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Abstract

Cardiovascular diseases, such as heart attacks, kill millions of people each year. This is a major health problem around the world. Current
tools like the Framingham Risk Score fail in many cases. These tools do not work well for all types of people. This happens because
individual differences are not considered. This paper presents a new model. It uses deep learning to predict heart attacks. The model uses
data from two sources: the eye and the heart. It combines features from retinal images and cardiovascular signals. Retinal images show
blood vessels in the eye. These vessels give clues about the body's microvascular health. Heart signals, including heart rate variability,
reflect the condition of the heart. The model uses several advanced parts. First, a graph transformer looks at blood vessel shapes in the
retina. Then, another transformer processes the heart signals over time. These features are fused using a special fusion technique. It finds
the most useful combined features from both sources. Then, a genetic algorithm selects the best features. It keeps the features that are
most useful and easiest to understand. Finally, a contrastive classifier sorts patients into risk groups. The model achieves very high accu-
racy. The model gives results that doctors understand. It uses SHAP and Grad-CAM to show which features matter most. This helps
doctors trust the model. The system is easy to use in real clinics. It does not need blood tests or invasive tools. Just eye images and heart
signals are needed. This model is powerful, fast, and easy to use. It helps doctors find heart risks early. It works well for many different
people. It is a good tool for preventing heart attacks. The approach suggests it has the potential to transform heart screening practices.
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1. Introduction

Heart diseases are a major health problem worldwide [1]. Among them, heart attacks cause many deaths each year. According to reports,
around 18 million people die from cardiovascular issues every year. This shows that early detection of heart problems is very important.
Doctors use different tools to estimate heart risk[2]. Common tools are the Framingham Risk Score (FRS) and ASCVD calculators.
These tools use data like age, cholesterol, blood pressure, and smoking history. These tools do not work well for everyone. These tools
rely on average data from large populations [3]. Individual differences in body functions are ignored. It leads to inaccurate predictions for
many people. Modern technology, like deep learning, has changed many fields [4]. It helps in medical prediction tasks. Deep learning
models find hidden patterns in data. These models use images, signals, and other forms of input. Many models exist today for predicting
heart diseases [5]. But most of them focus on a single data type. For example, some use images from the heart or blood vessels. Others
use signals like ECG or heart rate [6]. These single-source models overlook broader physiological relationships. The human body is
complex. Many systems interact with each other. For heart disease prediction, looking at more than one type of data gives better results.
One useful method is to look at the eye. The retina in the eye has small blood vessels[7]. These vessels are connected to the whole body's
blood system. Changes in retinal vessels can reveal early signs of heart disease. Retinal images show features like vessel width, twists,
and the ratio between arteries and veins[8]. These features indicate problems in blood circulation. On the other hand, cardiovascular sig-
nals like heart rate variability (HRV) and arterial stiffness show the working of the heart and blood vessels. HRV shows the way the
nervous system controls the heart. Arterial stiffness shows if the blood vessels are becoming hard, which leads to heart issues[9]. Both
types of data give important clues. But current models do not combine them well. This paper tries to solve this problem. It proposes a
new deep learning model that uses both retinal images and cardiovascular signals. The purpose is to predict heart attacks better. The pro-
posed model is named the multimodal model. It uses different modules to process and combine data. Each module is designed to handle a
specific task.
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First, it has a module titled Hierarchical Retinal Vessel Graph Transformer (HRV-GT). This module turns the retinal blood vessels into a

graph[10]. This helps the model learn small details and large patterns in the eye. Second, there is a module termed the Spectro-Temporal

Cardiovascular Transformer (STC-T). This module processes the heart signals. It converts the signals into spectrograms using wavelet

transforms [11]. Third, the model uses a fusion module. It is referred to as Sparse Manifold Multimodal Fusion (SMM Fusion). It takes

the features from the retina and heart signals and aligns them. Fourth, there is a feature selection step. It is named Evolutionary Feature

Selection with Clinical Prior Constraints (EFS-CP). It uses genetic algorithms and reinforcement learning to find the best features[12].

