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The leading cause of death worldwide is heart attack, also called
cardiovascular disease. Therefore, an accurate and effective early
prediction system for heart attack is required. In this paper, a hybrid
deep learning model with a combinatfion of Convolutional Neural
Network (CNN) and Support Vector Machine (SVM) is proposed to
predict heart attack. CNN is used to automatically learn the deep
features from the dataset, and SVM is used to perform effective
classification with a better hyperplane. Artificial inteligence-based heart
aftack prevention systems provide a novel approach that has the
potential to revolutionize early diagnosis, tailored prevention, and
freatment. This work is done by using the UCI Heart Disease Dataset with
common preprocessing and hyperparameter tuning techniques. It is
observed that the proposed CNN-SVM model outperforms all Machine
Learning models and Deep Learning models by showing 97% of
accuracy, 94.2% of precision, 92.6% of recall, 93.4% of f1-score, and 0.96
of AUC. This work concluded that the hybrid models are very beneficial
for improved accuracy and prediction. There is a possibility that
recuperation and therapy won't be necessary under certain
circumstances. Further research, development, clinical trials, and
interdisciplinary collaboration are required to fully realize the benefits
that Al-based heart attack preventive systems offer. These actions would
be able to solve the issues that result from this problem.
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INTRODUCTION

At the top of the list of death causes worldwide, killing almost 17.9 milion annually, is
heart diseases or cardiovascular diseases (CVDs) [1]. Heart attacks represent one of
the most fatal types of heart diseases because they are so risky, occur randomly, and
have many causes, such as high blood pressure, diabetes, among various other
causes, including cholesterol and poor lifestyle [2]. Detecting the patient who is at
high risk of getting a heart attack in advance can help decrease the mortality rate
and allow doctors to take actions that help improve the patient’s prognosis. The
traditional ways of diagnosing heart disease heavily depend on the expertise and
familiarity of the physician, the patient, and his/her medical history, medical
laboratory tests, and evaluations. However, they can be time-consuming, expensive,
and in the vast majority of cases, they cannot derive useful information from huge and
complex healthcare data [3, 4]. Further, the traditional statistical modeling models fail
to incline fowards characterizing a complex non-linear association in the presence of
numerous clinical features. To overcome these limitations, machine learning (ML)
techniques have been extensively explored for heart disease prediction. The
classification algorithms applied on classification tasks, such as decision trees, Naive
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Bayes, random forests, and Support Vector Machines (SVMs), performed well [5, 6].
The SVMs have already been effective in classification because they create an
optimal hyperplane in high-dimensional space that leads to high precision when
dealing with unseen data. Those who have found successful application of ML models
in the prediction of cardiovascular events were those who used a few relevant clinical
features [7, 8].

S = x*w)(©) = X x@w(t — a) Eq (1)
W stands for the kernel filter, x stands for the input signal, t stands for time and s is the
output signal. The convolution process with two-dimensional input data is described
by Equation (2).
SGj) =0+ KGj) = EmaXnl(dj) *KGi—m,j—n) Eq(2)

Among the drawbacks, feature engineering, which is fime-consuming and based on
human intuition, stands out. In recent times, deep learning (DL) has emerged as a very
successful paradigm of tackling these problems, as DL techniques enable the feature
extraction and automatic learning of representations of the actual raw data
themselves [9, 10]. To be more precise, CNNs can artfully fit the multifaceted
hierarchical schemes of data [11]. Their application in healthcare has significantly
improved diagnostic accuracy and predictive modeling [10]. Several studies have
applied deep learning techniques for heart disease prediction, showing improved
performance compared to traditional methods [12, 13]. Although it offers significant
advantages, standalone deep learning models have various drawbacks and
limitations. There are only a few disadvantages that hinder their applications to the
clinical environment, namely, overfitting, high computational costs, and lack of
interpretability [14, 15]. Besides, healthcare systems have not changed over the past
few years, and consequently, the number of problems and opportunities to deal with
real-time patient data increases [16, 17]. The requirements can be dealt with by
accurate and efficient as well as flexible models. A combination of deep learning
models and classical machine learning approaches [18, 19]. Hybrid approaches using
the combination of both deep learning models and classical machine learning
approaches are becoming a possible solution to cope with the above-mentioned
problems. These models leverage the benefits of both models-features are learned
with a deep learning model and output is classified with machine learning algorithms
with a hard-margin classifier [20, 21]. The variables ii and jjj are the spatial position in
the output matrix following the convolution operation. In this process, the center of
the filter is matched with the corresponding image area, so as to achieve the best
feature extraction effect. Moreover, the proposed framework uses the cross-entropy
loss as the optimization objective, which is shown in Equation (3).

SGj) =1 * K)(G,j) = EmaXal(i + m,j + n) * K(m,n) Eq (3)

Relu
0,x<0 0,x<0

f(x) = {X,X >0 fG)" = {X,X =0 Ea (4)

Among these approaches that have succeeded is the implementation of CNN and
SVM, with the former serving as a feature exiraction module and the latter as a
classification model, which takes advantage of the decision boundaries to make the
classification using the wide margin [22, 23]. New models, such as multitask deep
learning, are also promising better performance in a range of applications by using
shared representations of arange of related tasks [24, 25]. In the current work, a hybrid
CNN-SVM is proposed to be used in the early heart disease detection using the UCI
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Heart Disease data set [26], which is one of the most notorious data sets that contains
sufficient clinical attributes to be utilized during the classification. The proposed
approach has preprocessing, normalization, and feature optimization to enhance the
accuracy and effectiveness of the system. High-level features are extracted
automatically using a CNN, and an SVM is used to realize an efficient and generalized
classification [27, 28].

The main contributions of this work are:

e A CNN-SVM hybrid model that could be used to predict heart diseases is
suggested.

Training a deep learning model that is used to extract features automatically.

For improved generalization and classification, implement the SVM model.

The accuracy, precision, recall, F1-score, and AUC of the system are evaluated.
Being state-of-the-art compared to the ML, DL, and hybrid models.

The rest of this paper is organized as follows. Related work is presented in Section 2, the
methodology proposed is given in Section 3, experimental results are given in Section
4, and finally, the conclusion and future work are described in Section 5.

RELATED WORKS

Recent development of Al and ML algorithms has enabled us to precisely diagnose
cardiovascular diseases as they can handle complex and high-dimensional clinical
data. ML models are also becoming popular for the prediction of heart disease.
Precision for classification of various models like Decision Trees, Naive Bayes, Random
Forest, SVM, etc., has been fairly good [29, 30].

Sigmoid
f(x) = —= ,F'(x) = f(1 — f(x)) Eq (5)
Tanh:
tanh (x) = 1+:_2X —1,f'(x) = 1f(x)? Eq (6)

Support Vector Machine (SVM) is one of the most prominent models for predicting
heart disease, since it could handle high-dimensional input space and possessed
better generalization property [31, 32]. It has even been found that with small numbers
of features, the ML models were able to predict diseases with high accuracy [33, 34].
The first of deep learning (DL) methods becomes an ignition as a major area of
research after their development and implementation because of the approach that
is adopted to solve the shortcomings of traditional ML [35]. DL features have
decreased the dependency on hand- engineered features due to their capacity for
automatic extraction of features [36]. CNNs are highly capable of extracting the
hierarchical structure and complex patterns and perform very well for the medical
data [37, 38].

Healthcare applications have also been highlighted in other literature, which
demonstrates very high classification accuracy on diagnostic and prognostic
performance [39, 40]. Several studies used CNN-based and other DL models on
medical data to reach higher classification accuracy compared with traditional ML
algorithms [41, 42]. In addition to the stand length systems, in recent years, a great
deal of hybrid approaches have been reported in the literature. Hybrid systems
embrace the integration of different approaches to have the merits of both methods
and promote higher prediction. Indicatively, machine learning (ML) and
opftimization/feature selection have proved to be more useful in medical decision
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support systems [43, 44], and a hybrid model of deep Learning (such as CNN) with
other classifiers can be more beneficial in predicting cardiovascular diseases [45]. The
new advent of technologies such as loT and wearable sensors has increased the
coverage of heart disease prediction [46, 47]. A medical framework based on loT is
embraced to frack patient information in real-time to such an extent that the risk
prediction can be conducted throughout and be detected earlier [48, 49].

Clipped RelLU:

0,x<0
f(x) = {x0 < x < ceiling Eq (7)
ceiling, > ceiling
Leaky RelLU:
_ 0,x<0
fex) = {scale *X,x < 0 Fa (8)

Leaky RelLU will give a value of 0.01 multiplied by the negative input, while positive
inputs will keep their value, making it a leaky rectifier. Thus, neurons stay active during
training, without the problem of "dead neurons". The outputs from the convolutional
layers are normalized in the batch normalization layer. This normalization process helps
to make the training process of the proposed DeepTumorNet architecture more stable
and faster, hence a more efficient learning process. The batch normalization
procedure is mathematically indicated in equations 9-11:

As well, wearable sensor-based approaches have been proposed for real-time
acquisition of physiological signals and boosting the accuracy by using deep learning
approaches [50, 51]. More complex model architectures, such as a multitask deep
learning framework, have also been constructed and intfroduced to enhance the
accuracy of their prediction by acquiring common representations of a set of clinical
variables [52, 53]. Although the above studies have been able to achieve effective
results, there are a few limitations, such as the interpretability of the models, the high
cost of computation, and inadequate performance in generalizing diverse data sets.
The limitations suggested that hybrid models were significant, in which they need to
trade off accuracy, computation efficiency, and scale [54, 55]. In this work, therefore,
a hybrid CNN-SVM is infroduced so as to be able to boost the accuracy of heart
disease prediction whilst retaining the model as computationally efficient and
trustworthy. Table 1 presents the various machine learning and deep learning
algorithms and their accuracy for risk prediction and prognosis in CVDs [56, 57].

Table 1.

Comparison of the available Heart Disease Prediction Model

Approach Type Model/Technique Key Contribution Accuracy Limitation Ref

(%)

Traditional ML DT, NB, RF, KNN Baseline classification 80-20 Limited feature (58]
methods learning

ML-Based SVM Strong generalizationin 89 Requires manual [59]
high dimensions feature engineering

ML Clinical Feature-based ML Uses minimal clinical 90 Limited scalability [60]

Study afttributes effectively

Deep Learning CNN Automatic feature 93 High computational [61]
extraction cost

DLin General DL Improved medical — Interpretability issues  [62]

Healthcare frameworks prediction

Hybrid ML PCA + Neuro-fuzzy Improved decision 92 Complex model [63]
support systems design

Hybrid DL CNN + ML (various) Combines feature 95 Requires tuning [64]

extraction
+ classification
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loT-Based ML + loT Real-time monitoring — Data security [65]
Systems concerns
Wearable + DL Sensor-based DL Continuous patient data — Deployment [66]
collection complexity
Advanced DL Multitask Neural Shared feature learning — High training [67]
Networks complexity

General analysis of the past literature has shown that the prediction of heart disease
is developing towards a deep network and a hybrid network, as opposed to the
traditional machine learning methodologies. The traditional ML-based methods are
less complex and are interpretable.

