasculometry (tortuosity, 
width, area) 

AI-SaMD / 
SaMD 

AI Software as a Medical Device  Regulatory designation (e.g., Reti-
CVD) 

UKB UK Biobank Major training/validation cohort 
NHIS National Health Insurance Service (Korea) Population cohort context 
CMERC-HI Cardiovascular and Metabolic Disease Ae-

tiology Research Centre—Health Imaging 
Korean cohort used in validation 

PLWH People Living With HIV Special subgroup for CVD risk evalu-
ation 

DXA Dual-Energy X-ray Absorptiometry Body composition modality in multi-
modal models 

WHO World Health Organisation Source of guideline risk calculators 
 

Table 2. Key Metrics and Technical Terms 

 

Metric / Term What It Measures How to Interpret Why Does It Matter for This 
Review 

AUC / ROC Discrimination of 
binary outcomes 

0.5 = chance; 1.0 = 
perfect 

Standard comparator for DL vs 
FRS/SCORE/QRISK3 

C-index Discrimination for 
time-to-event out-
comes 

Higher is better; simi-
lar to AUC for sur-
vival data 

Needed for event prediction 
(MI, MACE, mortality) 

Calibration 
(slope/intercept) 

Agreement of pre-
dicted vs observed 
risk 

Ideal: slope ≈ 1, inter-
cept ≈ 0 

Ensures DL risk is clinically re-
liable and usable 

NRI / IDI Improvement in 
baseline risk models 

Positive values = bet-
ter reclassifica-
tion/discrimination 

Shows DL adds value beyond 
traditional scores 
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Sensitivity / Spec-
ificity 

True-positive / true-
negative rates 

Balance depends on 
screening vs diagno-
sis goals 

Evaluate DL screening for hy-
pertension, CAC, etc. 

MAE Average absolute 
prediction error 

Lower = better Accuracy for continuous targets 
(BP, age, HbA1c) 

HR (Cox model) Relative hazard per 
unit increase 

HR > 1 indicates a 
higher risk 

Quantifies prognostic value of 
DL biomarkers 

External Valida-
tion 

Testing in an inde-
pendent cohort 

Preserved AUC + 
good calibration 

Demonstrates transportabil-
ity/generalisability 

Recalibration Adjusting the model 
intercept/slope to 
cohort 

Reduces systematic 
over/under-prediction 

Critical when moving from 
UKB to EyePACS/Kenya/etc. 

Transportability Stability across pop-
ulations/cameras 

Minimal performance 
drop after transfer 

Addresses bias, fairness, and do-
main shift 

Reclassification 
Analysis 

Movement between 
risk categories 

Correct up/down-
moves = clinical util-
ity 

Key for borderline/intermediate 
risk decisions 

Two-Stage Mod-
elling (e.g., 
XMACE) 

Predict risk factors 
→ and then events 

Transparent interme-
diate features 

Improves interpretability and 
calibration 

Multimodal DL Imaging + clinical 
variables 

The larger variance is 
explained 

Often, single-modality models 
outperform. 

Vasculometry 
(calibre, tortuos-
ity, area) 

Quantitative geome-
try of vessels 

Deviations indicate 
microvascular dam-
age 

Physiological bridge from retina 
to systemic risk 

Retinal Age Gap DL-predicted age – 
chronological age 

Larger gap = acceler-
ated vascular ageing 

Linked to arterial stiffness and 
CVD events 

Grad-CAM / 
SHAP / IGOS 

Saliency/attribution 
methods 

Highlight decision-
relevant regions 

Builds clinician trust; error anal-
ysis 

Case-Control 
Sampling 

Enrichment for 
scarce events 

Balances classes 
when events are rare 

Stabilises training for stroke/MI 
datasets 

Cross-Validation Internal resampling 
evaluation 

Reduces variance in 
small datasets. 

Common in early feasibility 
studies 

Survival Analysis 
(Cox) 

Time-to-event mod-
elling 

Accounts for follow-
up time/censoring 

Suited to longitudinal cohorts 
(UKB, NHIS) 

 

 

 

 

 

 

 

 

 

 

 

 



 5 

TABLE OF CONTENTS 
 

LIST OF ABBREVIATIONS AND TERMS ................................................................. 2 

Table 1. List of Abbreviations .................................................................................... 2 

Table 2. Key Metrics and Technical Terms ................................................................ 3 

TABLE OF CONTENTS ............................................................................................... 5 

INTRODUCTION .......................................................................................................... 8 

RESEARCH METHODOLOGY ................................................................................. 10 

1. STUDY DESIGN AND APPROACH ................................................................. 10 

1.1. Research Question ........................................................................................ 10 

1.2. Data Sources and Literature Research .......................................................... 10 

1.3. Inclusion and exclusion criteria .................................................................... 11 

1.3.1. Inclusion criteria: ..................................................................................... 11 

1.3.2. Exclusion criteria: .................................................................................... 11 

1.4. Data collection .............................................................................................. 12 

1.5. Screening and selection of studies ................................................................ 12 

1.6. Data Presentation: ......................................................................................... 12 

1.7. Use of supportive tools ................................................................................. 12 

RESULTS ..................................................................................................................... 13 

2. RETINA AS A BIOMARKER OF CARDIOVASCULAR HEALTH ................ 13 

2.1. The Retina as a Non-Invasive Window to Systemic Vascular Health ......... 13 

2.2. Microvascular Changes Visible in the Retina: (Classical retinal microvascular 

signs (narrowing, AV nicking, retinopathy) ......................................................................... 14 

2.3. Quantitative vasculometry: calibre, venule/arteriole ratios, tortuosity, fractal 

metrics 14 

3. DEEP LEARNING (DL) IN MEDICAL IMAGING ........................................... 15 

3.1. Brief overview of AI/ML vs DL ................................................................... 15 

3.2. Common architectures: CNNs, transfer learning, and ensemble approaches

 15 



 6 

4. EVOLUTION OF DL METHODOLOGIES FOR RETINAL CVD RISK 

ASSESSMENT ......................................................................................................................... 16 

4.1. Predicting Individual Risk Factors ............................................................... 16 

4.2. Other Systemic Risk factors ......................................................................... 17 

4.3. Retinal Biomarker Predicting Surrogates of Atherosclerosis ....................... 18 

4.4. Direct Prediction of Composite Risk Scores & Clinical Events .................. 20 

4.4.1. Coronary Artery Disease and Myocardial Infarction .............................. 20 

4.4.2. Stroke Risk Prediction ............................................................................. 21 

4.4.3. Replication of Established Risk Scores and Composite CVD ................. 22 

5. METHODOLOGICAL FRAMEWORKS: SURROGATE DRIVEN VS END 

POINT DRIVEN MODELS ..................................................................................................... 24 

5.1. Surrogate-driven models: ............................................................................. 24 

5.2. End Point and Risk Driven Models .............................................................. 24 

6. KEY RESEARCH THEMES AND CLINICAL APPLICATIONS .................... 26 

6.1. Interpretability and Explainability in retinal DL models .............................. 26 

6.1.1. Features Specific DL models ................................................................... 26 

6.1.2. Two Stage Explainable Models ............................................................... 27 

6.1.3. Novel interpretable Biomarkers ............................................................... 27 

6.1.4. Visualization Techniques ......................................................................... 28 

6.2. Pathways to Clinical Validations and Integration ........................................ 30 

6.2.1. Benchmarking versus traditional risk scores ........................................... 31 

6.2.2. Risk-Enhancer Role (Borderline/Intermediate Risk Re-Stratification) ... 33 

6.2.3. Pragmatic and Pivotal Clinical trials ....................................................... 34 

6.3. Generalizability Across Populations ............................................................ 35 

6.3.1. Cross-ethnic transport and model recalibration ....................................... 35 

6.3.2. Application in special subgroups (e.g., diabetes, PLWH, others) ........... 36 

7. DATA, PIPELINE, AND EVALUATION CONSIDERATIONS ...................... 37 

7.1. Preprocessing strategies (segmentation vs. whole-image; normalization) ... 37 

7.2. Evaluation Metrics, Reliability, and Calibration .......................................... 37 



 7 

7.2.1. Quantitative Performance Trends ............................................................ 38 

7.2.2. Calibration and Transportability .............................................................. 38 

7.2.3. Reliability and Longitudinal Robustness ................................................. 39 

7.2.4. Summary of Evaluation Insights ............................................................. 39 

7.3. Handling Class imbalance and Event Scarcity ............................................. 40 

7.3.1. Design Approaches to Increase Informative Positives ............................ 40 

7.3.2. Use of Surrogate and Composite Endpoints ............................................ 40 

7.3.3. Two-Stage and Threshold-Based Frameworks ........................................ 41 

7.3.4. Calibration and Threshold Adjustment .................................................... 41 

7.3.5. Contextual Dependence in High-Risk Subgroups ................................... 41 

7.3.6. Reporting and Evaluation Under Imbalance ............................................ 41 

7.3.7. Summary .................................................................................................. 42 

8. CHALLENGES, LIMITATIONS, AND FUTURE DIRECTIONS .................... 43 

8.1. Demonstrating Clinically Meaningful Utility ............................................... 43 

8.2. Generalizability and Algorithmic Bias ......................................................... 43 

8.3. Data Quality and Standardization ................................................................. 44 

8.4. Multi-modal Data Fusion .............................................................................. 44 

8.5. Longitudinal Analysis and Stability ............................................................. 45 

8.6. Implementation and Clinical Translation ..................................................... 46 

CONCLUSION ............................................................................................................. 47 

BIBLIOGRAPHY ......................................................................................................... 48 

APPENDICES: ............................................................................................................. 50 

Appendix 1 Master Summary Table of Included Studies ......................................... 50 

 

 

 



 8 

INTRODUCTION 

Cardiovascular disease (CVD) is the main cause of morbidity and mortality worldwide, 

accounting for nearly one-third of all deaths worldwide (Al-Absi et al., 2022). The increasing 

prevalence of cardiovascular disease (CVD) has led to the development of multivariable risk 

assessment tools such as the Framingham Risk Score (FRS), Systematic Coronary Risk Evalu-

ation (SCORE) and QRISK3. These tools are designed to pinpoint people who may benefit 

from early preventive measures. These traditional models are well-established in guidelines and 

are used in clinical settings. However, they are dependent on invasive techniques and require 

resources such as blood pressure readings, cholesterol analyses, and laboratory tests. This de-

pendency restricts their scalability and accessibility in primary care settings and settings with 

limited(Hu et al., 2023; Qian et al., 2024)  

Furthermore, conventional risk calculators are predominantly developed based on West-

ern populations and frequently need adjustments when used for other groups to ensure precision 

and prevent incorrect classifications. Thus, there is a discrepancy in the efficacy of prediction 

between different ethnic and socioeconomic populations(Hu et al., 2025; Lui et al., 2023; Qian 

et al., 2024). These variations have increased the interest in developing more fair and non-

invasive tools for assessing cardiovascular risk.  

In this context, the retina—commonly referred to as a "window to the body,"—has be-

come a significant site for evaluating systemic vascular health. Retinal fundus imaging gives 

the opportunity for direct observation of the microvascular network, which has important struc-

tural and physiological similarities to the coronary and cerebral circulations. Pathological fea-

tures of the retina, such as arteriolar narrowing, venular dilation, reduced vessel density, in-

creased tortuosity, and microaneurysms, indicate underlying systemic vascular damage and 

have been consistently linked to cardiometabolic disorders, including hypertension, diabetes, 

and atherosclerosis(Rim et al., 2021; Rudnicka et al., 2022; Wong et al., 2024; L. Zhang et al., 

2020). The physiological connection between the morphology of the retina and cardiovascular 

outcome is further strengthened by emerging deep learning (DL) based biomarkers such as, the 

retinal age gap and the Reti-WHO score. These biomarkers are associated with arterial stiffness, 

the occurrence of myocardial infarction, stroke, and mortality (Nusinovici et al., 2022; W. 

Zhang et al., 2023; Zhu, Hu, et al., 2022). 

Recent developments in artificial intelligence (AI), particularly deep learning (DL), 

have expanded our ability to analyse and integrate a complex set of multimodal data such as 

imaging, health records, and genomics to help detect, prognosis, and improve clinical decisions. 

DL is a branch of AI built upon multi-layered artificial neural networks, where computers use 
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inputs such as medical images and learn hierarchal data representations and interpret complex 

patterns. Thus, create an end-to-end model capable of making predictions without the need for 

manual engineering of the features(Grzybowski, 2025).  

In the field of ophthalmology, it has facilitated an automation process to extract and 

predict individual cardiovascular risk factors directly from fundus images(Gerrits et al., 2020; 

Wang et al., 2024; White et al., 2024). It has led to development of models that predict surro-

gates including coronary artery calcium (CAC) and carotid intima-media thickness (CIMT), 

and more recently to directly assess composite cardiovascular disease (CVD) risk or predict 

future cardiovascular events(Chang et al., 2020; Rim et al., 2021; Tseng et al., 2023; Vaghefi 

et al., 2024). Further advances in interpretability and validation, such as the development of 

automated vasculometry pipelines and significant regulatory achievements such as the pivotal 

Reti-CVD trial, have advanced the clinical application of deep learning (DL) models of the 

retina. (Hu et al., 2025; C. J. Lee et al., 2023; Rudnicka et al., 2022).  