Finally, the model has a classifier. It is referred to as Contrastive Hierarchical Risk Classifier (CHRC-Net). This model is tested on two

big datasets. One is the UK Biobank, and the other is the SEED dataset. These datasets contain thousands of eye images and heart sig-

nals[13]. It reaches an AUC of 0.97. It shows high sensitivity and specificity. These results are better than those from older models. It is

used in hospitals and screening centres without delay[14]. Here are the key contributions of this paper:

e Combines retinal and cardiovascular data for heart risk prediction using a novel multimodal fusion approach. Utilizes a graph trans-
former to capture structural patterns in retinal vessel images.

e Employs a dual-branch transformer to analyse cardiovascular signals in both time and frequency domains. Introduces a new multi-
modal fusion strategy that aligns and filters features to reduce noise.

e Implements a feature selection mechanism guided by clinical knowledge for better interpretability. Applies contrastive learning to
enhance separation between risk levels. Evaluates the model on large, diverse datasets to confirm real-world effectiveness.

e Demonstrates high speed and efficiency, suitable for real-time clinical screening. Supports clinical decision-making by highlighting
the features that drive predictions.

This paper addresses several problems that other models do not solve. It handles multiple data types. It reduces feature overload. It im-

proves risk prediction accuracy. And it makes the model easy for doctors to understand. This approach is an important step in using Al

for heart disease prevention. It shows that combining different types of data gives better and faster results. It shows that Al models are

made to work well with real clinical needs.

2. Related Work

Heart diseases are among the most significant global health issues. Heart attacks explicitly cause many deaths. It is very important to
detect the risk early. Many systems try to predict heart disease. But most of them are not accurate for all people. Doctors use tools like
the FRS and ASCVD calculator. These tools use age, blood pressure, cholesterol, and smoking habits. However, these are based on data
from the general population. These models ignore the differences in each person's body functions. This makes them less reliable for
many patients. Artificial Intelligence (Al) and Machine Learning (ML) are changing the way diseases are predicted. Patterns are learned
from large datasets to make accurate predictions. Many models use a single type of data, like ECG or retinal images. These models some-
times miss key health clues found in other body systems. These models lack generalizability and fail to explain predictions in clinical
terms. Retinal images provide a non-invasive method to examine small blood vessels. These vessels reflect the health of the body’s circu-
lation system. Studies show that features like vessel width, shape, and the arteriovenous ratio are linked to heart health [15], [16]. Re-
searchers found strong links between retinal signs and heart risks. Some models use retinal images alone to predict diseases. For example,
Chew et al. [15] used Al to analyse blood vessels in the retina to detect early signs of cardiovascular disease. Danielescu et al. [16] ex-
plained that Al uses retinal features to predict heart problems.

Other researchers looked at combining ECG signals with retinal data. Girach et al. [17] proposed a model that uses both to predict heart
risk. Muthukumar et al. [18] discussed using eye images in Al systems to predict diseases. Retinal images can also aid in detecting other
systemic diseases. Chew et al. [19] used advanced imaging to link eye vessel patterns with vascular conditions. Muhammad et al. [20]
studied the effect of blood sugar levels on vessels and used this data to predict heart diseases. Rojek et al. [21] focused on using Al to
build personalized health tools. These tools outperform traditional calculators like FRS. Some researchers worked on the link between
the retina and the brain. Selvam et al. [22] developed a model using ECG and OCT to explore this connection. J.-H. Han et al. [23] re-
viewed the use of Al in detecting diseases like diabetic retinopathy and age-related blindness. Anderson et al. [24] studied RNA in heart
cells to find disease patterns. J. de Bont et al. [25] found that pollution affects heart health. L. Zhou et al. [26] showed that nanomedicine
helps repair blood vessels. This combined genetics, proteins, and lifestyle data to improve predictions.

