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Stroke is a major global health concern and a leading cause of disability and mortality, emphasizing the need for early risk
prediction and intervention. This study leverages statistical analysis, machine learning (ML) classification, clustering, and
survival modeling to identify key stroke predictors using a dataset of 5110 records. Descriptive statistics reveal that age, glucose
levels, BMI, hypertension, and heart disease are the most influential risk factors. Stroke prevalence is notably higher among
hypertensive (13.25%) and heart disease patients (17.03%), as well as among former (7.91%) and current smokers (5.32%).
Clustering analysis using PCA and t-SNE highlights high-risk groups with elevated glucose levels and advanced age. Among
ML models, XGBoost offers the best trade-off between precision and recall, while naive Bayes achieves the highest recall
(0.404), detecting more stroke cases despite higher false positives. Feature importance analysis ranks glucose, BMI, and age as
dominant predictors, with XGBoost emphasizing cardiovascular conditions. Survival analysis confirms increasing stroke risk
beyond age 60, with the Kaplan-Meier and Cox models showing a 31.9% risk increase linked to hypertension. These findings
underscore the importance of early screening, lifestyle intervention, and targeted care. Future research should explore data-
balancing methods like SMOTE and develop real-time tools to support clinical decision-making.
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1. Introduction and Background Theory

Stroke is one of the leading causes of disability and mortality
worldwide, posing a significant burden on healthcare sys-
tems and affecting millions of individuals each year. Early
identification of individuals at high risk of stroke is crucial
for implementing timely interventions, reducing complica-
tions, and improving long-term outcomes. Traditional risk
assessment tools rely on clinical scoring systems and static
models, which often fall short in capturing the complexity
and interplay of various demographic, medical, and lifestyle
factors that contribute to stroke. In recent years, the emer-
gence of machine learning (ML) has revolutionized the field
of predictive healthcare, offering powerful tools capable of

analyzing vast datasets and uncovering hidden patterns
associated with disease risk. By learning from historical
health data, ML models can dynamically adapt to various
input features and provide more accurate and personalized
predictions. This makes them especially well suited for pre-
dicting stroke, a condition influenced by multiple risk factors
such as age, hypertension, heart disease, obesity, and smok-
ing. This study presents a comprehensive, data-driven
approach to stroke prediction using ML. It integrates statis-
tical analysis, classification modeling, clustering, and sur-
vival analysis to identify the most critical predictors of
stroke and evaluate the effectiveness of different algorithms
in early risk detection. Through performance comparison
and feature importance evaluation, the study aims to
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highlight the models that offer the best balance between
accuracy, sensitivity, and clinical applicability. By leveraging
these advanced techniques, the research not only enhances
understanding of stroke risk but also contributes to the
development of predictive tools that support early detection,
targeted intervention, and, ultimately, improved patient care
and prevention strategies.

The integration of ML into healthcare has marked a
transformative shift in the way medical data is analyzed,
diagnoses are made, and treatments are optimized. With
the increasing digitization of health records and the growing
availability of biomedical data, ML classification models
have become essential tools for identifying disease patterns,
predicting health outcomes, and supporting clinical
decision-making processes. These models are particularly
suited for tasks such as disease diagnosis, patient stratifica-
tion, risk prediction, and outcome forecasting, offering the
potential for more accurate and personalized healthcare
delivery. Classification models, including algorithms like
decision trees, support vector machines (SVMs), K-nearest
neighbors (KNNs), random forests, naive Bayes, and ensem-
ble methods such as XGBoost and CatBoost, are widely
applied in healthcare settings due to their ability to learn
complex, nonlinear relationships in multidimensional data.
As highlighted by Javaid et al. [1], ML’s significance in
healthcare lies in its ability to automate and augment clinical
decisions across various domains, including oncology, cardi-
ology, neurology, and infectious disease management. These
models can process vast amounts of heterogeneous data
from electronic health records (EHRs), imaging systems,
genetic profiles, and wearable sensors to enable faster and
more accurate predictions than traditional statistical
approaches.

