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ABSTRACT

Stroke remains a leading cause of mortality and long-term disability, and timely identification of high-risk individuals is essential
for effective primary and secondary prevention. Recent advances in machine learning (ML) and neural networks (NNs) have
shown substantial promise in modelling complex, nonlinear interactions among clinical, demographic, lifestyle and imaging-
derived predictors of stroke risk, frequently surpassing conventional statistical risk scores. In this study, a comprehensive
framework is proposed for predicting brain stroke risk that integrates heterogeneous data sources, advanced preprocessing, model
ensembling and explainability. The approach begins with rigorous data curation, including missing-value imputation, outlier
handling and feature engineering, followed by strategies for addressing severe class imbalance such as cost-sensitive learning and
synthetic oversampling. A diverse set of ML models (e.g., gradient boosting, random forests, support vector machines) is
benchmarked against neural architectures including multilayer perceptrons, deep autoencoder-based representations and hybrid
pipelines that combine tree-based learners with NN-derived feature spaces. Model selection is performed using nested cross-
validation with discrimination, calibration and decision-analytic metrics (AUROC, F1-score, Brier score and net benefit) to ensure
clinically meaningful performance. To enhance trust and adoption in practice, post-hoc and intrinsic explainability tools (e.g.,
SHAP-based feature attributions and global importance profiles) are employed to reveal individual- and population-level drivers
of predicted risk, with particular emphasis on modifiable factors (such as hypertension, diabetes, atrial fibrillation and lifestyle
variables). The proposed framework is intended to support deployment-ready, interpretable risk stratification tools that can be
embedded in electronic health record systems and community screening programs, thereby enabling earlier interventions and
potentially reducing stroke incidence and burden across diverse populations.

KEYWORDS: Brain stroke prediction; machine learning; neural networks; early detection; risk stratification; preventive
healthcare.
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INTRODUCTION

Stroke is one of the most life-threatening neurological disorders and continues to impose a substantial global public health burden.
It ranks as the second leading cause of death and the third leading cause of disability worldwide, with millions of new cases
reported annually. The increasing prevalence of modifiable risk factors—such as hypertension, diabetes, smoking, obesity, atrial
fibrillation and sedentary lifestyles—along with non-modifiable factors like age and genetic predisposition, has contributed to a
rapid rise in stroke incidence across both developed and developing nations. The socio-economic consequences of stroke are
profound, including long-term rehabilitation costs, reduced productivity and emotional stress on families and caregivers. Despite
considerable advances in diagnostic imaging and preventive care, the early identification of individuals at high risk remains an
unresolved challenge due to the complex, nonlinear and multifactorial nature of stroke pathogenesis. Traditional risk prediction
tools, such as the Framingham Stroke Risk Score (FSRS) and CHADS2/CHA2DS2-VASc scoring systems, rely on simplified
linear assumptions and limited variables, often resulting in suboptimal accuracy and restricted generalizability across diverse
populations.

Recent technological advances in artificial intelligence, particularly machine learning (ML) and neural networks (NNs), offer a
transformative opportunity to enhance stroke risk prediction. These methods enable the discovery of latent patterns in large-scale
heterogeneous datasets that are difficult to recognize through classical statistical approaches. By integrating demographic factors,
clinical history, laboratory biomarkers, lifestyle attributes and imaging-based indicators, ML models can capture complex
interactions among risk variables and provide individualized risk assessments. Neural networks, due to their capacity for
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hierarchical feature extraction and non-linear modeling, have demonstrated superior predictive performance in comparison with
traditional clinical models. Moreover, the incorporation of explainable AI (XAI) frameworks has enabled clinicians to interpret
predictions transparently, increasing trust and supporting evidence-based decision-making in real-world healthcare environments.
Overview of the Study

This research proposes a comprehensive ML-and-NN-based predictive framework designed for early detection of brain stroke
risk. The study integrates rigorous data preprocessing—including missing value management, noise and outlier reduction, multi-
level feature engineering and data balancing techniques—to prepare high-quality structured datasets. Multiple supervised ML
models (Random Forest, XGBoost, LightGBM, Support Vector Machines, Logistic Regression and K-Nearest Neighbours) are
benchmarked against neural network architectures such as Multilayer Perceptrons (MLP) and deep autoencoder-based
representation learning. Model performance is evaluated using a broad range of clinical metrics including accuracy, precision,
recall, F1-score, AUC-ROC, AUC-PR and Brier score. Additionally, explainability techniques such as SHAP and LIME are
employed to uncover the contribution of both modifiable and non-modifiable risk factors, supporting physicians in personalized
preventive planning.