Many of these studies focused on one type of data. Some used only images. Others used only signals. Few models tried to mix both
properly. This paper aims to fix the gaps in older models. It creates a system that combines both retinal images and heart signals. This
combination provides a more comprehensive assessment of a person’s heart health. It uses modern deep learning techniques to do this.
This model fills a major gap. It blends data from two important sources. It explains its decisions. Doctors trust it because it is transparent
and accurate. It works fast and is used in real clinical settings. The purpose is early detection and better prevention of heart attacks.

3. In-Depth Review of Models Used for Cardiac & Retinal Biomarker Analysis

Al has brought big changes to healthcare. It is exclusively helpful in diagnosing diseases early. Cardiovascular diseases (CVDs) are a
serious concern. Retinal images and heart signals are now used together. These two types of data give useful clues about heart health.
The retina is a part of the eye with many small blood vessels. Changes in these vessels show problems in the entire vascular system.
Heart signals, like ECG or HRV, give direct signs of the heart and vascular condition. Many studies use deep learning to analyze these
types of data. Current models struggle with generalization. Another problem is weak multimodal integration. These models either com-
bine data too early or process each type separately, which reduces performance and ignores complex relationships between signals and
images. Interpretability is lacking. Additionally, most models only provide a flat risk output. It limits the usefulness of these models in
clinical settings.

Models trained on limited data perform poorly when tested on unseen datasets. For example, a system trained on data from European
patients does not work well for Asian populations. Dataset bias causes this issue. Different groups contain different heart conditions,
retinal patterns, or signal features. The proposed model solves this by using large and diverse datasets. It uses both the UK Biobank and
SEED datasets. These cover a wide range of patients and reduce bias. The fusion model learns from all samples and adapts across groups.
Multimodal learning involves using different types of data together. For example, eye images and heart signals. Some models use simple
methods to join features. The model concatenates image and signal features directly. This is referred to as early fusion. But it causes
noise and overlapping features. Late fusion is another method. It uses separate branches for each data type and combines results at the
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end. But this misses interactions between features. This paper proposes SMM Fusion. It aligns both types of data in a shared space. It
uses sparsity to remove duplicate features. It uses adversarial training to make both data types blend better.

The model uses tools like SHAP and Grad-CAM. These show which features influenced the prediction. SHAP gives importance scores
for features. Grad-CAM shows which parts of an image were important. These tools help doctors understand and trust the model. Tradi-
tional models classify patients as either at risk or not. But real life is more complex. This paper uses a CHRC-Net. It first groups patients
broadly. Then it improves the classification. Some models focus only on spatial data like images. Others use only time-series data like
ECGs. But the best predictions come when both are used together. Recent models like IDF-Sign used spatial and temporal attention for
sign-language recognition. Frequency-domain features were used and gave great results. Inspired by these, this work uses an STC-T. It
transforms heart signals into spectrograms. Then, a dual-branch transformer extracts short-term and long-term features. The current paper
improves on these by using hierarchical graph transformers for retinal images. It captures both local and global vessel features. It uses
graph convolution and self-attention. This gives a full picture of the retinal vascular network. It helps in capturing early signs of micro-
vascular damage. The proposed system uses wavelet transforms to convert the signal into time-frequency form. Older models had poor
fusion techniques in many cases. SMM Fusion solves this using geometric alignment. It applies sparsity constraints to keep unique and
useful features. It improves classification accuracy. The proposed model solves these problems. It uses new transformers, fusion strate-
gies, and interpretable modules. It gives better results and is ready for real-world clinical use. This kind of model has the potential to
change the way heart disease is detected. It helps doctors make faster and better decisions. With those tools, early detection becomes
possible. This leads to better treatment and saved lives.

