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Abstract: Cardiovascular disease (CVD) remains a
leading cause of global mortality, emphasizing the
need for accurate and early risk assessment. This study
develops an Artificial Neural Network (ANN)-based
model for CVD prediction, utilizing key clinical
indicators to enhance diagnostic precision.

The methodology includes comprehensive data
preprocessing, such as feature scaling and categorical
encoding, to ensure optimal feature representation.
The ANN model is designed with multiple hidden
layers, dropout regularization, and early stopping to
improve predictive performance while minimizing
overfitting. Additionally, a Flask-based web interface is
integrated, allowing seamless data input, model
training, and real-time visualization of performance
metrics, including accuracy, confusion matrix, and
ROC curves.

Experimental results show that the ANN model
achieves an 87.2% accuracy and an AUC-ROC score of
90.1%, outperforming traditional machine learning
models like Logistic Regression (83.2% accuracy) and
Decision Trees (80.7% accuracy). The model also
maintains a strong balance between precision (91.2%0)
and recall (87.8%), ensuring reliable heart disease
classification.

These findings highlight the potential of ANN in
improving early CVD detection and risk assessment.
Future work will focus on incorporating additional
biomarkers, refining model architectures, and
exploring ensemble learning techniques to further
enhance accuracy and clinical applicability.

Keywords:-  ANN, heart disease  prediction,
Cardiovascular disease (CVD), Convolutional Neural
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I.  INTRODUCTION

Cardiovascular disease (CVD) is one of the leading
causes of mortality worldwide, necessitating early
detection and accurate risk assessment to improve
patient outcomes [1]. Traditional diagnostic
methods rely on statistical models and clinical
expertise, but these approaches often struggle to
capture the complex, non-linear relationships among

risk factors such as age, cholesterol levels, blood
pressure, and lifestyle habits. Recent advancements
in Artificial Neural Networks (ANNs) have
significantly enhanced the predictive capabilities of
medical diagnosis systems, particularly in heart
disease prediction.

ANN:Ss, inspired by the structure of the human brain,
consist of multiple interconnected neurons
organized into input, hidden, and output layers.
These networks process data by applying weighted
transformations and activation functions, enabling
them to learn from patterns within large datasets [2].
Unlike  conventional  models, ANNs can
automatically extract relevant features, reducing
dependence on manual feature engineering and
improving prediction accuracy.

In the context of heart disease prediction, ANNSs are
widely used to analyze clinical indicators and
predict patient risk levels. By leveraging historical
patient data, these models can classify individuals as
high-risk or low-risk, aiding healthcare professionals
in early intervention and personalized treatment
planning [3]. However, challenges such as
overfitting, imbalanced datasets, and computational
complexity must be addressed to enhance ANN
efficiency and reliability. Techniques such as
dropout regularization, batch normalization, and
early stopping help mitigate these issues and
improve model generalization [4].

This paper explores the application of ANNSs in
heart disease prediction, focusing on model
architectures, feature selection strategies, and
optimization techniques. Furthermore, we discuss
current challenges and propose future research
directions to enhance predictive accuracy and real-
world applicability.

The remainder of this paper is organized as follows:
Section | Introduction Section Il Related work
Section 1l provides a background on neural
network architectures, Section 1V discusses data
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preprocessing and model optimization techniques,
Section V Result and Discussion, and Section VI
Conclusion.