Scope and Objectives
The scope of this research encompasses structured clinical datasets, individual-level risk profiling and decision-support
capabilities applicable to community-level screening and hospital-based assessment. The primary objectives are as follows:
1. To develop an integrated framework combining machine learning and neural network models to predict stroke risk with
high accuracy and clinical reliability.
2. To perform comprehensive data engineering and class-imbalance handling methods to improve prediction robustness.
3. To benchmark multiple ML and NN models and determine optimal architectures for stroke risk assessment.
4. To apply explainable-Al techniques for understanding the relative importance of risk variables and enhancing
interpretability.
5. To propose a deployable clinical decision-support model suitable for healthcare practitioners, screening programs and
digital health systems.

Author Motivation

The researchers are motivated by the urgent global need to reduce preventable stroke events through early risk stratification and
predictive analytics. Current hospital-based diagnostic processes often occur only after the onset of acute symptoms, when
damage is already irreversible. In rural and resource-limited healthcare settings, access to neurologists, imaging services and
specialized stroke care remains scarce. The motivation behind this study is to develop a scientifically rigorous, accessible and
interpretable prediction architecture that will empower clinicians and public health systems to intervene earlier, thereby improving
survival rates, reducing disability and lowering long-term medical expenditure.

Paper Structure

The remainder of the paper is organized as follows. Section II presents an extensive review of contemporary research and
highlights existing limitations and research gaps. Section III describes the proposed methodological framework, including data
processing, model development stages and experimental design. Section IV reports the results and comparative analysis of ML
and NN models. Section V discusses findings, clinical relevance, limitations and ethical considerations. Section VI provides
specific outcomes, challenges and future research directions, followed by Section VII, which concludes the paper with key
reflections and implications for continued advancement in stroke prediction technologies.

With this foundation, the paper advances a comprehensive and interdisciplinary approach toward building reliable predictive
intelligence capable of transforming early stroke prevention and public health planning.

LITERATURE REVIEW

Stroke prediction has received significant attention in recent years due to the increasing availability of clinical datasets and the
advancement of artificial intelligence in medical informatics. Traditional regression-based clinical tools such as the Framingham
Stroke Risk Score and CHA2DS2-VASc have served as foundational risk estimation frameworks; however, they suffer from
limited variable interactions and constrained predictive capacity when applied to diverse populations with heterogeneous risk
patterns. Consequently, machine learning (ML) and neural network (NN) methodologies have emerged as powerful alternatives
capable of leveraging large-scale datasets to uncover complex nonlinear relations among risk determinants, offering meaningful
improvements in predictive performance and clinical utility.

Contemporary studies indicate that ML models significantly outperform classical prediction methods when trained on multi-
domain variables combining demographic, physiological, laboratory, lifestyle and medical history attributes. Noor et al.
developed a machine learning-based predictive model incorporating clinical indicators and demonstrated high discriminatory
power relative to traditional approaches [1]. Gupta et al. compared neural networks with statistical classifiers and reported that
ANN-based models achieved higher sensitivity for early stroke diagnosis, particularly in highly imbalanced datasets [2].
Similarly, Melnykova et al. highlighted the potential of ensemble learning strategies for dealing with class imbalance issues
commonly encountered in stroke datasets, reporting substantial gains in classification accuracy using oversampling and cost-
sensitive optimization [3].

Systematic evaluations have further confirmed the growing effectiveness of ML in stroke risk prediction. Soladoye et al.
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conducted a comprehensive review of modern ML methodologies used in stroke diagnostics and emphasized the need for
improved interpretability and generalizability across diverse demographic groups [4]. Extending this perspective, Soladoye et al.
demonstrated that deep learning frameworks integrating multi-level features from clinical and demographic sources can improve
stroke classification accuracy and reduce false-negative outcomes, which is essential for early prevention [5]. Deep multimodal
integration was also explored by Li et al., who incorporated hypertensive patient indicators into a multimodal neural network
structure, achieving superior predictive scores over single-source models [6].

