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1. INTRODUCTION 
Restrictive Cardiomyopathy (RCM) is a rare and severe 

form of heart disease characterized by abnormal stiffness of the 
heart muscle, leading to impaired diastolic filling. Unlike other 
types of cardiomyopathies, such as dilated or hypertrophic 
cardiomyopathy, RCM primarily affects the ability of the heart 
to relax and fill properly between beats [1]. This dysfunction 
results in reduced cardiac output, increased heart pressures, and 
eventual heart failure. In addition to these complications, RCM 
also predisposes patients to arrhythmias, thromboembolic 
events, and pulmonary congestion. Due to its progressive 
nature, the disease can have significant morbidity if not 
detected and managed early. 

Traditionally, RCM is diagnosed at advanced stages when 
symptoms such as shortness of breath, fatigue, and swelling 
become clinically evident [2]. By this time, the disease often 
causes irreversible damage to the heart, complicating treatment 
and prognosis. The standard diagnostic methods for RCM often 
involve invasive procedures like endomyocardial biopsy, which 

carries significant risks, as well as advanced cardiac imaging 
techniques, such as cardiac catheterization, to assess diastolic 
function. These methods are not only invasive but also have 
limitations in detecting early-stage RCM, when interventions 
could still be more effective. 

A critical gap in current clinical practice is the lack of an 
effective, non-invasive predictive model that can detect RCM 
at an early stage, allowing for timely intervention [3]. Existing 
AI-driven models have made progress in cardiovascular disease 
prediction but often lack specificity for RCM, failing to address 
its unique pathophysiology. Artificial Intelligence (AI) offers 
an innovative approach to overcoming these challenges [4]. AI 
and machine learning (ML) algorithms can be used to analyze 
large volumes of complex, multimodal data, revealing hidden 
patterns and correlations that traditional diagnostic techniques 
may overlook. These technologies can be applied to electronic 
health records (EHRs), medical imaging (such as 
echocardiograms and MRIs), and even genetic data, enabling a 
more comprehensive and precise approach to RCM detection. 

Restrictive Cardiomyopathy (RCM) is a rare but severe heart disease that is often diagnosed 
in advanced stages, leading to significant clinical consequences. Detecting RCM at an early 
stage is essential to slowing disease progression and improving patient outcomes. This study 
introduces a novel approach that leverages multimodal non-invasive data, including 
electronic health records (EHRs), medical imaging, and genetic information, to enhance 
early detection and prognosis. The model underwent rigorous training and validation using 
the ACDC, MIMIC-IV, ClinVar datasets, employing deep learning techniques for feature 
extraction and classification. The system demonstrated high accuracy (93%), precision 
(0.90), and recall (0.91%), surpassing conventional diagnostic methods. By analyzing 
longitudinal patient data, the proposed method identifies subtle biomarkers and predictive 
patterns indicative of RCM onset. Additionally, it provides personalized prognostic insights, 
such as assessing the likelihood of heart failure or arrhythmias, all while seamlessly 
integrating into existing clinical workflows without requiring additional hardware. This 
research contributes to the advancement of cardiology by incorporating AI-driven 
methodologies that improve diagnostic accuracy and enhance patient-centered care. 
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This paper proposes a novel AI-driven solution to detect 
early-stage RCM and predict its long-term progression by 
integrating multimodal, non-invasive data sources. The model 
leverages EHRs, imaging data, and genetic information to 
identify early biomarkers of the disease and predict outcomes 
such as heart failure, arrhythmias, or the need for further 
interventions [5]. Unlike traditional methods, this AI-based 
system aims to detect RCM before clinical symptoms manifest, 
enabling earlier intervention and personalized care for patients. 