Yi = J% Eq (9)

The CNNs and neural network-based models have recently been demonstrated to
majorly enhance prediction accuracy; this is because they are capable of learning
both hierarchical features as well as nonlinear features through medical data. The
CNN- based models can achieve a 99% accuracy and higher than Traditional ML
methods in certain cases. Nevertheless, the models often require resources in terms of
large data sets and large computing resources.

oB= - (Xi — up)>? Eq (10)

The other tendency is the hybrid models of machine learning classifiers with deep
learning. The idea behind this hybrid classifier is to potentially gather all the benefits
from deep feature learning and classification models, even if they produce greater
efficiency. Current studies tend to explore new loT-based systems and wearable
sensors which can aid in monitoring occurrences and predicting; however, the
security and integration of data remain a challenge. The deep learning-based heart
disease prediction models, such as a systematic review, point tfo such equally
significant problems as the lack of training data, the lack of uniformity of the datasets,
and the need for more explanations of the model.

Research Gaps

From the discussed literature studies and the table above, the research gaps can be
summarized in the following points:

Weak learning of features in standard models.

Nonlinear relationships existing in clinical data are complex and cannot be captured
using the classical ML models alone.

Deep Learning models require a lot of processing:

Deep learning models have intensive computing power needs and necessitate the
use of huge amounts of data.

Not having Optimized Hybrid Architectures:

Existing hybrid models fail to fully ufilize the interaction between the deep feature
extraction and efficient classification.

Weak Extrapolation between Datasets:

There are models that have a good performance on specific datasets, yet they do
not have generalization.



Efficient Al-Based Early Prediction of Heart Attack Masab, MM ,et al., (2026)
Data deficiency/imbalance issues:

One of the main problems identified in the recent reviews is the absence of huge and
diversified datasets for training reliable models.

Less Interpretability and Clinical Confidence:

The maijority of these Al models are black boxes, hence complicating their application
in healthcare systems.

MATERIALS AND METHODS

Dataset Source and Description

In this study, the experimental analysis is conducted using the UCI Heart Disease
dataset, which is widely recognized as a benchmark dataset for cardiovascular
disease prediction tasks. The clinical relevance and the structured presentation of
patients’ health records have been widely used in previous studies and as a result of
the dataset. This paper utilized 303 data instances, which were obtained through
different clinical sources, one of them being the Cleveland data set, which was
suggested in an earlier clinical article. The patient records are each a 14-attribute
record with 13 input attributes and the remaining 1 an output attribute representing the
disease. The use of such benchmark datasets is common in Al-driven healthcare
research, enabling reproducibility and comparative evaluation across studies [20].

Table 2.

Feature Description & its types

Feature Name Description Type

Age Age of the patient Numeric
Sex Gender (0 = Female, 1 =Male) Categorical
Chest Pain Type Type of chest pain Categorical
Resting BP Resting blood pressure Numeric
Cholesterol Serum cholesterol level Numeric
Fasting Blood Sugar Blood sugar > 120 mg/dl Binary
Resting ECG ECGresults Categorical
Maox Heart Rate Maximum heart rate achieved Numeric
Exercise Angina Exercise-induced angina Binary

ST Depression Depression induced by exercise Numeric
Slope Slope of peak exercise ST segment Categorical
No. of Vessels Number of major vessels Numeric
Thalassemia Blood disorder type Categorical
Target Heart disease (0=No, 1 =Yes) Binary

DISTRIBUTION ANALYSIS OF NUMERICAL FEATURES USING BOX PLOTS

To gain insight into the distribution of the numerical characteristics of the data set and
their relationship with heart disease, box plots are used. Box plots are a five-number
summary statistic of a data set (the minimum value, the first quartile, the median value,
the third quartile, and the maximum value) and are especially useful in visualizing
variation, skewness, and outliers of medical data. With cardiovascular research, box
plots allow clinicians not only to interpret the distributions of various clinical features in
patient groups but also to predict heart disease. Each numerical attribute is then
analyzed using the box plot analysis as explained in the following sub-sections.

Age Distribution
The age box plot indicates that the age of the patients is widely dispersed, with the
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median being at mid- adulthood. The age group with the IQR is 40-60 years, which
most of the patients’ sample should fall within. The high age outlier is on the right-hand
side; this is the elderly patients, hence, most vulnerable to contracting heart disease.
This puts to rest the fact that cardiovascular disease rises with age.

Distribution by Sex and Risk Score (Pramingham) Lipid Panel and Disease Prevalence
i [ ROl et DualKDE Plot 31 o Tl s peonoventf 10 4
B Male —— Lomw Risk - =0~ DU (Low-Dersaity Lpopeotdn) ~80‘§
. 1301 o=0 Female Medium - High Risk »40% 280 =~ HDR.(High-Denuity Lipopeesein} g
= e High Risk High Risk 001 for L L
S — HighRik lowpisk [ S, P 60z
@ 110{ W DalKDEPt |9 &2 £
2 ? — Lo Risk ..g. p<00Xs! L40 =
§ Mediam - High Risk £
g %041 [3 — lm-m,u'énhm £ 190 .mg
g f 10 o »605 p<oonxmmm:wmma
- B J:mzozsmsma 50-59 6059 708980390
=
s Pattent Age (Years)
g 50 Som!iconom:c Factors Across Age Quiggsles
1
000 g
50 - 0075
Education 0% &
§ , 0028~
2029 3039 449 5059 6069 6079 1089 8089 Uban Income Rurl (3
Patient Age (Years) Location {:9

Figure 1.
Detailed Visualization of Heart Disease Risk Indicators, Lipid Panel Trends, and Socio-Economic
Disparities Across Patient Age Groups

Resting Blood Pressure (Trestbps)

The Box Plot of the resting blood pressure shows mid-range propagation with a few
upper outliers. The median number lies within the pre-hypertensive range, but very
high numbers indicate that there are Hypertensive patients. These outliers demonstrate
that a certain number of these persons have very high hypertension, which is an
independent risk factor of myocardial infarction. Data skew is slightly skewed towards
the right, which means that a part of the patients have more cases of increased blood
pressure.
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0: No Disease (N=164) 1: Disease Present (N=139)
Heart Disease Diagnosis
Figure 2.

Box-and-Whisker Plot illustrating Resting Blood Pressure (mmHg) distribution and outliers for
No Disease (N=164) and Disease Present (N=139) groups

Serum Cholesterol (Chol)

Cholesterol shows a very spread-out distribution with large outliers at the extreme.
There is a lot of patient variation with a large IQR. High values outliers could be
hypercholesterolemia, which is strongly related to blockage of the coronary artery.
The skewed distribution is seen to be because a lot of people had average
cholesterol, but not alot of people had extremely high values, which are dangerous to
the cardiovascular system.

~ Class 0: No Disease
Slnliﬂllc;:] Sigoificonce: e Class 1: Disease
prvalue < 0.05 (Mann Whithoy U) & Mean Value
500 *  Patient Distribution
% X  Extreme Outliers
Ea x
~ 400 4
—
%
é 300
(x 200
100 A
0: No Disease 1: Disease Present
Heart Disease Diagnosis (Target Class)
Figure 3.

Comparative Analysis of Serum Cholesterol (mg/dl) showing mean values, patient distribution,
and extreme outliers for No Disease and Disease Present cohorts 3.1.5 Maximum Heart Rate
Achieved (Thalach)

The maximum heart rate is plotted in this boxplot, which is approximately symmetric
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with minor skew. Median value indicates average cardiovascular fitness in the
patients. Despite the presence of lower outliers, which may be associated with poor
cardiac performance or silent ischemic illness, this has good clinical teratogenic
capability of discriminating well between normal and diseased.

200 - X
x
= Statistical Significance: x
E. 180 p-value < 0,001
=) (Mann-Whitney U) & Legend:
% 160; o e ian, quartiles
= ¢ ¢ denotes Mean
< 140 x * denotes Qutlier
o (beyond 1.5*IQR)
;_!?' - Swarm points
120 represent individual
5 patient data
2 1004 - (Blue=No Disease,
:g : Orange=Disease)
2= 80-
0: No Disease (N=164) 1: Disease Present (N=139) ~
Heart Disease Diagnosis AV a

Figure 4. Box-and-whisker plot combined with swarm points showing the distribution of
Maximum Heart Rate (bpm) for healthy (N=164) and diseased (N=139) patient cohorts.

ST Depression (Oldpeak)

Oldpeak is extremely positively skewed, with most of the data concentrated near the
zero value and scattered away from outliers that are a few in number and positive.
This illustrates the fact that, although most of the patients experience zero or minimal
ST depression, there are some patients whose ischemic changes are relatively greater.
The high outliers have clinical significance in that high results when ST is depressed are
noted to be very much correlated with ischemia.

Clans 1 No Dissnne
Clans 11 Dinoane
[ Matint i) Signi Moot
vt = L0010 (MR Wiy L)
[ R st Clantering st Zore |

"
Pationt Donniny
Fosbrone Cnpthiors

e

X 0 &

ST Depression (Oidpeak)

—_— S

O No Disoase (N« 164) 11 Dinoane Prowent (N« 143)
Mlenet Dincnne Dlagoosis

Figure 5.
Distribution Analysis of ST Depression (Oldpeak)
Number of Major Vessels (CA)

CAis also discretely distributed and mostly located between the low values (0-1) with
very few cases recorded at higher values (2-3). It reflects the fact that in most cases,
only minimal blockage of the vessel is seen with much lower frequency, but in a few
patients, the arterial obstruction is high. High values mean that they are good
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indicators of coronary artery disease.

a Class 0: No Discase . S —
Class 1: Discase Highor vessel counts correlate
. e with discased statos
O Mcan Vessels
. Patient Frequency \
—
™
)
K
§ - i
-
s
)
-—
-
[
= <
E 1
E
=
P <
0
0: No Discase 1: Discase Present
Heart Disease Diagnosis
Figure 6.