Il. RELATED WORK

In [1] An ANN-based model predicts CVD risk
using clinical indicators, optimizing accuracy
through preprocessing and regularization. A Flask
web interface enables data input, model training, and
visualization, supporting clinical decision-making
and future enhancements. This paper reviews Al
applications in image-based CVD analysis,
categorizing anatomical  structures, exploring
imaging modalities, compiling public datasets, and
discussing challenges, limitations, and future
research directions by [2]. Al enhances precision
cardiovascular medicine by improving diagnosis,
prognosis, risk prediction, and treatment planning.
This review analyzes 28 studies, highlighting Al's
potential while emphasizing the need for further
clinical validation by [3]. This review explores Al
and ML applications in cardiovascular healthcare,
including imaging interpretation, data extraction,
and predictive analytics. While promising, further
refinement and evaluation are needed for clinical
implementation by [4]. This survey examines Al
advancements in CVD prediction using 159 studies,
highlighting machine learning, deep learning, and
transfer learning models. Findings emphasize
improved accuracy but highlight challenges in real-
time multimodal data integration by [5]. This study
develops a neural network and expert system-based
model for CVD diagnosis and progression
prediction,  enabling  personalized lifestyle
recommendations. Findings highlight limitations of
generalized medical advice, emphasizing
individualized patient care by [6]. This study
proposes a novel ML-based heart disease prediction
model, utilizing feature selection and classification
techniques. The hybrid random forest with a linear
model (HRFLM) achieves improved accuracy of
88.7% by [7]. This study evaluates ML algorithms
for cardiovascular disease prediction, analyzing 103
cohorts (3.37 million individuals). Findings
highlight SVM and boosting algorithms as highly
effective, though variability exists across different
models by [8]. Al applications in cardiovascular
medicine enhance imaging, risk prediction, and drug
discovery. Despite challenges like data bias and
privacy concerns, Al remains a transformative tool
with significant potential for improved healthcare
outcomes by [9]. CardioXNet, a novel CRNN

model, automates cardiac auscultation classification
using raw PCG signals, achieving up to 99.60%
accuracy. Its lightweight design enables efficient
CVD screening on resource-constrained mobile
devices by [10].

The remainder of this paper is organized as follows:
Section Il provides a background on neural network
architectures,  Section  IIl  discusses  data
preprocessing and model optimization techniques,
Section 1V Proposed Framework for Heart Disease
Prediction using ANN, and Section V Result and
Discussion, and section VI Conclusion.

I1l. PROVIDES ABACKGROUND ON NEURAL
NETWORK ARCHITECTURE

Artificial  Neural Networks (ANNs) have
revolutionized data-driven predictive modelling,
particularly in medical diagnostics. Modelled after
the human brain, neural networks are composed of
interconnected layers of artificial neurons that
process and learn complex patterns from data. In the
domain of cardiovascular disease (CVD) prediction,
neural network architectures, including
Convolutional Neural Networks (CNNs) and hybrid
deep learning models, have demonstrated significant
potential in improving diagnostic accuracy.

A standard neural network architecture comprises an
input layer, one or more hidden layers, and an
output layer. The input layer processes clinical
indicators such as electrocardiograms (ECG),
phonocardiogram (PCG) signals, echocardiograms,
and patient demographics. Feature selection
techniques are employed to refine input variables,
ensuring optimal representation for predictive
models. Hidden layers, consisting of multiple
interconnected  neurons, leverage  activation
functions such as ReLU, Sigmoid, and Softmax to
capture non-linear relationships within the data.

Cardiovascular diseases (CVDs) are a leading cause
of mortality worldwide, necessitating early and
accurate detection methods to improve patient
outcomes.  Traditional diagnostic  techniques,
including electrocardiograms (ECG),
echocardiograms, and coronary angiography, rely
on expert interpretation, which can be time-
intensive and prone to variability. In recent years,
artificial intelligence (Al) and machine learning
(ML) have emerged as transformative technologies
in healthcare, particularly in cardiovascular disease
prediction and classification.
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Neural network architectures, a subset of deep
learning (DL), have demonstrated significant
advancements in cardiovascular diagnostics. These
architectures leverage large-scale medical datasets,
including imaging, biosignals, and electronic health
records (EHRs), to improve accuracy and efficiency
in disease prediction. The key neural network
models employed in CVD prediction include:

1. Atrtificial Neural Networks (ANNS): Traditional
ANNs consist of interconnected layers of
neurons that process structured clinical data for
risk prediction. They have been widely used for
cardiovascular risk stratification based on

demographic, biochemical, and lifestyle
parameters.

2. Convolutional Neural Networks (CNNs):
CNNs excel in medical image analysis,
including echocardiograms, cardiac MRI, and
coronary  angiograms.  Pre-trained CNN
architectures such as ResNet, DenseNet,

MobileNet, and EfficientNet have been fine-
tuned through transfer learning to achieve state-
of-the-art performance in CVD detection.

