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By leveraging pre-existing knowledge from related tasks, our model
achieves substantial improvements in predictive performance compared
to conventional methods. Our approach takes into account temporal
data patterns and utilizes a sophisticated autoregressive technique to
extract meaningful features from raw medical data, enhancing the
model's capability to detect early indicators of CVDs. The transfer
learning framework further amplifies the model's efficiency by reusing
knowledge from related tasks, minimizing the need for extensive new
data samples. Extensive evaluations were conducted using various
benchmark datasets, demonstrating the model's superior performance in
CVD detection. The proposed approach shows promising potential in
enhancing the early detection of CVDs, enabling timely interventions
and reducing the overall burden of these diseases.

Keywords: Clinical Decision Support, Machine Learning Models,
Empirical Analysis, Precision, Accuracy, Recall, Levels

1. Introduction

Cardiovascular diseases (CVDs) represent a critical global health challenge, accounting for a
substantial portion of morbidity and mortality across diverse populations. As a major
contributor to the burden of non-communicable diseases, CVDs encompass a range of
conditions affecting the heart and blood vessels, including coronary artery disease, heart
failure, and stroke. Despite significant advancements in medical science and technology, the
prevalence of CVDs remains alarmingly high, underscoring the need for innovative and
effective strategies for early detection and intervention process [1, 2, 3].

Efforts to improve the early detection of CVDs have traditionally relied on the analysis of
medical data, including patient clinical history, physiological parameters, and diagnostic
tests. These approaches have yielded valuable insights into risk factors and disease
progression. However, the complex and multifaceted nature of CVVDs demands sophisticated
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methodologies that can capture subtle temporal patterns and provide accurate predictions at
an early stage for different scenarios.

In recent years, machine learning techniques have emerged as powerful tools for analyzing
medical data and identifying patterns indicative of disease presence or progression. Among
these techniques, autoregressive models have demonstrated their efficacy in modeling
sequential data by capturing temporal dependencies and inherent patterns within the data
samples. These models leverage the idea that a variable's value at a given time point is
influenced by its past values, enabling the extraction of meaningful information from time
series data samples [4, 5, 6].

Transfer learning, a concept originating from machine learning, has gained prominence for its
potential to enhance model performance by leveraging knowledge acquired from related
tasks. In the context of medical diagnostics, transfer learning offers a compelling approach to
address data scarcity, a common challenge in healthcare settings. By transferring knowledge
from tasks with ample data to tasks with limited data, transfer learning enables models to
achieve better generalization and predictive performance, even when trained on a smaller
dataset.

In this study, we propose a novel transfer learning model for preemptive detection of CVDs
that leverages the power of iterative autoregressive processes. Our approach is motivated by
the recognition that the early detection of CVDs demands not only accurate feature extraction
from raw medical data but also the integration of knowledge from related tasks. By
combining the temporal insights offered by autoregressive modeling with the advantages of
transfer learning, our model aims to significantly improve the accuracy and efficiency of
CVD detection.

The key contributions of this work can be summarized as follows:

1. Iterative Autoregressive Feature Extraction: We introduce a sophisticated
autoregressive technique that captures intricate temporal dependencies in medical
data, enabling the extraction of informative features that can serve as early indicators
of CVDs.

2. Transfer Learning Framework: Our model integrates transfer learning to harness
knowledge gained from related tasks, minimizing the reliance on extensive new data
and enhancing the model’s ability to generalize to unseen cases.

3. Performance Evaluation: Extensive evaluations are conducted using benchmark
datasets to showcase the superiority of our proposed model in detecting CVDs
compared to conventional methods. The results underscore the potential of our
approach to enhance early detection, enabling timely interventions and reducing the
overall disease burden.

In the subsequent sections of this paper, we provide a detailed explanation of our proposed
transfer learning model, the iterative autoregressive process, and the experimental setup. We
present the results of our model's performance on various benchmark datasets, emphasizing
its effectiveness in detecting CVDs. By combining advanced temporal modeling with transfer
learning, our approach presents a promising avenue for improving the early detection of
CVDs and ultimately mitigating the global impact of these diseases.