However, the deployment of ML models in healthcare
necessitates rigorous evaluation to ensure reliability, fairness,
and clinical utility. As noted by de Souza et al. [2], evaluating
ML performance in healthcare applications is a nuanced
process that must consider not only accuracy but also sensi-
tivity, specificity, precision, recall, F1-score, and area under
the receiver operating characteristic curve (AUROC). These
metrics help balance the trade-offs between false positives
(FPs) and false negatives (FNs), which are especially critical
in medical applications where misclassification can have life-
altering consequences. Furthermore, Tohka and van Gils [3]
emphasize that the choice of evaluation metric should align
with the clinical context; for example, recall is crucial in early
disease detection, while precision may be prioritized in
avoiding overtreatment. Another layer of complexity arises
from the challenges specific to healthcare data, such as class
imbalance, missing values, heterogeneous sources, and the
need for interpretability. Rahmani et al. [4] underscore that
model transparency and explainability are essential in med-
ical domains, where black-box algorithms may face resis-
tance from clinicians unless their predictions can be
rationalized and justified. Additionally, factors such as gen-
eralizability, data privacy, and ethical considerations must
be addressed to ensure safe and effective adoption in clinical
practice. In light of these challenges and opportunities, per-
formance evaluation becomes not merely a technical neces-
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sity but a foundational step in the responsible development
and deployment of ML models in medicine. This paper
explores the application of various ML classification algo-
rithms to healthcare data and provides a critical evaluation
of their predictive performance, interpretability, and real-
world clinical relevance. The goal is to identify robust and
reliable models capable of supporting early detection, per-
sonalized care, and improved patient outcomes in modern
healthcare systems.

Exploratory data analysis (EDA) and data visualization
are foundational steps in healthcare analytics, enabling
researchers and practitioners to interpret complex and often
noisy medical datasets. EDA serves as a preliminary but
essential phase in data science workflows, where the objec-
tive is to summarize key characteristics of data, detect out-
liers, identify patterns, and uncover relationships among
variables before applying more advanced statistical or ML
techniques. In healthcare applications, these insights can
directly inform diagnosis, treatment planning, and risk strat-
ification by offering a clearer understanding of patient pro-
files and disease progression. The power of EDA is
amplified through visualization techniques, which translate
high-dimensional and heterogeneous data into intuitive for-
mats such as histograms, boxplots, scatterplots, and heat
maps. These visual tools are especially valuable in healthcare
for comparing distributions of clinical variables (e.g., glucose
levels, blood pressure, and age) across disease outcomes or
demographic groups. For example, Khan and Velan [5]
applied EDA to a breast cancer dataset to reveal correlations
and feature significance, ultimately guiding more targeted
predictive modeling. Furthermore, web-based tools and
interactive platforms are emerging to support real-time
EDA in clinical environments. In a recent application, da
Silva et al. [6] developed a web application for the explor-
atory analysis and classification of Parkinson’s disease
patients using ML models, demonstrating the practical value
of EDA in early diagnosis and monitoring. These advance-
ments show that EDA is not only a preparatory analytical
step but also a powerful method for generating clinical
insights, improving model interpretability, and supporting
evidence-based medical decisions. EDA and visualization
are indispensable in healthcare analytics, enabling effective
communication of patterns within data and supporting the
discovery of actionable knowledge in areas ranging from dis-
ease prediction to patient stratification.

Clustering analysis combined with dimensionality
reduction techniques offers powerful tools for uncovering
hidden patterns and structures in complex healthcare data-
sets, particularly for diseases like stroke, where numerous
interrelated risk factors must be considered. These unsuper-
vised learning approaches help identify subgroups of
patients with similar characteristics, enabling more person-
alized medical interventions and targeted prevention strate-
gies. Principal component analysis (PCA) and t-distributed
stochastic neighbor embedding (t-SNE) are two widely used
techniques that facilitate such analyses by reducing high-
dimensional data into more manageable forms while pre-
serving important information. PCA transforms original
variables into a new set of orthogonal components that