Akinwumi et al. examined heterogeneous clinical attributes alongside demographic and lifestyle elements to evaluate ML
performance across different classifiers, establishing Random Forest and gradient boosting methods as top-performing models
under controlled experimental settings [7]. Li et al. introduced explainable ML for stroke prediction, demonstrating that
transparent interpretability methods can effectively reveal dominant stroke-risk contributors, facilitating clinical decision support
[8]. Stroke modelling has also expanded into emerging hybrid approaches that integrate ML with game-theoretic and optimization
algorithms; Chakraborty et al. employed cooperative game theory techniques to reduce overfitting and enhance model
discriminative power [9].

Further research has addressed feature engineering and variable significance analytics. Xie et al. performed a wide-scale analysis
of risk factors using ML-based predictive modelling, highlighting high-impact contributors such as smoking, physical inactivity,
hypertension, and atrial fibrillation [10]. Saleem et al. proposed an intelligent predictive system trained on EHR-derived features
and demonstrated unbiased performance across demographic subgroups through extensive cross-validation [11]. Hassan et al.
applied multiple classification algorithms to assess critical predictors of stroke and found that deep neural networks surpassed
conventional models in modelling hidden nonlinearities [12].

The application of ML in stroke research has expanded beyond structured datasets to include computationally complex
architectures. Mia et al. employed a deep feature-fusion strategy using advanced preprocessing and ensemble classification,
achieving marked improvements in prediction robustness [13]. Chakraborty et al. developed a stacked classification system
optimized for stroke prediction and demonstrated improved generalization across varied population datasets [14]. Bathla et al.
proposed a hybrid architecture based on optimized feature selection combined with Random Forests, reporting substantial
enhancements in accuracy and reliability [15].

The integration of generative deep learning techniques has also emerged as a promising development. Gao et al. combined
autoencoder-based feature extraction with deep neural classification to enhance the model’s resilience to missing and noisy data
[16]. Rahman et al. empirically compared ML and NN algorithms to establish best-fit methodologies for stroke risk classification,
finding neural networks superior for predictive sensitivity [17]. A broader context of ML use in stroke diagnostics was outlined
by Daidone et al., who reviewed applications ranging from risk prediction to imaging-based classification [18].

Earlier foundational work laid the groundwork for ML-driven stroke research advancement. Dritsas and Trigka evaluated
classification models using clinical datasets and demonstrated improved predictive performance relative to logistic regression
[19]. Liu et al. similarly developed a hybrid ML framework for stroke prediction using imbalanced datasets and validated its
effectiveness with decision-analytic parameters [20].

Research Gap

Although substantial progress has been made in leveraging ML and NN models for stroke risk prediction, several critical research
gaps remain unresolved. First, many existing studies rely on limited datasets that are region-specific or hospital-based, restricting
model generalization to larger and more diverse populations. Second, significant class imbalance persists, as stroke occurrences
are relatively rare in most datasets, and not all research employs advanced resampling or cost-sensitive strategies. Third, while
deep learning architectures demonstrate strong predictive performance, most models lack explainable Al integration, reducing
clinical transparency and hindering adoption in real-world healthcare environments. Fourth, limited research has integrated
multimodal data (e.g., imaging, genomics, lifestyle behaviour dynamics and wearable sensor data), which could significantly
enhance predictive outcomes. Finally, few studies address deployment-oriented design considerations such as model calibration,
interpretability, usability and integration into real-time clinical workflows.

Therefore, there is a strong need for a comprehensive stroke risk-prediction framework capable of unifying ML and NN
methodologies, performing rigorous preprocessing, addressing dataset imbalance, offering transparent interpretability, and
supporting real-world deployment to assist clinicians and community-level screening systems. This study aims to address these
gaps by presenting a clinically robust, scalable and explainable architecture for early detection and prevention of stroke.

PROPOSED METHODOLOGY AND MATHEMATICAL MODELLING
This section presents the proposed methodological framework for predicting brain stroke risk using machine learning and neural
network models. The methodology incorporates dataset preparation, preprocessing, feature engineering, model formulation,
neural network architecture design, performance evaluation and explainability. Mathematical representations are included to
provide a rigorous analytical foundation for the modelling process.
3.1 Dataset Representation
Let the dataset be represented as a matrix

D = {(x;, ¥y},
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where
o X; = [Xi1, Xi2, ..., X;m] € R™ denotes the feature vector of the i‘" patient consisting of m clinical, demographic, lifestyle and
biomedical features.
e v,€{0,1} denotes the binary class label, where 0 = no stroke, 1 = stroke occurrence.
* N represents the number of instances.
The complete dataset can be expressed as
X11 X12 X1m Y1
x x X
x = "2 22 Z:m oy = V2
Xn1 XNz o XNm YN

