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Abstract:
Cardiovascular diseases cause a large number of deaths 
and disabilities worldwide. To reduce the related losses 
and burdens, it is especially important to promote early 
non-invasive screening methods. In recent years, with the 
development of AI, retinal images can become a more 
important tool in cardiovascular risk assessment. This 
article reviews the application of artificial intelligence 
in the screening of cardiovascular diseases using 
retinal images and finds that AI can accurately predict 
cardiovascular disease risks from retinal images and can 
achieve better performance by integrating multimodal 
data and using large-scale databases. However, the 
heterogeneity of data, cross-population applicability and 
ethical issues still limit the discoveries in this field. In the 
future, larger-scale model training, multi-task learning 
and different-level data fusion can be used to improve the 
predictive ability and accuracy of the model. At the same 
time, this method has potential in remote medical care, 
personalized medical care, and public health fields.
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1. Introduction
Cardiovascular diseases (CVDs) are currently one of 
the main causes of death and disability worldwide, 
responsible for 30-40% of deaths annually and a huge 
burden on public health care systems[1]. Risk factors 
such as hypertension, high blood sugar and abnormal 
lipid levels - all with little apparent signs early on - 
makes these diseases difficult to be screened in large 
populations in a timely manner using traditional 
methods such as blood pressure measurement, lipid 

testing or electrocardiogram screening [2]. It is im-
perative that researchers find more effective detection 
methods as soon as possible [2].Quantitative param-
eters derived from retinal images - such as vessel 
diameter or branching patterns - appear to occur be-
fore cardiovascular events [3], suggesting that retinal 
images should become noninvasive tools suitable for 
large-scale screening programs [4].
Retinal microcirculation provides the “window” into 
overall systemic vascular health, just as the eyes 
would be used as the window for examining sys-
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temic arterial health. Characteristics such as narrowing 
of retinal arteries, dilatant veins, angle changes tortuosity 
microaneurysms bleeding points have all been linked with 
atherosclerosis heart failure stroke [1]. A meta-analysis 
of populations has also shown that for every 3mm change 
in retinal arterioles diameter there was an approximate 
10mm Hg change in systolic blood pressure indicating 
this correlation [1].
Most recently, retinal images have been shown to be reli-
able predictors of cardiovascular metabolic abnormalities. 
Zhang et al. (2020) performed a cross-sectional study and 
demonstrated this finding in Henan Province of China us-
ing 1,222 fundus color photographs from 625 participants 
and their hematological parameters from six deep learning 
models with AUC values of 0.8880 for hyperglycemia; 
0.7766 for hypertension came in at 0.7766; and while dys-
lipidemia came into place with 0.7003 [2]. Furthermore, 
this model can be used to predict hematological param-
eters like hematocrit and mean corpuscular hemoglobin 
concentration (MCHC) suggesting that retinal images 
have applications beyond just the eye diseases themselves 
[2]. Furthermore, research has shown the possibility of 
using this technology in large-scale screening in the rural 
areas to reduce compliance and the economic cost of tra-
ditional blood tests [2].
OCT/OCTA imaging technology, used in combination 
with traditional fundus photography, provides increased 
resolution and depth perception, allowing researchers 
to view capillary plexuses and choroidal structures in 
three dimensions [1]. Imaging parameters like diameter, 
branching angle and fractal dimension have been linked 
with coronary heart disease, peripheral arterial disease, 
and drug-induced cardiotoxicity; by using OCT/OCTA 
quantitative analysis combined with artificial intelligence, 
clinicians can detect risk early and implement targeted in-
terventions quickly [1].
This review summarizes recent advances in using artificial 
intelligence for cardiovascular disease screening and risk 
prediction using retinal images, including methodological 
approaches, validation results, clinical value assessments, 
and challenges faced when using retinal images as diag-
nostic data.