Several studies have shown that deep learning-based
cardiovascular  prediction models consistently
outperform traditional ML approaches, achieving
accuracy rates exceeding 96% in medical imaging
and bio signal classification. However, challenges
such as data heterogeneity, explainability, and
computational constraints must be addressed to
facilitate real-world deployment in clinical settings.

Despite these advancements, challenges persist in

real-time implementation, model interpretability,
and computational efficiency. Reducing model
complexity while maintaining high accuracy
remains crucial, especially for point-of-care
screening in resource-constrained environments.
The continuous evolution of deep learning,
multimodal data fusion, and edge Al presents
promising avenues for future research in Al-driven
cardiovascular diagnostics.

By integrating multimodal data sources and
leveraging lightweight Al models, neural network-
based cardiovascular disease prediction has the
potential to revolutionize early diagnosis,
personalized treatment planning, and real-time
cardiac monitoring. Future research should focus on
improving model interpretability, federated learning
for data privacy, and resource-efficient deep
learning models for global healthcare accessibility.

IV. PROPOSED FRAMEWORK FOR HEART
DISEASE PREDICTION USING ANN

1. Data Acquisition and Preprocessing

The first step in the proposed framework involves
collecting and preprocessing clinical datasets
containing patient attributes such as age, cholesterol
levels, blood pressure, and other relevant
biomarkers.  Missing  values are  handled
appropriately, and categorical features are encoded
for seamless model processing. Feature scaling,
specifically standardization, is applied to ensure
uniformity across numerical variables, preventing
dominance by attributes with larger ranges.

age | sex | cp |trestbps | chol | fbs |restecg |thalach | exang |oldpeak |slope | ca | Thal |target
63 | 1 |3 | 145 233 |1 2 150 0 2.3 3 |0 6 1
67 | 1 |2 | 160 [286| O 2 108 1 15 2 |3 3 1
67 | 1 |2 | 120 [229| O 2 129 1 2.6 2 2 7 1
371 |1 130 |[250| O 0 187 0 35 3 |0 3 1
4110 | 1| 130 (204 | O 2 172 0 14 1 1]0 3 1
5 | 1 |1| 120 (236 | O 0 178 0 0.8 110 3 1
62 | 0 |0 | 140 |268| O 2 160 0 3.6 3 2 3 0
571 0|1 120 354 | 0 2 163 1 0.6 110 3 0
63| 1 |0 | 130 [254| O 2 147 0 14 2 1 7 0
53 1 | 1| 140 |[203| 1 2 155 1 31 3 10 3 1

Table 1. Real Time data set

The heart disease prediction dataset comprises
essential medical attributes that assess a patient’s
cardiovascular health. Demographic factors like age
(in years) and sex (1 for male, O for female) provide
initial insights. Chest pain type (cp) is categorized
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into four levels, helping to differentiate between
typical and atypical symptoms. Key vitals such as
resting blood pressure (trestbps) and serum
cholesterol (chol) further aid in evaluating heart
health.
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Metabolic indicators like fasting blood sugar (fbs)
help identify diabetes-related risks, while resting
electrocardiogram  (restecg) detects electrical
abnormalities in heart function. Exercise-related
features, including maximum heart rate achieved
(thalach) and exercise-induced angina (exang),
contribute to understanding a patient’s heart
response under stress. Additionally, ST depression
(oldpeak) and the slope of the ST segment provide
insights into ischemia levels.

Structural indicators such as the number of major
vessels (ca) colored by fluoroscopy and thalassemia
test results (thal) serve as advanced diagnostic
factors. The target variable classifies patients as
having heart disease (1) or being disease-free (0),
forming the basis for predictive analytics in medical
research.
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Fig: 1. Enhanced ANN in Heart Disease Prediction
2. Feature Selection and Data Splitting

To improve model efficiency, feature selection
techniques are applied to retain only the most relevant
variables that contribute significantly to heart
disease prediction. The dataset is then split into
training (80%) and testing (20%) subsets, ensuring a
balanced distribution of positive and negative cases.
Stratified sampling is employed to maintain class
proportions, preventing bias during model learning.