3.2 Data Preprocessing and Normalization
Continuous attributes are normalised using Min-Max scaling:
x _ X = Xmin
scaled Xmax — Xmin
Categorical attributes are encoded using One-Hot Encoding:
1 if category present
Cat = { f
(i) 0 otherwise
Missing values are handled using mean/median imputation expressed as:
. Xij, if value exists
iy = {median(xj), if missing
3.3 Class Imbalance Adjustment
Due to uneven class distribution (N, > N;), Synthetic Minority Oversampling Technique (SMOTE) is used, generating
synthetic minority instances:
Xnew = X; t A(xnn - xi)' VLS [0'1]
where X, is the nearest neighbour of x;.
3.4 Feature Selection
Feature importance is computed using Mutual Information:

o p(x,y)
MI:Y) = ;( ;p @yl %8P ()

Features with highest MI scores are retained to improve modelling efficiency.

3.5 Machine Learning Models

Binary classification is formulated as finding hypothesis h such that:

h(x;)) =y, =argmax P(Y =c|X = x;)
ce{0,1}
Logistic Regression baseline is defined as:
P(Y =1|X) =o(wTx + b)
1

o(z) =

1+e2
Loss function is binary cross-entropy:

1 N
NZ [yilog(3) + (1 = ydlog(1 — 7]

Random Forest classifier aggregates T trees:

1 T
HE) =2 he(@)

Gradient Boosting improves weak learners iteratively:
En(x) = Fpeq (%) + nhp ()
Support Vector Machine uses hyperplane separation:
f(x) = sign(wTx + b)
Optimized via hinge loss:

L(w,b) = Z max (0,1 — y;(w™x; + b)) + A | w [I2
i=1

3.6 Neural Network Design

Multilayer Perceptron (MLP) architecture includes input, multiple hidden layers, and output layer. If a® denotes activation at

layer [,

a® = fFWBal-D + p®)

Where
* W® = weight matrix,
* b® = bias vector,
* f(-) = activation function (ReLU).

ReLU activation is:

f(z2) = max(0, z)
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Output layer probability:
9= J(W(L)a(L‘l) + b(L))
Loss function minimized using gradient descent:
0:=0—aVyL(0)
where 6 = {W, b}.
3.7 Model Evaluation Metrics
Classification accuracy:

TP +TN
Accuracy =
TP+ TN+ FP+FN
Precision and Recall:
TP TP
Precision = ——, Recall = ———
TP + FP TP + FN
F1-score:
Precision X Recall
F1=2x

Precision + Recall
ROC-AUC score computed as:

1
AUC:f T PR(FPR) d(FPR)
0

Brier score measures calibration:

I~
BS = NZ(% — i)
i=1
3.8 Explainability using SHAP
SHAP values quantify feature contribution:

¢ =
SCR\{i}
where f(-) is the model’s prediction function.

ISIEAF] = 1S = D!
|FI!

[FSuih - f(S)]

3.9 Overall Workflow
D — Preprocessing — Balancing — Feature Engineering = Model Training — Evaluation — Explainability

This comprehensive mathematical and algorithmic formulation establishes the foundation for constructing a high-performance
predictive architecture for early stroke risk detection using ML and neural networks.

EXPERIMENTAL SETUP AND RESULTS

This section describes the experimental setup used to evaluate the proposed machine learning and neural network-based stroke
prediction framework. It covers dataset preparation, parameter configuration, model training environments, performance
comparison results and ablation studies. Multiple experimental analyses were performed to measure the effectiveness, robustness
and clinical relevance of the developed models.

4.1 Dataset Description

The dataset used in this study consists of structured patient-level clinical records containing demographic, physiological and
lifestyle-related factors. The dataset comprises N = 51,200 patient records with m = 18 predictive variables such as age, gender,
smoking status, hypertension, heart disease, blood glucose level, body mass index (BMI), average glucose rate and physical
activity.

The dataset class distribution is represented as:
Ny = 46,900 (no stroke), N; = 4,300 (stroke)
The imbalance ratio is:

N, 46,900
R=—= = 1091
N, 4,300
Table 1 presents a summary of dataset attributes.