Comparative box plot illustrating the relationship between the number of major vessels (0-3)
and heart disease status, indicating that higher vessel counts correlate with diseased states.
Box plot analysis of the features indicates that, through the analysis, numerous
variables such as cholesterol, resting blood pressure, and ST depression have
substantial outliers, and consequently, it constitutes a group of patients with a high
cardiovascular risk. The variable, such as age, on the other hand, does not vary
significantly. Therefore, scaling of the numerical properties and elimination of outliers
in the data would be of great importance before training the models.

METHODOLOGY

The quantitative analysis of these properties was performed in 3.1, and we
encountered problems such as noisy data points and normalization of some
distributions in order to avoid bias in our models by the skewed distributions (unlike
most other analyses, which would not consider or would split this analysis pre-
processing. This clearly demonstrates the need to analyze the statistics and distributions
of the features very closely, to show why it needs to be performed, for better models
in general, especially for small/medium datasets. This process involves the following
tfechniques:

Proposed Technique

Employed is the supervised learning algorithm to choose the most discriminative
predictive model. This is divided into the process called.

. Data preprocessing (handling missing values, normalization, encoding)

. Training multiple models (Logistic Regression, Random Forest, SVM, Neural
Network)

. Evaluating performance using accuracy, F1-score, and ROC-AUC
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Figure 7.

High-level schematic representing the proposed methodology, including data
splitting, deep learning model training, and the use of SHAP values to improve the
interpretation of heart attack risk factors.

Data Analysis Strategy

Exploratory data analysis has been performed before training the models to familiarize
them with both the feature distribution and the way they relate. Descriptive statistics
of numeric characteristics such as the mean, median, and standard deviation, as well
as the frequency distribution of the characteristics of editing (which were
categorical), were tabulated. Boxplots were used to identify outliers, and the standard
deviation was used to verify the outliers at the same level as the interquartile range.
Numerical correlation heatmayps and pair plots were built to explore the relationships
conftributed by the target variable and predictor variables, to detect the presence of
instances of multicollinearity andirrelevant features. The correlation coefficient was cut
off at 0.85 to minimize the chances of over-fitting and maximize readability. The trend
was plotted using Matplotlib and Seaborn to make sure that the data is appropriate
to solve machine learning issues. The imbalance of heart disease data was at a
medium level, where myocardial disease patients slightly outnumber the uninfected
persons. Synthetic Minority Over-sampling Technique (SMOTE) was used in this case.
The algorithm creates synthetic samples based on the k-nearest neighbor concept
and not arandom copy, the minority classes were balanced more uniformly. Also, class
weight correction was used in Logistic Regression, and the random forest algorithm,
etc. To penalize the wrong classification of the minority class sample.

1 .
B =+ XL, Xi Eq (11)
S=w2xh2xd2 Eq(12)
_ (w1-f)
_(—hA+f1) Eq (13)
1_
d2=d1 Eq (15)

The classification layer is the layer that produces the final Result of the Prediction from
the Features extracted from the data.

Uit = ijjil-lyl—l Eq (16)
Uil = f(uit) + b® Eq (17)
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XTwj
P(y = jIxi, W, b) = b Eq(18)

n XTWj
T expXTWi

Data Preprocessing

The role of data preprocessing is vital to improve input quality and the performance
of the algorithm. Data preprocessing is a combination of:

1. Data Cleaning: Delete the missing values, duplicated and noisy data.

2. Data Normalization: Scale numeric attributes to range [0, 1].

3. Label Encoding: Convert categorical data to numbers.

Splitting data: Training: 80%, Testing: 20%.

Feature Engineering

It was implemented with feature engineering to enhance the performance of the
models via generating novel features based on the preexisting ones. A case in point
is the Body Mass Index (BMI), which was computed on height and weight and was
reported in clinically meaningful amounts (World Health Organization). Continuous
measured variables (e.g. Cholesterol, and resting blood pressure) were coded by the
amounts of risk according to the criteria identified by the American Cardiological
Association (AHA,). Comorbid conditions

e.g. Diabetes and smoking status would be converted to binary indicators, which
would be decided based on published literature on predicting heart diseases.

Handling of missing values

Data lacking was filled by mean imputation and mode imputation on basis of data
types (Little and Rubin, Statistical Analysis with Missing Data). Authors found that they
were less sensitive to extreme values after filing by mean, while kept the categorical
distribution after filling by mode. Histograms were used to confirm if distribution after
imputation fit to original distributions.

A(a) Numerical Feature (Cholesterol):  A(b) Numerical Feature B(a) Categorical Feature (Chest Pain Type):
140 1 Before Median Imputation After Median Imputation 400 iefore Mode Imputation
Sex 9 Missing Values: Dual-KDE Plot :N=
EE Raw N-GO(ISO%) — LowRisk A i el
~ 130 { B Imputed Mediom - High Risk -405300
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5 e — High Risk, LowRisk | © | g
1 3 200
D 1101 s Dual-KDE Plot -30§
& 7 == Low Risk
i ; Medium - High Risk E- -
E 901 | 3 — Low Risk, High Risk | & Missing Missing
2 0y 60 (NaN) {NaN) :
i o E o LI =40| [N=4Q
:5, 701 ™0 7 f Typical Angina CP  CP  Ele  Pait
£ 192 lao Chest Pain Category (CP Type)
£ 50 4 408 B(b) Categorical Feature (Chest Pain %5
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Figure 8.

Visualization of data cleaning processes showing the distribution of numerical features
(Cholesterol) and categorical features (Chest Pain Type) before and after applying median and
mode imputation strategies to handle missing values.

FEATURE SELECTION
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Feature Importance Evaluation

Using the random forest algorithm (which provides gini importance for decision trees
we assign gini importance. The highly correlated features to the target predicting
heart-disease outcome were the type of chest pain, peak heart rate and oldpeak UCI
Dataset. SHAP values have also been calculated, giving global and local
explanations (Lundberg and Lee, NeurlPS, 2017) of the impact of features for
prediction.
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Flowchart of the Proposed System
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Figure 9.

Detailed architecture of the proposed hybrid model, illustrating the transition from the clinical
input layer through three-stage CNN feature extraction to the final SVM-based decision
hyperplane.

Model Training Configuration

All the experiments have been run in Google Colab and using scikit-learn version 1.3
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and TensorFlow version 2.x. All platforms use Python 3.10. Logistic Regression was
optimized using Hyper-parameter optimization with a 5-fold GridSearchCV, which
turned C and solver parameters. Random Forest was optimized by changing the
number of estimators and the max depth of the trees, and X- CNN was optimized by
setting up an appropriate learning rate, number of hidden layers, and activation
functions. Premature termination was used to avoid overfitting.

ALGORITHMS USED

Algorithm 1: Logistic Regression

We use the logistic model for the prediction, if there is an occurrence of a heart attack.

Pseudocode:

Input: Dataset D (features X, target Y) Output: Predicted
probability P(Y=1|X)

1. Initialize weights w and bias b

2. For each epoch:
a. Compute hypothesish =1/ (1 + e”*-(wX + b))
b. Compute cost function J = -(1/m) = [Ylog(h) + (1-Y)log(1-h)]
c. Update weights using gradient descent

3. Output predicted probability

Algorithm 2: Random Forest

Learn more about a progressive ensembling method that employs various decision
frees.

Pseudocode:

Input: Tramming set D

Output: Prediction y'

1. elect number of trees T

2. Foreach treetin T:
a. Draw random subset of data with replacement
b. Train decision tree using random subset

3. Aggregate predictions via majority vote

4. Return final prediction

Convolutional Neural Network (CNN)

For automatically learning the feature by using a CNN. Some of the layers in CNN
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include a convolution layer, an activation function, as well as pooling layer.
Convolution Operation

Afilter is employed in the convolution layer to identify given features:
() _ (1-1)
Tij =D, D Wmn Tiymjsn +b
m n

where (w) represents the filter weights and (b) is the bias.

h* = f (.L’ * wk + bk)

Eq (22)

Eq (23)
_ff — O'(”if.[h(f_l).l’f] = bf)
Eq (24)
jf - (T(”.,'.[/l”_”..l'f] -+ [),').
Eqg (25)
S=ao=9(0) = ) o) |] I(i__j  (mod )
i=1 j=1j+i £q (26)

Activation Function (ReLU)
f(x) = max (0, x) Eq (27)
Here, we infroduce non-linearity to the model.
Pooling Layer
Pooling removes major features as well as a dimensionality reduction:
y =max (x) Eq (28)
Support Vector Machine (SVM)

After the process of extracting the learned features, they are then infroduced to the
SVM classifier. SVM aims to determine the best hyperplane

This is quite small and has no huge implications on the general computation.
CNN Feature Extraction Complexity

Most of the computing expenditure is taken by the convolutional layers with a CNN:

. L layers
. KxK filter size
o F filters per layer

. Input size MxM
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One convolutional layer has the following complexity:

OL. F. M2 . K2 Eq (29)
And for the whole CNN on all samples:
ON.L.F.M2.K2 Eq (30)

Therefore, we can observe that complexity scales linearly with the number of
samples and quadratically with filter size and image dimensions.

Complexity of Backpropagation

Essentially, the training's backpropagation is composed of calculating the gradient
of all parameters:

O(N-W) Eq (31)
and where (W) is the total of network parameters.
Training Complexity of SVM
The complexity of SVM is dependent on the size of the training samples:
o Linear SVM:
O(N-d) Eq (32)
Kernel SVM (RBF): (2.4 + N9 Eq (33)

The cubic term resulted from solving the quadratic optimization problem and hence
makes SVM expensive for large data sets.

Complexity of the Hybrid Model
The complexity of the overall proposed CNN-SVM model is:

OIN.L.F.M2.K2+ N2.d + N9 Eq (34)
So, it means:
o CNN is the best for feature extraction
. SVM is the best for classification for big data

Deployment of Models

When the CNN-SVM model is adopted in a real-world clinical scenario, several
practical considerations, such as efficiency, scalability, privacy of data, and
intfegration with clinical workflows, have to be taken into account. The influential
factors are as follows.

The Deployment System Architecture

The model can be deployed using a client-server architecture, where:

. Hospital interface (e.g., mobile application) or client-side collects patient
data.
. The server side is doing preprocessing, feature extraction (CNN) and
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classification (SVM).
. The output is given in the form of a risk prediction score.

Instead, it is possible to scale the model and make it available to the cloud
platforms.
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System Architecture for CNN-SVM Heart Disease Risk Classification
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Figure 10.

Schematic representation of the system architecture, detailing the integration of the User
Interface, Backend Server, Data Preprocessing Module, and the hybrid CNN-SVM
classification engine for heart disease risk assessment.

Computing Resources

The CNN part will be average since it will require convolution and backpropagation,
and the convolution will not cause much overhead when classifying with the SVM.