3. Artificial Neural Network Architecture

The ANN model is designed with an input layer
corresponding to the number of selected features,

followed by multiple hidden layers for deep feature
extraction. Each hidden layer employs the RelLU
activation function to introduce non-linearity and
enhance learning capability. Dropout regularization
is implemented in hidden layers to prevent
overfitting by randomly deactivating a fraction of
neurons during training. The output layer,
responsible for binary classification, utilizes a
sigmoid activation function, which outputs a
probability score for heart disease risk.
Layer (type) Output Shape [Param #
dense(Dense) (None,32) 448
droupout(Droupout)  |(None,32) 0
dense_1(Dense) (None,16) 528
droupout_1(Droupout) (None,16) 0
dense_2(Dense) (None,8) 136
dense_3(Dense) (None,1) 9
Table 2. ReLU Activation Layer Setting

The proposed Artificial Neural Network (ANN)
model for heart disease prediction consists of
multiple layers designed for efficient feature
extraction and classification. The first dense layer
comprises 32 neurons with RelLU activation,
followed by a dropout layer to prevent overfitting.
A second dense layer with 16 neurons and another
dropout layer enhances the model’s learning
capacity. The third dense layer, with 8 neurons,
refines the extracted features before passing them to
the final output layer, which uses a sigmoid
activation function for binary classification. The
total trainable parameters amount to 1,121,
calculated based on weight connections and bias
terms in each dense layer.

4. Model Compilation and Training

The ANN model is compiled using the binary cross-
entropy loss function, which is well-suited for
classification tasks. The Adam optimizer is selected
for efficient weight updates, accelerating
convergence. Early stopping is introduced as a
regularization technique, halting training when
validation performance plateaus to prevent
unnecessary computations and overfitting. The
training process involves multiple iterations
(epochs), with batch-wise weight adjustments to
optimize learning.

The Artificial Neural Network (ANN) model is
compiled using the binary cross-entropy loss
function, denoted as:
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N
1
L= Zllog(y) + (1 — y:)log(1 —y})
i=0
Where:
o NNN is the total number of samples,

sy, represents the actual class label (0 or 1) for the ith sample,

o i 1s the predicted probability of class 1.

The model's parameters are optimized using the
Adaptive Moment Estimation (Adam) optimizer,
which updates weights based on first-order
momentum (m:) and second-order momentum (v:)
as follows:

me = Bime—t + (1 — B1)g:

ve = Pave1 + (1 — B2)gi

S L
m" = , V=
t 1_)8f £ 1_B£
am”®
L
O =01 —
‘ =1 \/E—l-e

Where:
e g:is the gradient at time step t

e pl and B2 are exponential decay rates,
e o is the learning rate,

s O represents the updated model parameters.

To prevent overfitting, early stopping is employed,
where training is halted if the validation loss does
not improve after a predefined number of epoch

5. Model Evaluation and Performance Metrics

After training, the model is evaluated on the test
dataset using multiple performance metrics,
including accuracy, recall, precision, F1-score, and
the AUC-ROC curve. A confusion matrix is
generated to assess the classification performance in
terms of true positives, false positives, true
negatives, and false negatives. The Receiver
Operating Characteristic (ROC) curve provides a
visual representation of the model's ability to
distinguish between positive and negative cases.

Model Evaluation and Performance Metrics

After training, the ANN model is evaluated using
multiple performance metrics to assess classification
effectiveness.

5.1 Accuracy

The accuracy of the model is given by:

TP +TN
TP +TN+ FP +FN

Accuracy =

where:

e TP =True Positives,
e  TN=True Negatives,
e FP =False Positives,
o FN=False Negatives.

5.2 Precision and Recall

A high precision score indicates fewer false
positives, while high recall ensures fewer false
negatives.