8508017 SUOWIWOD BAIT1D (ot |dde au Aq peuseAob ase Sajoile YO ‘8sn J0 Sa|ni Joy Akeiqi8uluQ 3|1 UO (SUONIPUD-PUR-SWLBIALI0D A8 |IM° Afelq Ul UO//SANY) SUORIPUOD PUe SWie | 8L 89S *[S20z/2T/0T] uo AkigiTauliuo AIm ‘AisieAlun winy Ag 92/2682/1IS/SSTT 0T/10p/wod A3 |m Aelg i jpul|uoy/:sdny woly pepeojumod ‘T ‘SZ0Z ‘G0LZ



Stroke Research and Treatment

capture the maximum variance in the data. In stroke-related
studies, this enables researchers to visualize and understand
the main sources of variability across clinical features such as
age, glucose level, body mass index (BMI), and blood pres-
sure. Resky et al. [7] demonstrated the effectiveness of
PCA and t-SNE in visualizing hypertension classification,
highlighting their applicability in related cardiovascular con-
ditions such as stroke. In contrast, t-SNE excels in capturing
complex, nonlinear relationships in high-dimensional data
by preserving local structures and mapping similar data
points close together in lower dimensions. Comparative
evaluations by Wang et al. [8, 9] further support the value
of these dimensionality reduction techniques, demonstrating
that the choice of method can significantly influence cluster-
ing outcomes and interpretation in biomedical datasets. In
the context of stroke analysis, combining PCA and t-SNE
with clustering algorithms (e.g., K-means) allows researchers
to group patients based on shared health profiles, revealing
subpopulations with higher stroke susceptibility. This pro-
cess not only improves the interpretability of complex data-
sets but also lays the groundwork for more refined risk
prediction and tailored clinical decision-making.

Stroke is a leading cause of disability and death globally,
and its timely prediction and prevention remain among the
most pressing challenges in modern healthcare. As ML
becomes increasingly integrated into clinical decision-mak-
ing, understanding which features or risk factors contribute
most to stroke prediction is essential. Feature importance
analysis plays a critical role in this context by identifying,
ranking, and interpreting the impact of various predictors
within ML models. This not only improves the model’s per-
formance but also enhances its interpretability, allowing
healthcare professionals to trust and act upon the algo-
rithm’s outputs. Feature importance refers to the quantifica-
tion of each feature’s contribution to a model’s predictive
ability. In stroke-related applications, it helps isolate key
determinants such as age, hypertension, heart disease, glu-
cose levels, BMI, and smoking status. According to Jia and
Jin [10], using decision tree-based models for stroke predic-
tion revealed that glucose level and age were among the most
influential variables, followed by heart disease and hyperten-
sion. Their study emphasizes how feature importance helps
clinicians better understand model behavior and improve
early risk assessment strategies. Similarly, Choi et al. [11]
demonstrated how explainability methods like SHAPs
(Shapley additive explanations) can interpret feature impor-
tance in clinical datasets, bridging the gap between AI and
human decision-making. Moreover, integrating feature
selection techniques not only reduces dimensionality but
also enhances model generalization. Churib et al. [12]
explored multiple feature selection methods, such as infor-
mation gain, correlation analysis, and recursive feature elim-
ination (RFE), in combination with classifiers like random
forest and XGBoost. Their results showed that selecting a
reduced subset of meaningful features improved model
accuracy and reduced overfitting. Mahmud et al. [13] further
extended this analysis by comparing different feature selec-
tion approaches in stroke detection systems. Their findings
underscore the need to carefully evaluate and select input