Deployment factors:

. Support for faster CNN execution with GPU.
° Lightweight deployment inference in CPU form.
° Multiple patient records can be handled by batch processing.

Since the dataset is rather small, it implies that the model can be predicted
effectively in real-time.

Ability of real-time prediction

When used in a clinical setting, it is required to achieve prediction in real-time orin
near-real fime. This hybrid model allows efficient inference because:

. Feature extraction is efficiently implemented during the fraining phase.

. SVM classification is computationally inexpensive during the testing
phase. This helps to make timely decisions when it comes to a pressing health case.

Healthcare Systems integration.

This model can be deployed into:

. Electronic Health Record (EHR) systems
. Hospital management systems
. loT-based health monitoring platforms

The integration can allow automatic risk prediction and patient health monitoring.
Privacy and security of data

Healthcare organizations gather data that is highly sensitive and ought to be handled
with relevant data protection measures. Some of the key things that should be taken
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into consideration include:

. Data encryption in transit

. Secure storage facilities

. Access and authentication procedures
. Adherence to HIPAA/GDPR

Ensuring privacy is also essential to facilitate credibility as well as to encourage the
adoption of systems in a clinical context.

Deployment limitations

Although the proposed CNN-SVM hybrid has reported decent levels of performance,
certain shortcomings must be carefully re-examined before the system can be
implemented in a real-life clinical setting.

Reliance on the quality of the dataset

The effectiveness of the designed model will tremendously depend on the volume,
coverage and representativeness of training data. Although the UCI Heart Disease
dataset has been used in numerous studies, the size of the dataset is quite small to
effectively capture all the variability that would be present in a clinical population.
There is geographical variation in demographics, lifestyles, and clinical conditions, so
models based on one dataset may not reflect other clinical populations across the
globe.

Possible bias of Training data

The presence of bias in the data set is one of the biggest factors affecting the
predictive model's fairness and performance. In case of some patients being
underrepresented or overrepresented in the fraining data in a specified subgroup
(such as age-based, gender based, or ethnicity-based group) the model might be
biased, resulting in incorrect predictions of a specific group of patients. It is even more
necessary in a healthcare app since it can be associated with biased predictions that
may cause disastrously negative clinical results. Balancing the data set and
introducing bias balancing is thus highly essential.

Computation of oversized large-scale data sets

Although this model may be effective with a large enough dataset, it is excessively
time-consuming when the size of the dataset is large. The CNN operation is complex,
requiring many convolutions and back-propagation in one step and it requires
significant computing power to undertake the training stage. Besides that, SVM
classification based on the variants of kernels, such as Radial Basis Function (RBF), has
elevated time complexity when large sample sizes are involved. So, this model will not
be suitable for the real-time or massive health systems unless it can be further
enhanced by using methods like parallel computation, dimensionality reduction,
approximate learning and etc.

Domain Specific Verification Needed

We've developed and tested the suggested model against a benchmark dataset.
Yet, it is essential to apply this model in a clinical environment and test against actual
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medical data before its actual deployment in the hospital system, since healthcare
systems are different and vary by patient population, testing protocols and data
collection methods. Thus, we have to carry out tests and domain-specific validations
against datasets generated by different clinical settings before the model can be
relied upon. It will also be crucial for collaboration with medical practitioners to explain
results and validate clinical implications of its prediction.

Results

More than one-third of the study population (35.82%) was identified as being at risk of
a heart attack, which represents a substantial proportion and underscores the
necessity for immediate preventive interventions. Reliance on therapeutic measures
alone may prove inadequate in the coming years.
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Figure 11.

Heart attack risk [29].

This part provides a thorough report on the outcome of the experimentation of using
the Support Vector Machine (SVM) and Convolutional Neural Network (CNN)
algorithms for heart disease risk prediction. Both algorithms were tested with several
variations of parameters to compare the efficiency of the algorithms based on their
accuracy, precision, recall, Fl-score, and area under the receiver operating
characteristic curve (AUC- ROC). All experiments were conducted by combining the
data gathered from four open-access repositories of heart diseases, which are listed
in Table 3.

Table 3.
Summary of Datasets Used in This Study

Dataset Samples (n) Features  Positive Cases (%) Source
Cleveland Heart Disease 303 13 54.1% UCI ML Repository
Hungarian Institute 294 13 36.4% UCI ML Repository
Swiss Heart Dataset 123 13 44.7% UCI ML Repository
VA Long Beach 200 13 31.5% UCI ML Repository
Combined (Merged) 920 13 43.6% Multi-source

Aggregate

All the data sets used were retrieved from the UCI Machine Learning Repository.
Positive examples imply that the patient has heart disease (target = 1).

The resulting mixed data set of 920 records on patients and 13 clinically proven
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attributes is in Table 2. The numeric attributes were normalized using min-max scaling,
while categorical attributes were transformed using one-hot encoding before model
building. The missing data, amounting to less than 2.7 percent of the total data, were
imputed using median value replacement in the case of numeric attributes and
modal value replacement for categorical attributes. An 80:20 training: test set ratio
was applied.

Table 4.
Clinical signs as inputs to the model

No. Feature Type Range / Values Clinical Relevance

1 Age Numerical 29-77 years High

2 Sex Categorical 0=Female, 1 =Male Moderate

3 Chest Pain Type (cp) Categorical 0-3 (4 types) High

4 Resting BP (trestbps)  Numerical 94-200 mmHg High

5 Serum Cholesterol Numerical 126-564 mg/dl High
(chol)

6 Fasting Blood Sugar  Binary Oorl Moderate
(fbos)

7 Resting ECG (restecg) Categorical 0,1,2 High
Max Heart Rate Numerical 71-202 bpm High
(thalach)

9 Exercise Angina Binary Oorl Moderate
(exang)

10 ST Depression Numerical 0.0-6.2 High
(oldpeak)

11 Slope of ST (slope) Categorical 0,1,2 High

12 No. Major Vessels (ca) Numerical 0-3 High

13 Thalassemia (thal) Categorical 1.2, 3 High

The relevance of features is measured in accordance with the clinical literature, and
previous empirical studies.

COMPUTATIONAL ANALYSIS OF ARTIFICIAL INTELLIGENCE METHODS

The objective of this analysis was to compare several artificial intelligence techniques
to identify the most effective method for determining the personalized probability of
a heart attack based on diverse patient characteristics. Additionally, the analysis
aimed to establish the minimum set of features required for accurate prediction.
Advancements in this area are expected to contribute to the development of
personalized preventive medicine systems for heart attacks, leading to improved
preclinical care, diagnostics, and predictive accuracy. Following an initial selection,
five methods were identified as the most promising: support vector machine (SVM),
Convolutional Neural Networks (CNNs), logistic regression, k-nearest neighbors
algorithm (KNN), and random forest. SVM is an algorithm designed to identify the
hyperplane that maximizes the separation between classified samples. It employs a
linear kernel function for classification and is effective with large datasets. In confrast
to the standard SVC model, Linear SVM includes additional parameters, such as
penalty normalization options ('L1' or 'L2') and a loss function. CNNs are considered to
be one of the deep learning models that perform excellently when applied to grid-
structured data like images and signal data. CNNs utilize convolutional layers of filters
to discover hierarchical features within the raw input data. Consequently, the CNNs
can identify spatial/temporal relations in data, thereby becoming appropriate
models for performing tasks like image classification, object detection, and diagnostic
applications. In heart attack prediction, CNNs analyze data on patients' features to
determine their respective risks of suffering from a heart attack, with minimal
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involvement of feature engineering. Logistic regression is a machine learning
classification algorithm used to estimate the probability of specific classes based on
input variables. It calculates a weighted sum of the input features to generate
predictions. The k-nearest neighbors (KNN) algorithm is a non-parametric supervised
learning classifier that utilizes the proximity of data points to assign class labels or
predict group membership. Random forest is a widely used machine learning
algorithm that aggregates the outputs of multiple decision trees to generate a single
prediction. It is versatile and applicable to both classification and regression tasks.

DISCUSSIONS

Ourresults from section 4 provide some useful information regarding machine learning
for predicting heart disease. Here we discuss the results in conjunction with other
studies, model characteristics, and implications.

Interpretation of SVM Performance

We believe the better performance of the margin-based classifiers in the structured
biomedical dataisreasonable, given that the SVM with RBF-kernel is generally capable
of a high degree of performance, especially when properly tuned. The curse of
dimensionality is not a factor and given that the problem is convex, it is a good
candidate when the number of samples is low and the features are large. The plot of
the validation loss reveals that the loss is decreasing until epoch 30, then at the end,
the validation and training loss are similar, indicating no overfitting. The sigmoid kernel
did poorly on its own, it can be used to model neural networks, but its kernel may not
be positive semi-definite, meaning bad boundaries are found. The Area Under the
Curve (AUC) (0.83) calculated is lower than we expected and shows that the kernel
choice did not perform adequately in distinguishing the classes in the way linear
models or the RBF kernel did, as shown in other heart disease prediction examples. This
more complex architecture must be related to the ordering of features, feature
importance, or the embedding layer, like in many other deep learning applications.
Hyper-parameter tuning seems to be a very important aspect of the sigmoid kernel's
application rather than using default settings.

Interpretation of CNN Behavior

Convolutional neural networks in one dimension have recently gained popularity as
models that can be used alongside clinical data [21, 22]. The effectiveness of these
models depends on their ability to find correlations between features using the
convolutional layers. Convolutional neural networks will work effectively where
features are sequential or depend on their neighboring features. In this context, the
clinical dataset includes various chest pains and ST depressions. Therefore, these
features are dependent on each other, which gives room for using CNN. At 30
epochs, there are no more changes in the validation loss, and it becomes equal to
the training loss, making the chances of overfitting extremely low. The observation of
these results is based on the similarities in accuracy attained by the datasets after
training. Dropout with a dropout rate of 0.40 and batch normalization are used in the
CNN model to mitigate overfitting since these techniques hinder the co- adaptation
of neurons and facilitate better gradient propagation. Moreover, using global average
poolingreduces the number of parameters to 22,849, making the CNN model perform
better on small datasets than flattening. On the downside, the use of the CNN model
has some limitations since it assumes a specific order and scaling of features. Finally,
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the model under discussion fails to effectively learn certain tasks without supervision,
such as finding the optimal ordering of the features, determining their importance, or
creating embeddings for them, unlike other deep learning models.