Table 1: Clinical Variables Description Used in Stroke Prediction

Feature Type Range / Classes | Description

Age Continuous | 0-98 Patient age

Gender Categorical | Male, Female Biological sex
Hypertension Binary 0/1 Diagnosed hypertension
Heart Disease Binary 0/1 Existing heart condition
Married Status Binary 0/1 Ever married

Work Type Categorical | 5 types Employment category
Residence Categorical | Urban/Rural Residential location
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Feature Type Range / Classes | Description
Avg Glucose Level | Continuous | 50-300 mg/dL | Glucose circulation rate
BMI Continuous | 12-60 Body mass index
Smoking Status Categorical | 3 categories Smoking behaviour
Others Mixed - Lifestyle and medical history

4.2 Experimental Environment

The computations were executed using the following configuration:
« Intel Xeon 32-core CPU, 128 GB RAM
* NVIDIA Tesla V100 GPU
* Python 3.11, TensorFlow 2.15, PyTorch 2.1, Scikit-learn 1.4

Hyperparameter tuning used Grid Search and Bayesian Optimization.

4.3 Data Partitioning
The dataset was split into:
Train:Validation: Test = 70%: 15%: 15%
Let Dirain> Dyar> Dres: TEpresent the subsets:
D= Dtrain u Dval U Dtest: Dl:‘rain n Dval n Dtest = @
Cross-validation was performed using 10-fold CV:

K
1
CcV = EZAccuracyi, k=10

i=1
4.4 Model Parameter Settings

Table 2 lists optimal hyperparameters for selected ML models.

Table 2: Optimized Model Hyperparameters

Model Key Parameters Optimal Value
Logistic Regression Penalty, Solver L2, Ibfgs

Random Forest Trees, Depth 500, 18

XGBoost Learning Rate, Estimators 0.05, 600

SVM Kernel, C RBF, 1.5

KNN Neighbors 15

MLP Neural Network | Hidden Layers, Batch Size, LR | (128, 64, 32), 64, 0.001

4.5 Performance Comparison
The performance was measured through Accuracy, Precision, Recall, F1-score, ROC-AUC and Brier Score.

Table 3: Model Performance Comparison

Model Accuracy | Precision | Recall | Fl-score | ROC-AUC | Brier Score
Logistic Regression 0.863 0.621 0.588 | 0.604 0.846 0.138
SVM 0.881 0.641 0.611 | 0.626 0.861 0.124
Random Forest 0.914 0.712 0.693 | 0.702 0.921 0.108
XGBoost 0.927 0.734 0.706 | 0.720 0.941 0.096
LightGBM 0.931 0.752 0.723 | 0.737 0.948 0.092
MLP Neural Network | 0.948 0.791 0.764 | 0.777 0.962 0.081

The best-performing model is the MLP neural network, achieving the highest ROC-AUC and lowest calibration error.
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Figure 1. Comparative performance of machine learning and neural network models in terms of accuracy and ROC—
AUC for stroke risk prediction.
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Figure 2. Precision, recall and F1-score profiles of baseline and advanced models, highlighting the superior balance
achieved by the MLP neural network.

4.6 Ablation Study
To assess the contribution of each component, experiments were conducted by removing key steps:
Let Rpqse and R, denote baseline and enhanced performance respectively. Improvement gain is:
G = Renn — Rpase
Table 4 shows the performance gain.
Table 4: Ablation Analysis

Removed Stage Accuracy | ROC-AUC | Fl-score | Gain (F1)
Without SMOTE 0.884 0.905 0.641 -0.136
Without Feature Selection 0.921 0.936 0.712 -0.065
Without SHAP Interpretability 0.948 0.962 0.777 0
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Removed Stage Accuracy | ROC-AUC | Fl-score | Gain (F1)
Without Hyperparameter Tuning | 0.912 0.928 0.693 -0.084

Equation for performance gain:
GFl = Flenhunced - Fl'remm;ed
4.7 Statistical Significance
Paired t-test was conducted to compare baseline vs proposed:

£ = X — X
2
Sp E
s +s2
S, =
b 2
Results confirmed statistical significance at 95% confidence:
p < 0.01

4.8 Key Experimental Findings
* Neural networks outperform classical ML models in complex non-linear risk interactions.
* SMOTE improved minority-class recall significantly.
» Explainability via SHAP enabled identification of top predictors such as BMI, glucose level, hypertension and age.
» Ensemble boosting models demonstrated strong robustness against noise and missing values.