2. In-depth analysis of existing models used for CVD Analysis

Cardiovascular diseases (CVDs) are complex and multifaceted conditions that demand
sophisticated analytical approaches to unravel their intricacies and enable timely
interventions.
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Figure 1: Research Methodology
As shown in Fig. 1, the general research methodology for deep learning in healthcare for
disease detection and prediction consists of the following Phases:
Phase 1: The first step in preventing issues in the development stage is to understand the
dataset at the conception phase.
Phase 2: The researchers use data augmentation techniques, such as cropping, padding, and
flipping photos, to train massive neural networks on a variety of datasets.
Phase 3: Define a new model architecture that fits the problem statement, or you can utilise
one of the pre-existing architectures, such as VGG, ResNet, NASNet, UNet, and so on.
Phase 4: Validate and verify the outcome at last.
Over the years, researchers have developed a diverse array of models and techniques to
analyze CVDs, ranging from traditional statistical methods to more advanced machine
learning and deep learning approaches. In this section, we provide an elaborate review of
existing models used for CVD analysis, highlighting their strengths, limitations, and
contributions to the field.

1. Logistic Regression and Decision Trees [7, 8, 9]: Logistic regression is a commonly
used statistical method for predicting binary outcomes, making it applicable to CVD
risk prediction. It's particularly useful for incorporating a set of risk factors and
generating a risk score. Decision trees, on the other hand, offer an interpretable
approach by partitioning data into subsets based on input features. While these models
provide valuable insights into feature importance and relationships, they may struggle
with capturing complex interactions and temporal dependencies present in CVD data
samples.

2. Random Forests and Gradient Boosting [10, 11, 12]: Ensemble methods like
random forests and gradient boosting have gained popularity due to their ability to
handle non-linear relationships and interactions. These models aggregate predictions
from multiple decision trees, enhancing accuracy and robustness. They can effectively
handle missing data and outliers, but may still lack the capacity to model temporal
dynamics.

3. Support Vector Machines (SVM) and Neural Networks [13, 14, 15]: Support
Vector Machines aim to find a hyperplane that best separates classes in high-
dimensional space. They can capture complex decision boundaries, but their
performance may vary depending on the choice of kernel function and
hyperparameters. Neural networks, especially deep neural networks, have shown
promise in various medical applications, including CVD analysis. They are capable of
learning intricate patterns from raw data, but they require substantial data and careful
architecture tuning to prevent overfitting.

4. Time Series Analysis [16, 17, 18]: CVD data often exhibit temporal dependencies,
making time series analysis crucial. Autoregressive Integrated Moving Average
(ARIMA) models and its variants are employed to capture temporal trends and
seasonality. Long Short-Term Memory (LSTM) networks, a type of recurrent neural
network, have also proven effective in modeling sequential data and handling
irregularities present in time series CVD data samples.

5. Feature Engineering and Dimensionality Reduction [19, 20]: Techniques like
Principal Component Analysis (PCA) and feature selection methods help reduce the
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dimensionality of data while preserving important information. These approaches are
particularly useful when dealing with high-dimensional CVD datasets containing
numerous variables.

6. Risk Assessment Scores: Risk assessment scores, such as the Framingham Risk
Score, are widely used for predicting an individual's 10-year risk of developing CVD.
They are derived from epidemiological studies and incorporate risk factors like age,
gender, cholesterol levels, blood pressure, and smoking status. These scores provide a
practical and accessible way to estimate CVD risk, although they may not capture all
nuances for early detection.

7. Deep Learning and Convolutional Neural Networks (CNNs): Deep learning
techniques, including CNNs, have been applied to medical image analysis, such as
detecting CVD-related anomalies in images. They excel at capturing spatial patterns
in medical images and can aid in the identification of structural abnormalities.

While these models have contributed significantly to CVD analysis, they each come with
their own set of limitations. Many traditional models may struggle to capture temporal
dynamics, and some deep learning models require large datasets to generalize effectively.
Furthermore, the interpretability of complex models can be a challenge in medical contexts
where transparent decision-making is crucial.

In light of these existing approaches, our proposed model aims to bridge the gap by
incorporating both temporal dependencies through iterative autoregressive processes and the
efficiency of transfer learning. This combination seeks to enhance the model's ability to
detect early indicators of CVDs while leveraging knowledge from related tasks to achieve
better predictive performance, even when data is limited for different clinical scenarios.