2. Multimodal Imaging and Risk Strat-
ification
Several screening systems using artificial intelligence for 
diabetic retinopathy screening have already been cleared 
by regulatory authorities for use in clinics [5]. Experience 
from research on retinal images can provide valuable 
lessons for research on cardiovascular disorders: Retinal 

vessel features are closely related to arteriosclerosis, hy-
pertension, and heart diseases. Artificial intelligence train-
ing models can identify subtle changes that improve risk 
assessment [6].
Artificial Intelligence can not only be used for disease 
detection but also as a tool for risk stratification and 
prognosis evaluation. As part of clinical research, deep 
learning models can use information collected from fun-
dus images and optical coherence tomography, as well as 
patient databases to produce a more comprehensive risk 
evaluation framework. This approach provides the foun-
dation for precision medicine in systemic diseases, such 
as cardiovascular [7]. Artificial intelligence has also led to 
an upsurge in quantitative analysis that makes objective 
measurements such as caliber measurement and branching 
pattern determination possible, replacing subjective mea-
surements made by humans [5].

3. Advantages over Traditional Cardio-
vascular Risk Assessment
Artificial Intelligence based on retinal images has provid-
ed new opportunities for cardiovascular disease screening. 
Traditional assessments were based on blood tests, imag-
ing examinations, and clinical history studies; these meth-
ods had serious disadvantages that affected detection such 
as high costs and complicated operations that required 
high patient compliance [8]. With the current conditions, 
artificial intelligence has now become part of the process 
of evaluating cardiovascular risks [8].
Hu et al. (2023). showed that cardiovascular-related risk 
factors and outcomes can be predicted reliably from fun-
dus images using deep learning models in accordance 
with the results of previous studies. The Research team 
conducted a systematic review and meta-analysis over 26 
studies that reported 42 sorts of cardiovascular outcomes, 
i.e., 33 sorts of risk factors (such as BMI, blood sugar, 
blood lipids), 4 sorts of cardiac imaging markers, 2 sorts 
of cardiovascular risk scores, 2 sorts of cardiovascular 
events’ incidence rates. The found that deep learning 
models leveraging retinal photos could acquire AUROC 
0.96 for demographic classification and AUROC 0.77 for 
45-year-old hypertensive risk model.80 for the prediction 
of diabetes, and AUROC varying between 0.68 and 0.81 
for the prediction of future cardiovascular events, thus 
with potential [9].
Subsequent research expands its application. Lee et al. 
(2023) constructed a multimodal deep learning model 
including fundus pictures and standard clinical factors; 
they found that the AUC value was much greater than 
0.72 when forecasting the 10-year risk of atherosclerotic 
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cardiovascular disease (ASCVD) while showing enhanced 
predictive capabilities for severe events such as myocardi-
al infarction and stroke - significantly enhancing precision 
and reliability when conducting risk assessments[10].

4. Clinical Implementation and Valida-
tion Studies
The experimental project conducted by Hu et al. (2025). 
at main Australian medical centers, the 361 participants 
aged 45-70 years all enrolled in. Researchers used an AI 
algorithm (rpCVD) and automated fundus images to de-
termine the risk. The imaging success rate was 93.9 per-
cent and the correlation of rpCVD and WHO conventional 
risk scores (PCC=0.526) were moderate. AUC of rpCVD 
for predicting future cardiovascular events over the next 
decade was 0.672, like WHO risk score 0.693; implying 
AI may obtain similar predictive effectiveness using ret-
inal pictures alone. Interestingly, 92.5 of participants and 
87.5 of primary care doctors liked using it; this indicates it 
can work effectively and be accepted clinical settings [11].
Rim et al. (2020) provided critical information at the ap-
plication level. They used a large cohort from a national 
population and applied a deep learning model to analyze 
the fundus images of patients - detected subtle vascular 
abnormalities such as narrow artery diameters, increased 
tortuosity of veins, abnormal bifurcation angles, and vali-
dated its effectiveness for prediction of systemic diseases. 
Research showed that this model attained an AUC up to 
0.96 in internal validation for gender prediction, and an 
AUC range from 0.80 to 0.91 using external multi-center 
data sets (Beijing Eye Study and Singapore SEED co-
hort), with sensitivities from 0.70 to 0.93. These results 
suggested this approach is accurate in predicting cardio-
vascular risks such as hypertension and atherosclerosis, 
across regions and populations [8]. Several research have 
shown that the accuracy of deep learning models has 
almost reached that of conventional risk prediction ap-
proaches. Wang et al. (2025) developed an AI prediction 
model using more than 280,000 fundus pictures. The AUC 
for predicting major cardiovascular events (myocardial 
infarction, stroke, and cardiovascular mortality) was 0.732 
(95% CI: 0.715 - 0.749), which is like the Framingham 
risk score (AUC = 0.739). This shows that it is clinically 
equivalent.