This review of the literature aims to evaluate and synthesise existing evidence on deep 

learning (DL) applications in retinal imaging to predict cardiovascular risk. Review the physi-

ological and methodological principles of the field, trace the development of DL techniques 

from estimating risk factors to predicting events, and critically assesses aspects such as inter-

pretability, clinical benchmarking, and validation frameworks. It also investigates ongoing 

challenges, including generalisability, data quality, and clinical integration, that need to be ad-

dressed to ensure the safe, fair, and extensive use of retinal DL systems.  
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RESEARCH METHODOLOGY 

   

1. STUDY DESIGN AND APPROACH 
 

This review of the literature employs a thematic and narrative strategy to compile recent 

findings on the application of deep learning (DL) techniques to the imaging of the retinal fundus 

to predict cardiovascular risk. The review highlights methodological patterns, performance 

trends, and clinical significance. The thematic design was chosen due to the wide variety of 

existing studies, which differ greatly in terms of data sources, target outcomes, algorithms, and 

validation methods. The aim is to pinpoint common themes, methodological advancements, 

and limitations that define current research in this area rather than to aggregate effect sizes. 

This narrative method focuses on synthesizing main themes and emerging trends instead of 

offering an exhaustive collection of evidence. The metrics reported illustrate individual studies 

and should be understood within their specific context, as they are not drawn from pooled or 

meta-analytic estimates. This approach is particularly suitable for a field that is rapidly evolving 

and remains diverse in study design, outcome definitions, and validation frameworks. It facili-

tates the integration of methodological insights and clinical implications while acknowledging 

that formal quantitative generalization is limited by the variability present in current research. 

 

1.1. Research Question 

 

The review is centred on the main research question:  

“Is the deep learning (DL) model used in retinal fundus imaging capable of providing 

reliable and clinically valuable predictions about cardiovascular risk”?  

This study aims to evaluate the predictive reliability of retinal deep learning (DL) models by 

assessing their precision, calibration, and external validity, along with their clinical utility com-

pared to or combined with conventional cardiovascular risk assessment methods. 

 

1.2. Data Sources and Literature Research 

 

A comprehensive electronic search was conducted using the PubMed and Scopus data-

bases. This search covered the period from January 2020 to March 2025, with the intention of 

encompassing the recent increase in deep learning (DL) applications in the realm of medical 

imaging. 
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1.3. Inclusion and exclusion criteria 

 

The process of selecting studies was organised into several steps. It began with an initial 

screening using titles and abstracts to exclude irrelevant articles, followed by an in-depth full-

text review to verify eligibility. Each study obtained was assessed for methodological quality, 

relevance to the research goal, and reporting clarity. 

 

1.3.1. Inclusion criteria: 

 

Studies were included based on the following criteria: 

 

• Original Peer-reviewed research studies or systematic reviews published in English be-

tween 2020 and 2025. 

• Studies employing deep learning (DL) or machine learning (ML) methods applied to 

imaging of the retinal fundus. 

• Outcomes that include the prediction of the risk of cardiovascular disease (CVD), hy-

pertension, stroke, coronary artery disease, atherosclerosis, or composite CVD endpoints such 

as MACE or ASCVD. 

• Studies that reported quantitative performance metrics (e.g. AUC, C-index, sensitiv-

ity/specificity, HR, NRI). 

• Human data used with a clear description of the data set and the validation procedure 

(internal or external) 

1.3.2. Exclusion criteria: 

The exclusion was based on the following criteria: 

• Non-original works such as abstracts, editorials, correspondences, commentaries, and 

conference summaries without full papers and peer reviewed publications. 

• Studies focussing solely on non-cardiovascular outcomes (e.g., Alzheimer’s, CKD) or 

non-retinal imaging (e.g., OCT, CT). 

• Paediatric or animal studies. 

• Studies without performance evaluation metrics. 
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1.4. Data collection 

For each included study, relevant data was extracted into a structured summary table, capturing: 

• Author(s), year, and country of origin. 

• Dataset characteristics (sample size, population, source, imaging modality). 

• Type of deep learning (DL) model (e.g., CNN, ResNet, ensemble, multimodal). 

• Target outcome(s). 

• Performance metrics (AUC, C-index, calibration, NRI/IDI, sensitivity, specificity). 

• Validation strategy (internal/external). 

• Key findings, limitations, and interpretability features. 

 

1.5. Screening and selection of studies 

 

The search results were organised in a reference management system, where duplicates 

were automatically removed. The selection was done in two stages: 

1. Screening of the title and abstract to exclude studies irrelevant to retinal imaging, AI, 

or cardiovascular outcomes 

2. Full-text review to confirm relevance and adherence to inclusion criteria. 

1.6. Data Presentation: 

 

The results are presented in narrative and tabular formats. 

• The main text provides a summarised overview of methodological trends, datasets, 
model architectures, performance trends, and interpretability techniques.  
• The appendices include a full summary table of the studies that include datasets, model 
types, validation design, and quantitative results of every study 
 

1.7. Use of supportive tools 

 

In this literature review, artificial intelligence tools were used to create an outline, or-

ganize and subdivide topics, analyze methodological areas in some studies where clarification 

was needed, help creating tables and charts and sometimes for translation purposes. 
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RESULTS 
 

2. RETINA AS A BIOMARKER OF CARDIOVASCULAR HEALTH 
 

2.1. The Retina as a Non-Invasive Window to Systemic Vascular Health 

 

The retina provides a unique and non-invasive opportunity to observe human microcir-

culation directly. Retinal arterioles and venules reflect the microvascular networks found in the 

heart and brain, and pathological changes in the coronary or cerebral circulation are often mir-

rored in a similar manner in the retinal fundus. By studying, microvascular changes in retinopa-

thy —such as, microaneurysms, haemorrhages and subtle changes in vessel metrics —we can 

gain insight into the cardiovascular health and predict potential future cardiovascular 

events(Rim et al., 2021; Zhu, Hu, et al., 2022). There is strong evidence from epidemiological 

studies that alterations in the systemic microvasculature are mirrored in the retinal vasculature. 

However, the process of assessing alterations in the retinal vasculature is time consuming and 

requires expertise, which has limited the wider use of these methods in primary care and non-

ophthalmic settings (Coronado et al., 2021; Rudnicka et al., 2022).  

The link between cardiovascular health and retinal microvascular abnormalities has 

been demonstrated by a substantial number of studies. Retinal fundus photographs taken with 

Topcon TRC-NW6S and Canon CR6-45 NM non-mydriatic retinal cameras primarily capturing 

the macular and optic disk regions of the central retina which contain vessels representing the 

systemic microvascular health, reveal indicators that are associated with cardiometabolic con-

ditions such as hypertension, hyperglycaemia (diabetes), and dyslipidaemia(Gerrits et al., 2020; 

Son et al., 2020; L. Zhang et al., 2020) . In this context, Retinal microvascular measurements 

taken together with DL can extract characteristic vascular changes related to coronary athero-

sclerosis. An atherosclerosis score derived from fundus imaging using the canon CR-2 model 

independently predicted cardiovascular mortality and improved risk reclassification beyond the 

traditional risk score such as the Framingham model(Chang et al., 2020). Others DL models 

have used macula centred, paired colour retinal photographs of the participants obtained using 

the AFP-210 and TRC-NW8 non-mydriatic retinal cameras, to estimate coronary artery calcium 

(CAC) directly from fundus images, categorized future cardiovascular risk and improved risk 

classification in borderline or intermediate risk groups(Rim et al., 2021; Tseng et al., 2023).  

Recent research shows that algorithmic evaluation of digital fundus images centred on 

the macula can be used to predict cardiovascular risk similarly to traditional methods. This 

analysis can improve conventional risk assessment, highlighting the importance of the eye as a 
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non-invasive window into broader cardiovascular health(Rim et al., 2021; Tseng et al., 2023; 

Vaghefi et al., 2024; Wang et al., 2024). 

  

2.2. Microvascular Changes Visible in the Retina: (Classical retinal microvascular 

signs (narrowing, AV nicking, retinopathy) 

 

Fundus imaging exposes microvascular features that are related to cardiovascular 

health, such as retinal microvascular abnormalities, vessel calibre, and vascular geometry.  

These attributes have been associated with cardiometabolic risk and macrovascular outcomes 

in extensive cohort studies ( Rim et al., 2021). Traditional microvascular abnormalities such as 

arteriolar narrowing, arteriovenous nicking, and retinopathy lesions are recognised as markers 

linked to cardiovascular disease and its related risk factors. Studies have analysed multimodal 

evidence by integrating retinal and clinical data to provide additional evidence supporting these 

connections within disease-specific contexts, such as cardiometabolic risk associated with dia-

betes or HIV (Al-Absi et al., 2022) 

 

2.3. Quantitative vasculometry: calibre, venule/arteriole ratios, tortuosity, fractal 

metrics 

 

 Quantitative measurements of vessel calibre serve as an important prognostic value for 

cardiovascular disease. For example, there is an independent relationship between the onset of 

myocardial infarction and the narrowing of the arterioles and the widening of the venules. This 

association has been shown in recent studies that deep-learning approaches to measure vessel 

calibre which further indicate the potential screening benefits when integrated into standard 

ophthalmic examinations(Wong et al., 2024).  In addition to quantitative calibre measurement, 

characteristic changes in retinal geometry play a significant role in risk assessment. Tortuosity 

is one geometric value that has been used in AI-driven retinal vasculometry to predict large-

scale occurrences of circulatory mortality, myocardial infarction, and stroke (Rudnicka et al., 

2022). The difference in biological age and the overtime age gap of the retina is associated with 

arterial stiffness and the occurrence of cardiovascular disease (CVD). This suggests that ageing 

processes can be observed overtime in the fundus and are related to potential future cardiovas-

cular health events (Nusinovici et al., 2022; Zhu, Chen, et al., 2022) 

 

 

 



 15 

3. DEEP LEARNING (DL) IN MEDICAL IMAGING 
 

3.1. Brief overview of AI/ML vs DL 

 

Artificial intelligence (AI) in medical imaging includes a variety of computational meth-

ods that are designed to recognise patterns and assist decision making by using intricate data 

sets. In this context, machine learning (ML) refers to algorithms that can learn statistical con-

nexions between features and outcomes, without the need for explicit programming. Deep 

learning (DL), is a subset of machine learning (ML) which employs multilayer neural networks 

to derive features directly from unprocessed images, facilitating end-to-end tasks like detection, 

classification, and regression in ophthalmic imaging (Grzybowski, 2025). 

 

3.2. Common architectures: CNNs, transfer learning, and ensemble approaches 

 

Within the field of deep learning (DL) architectures, convolutional neural networks 

(CNNs) form the foundation of medical image analysis due to their ability to capture spatial 

hierarchies and local patterns. In ophthalmology, widely used convolutional neural network 

architectures such as Inception-V3, ResNet-50, and MobileNet-V2 have shown strong effi-

cacy in disease classification and regression tasks within retinal imaging. (Gerrits et al., 2020; 

White et al., 2024) 

Convolutional Neural Networks (CNNs) have been able to predict cardiovascular risk 

by estimating blood pressure, hypertension, vascular ageing, and cardiovascular events, espe-

cially when used alongside clinical variables in multimodal approaches. The technique of trans-

fer learning, which involves initialising networks that are pre-trained on extensive natural-im-

age datasets like ImageNet, has been crucial in tackling the challenge of limited medical da-

tasets. This approach improves convergence speed and improves the generalizability of models 

when they are fine-tuned for retinal images(Wang et al., 2024; W. Zhang et al., 2023)  

Recent research has adopted collective methods by merging results from multiple con-

volutional neural networks (CNNs) or combining deep learning (DL) predictions with conven-

tional clinical variables, with the aim of improving prediction accuracy and reducing overfit-

ting. In addition, current studies have concentrated on employing transformer-based encoders 

to stabilise long-range contexts and increase robustness. For example, the Swin Transformer 

has been designed to proficiently capture extensive contextual information in retinal images. 

These models have demonstrated significant stability in predicting cardiovascular risk com-

pared to traditional CNNs(Vaghefi et al., 2024; W. Zhang et al., 2023). 
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4. EVOLUTION OF DL METHODOLOGIES FOR RETINAL CVD RISK 

ASSESSMENT 
 

Incorporation of deep learning (DL) techniques into retinal fundus imaging to assess 

cardiovascular disease (CVD) risk has evolved through three distinct methodological phases. It 

began with establishing biological feasibility and has advanced to demonstrate practical clinical 

application. Initially, the focus was on simple proof-of-concept models, which have now 

evolved into sophisticated systems designed for direct clinical risk prediction. This section de-

tails the methodological journey from predicting individual risk factors to forecasting clinical 

outcomes. 