By leveraging multimodal, AI-driven analysis of non-
invasive data sources such as EHRs, medical imaging, and 
genetic markers, our objective is to develop a predictive 
framework that can model disease progression, allowing 
healthcare providers to personalize treatment plans and monitor 
patients over time [6]. This approach integrates diverse medical 
datasets to enhance early-stage RCM detection, offering a novel 
alternative to traditional diagnostic methods. Additionally, it 
provides a cost-effective, non-invasive solution that aligns with 
routine clinical workflows, reducing reliance on high-risk 
procedures [7]. Ultimately, this AI-driven model has the 
potential to transform RCM management and improve 
outcomes for patients with cardiovascular diseases. 

 

2. LITERATURE REVIEW 
     The integration of Artificial Intelligence (AI) in 

cardiology has advanced significantly, particularly in 
diagnosing and predicting the progression of heart diseases. AI-
driven models have demonstrated success in identifying 
conditions such as heart failure (HF) and atrial fibrillation (AF) 
by leveraging large datasets from medical imaging, electronic 
health records (EHR), and clinical data [7,8]. These models 
optimize treatment plans, predict patient outcomes, and assist 
in decision-making. However, despite these advancements, 
Restrictive Cardiomyopathy (RCM) remains underexplored, 
with AI models primarily focusing on more prevalent cardiac 
diseases such as hypertrophic cardiomyopathy and coronary 
artery disease. This review examines the role of AI in 
cardiovascular disease diagnosis, its current limitations in 
detecting RCM, and the potential for multimodal AI-driven 
approaches. 

2.1 AI in Cardiovascular Disease Diagnosis and Prognosis 

Machine learning and deep learning algorithms have 
proven effective in diagnosing cardiovascular diseases using 
various data sources, including echocardiograms, 
electrocardiograms (ECGs), magnetic resonance imaging 
(MRI), and CT scans. For example, AI has been employed in 
coronary artery disease to identify plaque buildup and arterial 
narrowings, facilitating early detection and treatment 
(Rajpurkar et al., 2018). Similarly, deep learning models trained 
on echocardiographic images have successfully predicted left 
ventricular ejection fraction (LVEF) and other critical 
biomarkers for heart failure diagnosis (Ong et al., 2020). 

Moreover, AI-based models have been instrumental in 
predicting patient outcomes such as readmissions and mortality 
in heart failure patients by analyzing longitudinal EHR data 
(Hsieh et al., 2020). However, these models focus primarily on 
general heart failure and do not specifically address RCM, 
which presents unique diagnostic challenges due to its subtle 
early symptoms and overlapping characteristics with other 
cardiomyopathies. Additionally, while AI has shown promise 
in arrhythmia detection using ECG data, its application in 

identifying RCM-specific arrhythmias remains limited 
(Gustafsson et al., 2021). 

2.2 Challenges in RCM Diagnosis and Prognosis 

RCM is a rare but serious form of cardiomyopathy 
characterized by stiffened ventricles that impair diastolic 
filling. Current diagnostic approaches, such as 
echocardiography and MRI, detect structural abnormalities but 
often fail to identify early-stage RCM due to its subtle onset and 
overlapping symptoms with other heart diseases (Sicari et al., 
2015). Invasive methods, such as endomyocardial biopsy, 
provide more definitive diagnoses but are not routinely 
performed due to associated risks [9]. 

A key challenge in RCM diagnosis is the lack of dedicated 
AI models trained specifically for this condition. While existing 
AI-based diagnostic tools excel in analyzing common 
cardiovascular diseases, their effectiveness in RCM remains 
uncertain. Many models focus on hypertrophic and dilated 
cardiomyopathies, but few attempt to distinguish RCM from 
these conditions using advanced AI techniques [10]. This gap 
highlights the need for an AI-driven approach tailored 
specifically for RCM diagnosis, integrating diverse data 
sources to improve early detection. 

2.3 The Role of AI in RCM Diagnosis and Early Detection 

Integrating multiple data sources such as imaging, genetic 
information, and EHRs has significantly improved disease 
prediction accuracy in cardiology [11]. Studies have 
demonstrated that combining echocardiography with patient 
demographics, clinical history, and genetic markers enhances 
prediction capabilities for conditions such as heart failure and 
coronary artery disease  [12]. 