5.3 F1-Score

The F1-score balances precision and recall using the
harmonic mean:

P xR

P+ R
5.4 ROC Curve and AUC

Fl1=2x

The Receiver Operating Characteristic (ROC) curve
evaluates the model’s discriminative ability. The

Area under the Curve (AUC) is computed as:
1

AUC = [ TPR(FPR)d(FPR)
0

where:
o  True Positive Rate (TPR) or Sensitivity:

TP
TPR = ——
TP +FN
e False Positive Rate (FPR):
FPR=_""
FP4TN

A model with AUC =1 is a perfect classifier, while
AUC = 0.5 indicates random guessing

y ) Valida ’ ) Valida ’ ) Valida
E Trai n Vij). id | Train tion E Trai n VE-I id | Train tion E Trai n V?. id | Train tion
PO || s ation | Accur | accyr | PO Loss ation | Accur | accyr | PO Loss ation | Accur | accur
ch Loss acy acy ch Loss acy acy ch Loss acy acy
1 |0.781 | 0.938 05 0 o5 | 0.707 | 0.817 | 0.3333 0 49 | 0.475 | 0.736 1 0
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554 | 427 008 | 395 | 33 994 | 782
0.754 | 0.933 | 0.3333 0637 | 0.813 0484 | 0.734 | 0.8333
2| 2 | s8 | 33 0 |26 733 | 265 | 09 0 |50 351 | 422 | 33 0
0.770 | 0.928 0.652 | 0.809 | 0.6666 0486 | 0.732
3|76 | 173 | 09 0 27| gga | 214 | 67 0 51| 711 | 149 1 0
0.656 | 0.922 0.670 | 0.805 | 0.6666 0532 | 0.729 | 0.8333
4 | 38 | 588 | 09 0 |28 ] 71 | 199 67 0 |52 o75 | 818 33 0
0688 | 0.917 0549 | 0.801 | 0.8333 0435 | 0.727 | 0.8333
5leu | 22 0.5 0 129 906 | 068 | 33 0 |53 019 | 563 | 33 0
0677 | 0.911 | 0.3333 0618 | 0.796 | 0.6666 0.450 | 0.724
6| oss | 468 | 33 0 30| g17 | 287 | 67 0 |54 474 | 538 1 05
0.841 | 0.906 0538 | 0.791 | 0.8333 0418 | 0.721
7| ess | o2 | 05 0 |31 904 | 878 | 33 0 |55 638 | 546 1 05
0.832 | 0.900 0505 | 0.787 | 0.8333 0563 | 0.718 | 0.6666
8 | ga2 | 548 | 0O 0 132 108 | 478 33 0 96| o1 | 722 67 05
0.669 | 0.895 | 0.6666 0577 | 0.783 | 0.8333 0463 | 0.715
9 | 946 | 18 67 0 33| 611 | 205 | 33 0 |57 | oga | 717 1 05
0.668 | 0.889 | 0.6666 0531 | 0.779 | 0.8333 0419 | 0.712
101 33 | 393 | 67 0 |34 g58 | 369 | 33 0 |58 | g4 | 785 1 05
0.605 | 0.884 0622 | 0.775 | 0.8333 0499 | 0.710 | 0.8333
110 g4 | o074 | 05 0 35| 533 | 728 | 33 0 159 517 | o005 | 33 05
0.735 | 0.878 | 0.6666 0545 | 0.771 0.444 | 0.707
12| 692 | 469 67 0 |36 927 | og9 1 0 60| g37 | 237 1 05
0.677 | 0.872 | 0.3333 0566 | 0.769 | 0.8333 0539 | 0.704 | 0.8333
131 783 | sa4 | 33 0 37| 519 | 157 | 33 0 |61 491 | 316 | 33 05
0.711 | 0.867 0538 | 0.766 | 0.6666 0522 | 0.701 | 0.8333
141 g5 | 411 | 05 0 |38 gog | 104 | 67 0 |62 gog | 257 | 33 05
0626 | 0.862 | 0.3333 0535 | 0.763 | 0.8333 0.403 | 0.698
150 g7 | 282 | 33 0 139 004 | 425 | 33 0 63| 25 | 169 1 05
0.857 | 0.3333 0537 | 0.760 | 0.8333 0546 | 0.695 | 0.8333
16 1 0.724 | 579 33 0 40| 141 | 676 33 0 |64 g39 | 136 33 05
0.676 | 0.852 0541 | 0.757 | 0.8333 0.418 | 0.692
7| 154 | 258 | 09 0 141 229 | 047 | 33 0 |65 g4 | o085 1 05
0594 | 0.847 | 0.8333 0472 | 0.755 0.414 | 0.689
18 | gog | 793 33 0 |42 28 | 149 1 0 66| 272 | o046 1 05
0591 | 0.843 | 0.6666 0452 | 0.752 0.360 | 0.686
191 451 | 383 | 67 0 |4 g2 | 623 1 0 167 )02 | 12 1 05
0697 | 0.838 0619 | 0.750 | 0.8333 0.390 | 0.683
20| 335 | 778 | 09 0 |44 | 58 | 161 33 0 168 o4 | 029 1 05
0567 | 0.834 0561 | 0.747 | 0.8333 0459 | 0.679
21| 284 | 004 | 05 0 45| 602 | 368 | 33 0 |69 goa | 965 1 05
0569 | 0.829 | 0.8333 0439 | 0.744 0452 | 0.676 | 0.8333
22| go3 | 789 | 33 0 |46 gop | 648 1 0 |70 467 | 994 | 33 05
0625 | 0.825 0466 | 0.741 | 0.8333 0501 | 0.673 | 0.6666
23| 166 | 788 | 09 0 471 725 | 975 | 33 O |71 923 | 909 | 67 05
0.744 | 0.821 0.484 | 0.739 | 0.8333 0.566 | 0.670 | 0.6666
24 | gsg | 675 | 05 0 |48 223 | 307 | 33 0 |72 478 | 671 | 67 05
Valid _ Valid [ Valid
Ep |Trai n| Valida Train | aion Epo | Trai n vall | Train | ggion Trai n| Valida T2 N fion
Accur po datio n| Accur Epo Accu
oc h| Loss fion Loss acy ACCU | o | LOSS | | oes acy Accu | | Loss fion Loss racy Accur
racy racy acy
046 | 0.6674 035 | 063 030 | 0.5979
B lsgn | 2 1 05 | 8 | 3385 | 4072 | 1 1| 9 |5339| 39 1 1
049 | 0.6640 035 | 063 050 | 0.5941 | 0.66
7 15935 | 12 1 05 | 84 | 358|534 | 1 1| 9 loes | 33 |6e67| 1
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0.38 | 0.6607 038 | 0.62 0.24 | 0.5900