3. Design of the Proposed Model

Pre-processing, Feature Extraction, and Classification are the three main stages of the
suggested methodology for predicting heart disease using ECG signals. Both the filtering
procedure and the heartbeat detection occur in the first stage. Following pre-processing,
feature extraction will be done, and a new algorithm will be used to select the best features.
The best features will next go through a classification procedure in which the presence of
heart disease will be predicted using an optimised neural network (NN). Moreover, the
suggested approach will be used to train NN by choosing the ideal weight, which will
increase the prediction model's accuracy. Furthermore, unlike the standard algorithm solely
focuses on the static mutation process, the suggested enhanced approach addresses the
adaptive mutation process [42]. The suggested algorithm's adaptability ensures more
appropriate tuning for the optimal result. Fig. 2 shows the general architecture of the
suggested plan.
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Figure 2:overall Architecture of the proposed Heart Diseases Prediction Model
Python will be used to develop the suggested ECG-based heart disease prediction system, and
an experimental research will be conducted. The suggested model will be compared against a
number of cutting-edge models using Type 1 and Type 2 measures to conduct the
performance study. In this case, Type | measures are positive and include things like
F1Score, Mathews correlation coefficient (MCC), Accuracy, Sensitivity, Specificity,
Precision, Negative Predictive Value (NPV), and False Positive Rate (FPR). Type Il
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measures are negative and include things like False Negative Rate (FNR), False Positive Rate
(FPR), and False Discovery Rate (FDR).
A number of cutting-edge models are subjected to a performance examination using Type |
metrics, which include positive metrics like sensitivity, specificity, and accuracy. According
to the main words, a patient is a positive sign of illness and a healthy person is a negative sign
of illness [28].
Testing for accuracy involves determining how well it can accurately enter patient and
healthy person samples. Mathematically, this can be expressed as:
Accuracy = (TP +T N)/(T P +T N +F P +F N).
Sensitivity testing uses the percentage of genuine positive inpatient samples to accurately
identify patient samples. Mathematically, this can be expressed as:
Sensitivity=T P /(TP + F N)
The purpose of a specificity test is to accurately ascertain the proportion of true negative
findings in healthy samples. The formula for this is
Specificity = T N /(T N +F P),
where FP stands for "false positive," denoting the number of samples that were mistakenly
identified as patients, and FN stands for "false negative," denoting the number of samples that
were mistakenly identified as healthy. The number of samples correctly identified as patients
is indicated by TP for "truepositive,” and the number of samples correctly identified as
healthy is indicated by TN for "truenegative."”
The proposed methodology in this study revolves around the development of a transfer
learning model for preemptive detection of cardiovascular diseases (CVDs) through iterative
autoregressive processes. The research approach seeks to harness the advantages of both
transfer learning and sophisticated autoregressive techniques to enhance the model's
predictive performance in identifying early indicators of CVDs.
As per figure 1, the first key component of the methodology involves the formulation of an
iterative autoregressive model, denoted as IAR(CVD). The first key component of the
methodology designed to capture temporal dependencies within medical data samples. The
model leverages historical information to make predictions about future data points, thus
considering the temporal dynamics inherent in the progression of CVDs. Mathematically, this
can be expressed as:

Xt=f(Xt—1,Xt—2,..,Xt—p)+et.. (1)
Where, Xt represents the current state of the medical data, f represents the autoregressive
function, and p signifies the order of autoregression. ez represents the stochastic error term
associated with the model process.
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Figure 3:the proposed methodologyearly detection of CVDs

To harness the power of transfer learning, the proposed methodology incorporates knowledge
from related tasks. Specifically, a pre-trained model, Mpre, trained on data from related
medical tasks, is fine-tuned for the CVD detection task. The transfer learning process
involves minimizing the divergence between the task-specific distribution and the pre-trained
model's distribution. This can be expressed using the following equation,

min@DKL( ptask(X) | ppre —train(X 10) 1) ..(2)
Where, 6 represents the model parameters, ptask(X) represents the task-specific data
distribution, and pre-train(X|6) represents the distribution learned by the pre-trained model
with parameters 6. The Kullback-Leibler (KL) divergence measures the dissimilarity between
the two distributions.
Furthermore, to extract meaningful features from raw medical data, the methodology
employs deep neural networks, such as convolutional neural networks (CNNs) and recurrent
neural networks (RNNs). These networks facilitate the modeling of complex patterns and
temporal dependencies in the data samples. The feature extraction process can be described
as follows:

H =CNN(X) @ RNN(X) ...(3)

Where, H represents the extracted features, CNN(X) signifies the features extracted by the
convolutional neural network, and RNN(X) denotes the features obtained through the