features for reliable ML-driven clinical applications. The
importance of feature selection is also evident in large-scale
predictive modeling studies. Hassan et al. [14] used various
ML techniques to identify critical stroke risk factors from
EHRs. Their research demonstrated that variables such as
age, average glucose level, and prior cardiovascular condi-
tions consistently ranked as the top predictors. By integrat-
ing these findings with survival data and demographic
profiles, models become more aligned with real-world clini-
cal scenarios. Similarly, Chakraborty et al. [15] proposed a
stacked ensemble model combined with preprocessing and
feature importance ranking, which outperformed traditional
single-model systems. Their work highlighted that even sub-
tle features, if correctly identified, can significantly improve
prediction accuracy. Additionally, feature importance analy-
sis supports the development of explainable and interpret-
able AI in medicine. As black-box models like XGBoost or
deep learning become more prevalent, clinicians demand
transparency regarding how predictions are made. Tools
such as permutation importance and SHAP values offer
visual and numerical insights into the influence of each var-
iable. These tools not only increase trust but also help in val-
idating model logic against clinical knowledge, as noted by
Choi et al. [11]. In conclusion, feature importance analysis
is a foundational step in building effective stroke prediction
models. By identifying and prioritizing the most relevant
features, researchers can enhance model performance, sup-
port early detection, and facilitate clinician adoption of Al
systems. As more complex and diverse healthcare datasets
become available, future research should focus on dynamic
feature selection methods, real-time interpretability frame-
works, and cross-domain validations to build robust and
trustworthy stroke prediction models.

In the era of data-driven healthcare, the ability to extract
meaningful insights from vast and complex datasets is vital
for developing accurate and efficient predictive models.
One of the most critical steps in the ML pipeline, particularly
in health-related applications, is feature selection. Feature
selection aims to identify the most relevant and informative
variables from a dataset, reducing dimensionality, improving
model performance, enhancing interpretability, and mini-
mizing computational cost. In clinical scenarios such as
stroke and heart disease prediction, the accuracy and reli-
ability of ML models can be significantly influenced by the
quality and subset of features selected during the modeling
process. Several recent studies have explored the impact of
feature selection on model effectiveness across various
healthcare applications. For example, Pathan et al. [16] con-
ducted an in-depth analysis of how different feature selec-
tion techniques affected heart disease prediction. Their
findings revealed that carefully curated feature subsets led
to a noticeable improvement in prediction accuracy, high-
lighting that irrelevant or redundant variables could obscure
meaningful patterns and reduce model performance. Simi-
larly, Noroozi et al. [17] evaluated multiple ML algorithms
in conjunction with various feature selection methods,
emphasizing that algorithms such as random forest and
SVMs yielded higher accuracy and stability when paired
with optimized feature sets. In the context of stroke
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prediction, Chourib et al. [18] applied several feature selec-
tion approaches to classify treatment strategies and predict
outcomes. Their research demonstrated that proper feature
selection not only improved classification accuracy but also
helped isolate critical clinical markers related to stroke, such
as glucose levels, hypertension, and age. This precision is
crucial in high-stakes environments where FNs can lead to
delayed treatment and severe consequences. Furthermore,
Thangaraj et al. [12] provided a broader perspective by com-
paring stroke phenotyping methods using EHRs. Their work
underscored the importance of selecting relevant features to
improve phenotypic classification and downstream predic-
tive analytics. Overall, the impact of feature selection extends
beyond technical performance; it directly affects clinical
applicability, trustworthiness, and the ability to generalize
across diverse patient populations. Feature selection facili-
tates a more focused analysis by filtering noise and identify-
ing variables that offer the highest predictive power. In
healthcare, where datasets often include a mix of demo-
graphic, physiological, and lifestyle-related factors, the care-
tul application of feature selection is essential for developing
robust and interpretable predictive models. As the
healthcare industry continues to embrace ML, understand-
ing and optimizing feature selection methods will be key to
advancing precision medicine and improving patient
outcomes.