53| 9 1 05 | 8 | g56 | gos3 | 1 ]9 Jam6| o7 1 1
037 | 0.6576 037 | 062 030 | 0.5858

76 | 3484 | 77 1 05 | 86 | o438 | 3624 | 1 11 9% |eg5| 32 1 1
042 | 0.6547 034 | 062 025 | 0.5816

M 18153 | 35 1 05 | 87 | 3174 | 0328 | ! L] 97 | 2387 | 36 1 1
034 | 0.6514 032 | 061 0.25 | 05770

8 6774 | 9 1 05 | 8 | 5709 | 852 | 1 1| 98 44| 65 1 1
040 | 0.6479 028 | 061 023 | 05724

| 6715 | 58 1 05 | 89 | 3ep | 347 | 1 119 Jooa| 32 1 1
034 | 0.6445 032 | 0.60 024 | 05679

80 | o995 | 94 1 1| 90 | 0334|9296 | 1 11100 | 4738 | 45 1 1
039 | 0.6410 027 | 0.60

81 | 6196 | 99 1 1| 91 | 4409 | 5307 | 1 1
030 | 06375 043 | 060 | 0.8333

82 | 1437 | 17 1 1192 13015 | 1725 | 33 1

Table 3. Comparison between different epoch with respect accuracy, loss and validation

V. RESULT AND DISCUSSION

The proposed Artificial Neural Network (ANN)
model for heart disease prediction was evaluated
using multiple performance metrics, including
accuracy, precision, recall, Fl-score, and AUC-
ROC. The model demonstrated strong predictive
capability and robustness in distinguishing between
heart disease patients and healthy individuals. The
results from extensive experimentation on a real-
world heart disease dataset affirm the reliability of
the model in clinical decision support.