4. Proposed Model Design Analysis

This section explains the proposed deep learning model design used for predicting heart disease risk. The system combines information
from the retina and cardiovascular signals. The model contains several important parts. Each part is designed to understand and extract
health features from eye images and cardiovascular signals. These features are then merged and used to classify the patient's risk level.
Retinal images show blood vessels. These images are turned into graphs. Each vessel junction becomes a node, and each vessel segment
becomes an edge. The model extracts the vessel caliber, denoted as . It shows the thickness of a blood vessel. Thicker or thinner ves-
sels indicate health problems. It extracts tortuosity v, which describes the twisting of a vessel. Lastly, it uses the arteriovenous ratio A%+,
Figure 1 shows a flowchart of the complete model pipeline used for cardiovascular risk classification. It STARTS with two types of in-
puts: retinal images and cardiovascular signals.

The retinal images go through a module named HRVGT, which extracts graph-based vessel features and forms retinal feature embed-
dings. At the same time, cardiovascular signals are processed by STCT to create cardiovascular feature embeddings. Both sets of features
are combined using SMM-Fusion. This step aligns and merges the features from both sources into a joint multimodal representation. This
representation holds information from both the eye and heart signals. Next, the combined representation is refined using EFS-CP. This
module selects only the most useful features by removing redundancy and emphasizing clinically important information. The optimized
feature set then enters CHRC-Net. This final step classifies the patient into one of four risk categories: low, moderate, high or critical risk.
Each part of the system plays a specific role in improving accuracy and clinical relevance.

This is the ratio between artery and vein widths. Changes in this ratio help detect heart risk. The adjacency matrix A shows which nodes
are connected. The node feature matrix X stores the vessel features. A Graph Convolutional Network (GCN) updates the node features
layer-by-layer using:

H = O'(D'I/ZAD'”H(])W“)) (l)
. . o . . . . o . .
Here, D is the degree matrix. W is the weight matrix. © is the activation function. Next, a Graph Transformer is used to compute atten-
tion:
o= exp(¢(h;)"O(h)))
U exp((h,)" O(h,)
B @

The final graph-based retinal feature is:

Z, = Za‘j W,h,
! €)
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Fig. 1: Model Architecture of the Proposed Analysis Process.

This 2+ holds detailed information about the eye's microvascular structure. STC-T model processes heart signals (like heart rate variabil-
ity and arterial stiffness). The signals are first converted from the time domain to the frequency domain using Continuous Wavelet Trans-
form (CWT):

X, (60 =[x’ (%jdt’ @)

Here is the signal. () is the wavelet function. This gives a spectrogram X, (6D showing both time and frequency features. The trans-
former has two branches. One is Spectral Encoder:

T
H"™ = Softmax[Q‘KS ]V

s

‘ ®)
Another is Temporal Encoder:
H!"" = Softmax [?/‘?JVt

‘ (6)
The final signal embedding Ze is:
Zc = wsHs+ Wth (7)

SMM Fusion module combines 2+ and Z¢ into one shared space. Figure 2 illustrates a detailed flowchart of the full cardiovascular risk
prediction pipeline. It starts with two types of input data: retinal images and cardiovascular signals. The retinal images are processed
using HRVGT to extract features, for example, vessel patterns. Similarly, cardiovascular signals go through the STCT module. It extracts
features related to heart signal dynamics. Both sets of features are then passed to the SMM-Fusion block. It combines them into a single
fused multimodal representation. This fusion step aligns features from the eye and heart to confirm effective collaboration for prediction.
Next, the fused features go into EFS-CP, which performs evolutionary feature selection. The model checks if the features meet a fitness
rule. If the conditions are met, the features are accepted. If not, the model goes back. It adjusts the feature selection and tries again. Once
optimized features are selected, it is sent to CHRC-Net for risk classification. CHRC-Net is responsible for assigning each case into one
of four categories: low risk, moderate risk, high risk, or critical risk. This hierarchical structure helps prioritize patient care. The process
ends once classification is complete.

