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Article Info ABSTRACT

Article history: Heart attacks and brain strokes have become major global health concerns due to
the increasing number of cases occurring among not only older adults but also
middle-aged and younger populations. Unhealthy lifestyles, smoking habits,
obesity, hypertension, and diabetes have significantly contributed to the rising
risk of cardiovascular and neurological diseases. This study aimed to investigate
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perspective while evaluating the effectiveness of machine learning techniques
Keywords: for disease prediction. The research employed quantitative experimental anal-

ysis using healthcare datasets containing clinical and lifestyle-related variables

Data Science such as age, blood pressure, cholesterol level, glucose level, smoking behavior,

Heart Attack body mass index, and diabetes condition. Two supervised machine learning al-
Brain Stroke gorithms, namely Support Vector Machine (SVM) and Extreme Gradient Boost-
Mid Age ing (XGBoost), were implemented to classify disease risks. The experimental
Early Age results showed that the SVM model achieved superior predictive performance
with an accuracy of 99.5%, while XGBoost achieved 94.3% accuracy. The nov-
[ [ elty of this study lies in integrating multi-age cardiovascular and neurological
n- risk analysis with artificial intelligence-based predictive modeling to support
:"T:l. =2 the development of an intelligent mobile healthcare alert system. The study
1.'3 He concluded that machine learning technologies have strong potential to improve
! early disease prediction, preventive healthcare, and proactive patient monitoring
[ in modern healthcare environments.
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1. INTRODUCTION

In earlier times, heart attacks and brain strokes did not cause many deaths due to the good lifestyle of
people. As people have adopted a sedentary lifestyle and abstain from performing physical activity, they prefer
to eat unhealthy food, due to which more and more people are becoming victims of heart attacks and brain
strokes. Stroke is a neurological disorder characterized by blockage of blood vessels [1]. In particular, brain
strokes occur due to blockage of blood vessels, which hampers the flow of blood to different parts of the body.
According to a study, brain stroke is one of the leading causes of death globally [1]. Another common type of
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disease is a heart attack, which is prevalent among people today. Among other factors, age also plays a critical
role n the deterioration of cardiovascular functionality, resulting in an increased risk of cardiovascular disease
(CVD) in older adults [2, 3].

This study focuses on identifying the reasons for the transition of cardiovascular disease from older
to middle and late ages from a data science perspective. Using data science, one can employ various machine
learning algorithms, such as K-nearest neighbour, logistic regression, random forest (RF) classifier, and support
vector classifier, to predict diseases in a timely manner so that preventive measures can be taken promptly [4].

The data usually required for predicting said disease are clinical data, ECGs, and lab findings, which
must be sufficiently large to enable accurate predictions. Our study suggests that the required algorithms are
complex and computationally demanding. From the existing literature, it is found that Convolutional Neural
Networks (CNNs) typically identify the correct set from a group of about 10 sets and are ideally suited to
medical image processing [5]. However, clinical symptoms are text-based, and these discrete sets can run into
the 100s. Therefore, the diagnosis requires filters such as Bayesian filters, along with word2vec distance as
priors.

This paper is structured as follows: Firstly, a general discussion on heart attacks and brain strokes is
provided. Then we provide a statistic on how the disease transitions from old age to middle age and even to
early age. Data is collected and analyzed to learn the pattern for this shift. Next, a list of symptoms is presented,
based on data, to develop an Al-based alert system that enables a patient to learn about the disease before it
becomes severe [6]. Finally, the conclusion is presented and discussed.

2. HEART RATE AND BRAIN STROKES ANALYSIS USING MACHINE LEARNING

This section reviews recent work on the application of machine learning algorithms to the prediction
of heart attack and brain stroke [7, 8]. Analyze existing machine learning algorithms for their effectiveness and
accuracy [9, 10], and address the gaps with our proposed methodology. Here summarize and analyze the most
relevant.