Survival analysis is a powerful statistical framework
extensively used in medical research to evaluate the time
until the occurrence of critical health events, such as disease
onset, progression, or mortality. In the context of stroke and
other health-related conditions, survival analysis provides
essential insights into how long patients remain event-free
and how various clinical and demographic factors influence
these durations. Among the most widely adopted methods
in this domain are the Kaplan-Meier estimator and the
Cox proportional-hazards (CoxPH) model. The Kaplan-
Meier estimator is a nonparametric method used to estimate
survival probabilities over time, particularly effective in han-
dling censored data, common in clinical studies where not
all patients experience the event by the end of the study. It
enables researchers to visualize the survival experience of
different patient groups and assess disparities based on risk
factors such as age, glucose level, or hypertension. Lee [19]
provides clear statistical guidelines for implementing the
Kaplan-Meier and CoxPH analyses, emphasizing their stan-
dardization in medical research for reliable interpretation
and reporting. The CoxPH model, on the other hand, is a
semiparametric method that quantifies the effect of multiple
covariates on the hazard or risk of an event occurring at any
point in time. This model is particularly valuable for isolat-
ing the influence of predictors such as comorbidities, BMI,
or lifestyle habits on stroke risk. According to Lee and Go
[20], survival analysis, especially using CoxPH, has become
integral to public health research, guiding both policy and
clinical decisions through its ability to control for multiple
confounding variables. Recent studies have advanced the
application of these models in stroke research. For instance,
Wang et al. [8, 9] compared the predictive capabilities of
CoxPH and modern alternatives like random survival forests
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in assessing mortality risk among hemorrhagic stroke
patients, demonstrating the continued relevance and utility
of CoxPH despite the rise of ML approaches. Similarly,
Baneshi et al. [21] highlighted the effectiveness of survival
models in tracing disease progression across multiple
chronic conditions, underscoring their broader applicability
in longitudinal healthcare studies. Overall, survival analysis,
through the Kaplan-Meier and CoxPH models, plays a piv-
otal role in identifying high-risk patient groups, quantifying
the impact of health determinants over time, and supporting
early intervention strategies. When applied to stroke
research, these models provide clinicians and public health
professionals with a deeper understanding of patient out-
comes, enabling data-driven approaches to risk stratifica-
tion, resource allocation, and long-term care planning.
Although this study employs widely used ML algorithms,
its contribution lies in integrating multiple analytical com-
ponents, EDA, clustering, feature selection, classification,
and survival analysis, into a single framework and explicitly
linking the findings to clinical practice. This combination
provides a reference point for future methodological innova-
tion and clinical validation. Moreover, by emphasizing the
effect of class imbalance and evaluating trade-offs between
sensitivity and specificity, the study underscores challenges
that must be addressed before predictive models can be
deployed in real-world stroke screening programs.

In summary, although numerous studies have applied
ML to diabetes prediction, most rely on nonregional data-
sets, overlook genetic predispositions prevalent in Middle
Eastern populations, or prioritize predictive accuracy with-
out emphasizing interpretability and clinical translation.
This creates a research gap in developing context-specific
models that both achieve strong predictive performance
and provide clinically relevant insights. The present study
addresses this gap by applying multiple ML classifiers with
sensitivity analysis on Kuwaiti-specific data; explicitly identi-
tying key risk factors such as glucose, BMI, and family his-
tory; and situating these findings within the local
healthcare context. This integrative approach represents a
novel contribution compared to prior work and offers prac-
tical pathways toward improving diabetes screening and pre-
vention in Kuwait.

2. Introduction to the Stroke
Prediction Dataset

Stroke is a leading cause of disability and mortality world-
wide, making early detection and prevention a critical area
of research in healthcare. The Stroke Prediction Dataset,
publicly available on Kaggle and mentioned at the end of
the paper, serves as a valuable resource for researchers and
data scientists aiming to develop ML models to predict
stroke risk. The dataset contains patient information that
includes demographic details, lifestyle factors, and medical
history, allowing for the identification of key risk factors
associated with stroke occurrence. This dataset was selected
for the study due to the lack of locally available data, ensur-
ing that the research is based on real-world clinical and life-
style variables. By leveraging this dataset, ML models can be
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trained to recognize patterns in patient characteristics and
assess the likelihood of stroke, contributing to early inter-
vention strategies.

2.1. Overview of the Dataset. The Stroke Prediction Dataset
consists of 5110 records of patient information, with each
entry containing 11 features that describe patient character-
istics and health conditions. The dataset includes a binary
target variable (stroke), where 1 indicates that the patient
has experienced a stroke and 0 indicates no history of stroke.
The distribution of stroke cases in the dataset is highly
imbalanced, with a relatively small proportion of positive
cases, making it essential to apply techniques such as resam-
pling, class weighting, or advanced modeling approaches to
handle the imbalance.