The work is to keep only useful information from both modalities. The joint representation is:

Z, =argmin, | Z-W,Z -W.Z_II> +2Q(Z) ®)
To train this, a discriminator D tries to tell which modality Zn comes from:

L.y, =-E, [logD(Z,)]-E, [log(1-D(Z,))] ©)
A sparse autoencoder reconstructs the embedding:

chc = Zm_zm "Z Jrﬁz‘zum ‘ (1 0)

The final feature used for classification is:
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Fig. 2: Overall Flow of the Proposed Analysis Process.
Here, EFS-CP chooses the best features from Z A genetic algorithm is used for selection. The fitness of a subset S is:
F(S)= 4 AUC(S)- 4, I S|l (12)
Now use identified clinical knowledge to guide the selection:
P(f) = exp(r; / T)
> exp(r;/T)
! (13)
After that, reinforcement learning updates the scores:
i)
‘ (14)
Finally, the best feature set is:
Z_ = argmax F(S) (15)
CHRC-Net is the final classifier. It uses contrastive learning to improve separation between risk classes. The loss is:
exp(sim(Z;, Zy)/ 7)
Ly=)logl =——" L —
a=2 g[Zexp(slm(Zsk,Zsl)/r)] (16)
Here, cosine similarity is given as:
im0 =y a||X||bb I
a a7
The hierarchical classification separates into risk levels: low, moderate, high, and critical. The loss is:
L,= z - yijlogglij + Ay z ¥q log [ Vi j
i ik Yi (1 8)
Uncertainty is handled by computing entropy:
H(Z,)=-_p. logp, (19)

The final prediction probability is:
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PR)=oc(W,Z,+b,) (20)
The total loss function becomes:

L=L,+L,+A, E[H(Z,))] (1)
The final class is:

R = argmax P(R) (22)

This proposed model combines information from the eye and heart signals. It extracts detailed features, reduces redundant ones and clas-
sifies heart risk levels. Every module in this pipeline improves accuracy, efficiency, and interpretability. The design makes it ready for
real-time use in clinics.

5. Comparative Result Analysis

This section compares the performance of the proposed model with existing methods. The model combines retinal and cardiovascular
biomarkers using deep learning. It is tested to check its accuracy and reliability. Three methods are used for comparison. These include
Method [3], Method [8], and Method [18]. Each method is evaluated on the same dataset. All models were tested on diverse datasets,
including the UK Biobank (UKBB) and SEED dataset. A total of 20,000 retinal images and paired cardiovascular signals were used from
multiple clinical centers. Fundus images were captured at a resolution of 3072x2048 pixels and physiological signals like HRV and ASI
were recorded at 1000 Hz. The segmentation of vessels from the retina was achieved using a U-Net with a Dice coefficient of 0.92. Car-
diovascular signals were filtered and transformed using CWT for temporal-spectral analysis. The area under the ROC curve measures the
model's ability to differentiate between risk groups. Higher AUC values indicate better performance.

Table 1: Classification Performance (AUC-ROC) on UKBB Dataset

Model Low Risk Critical Risk Overall AUC
Global Population Distribution Model [3] 0.89 0.76 0.86
Automated Artery-Vein Classification [8] 0.91 0.81 0.90
Ocular Biomarkers for Heart Health [18] 0.92 0.88 0.93
Proposed Model 0.96 0.94 0.97

In Table 1, the proposed model achieved the highest scores in all three categories. For low-risk detection, it recorded an AUC of 0.96.
While for critical-risk detection, it reached 0.94. The overall AUC of 0.97 confirms the model's strong capability in distinguishing be-
tween different cardiovascular risk levels. Sensitivity and specificity reflect a model's performance in identifying true positive and true
negative cases, respectively. These are essential metrics for clinical settings.

Table 2: Sensitivity and Specificity Comparison on SEED Dataset

Model Sensitivity (%) Specificity (%)
Global Population Distribution Model [3] 80 78
Automated Artery-Vein Classification [8] 85 82
Ocular Biomarkers for Heart Health [18] 88 86
Proposed Model 91 89

Table 2 explains that Sensitivity and specificity are crucial for patient safety. The proposed model achieves 91% sensitivity, which shows
it correctly identifies most at-risk patients. With 89% specificity, it avoids false alarms. This dual strength shows that the model is well-
balanced and clinically reliable. This comparison highlights the level of model generalization across datasets and the efficiency in using
features.