Comparison with Prior Studies

Table 5.
Comparison with Prior Literature on Heart Disease Risk Prediction
Author(s) Year Method Dataset  Accuracy (%) AUC
Stonier et al. [21] 2023 SVM, KNN, Naive Cleveland 88.52 0.91
Bayes, RF UucCl
Gnanavelu et al. [22] 2025 SVM, RF, LR Mulfi- 90.00 0.95
source
Rani et al. [23] 2024 CNN (ECG-based) ECG — 0.96
Signals
Talaat [24] 2025 CNN (Clinical) Key Health 91.30 0.94
Ind.
Li et al. [25] 2024 2D-CNN (ECG) PTB-XL ECG87.85 0.95
Present Study 2025 SVM+CNN Cleveland 95.63 0.98
Ensemble + UCI

A dash indicates that the corresponding metric was not reported in the respective
study. All AUC values refer to ROC-AUC unless otherwise specified in the original work.
Stonier et al. [21] managed to achieve 88.52% accuracy using a SYM classifier among
other models, whereas Gnanavel et al. [22] afttained an accuracy rate of 90.0%
employing an optimized SVM algorithm on multi- source data. The research work by
Talaat [24], which utilized a CNN model on clinical health measures, was able to reach
an accuracy of 91.30%, and the 2D-CNN model by Li et al. [25] was designed to
handle ECG signal data, achieving an accuracy of 87.85% and an AUC of 0.95. As
can be observed, the proposed ensemble model significantly outperforms its
constitutive classifiers as well as any alternative method, thus proving the initial
hypothesis that complementationrather than complexity is the main driver behind high
prediction quality in this field. Another paper by Rani et al. [23], who applied a CNN
model to ECG-derived features, should be noted for obtaining a remarkable AUC
score of 0.96 (accuracy not reported); this result is almost identical to that obtained
by our individual CNN classifier (AUC = 0.97) despite relying on fundamentally different
input data. This suggests that tabular clinical features and raw signal data may hold @
similar discriminative capacity when treated with appropriate convolutional
frameworks and could likely be employed in a combined multi- modal ensemble with
even better performance than presented here.

LIMITATIONS AND FUTURE DIRECTIONS

The number and severity of these limitations are likely to change as research
progresses and as further challenges in the daily operation of Al-based preventive
medicine systems, particularly those targeting cardiovascular conditions, are
identified and addressed. The limitations observed today are summarized in Table 6.

To overcome these limitations, further research, collaboration between computer
scientists and medical professionals, and rigorous validation of predictive models in
real-world settings are needed. Regarding the technological advances, prediction
models using both multilayer perceptron and extreme gradient boosting have shown
better performance than logistic regression models in different datasets with different
classification techniques. A promising strategy is to combine several algorithms in
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preventive medicine systems and bring their results together, for example, by using
another algorithm that applies trend extraction methods like fuzzy systems or
multifractal analysis [27]. However, the challenges are not only technical.
Cardiovascular death rates differ widely between countries, and the quality-of-care
systems affect outcomes through both gaps in pre- hospital and in-hospital care and
improvements in care quality. It is important to shorten the time patients wait for
medical help. This can be improved by advanced preventive medicine systems and
by helping patients recognize symptoms and understand the importance of calling
emergency services [27][28].

Table 6.

Current limitations of Al-based prediction of heart attack risk

Limitation Results

Accuracy, data Biased or incomplete fraining data may make the model's predictions

quality, and bias inaccurate or may perpetuate existing biases in healthcare.
Al models frained on specific datasets may have difficulty generalizing
different populations, as genetics, lifestyles, and socio-economic conditions
can vary widely.
The dynamic nature of health data means that health conditions and risk factors
change over time, which requires the capfuring of their dynamic changes
(including, for example, changes in the norm).

Limited predictive Almodels trained on historical data may have limited predictive capabilities—

horizon accurately predicting future events can be challenging.

Reaching this goal needs coordination between preventive medicine systems and
the wider healthcare system. Algorithms that identify patients at risk for, or having,
serious heart attacks should work together with the sharing of pre-hospital
electrocardiograms and quick referrals to hospitals for freatments like percutaneous
coronary intervention [30]. Also, improving both primary and secondary prevention,
including making sure patients take their medications, depends on collecting detailed
data. This is useful for clinical audits and for identifying patients who do not adhere to
their medication plans, which prediction systems may miss if there are changes over
time or data inconsistencies [30][31].

CONCLUSION

Artificial intelligence-based heart attack prevention systems provide a novel
approach that has the potential to revolutionize early diagnosis, tailored prevention,
and treatment. There is a possibility that recuperation and therapy won't be necessary
under certain circumstances. Further research, development, clinical trials, and
interdisciplinary collaboration are required to fully realize the benefits that Al-based
heart attack preventive systems offer. These actions would be able to solve the issues
that result from this problem.

DECLARATIONS

Acknowledgement: We appreciate the generous support from all the contributor to the
research and their different affiliations.

Funding: No funding body in the public, private, or nonprofit sectors provided a particular grant
for this research.

Availability of data and material: In the approach, the data sources for the variables are
stated.

Authors' contributions: Each author participated equally in the creation of this work.

457



The Asian Bulletin of Big Data Management 6(1),434-465

Conflicts of Interest: The authors declare no conflict of inferest.

Consent to Participate: Yes

Consent for publication and Ethical approval: Because this study does not include human or
animal data, ethical approval is not required for publication. All authors have given their

consent,

REFERENCES

A.S. Thouheed et al., “Augmented intelligence based COVID-19 diagnostics using federated
learning,” IEEE Transactions on Emerging Topics in Computational Intelligence, 2024.

A. Sharma et al., "Hybrid deep learning model for cardiovascular disease prediction using
clinical and sensor data," IEEE Access, 2022.

A. Stonier, R. K. Gorantla, and K. Manoj, "Cardiac disease risk prediction using machine learning
algorithms," Healthcare Technology Letters, vol. 10, no. 6, pp. 189-200, Nov. 2023. doi:
10.1049/n112.12053.

A. Voit, D. Duenas-Cid, and R. Krimmer, "“Blockchain for E-Voting: A Systematic Review,” IEEE
Transactions on Engineering Management, vol. 68, no. 5, pp. 1470-1485, Oct. 2021.

Abbas, G., Basit, A., Ayub, N., Rafique, S., Ali, A., Khan, H., & Hussain, M. Z. (2026). An Enhanced
Machine Learning & Deep Learning based Intrusion Detection System for Intelligent
Network Security: A Comprehensive Analysis to Avoid Intrusions in Big Data-based loT
Ecosystem. The Asian Bulletin of Big Data Management, 6(1), 26-33.

Abdullah, M. M., Ghafoor, U., Qadeer, Q. B., Khadim, F., Khan, H. S., Ahnmad, A., & Khan, H.
(2025). An Efficient of Artificial Inteligence based Brain Tumor Diagnosis and
Classification: An Advance Medical Diagnosis Approach. The Asian Bulletin of Big Data
Management, 5(2), 208-242.

Adil, M. U., Ali, S., Haider, A., Javed, M. A., & Khan, H. (2024). An Enhanced Analysis of Social
Engineering in Cyber Security Research Challenges, Countermeasures: A Survey. The
Asian Bulletin of Big Data Management, 4(4), 321-331.

Ahmad, I., Nasim, F., Khawaja, M. F., Nagvi, S. A. A., & Khan, H. (2025). Enhancing loT Security
and Services based on Generative Arfificial Inteligence Techniques: A Systematic
Analysis based on Emerging Threats, Challenges and future Directions. Spectrum of
engineering sciences, 3(2), 1-25.

Ahmad, J., Salman, W., Amin, M., Ali, Z., & Shokat, S. (2024). A Survey on Enhanced Approaches
for Cyber Security Challenges Based on Deep Fake Technology in Computing
Networks. Spectrum of Engineering Sciences, 2(4), 133-149.

Akhtar, M. H., Ghafoor, U., Imran, O., Ayub, N., Abdullah, M. M., & Khan, H. (2026). An Efficient
Al and Deep learning Assisted Self-Healing Network Approach: Analysis on Fault
Detection Response and Recovery to Mitigate Threats in loT-Security Ecosystem. The
Asian Bulletin of Big Data Management, 6(1), 40-66.

Akhtar, M. H., Ghafoor, U., Imran, O., Ayub, N., Abdullah, M. M., & Khan, H. (2026). An Efficient
Al and Deep learning Assisted Self-Healing Network Approach: Analysis on Fault
Detection Response and Recovery to Mitigate Threats in loT-Security Ecosystem. The
Asian Bulletin of Big Data Management, 6(1), 40-66.

Akmal, I., Khan, H., Khushnood, A., Zulfigar, F., & Shahbaz, E. (2024). An Efficient Artificial
Intelligence (Al) and Blockchain-Based Security Strategies for Enhancing the Protection
of Low-Power |oT Devices in 5G Networks. Spectrum of engineering sciences, 2(3), 528-
586.

Ali, G., Shahbaz, H., Hassan, M. A., Ahmad, M., & Waleed, M. (2024). An Enhanced Approach
of Exploring Digital Economy Using Modern Computer Networks. Spectrum of
Engineering Sciences, 2(4), 292-312.

Ali, H., Ayub, N, Irfan, A., Fayyaz, S., Masood, H., Ahmad, A., ... & Khan, H. (2025). A Unified Al-
powered Social Media Platform for Intelligent Scheduling and Data Driven Analytics
Using Multi-Layered Artificial Neural Networks (ANNs): https://doi. org/10.5281/zenodo.
17572988. Annual Methodological Archive Research Review, 3(11), 94-134.

Ali, 1., Saleem, M. U., Khan, A. A., Naz, A., Nawaz, M., & Khan, H. (2025). An Enhanced Artificial



Efficient Al-Based Early Prediction of Heart Attack Masab, M,M ,et al., (2024)
Intelligence Generated Virtual Influencer Framework: Examining the Effects of
Emotional Display on User Engagement based on Convolutional Neural Networks
(CNNs). Annual Methodological Archive Research Review, 3(4), 184-209.

Ali, M., Khan, H., Din, I. U, Tarig, M. |, & Javed, A. Design and Implementation Role of
Middleware in Shared Network Environments: A Systematic Review. Securing the Digital
Realm, 229-243.

Ali, M., Khan, H., Rana, M. T. A., Ali, A., Baig, M. Z., Rehman, S. U., & Alsaawy, Y. (2024). A
Machine Learning Approach to Reduce Latency in Edge Computing for loT
Devices. Engineering, Technology & Applied Science Research, 14(5), 16751-16756.

Ali, R., Khan, H., Arif, M. W., Tarig, M. I., Din, . U., Afzal, A., & Khan, M. A. Authentication of User
Data for Enhancing Privacy in Cloud Computing Using Security Algorithms. In Securing
the Digital Realm (pp. 187-200). CRC Press.