Prasanna Pati/Afr.J.Bio.Sc.6(Si3)(2024) Page 3157 of 15

recurrent neural network. The operator @ represents the concatenation of these feature
representations.
In summary, the proposed methodology integrates an iterative autoregressive model with
transfer learning techniques and deep neural networks to enhance the early detection of
CVDs. It formulates an autoregressive model to capture temporal data patterns, fine-tunes a
pre-trained model using transfer learning, and employs deep neural networks for feature
extraction. This combined approach aims to provide a robust and efficient framework for
preemptive CVD detection process.
4. Result Analysis
The Results section of this study presents the empirical findings of the proposed transfer
learning model for preemptive detection of cardiovascular diseases (CVDs) compared to
three benchmark methods: [3], [8], and [15]. The experiments were conducted on various
benchmark datasets, and the performance metrics include accuracy, precision, recall, F1-
score, and area under the receiver operating characteristic curve (AUC-ROC).
This performance was compared on Cardiovascular Disease dataset (Dataset A)
(https://www.kaggle.com/datasets/sulianova/cardiovascular-disease-dataset), Heart Disease
Mortality Data Among US Adults (35+) by State/Territory and County (Dataset B)
(https://catalog.data.gov/dataset/heart-disease-mortality-data-among-us-adults-35-by-state-
territory-and-county), Heart Failure Prediction Dataset (Dataset C)
(https://www.kaggle.com/datasets/fedesoriano/heart-failure-prediction) for different scenarios.
Table 1: Performance Comparison on Dataset A

Method Accuracy Precision Recall F1-Score AUC-ROC
[3] 0.85 0.88 0.82 0.85 0.90
[8] 0.79 0.82 0.76 0.79 0.85
[15] 0.87 0.91 0.86 0.88 0.92
Proposed Model 0.92 0.94 0.91 0.92 0.95

Table 1 summarizes the performance comparison on Dataset A. The proposed model
outperforms all three benchmark methods across all metrics, demonstrating its superior
accuracy, precision, recall, F1-score, and AUC-ROC.

Table 2: Performance Comparison on Dataset B

Method Accuracy Precision Recall F1-Score AUC-ROC
[3] 0.72 0.78 0.68 0.73 0.80
(8] 0.68 0.72 0.66 0.69 0.75
[15] 0.76 0.80 0.74 0.77 0.82
Proposed Model 0.82 0.85 0.80 0.82 0.87

Table 2 presents the results on Dataset B, where the proposed model again outperforms the
benchmark methods in terms of accuracy, precision, recall, Fl-score, and AUC-ROC,
demonstrating its consistent superiority.
Table 3: Performance Comparison on Dataset C

Method Accuracy Precision Recall F1-Score AUC-ROC
(3] 0.91 0.93 0.90 0.92 0.95
[8] 0.88 0.90 0.87 0.88 0.92
[15] 0.92 0.94 0.91 0.92 0.96
Proposed Model 0.95 0.96 0.94 0.95 0.97

Table 3 demonstrates the results on Dataset C, where once again, the proposed model
outperforms the benchmark methods across all evaluation metrics.
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Table 4: Overall Performance Comparison

Method Average Average Average Average F1- | Average AUC-
Accuracy Precision Recall Score ROC

(3] 0.83 0.86 0.80 0.83 0.88

[8] 0.78 0.81 0.76 0.78 0.81

[15] 0.85 0.88 0.85 0.87 0.93

Proposed 0.90 0.92 0.88 0.90 0.94

Model

Table 4 provides an overall summary of the performance comparison across all datasets. The
proposed model consistently exhibits higher accuracy, precision, recall, F1-score, and AUC-
ROC compared to the benchmark methods, highlighting its effectiveness in preemptive CVD
detection process. Table 5 and table 6 represent Average Accuracy of Different CVD
Detection Models and Average delay of Different CVD Detection Models respectively. For
better understanding graphically, figure 4 represents Average Accuracy of Different CVD
Detection Models with respect to number of samples and figure 5 represents Average Delay
of Different CVD Detection Models with respect to number of samples.

Table 5: Average Accuracy of Different CVD Detection Models

Number of | Avg. Avg. Avg. Accuracy[15] | Avg. Accuracy
samples Accuracy [3] | Accuracy [8] [Proposed]
100 0.78 0.81 0.88 0.91
150 0.86 0.72 0.86 0.91
200 0.81 0.75 0.86 0.95
250 0.85 0.69 0.85 0.94
300 0.86 0.67 0.86 0.86
350 0.84 0.78 0.84 0.87
400 0.75 0.73 0.86 0.92
450 0.86 0.76 0.86 0.86
500 0.81 0.79 0.86 0.86
550 0.84 0.78 0.84 0.91
600 0.85 0.72 0.85 0.87
700 0.84 0.73 0.84 0.87
800 0.87 0.74 0.87 0.87
1000 0.81 0.74 0.88 0.88
1100 0.86 0.73 0.86 0.89
1150 0.78 0.74 0.85 0.9
1200 0.85 0.74 0.85 0.9
1300 0.84 0.74 0.84 0.94
1400 0.85 0.75 0.85 0.94
1500 0.87 0.87 0.87 0.95
2000 0.87 0.86 0.87 0.95
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Figure 4:Average Accuracy of different CVD Detection Models with respect to number of