In this work [11], the authors have proposed a methodology called retrospective study using a prospec-
tive cohort that enrolled patients with acute ischemic stroke. In the process, three models were developed, such
as deep neural networks, random forest and logistic regression and their predictability was compared to find
the best model for predicting stroke. To assess model accuracy, the results were compared with the standard
score, namely the Acute Stroke Registry and Analysis of Lausanne (ASTRAL) score. However, argue that to
achieve favourable results, one must use a sufficient number of variables with machine learning algorithms. In
this work, the authors used only six variables for the ASTRAL score, which is why the performance of machine
learning models did not differ significantly from that of the ASTRAL score.

In yet another study [12], the authors used various ML algorithms, including Deep Learning (DL),
Support Vector Machine (SVM), Random Forest (RF), XGBoost (XGB), and conventional LR models, to
evaluate the reliability and clinical utility of machine learning in predicting stroke prognosis. Calibration was
evaluated using a reliability diagram and Expected Calibration Error (ECE) to assess the reliability of estimates
of the relationship between predicted and actual outcomes.

In this work [13], 10 different machine learning classification algorithms, namely LR, DT, NB, RF,
ANN, KNN, GB, SVM, AB, and ET, are implemented to select the best model for early and accurate detection
of heart disease [14, 15]. To assess the performance of classification algorithms, various evaluation metrics
were used, including accuracy, sensitivity, specificity, AUC, F1-score, MCC, and ROC curve. However, further
optimization can be explored to achieve more accurate results.

In this approach [16, 17], DWI and FLAIR images from consecutive patients with acute ischemic
stroke were analyzed using an automated image-processing method. The approach uses three machine learning
models named support vector machine, random forest and logistic regression for binary classification. To
evaluate the performance of ML models, the sensitivity and specificity for identifying patients within 4.5 hours
were compared with those of human readings of DWI-FLAIR mismatch. However, the proposed method has a
few limitations, such as relatively small patient populations and the lack of an appropriate sample size.

According to medical professionals, abnormal bio signals are also considered to be a major indication
of potential stroke. In [18], the authors proposed a system based on ML and deep learning algorithms that
measures and accurately assesses biosignals in real time, helping patients receive appropriate treatment quickly.

From the existing literature, it was found that there is no ML-based alert system that covers all age
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groups and predicts heart attack and brain stroke using machine learning algorithms [19-21]. Our proposed
Al-based alert system uses support vector machine and XGBoost models to alert a patient to a heart attack or a
brain stroke in a timely manner [22], so that appropriate medication and steps can be taken.

3. METHODOLOGY

This study employed a quantitative data science approach to analyze the occurrence of heart attacks
and brain strokes across early, middle, and late age groups. The research focused on identifying major health-
related factors contributing to cardiovascular and neurological diseases while evaluating the effectiveness of
machine learning algorithms in disease prediction [23]. Secondary datasets were utilized from publicly avail-
able medical repositories related to heart disease and brain stroke prediction [24]. The heart disease dataset
consisted of several clinical and lifestyle-related variables, including sex, age, smoking habits, cigarettes per
day, blood pressure, diabetes, hypertension, cholesterol level, body mass index (BMI), and glucose level. Mean-
while, the brain stroke dataset included variables such as age, NIHSS, mRS, systolic blood pressure, diastolic
blood pressure, glucose level, paralysis condition, smoking status, BMI, and cholesterol level.

The collected datasets were analyzed using supervised machine learning techniques, namely Support
Vector Machine (SVM) and Extreme Gradient Boosting (XGBoost) classifiers. Before model implementa-
tion, the datasets were processed through data cleaning and feature preparation stages to ensure consistency
and improve predictive performance. SVM was selected due to its strong capability in handling classification
problems with high-dimensional medical data, while XGBoost was utilized because of its efficiency and ro-
bustness in predictive analytics. The experimental process aimed to compare the predictive performance of
both algorithms in detecting the risk of heart attack and brain stroke occurrences among different age groups.