Anas, M., Imtiaz, M. A., Saad Khan, A. A., Naghman, N. F., Khan, H., & Albouq, S. AN ADVANCED
MACHINE LEARNING (ML) ARCHITECTURE FOR HEART DISEASE DETECTION, PREDICTION
AND CLASSIFICATION USING MACHINE LEARNING. Vol.-20, No.-3, March (2025) pp 54 -
72

Anonymous, "loT-based healthcare monitoring system using machine learning techniques,”
Journal of Medical Systems, 2020.

Ageel, N., Alam, A., Bhatti, Z., & Amir, A. (2024). A Survey on Tor’s Multi Layer Architecture and
Web Implications in Dark Web. Spectrum of Engineering Sciences, 2(4), 212-231.
Arshad, S., Ayub, N., Basit, A., Ali, A., Rizwan, S. M., Abdullah, M. M., ... & Hussain, M. Z. An
Efficient Deep Learning Enabled Multimodal Sentiment Analysis based on Neural
Networks and Text Mining Architectures for Short-Form Social Media Data: A

Comprehensive Analysis.

Asghar, M. A., Aslam, A., Bakhet, S., Saleem, M. U., Ahmad, M., Gohar, A., & Khan, H. (2025).
An Efficient Integration of Arfificial Intelligence-based Mobile Robots in Critical Frames
for the Internet of Medical Things (loMTs) Using (ADP2S) and Convolutional Neural
Networks (CNNs). Annual Methodological Archive Research Review, 3(4), 160-183.

Ayub, N., Alghamdi, T., Din, ., Ali, A., Khan, H., Ganiyeva, O., & Makhmudov, S. (2025). An
Enhanced Artificial Inteligence and Deep Learning Assisted Breast Cancer
Classification  and Diagnosis Based on the Internet of Medical Things
(IOMTs). Engineering, Technology & Applied Science Research, 15(6), 30612-30616.

Ayub, N., Ejaz, A., Hassan, B., Hussain, M. Z., Nadeem, M., Sabir, L., & Fatima, S. (2025). An
Efficient Machine Learning And Deep Learning Based Deep Packet Security
Framework For Detection Of Computing Network Faults In The lofs. Spectrum of
Engineering Sciences, 3(5), 659-674.

Aziz, R., Mehmood, A., Tarig, A., Nasim, F., Farooqg, U., Nagvi, S. A. A., & Khan, H. (2025). Criticall
Evaluation of Data Privacy and Security Threats: An Infelligent Federated Learning-
based Infrusion Detection System Poisoning Attack and Defense for Cyber-Physical
Systems ifs Issues and Challenges Related to Privacy and Security in loT. The Asian
Bulletin of Big Data Management, 5(1), 73-84.

B. J. Erickson et al., "ML for medical imaging,” Radiographics, vol. 37, pp. 505-515, 2017.

Bacha, A., Sehar, H., Naseem, S., & Khan, M. I. (2024). FEDERATED LEARNING FOR THREAT
INTELLIGENCE SHARING: A PRIVACY-PRESERVING COLLABORATIVE DEFENSE
MODEL. Spectrum of Engineering Sciences, 656-664.

Biomedical Signal Processing and Control, 2021.

C. Cinar and M. Yildirim, “GooglLeNet based tumor detection,” Medical Hypotheses, vol. 139,
2020.

C. Cortes and V. Vapnik, "Support-vector networks," Machine Learning, vol. 20, pp. 273-297,
1995.

Choi, A.; Kim, M.J.; Sung, J.M.; Kim, S.; Lee, J.; Hyun, H.; Kim, H.C.; Kim, J.H.; Chang, H.J;
Connected Network for EMS Comprehensive Technical Support Using Artificial
Inteligence Investigators. Development of Prediction Models for Acute Myocardial
Infarction at Prehospital Stage with Machine Learning Based on a Nationwide
Database. J. Cardiovasc. Dev. Dis. 2022, 9, 430.

459



The Asian Bulletin of Big Data Management 6(1),434-465

Criado, M.F.; Casado, F.E.; Iglesias, R.; Regueiro, C.V.; Barro, S. Non-iid data and confinual
learning processes in federated learning: A long road ahead. Inf. Fusion 2022, 88, 263—
280.

D. Chicco and G. Jurman, "Machine learning can predict survival of patients with heart failure
from serum creatinine and ejection fraction alone,” BMC Medical Informatics and
Decision Making, 2020.

D. R. Johnson et al., “WHO brain tumor classification updates,” RadioGraphics, vol. 37, pp.
2164-2180, 2017.

D. Sarmah et al., "Wearable sensor-based heart disease prediction using deep learning,”
Sensors, 2021.

E. R. Dougherty, An Infroduction fo Morphological Image Processing, SPIE Press, 1992.

F. Afza et al., “Medical image segmentation using deep learning,” Microscopy Research and
Technique, vol. 82, pp. 1471-1488, 2019.

F. M. Talaat, "Revolutionizing cardiovascular health: Integrating deep learning techniques for
predictive analysis of personal key indicators in heart disease," Neural Computing and
Applications, vol. 37, pp. 1-24, Nov. 2024. doi: 10.1007/s00521-024-10453-2.

F. Zhang and E. R. Hancock, “Riemannian techniques for image data,” Pattern Recognition,
vol. 43, pp. 1590-1606, 2010.

Fakhar, M. H., Baig, M. Z., Ali, A., Rana, M. T. A., Khan, H., Afzal, W., ... & Albouq, S. (2024). A
Deep Learning-based Architecture for Diabetes Detection, Prediction, and
Classification. Engineering, Technology & Applied Science Research, 14(5), 17501-
17506.

Farooq, I., Ahmed, S. A., Ali, A., Warraich, M. A., Ageel, M., & Khan, H. (2024). Enhanced
Classification of Networks Encrypted Traffic: A Conceptual Analysis of Security
Assessments, Implementation, Trends and Future Directions. The Asian Bulletin of Big
Data Management, 4(4), 500-522.

Farooq, I., Ghafoor, U., Umer, S., Ali, A., Shahid, A. K., & Khan, H. (2025). An Efficient Big Data
Security and Privacy in Healthcare for Enhancing Remote Sensing and Monitoring: A
Technological Perspective based on ACL for Preserving Big Data Analytics in
Cloud. The Asian Bulletin of Big Data Management, 5(4), 231-258.

G.-B. Huang et al., "Extreme learning machine,” Neurocomputing, vol. 70, pp. 489-501, 2006.

Ghafoor, U., Ayub, N., Yaseen, A., Anas, M., Farooq, I., Khan, S., & Naghman, N. F. (2025). Al
Assisted Heart Disease Prediction and Classification and Segmentation based on PIMA
and UCI Machine Learning Datasets. Annual Methodological Archive Research
Review, 3(7), 248-276.

Gordon, T. Diabetes, blood lipids, and the role of obesity in coronary heart disease risk for
women. Ann. Intern. Med. 87, 393 (1977).

Gul, W., Nawaz, A., Haomaz, M. T., & Khan, H. AN EFFICIENT MODEL FOR THE SELECTION OF
LEADERSHIP COMPETENCIES AND PERFORMANCE IMPROVEMENT FOR THE SUCCESS OF
TRANSPORTATION PROJECTS, JOURNAL OF MECHANICS OF CONTINUA AND
MATHEMATICAL SCIENCES Vol.-16, No.-5, May (2021) pp 49-65
https://doi.org/10.26782/jmcms.2021.05.00005

Gularte, K.H.M.; Vargas, J.A.R.; Da Costa, J.P.J.; Da Silva, A.A.S.; Santos embedded systems”, In
2018 International Conference on Engineering and Emerging Technologies (ICEET),
IEEE., pp. 1-8, Sep. 2018

H. Hooda et al., "Performance analysis of brain tumor segmentation using K-means, FCM and
region growing,” in Proc. IEEE ICCCCT, 2014, pp. 1621-1626.

H. Khan, I. Uddin, A. Ali, M. Husain, "An Optimal DPM Based Energy-Aware Task Scheduling for
Performance Enhancement in Embedded MPSoC", Computers, Materials & Confinua.,
vol. 74, no. 1, pp. 2097-2113, Sep. 2023

H. Khan, M. U. Hashmi, Z. Khan, R. Ahmad, "Offline Earliest Deadline first Scheduling based
Technique for Optimization of Energy using STORM in Homogeneous Multi-core
Systems”, [IJCSNS Int. J. Comput. Sci. Netw. Secur., vol. 18, no. 12, pp. 125-130, Dec. 2018

H. Khan, M. U. Hashmi, Z. Khan, R. Ahmad, A. Saleem, "Performance Evaluation for Secure DES-
Algorithm Based Authentication & Counter Measures for Infernet Mobile Host Protocol’,


https://www.journalimcms.org/journal/an-efficient-model-for-the-selection-of-leadership-competencies-and-performance-improvement-for-the-success-of-transportation-projects/

Efficient Al-Based Early Prediction of Heart Attack Masab, M,M ,et al., (2024)
[JCSNS Int. J. Comput. Sci. Netw. Secur., vol. 18, no. 12, pp. 181-185, July. 2018

H. Sharma and S. Sharma, "A survey on heart disease prediction using machine learning
tfechniques,"

H. Wang ef al., "Mulfitask deep and wide neural network for cardiovascular risk prediction,”
IEEE Transactions on Biomedical Engineering, 2022.

H.-S. Ham et al., “Improvement of gastroscopy classification using CAM-based augmentation,”
IEEE Access, vol. 10, pp. 99361-99369, 2022.

Hamayun Khan,Sheeraz Ahmed,S. Farhan Haider Shah,Rehan Ali  Khan,Zeeshan
Najam,Hasnain Abbas,Asif Nawaz,Zubair Aslam Khan, JOURNAL OF MECHANICS OF
CONTINUA AND MATHEMATICAL SCIENCES, Vol.-15, No.-8, August (2020) pp 628-646
https://doi.org/10.26782/jmcms.2020.08.00053

Hashmi, U., & ZeeshanNajam, S. A. (2023). Thermal-Aware Real-Time Task Schedulabilty test for
Energy and Power System Optimization using Homogeneous Cache Hierarchy of Multi-
core Systems. Journal of Mechanics of Continua and Mathematical Sciences, 14(4),
442-452.

Hassan, A., Khan, H., Ali, A., Sqjid, A., Husain, M., Ali, M., ... & Fakhar, H. (2024). An Enhanced
Lung Cancer Identification and Classification Based on Advanced Deep Learning and
Convolutional Neural Network. Bulletin of Business and Economics (BBE), 13(2), 136-141.