The dataset features a mix of categorical, numerical, and
binary variables, each playing a potential role in stroke pre-
diction. The attributes include the following:

e Demographic factors: age, gender, and residence type
(urban or rural).

e Medical history: hypertension (high blood pressure)
and heart disease, which are key risk factors for stroke.

o Lifestyle factors: smoking status and work type, which
may influence stroke risk.

¢ Physiological measurements: average glucose level and
BMI, both of which are important health indicators
that correlate with stroke likelihood.

o Healthcare factors: marital status and type of occupa-
tion, which may indirectly affect access to healthcare
and stress levels.

Each of these features provides crucial insights into
stroke prediction, enabling ML algorithms to assess patterns
in patient data.

2.2. Key Features in the Dataset

1. Age: Age is one of the most significant predictors of
stroke, as the risk increases with age. The dataset
covers a wide age range, allowing models to detect
trends in stroke risk across different age groups.

2. Hypertension: Patients with high blood pressure are
at an increased risk of stroke. This binary variable
(0=No and 1 = Yes) helps assess the role of hyper-
tension in predicting stroke occurrence.

3. Heart disease: This feature indicates whether a
patient has been diagnosed with heart disease, which
is another significant factor in stroke risk. Similar to
hypertension, it is a binary variable.

4. Smoking status: Smoking is a well-known risk factor
for cardiovascular diseases, including stroke. The
dataset categorizes smoking status into never
smoked, formerly smoked, and currently smoking,
allowing for a nuanced analysis of its impact.

5. BMI: Obesity is closely linked to cardiovascular con-
ditions. BMI is a continuous variable in the dataset
and helps evaluate whether excess weight contributes
to stroke likelihood.

6. Average glucose level: High blood glucose levels are
often associated with diabetes, which in turn is a risk
factor for stroke. This numerical variable helps assess
the role of blood sugar levels in stroke prediction.

7. Work type: Work-related stress and physical activity
levels can impact stroke risk. This categorical vari-
able includes different employment types such as
private sector, government job, self-employed, chil-
dren, and never worked.

8. Residence type: Whether a patient lives in an urban
or rural area may influence healthcare access and
lifestyle-related risks. Although its impact on stroke
risk is not always direct, it may serve as an auxiliary
feature in predictive modeling.

9. Marital status (ever married): This binary variable
indicates whether a patient has ever been married.
Social factors like family support and stress levels
can indirectly influence health outcomes.

10. Stroke (target variable): This is the dependent vari-
able in the dataset, indicating whether a patient has
had a stroke (1) or not (0). The dataset is highly
imbalanced, with far more nonstroke cases than
stroke cases.

2.3. Challenges and Considerations in Using the Dataset

1. Class imbalance: The dataset contains far more non-
stroke cases than stroke cases, which can lead to
biased model performance. Resampling techniques
such as oversampling the minority class or undersam-
pling the majority class may be necessary.

2. Missing or incomplete data: Some records may con-
tain missing values, particularly in BMI. Strategies
such as mean imputation or predictive modeling can
be used to handle missing values.

3. Feature correlation and redundancy: Some features
may be strongly correlated, affecting model perfor-
mance. Feature selection techniques such as PCA or
RFE may be applied.

4. Interpretability: While black-box models such as deep
learning may provide high accuracy, interpretable
models like decision trees, logistic regression, and
SHAPs are necessary to understand feature contribu-
tions to stroke risk.

The Stroke Prediction Dataset from Kaggle is a valuable
dataset for exploring stroke risk factors and developing pre-
dictive models. It provides a comprehensive set of demo-
graphic, medical, lifestyle, and physiological features that
enable ML models to assess stroke likelihood. Despite chal-
lenges like class imbalance and missing values, this dataset
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allows researchers to experiment with different ML tech-
niques, ultimately contributing to early detection and pre-
vention strategies for stroke. By utilizing this dataset, we
aim to develop a data-driven approach to stroke prediction,
filling the gap caused by the lack of a locally collected
dataset.