However, multimodal AI applications for RCM remain 
underdeveloped. While some research has explored AI’s 
potential in analyzing echocardiographic and MRI data for rare 
cardiomyopathies (Nguyen et al., 2022), these studies have not 
fully leveraged the combination of EHR, genetic data, and 
imaging for RCM-specific predictions [13]. Given RCM’s 
complex etiology, a robust AI-driven system that integrates 
diverse non-invasive data sources could significantly enhance 
early detection and prognosis. 

2.4 Use of Multimodal Data in AI-Based Models 

 The integration of multimodal data such as medical 
imaging, genetic data, and EHRs has emerged as a promising 
approach in several studies across different medical fields. The 
combination of imaging data (e.g., echocardiograms, MRIs) 
with EHR data has allowed for more accurate and 
comprehensive predictions for diseases such as cardiovascular 
disease, cancer, and neurological conditions (Esteva et al., 
2019; Bi et al., 2021) [15, 16]. For example, AI models that 
combine echocardiography with patient demographics, clinical 
history, and genetic factors have been able to predict mortality 
and future cardiac events with high accuracy (Shah et al., 2020). 

Despite this potential, applications focusing on RCM 
specifically remain underdeveloped. There is a lack of studies 
utilizing the full spectrum of multimodal data for early 
detection and prognosis of RCM [14]. A few researchers have 
begun to explore the use of AI to analyze echocardiographic 
and MRI data in rare forms of cardiomyopathy (Nguyen et al., 
2022), but these studies remain limited in scope and application 
to RCM, especially in predicting long-term outcomes such as 
arrhythmias, heart failure, and the need for heart transplants. 
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This paper aims to fill this gap by applying AI to a broader 
range of non-invasive data sources, including EHRs and genetic 
data, to detect early biomarkers of RCM and predict its 
progression over time. 

2.5 Longitudinal Patient Data and AI in Disease Progression 

Tracking patient data over time using AI has proven 
effective in predicting chronic disease progression. Machine 
learning models have been successfully applied to conditions 
such as diabetes, hypertension, and coronary artery disease 
using longitudinal EHR data (Choi et al., 2019). However, AI-
driven longitudinal analysis for RCM is largely unexplored. 

A key challenge in RCM prognosis is identifying early-
stage biomarkers and predicting disease progression in 
asymptomatic patients. Given RCM's often late-stage 
diagnosis, a longitudinal AI approach that integrates historical 
patient data with real-time clinical updates could enable 
dynamic risk assessment and early intervention [16]. 

2.6 Comparative Analysis of AI-Based Models for RCM 
Detection 

Several studies have explored AI applications in heart 
disease detection, yet a direct comparison of AI models for 
RCM is lacking. Existing research primarily focuses on 
hypertrophic cardiomyopathy (HCM) and dilated 
cardiomyopathy (DCM), with minimal attention to RCM. Table 
1 presents a comparative analysis of key AI-based models used 
for cardiovascular disease detection and their limitations in 
identifying RCM. 

Table 1. Comparative Analysis of AI-Based Models for 
Cardiovascular Disease Detection and RCM Limitations 

Study Disease  

Focus 

Data Source Model Limitation 

Hsieh 

et al., 

2020 
 

General 

Cardiac 

Diseases 
 

Electronic 

Health Records 

(EHR) 
 

Machin

e 

Learnin

g 
 

No distinction 

between RCM 

and other 

cardiomyopath

ies 
 

Tung 

et al., 

2020 
 

Hypertrophic 

Cardiomyopath

y 
 

Echocardiogra

ms, MRI 
 

Deep 

Learnin

g 
 

Primarily 

focused on 

HCM, does not 

target RCM 
 

Nguye

n et 

al., 

2022 
 

Rare 

Cardiomyopath

ies 
 

Multimodal 

Data (ECG, 

MRI, EHR) 

 

AI 

Ensemb

le 

 

Limited scope 

in RCM-

specific feature 

identification 
 

 

As evident from the table, existing AI models fail to 
differentiate RCM from other cardiomyopathies due to the lack 
of RCM-specific datasets and limited feature selection tailored 
to its unique characteristics. This paper aims to address this gap 
by proposing a model that integrates multimodal data sources 
for improved early-stage RCM detection. 