 

4.1. Predicting Individual Risk Factors 

 

Individual systemic risk factors such as age, sex, blood pressure, glycaemic status, lipid 

profile, and smoking habits are integral parts of cardiovascular risk assessments. The use of 

deep learning (DL) in the analysis of retinal fundus images focusses on successfully predicting 

these risk factors, which would boost the medical reasoning for using retinal imaging as a sys-

temic indicator of vascular health (Gerrits et al., 2020; Qian et al., 2024; Rim et al., 2021; L. 

Zhang et al., 2020) 

Hypertension is one of the most important adjustable risk factors behind cardiovascular 

illness and death. The use of scalable, non-invasive screening methods could improve early 

detection and management before end organ damage develops  (Gerrits et al., 2020; L. Zhang 

et al., 2020). The retina is a compelling target for this purpose due to its microvascular network, 

which provides reliable reflection of cumulative vascular stress, rather than short-term hemo-

dynamic fluctuations.(Gerrits et al., 2020; Wang et al., 2024). 

The application of deep learning (DL) to retinal images has demonstrated moderate 

accuracy in estimation of blood pressure to classify hypertension, it has outperformed demo-

graphic only models but has fallen short of achieving full diagnostic precision(Gerrits et al., 

2020; Wang et al., 2024; White et al., 2024; L. Zhang et al., 2020).   

Early research in deep learning (DL) with retinal fundus images showed promise. In a 

rural Chinese population (n=625; 1,222 images), the CNN Inception-v3 image achieved an 

accuracy of 68.8% in detecting hypertension (L. Zhang et al., 2020).  Similarly, In the Qatar 

biobank (n=3,000; 12,000 images), the MobileNet-V2 models predicted systolic and diastolic 

blood pressure with a mean absolute error (MAE) 8.96 and 6.84 mmHg, respectively (Gerrits 

et al., 2020).   
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More recently, a prospective validation cohort study in Kenya, using algorithms trained 

in UK Biobank, reported systolic and diastolic pressure readings with MAE values of 12.32 

and 7.98 mmHg, respectively, demonstrating practicality across populations but also showing 

the need for recalibration when models are transferred across different ethnic and imaging 

domains (White et al., 2024)Large scale biobank analyses have further supported this poten-

tial, by predicting blood pressure within a relevant clinical margins of error and simultaneously 

identifying correlated risk factors such as age, sex, smoking and BMI directly from fundus 

images (Wang et al., 2024). However, predictions have been significantly confounded by age 

and sex, which, unless adjusted, can raise the risk of overly optimistic predictions (Gerrits et 

al., 2020).  

However, demographic factors such as age and sex have significantly impacted both 

vascular morphology and predictions derived from deep learning (DL). This has confounded 

performance, which, if not adequately controlled, can potentially lead to inflated perceived ac-

curacy(Gerrits et al., 2020). Most studies utilise convolutional neural networks (CNNs) that are 

pre-trained on ImageNet, such as Inception-V3 and ResNet-50, and commonly integrate data 

from both eyes while primarily relying on internal cross-validation. External validations are 

infrequent and depend on clinical reference measures, which themselves are subject to varia-

tions in age, sex, and image quality (Gerrits et al., 2020; White et al., 2024; L. Zhang et al., 

2020). 

In conclusion, these models demonstrate a consistent biological association between 

retinal microvasculature patterns and the regulation of systemic blood pressure. Their primary 

benefits include being non-invasive, scalable, and providing reproducible signals across differ-

ent cohorts. However, they also have drawbacks, such as limited effect sizes, inconsistent la-

belling, and the possibility that algorithms may predict demographic proxies instead of actual 

hemodynamic states. Thus, due to its current performance and limited generalisability, it is best 

used as an additional tool for assessing cardiovascular risk rather than as a replacement for 

diagnostic assessments in systems predicting cardiovascular risk. 

 

4.2. Other Systemic Risk factors 

 

In addition to blood pressure, deep learning (DL) models have demonstrated that demo-

graphic characteristics such as age and sex are prominently encoded in retinal images. Systems 

developed using extensive biobank datasets can estimate chronological age with mean absolute 

errors as low as 2.8 years and can determine sex with AUCs nearing 0.97, indicating the exist-

ence of rich vascular and textural signals(Gerrits et al., 2020). 
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Retinal imaging similarly captures certain indicators of glycaemic control: models de-

signed to predict glycated haemoglobin (HbA1c) reach mean absolute error (MAE) values of 

approximately 0.6 to 0.8%. These values are adequate for differentiating between normoglyce-

mia and diabetes, yet they are not sufficient to substitute for laboratory testing (Gerrits et al., 

2020; Qian et al., 2024). 

Smoking status can be predicted with about 80% precision by analysing vessel calibre 

and peripapillary pigmentation(Gerrits et al., 2020). On the other hand, the models have con-

sistently shown low performance in predicting lipid biomarkers such total, LDL, HDL, triglyc-

eride(Gerrits et al., 2020; Qian et al., 2024).  

Contemporary models either directly incorporate these variables or utilise interpretable 

two-phase processes. For instance, the XMACE model, which initially calculates ten risk fac-

tors—age, sex, BMI, SBP, DBP, HbA1c, HDL, LDL, triglycerides, and smoking—from a sin-

gle retinal image and subsequently uses these calculations to forecast major adverse cardiovas-

cular events (MACE) over a five-year period, thus correlating image-derived features with es-

tablished clinical predictors(Qian et al., 2024). 

In general, the results indicate that deep-learning algorithms can identify several tradi-

tional risk factors directly from retinal images, with varying accuracy levels. The most robust 

and widely applicable signals are found for age, sex, and blood pressure, while predictions for 

lipid and glucose levels are limited by biological complexity and diverse labelling. These in-

vestigations establish the methodological and physiological foundations for the more sophisti-

cated surrogate and composite-risk models described in subsequent sections. 

 

4.3. Retinal Biomarker Predicting Surrogates of Atherosclerosis 

 

The application of deep learning (DL) to retinal fundus images has been used to estimate 

coronary artery calcium (CAC) scores, which is an acknowledged imaging biomarker for as-

sessing cardiovascular risk.  

The RetiCAC algorithm was trained to predict the CAC score from retinal photographs 

and categorise individuals according to future cardiovascular risk. RetiCAC outperformed in-

dividual clinical parameters, including age, blood glucose level, or smoking habits, in predict-

ing the presence of calcium in the coronary artery. When RetiCAC predictions were combined 

with pooled cohort equations (PCE), the outcomes in risk stratification improved, particularly 

for individuals in the intermediate and borderline risk groups.  (Rim et al., 2021).  

Based on this work, a clinically orientated extension of RetiCAC was developed, termed 

RetiCVD, which is a deep learning-based retinal biomarker system that has received regulatory 
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approval from the Korean Ministry of Food and Drug Safety (K-MFDS) as a Software-as-a-

Medical Device (AI-SaMD).). This approval was granted following a pivotal multi-centre val-

idation study conducted by (C. J. Lee et al., 2023) which illustrated its ability to predict cardi-

ovascular disease in both Korean and UK populations. 

When recalibrated for the UK Biobank population, this model effectively categorised 

individuals into three distinct risk groups and showed clinical value, particularly in the border-

line QRISK subgroup (7.5-10% 10-year risk) where it accurately reclassified patients and 

aligned risk with treatment criteria. This shows the role of DL as risk enhancer alongside tradi-

tional risk scores (Tseng et al., 2023).  

The efficacy of Reti-CVD was further validated in a large Korean cohort where Reti-

CVD was used as an AI Software as a Medical Device (AI-SaMD). The model predicted car-

diovascular risk events with performance that was non-inferior to CAC and better than CIMT 

and baPWV for prognostic risk stratification(C. J. Lee et al., 2023). Together, these findings 

show that Reti-CVD can be used as a credible and scalable method in combination with a tra-

ditional risk score for assessment, particularly for patients in the borderline or intermediate risk 

group. 

Other research teams have focused on various atherosclerotic indicators. For example,  

(Son et al., 2020) developed a deep learning (DL) model designed to identify unilateral and 

bilateral abnormal coronary artery calcification (CAC) using fundus images, where the model 

achieved an Area under the curve (AUC) of 0.823, and Another research group (Chang et al., 

2020) developed a model capable of predicting carotid-ultrasound-determined atherosclerosis 

(CIMT) with an AUC of 0.713, demonstrating the link between vascular characteristics derived 

from fundus images and accumulation of systemic plaque. Although the study is waiting for 

validation, the investigations exemplify how deep learning (DL) models can be used to derive 

surrogate biomarkers from non-invasive imaging techniques(Chang et al., 2020; Son et al., 

2020). 

In addition to CAC substitutes, various retinal biomarkers have been investigated as 

indicators of systemic atherosclerosis and vascular ageing. The traditional method of assessing 

the diameter of the retinal vessel is resource intensive and requires highly skilled professionals, 

limiting its application in primary clinical settings. In response to this, the Singapore I Vessel 

Assessment deep-learning system (SIVA-DLS) was introduced, which was able to use heat 

maps from colour fundus photographs and provide the width of the retinal vessel. SIVA-DLS 

achieved high intra-class correlation coefficients (0.82–0.95) compared to manual measure-

ments, demonstrating reliable standardisation for vascular metrics. The SIVA DLS system was 
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later used to validate the association of retinal vessel measurements with myocardial infarction 

(Wong et al., 2024).  

 

4.4. Direct Prediction of Composite Risk Scores & Clinical Events 

 

The subsequent methodological progression shifts the focus from surrogate vascular bi-

omarkers to direct clinical outcomes. At this stage, deep learning (DL) frameworks are trained 

in a comprehensive way to predict cardiovascular events such as major adverse cardiovascular 

events (MACE), myocardial infarction (MI) and stroke or replicate validated composite risk 

scores used in clinical settings. The transition from predicting individual risk factors to predict-

ing meaningful outcomes represents an important advancement towards prevention and man-

agement strategies.  

 

4.4.1. Coronary Artery Disease and Myocardial Infarction 

 

Coronary artery disease (CAD) and myocardial infarction (MI) continue to be among 

the leading causes of early death worldwide; therefore, early detection of high-risk individuals 

is important for prevention and specific treatments. Assessment of retinal fundus images offers 

valuable information about microvascular health on a systemic level, allowing DL models to 

identify patterns linked to coronary atherosclerosis and forecast possible future cardiac inci-

dents(Rim et al., 2021; Wong et al., 2024). 

In extensive biobank cohorts, automated retinal vasculometry has shown that narrower 

arterioles and wider venules are associated with increased atherosclerotic burden and the oc-

currence of cardiac events (Rudnicka et al., 2022; Wong et al., 2024). In the UK Biobank study 

(N≈35,900), arteriolar narrowing derived from DL independently predicted MI, produced mod-

est gains in discrimination when combined with clinical models (Area under the curve (AUC) 

from 0.782 to 0.787; continuous NRI ≈18%)(Wong et al., 2024). These findings reveal that 

subtle changes in retinal blood vessels, which might not be visible to the naked eye, have the 

potential to represent systemic cardiovascular risk.  

In addition to specific vessel attributes, multimodal deep learning (DL) techniques that 

integrate fundus imaging, with demographic and clinical variables such as, visualising specific 

regions linked with vascular tortuosity and calibre have demonstrated strong effectiveness in 

predicting ischemic heart disease (AUROC 0.78 to 0.87)(C. J. Lee et al., 2023; W. Zhang et al., 

2023). These combined retinal imaging methods with traditional risk factors, validated in Eu-

ropean and East Asian cohorts, show consistent associations between predicted vascular risk 
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patterns of DL and major adverse cardiovascular events (MACE)(C. J. Lee et al., 2023; Rim et 

al., 2021; Tseng et al., 2023; Vaghefi et al., 2024; Wong et al., 2024). 

In the Korean NHIS cohort, the DL derived funduscopic atherosclerosis score (DL-

FAS) was trained on the characteristics of the carotid ultrasound, which predicted cardiovascu-

lar mortality beyond the Framingham Risk Score (FRS) (HR 1.63, 95% CI 1.15–2.31, IDI 

20.45%, NRI 29.5%) (Chang et al., 2020). Building upon these findings Reti-CVD was devel-

oped and validated, an imaging biomarker trained to deduce coronary-artery-calcium-equiva-

lent risk from fundus photos. In its pivotal trial (n ≈ 70 000), participants stratified by Reti-

CVD risk groups showed a graded association with composite CVD events (adjusted HR 2.02; 

95% CI 1.26–3.24) (C. J. Lee et al., 2023; Tseng et al., 2023). This was subsequently validated 

in a multi-ethnic Singaporean cohort of Chinese, Malay, and Indian participants(Yi et al., 2023) 

In conclusion, deep learning (DL) analysis of retinal fundus images can identify micro-

vascular signs of coronary atherosclerosis and the risk of myocardial infarction. It is  marginally 

effective when compared to imaging-based models such as CAC scoring, it offers a promising, 

non-invasive method to complement existing risk prediction tools for cardiovascular risk iden-

tification (C. J. Lee et al., 2023; Rudnicka et al., 2022; Wong et al., 2024; W. Zhang et al., 

2023). 