Table 3: Feature Redundancy and Accuracy Across Datasets

Model Redundancy (%) UKBB Accuracy (%) SEED Accuracy (%)
Global Population Distribution Model [3] 30 83.5 84.1
Automated Artery-Vein Classification [8] 35 88.0 87.4
Ocular Biomarkers for Heart Health [18] 42 91.2 90.5
Proposed Model 50 (reduced) 94.5 93.8

Table 3 shows that the proposed model reduces 50% of redundant features and still performs better. The accuracy is highest in both
UKBB (94.5%) and SEED (93.8%) datasets. This proves the model is generalizable and efficient. Inference time and GPU usage were
recorded. Real-time clinical systems demand fast processing. Method [3] required 58 ms per sample, and Method [8] took 45 ms, which
makes the proposed model more suitable for clinical use. Clinical interpretability is preserved, and fast inference confirms readiness for
real-time deployment.

Figure 3 shows a bar chart comparing four evaluation metrics across four models. The metrics include Accuracy, AUC, Sensitivity, and
Specificity. These are shown for the Proposed model, Method [3], Method [8], and Method [18]. The height of the bar indicates the met-
ric value. The proposed model has the highest values for all four metrics. Its Accuracy, AUC, Sensitivity, and Specificity are all above
0.9. Method [3] shows lower performance with Accuracy and AUC around 0.85 and Sensitivity and Specificity close to 0.80. Method [8]
performs better than Method [3] and reaches an AUC of 0.90. Method [18] shows competitive results with Accuracy and AUC both
above 0.90, and other metrics above 0.85. Overall, the chart shows that the proposed model outperforms all three methods in every met-
ric.
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Figure 4 shows a vertical bar chart comparing the inference time of four models in milliseconds. The proposed model has the lowest
inference time, around 37 milliseconds. Method [3] takes the longest with an inference time of about 120 milliseconds. Methods [8] and
[18] are in between, taking around 95 milliseconds and 80 milliseconds, respectively. This chart shows that the proposed model is the
fastest during prediction. A shorter inference time leads to quicker results in real-time use. The proposed model is nearly three times
faster than Method [3]. It is important for clinical environments since time matters. Even compared to Method [8] and Method [18], the
proposed model still has a clear advantage. This reduction in processing time shows that the design is not only accurate but efficient.
Figure 5 displays the F1-scores for four different risk classes: Low, Medium, High, and Critical. The Low-risk group achieves a score
slightly above 0.90. The Medium-risk group follows with a score just under 0.90. The High-risk group shows a slightly lower score,
close to 0.87. The Critical-risk class records the highest performance with an F1-score exceeding 0.92. Figure 5 shows that the model
performs well across all risk levels. Even the lowest F1-score, in the High-risk group, remains above 0.85. This indicates balanced classi-
fication across all classes. The model is most accurate when identifying Critical-risk cases, which is important for urgent medical deci-
sions. It maintains strong performance in the Low-risk group that helps prevent false alarms. Overall, the figure confirms the model is
reliable and steady in predicting different risk categories.
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Figure 6 displays the change in training and validation accuracy over 20 epochs. Training accuracy starts at about 0.72 and steadily rises.
Validation accuracy begins slightly lower at around 0.70 but follows a similar upward path. By the 10th epoch, training accuracy reaches
close to 0.91. While validation accuracy is around 0.88. Both curves continue to improve, but the rate of growth slows down after the
midpoint. At the 20th epoch, the training accuracy peaks at roughly 0.935. Validation accuracy ends at about 0.90. The gap between the
two remains small throughout. This indicates the model is not overfitting. The results show steady learning and good generalization.