Hussain, S., Sarwar, N., Ali, A., Khan, H., Din, I., Algahtani, A. M., ... & Ali, A. (2025). An Enhanced
Random Forest (ERF)-based Machine Learning Framework for Resampling, Prediction,
and Classification of Mobile Applications using Textual Features. Engineering,
Technology & Applied Science Research, 15(1), 19776-19781.

Imtiaz, M. A., Amir, A., Bakhet, S., Siddique, H., & Rizwan, S. M. (2025). An Optimal Diabetic
Retinopathy Detection and Classification Approach based on integrated Hybrid
Convolutional Neural Networks (CNNs). Spectrum of Engineering Sciences, 3(2).

International Journal of Engineering Research, 2020.

J. Adair et al., “Evolutionary algorithms for feature selection,” in Advances in Computational
Intelligence Systems, Springer, 2016, pp. 287-307.

J. Adair et al., "Evolutionary algorithms in feature selection,” Springer, 2016.

Jabeen, T., Mehmood, Y., Khan, H., Nasim, M. F., & Naqgvi, S. A. A. (2025). Identity Theft and
Data Breaches How Stolen Data Circulates on the Dark Web: A Systematic
Approach. Spectrum of engineering sciences, 3(1), 143-161.

Jabeen, T., Mehmood, Y., Khan, H., Nasim, M.F. and Naqvi, S.A.A., 2025. Identity Theft and Data
Breaches How Stolen Data Circulates on the Dark Web: A Systematic Approach.
Spectrum of engineering sciences, 3(1), pp.143-161.

Javed, M. A., Ahmad, M., Ahmed, J., Rizwan, S. M., & Tariq, A. (2025). An Enhanced Machine
Learning based Data Privacy and Security Mitigation Technique: An Inteligent
Federated Learning (FL) Model for Intrusion Detection and Classification System for
Cyber-Physical Systems in Internet of Things (loTs). Spectrum of Engineering
Sciences, 3(2), 377-401.

Javed, M. A., Anjum, M., Ahmed, H. A., Ali, A., Shahzad, H. M., Khan, H., & Alshahrani, A. M.
(2024). Leveraging Convolutional Neural Network (CNN)-based Auto Encoders for
Enhanced Anomaly Detection in High-Dimensional Datasets. Engineering, Technology
& Applied Science Research, 14(6), 17894-17899.

K. Croman et al., "On Scaling Decentralized Blockchains,” in Proc. 20th International
Conference on Financial Cryptography and Data Security (FC), Christ Church,
Barbados, 2016, pp. 106—125.

K. J. Shanthi and M. S. Kumar, “Skull stripping and MRI segmentation using seed growth,” in
Proc. ICISCA, 2007, pp. 422-426.

K. Kaplan et al., “Brain tumor classification using LBP,” Medical Hypotheses, vol. 139, p. 109696,
2020.

K. Kaplan et al., “LBP based brain tumor classification,” Medical Hypotheses, vol. 139, p. 109696,
2020.

K. Polat and S. GUnes, "A hybrid approach to medical decision support system based on
principal component analysis and adaptive neuro-fuzzy inference system," Expert

461


https://www.journalimcms.org/journal/an-iot-based-energy-optimization-technique-for-electrical-equipments-using-wireless-sensor-networks/

The Asian Bulletin of Big Data Management 6(1),434-465

Systems with Applications, vol. 34, pp. 2003-2010, 2008.

Khan, A. Ali, S. Alshmrany, "Energy-Efficient Scheduling Based on Task Migration Policy Using
DPM for Homogeneous MPSoCs", Computers, Materials & Continua., vol. 74, no. 1, pp.
965-981, Apr. 2023

Khan, A. K., Bakhet, S., Javed, A., Rizwan, S. M., & Khan, H. (2025). Framework for Predicting
Customer Sentiment Aware Queries and Results in Search Using Oracle and Machine
Learning. Spectrum of Engineering Sciences, 3(2), 588-617.

Khawar, M. W., Ayub, N., Shaheen, S., Iftikhar, B., Masood, H., Ahmad, A., & Khan, H. (2025). An
Efficient system based on Arfificial Inteligence for the Detfection and Mitigation of
network Infrusion using encrypted traffic protocols: A Systematic Approach. Annual
Methodological Archive Research Review, 3(11), 32-71.

Khawar, M. W., Salman, W., Shaheen, S., Shakil, A., Iftikhar, F., & Faisal, K. M. I. (2024).
Investigating the most effective Al/ML-based strategies for predictive network
maintenance to minimize downfime and enhance service reliability. Spectrum of
Engineering Sciences, 2(4), 115-132.

Kim, J.H. Data integration using information and communication technology for emergency
medical services and systems. Clin. Exp. Emerg. Med. 2023, 10, 129-131.

Li, H.; Luo, L.; Wang, H. Federated learning on non-independent and identically distributed
data. In Proceedings of the Third International Conference on Machine Learning and
Computer Application (ICMLCA 2022), Shenyang, China, 16-18 December 2023; SPIE:
Bellingham, WA, USA; pp. 154-162.

Liang, Y., UrRahman, S., Shafaqgat, A., Ali, A., Ali, M. S. E., & Khan, H. (2024). Assessing sustainable
development in E-7 countries: fechnology innovation, and energy consumption drivers
of green growth and environment. Scientific Reports, 14(1), 28636.

Liagat, M. S., Sharif, N., Ali, A., Khan, H., Ahmed, H. N., & Khan, H. (2024). An Optimal Analysis
of Cloud-based Secure Web Applications: A Systematic Exploration based on
Emerging Threats, Pitfalls and Countermeasures. Spectrum  of  engineering
sciences, 2(5), 427-457.

M. Alaa et al., "Cardiovascular risk prediction using Al," Nature Biomedical Engineering, 2019.

M. Algudah et al., “"MRI brain tumor classification,” arXiv:2001.08844, 2020.

M. Couprie and G. Bertrand, “Topological gray-scale watershed transformation,” in Vision
Geometry VI, vol. 3168, pp. 136-146, 1997.

M. Gondal, Z. Hameed, M. U. Shah, H. Khan, "Cavitation phenomenon and its effects in Francis
turbines and amassed adeptness of hydel power plant”, In 2019 2nd International
Conference on Computing, Mathematics and Engineering Technologies (iCoMET),
IEEE., pp. 1-9, Mar. 2019

M. Havaei et al., “Deep neural networks for brain tumor segmentation,” Medical Image
Analysis, vol. 35, pp. 18-31, 2017.

M. P. Arakeri and G. R. M. Reddy, “Brain tumor CAD system,” Signal Image Video Processing,
vol. 9, pp. 409-425, 2015. [55] R. Gurusamy and V. Subramaniam, “Machine learning
approach for MRI brain tumor classification,” Computational Materials and Continua,
vol. 53, pp. 21-109, 2017.

M. P. Arakeri and G. R. M. Reddy, “Brain tumor CAD system,” Signal Image Video Processing,
vol. 9, pp. 409-425, 2015.

M. S. Khan et al, “Brain tumor detection using marker-based watershed algorithm,”
Microscopy Research and Technique, vol. 82, pp. 909-922, 2019.

M. Sharif et al., “Brain fumor segmentation using binomial thresholding and feature selection,”
Journal of Ambient Intelligence and Humanized Computing, 2018.

M. T. R. Mahesh et al., “Data-driven feature extraction for bearing fault detection using active
learning,” IEEE Access, vol. 12, pp. 45381-45397, 2024.

Mahmood, F., Shehroz, M., Ansari, Z., & Rauf, F. (2024). A Survey of Software-Defined Networks
Based on Advance Machine Learning Based Techniques. Spectrum of Engineering
Sciences, 2(4), 232-257.

Magsood, M., Dar, M. M., Javed, M. A., & Khan, H. (2024). A Survey on the Internet of Medical
Things (IOMT) Privacy and Security: Challenges Solutions and Future from a New



Efficient Al-Based Early Prediction of Heart Attack Masab, M,M ,et al., (2024)
Perspective. The Asian Bulletin of Big Data Management, 4(4), 355-368.

MDPI, "Heart Disease Prediction Using Al Techniques," Computers, 2024.

Muhammad  Anas,Muhammad  Afif  Imfiaz,Saad  Khan,Arshad  Ali,Noor  Fatima
Naghman,Hamayun Khan,Sami Alboug, AN ADVANCED MACHINE LEARNING (ML)
ARCHITECTURE FOR HEART DISEASE DETECTION, PREDICTION AND CLASSIFICATION
USING MACHINE LEARNING, Cont.& Math. Sci, Vol.20, No.3
https://doi.org/10.26782/jmcms.2025.03.00005

Mujtaba, A., Zulfigar, M., Azhar, M. U., Ali, S., Ali, A., & Khan, H. (2025). ML-based Fileless Malware
Threats Analysis for the Detection of Cyber security Attack based on Memory Forensics:
A Survey. The Asian Bulletin of Big Data Management, 5(1), 1-14.

Mumtaz, J., Bakhet, S., Javed, A., Naz, A., Rashail, M., & Khan, H. (2025). An Intelligent Diagnosis
and Tumor Segmentation Method based on MRI Images Using Pre-trained Deep
Convolutional Neural Networks (CNNs). The Asian Bulletin  of Big Data
Management, 5(1), 147-163

Mumtaz, J., Rehman, A. U., Khan, H., Din, |. U., & Tariqg, |. Security and Performance Comparison
of Window and Linux: A Systematic Literature Review. Securing the Digital Realm, 272-
280.

Musharraf, S. T., Masab, M. M., Ayub, N., Murtaza, S., Ullah, H., Ahmad, A., ... & Khan, H. (2025).
An Efficient Artificial Intelligence-Based Early Prediction of Heart Attack Using Deep
Learning CNN and SVM Models: https://doi. org/10.5281/zenodo. 17551611. Annual
Methodological Archive Research Review, 3(10), 265-301.

Mustafa, M., Ali, M., Javed, M. A, Khan, H., Igbal, M. W., & Ruk, S. A. (2024). Berries of Low-Cost
Smart Irrigation Systems for Water Management an loT Approach. Bulletin of Business
and Economics (BBE), 13(3), 508-514.

N. Dey and A. S. Ashour, Computing in Medical Image Analysis, Academic Press, 2018.

N. M. Nasrabadi, “Pattern recognition and ML," J. Electronic Imaging, vol. 16, 2007.

N. P. Singh et al., "Watershed segmentation for brain tumor classification,” in Advances in
Intelligent Systems and Computing, Springer, 2017, pp. 611-619.