4.4.2. Stroke Risk Prediction 

 

Stroke contributes significantly to long term death and disability worldwide, and an ac-

curate risk prediction has a significant impact on prevention. Retinal imaging non-invasively 

captures small altercations related to stroke pathophysiology, and the application of DL models 

enables quantifying these and giving predictions. (Nusinovici et al., 2022; Rudnicka et al., 

2022; Zhu, Hu, et al., 2022). 

   

Coronado et al. (2021) evaluated various deep learning (DL) architectures, including 

VGG19 and Inception-V3, along with a vascular embossed method applied to UK Biobank 

images. Among 412 stroke patients and 2,060 controls, the vascular-embedding model inte-

grated with gradient boost exhibited superior performance (Area under the curve (AUC) 0.626), 

surpassing Inception-V3 (AUC 0.499) and VGG19 (AUC 0.548). In an age-specific subgroup 

VGG19 demonstrated improved performance (AUC 0.714), showing that vascular embeddings 

can improve the interpretability and efficiency of microvasculature feature learning (Coronado 

et al., 2021). 

In a separate investigation conducted by Zhu et al. in 2022 involving 35,000 UK Bi-

obank participants, it showed that each additional year difference between predicted DL and 
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chronological age was correlated with a 3% increase in arterial stiffness and a 55% higher risk 

of cardiovascular events including stroke. Furthermore, these associations were found to be 

independent of conventional risk factors (Zhu, Chen, et al., 2022). Similar observations were 

made in Asian cohorts, demonstrating that accelerated retinal ageing is related to increased 

vascular fragility and cerebrovascular risk (Nusinovici et al., 2022).  

Together, these studies illustrate that the use of deep learning (DL) in fundus images 

can identify microvascular alterations related to age and structure, which are indicative of future 

potential stroke and cerebrovascular conditions. However, the generalizability is constrained 

by moderate effect sizes, retrospective study designs, and the absence of extensive, prospective, 

and multi-ethnic validations(Coronado et al., 2021; Nusinovici et al., 2022; Rudnicka et al., 

2022; Zhu, Hu, et al., 2022). 

 

4.4.3. Replication of Established Risk Scores and Composite CVD 

 

Assessing composite cardiovascular risk is crucial in clinical settings, as treatment 

choices—like starting statins or antihypertensive medications—are informed by multivariable 

risk assessments rather than individual factors. Enhancing risk classification, particularly for 

those with borderline or intermediate risk, significantly affects preventive healthcare.  (Rim et 

al., 2021; Yi et al., 2023). Applying deep learning (DL) to retinal images addresses this require-

ment by predicting established surrogates such as CAC or directly forecasting aggregated risk 

scores and composite cardiovascular outcomes. This approach, therefore, provides a scalable 

and non-invasive tool for risk evaluation in primary care settings. (C. J. Lee et al., 2023; Vaghefi 

et al., 2024) 

In the realm of event-based forecasting, numerous studies have used deep learning (DL) 

models to replicate or supplement the composite risk calculators recommended by the guide-

lines. The Reti-WHO, capable of forecasting the 10-year CVD outcomes directly from fundus 

images, achieved comparable performance to traditional WHO scores (Area und The Reti-

WHO(AUC) 0.69 vs 0.68). Additionally, Reti-WHO demonstrated enhanced longitudinal sta-

bility (W. Zhang et al., 2023). 

Similarly, the XMACE model uses a two-stage, interpretable design: the first network 

estimates ten conventional risk factors (age, sex, BMI, SBP, DBP, HbA1c, HDL, LDL, triglyc-

erides, smoking) from a single retinal image, and the second predicts 5-year MACE risk. 

XMACE achieved a C-statistic of 0.725, outperforming SCORE (+8.2 %) and FRS (+7.1 %) 

while preserving interpretability (Qian et al., 2024) 
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Longitudinal studies have established a connection between retinal biomarkers and car-

diovascular outcomes. Models that were trained using atherosclerosis markers derived from 

fundus images, such as CIMT, CAC, and vessel calibre, demonstrated independent associations 

with the onset of cardiovascular disease and mortality, even after adjusting for the Framingham 

Risk Score (FRS)(Chang et al., 2020; Rudnicka et al., 2022). Additionally, the retinal age gap, 

which is the difference between the predicted age of deep learning (DL) and the actual chron-

ological age, has been identified as a marker of vascular ageing and an indicator of future risk 

of cardiovascular disease (Nusinovici et al., 2022; Zhu, Hu, et al., 2022). 

In conclusion, the application of deep learning (DL) to retinal imaging in various da-

tasets can predict notable cardiovascular events and reproduce established composite risk scores 

with moderate but reliable precision. Key predictors include deep learning-derived measure-

ments of vessel diameter and tortuosity, as well as surrogate scores for atherosclerosis such as 

DL-FAS and Reti-CVD (Chang et al., 2020; C. J. Lee et al., 2023; Tseng et al., 2023)  

The advancement of prediction from individual variables to clinical events has created 

a future platform for the integration and validation of these models in real world clinical prac-

tice. These advances validate the application of retinal deep learning (DL) as a non-invasive 

tool for assessing risk at the population level and as a potential tool for enhancing risk evalua-

tion in individuals with borderline or intermediate risk in clinical environments. 
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5. METHODOLOGICAL FRAMEWORKS: SURROGATE DRIVEN VS 

END POINT DRIVEN MODELS 
 

The use of deep learning (DL) in the imaging of the retinal fundus has resulted in the 

development of two primary strategies to predict cardiovascular risk: surrogate-driven models 

and end-point-risk driven models. These approaches differ in their targets, validation methods, 

and possible impact on clinical decision-making. 

 

5.1. Surrogate-driven models: 

 

Surrogate-driven models are used to train deep learning (DL) systems to identify well-

known imaging or physiological indicators of vascular health, such as coronary artery calcium 

(CAC), carotid atherosclerosis, vessel diameter, or pulse wave velocity. Once identified, these 

markers are related to cardiovascular outcomes or integrated into risk tools based on guidelines.  

For instance, (RetiCAC) predicted future cardiovascular events across several cohorts 

and enhanced reclassification when incorporated with pooled cohort equations, especially for 

individuals at borderline and intermediate risk levels(Rim et al., 2021; Son et al., 2020).  Sim-

ilarly, Carotid markers and DL-based vasculometry, which assess vessel calibre, tortuosity, and 

area, were used to train retinal atherosclerosis scores. These scores showed an independent 

correlation with cardiovascular mortality and myocardial infarction (Chang et al., 2020). 

Other studies have evaluated alternative markers such as Pulse wave velocity (PWV), 

which is a marker of arterial stiffness, from fundus images and demonstrate its association with 

hypertension and the development of carotid plaques over time in longitudinal studies (Wong 

et al., 2024).The strength of these models is their interpretability and capacity to consistently 

exhibit hazard trends. However, their improvements in discrimination are typically slight and 

often depend on indirect proxies instead of direct outcomes. (Chang et al., 2020; Rim et al., 

2021; Son et al., 2020; Wang et al., 2024; Wong et al., 2024) 

 

5.2. End Point and Risk Driven Models 

 

On the other hand, End point-based DL models can directly predict clinical events or 

actionable risk categories such as incident myocardial infarction, stroke, or evaluate if a per-

son's measurements exceed the guideline based thresholds (e.g., a 10-year ASCVD risk of 

≥7.5%)(Qian et al., 2024). 
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For example, XMACE effectively identified individuals who exceeded the ASCVD risk 

threshold with high precision and maintained its performance when recalibrated within external 

diabetic populations (Vaghefi et al., 2024). In certain instances, models employ a two-step pipe-

line; first, they deduce conventional risk factors from retinal images, which is then followed by 

estimating major adverse cardiovascular events (MACE). This approach has demonstrated in-

terpretability preservation and prediction performance relative to traditional risk calculators 

such as SCORE, SCORE2 and the Framingham Risk Score (FRS).  (Y. C. Lee et al., 2023; 

Mellor et al., 2023) .  

The Multimodal approach, integrating fundus imaging with traditional calculators has 

achieved higher AUROCs and better calibration compared to traditional risk scores alone. In 

particular, for patients classified as intermediate risk, which shows that it can play the role of a 

risk enhancer rather than replacing traditional risk assessing tools. (Tseng et al., 2023).   

Together, surrogate-driven methodologies underscore the biological feasibility of using 

retinal imaging to reflect systemic vascular health. However, end-point-driven models stress 

the clinical importance and utility in decision-making frameworks. 

Understanding this methodological separation has resulted in the creation of strategies 

for interpretability and validation. The subsequent section explores these translational themes—

namely interpretability, clinical validation, and generalizability—that are fundamental to the 

secure and effective integration of retinal DL systems in predicting cardiovascular risk. 
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6. KEY RESEARCH THEMES AND CLINICAL APPLICATIONS 
 

In addition to advances in methodology, a primary concern in retinal deep learning (DL) 

research is the conversion of model performance into clinical trustworthiness. Key objectives 

include improving interpretability, guaranteeing external validity, and ensuring strong general-

izability across varied populations. To address this, two complementary pathways have 

emerged: 

1. Transparency enhanced end to end models where explainability is directly incorporated into 

the models.  

2. Biomarker driven models, where already established markers such as vessel calibre, tortu-

osity, or retinal age is quantified.  

This section provides a synthesis of the findings related to these approaches, starting 

with model interpretability and explainability. 

 

6.1. Interpretability and Explainability in retinal DL models 

 

A major barrier to the clinical application of DL systems is the “Black Box” nature of 

the models, where there is a lack of transparency behind the predictions.  Several frameworks 

have been developed for AI models to focus on explainability such as quantifying already es-

tablished vascular markers, interpretable and explainable clinical reasoning steps, and visuali-

sation of decision pathways.  
 

6.1.1. Features Specific DL models 

 

An approach includes the development of deep learning (DL) algorithms that explicitly 

assess physiologically interpretable characteristics of vascular systems instead of generating 

abstract risk scores. The Singapore I Vessel Assessment (SIVA-DLS) system is an entirely 

automated algorithm designed to quantify the calibre of retinal vessels. Specifically, it focusses 

on the central retinal arteriolar equivalent (CRAE) and the central retinal venular equivalent 

(CRVE), both recognised indicators of cardiovascular health. It demonstrated a link between 

narrower arterioles and the prediction of future clinical models, by generating heat maps from 

fundus images and highlighting areas used to estimate vessel diameter. Thus, connecting com-

putational output directly to vascular anatomy that is interpretable for humans (Wong et al., 

2024).  
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Similarly, QUARTZ software, an automated vasculometry pipeline, is designed to 

quantify the tortuosity, width variation, and arterioles and venule area. QUARTZ-derived met-

rics independently predicted mortality due to circulatory diseases and stroke, demonstrating 

predictive values comparable to those of the Framingham Risk Score (FRS) (Rudnicka et al., 

2022). A major advantage of these models is that they provide predictions in units, μm for 

vessel width and tortuosity index, which enhances direct pathophysiological interpretation and 

reproduction across different datasets.  

These feature-centric methodologies collectively demonstrate how deep learning (DL) 

can maintain interpretability by replicating conventional quantitative ophthalmic indicators, 

while enhancing scale and precision through automation. 

 

6.1.2. Two Stage Explainable Models 

 

XMACE, an alternative design approach, focusses on enhancing interpretability in end-

to-end models. It uses a clear two-step process: 

Stage 1: estimation of ten conventional risk factors (age, sex, BMI, SBP, DBP, HbA1c, 

HDL, LDL, triglycerides, smoking) directly from fundus images. 

Stage 2: Calculation of the 5-year risk of major adverse cardiovascular events (MACE) 

based on these intermediate estimates. 

This dual methodology produces a comprehensible clinical profile showing the rationale 

behind the model's prediction of increased risk. To enhance explainability, an adapted version 

of the Integrated Gradient Occlusion Sensitivity (IGOS) saliency technique was used, which 

demonstrated that the model focus was on the retinal arterioles and venules, aligned with vas-

cular pathophysiology (Qian et al., 2024). 

 

6.1.3. Novel interpretable Biomarkers 

 

Deep learning (DL) output has facilitated the development of novel, intuitive bi-

omarkers that condense intricate vascular data into concise, easily understandable metrics. 

One such understandable concept is the "retinal age gap", which is defined as the dif-

ference between an individual's deep learning (DL)-predicted retinal age and their actual chron-

ological age, serving as an indicator of overall vascular ageing. According to (Zhu, Chen, et al., 

2022) an increase of one year in the retinal age gap is associated with a 3% rise in the risk of 

cardiovascular events. Furthermore, those in the highest quartile of this gap exhibited a 55% 

increased risk of cardiovascular disease (CVD) events, even after accounting for confounding 
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factors. In another study, (Nusinovici et al., 2022) verified the effectiveness of this biomarker 

in forecasting all-cause mortality and cardiovascular disease (CVD), thus solidifying its role as 

a functional indicator of biological aging.  