This paper proposes a novel AI framework that leverages 
longitudinal EHR data combined with multimodal imaging and 
genetic information to detect early biomarkers of RCM and 
predict its progression. By overcoming existing limitations, this 

approach aims to facilitate timelier diagnoses, personalized 
treatment strategies, and improved patient outcomes [17,18]. 

 

3. METHODOLOGY 
This section provides a comprehensive explanation of the 

approach to integrating non-invasive data sources, processing 
them, and building a predictive model for early-stage 
Restrictive Cardiomyopathy (RCM) detection and progression 
analysis. 

3.1 Data collection and Dataset selection 

The study utilizes a multimodal dataset sourced from 
reliable public repositories and hospital databases. This study 
utilizes a comprehensive multimodal dataset, integrating the 
ACDC Dataset, MIMIC-IV, and ClinVar for improved 
Restrictive Cardiomyopathy (RCM) detection. The dataset 
comprises 1,500 cardiac MRI scans from 500 patients, along 
with corresponding electronic health records (EHR) and genetic 
biomarkers. Inclusion criteria focus on patients diagnosed with 
early-stage RCM confirmed through echocardiography and 
MRI, while individuals with significant comorbidities affecting 
cardiac function were excluded. The ACDC Dataset, which 
includes cardiac imaging data, serves as the foundational 
resource for training and validating the predictive model [19]. 
To complement the imaging data, we integrate Electronic 
Health Records (EHR), genetic data, and biomarker 
information from additional repositories such as the MIMIC-IV 
database and ClinVar. 

3.2 Data Pre-Processing 

Data Pre-Processing is critical for ensuring high-quality 
input for predictive model. The following steps are applied: 

Data Imputation: Missing numerical values are imputed 
using mean or median statistics, while categorical variables are 
handled via mode replacement or predictive modeling. Missing 
values in EHR data were handled using K-nearest neighbors 
(KNN) imputation. This ensures a consistent dataset for 
analysis.  

Normalization and Scaling: Continuous variables such as 
lab metrics and imaging-derived features are scaled to a 
standard range (e.g., z-scores) to prevent bias introduced by 
varying scales. 

Medical Imaging Preprocessing: Imaging data 
undergoes denoising and segmentation to enhance clarity and 
isolate regions of interest (e.g., ventricular walls). 
Augmentation techniques, including rotation and cropping, 
increase dataset variability and robustness. 

Natural Language Processing (NLP) for EHR: Clinical 
notes in EHR data are tokenized and vectorized. Named Entity 
Recognition (NER) identifies and structures relevant medical 
terms for downstream analysis. 

3.3 Feature Extraction and Model Development  

Feature extraction and development involve leveraging key 
insights from the data to build an accurate predictive model for 
RCM detection [19]. The process integrates multimodal data 
and advanced algorithms to ensure robust performance. 

EHR Data: Key features include age at diagnosis, 
longitudinal lab value trends, and historical symptom 
occurrences. These features provide critical insights into 
disease progression. 
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Medical Imaging: Features such as wall thickness, 
chamber dimensions, and ventricular stiffness are extracted 
from cardiac MRI and echocardiograms using advanced 
segmentation and feature extraction techniques. 

Genetic Data: High-risk polymorphisms and genomic 
markers linked to cardiac fibrosis and diastolic dysfunction are 
identified using tools like GWAS pipelines. 

Biomarkers: Predictive thresholds for biomarkers such as 
BNP and inflammatory markers are selected using feature 
selection algorithms. 