The analysis results were further utilized to support the proposed development of an Al-based alert
system and mobile healthcare application intended to assist early detection and preventive healthcare manage-
ment for heart attacks and brain strokes.

4. EXPERIMENTAL ANALYSIS

The role of technology in health care can’t be underestimated [25]. Machine learning-based tech-
niques are widely used for data analysis. Using support vector machine and XGBoost classifier to study heart
stroke and brain stroke. There are various datasets available for this analysis. An early heart disease detection
dataset based on various features is available here: GitHub Heart-Disease-Risk-Prediction. There are following
features used to analyze heart attack.

1. Sex

2. Age

3. Current Smoker
4. Cigarettes per Day
5. Blood pressure
Diabetes
Hypertension

Cholesterol Level

© © =2

Body Mass Index
10. Glucose Level

Brain stroke is even more serious cause of deaths across the world. As heart failure prediction as
prevention, our motive is to analyze brain stroke too. Data link for brain stroke prediction is as follows: Dataset
Stroke Analysis. There are various features taken for brain stroke analysis.

1. Age
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NIHSS
mRS

L

Systolic Blood pressure

hd

Diastolic Blood pressure
Glucose
Paralysis

Smoking

A S

BMI
10. Cholesterol

These variables were selected because they represent major cardiovascular risk factors commonly
associated with heart disease occurrence. Meanwhile, the brain stroke dataset consisted of variables such
as age, NIHSS score, mRS score, systolic blood pressure, diastolic blood pressure, glucose level, paralysis
condition, smoking status, BMI, and cholesterol level. The inclusion of these variables enabled the models to
learn complex relationships between patient health conditions and the probability of stroke occurrence.

Before model implementation, the datasets underwent preprocessing procedures to improve data qual-
ity and ensure reliable experimental outcomes. The preprocessing stage involved handling missing values,
normalizing numerical attributes, organizing categorical data, and selecting relevant features to reduce data
inconsistency and noise. Feature preparation is considered essential in healthcare machine learning because
medical datasets often contain heterogeneous and highly sensitive clinical information. After preprocessing,
the datasets were divided into training and testing sets to evaluate the predictive capability of the proposed
algorithms objectively.

Support vector machine and XGBoost classifier are used to make the analysis. Figure 1 and Figure 2
shows the general architecture of Support vector machine and XGBoost classifier. We achieved 99.5% and
94.3% accuracy on above mentioned datasets using SVM and XGBoost respectively. SVM performs better
than XGBoost.

Bias b

Figure 1. Support Vector Machine Architecture

The network topology illustrated in figure 1 represents a structural diagram of a Support Vector Ma-
chine (SVM) configuration tailored for non-linear regression, commonly referred to as Support Vector Regres-
sion (SVR), which shares an architectural paradigm with Radial Basis Function (RBF) networks. The network
comprises three fundamental layers: the input layer, the hidden layer, and a singular output neuron. The in-
put vector X, consisting of elements ranging from x; through x,, is fed directly into the input layer without
any weight transformations. These inputs are subsequently mapped onto a high-dimensional feature space
within the hidden layer via a series of kernel functions, denoted as K (x;,x). This kernel mapping enables
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the network to effectively handle non-linear decision boundaries by computing the inner products or similarity
measures between the input vector and the predetermined support vectors.