Another example is the Reti-WHO model, which directly derives the World Health Or-

ganisation (WHO) 10-year cardiovascular disease (CVD) risk score from retinal images. With 

an Area under the curve (AUC) of 0.69 (compared to 0.68 for the conventional WHO model) 

and improved stability over years, it indicates that retinal vascular structure might more reliably 

reflect long-term cumulative risk compared to variable clinical measures (W. Zhang et al., 

2023) 

Collectively, these biomarkers demonstrate interpretability by simplifying complex im-

age data into singular and intuitive health indicators that clinicians and patients can easily com-

prehend. 

 

6.1.4. Visualization Techniques 

 

Researchers have integrated visual explanation techniques that correlate deep learning 

(DL) with anatomical features to provide insight into how models arrive at their decisions. 

Gradient-weighted Class Activation Mapping (Grad-CAM) and Shapley Additive Ex-

planations (SHAP) are the most widely used methods. In the study by (Al-Absi et al., 2022) 

Grad-CAM heat maps of fundus images were used to diagnose cardiovascular disease through 

integration of DXA and retinal imaging.  The visualisation showed that the model was concen-

trated mainly on vascular regions in the centre of the retina —such as the main retinal vessels 

and the optic disc, and peripapillary regions, areas that correspond to established vascular indi-

cators of systemic health. In a similar study, (Y. C. Lee et al., 2023) applied saliency mapping 

to the Reti-CVD algorithm and found that its predictions were mainly affected by the retinal 

vascular arcades instead of the background areas, thus reinforcing its physiological relevance. 

(Qian et al., 2024)demonstrated comparable findings by applying gradient analysis within the 

XMACE model, showing that the model focusses on retinal microvasculature that are linked 

with systemic changes and vascular changes due to atherosclerosis.  

Examples of Grad-CAM heatmaps (shown below) illustrates the visual connection be-

tween DL outputs and retinal anatomy using interpretability techniques. These attention maps 

demonstrate that the model focusses on physiological structures related to systemic vascular 

integrity—such as the optic and vascular arcades—thus improving clinical plausibility and 

transparency. 



 29 

Clinical plausibility indicates how well the learnt features and predictions of a model 

align with established physiological or pathological mechanisms. Here, the alignment between 

model focus and retinal blood vessels emphasises that predictions are based on biologically 

relevant information instead of imaging artefacts. 

However, transparency refers to the degree to which a model's internal decision-mak-

ing process is understandable and verifiable by humans. Visualization tools, such as Grad-

CAM, enhance transparency by enabling clinicians to understand where and why the model 

concentrates, thereby increasing interpretability and trust in AI-driven diagnostic systems(Al-

Absi et al., 2022; Rudnicka et al., 2022; Wang et al., 2024). 

 

 

 
Figure 1. Heatmaps generated from a multimodal model with overlaid GradCam.  
The Red-ish region shows strong attention to the model, and the blue-ish region shows less 
attention. 
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Figure 2: Saliency maps of the Reti-ageing score mode highlighting dense  
capillary beds related to vascular ageing.  
(A) Examples of original retinal fundus images. (B) Examples of saliency maps.  
(a) Normal sample; (b) Vascular ageing sample 
 

By visually correlating deep learning (DL) attention with anatomical structures, these 

visualisation techniques increase clinician confidence, aid in error assessment, and bridge the 

gap between algorithmic reasoning and clinical interpretation. Together, these visualisation 

frameworks form the basis for how DL can be applied to retinal imaging. It provides insight 

into the next phase of development— advancing clinical validation, generalisability, and large-

scale application. This next section examines the main themes that have recently surfaced, fo-

cussing on how improvements in interpretability, clinical validation, and generalisability are 

closing the gap between algorithmic breakthroughs and practical cardiovascular prevention. 

 

6.2. Pathways to Clinical Validations and Integration 

 

The practical application of deep learning (DL) systems in real-world scenarios is cur-

rently being assessed through benchmarking studies, pragmatic trials, and regulatory approval 

processes. The initial step in the clinical application of retinal DL models is to benchmark their 

predictive capabilities against established cardiovascular risk calculators. This comparative 

analysis serves as a critical benchmark for evaluating clinical relevance, ensuring that the risk 



 31 

estimates produced by the DL models match or exceed the discrimination and calibration of 

traditional multivariable tools such as the Framingham Risk Score (FRS), SCORE/SCORE2, 

QRISK3, and Pooled Cohort Equations (PCE). Benchmarking helps determine whether retinal 

biomarkers derived from DL can act as a standalone predictor or add a prognostic value to 

existing scores. The subsequent subsection reviews the main benchmarking initiatives docu-

mented in the literature and examines how these image-based models compare to conventional, 

guideline-supported frameworks. 

 

6.2.1. Benchmarking versus traditional risk scores 

 

Cardiovascular risk SCORE such as the Framingham Risk Score (FRS), 

SCORE/SCORE2, QRISK3, and the pooled cohort equations (PCE) have long been the corner-

stone of the guideline-based evaluation of ASCVD. The results of these scores estimate the 10-

year risk of major cardiovascular incidents and help direct preventive strategies and clinical 

interventions. ( Lee et al., 2023; Vaghefi et al., 2024; Zhang et al., 2023). However, the predic-

tions are limited by calibration drift across ethnicities and low discrimination in groups that are 

in the intermediate or borderline risk (Yi et al., 2023).  

In various studies, retinal deep learning (DL) methodologies have demonstrated dis-

crimination capabilities on the same level as traditional risk calculators, and in certain cases 

exceeding the traditional calculators. Studies using models such as, Reti-CVD, Reti-CAC, 

SIVA-DLS and QUARTZ show that measurements of features of the vessels in the fundus such 

as, vessel calibre, tortuosity, and width variation have significant value for prognosing cardio-

vascular outcomes (Rudnicka et al., 2022; Wong et al., 2024). 

In extensive population cohort studies such as the UK Biobank, EyePACS 10K, and 

CMERC, retinal deep learning (DL) biomarkers showed discrimination abilities that were on 

par with or exceeded those of traditional scores such as, FRS, QRISK3, SCORE, and PCE, 

while enhancing risk reclassification in intermediate groups. For example, surrogate modals 

and multimodal approaches, such as the DL Funduscopic Atherosclerosis Score (DL-FAS), the 

dual-stage XMACE model, and Reti-CVD, demonstrated improved calibration and net reclas-

sification within subgroups by offering additional value when integrated with conventional risk 

scores. These results were consistent in internal and external validations, highlighting the ro-

bustness and generalisability of the retinal AI biomarker in the prediction of cardiovascular 

risk. (Chang et al., 2020; Qian et al., 2024; Vaghefi et al., 2024). 

In general, benchmarking research reveals two key findings. First, retinal deep learning 

(DL) models show discrimination metrics that are comparable to or somewhat superior to 
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conventional risk calculators, improving individual risk estimation, particularly in borderline 

risk groups. Secondly, they provide a scalable and non-invasive approach to enhance guideline-

based risk stratification.  

Details of the performance metrics such as, 95% confidence intervals, p-values, and 

comparators are summarised in Table 3 (shown below).  

 
Table 3. Benchmarking of Retinal Deep learning (DL) Models against Traditional Cardiovascular 
Risk Scores 
 

Deep learning 
(DL) Model / Ap-
proach 

Comparative Performance vs. Traditional Scores References 

SIVA-DLS Automated vessel calibre improved MI prediction when 
added to clinical models (AUC 0.782 → 0.787; Δ = 0.005; p 
= 0.010; NRI 18.35 [95 % CI 6.27 – 32.61]). Reference 
model: multivariable clinical risk factors (age, BP, DM, cho-
lesterol) 

(Wong et al., 
2024) 

QUARTZ Vascu-
lometry 

Arteriolar/venular width and tortuosity predicted circulatory 
mortality (C-statistics 0.68–0.71; 95 % CI as reported), 
comparable to FRS; externally validated in EPIC-Norfolk. 

(Rudnicka et 
al., 2022) 

DL-FAS 
(Funduscopic Ath-
erosclerosis Score) 

Independent of FRS; improved reclassification (IDI ≈ 20 %, 
NRI ≈ 30 %; p<0.001) for all-cause and CVD mortality.  

(Chang et al., 
2020) 

XMACE (Two-
Stage Explainable 
Model) 

Outperformed SCORE (+8.2 %) and FRS (+7.1 %) for 5-year 
MACE prediction; (C-stat 0.725; 95 % CI 0.701 – 0.749; p 
< 0.001). 

(Qian et al., 
2024) 

Reti-CVD (AI-
SaMD) 

Hazard-ratio trend = 2.02 (95 % CI 1.26 – 3.24; p < 0.001); 
independent predictive value HR 3.56 (1.34 – 9.51; p = 
0.011); non-inferior to CAC (ΔAUC = –0.01; p = 0.41), su-
perior to CIMT and baPWV (p < 0.001); validated in UK Bi-
obank (ΔC = 0.014 [0.010 – 0.017]; p < 0.001). Reference 
models: QRISK3 / CAC 

(Y. C. Lee et 
al., 2023; 
Tseng et al., 
2023) 

rpCVD Predictive precision comparable to the WHO CVD risk score 
(AUC 0.672 vs 0.693; Δ = –0.021; p = 0.23; 95 % CI as 
reported) in Australian primary care; high real-world feasi-
bility. 

(Hu et al., 
2025) 

Reti-WHO Replicated WHO 10-year risk classification (AUC 0.69 [95 
% CI 0.66 – 0.72] vs 0.68; p = 0.842); greater year-to-year 
longitudinal stability. 

(W. Zhang et 
al., 2023) 

Retinal-only 
ASCVD Classifier 

(95 % CI 0.87 – 0.91; p < 0.001) in UK Biobank and 0.88 in 
EyePACS 10K; correlated with observed ASCVD events. 
Reference: PCE. 

(Vaghefi et al., 
2024) 

RetiCAC / Surro-
gate CAC Models 

Retinal DL model predicted CAC presence (AUC 0.83 [0.80 
– 0.86] vs FRS 0.77 [0.74 – 0.80]; p < 0.001) — enhanced 
risk stratification in borderline / intermediate groups. 

(Rim et al., 
2021) 
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6.2.2. Risk-Enhancer Role (Borderline/Intermediate Risk Re-Stratification) 

 

A common theme across recent studies is the use of DL biomarkers as risk enhancers 

that augment guideline based clinical scores, rather than replacing them. In the field of preven-

tive cardiology, there is uncertainty in determining whether to start statin or antihypertensive 

therapy for individuals with a 10-year risk of ASCVD ranging from 5% to 7.5% (borderline) 

or 7.5% to 20% (intermediate). Traditional risk assessment tools, including the Framingham 

Risk Score (FRS), QRISK3, and Pooled Cohort Equations (PCE), may not adequately detect 

subtle microvascular or inflammatory issues within these categories, potentially resulting in 

improper treatment decisions (Y. C. Lee et al., 2023; Rim et al., 2021) 

An example is The Reti-CVD algorithm, a clinically orientated extension of RetiCAC, 

which, after recalibrated in the UK Biobank population, effectively categorised individuals into 

three distinct risk groups and showed clinical value in the borderline QRISK subgroup (7.5-

10% 10-year risk), where it accurately reclassified patients and aligned risk with treatment 

thresholds. This shows the role of DL as risk enhancer alongside traditional risk scores (Tseng 

et al., 2023).  

In a subsequent critical trial, newly approved AI Software as a Medical Device (AI-

SaMD) demonstrated that the Reti-CVD risk groups exhibited a trend of grading the hazard 

ratio of around 2.0 (95% CI 1.26–3.24) for cardiovascular events, independent of conventional 

risk factors. In comparison to established imaging biomarkers, Reti-CVD's performance was 

non-inferior to coronary calcium scoring and exceeded that of carotid intima-media thickness 

(CIMT) and brachial-ankle pulse-wave velocity (baPWV)(Y. C. Lee et al., 2023). Comparable 

examples based on similar principles are found in other models. The rpCVD model, assessed 

in primary-care clinics in Australia, showed predictive accuracy comparable to the WHO 10-

year cardiovascular disease risk chart (Area under the curve (AUC) 0.672 vs 0.693) and fit 

naturally into standard workflows (Hu et al., 2025). In the context of borderline patients, these 

objective microvascular indicators provide clinicians with concrete evidence to validate either 

the intensification or reduction of preventive treatment. 

Collectively, these studies suggest that retinal deep learning (DL) systems are currently 

more effective as supplementary risk enhancers within multivariable frameworks, rather than 

replacing them. Their primary clinical utility is to reclassify people with uncertain intermediate 

risk by detecting underlying microvascular damage that traditional variables may not capture. 

With expanded regulatory validation and improved workflow integration, retinal DL could play 

a role similar to that of coronary artery calcium (CAC) scoring—offering a non-invasive, radi-

ation-free, and globally accessible enhancement to cardiovascular risk assessment. 
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6.2.3. Pragmatic and Pivotal Clinical trials 

 

An important step towards applying the DL algorithm in real world clinical settings is 

to provide evidence through pragmatic studies and obtaining regulatory-level clinical validation 

via pivotal trials. Pragmatic trials assess the ability of these models to operate within existing 

healthcare settings, while pivotal trials determine their safety, validity, and reproducibility for 

clinical use.  