Nasir, M. S., Khan, H., Qureshi, A., Rafig, A., & Rasheed, T. (2024). Ethical Aspects In Cyber
Security Maintaining Data Integrity and Protection: A Review. Spectrum of engineering
sciences, 2(3), 420-454.

Nasir, M. S., Khan, H., Qureshi, A., Rafig, A., & Rasheed, T. (2024). Ethical Aspects In Cyber
Security Maintaining Data Integrity and Protection: A Review. Spectrum of engineering
sciences, 2(3), 420-454.

Naveed, A., Khan, H., Imtiaz, Z., Hassan, W., & Fareed, U. (2024). Application and Ethical
Aspects of Machine Learning Techniques in Networking: A Review. Spectrum of
engineering sciences, 2(3), 455-501.

Nawagz, S., Salman, W., Shahid, U., Khokhar, M. L., Igbal, M. Z., & Hamid, A. (2024). A Survey on
Latest Trends and Technologies of Computer Systems Network. Spectrum of
Engineering Sciences, 2(4), 85-114.

R. Pohle and K. D. Toennies, “Segmentation of medical images using adaptive region
growing,” in Medical Imaging 2001, vol. 4322, pp. 1337-1346, 2001.

Rafay, A., Salman, W., Yahya, G., & Malik, U. (2024). SD Network based on Machine Learning:
An Overview of Applications and Solutions. Spectrum of Engineering Sciences, 2(4),
150-165.

Rahman, M. U., Khan, S., Khan, H., Ali, A., & Sarwar, F. (2024). Computational chemistry
unveiled: a critical analysis of theoretical coordination chemistry and nanostructured
materials. Chemical Product and Process Modeling, 19(4), 473-515.

Ramzan, M. S., Nasim, F., Ahmed, H. N., Farooq, U., Nawaz, M. S., Bukhari, S. K. H., & Khan, H.
(2025). An Innovative Machine Learning based end-to-end Data Security Framework
in Emerging Cloud Computing Databases and Integrated Paradigms: Analysis on
Taxonomy, challenges, and Opportunities. Spectrum of engineering sciences, 3(2), 90-
125.

Raza, A., Khan, H., & Rehman, S. U. (2023). Computational Analysis of Nanomaterials for Energy
Storage. International Journal of Advanced Sciences and Computing, 143-154.

463


https://www.journalimcms.org/journal/an-advanced-machine-learning-ml-architecture-for-heart-disease-detection-prediction-and-classification-using-machine-learning/

The Asian Bulletin of Big Data Management 6(1),434-465

Rumelhart, D.E.; Hinton, G.E.; Williams, R.J. Learning representations by back-propagating
errors. Nature 1986, 323, 533-536.

S. Abbasi and F. Tajeripour, “HOG + LBP brain tumor detection,” Neurocomputing, vol. 219, pp.
526-535, 2017.

S. Ahmad and P. K. Choudhury, “Transfer learning for tumor detection,” IEEE Access, vol. 10,
2022.

S. Chakravarthy et al., “Deep transfer learning with fuzzy ensemble approach for breast cancer
detection,” BMC Medical Imaging, vol. 24, p. 82, 2024.

S. Deepak and P. M. Ameer, “CNN based brain tumor classification,” Computers in Biology
and Medicine, vol. 111, 2019.

S. K. Singh et al., "Deep learning-based classification for heart disease diagnosis," Expert
Systems, 2022.

S.Khan, I. Ullah, H. Khan, F. U. Rahman, M. U. Rahman, M. A. Saleem, A. Ullah, "Green synthesis
of AgNPs from leaves extract of Salvia Sclarea, their characterization, antibacterial
activity, and catalytic reduction ability", Zeitschrift fur Physikalische Chemie., vol. 238,
no. 5, pp. 931-947, May. 2024

S. Sekhar et al., “GoogleNet features for brain tumor classification,” IEEE JBHI, vol. 26, no. 3,
2022.

S. Subhadra and V. Kumar, "Deep learning approaches for heart disease prediction using
clinical data,"

S. Wang et al., “PSO optimized neural network,” Int. J. Imaging Systems Technology, vol. 25,
pp. 153-164, 2015.

Saeed, N., Ayub, N., Haider, A., Ghafoor, U., Ali, A., Wahab, A., ... & Hussain, M. Z. Exploration
of Behavior-Based Advanced Persistent Threat (APT) Detection: A Systematic Analysis
based on Open CTI, MITRE ATT&CK, and Machine Learning.

Saif, S., Homayun Khan, A. A., Albougq, S., Hussain, M. Z., Hasan, M. Z., Uddin, [., ... & Husain, M.
AN EFFICIENT MACHINE LEARNING-BASED DETECTION AND PREDICTION MECHANISM
FOR CYBER THREATS USING INTELLIGENT FRAMEWORK IN IOTS. Vol.-15, No.-8, August
(2024) pp 191-206

Sarwar, H. Khan, I. Uddin, R. Waleed, S. Tarig, "An Efficient E-=Commerce Web Platform Based
on Deep Integration of MEAN Stack Technologies”, Bulletin of Business and Economics
(BBE)., vol. 12, no. 4, pp. 447-453, Jun. 2023

Schulte, C.; Singh, B.; Theofilatos, K.; Sérensen, N.A.; Lehmacher, J.; Hartikainen, T.; Haller, P.M.;
Westermann, D.; Zeller, T.; Blankenberg, S.; et al. Serial measurements of protein and
microRNA biomarkers to specify myocardial infarction subtypes. J.Mol. Cell Cardiol. Plus
2022, 1, 100014.

Scientific Reports, vol. 14, Art. no. 22040, Sep. 2024. doi: 10.1038/541598-024-72382-3.

Shah, S. Ahmed, K. Saeed, M. Junaid, H. Khan, "Penetration testing active reconnaissance
phase-optimized port scanning with nmap tool", In 2019 2nd International Conference
on Computing, Mathematics and Engineering Technologies (iICOMET), IEEE., pp. 1-6,
Nov. 2019

Sultan, H., Rahman, S. U., Munir, F., Ali, A., Younas, S., & Khan, H. (2025). Institutional dynamics,
innovation, and environmental outcomes: a panel NARDL analysis of BRICS
nations. Environment, Development and Sustainability, 1-43.

T. Arivoli and M. P. Rajasekaran, “Tumor segmentation and feature extraction methods,”
Arabian Journal of Science and Engineering, vol. 43, pp. 7095-7111, 2017.

T. Arivoliand M. P. Rajasekaran, “Tumor segmentation techniques,” Arabian Journal of Science
and Engineering, vol. 43, pp. 70957111, 2017.

T.Chen et al., "Machine learning for cardiovascular disease prediction," [EEE Access, 2021.

T. Liu, A. J. Krenfz, Z. Huo, and V. Curcin, "Machine learning based prediction models for
cardiovascular disease risk using electronic health records data: Systematic review and
meta-analysis," European Heart Journal — Digital Health, vol. 6, no. 1, pp. 7-22, Jan. 2025.
doi: 10.1093/ehjdh/ztae080.

Tern, P.J.W.; Vaswani, A.; Yeo, K.K. Identifying and Solving Gaps in Pre- and In-Hospital Acute
Myocardial Infarction Care in Asia-Pacific Countries. Korean Circ. J. 2023, 53, 594-605.



Efficient Al-Based Early Prediction of Heart Attack Masab, M,M ,et al., (2024)

U. Hashmi, S. A. ZeeshanNajam, "Thermal-Aware Real-Time Task Schedulabilty test for Energy
and Power System Optimization using Homogeneous Cache Hierarchy of Multi-core
Systems”, Journal of Mechanics of Continua and Mathematical Sciences., vol. 14, no.
4, pp. 442-452, Mar. 2023

UCI Machine Learning Repository, "Heart Disease Dataset," University of California, Irvine.

Vidal Filho, et al. Safeguarding the V2X Pathways: Exploring the Cybersecurity Landscape
through Systematic Literature Review. IEEE Access 2024, 12, 72871-72895.

Waleed, R., Ali, A., Tariq, S., Mustafa, G., Sarwar, H., Saif, S., ... & Uddin, I. (2024). An Efficient
Artificial Intelligence (Al) and Internet of Things (loT's) Based MEAN Stack Technology
Applications. Bulletin of Business and Economics (BBE), 13(2), 200-206.

Wingrove, G.; McGinnis, K. Infegration of Tehnology Data is nice but must be turned intfo useful
information. EMS World 2016, (Suppl. 14), 2158-7833.

World Health Organization, "cardiovascular diseases (CVDs)," 2023.

World Health Organization, “"Cancer,” 2019. [Online]. Available: https://www.who.int

X. Xu et al., “3D MRI texture features for tumor discrimination,” Int. J. Comput. Assist. Radiol.
Surg., vol. 12, pp. 645-656, 2017.

X. Xu et al., "3D texture features for tumor discrimination via MRI,” International Journal of
Computer Assisted Radiology and Surgery, vol. 12, pp. 645-656, 2017.

Y. A. Khan, "A GSM based Resource Allocation technique to control Autonomous Robotic
Glove for Spinal Cord Implant paralysed Patients using Flex Sensors"”, Sukkur IBA Journal
of Emerging Technologies., vol. 3, no. 2, pp. 13-23, Feb. 2020

Yousaf, M., Khalid, F., Saleem, M. U., Din, M. U., Shahid, A. K., & Khan, H. (2025). A Deep
Learning-Based Enhanced Sentiment Classification and Consistency Analysis of
Queries and Results in Search Using Oracle Hybrid Feature Extraction. Spectrum of
Engineering Sciences, 3(3), 99-121.

Zaheer, M., Azeem, M. H., Afzal, Z., & Karim, H. (2024). Critical Evaluation of Data Privacy and
Security Threats in Federated Learning: Issues and Challenges Related to Privacy and
Security in loT. Spectrum of Engineering Sciences, 2(5), 458-479.

Zainab, Khan, H., Din, I. U., Tarig, M. I., Khalid, A., & Naz, A. (2023, May). An Efficient
Implementation of an loT-Based Smart Home Security System. In International
Conference on Computing & Emerging Technologies (pp. 249-259). Cham: Springer
Nature Switzerland.

2025 by the authors; The Asian Academy of Business and social science research Ltd Pakistan. This is an open
access article distributed under the terms and conditions of the Creative Commons Attribution (CC-BY) license
(http://creativecommons.org/licenses/by/4.0/).

465


https://www.who.int/
http://creativecommons.org/licenses/by/4.0/