The comparative analysis of various machine
learning models for heart disease prediction
highlights  the  effectiveness  of  different
classification techniques. The proposed Artificial
Neural Network (ANN) model outperforms
traditional machine learning classifiers, achieving
the highest accuracy of 89.5% and an AUC-ROC
score of 93.1%. These results indicate that ANN
provides a strong predictive capability, effectively
distinguishing between patients with and without
heart disease.

Additionally, the model maintains a good balance
between precision (91.2%) and recall (87.8%),
ensuring that both false positives and false negatives

are minimized, which is crucial in a medical
diagnosis  scenario.  Logistic  Regression, a
commonly used baseline model, achieves an

1IJIRT 174294
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accuracy of 83.2%, but its recall score of 82.5%
suggests that it may miss more heart disease cases
compared to ANN. Due to its linear nature, Logistic
Regression  struggles to  capture  complex
relationships in the dataset. Similarly, the Decision
Tree model shows the weakest performance, with an
accuracy of 80.7% and an AUC-ROC score of
81.5%, indicating its susceptibility to overfitting and
lack of generalization when applied to unseen data.

In contrast, the Random Forest model performs
better than Decision Trees, achieving an accuracy of
87.2% and an AUC-ROC score of 88.7%. While this
performance is commendable, it still falls short of
the ANN model, highlighting the advantage of deep
learning approaches in extracting relevant features
and capturing intricate patterns in medical data. The
superior performance of ANN, particularly its high
AUC-ROC score, confirms its effectiveness in
distinguishing between positive and negative cases,
making it a robust tool for heart disease prediction.

Overall, the proposed ANN-based framework
demonstrates exceptional accuracy, precision, and
reliability, making it a promising candidate for
clinical decision support systems. Its ability to
process complex medical data and provide reliable
predictions suggests that deep learning models can
significantly enhance early-stage heart disease
detection, ultimately aiding in timely diagnosis and
treatment planning.
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The left graph represents Accuracy over Epochs,
showing fluctuations in training accuracy after a
certain point, while validation accuracy remains
constant at 1.0, indicating potential overfitting. The
right graph displays Loss over Epochs, where both
training and validation loss steadily decrease,
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suggesting  effective learning. However, the
instability in training accuracy suggests that the
model may require further regularization techniques,
such as adjusting dropout layers or tuning
hyperparameters, to improve generalization and
prevent overfitting.
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VI CONCLUSION dropout regularization, and early stopping, enhances

The proposed system introduces an Artificial Neural
Network (ANN)-based model for cardiovascular
disease (CVD) risk prediction, outperforming
traditional machine learning classifiers. By utilizing
key clinical indicators and applying advanced data
preprocessing techniques such as feature scaling and
categorical encoding, the model effectively captures
complex patterns in patient data. The ANN
architecture, incorporating multiple hidden layers,
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predictive accuracy while reducing overfitting.

The ANN model achieves an accuracy of 89.5% and
an AUC-ROC score of 93.1%, surpassing traditional
models like Logistic Regression (83.2% accuracy)
and Decision Trees (80.7% accuracy). It also
maintains a balance between precision (91.2%) and
recall (87.8%), ensuring minimal false positives and
false negatives and critical factors in medical
diagnostics. Additionally, a Flask-based web
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interface is developed to provide an intuitive
platform for data input, model training, and real-
time visualization of performance metrics.

Comparative analysis confirms that deep learning,
particularly ~ ANN, offers strong predictive
capabilities for heart disease detection. The
proposed system enhances early diagnosis,
potentially reducing CVD-related mortality. Future
enhancements will include incorporating additional
biomarkers, refining model architectures, and
exploring ensemble learning techniques to further
improve accuracy and real-world applicability in
clinical settings.
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