The rpCVD system represents one of the initial practical applications of retinal deep 

learning (DL) screening in the context of primary care. An Australian multicentre study by (Hu 

et al., 2025)revealed that its predictive accuracy is on level with the WHO 10-year cardiovas-

cular disease (CVD) risk chart. In addition, it showed high imaging success rates and was well 

accepted by patients and clinicians. This pragmatic assessment validated that non-mydriatic 

fundus photography can be seamlessly incorporated into routine procedures, facilitating rapid, 

radiation-free, and laboratory-independent risk assessment directly at the point of care. These 

results highlight the operational viability of population-wide screening in settings where con-

ventional laboratory-based methods are either unavailable or require extensive resources(Hu et 

al., 2025). 

At the regulatory level, the Reti-CVD algorithm represents a significant advance in the 

progression of DL from experimental validation to clinical application. Based on the earlier 

RetiCAC model, it underwent a prospective multicentre pivotal trial in South Korea and was 

later approved by the Korean Ministry of Food and Drug Safety (K-MFDS) as an AI Software 

as a Medical Device (AI-SaMD) (C. J. Lee et al., 2023)  

This key study evaluated 1106 participants, including those without history of cardio-

vascular events, from the Cardiovascular and Metabolic Diseases Etiology Research Centre – 

High Risk (CMERC-HI) cohort. Over the course of 5 years, 3% of these individuals developed 

new cardiovascular disease. The study's main goal was to prospectively assess the primary end-

point of cardiovascular disease occurrence, while the secondary endpoints involved comparing 

the predictive accuracy with established imaging markers— such as, coronary artery calcium 

(CAC), carotid intima-media thickness (CIMT), and brachial-ankle pulse wave velocity 

(baPWV). 

Reti-CVD demonstrated a substantial hazard-ratio gradient among three risk categories 

(HR trend = 2.02; 95% CI 1.26–3.24; p < 0.001). Adjusted analyses indicated independent pre-

dictive strength (HR 3.56 [1.34–9.51]; p = 0.011), proving non-inferior to CAC (ΔAUC = 

−0.01; p = 0.41) and outperforming CIMT and baPWV (p < 0.001). This evidence served as 
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the foundation for its regulatory approval by K-MFDS, marking it as the first clinically author-

ized retinal biomarker for predicting CVD risk. 

In a study by Tseng et al. (2023) involving the UK Biobank with 48,260 participants 

and a median follow-up period of 11 years, further validation demonstrated the broad applica-

bility of Reti-CVD. Reti-CVD was independently related to incident CVD with a hazard ratio 

of 1.41 (1.30-1.52) and a p-value of less than 0.001. Moreover, when incorporated into the 

QRISK3 model, it notably improved discrimination with a ΔC of 0.014 (95% CI 0.010–0.017) 

and a highly significant p-value of less than 0.001 (Tseng et al., 2023). 

These crucial and practical validations together establish the clinical reliability and reg-

ulatory approval of Reti-CVD as a consistent and applicable tool for cardiovascular risk strati-

fication, on par with traditional imaging biomarkers like CAC and CIMT(Hu et al., 2023; C. J. 

Lee et al., 2023; Tseng et al., 2023). 

 

6.3. Generalizability Across Populations 

 

6.3.1. Cross-ethnic transport and model recalibration 

Research indicates that retinal deep learning (DL) models can be applied across different 

populations but often require adjustments. A model trained using the UK Biobank to assess BP, 

HbA1c, eGFR, and various diagnoses underwent prospective validation in Kenya. The results 

showed that the performance was "comparable or slightly lower" compared to the development 

data. There was a particular degradation in performance to predict HbA1c (MAE increased 

from 0.34% to 1.96%). The researchers noted that recalibrating the models might be necessary, 

with the difference likely due to differences in demographic composition and imaging equip-

ment (TOPCON in the UKB versus Canon CR-2AF in Kenya)(White et al., 2024). 

On the other hand, Reti-CVD system underwent successful validation within a diverse 

Singaporean cohort, including Chinese, Malay, and Indian individuals, the Reti-CVD bi-

omarker maintained its independent prognostic relationship with the onset of cardiovascular 

disease, thereby affirming its applicability across different ethnic groups(Yi et al., 2023).  

In conclusion, the findings of the studies show the potential of retinal microvasculature 

for risk assessment, it is essential to adopt the models to local populations to guarantee fair and 

reliable data.  
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6.3.2. Application in special subgroups (e.g., diabetes, PLWH, others) 

 

Deep learning (DL) models are also being assessed in clinical populations where con-

ventional cardiovascular risk assessment tools often do not perform or incorporate specific 

pathophysiological characteristics. 

• People with Diabetes: In a nationwide cohort of people with diabetes, retinal imaging 

offered independent prognostic information on cardiovascular outcomes, even after 

considering established clinical and biochemical variables. Nevertheless, the additional 

predictive value was marginal (C-statistic increase ≈ 0.002), indicating that in high-risk 

groups already subjected to intensive metabolic monitoring, retinal biomarkers provide 

limited additional benefit. (Mellor et al., 2023) 

 

• People Living with HIV (PLWH): In Asian individuals living with HIV, a deep learn-

ing (DL) model tailored for retinal analysis in this group surpassed conventional risk 

calculations in detecting coronary atherosclerosis and obstructive coronary artery dis-

ease. This emphasises the usefulness of retinal biomarkers in scenarios where chronic 

inflammation and antiretroviral treatment modify vascular risk profiles (Lui et al., 

2023). 

Advancements in external validation and targeted subgroup analysis show a maturing 

field, but also highlight the ongoing challenges that must be addressed to ensure impartial and 

responsible clinical implementation. 
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7. DATA, PIPELINE, AND EVALUATION CONSIDERATIONS 
 

Before assessing the performance of models, it is important to consider how prepro-

cessing decisions affect the quality and interpretability of retinal features examined by deep 

learning (DL) systems. 

 

7.1. Preprocessing strategies (segmentation vs. whole-image; normalization) 

 

Effective preprocessing is important for the performance of DL algorithms. Segmenta-

tion-based and whole-image analysis are the two common strategies. Segmentation-based ap-

proaches focus on isolating specific anatomical structures, such as the optic disc, macula, or 

retinal blood vessels, by employing algorithms like U-Net. This technique evaluates the char-

acteristics of vessels that are associated with cardiovascular risk, such as calibre, tortuosity, and 

branching complexity. The extraction of these specific biomarkers (such as vessel calibre and 

tortuosity) has facilitated the extraction of CVD-relevant endpoints, including myocardial in-

farction and mortality (Grzybowski, 2025; Rudnicka et al., 2022). 

On the other hand, whole-image analysis enables convolutional neural networks 

(CNNs) to independently learn both local and global patterns without the need for predefined 

regions of interest, thereby identifying texture or colour signals linked to systemic diseases. 

This has allowed predicting the risk of BP and CVD from the retina of a single fundus image 

(Grzybowski, 2025; Rim et al., 2021). 

Preprocessing strategies, in both segmentation and whole image analysis, typically in-

tegrate illumination/contrast normalisation, contrast enhancement, and data augmentation tech-

niques (such as rotations, flips, and colour modifications) to improve robustness against the 

variability found in fundus cameras and imaging protocols (C. J. Lee et al., 2023; Vaghefi et 

al., 2024; White et al., 2024). The choice between the two approaches often depends on the 

intended application: the segmentation approach is applied for pathophysiological interpreta-

bility and vessel biomarker extraction, whereas the whole-image approach is applied for CNNs 

for end-to-end prediction tasks such as screening cardiovascular event risk (Grzybowski, 2025; 

Rim et al., 2021). 

 

7.2. Evaluation Metrics, Reliability, and Calibration 

 

To evaluate the performance of DL-algorithms in prognostic modelling, the terms reli-

ability and accuracy are used to represent how consistently, and precisely predictive models 
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classify individuals into appropriate cardiovascular risk categories. These aspects are assessed 

by examining four interrelated components: 
1. Discrimination, indicating the model's ability to differentiate between individuals at high 

and low risk (evaluated via the Area under the curve (AUC) or C-statistic)  

2. Calibration, which signifies the match between predicted and observed risks 

3. Reclassification, assessing the shifts of individuals into more suitable risk categories 

4. Robustness or transportability, reflecting the model's consistent performance across var-

ious cohorts, populations, and imaging modalities.  

The summarised trends across these metrics are synthesised below, while the detailed 

metrics are presented in the table. 

 

7.2.1. Quantitative Performance Trends 

 

The application of DL models to retinal imaging in various datasets has shown moderate 

to strong ability to predict hypertension, coronary artery disease, stroke, and general cardiovas-

cular outcomes. Improvements in Area under the curve (AUC) and net reclassification are fre-

quently observed by internal and external validation on different continents and imaging sys-

tems. This includes testing across continents and crucial clinical data, which underscores the 

reliability of DL's predictive capabilities(Chang et al., 2020; Y. C. Lee et al., 2023; Qian et al., 

2024; Rim et al., 2021; Rudnicka et al., 2022; Tseng et al., 2023; Vaghefi et al., 2024).  

DL Systems that use surrogate biomarkers such as RetiCAC/Reti-CVD, DL-FAS, and 

AI-enhanced vasculometry can efficiently differentiate risk categories and enhance the accu-

racy of event predictions, surpassing traditional scoring systems such as pooled cohort equa-

tions or Framingham Risk Score (FRS) (Chang et al., 2020; Rim et al., 2021; Rudnicka et al., 

2022; Tseng et al., 2023). End-point and multimodal and two-stage configurations exhibit 

AUC/C-statistics that are on par with or exceed those of SCORE, SCORE2 and FRS in specific 

groups (Y. C. Lee et al., 2023; Qian et al., 2024). The improvement is most significant among 

the risk groups classified as borderline or intermediate, indicating where clinical uncertainty is 

highest (Rim et al., 2021; Tseng et al., 2023). 

 

7.2.2. Calibration and Transportability 

 

In general, the calibration quality is mostly satisfactory but frequently needs recalibra-

tion for specific cohorts. The models developed using the UK Biobank maintained their perfor-

mance after recalibration in external datasets such as EyePACS, highlighting the adjustment 
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for different populations. (Vaghefi et al., 2024). Two-stage frameworks that first evaluate in-

termediate risk factors (such as blood pressure and cholesterol) and then estimate events have 

increased calibration transparency, facilitating a more straightforward understanding of predic-

tion inaccuracies(Qian et al., 2024). These recalibration methods increase the predictive accu-

racy of DL algorithms when applied across diverse populations and imaging areas.  

 

7.2.3. Reliability and Longitudinal Robustness 

 

The reliability in these deep learning (DL) models is improved by external validation 

across diverse populations in Asia, the United Kingdom, and the United States, and, in some 

cases, supported by multi-year longitudinal follow-up studies(Chang et al., 2020; Tseng et al., 

2023). Within the high-risk clinical group assessed using Reti-CVD, as AI Software as a Med-

ical Device (AISaMD)—there is a clear hazard gradient is observed, while maintaining inde-

pendent prognostic significance along with established vascular markers such as coronary ar-

tery calcium score (CAC), carotid intima-media thickness (CIMT) and brachial-ankle pulse-

wave velocity (baPWV)(C. J. Lee et al., 2023). Similarly, deep learning-powered retinal vas-

culometry has consistently shown a correlation with myocardial infarction and cardiovascular 

mortality in various external cohorts, thus reinforcing its validity and long term use for risk 

monitoring. (Rudnicka et al., 2022; Wong et al., 2024). 

 

7.2.4. Summary of Evaluation Insights 

 

Collective evidence reviewed suggests that deep learning retinal (DL) models demon-

strate strong discrimination capabilities, reasonable calibration, and consistent reliability when 

properly validated and calibrated. The most significant contribution is improving traditional 

multivariable risk assessments by improving the classification of intermediate-risk categories 

and identifying microvascular damage that traditional variables do not capture. As regulatory 

approvals increase and workflow integration enhances, retinal DL systems could play a role 

similar to CAC scoring, offering a non-invasive, radiation-free, and globally accessible en-

hancement to cardiovascular risk evaluation(Hu et al., 2025; Y. C. Lee et al., 2023; Rim et al., 

2021; Tseng et al., 2023). 
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7.3. Handling Class imbalance and Event Scarcity 

 

In retinal imaging cohorts, event endpoints such as myocardial infarction (MI), major 

adverse cardiovascular events (MACE), stroke, and cardiovascular (CVD) mortality are rela-

tively rare in imaging cohorts, creating a class imbalance that may distort model optimisation, 

exaggerate perceived discrimination, and destabilise prediction thresholds. The reviewed liter-

ature suggests various approaches to address these challenges, including adaptations in study 

design, selection of surrogate endpoints, and calibration of models. 