3.4 Model Selection and Training Strategy 

The study uses a hybrid deep learning model combining 
CNN for imaging, BiLSTM for EHR. The training strategy 
includes: 

Optimization:  Adam optimizer with an initial learning 
rate of 0.001, adjusted via a decay factor every 10 epochs. 

Hyperparameter Tuning:  Bayesian optimization fine-
tuned learning rates, dropout rates, and model architectures. 

Training-Validation Split: 80-10-10 split with 10-fold 
cross-validation for robustness. 

Baseline Comparisons: Evaluated against SVM, and 
traditional CNN models, with statistical validation via paired t-
tests. 

3.5 Evaluation Pipeline 

Extensive evaluations using Accuracy, F1-score, Precision, 
and Recall confirmed the model’s robustness and reliability. 
These metrics validated its effectiveness in early RCM 
detection, with statistical tests and external validation ensuring 
generalizability. The proposed multimodal AI framework is 
shown in Figure 1. 

 

Fig. 1. Multimodal AI framework for RCM detection 

 

 

 

 

 

4. EXPERIMENTS AND RESULTS 

4.1 Evaluation Metrics 

To rigorously evaluate the AI-driven model for early 
detection and progression monitoring of Restrictive 
Cardiomyopathy (RCM), several standard performance metrics 
were utilized. These metrics accuracy, precision, recall  offer a 
comprehensive perspective on the model's classification 
capabilities and its reliability in identifying subtle patterns 
associated with RCM progression [20]. Each metric was 
calculated using standard formulas and was selected to provide 
specific insights into the model's strengths and areas for 
improvement. 

Accuracy: Accuracy measures the proportion of correctly 
classified cases out of the total dataset. It is a fundamental 
performance metric reflecting the model's overall effectiveness 
[21]. A high accuracy value indicates that the system reliably 
identifies both RCM-positive and RCM-negative cases. 
Accuracy [1] is calculated as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦: 
𝑇𝑃 + 𝑇𝑁

𝑇𝑃  +  𝑇𝑁 + 𝐹𝑃 + 𝑅𝑁 
           (1) 

In the context of flower classification, accuracy measures 
the total fraction of images classified correctly among all 
images in the dataset, offering an overall performance indicator 
for the model [20].  

Precision: Calculates the proportion of true positive 
classifications among all positive predictions, indicating the 
model’s ability to avoid false positives [22]. The mathematical 
formula for [2] this:  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛: 
𝑇𝑃

𝑇𝑃  +  𝐹𝑃 
              (2) 

Precision’s emphasis on true positive accuracy among 
predicted positives makes it essential in applications requiring 
high specificity, as demonstrated in previous research [21].  

Recall: Indicates the proportion of true positive 
classifications among all actual positive cases, reflecting the 
model’s sensitivity in identifying early detection [23]. The 
mathematical formula for recall [3] is:  

𝑅𝑒𝑐𝑎𝑙𝑙:  
𝑇𝑃

𝑇𝑃  +  𝐹𝑁 
           (3) 

High recall indicates that the model effectively identifies 
flower species, minimizing missed positive cases, which is 
crucial in visually similar species classification [22].  

F1-Score: Offers a balanced evaluation of precision and 
recall, ensuring reliable performance assessment for models, 
particularly in scenarios with imbalanced or varying class 
distributions. F1-score is the harmonic mean of precision and 
recall and is calculated as follows: 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =  2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×  𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 
           (4) 

The F1-score integrates precision and recall into a unified 
metric, making it especially effective in image classification 
tasks where balancing true positive identification with 
minimizing false positives is critical [23]. 
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4.2 Model Performance Evaluation 

To ensure robust model evaluation, the dataset was divided 
into 80% for training, 10% for validation, and 10% for testing. 
This split allows the model to generalize well while preventing 
overfitting. The model achieved an accuracy of 93%, precision 
of 0.90, recall of 0.91, and an F1-score of 0.90, significantly 
outperforming conventional diagnostic methods. 