In the subsequent feedforward phase, the outputs generated by the hidden nodes are modulated by
the network weights before converging at the output layer. Specifically, these connection weights are defined
by the Lagrange multipliers (a; — «), which represent the dual parameters optimized during the training
phase to establish the regression hyperplane. Concurrently, a structural bias b, scaled by a constant weight of
1.0, is directly integrated into the output neuron to shift the regression function appropriately. Ultimately, the
output neuron aggregates the weighted linear combination of the kernelized hidden outputs along with the bias
term, yielding the final predicted estimate 7. This systematic integration of localized kernel transformations
and global linear aggregation forms the mathematical backbone essential for robust generalization in complex
predictive modeling tasks.
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Figure 2. XGBoost Architecture

The provided diagram illustrates the architecture of a Gradient Boosting Decision Tree (GBDT) en-
semble method, a powerful machine learning framework widely used for regression and classification tasks.
The model processes the input feature vector and corresponding target variables, denoted as (z, y), by sequen-
tially constructing a series of base learners represented as Tree 1, Tree 2, through Tree n. Unlike traditional
bagging approaches that build trees independently, this sequential boosting mechanism fits each subsequent
tree to the residuals or pseudo-residuals left unresolved by the preceding iterations.

The transition functions f1, fo, ..., f,—1 represent the incremental optimization steps where each new
tree aims to minimize the overall loss function relative to the prior ensemble’s predictions.

Ultimately, the final predictive model aggregates the outputs from all individual decision trees to
generate the definitive outcome. As mathematically formulated in the diagram, the final prediction ¢ is obtained
through the additive summation of the functions of the input data across all n trees, expressed as:

§=> frlx) )
k=1

This collective aggregation effectively combines multiple weak learners into a single, highly robust predictive
model. The final Result yields a significantly optimized prediction that minimizes variance and bias, making
this framework highly effective for handling complex, non-linear datasets in scientific applications.

5.  MANAGERIAL IMPLICATIONS

The findings of this study provide important managerial implications for healthcare institutions, poli-
cymakers, and digital health technology developers. The high predictive performance achieved by the Support
Vector Machine model demonstrates the potential of artificial intelligence-based systems in supporting early de-
tection and preventive healthcare strategies for heart attacks and brain strokes across different age groups. Hos-
pitals and healthcare providers can utilize Al-driven predictive systems to improve clinical decision-making,
prioritize high-risk patients, and enhance preventive treatment planning. Furthermore, the proposed mobile-
based alert system can support public health awareness by enabling continuous monitoring of critical health
indicators such as blood pressure, glucose level, BMI, smoking behavior, and cholesterol level. From a
strategic perspective, integrating machine learning into healthcare services may help reduce emergency cases,
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lower healthcare operational costs, and improve patient outcomes through earlier intervention and personalized
healthcare recommendations.

6. CONCLUSION

Heart attacks and brain strokes have become major global health challenges affecting not only older
adults but also middle-aged and younger populations. This study investigated the transition of cardiovascular
and neurological disease risks across different age groups using a data science perspective. By analyzing
multiple clinical and lifestyle-related variables, the research identified important health indicators associated
with disease occurrence, including blood pressure, glucose level, cholesterol level, smoking behavior, BMI,
and diabetes conditions. The study highlights the importance of utilizing machine learning technologies to
support early disease prediction and preventive healthcare management.

The experimental analysis employed two machine learning algorithms, namely Support Vector Ma-
chine (SVM) and XGBoost classifiers, to evaluate predictive performance on heart attack and brain stroke
datasets. The results demonstrated that SVM achieved superior performance with an accuracy of 99.5%, while
XGBoost achieved 94.3% accuracy. These findings indicate that machine learning models, particularly SVM,
can effectively support disease classification and risk prediction in healthcare environments. The study also
confirms that Al-based approaches have significant potential to improve the accuracy and efficiency of early
medical diagnosis systems.

Furthermore, this research contributes to the development of an Al-based alert system and mobile
healthcare application designed to support timely preventive actions for patients at risk of heart attacks and
brain strokes. The proposed system may assist healthcare professionals and individuals in monitoring health
conditions continuously and identifying warning symptoms before diseases become severe. Future work will
focus on expanding the dataset through collaboration with hospitals and healthcare institutions, incorporating
additional clinical features, and evaluating other variants of SVM and advanced machine learning models to
improve prediction robustness and real-world healthcare implementation.
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