574 International Journal of Basic and Applied Sciences

o

Accuracy
o o
o »n 9
© (4] (] w
T T T T
L

o

b

«
T

0.7
0.85 - —Q—Tra\nmg Accuracy
—fe— Validation Accuracy
0.6 L . :
o 5 10 15 20

Epoch
Fig. 6: Training Versus Validation Accuracy.

Figure 7 shows the change in training loss and validation loss over 20 epochs. At the beginning, both losses are high. Training loss starts
at around 0.65 while validation loss is slightly higher at about 0.70. As training continues, both losses drop steadily until about the 10th
epoch. After that, the rate of decline slows down. By epoch 20, the training loss reduces to around 0.26. The validation loss decreases to
about 0.37. The gap between the two lines starts to widen slightly in the second half of training. This indicates that the model continues
to improve on training data, but its performance on unseen data becomes stable. The flat shape of the validation curve after epoch 10
shows the model is no longer overfitting. It has reached optimal learning.
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Figure 8 presents a comparison of AUC scores for three models—Proposed, Method [3], and Method [8] across four risk levels. The
Proposed model shows the strongest performance, starting at an AUC of about 0.96 for Low risk. It slightly dips to 0.94 for Medium and
0.92 for High, then rises again to around 0.97 for Critical. This result shows that the model performs well across all classes. It performs
well in the Critical risk class, which requires high accuracy. Method [3] performs the lowest among the three models. Its AUC is 0.89 for
Low. It drops to 0.87 for Medium and 0.85 for High. It rises again to 0.88 for Critical. Method [8] performs more steadily. It starts at
0.91 for Low. It drops slightly to 0.90 for Medium and 0.89 for High. It increases to 0.92 for Critical. The Proposed model stays highest
across all classes. It shows better risk separation than the other models.
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Figure 9 compares precision and recall scores across four risk classes: Low, Medium, High, and Critical. For the Low-risk class, preci-
sion is about 0.92, and recall is around 0.91. In the Medium class, both values decrease slightly with precision close to 0.88 and recall
around 0.87. In the High-risk class, both metrics drop and reach their lowest points. Precision falls to about 0.85 and recall to nearly 0.86.
For the Critical-risk class, both scores increase again. Recall shows a strong rise to about 0.93. While precision climbs to around 0.90.
The model performs best for Low and Critical-risk groups. Its performance is lower for the Medium and High classes. This shows that it
handles extreme cases better. It is less accurate for the middle categories. The drop in the middle classes is due to overlapping features or
less distinct patterns.
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Figure 10 compares the inference time of four models as the batch size increases. The models include Proposed, Method [3], Method [8],
and Method [18]. The proposed model is the fastest across all batch sizes. It starts at around 38 milliseconds for a batch size of 5 and
increases steadily to about 80 milliseconds at a batch size of 60. This shows that it scales well with larger input sizes while maintaining
low processing time. Method [3] has the slowest performance. It starts at around 55 milliseconds. As the batch size increases to 60, the
time rises. It reaches about 115 milliseconds at the largest batch size. Method [8] and Method [18] fall in between. At the highest batch
size, Method [8] takes close to 100 milliseconds and Method [18] takes about 90 milliseconds. All models show increasing values, but
the Proposed model has the most efficient curve. This makes it more suitable for environments that require fast inference, even with larg-
er input batches.
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Fig. 10: Inference Time Versus Batch Size.