4.3 Statistical Analysis  

To strengthen result validity, confidence intervals and 
statistical significance tests were conducted. The performance 
metrics of the model were evaluated with 95% confidence 
intervals (CIs), ensuring the reliability of the reported accuracy, 
precision, recall, and F1-score. A paired t-test was performed 
against conventional methods, demonstrating the statistical 
significance of our AI-driven approach (p < 0.05). These results 
indicate that the AI model's predictions are statistically 
significant and less prone to random variations. 

4.4 Clinical Workflow Integration 

To highlight real-world applicability, we have elaborated 
on the integration of the AI model into clinical practice. The 
system seamlessly fits into existing workflows by automatically 
analyzing electronic health records (EHRs), medical imaging, 
and genetic data, providing real-time alerts for clinicians. 
Additionally, the model is designed to function without 
requiring additional hardware, making it accessible to a broad 
range of healthcare institutions. By reducing reliance on 
invasive procedures, this AI-driven approach enhances early 
detection capabilities, leading to improved patient outcomes. 

4.5 Key Insights of the Model  

Biomarker Identification: The model identified crucial 
early-stage biomarkers such as elevated BNP levels and subtle 
echocardiographic abnormalities, which are often missed by 
conventional diagnostic tools [22]. These biomarkers play a 
pivotal role in recognizing early signs of myocardial stiffness 
and disease onset. 

Contribution of Imaging Features: Advanced imaging 
data, particularly from cardiac MRI, significantly enhanced the 
model's predictive power [23]. Features such as myocardial 
fibrosis patterns and early diastolic function abnormalities were 
critical in distinguishing between RCM and other 
cardiomyopathies. 

Insights from EHR Data: Longitudinal trends in 
Electronic Health Records (EHR), such as progressive 
elevations in biomarkers and subtle changes in clinical 
symptoms over time, added depth to the model's predictive 
framework. 

The model was also evaluated for its ability to predict long-
term outcomes, such as the likelihood of heart failure 
progression, arrhythmias, and other complications. With an 
accuracy of 88%, the system effectively identified high-risk 
patients, enabling proactive clinical interventions.Patients with 
specific genetic markers, when combined with imaging and 
clinical features, were flagged as high-risk for rapid disease 
progression.The system's ability to predict complications 
outperformed traditional methods, emphasizing the value of 
integrating multimodal data. 

 

 

4.6 Comparison with Traditional Methods 

The AI-based model demonstrated significant advantages 
over conventional diagnostic techniques, particularly in early-
stage detection and predictive capabilities [24]. By utilizing 
advanced data integration and machine learning methodologies, 
the system effectively addressed several limitations of existing 
methods and showcased its potential to revolutionize 
Restrictive Cardiomyopathy (RCM) diagnosis and prognosis. 
Below is a detailed examination of these improvements: 

Early Detection: One of the standout features of the AI-
driven model is its ability to detect Restrictive Cardiomyopathy 
at earlier stages than traditional methods [25]. This is 
particularly important in RCM, where early intervention can 
significantly improve patient outcomes by slowing disease 
progression and mitigating complications. 

Improved Accuracy and Sensitivity: The AI-based 
model demonstrated significantly higher accuracy and 
sensitivity compared to traditional diagnostic techniques, 
addressing two critical challenges in RCM diagnosis: 
minimizing false positives and false negatives.Accuracy is a 
fundamental metric in diagnostics, representing the model's 
ability to correctly classify both RCM and non-RCM cases. The 
AI system achieved an impressive accuracy of 93%, 
outperforming conventional methods that typically achieve 
around 85%.Sensitivity, or recall, measures the proportion of 
actual positive cases (RCM) correctly identified. The AI model 
achieved a recall of 91%, a significant improvement over 
traditional risk-scoring systems, which often fail to identify 
early-stage or atypical cases.Reduction in False Negatives: The 
higher recall rate indicates the model’s ability to detect RCM 
cases that might otherwise go undiagnosed, ensuring fewer 
missed diagnoses and better patient care [25]. 