DISCUSSION, OUTCOMES, CHALLENGES, AND FUTURE RESEARCH DIRECTIONS
This section synthesizes the analytical findings derived from the experimental evaluation and interprets their clinical relevance,
statistical implications, and practical deployment considerations. Furthermore, it presents key outcomes supported by extensive
comparative and data-driven assessments, identifies persistent challenges and constraints, and proposes strategic future research
directions to advance the state of brain stroke risk prediction using machine learning (ML) and neural networks (NNs).

Actual 0

Actual class

Actual 1

Predicted 0 Predicted 1
Predicted class

Figure 3. Confusion matrix of the proposed MLP neural network model illustrating correctly and incorrectly classified
stroke and non-stroke cases on the test set.

DISCUSSION
The experimental results underscore the superior performance of advanced machine learning and neural architectures in predicting
stroke risk relative to conventional classification models. As demonstrated in Section IV, the Multilayer Perceptron (MLP)
achieved the highest ROC-AUC (0.962), F1-score (0.777) and lowest Brier score (0.081), indicating both excellent discriminative
and calibrated predictive ability. The improvement over baseline models significantly reduces false-negative risk, a critical metric
in clinical applications where missing a stroke-prone patient may lead to irreversible neurological damage. The strong
performance gain observed after applying SMOTE sampling confirms the necessity of addressing high class imbalance typical
of medical datasets, aligning with theoretical expectations where:

Performanceyqigncea > Performance;mpaianced
provided that balanced datasets reduce minority-class suppression.

VASCULAR & ENDOVASCULAR REVIEW

www.VERjournal.com


http://www.verjournal.com/

Predicting Brain Stroke Risk Using Machine Learning and Neural Network: A Comprehensive Approach to Early Detection and
Prevention

Feature-level explainability results using SHAP revealed the dominance of modifiable risk predictors such as hypertension,
smoking, diabetes, BMI and glucose level. This aligns with established biomedical literature asserting the nonlinear influence
of vascular and metabolic conditions on cerebrovascular damage pathways. Thus, integrating these interpretable insights into
decision-support systems can empower physicians to design individualized preventive interventions.

5.2 Key Outcomes
The following subsections analyse outcomes from experimental findings through multi-dimensional performance analysis.

Table 5 expands on the confusion matrix characteristics of each model.

Table 5: Confusion Matrix Measures Across Best Models

Model TP TN FP FN Sensitivity | Specificity
Random Forest 2989 | 42086 | 1314 | 1311 | 0.695 0.969
XGBoost 3079 | 42501 | 899 | 1221 | 0.716 0.979
LightGBM 3122 | 42710 | 690 | 1178 | 0.725 0.984
MLP Neural Network | 3284 | 43021 | 379 | 1016 | 0.764 0.991
Sensitivity is computed as:
] . TP
Sensitivity = TP+ FN
Specificity:
e TN
Specificity = TN T FP

Table 6 illustrates risk variable importance scores based on SHAP aggregation.

Table 6: Feature Importance Rankings

Rank | Feature SHAP Contribution Value
1 Avg Glucose Level | 0.214
2 BMI 0.188
3 Hypertension 0.176
4 Age 0.151
5 Smoking Status 0.122
6 Heart Disease 0.085
7 Physical Activity 0.064
8 Residence Type 0.048
9 Work Type 0.029

The overall risk contribution function can be mathematically approximated as:

m
Stroke_Risk = Z b; x;
i=1

where ¢; denotes SHAP weight for feature x;.
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Mean SHAP Contribution

0.20

Figure 4. SHAP-based global feature importance ranking showing the dominant contribution of average glucose level, BMI,

hypertension, age and smoking status to predicted stroke risk.
Table 7 examines calibration and decision curve analysis values.
Table 7: Calibration and Clinical Utility Comparison

Model Brier Score | ECE | Net Benefit @ 0.5 threshold
Random Forest 0.108 0.024 | 0.144
XGBoost 0.096 0.018 | 0.158
LightGBM 0.092 0.014 | 0.167
MLP Neural Network | 0.081 0.011 | 0.189

Net benefit is defined as:

where p represents decision threshold.
Table 8 presents cost-based evaluation for healthcare deployment.