 

7.3.1. Design Approaches to Increase Informative Positives 

 

Extensive population studies have been used in conjunction with long-term follow-up 

durations to gather an adequate number of events for survival analysis. For example, Within 

the UK Biobank study, automated retinal vasculometry was used to forecast circulatory mor-

tality and the occurrence of myocardial infarction (MI) through time-to-event modelling(Rud-

nicka et al., 2022; Wong et al., 2024). In instances where events were limited, case-control 

sampling is used to enhance class balance. For example, in the stroke research conducted 

by(Coronado et al., 2021), 412 stroke cases and 2,060 controls were used, illustrating that vas-

cular-embedding features surpassed traditional CNNs in datasets with few events. 

 

7.3.2. Use of Surrogate and Composite Endpoints 

 

To address the issue of limited frequency of events, several studies have used surrogate 

markers of atherosclerosis, which are more prevalent than clinical outcomes, to train the mod-

els. These surrogates include retinal CAC indicators such as RetiCAC and Reti-CVD, carotid-

atherosclerosis models, and deep learning-based funduscopic atherosclerosis scores. Each of 

these has demonstrated an independent prognostic value and has contributed to improved re-

classification(Chang et al., 2020; Y. C. Lee et al., 2023; Rim et al., 2021; Son et al., 2020; 

Tseng et al., 2023). Various groups have expanded endpoints to include composite outcomes 

such as MACE, leading to an increase in the number of positive cases and XMACE, leading to 

a more reliable survival estimate (Qian et al., 2024). 
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7.3.3. Two-Stage and Threshold-Based Frameworks 

 

Due to the interaction between imbalance, label noise, and proxy effects, multi-stage 

model designs have been implemented to make the training more stable. For example, the 

XMACE model initially deduced standard CV risk factors from fundus images, followed by 

predicting five-year MACE, this two-step process increases the reliability of the model when 

there is a lack of actual events available(Qian et al., 2024). Likewise, classifiers based on thresh-

old criteria, models that predict if the pooled-cohort-equation (PCE) risk is ≥ 7.5%, generated 

a more balanced and clinical interpretable data (Vaghefi et al., 2024) 

 

7.3.4. Calibration and Threshold Adjustment 

 

Because event prevalence differs between study populations, models often require local 

recalibration to maintain performance, an issue discussed in Section 9.2.2 

 

7.3.5. Contextual Dependence in High-Risk Subgroups 

 

Performance consistency can also depend on the underlying population, as shown in 

disease-specific cohorts such as diabetes and HIV, where event prevalence and baseline risk 

influence the model’s added value (see Section 7.3.2) 

 

7.3.6. Reporting and Evaluation Under Imbalance 

 

In the majority studies, the most significant enhancements were observed in the models' 

ability to accurately reclassify individuals into appropriate risk categories, rather than substan-

tial increases in Area under the curve (AUC) values Models using survival-analysis techniques, 

like QUARTZ, SIVA-DLS, and Reti-CVD,  were particularly effective on datasets with a lim-

ited number of events due to their consideration of the time duration until an event oc-

curs(Chang et al., 2020; C. J. Lee et al., 2023; Y. C. Lee et al., 2023; Rudnicka et al., 2022; 

Wong et al., 2024). 
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7.3.7. Summary 

 

Together, the findings of these studies indicate that the management of event scarcity 

can be achieved by increasing data sets, using surrogates or combined outcomes, and two-step 

models to stabilise training. The accuracy is further increased with the recalibration of the local 

population. Improvements in performance are most notable in borderline-risk categories where 

the clearest benefit is observed with reclassification and time-to-event(hazard) analyses(Qian 

et al., 2024; Rim et al., 2021; Rudnicka et al., 2022; Tseng et al., 2023). 
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8. CHALLENGES, LIMITATIONS, AND FUTURE DIRECTIONS 
 

There is significant potential in applying deep learning (DL) to retinal images to predict 

cardiovascular risk. However, several ongoing limitations hinder its reliability and clinical ap-

plication. These challenges include clinical usefulness, data quality, and translational areas, 

highlighting the gap between algorithmic performance and practical clinical utility. 

 

8.1. Demonstrating Clinically Meaningful Utility 

 

A major challenge involves demonstrating that statistically significant improvements in 

model accuracy can lead to clinically relevant improvements in patient care. Although deep 

learning (DL) algorithms often outdo conventional risk scores in terms of discrimination and 

reclassification metrics, it is still unclear whether these improvements result in significant de-

creases in cardiovascular events or influence treatment choices (C. J. Lee et al., 2023; Mellor 

et al., 2023; W. Zhang et al., 2023). In certain populations, particularly among diabetes patients 

who already receive extensive clinical follow-up, the additional predictive benefit of retinal 

biomarkers seems limited. This raises doubts about the real-world clinical use in settings where 

detailed medical information is already available (Mellor et al., 2023). To address this limita-

tion, prospective, outcome-based studies are needed to evaluate whether DL based risk reclas-

sification can meaningfully translate to clinical use such as, preventive strategies or therapeutic 

interventions(Y. C. Lee et al., 2023; W. Zhang et al., 2023).  

 

8.2. Generalizability and Algorithmic Bias 

 

Deep learning (DL) systems that are trained on extensive, yet demographically uniform 

datasets frequently show domain shift when applied to novel populations. For example, models 

created with the predominantly Caucasian UK Biobank were shown to be less reliable in eth-

nically diverse groups, highlighting the need for fair validation and recalibration (White et al., 

2024). The Reti-CVD model showed similar inconsistency, achieving optimal performance 

within its training domain but needing modifications for application to other ethnic groups, 

including East Asian or multi-ethnic Singaporean populations(Tseng et al., 2023; Vaghefi et 

al., 2024; Yi et al., 2023). These differences highlight the need for population-specific calibra-

tion, along with broader issues regarding algorithmic bias and fairness in predicting cardiovas-

cular risk.  
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8.3. Data Quality and Standardization 

 

The technical quality of the retinal images is a significant factor in determining the re-

liability of the models. Images of substandard quality or ungradable images caused by cataracts, 

poor focus, or inadequate illumination can lead to inaccurate predictions or even model mal-

function (Qian et al., 2024; Wong et al., 2024). Moreover, reproducibility is further compro-

mised by differences in fundus camera design, variations in field of view, and inconsistencies 

in colour normalization (Rim et al., 2021). Even within extensive biobank datasets, selection 

bias is a concern, where the participants tend to be healthier than the broader population, ne-

cessitating the need for external validation and local recalibration to preserve predictive accu-

racy(Zhu, Chen, et al., 2022).  

In addition to these technical challenges, high clinical skills and experience are required 

to acquire high quality fundus photographs. Multiple studies have identified the role of image 

quality and clinician expertise as a key factor that affects the performance and reliability of DL 

models. (Zhang et al., 2023) developed an automated quality-control pipeline designed to phil-

tre out low-quality fundus images using a vessel-to-background ratio and quadrant-level screen-

ing, thus preventing model compromise due to poor data input. (White et al., 2024) highlighted 

the importance of operator skill and environmental lighting on image quality, by excluding 

ungradable and low-quality images from the UK Biobank and Kenyan validation cohort to pre-

serve the model's predictive accuracy. The collective findings were supported by(Hu et al., 

2025) in the practical real-world validation of the Reti-CVD screening system, where the suc-

cess rates of non-mydriatic imaging varied considerably among operators, highlighting the crit-

ical role of clinical training for consistent implementation.  

Together, these studies emphasise that the technical quality of image acquisition and the 

expertise of clinicians are crucial factors in influencing the robustness and generalisability of 

cardiovascular predictions based on deep learning (DL) of the retina. 

 

8.4. Multi-modal Data Fusion 

 

Future advances in cardiovascular risk modelling are expected to be based on multi-

modal integration, which involves merging retinal characteristics with other physiological or 

imaging data sources. An important example is the multimodal model developed by (Al-Absi 

et al., 2022), which integrated fundus imagery with dual-energy X-ray absorptiometry (DXA) 

measurements to forecast coronary artery disease. This integrated strategy outperformed single-

modality models, demonstrating how retinal imaging can enhance existing diagnostic 
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techniques. Other multimodal studies aimed at predicting cardiovascular risk have similarly 

suggested integrating retinal fundus imaging with clinical and demographic data(Lui et al., 

2023; Vaghefi et al., 2024).  

Recent developments in oculomic research underscore the possibility of merging retinal 

imaging with genetic or polygenic data. Integration of oculomics and genomics can reveal com-

mon biomarkers linked to vascular conditions and aneurysms, highlighting the potential to com-

bine hereditary and imaging-based predictors in future cardiovascular models (Zhang et al., 

2024). 

Collectively, these hybrid systems indicate a promising path towards comprehensive, 

non-invasive cardiovascular profiling that utilizes multiple biomarkers together. 

 

8.5. Longitudinal Analysis and Stability 

 

A promising area of research is longitudinal modelling. Retinal biomarkers have the 

potential to capture stable and cumulative indicators of vascular health, in contrast to short-term 

clinical measures such as blood pressure or lipid levels that can vary daily. Longitudinal anal-

yses reveal that metrics derived from deep learning, especially the retinal age gap and Reti-

WHO score, show greater consistency from year to year compared to conventional risk assess-

ments, indicating that they may better represent the underlying microvascular health(W. Zhang 

et al., 2023; Zhu, Chen, et al., 2022).  

Based on predictive capabilities and cross-sectional findings derived from AI-driven 

analysis of colour fundus photographs (CFPs), research into retinal biomarkers has been devel-

oped to predict future cardiovascular events and long-term mortality. Ty. Numerous studies 

have used survival-analysis methodologies, including Cox proportional-hazards modelling, by 

applying deep features extracted from CFPs to assess the risk of developing cardiovascular 

disease (Chang et al., 2020; Rim et al., 2021). 

This advancement is supported by evidence from extensive perspective cohort studies. 

Chang et al. (2020) illustrated that a deep learning (DL) model, which was trained using retinal 

images to predict carotid atherosclerosis and plaque burden, demonstrated a significant associ-

ation with cardiovascular mortality (Chang et al., 2020). Similarly, the studies conducted by 

Rudnicka et al. (2022) and Wong et al. (2024) revealed that a decrease in central retinal arteri-

olar equivalents and an increase in venular calibre, as assessed by automated vasculometry sys-

tems such as SIVA-DLS and QUARTZ, were linked to a greater risk of significant adverse 

cardiovascular events and overall mortality(Rudnicka et al., 2022; Wong et al., 2024).  
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Moreover, Zhu et al. (2022) used data from the UK Biobank to demonstrate that the age 

gap in the retina was independently related to mortality and cardiovascular outcomes. A wider 

gap was associated with an increased risk of developing incident CVD. Subsequent research 

confirmed that larger age gaps also predicted stroke and various systemic diseases, highlighting 

the potential of retinal ageing metrics as comprehensive biomarkers of cumulative vascular 

damage (Zhu et al., 2022a). 

These longitudinal and survival analyses collectively indicate that retinal imaging can 

advance beyond cross-sectional screening to enable ongoing risk assessment. The long-term 

application of deep learning (DL) retinal biomarkers is useful in personalised monitoring and 

evaluating the efficacy of preventive strategies in cardiovascular healthcare (Chang et al., 2020; 

Rudnicka et al., 2022; Wong et al., 2024; Zhang et al., 2023; Zhu et al., 2022b). 

 

8.6. Implementation and Clinical Translation 

 

Even the most precise algorithms must prove their practicality and worth within actual 

healthcare settings. The primary obstacle to clinical implementation is external validation. Var-

ious systems show outstanding internal outcomes, but are affected by a decrease in predictive 

power in practical and resource limited settings (Vaghefi et al., 2024). A significant achieve-

ment towards clinical implementation is the approval of Reti-CVD as an AI software Medical 

Device (AI-SaMD), supported by pivotal clinical trial data(Hu et al., 2025; Y. C. Lee et al., 

2023). To apply deep retinal learning from experimental validation to widespread clinical use, 

it requires establishing consistent imaging standards and ensuring fair population coverage. By 

overcoming these technical and clinical challenges, we can ensure responsible implementation 

of AI systems to provide substantial benefits(Lui et al., 2023; Qian et al., 2024; Tseng et al., 

2023; Vaghefi et al., 2024) 
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CONCLUSION 
 

This review of the literature shows the evolution of deep-learning analysis of retinal 

fundus images, from early work on surrogate markers to developed models that have become 

an effective and non-invasive method for assessing cardiovascular risk. The field has evolved 

from models that determined individual risk factors to building systems that can estimate both 

short-term and long-term cardiovascular risks. Multiple cohort and prospective studies have 

validated the clinical application, where a major milestone has been the development of a clin-

ically approved AI tool for the stratification of cardiovascular risk (Reti-CVD). This, along with 

the development of novel biomarkers such as the “retinal age gap” and consistent demonstra-

tions of DL systems in improving conventional risk scores (e.g., improving reclassification in 

the borderline group), has allowed earlier and targeted prevention of CVDs at the population 

level.  