5. Discussion
Despite promising progress in feasibility and accuracy, 
AI-based retinal imaging still faces critical challenges 
before its clinical and public health potential can be fully 
realized. The research revealed a substantial deterioration 

in model performance during cross-center external valida-
tion. In the training cohort, the AUC might surpass 0.73; 
however, in the external datasets, it ranged from 0.67 to 
0.70, indicating its restricted generalization capacity [12].
The primary element influencing the model’s stability is 
data heterogeneity. Haner et al. (2023) noted that the qual-
ity of retinal pictures is affected by the model’s shooting 
device type, imaging resolution, and the operator’s level 
of expertise. In their research and analysis of the literature, 
they found that the availability of photos in various stud-
ies might vary by as much as 15% to 30%. AI frequently 
makes mistakes because photographs are blurry or not 
well lighted. Moreover, variations in race, age, and gender 
influence the model’s applicability. For instance, several 
models have an AUROC of 0.75 for the white population, 
which decreases to 0.68 for the East Asian population, in-
dicating that cross-population validation remains a critical 
procedure [13].
Another major problem is that the model is hard to inter-
pret. Veritti et al. (2023) noted that although visualization 
techniques like Grad-CAM may highlight the model’s 
primary focal points, including the optic nerve head, 
major blood arteries, and macula, physicians sometimes 
struggle to clearly associate these “hot zones” with dis-
ease causes. For instance, research found that more than 
40% of the model’s decision regions did not match the 
known pathological alterations. This shows that the “black 
box” character of AI is still present. This lack of openness 
makes it harder for clinicians to use AI advice in clinical 
situations[14].
In addition, study design has several problems. Now, most 
AI models rely on retrospective data and do not include 
long-term follow-up. Wang et al. (2025) assert that al-
though the short-term (<5 years) risk prediction AUC may 
surpass 0.70, there is inadequate evidence for long-term 
(≥10 years) predictions, rendering confirmation of their ef-
ficacy in long-term prognosis unattainable. Many studies, 
however, just use one label, like hypertension or diabetes, 
and do not consider other characteristics like clinical, ge-
netic, and lifestyle factors[12].
Ethical and legal problems should not be ignored either. 
An et al. (2025) said that AI models commonly use big 
health datasets, yet more than 80% of the training data 
originates from rich nations. If applied directly to low-in-
come areas, it might cause prediction bias and make 
health disparities even worse. Additionally, the research 
revealed that the sensitivity of some models decreased 
by over 20% in minority ethnic groups, indicating the 
presence of racial bias hazards [15]. At the same time, it 
is still unclear who is legally responsible for AI in clinical 
settings. If the AI’s suggestions go against what the doctor 
thinks or if the wrong forecast leads to a wrong diagnosis, 
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the question of who is responsible is still up in the air [14].
Huang et al. (2023) propose that causal reasoning and 
multi-scale visualization techniques be combined to 
increase doctors’ trust and willingness to use artificial 
intelligence (AI) [16]. Such methods help them compre-
hend the correlations between predicted model outputs 
and clinical phenomena more readily, thereby increasing 
acceptance. Furthermore, future research must explore 
AI technologies with explainable models, as this would 
ensure models provide both prediction results but also 
reasonable pathological explanations.
AI could play an instrumental role in early screening 
and risk stratification for cardiovascular diseases. Ret-
inal examination, due to its noninvasive, low-cost, and 
highly repeatable nature, enables rapid population-wide 
assessments without requiring expensive equipment [17]. 
Integrating such approaches with interpretable AI models 
could not only enhance early screening and risk stratifica-
tion for cardiovascular diseases but also facilitate broader 
accessibility, including in grassroots medical settings.
Olawade et al. (2025) highlight how AI’s potential can 
enhance remote medical services and regions with limited 
resources, particularly low- and middle-income countries 
with few medical resources[18]. Portable fundus imaging 
equipment combined with AI systems enables remote 
diagnosis and real-time risk evaluation, helping narrow 
health disparities caused by medical imbalance. Rane et 
al. (2023) state how AI-driven remote screening platforms 
combined with mobile medical platforms enable cross-re-
gional health management with continuous follow-up of 
outcomes[19].
AI and retinal images combined can offer personalized 
medical care to individual patients[20]. AI can offer per-
sonalized risk prediction and treatment recommendations 
using multiple sources of data (clinical variables as well 
as genetic information). Chew et al. (2024) present an ap-
proach which not only assists doctors in formulating inter-
vention strategies but can be dynamically adjusted during 
long-term follow-up to move away from group prediction 
towards individual customization. Their research asserts 
that using AI with retinal images for dynamic monitoring 
provides continuous risk assessment curves to patients to 
optimize timing of drug treatments or lifestyle interven-
tions[21].
AI technology can significantly boost clinical workflow 
efficiency. While traditional cardiovascular risk evaluation 
processes tend to take too much time and require collab-
oration among multiple disciplines, AI systems can auto-
mate retinal feature extraction and structured report gen-
eration to decrease doctors’ time on repetitive tasks [18]. 
Not only does this relieve staff shortages in healthcare; 
but more focus can now be resolute towards complex cas-