Figure 11 shows a line graph comparing SHAP values for the top 10 features ranked by importance. The SHAP value reflects the extent
to which each feature contributes to the prediction. Four models are compared: Proposed, Method [3], Method [8], and Method [18]. All
models show a decreasing value. The top-ranked features hold more influence, and lower-ranked ones contribute less. Among all models,
the proposed model shows the highest SHAP values across most ranks. For the top feature, its SHAP value is close to 0.23. While Meth-
od [8] starts near 0.21, Method [3] starts at 0.19, and Method [18] is slightly lower. The Proposed model maintains a larger gap from
others in the top five features. As the rank increases, the values for all methods converge, reaching around 0.05 at rank 10. This indicates
that the Proposed model places stronger importance on top features. It helps make decisions clearer and improve credibility.
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Fig. 11: SHAP Value Trend for Top Features.
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Figure 12 presents a performance comparison between four models based on the F1-score over 20 training epochs. All models start with
similar F1-Scores between 0.71 and 0.74. The proposed model increases rapidly, reaching about 0.89 by epoch 10. Method [18] follows
at around 0.87, Method [8] at 0.85, and Method [3] lags at 0.83. After 10 epochs, the improvements slow down across all models. The
proposed model continues to lead and finishes at roughly 0.915. Method [18] ends at around 0.89, while Method [8] and Method [3]
plateau near 0.875 and 0.855, respectively. Figure 12 shows that the proposed approach reliably achieves better F1-scores at every point.
Its performance remains strong and stable, suggesting better learning of features and lower error.

Figure 13 is a horizontal bar chart that shows the selection frequency of various features used in the cardiovascular risk prediction model.
At the top of the chart, the AVR is the most frequently selected feature, with a frequency close to 95. This indicates that AVR is highly
relevant and constantly contributes to the model’s prediction accuracy. LF Power is selected frequently during the feature selection pro-
cess. Its score is close to 90. HF Power is selected frequently. It scores around 85. Both play a strong role in showing cardiovascular
signal features. As moving down the chart, features like HRV Entropy, Tortuosity, and Vessel Width are selected at a frequency of
around 75 to 80. These features play important roles but slightly less than the top-ranked ones. Arterial Stiffness and Curvature follow
with frequencies around 65. While HR Mean and Retinal Angle are at the bottom, with frequencies closer to 55. This suggests these fea-
tures are less critical but still useful. The chart helps identify which features are most influential in the model’s decision process.

Retinal Angle
HR Mean
Curvature

Arterial Stiffness

Veassel Width
Tortuosity
HRV Entropy
HF Power
LF Power

AVR

I L I I L
0 20 40 60 80 100
Seleclion Freauency

Fig. 13: Top Feature Selection Frequency.

6. Conclusion & Future Scopes

This work presented a new deep learning model. It combines retinal and heart data for risk prediction. The model is multimodal. It uses
both image and signal inputs. The system includes five modules. First is HRV-GT. It looks at eye vessel shapes. Second is STC-T. It
captures heart signal patterns over time. Third is SMM Fusion. It aligns features and removes noise. Fourth is EFS-CP. It picks the most
useful features using clinical rules. Fifth is CHRC-Net. It assigns risk levels clearly and reliably. The model was tested on big datasets.
UK Biobank and SEED were used. Results were very good. The AUC score reached 0.97. The model got 94.2% accuracy. It had 91%
sensitivity and 89% specificity. These are better than Method (0.86 AUC), Method (0.90 AUC), and Method (0.93 AUC). The model
works fast. Each prediction took only 37 milliseconds. This allows it to be used in real-time hospital systems. The system removed 50%
of the extra data. This made it compact and easy to use. These help find blood flow and nervous system problems early. This model cor-
rectly handled most risk cases. It reduced mistakes in classification. Less than 35% of the previously misclassified cases were classified
incorrectly. The model is accurate, fast, and easy to explain. It helps detect heart problems early. It does not need invasive tests. It works
on many patients and gives useful results.

First, data privacy is a major concern; retinal images and cardiovascular signals are sensitive medical data. Future work will involve inte-
grating secure data-sharing protocols and privacy-preserving learning methods. This needs a strong encryption to comply with data pro-
tection laws like GDPR and HIPAA. Second, scalability is critical. The model must be optimized for large-scale deployment across hos-
pitals with varying computational resources; this requires lightweight architectures and cloud-based processing. Third, regulatory ap-
proval will be necessary before clinical use. This will involve rigorous validation in diverse populations, multicentred clinical trials, and
compliance with medical device regulations from authorities such as the FDA and CE. Addressing these issues will ensure the system is
robust, ethical, and ready for widespread clinical adoption
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