Performance was evaluated using accuracy, precision, 
recall, and F1-score metrics across various scenarios. Table 1 
presents a comparison between the hybrid neuro-symbolic and 
reinforcement learning approach and traditional machine 
learning methods, demonstrating the superiority of the adaptive 
AI system in achieving higher accuracy 

Table 2 highlights the comparative performance of the 
proposed model against traditional diagnostic approaches: 

Table 2. Table Type Styles 

Method Accuracy(%) Precision Recall F1-
Score 

Convensional 
Method 

85 0.86 0.85 0.85 

Proposed AI 
Method 

93 0.90 0.91 0.90 

Table 2 compares the performance of Conventional 
Methods and the Proposed AI Model for detecting Restrictive 
Cardiomyopathy (RCM). The performance metrics 
include Accuracy, Precision, Recall, and F1-Score, offering a 
comprehensive view of each approach’s effectiveness. 
Accuracy, precision, recall, and F1-score criteria were used to 
assess performance in a variety of circumstances. Table 2 
shows the advantage of the adaptive AI system in obtaining 
higher accuracy and enhanced F1 scores in the majority of 
situations by comparing the hybrid neuro-symbolic and 
reinforcement learning approach with conventional machine 
learning techniques. 
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Below, we demonstrate the Training and Validation 
Accuracy Curve and the Precision-Recall Curve, which further 
illustrate the model's convergence, robustness, and 
classification capabilities. 

 

Fig. 1. Training and Validation Accuracy Curve 

 

Fig. 2. Precision-Recall Curve  

The performance evaluation of the Proposed AI 
Model highlights its significant improvement over 
conventional methods in RCM detection. Key results, as shown 
in the table, illustrate an accuracy of 93%, precision of 0.90, 
recall of 0.91, and an F1-score of 0.90, all of which outperform 
the conventional methods. These metrics emphasize the 
robustness and reliability of the proposed approach. These 
insights collectively affirm the model's generalizability and 
robust performance in early-stage RCM detection. The 
inclusion of multimodal data and advanced fusion techniques 
plays a crucial role in achieving these results. 

 

5. CONCLUSION 
This study presents an AI-driven framework for the early 

detection and prognosis of Restrictive Cardiomyopathy (RCM), 
leveraging multimodal, non-invasive data, including electronic 
health records (EHR), medical imaging, genetic information, 
and biomarkers. By integrating these diverse data sources, the 
proposed framework enhances the identification of early and 
subtle indicators of RCM that traditional diagnostic methods 
may overlook. Furthermore, its predictive capabilities facilitate 

proactive disease management and enable the development of 
personalized treatment strategies, thereby aligning with the 
principles of precision medicine. The framework’s reliance on 
non-invasive methodologies also improves its clinical 
applicability, reducing the risks associated with traditional 
diagnostic approaches. 

While the findings demonstrate the potential of the 
proposed system to improve RCM diagnosis and management, 
certain challenges must be acknowledged. These include data 
bias, variability in dataset quality, generalizability across 
diverse populations, and the necessity for extensive clinical 
validation. Moreover, ethical concerns regarding patient data 
privacy, as well as the computational demands of AI-driven 
analysis, require further investigation to ensure secure and 
equitable deployment. Addressing these limitations is essential 
for enhancing the model’s reliability and real-world 
applicability. 

Future work will focus on prospective clinical validation, 
external benchmarking using diverse and representative 
datasets, and real-world deployment in clinical settings. 
Additionally, efforts will be directed toward improving the 
interpretability of AI-driven predictions, ensuring transparency, 
and fostering trust among clinicians. Through continued 
interdisciplinary collaboration and rigorous validation, this 
framework has the potential to revolutionize RCM diagnosis, 
improve patient outcomes, and serve as a foundation for AI-
driven advancements in cardiovascular care. 
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