es and personalized decision-making by physicians them-
selves.
Arnould et al. (2022) noted how artificial intelligence 
could revolutionize disease prevention and control models 
at a public health level[17]. If AI analysis were integrated 
into physical exams or routine eye screenings, medical 
systems may quickly identify individuals at high risk for 
cardiovascular events early. Not only may this decrease 
incidence rates, but it may also alleviate medical econom-
ic burden by decreasing hospitalization rates and long-
term treatment costs; Rane et al. (2023) believe scaling 
this application up would expand cardiovascular disease 
prevention from individual clinical practice to population 
health management practices[19].
Addressing these limitations while leveraging the oppor-
tunities could accelerate the integration of AI-based retinal 
imaging into routine cardiovascular care and population 
health strategies.

6. Conclusion
Cardiovascular diseases are among the leading causes of 
death and disability worldwide, creating an urgent need 
for effective, noninvasive, scalable screening methods 
that provide more timely assessment. Retinal images, due 
to their capability of reflecting microcirculation changes, 
have increasingly become a valuable way of measuring 
cardiovascular risk assessment. Recently, AI technology 
has even further extended this potential of detection and 
prediction. Current research demonstrates that AI mod-
els can successfully predict various cardiovascular risk 
factors and events from retinal images due to multimodal 
data integration, large databases, interpretability methods. 
However, data heterogeneity, inadequate cross-population 
universality, and ethical/legal issues remain major obsta-
cles in clinical translation. Future development directions 
must include large-scale pre-training, multitask learning 
and the incorporation of multilevel data sources into an 
individualized and precise risk evaluation system. Mean-
while, AI combined with retinal images is expected to 
play an essential part in remote medical services, person-
alized interventions, and public health promotion.
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