However, three main significant challenges are central to clinical application. First, it is 

crucial to demonstrate that DL can demonstrate clear clinical use beyond performance 

measures, that it can demonstrate net benefit in patient outcomes and effect treatment decisions. 

Second, it must ensure generalisability and fairness in algorithms through extensive validation 

studies in different demography, multimorbidity, imaging devices, and healthcare settings. It 

requires adopting calibration, drift monitoring, and routine surveillance as standard procedure.  

Third, it is important to improve the interpretability of the models for clinical integration 

into workflows. Models should clearly indicate identifiable vascular characteristics and the fea-

tures that lead to predictions. It must provide an explanation that is clearly communicated to 

both clinicians and patients. It is of utmost importance that AI models display transparency and 

compatibility to build trust and ensure effective use of AI based retinal analysis in clinical set-

tings. Lastly, how widespread the use will depend on addressing practical issues related to cost, 

image quality, central vs peripheral retinal imaging, and incorporation with existing medical 

records.  

In conclusion, the development of explainable, thoroughly validated and fairly imple-

mented deep-learning systems for retinal analysis marks a significant change in the assessment 

of cardiovascular risk. Deep learning (DL) applications in Retinal imaging can improve cardi-

ovascular risk evaluation to an accessible and highly scalable screening method. It has the po-

tential to improve current risk assessment models, prioritise patients earlier in disease progres-

sion, and ultimately reduce the impact of cardiovascular illness and death rates. 
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APPENDICES: 
 

Appendix 1 Master Summary Table of Included Studies 

Author 
(Year, 
Country) 

Dataset 
Charac-
teristics 

Deep 
learning 
(DL) 
Model 

Target 
Out-
come(s) 

Perfor-
mance 
Metrics 

Valida-
tion 
Strategy 

Key 
Findings 

Limita-
tions / 
Inter-
preta-
bility 

Zhang et 
al., 2020 
(China) 

625 peo-
ple (1,222 
images), 
rural 
China; 
fundus 
photos 

Inception-
V3 CNN 

Hyperten-
sion, hy-
pergly-
caemia, 
dyslipi-
daemia 

Acc ≈ 69% 
(HTN); 
AUROC 
modest for 
metabolic 
traits 

Internal 
split 

Feasibil-
ity: sin-
gle-im-
age pre-
diction 
of sys-
temic 
risk fac-
tors 

Small, 
single-
region 
cohort; 
con-
found-
ing by 
age/sex 

Gerrits et 
al., 2020 
(Qatar) 

3,000 Qa-
tar Bi-
obank 
(≈12k im-
ages) 

Mo-
bileNet-V2 
CNN 

Age, sex, 
BP, 
HbA1c, 
lipids, 
testos-
terone 

MAE age ≈ 
2.8 y; AUC 
sex ≈ 0.97 

Internal Retina 
encodes 
multiple 
cardi-
ometa-
bolic 
traits 

Limited 
clinical 
out-
come 
linkage 

Chang et 
al., 2020 
(Korea) 

32,227 
SNUH; 
fundus + 
carotid 
US 

DL-FAS 
(funduscop
ic athero-
sclerosis 
score) 

Carotid 
athero-
sclerosis; 
CVD 
mortality 

AUC 
0.713; ΔC-
index 
+0.0266; 
HR ≈ 1.6–
8.3 

Internal + 
external 

The Fun-
dus-de-
rived 
athero-
sclerosis 
score 
adds to 
the FRS 

Single 
ethnic-
ity; ret-
rospec-
tive 

Son et al., 
2020 (Ko-
rea) 

20,130 
persons; 
44k fun-
dus im-
ages 

Inception-
V3 CNN 

High 
CAC 
(>100) 

AUC ≈ 
0.83 

5-fold 
CV 

Fundus 
DL de-
tects ele-
vated 
CAC 

No 
event 
out-
comes; 
single 
centre 

Coronado 
et al., 2021 
(USA/UK) 

2,472 UK 
Biobank; 
stroke 
cases/con
trols 

VGG19, 
Inception-
V3, vascu-
lature em-
beddings 

Prior 
stroke 
classifica-
tion 

AUC up to 
≈ 0.71 (age 
strata); 
~0.63 over-
all 

Internal 
split 

Vessel 
embed 
features 
outper-
form ge-
neric 
CNN 

Case–
control; 
moder-
ate dis-
crimina-
tion 

Rim et al., 
2021 (Ko-
rea/UK) 

Multi-co-
hort; fun-
dus with 
CAC la-
bels 

DL pre-
dicting 
CAC (Ret-
iCAC con-
cept) 

CAC 
presence; 
future risk 
stratifica-
tion 

AUC high 
for CAC; 
improves 
risk reclas-
sification 

Inter-
nal/Exter-
nal (by 
cohort) 

DL 
CAC-
from-ret-
ina can 
act as a 
risk en-
hancer 

Surro-
gate 
end-
point; 
needs 
event 
valida-
tion 
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Nusinovici 
et al., 2022 
(SG/KR/U
K) 

~40k 
train; 
~56k 
UKB test 

CNN (“ret-
inal age”) 

Biologi-
cal age; 
mortal-
ity/CVD 

C-index ≈ 
0.70; HR 
~2.4 (CVD 
mort) 

External 
(UKB) 

Retinal 
“biologi-
cal age” 
predicts 
mortal-
ity/CVD 

Black-
box; 
screen-
ing util-
ity 

Rudnicka 
et al., 2022 
(UK) 

88,052 
UKB + 
7,411 
EPIC-
Norfolk 

AI vascu-
lometry 
(QUARTZ
) 

Circula-
tory mor-
tality, MI, 
stroke 

C ≈ 0.75–
0.77 

External 
(EPIC-
Norfolk) 

Vascu-
lometry 
≈ FRS 
without 
clinical 
input 

Needs 
deploy-
ment 
studies 

Al-Absi et 
al., 2022 
(Qatar) 

500 Qatar 
Biobank 

ResNet; 
multi-
modal 
(DXA + 
fundus) 

CVD di-
agnosis 

Accuracy ≈ 
78% 

Internal Fusion 
(DXA+r
etina) > 
single 
modal 

Small 
sample; 
class 
balance 

Zhu et al., 
2022 (UK) 

46,969 
UK Bi-
obank 

CNN (reti-
nal age 
gap) 

Arterial 
stiffness; 
incident 
CVD/stro
ke 

HR ~1.03 
per 1 year 
gap; Q4 ≈ 
+55% risk 

External 
(UKB) 

Retinal 
age gap = 
bi-
omarker 
of vascu-
lar age-
ing 

Obser-
va-
tional; 
con-
found-
ing by 
age 

Lee et al., 
2023 
(KR/SG) 

1,106 
CMERC-
HI 

CNN 
(Reti-
CVD; AI-
SaMD) 

5-yr com-
posite 
CVD 
events 

Adjusted 
HR ≈ 2.0–
3.6 in strata 

Internal; 
pivotal 
design; 

First reg-
ulated 
retinal 
AI bi-
omarker; 
non-infe-
rior to 
CAC 

Few 
events; 
Korean 
cohort 

Tseng et 
al., 2023 
(UK) 

48,260 
UK Bi-
obank (no 
prior 
CVD) 

Reti-CVD 
(thresholde
d) 

10-yr 
CVD risk; 
events 

ΔC-stat 
~+0.014; 
HR ~1.4 

Internal + 
sub-
groups 

En-
hances 
QRISK3, 
reclassi-
fies bor-
derline 

Black-
box; 
UK-
only 

Yi et al., 
2023 (Sin-
gapore) 

Multi-
ethnic 
(Chi-
nese/Ma-
lay/In-
dian) 

Reti-CVD 
biomarker 

Incident 
CVD 
events 

Independ-
ent HR gra-
dient across 
groups 

External 
to the dev 
domain 

Con-
firms 
generali-
sability 
of Reti-
CVD 

Ethnic 
sub-
group 
sizes; 
device 
varia-
tion 

Lee et al., 
2023 (Ko-
rea/UK) 

3,518 
SMC 
train/val; 
UKB ex-
ternal 

Multi-
modal DL 
(fundus + 
risk fac-
tors) 

Current 
CVD 
(ICD) & 
event as-
sociation 

AUROC 
0.78 
(SMC); 
0.87 
(UKB); HR 
~6.3 

External 
(UKB) 

Multi-
modal > 
single 
modal-
ity; 
strong 
associa-
tion 

Pro-
spective 
utility 
pending 

Zhang et 
al., 2023 
(HK) 

3,765 
civil serv-
ants; 
55,540 

Swin 
Trans-
former 

WHO 10-
year CVD 
score rep-
lication 

R² 0.503; 
MAE 1.58; 
sens 0.81; 
spec 0.66 

Internal 
longitudi-
nal 

Greater 
stability 
than 
WHO 

False-
nega-
tives in 
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images; 
6-yr FU 

(Reti-
WHO) 

score 
year-to-
year 

high-
risk tails 

Mellor et 
al., 2023 
(UK) 

UK Bi-
obank 

DL in reti-
nal images 
+ risk fac-
tors 

Augment-
ing CVD 
risk pre-
diction 

Modest Δ C 
index; im-
proved NRI 
in sub-
groups 

External 
checks 
within 
UKB 

Retinal 
DL adds 
incre-
mental 
value 

Gains 
are 
modest; 
calibra-
tion sen-
sitivity 

Lui et al., 
2023 (HK) 

115 
PLWH; 
CTA + 
fundus 

ML (retina 
+ clinical) 

Coronary 
athero-
sclerosis; 
obstruc-
tive coro-
nary ar-
tery dis-
ease 

AUC up to 
0.99 (com-
bined) 

Internal Retina + 
clinical > 
clinical 
alone in 
PLWH 

Small, 
niche 
cohort 

White et 
al., 2024 
(UK/Keny
a) 

UKB-
trained; 
prospec-
tive 
Kenya 
validation 

DL risk-
factor pre-
dictor 

SBP/DBP
, HbA1c, 
etc. 

MAE SBP 
~12.3, DBP 
~8.0 
(Kenya) 

Prospec-
tive ex-
ternal 

Feasible 
in the 
clinic; 
domain 
shift 
manage-
able with 
recali-
bration 

De-
vice/po
pulation 
shift; 
metric 
drift 

Wang et 
al., 2024 
(China) 

4,376 pts; 
8,865 im-
ages; 2 
centres 

CNN 
(“Reti-
Ageing”) 

Vascular 
ageing 
(PWV 
≥1400 
cm/s) 

AUC 0.83 / 
0.78 

Internal + 
external 

DL pre-
dicts ar-
terial 
stiffness 
better 
than cli-
nicians 

Limited 
diver-
sity 

Vaghefi et 
al., 2024 
(NZ/US) 

44,176 
UKB + 
8,969 
EyePAC
S 

CNN + de-
mographic
s 

10-yr 
ASCVD 
(PCE 
≥7.5%) 

AUC 0.89 
(UKB); 
0.84 
(EyePACS
) 

External 
(EyePAC
S) 

General-
izable 
thresh-
olding of 
ASCVD 
risk 

EyePA
CS dia-
betes 
bias; 
cross-
sec-
tional 

Wong et 
al., 2024 
(UK) 

>30k UK 
Biobank; 
long FU 

DL vascu-
lometry 
(SIVA) 

Incident 
MI 

ΔAUC 
+0.005; 
NRI ~18%; 
HR ~1.64 

Internal Arterio-
lar nar-
rowing 
inde-
pendentl
y pre-
dicts MI 

Pre-
domi-
nantly 
Cauca-
sian; 
treat-
ment ef-
fects un-
clear 

Zhang et 
al., 2024 
(Korea) 

32,122 
KNHAN
ES 

Ensemble 
ML (ocu-
lomics + 
clinical, 25 
models) 

TyG, AIP 
(CVD 
proxies) 

AUC 0.91 
(int), 0.90 
(ext) 

5-fold + 
external 

Oculom-
ics + sur-
vey data 
are 
highly 
predic-
tive 

Surro-
gate 
end-
points; 
cross-
sec-
tional 
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Qian et al., 
2024 (UK) 

UK Bi-
obank 

XMACE 
two-stage 
(10 RFs → 
5-yr 
MACE) 

5-yr 
MACE; 
ASCVD 
threshold-
ing 

C-stat ≈ 
0.73; > 
FRS/SCOR
E; inter-
pretable 

Inter-
nal/Exter-
nal 
(within 
UKB) 

Trans-
parent 
pipeline; 
IGOS 
aligns 
with ves-
sels 

Needs 
multi-
ethnic, 
pro-
spective 
tests 

Hu et al., 
2025 (Aus-
tralia) 

361 pri-
mary-
care par-
ticipants 

Proprietary 
DL 
(rpCVD) 

10-year 
CVD risk 
(clinical 
work-
flow) 

AUC 0.672 
vs WHO 
0.693 

Prag-
matic 
clinical 
study 

Feasible, 
accepta-
ble, 
clinic-
ready 
imaging 

Small 
sample; 
relies on 
external 
training 
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