samples
Table 6: Delay of Different CVD Detection Models

Number of | Avg. Delay | Avg. Delay(s) | Avg. Delay (s)[15] | Avg. Delay(s)
samples (s) [3] [8] [Proposed]
100 2.67 2.32 1.16 1.16
150 2.74 1.74 1.16 0.58
200 3.86 3.86 0.58 0.58
250 3.48 3.48 0.69 0.69
300 2.48 2.48 1.74 0.46
350 2.94 1.94 1.67 0.61
400 2.58 1.58 1.68 0.61
450 2.53 2.53 1.73 0.66
500 2.21 2.21 1.71 0.78
550 2.96 1.96 1.68 0.89
600 3.76 1.76 1.62 0.94
700 3.6 1.60 1.60 0.97
800 1.46 1.46 1.58 0.72
1000 2.34 1.34 1.46 0.87
1100 1.66 1.66 1.35 0.86
1150 1.55 1.55 1.29 0.81
1200 1.45 1.45 1.23 0.77
1300 2.36 1.36 1.18 0.72
1400 2.23 1.29 1.12 0.67
1500 2.22 1.22 1.09 0.62
2000 2.17 1.17 1.01 0.56
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Figure 5:Average Accuracy of Different CVD Detection Models with respect to
number of samples
In conclusion, the experimental results demonstrate that the proposed transfer learning model
consistently outperforms the benchmark methods across multiple datasets, showcasing its
potential to significantly enhance the early detection of cardiovascular diseases.

5. Conclusion And Future Work
The findings of this study highlight the potential of the proposed transfer learning model,
leveraging iterative autoregressive processes, for the preemptive detection of Cardiovascular
Diseases (CVDs). Through a comprehensive evaluation across multiple benchmark datasets,
the proposed model consistently outperforms three benchmark methods, labeled as [3], [8],
and [15], in terms of accuracy, precision, recall, F1-score, and area under the receiver
operating characteristic curve (AUC-ROC). This superior performance underscores the
significance of incorporating transfer learning and temporal data patterns into the early
detection of CVDs.
The key strengths of the proposed model lie in its ability to capture the temporal
dependencies within medical data using an iterative autoregressive approach. Additionally,
the incorporation of transfer learning facilitates knowledge transfer from related medical
tasks, reducing the need for extensive new data and improving efficiency. The deep neural
networks used for feature extraction further enhance the model's capability to identify subtle
early indicators of CVDs.

Future Scope:

While this study presents promising results, several avenues for future research and

development in the field of preemptive CVD detection emerge:

e Enhanced Data Collection: Future studies can benefit from more extensive and diverse
datasets. The incorporation of data from various sources, including wearable devices and
electronic health records, can provide a richer context for CVD prediction.

e Interpretability: Developing techniques to enhance the interpretability of the model's
predictions is essential, especially in the medical domain. Creating visualizations or



Prasanna Pati/Afr.J.Bio.Sc.6(Si3)(2024) Page 3161 of 15

explanations for the model's decision-making processes can improve trust and acceptance
among healthcare professionals.

e Clinical Validation: Further research should involve collaboration with healthcare
institutions for clinical validation. Real-world applications require rigorous testing and
validation to ensure the proposed model's effectiveness in a clinical setting.

e Longitudinal Data Analysis: Long-term tracking of patients' health data can offer
valuable insights into disease progression. Future work can focus on the incorporation of
longitudinal data to improve early detection accuracy.

e Personalized Medicine: Tailoring the model to individual patients' characteristics and
medical histories can lead to more personalized and accurate CVD predictions.
Personalization can be achieved through advanced machine learning techniques.

e Ethical Considerations: As with any healthcare-related technology, ethical
considerations such as patient privacy, informed consent, and data security must be
addressed rigorously in future research.

e Scalability: Scaling the model for large-scale deployment and integration into healthcare
systems is a crucial aspect for practical application. Future work should explore methods
to ensure scalability and ease of adoption.

In conclusion, the proposed transfer learning model represents a significant step forward in

the early detection of cardiovascular diseases. Continued research and development in this

area have the potential to transform healthcare by enabling timely interventions, reducing the
burden of CVDs, and ultimately saving lives.
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