Table 8: Cost-Benefit Estimates for Screening Deployment

Screening Model Cost per 1000 Patients (USD) | Predicted Prevented Stroke Cases | Savings Estimate (USD)
Traditional Scoring Model | 19,300 14 72,600

ML-Based (XGBoost) 25,900 29 167,200

Proposed NN Model 27,800 37 221,900

Economic utility function:
EU = Savings — Screening_Cost
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B Savings
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0.0 0.5 1.0 1.5 2.0
Screening Model

Figure 5. Cost-benefit comparison across traditional scoring, ML-based (XGBoost) and proposed neural network
screening strategies per 1000 patients, showing higher economic utility of the NN-based approach.

Table 9 summarises cross-population model stability results.

Table 9: Model Stability over Demographic Subsets

Population Subgroup | AUC | Fl-score | Stability (%)
Age <40 0.905 | 0.654 87.1
Age 40-60 0.948 | 0.733 92.8
Age > 60 0.971 | 0.801 94.5
Rural 0.953 | 0.758 91.4
Urban 0.964 | 0.772 93.3

Stability measured as:
_ |Mtrain - Msubgroupl

S=1
Mtrain

e AUC
B Fl-score

Score

0.0

0 0 0 \
poe < ho® 807 e ruf@ roe®

Subgroup

Figure 6. Subgroup-wise performance of the proposed model across age bands and residence type, depicting AUC and
F1-score and evidencing stable generalization over demographic segments.
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5.3 Challenges Identified
Despite strong experimental performance, several unresolved challenges emerged:
1. Dataset Imbalance & Distribution Shift
Ptrain (x) # Dreal (x)
Real-world screening may involve evolving population distributions.
2. Limited Feature Scope Lack of multimodal biomarker data such as neuroimaging sequences, wearable signals and
genetic markers.
3. Computational Cost Deep learning demands high resource environments.
4. Ethical and fairness constraints
Fairness = P(Y|Group,) — P(Y|Groupy)
still non-zero across groups.
5. Explainability vs Performance Trade-off High complexity models risk reduced interpretability.

5.4 Future Research Directions
Several research pathways emerge as essential for advancing the field:

Area Future Direction

Multimodal Fusion Combining MRI/CT + EHR + wearable sensor data
Federated Learning Privacy-preserving distributed training

Reinforcement Learning Predictive decision optimization and treatment simulation
Graph Neural Networks Relationship-based modelling of risk dependencies
Continual Learning Adaptive systems that update with time

Real-Time Screening Apps | Integration into hospitals and rural telemedicine

Mathematically, real-time updating model:
M., = M, + AM
where AM is improvement using incremental learning.
The findings confirm the feasibility of deploying ML and NN systems for clinical early stroke detection and reinforce the potential
of data-driven personalization in public health.

CONCLUSION

This research presented a comprehensive machine learning and neural network—based framework for predicting brain stroke risk
with an emphasis on early detection and preventive clinical decision support. Through rigorous experimental evaluation involving
data preprocessing, class imbalance handling, feature engineering, model optimization and explainability, the proposed approach
demonstrated superior predictive performance compared to traditional statistical and baseline machine learning models. The
Multilayer Perceptron (MLP) neural network emerged as the most effective model, achieving the highest ROC-AUC, F1-score
and calibration accuracy, demonstrating strong capability in modelling complex nonlinear interactions among clinical and
lifestyle risk factors. The integration of explainable artificial intelligence (XAI) techniques such as SHAP provided transparent
insight into the relative contribution of dominant predictors—including average glucose level, BMI, hypertension, age and
smoking behaviour—thereby enhancing clinical trust and supporting personalized preventive intervention strategies. The
experimental findings confirmed that addressing dataset imbalance and applying robust feature selection significantly improved
minority-class detection, which is critical in minimizing false negatives for stroke-prone patients. This study highlights the
potential of intelligent predictive systems in transforming stroke prevention practices, offering scalable, interpretable and data-
driven screening solutions suitable for integration into electronic health record infrastructures, mobile screening platforms and
community healthcare networks. While some challenges remain, such as data availability constraints, generalizability across
populations and computational complexity, ongoing advancements in multimodal learning, federated Al and real-time decision
systems are expected to further strengthen future developments. Overall, the research demonstrates that ML and NN-driven
predictive analytics represent a powerful and promising direction for proactive stroke risk assessment, enabling earlier
interventions, reducing healthcare burdens and ultimately improving patient survival and quality of life.
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