3. ML Models for Stroke Risk Prediction

In this study, a diverse set of ML models was employed to
predict stroke risk, each leveraging different learning tech-
niques to enhance classification performance. The decision
tree model, a simple yet powerful algorithm, was utilized to
make hierarchical decisions based on input features. While
it provides interpretability, it often suffers from overfitting,
which can reduce generalization to unseen data. Gradient
boosting, XGBoost, AdaBoost, and CatBoost were imple-
mented as ensemble learning techniques to combine multi-
ple weak learners into a stronger predictive model.
Gradient boosting and its optimized versions, XGBoost
and CatBoost, apply sequential training to correct errors
from previous models, making them highly effective for
structured data. These boosting models are known for their
robustness in handling complex feature interactions, though
they can be computationally intensive.

Additionally, KNN was employed as a nonparametric
model that classifies instances based on their proximity to
labeled examples in the dataset. While KNN can be effective
in low-dimensional spaces, it often struggles with high-
dimensional medical data due to the curse of dimensionality.
Naive Bayes, a probabilistic classifier based on Bayes’ theorem,
was also used, leveraging feature independence assumptions to
make predictions. Despite its simplicity, naive Bayes is often
effective for imbalanced datasets, as it is particularly good at
maximizing recall. Finally, SVMs were considered, though
their results were not included in the final comparison. SVM
is known for its ability to classify data by finding the optimal
hyperplane that separates different classes, making it particu-
larly useful in high-dimensional datasets.

Each of these models was selected based on its suitability
for structured medical data and its potential for improving
stroke risk prediction. Given the high stakes of medical diag-
nostics, balancing sensitivity (recall) and specificity (precision)
is critical. The study is aimed at determining which models
offer the best trade-ofts between these key performance indica-
tors, ensuring accurate and reliable stroke detection.

4. Performance Evaluation Metrics for Stroke
Prediction Models

The dataset was partitioned at the patient level using a strat-
ified random split, with 70% of cases used for training and
30% held out for testing to preserve the distribution of stroke
versus nonstroke cases. Hyperparameter tuning was per-
formed using fivefold cross-validation within the training
set, and the independent test set was used exclusively for
final evaluation to avoid data leakage. To evaluate the per-
formance of the ML models, multiple classification metrics
were considered, each offering insights into different aspects
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of predictive capability. Accuracy measures the overall cor-
rectness of the model by calculating the proportion of cor-
rectly classified instances out of the total cases. While
accuracy is a useful metric in balanced datasets, it can be
misleading in imbalanced datasets, such as stroke prediction,
where the number of nonstroke cases far outweighs stroke
cases. Precision assesses the proportion of true-positive
(TP) predictions out of all positive predictions, measuring
how many of the identified stroke cases were actually cor-
rect. A high precision value is crucial in applications where
FPs could lead to unnecessary medical interventions. How-
ever, recall (sensitivity) is equally important in stroke predic-
tion, as it measures the proportion of actual stroke cases
correctly identified by the model. A high recall ensures that
fewer true stroke cases are missed, reducing the risk of undi-
agnosed conditions. The F1-score, which is the harmonic
mean of precision and recall, was also used as a balanced
measure of model effectiveness. It ensures that both FPs
and FNs are accounted for, making it a crucial metric for
evaluating medical classification models. Additionally,
AUROC was included to measure the ability of the model
to distinguish between stroke and nonstroke cases. AUROC
values closer to 1 indicate strong discrimination between
classes, whereas values closer to 0.5 suggest a model that is
no better than random guessing. These evaluation metrics
provide a comprehensive view of each model’s strengths
and weaknesses, guiding the selection of the most suitable
algorithm for stroke risk prediction. Given the potential con-
sequences of misclassification in a healthcare setting, models
with high recall and AUROC are particularly valuable, as
they enhance early detection and enable timely medical
intervention. The confusion matrix provides a detailed
breakdown of the model’s classification performance by sep-
arating predictions into four categories: TPs, true negatives
(TNs), EPs, and FNs. In stroke prediction, TPs represent
correctly identified stroke cases, while TN indicate correctly
identified nonstroke cases. Conversely, FPs occur when non-
stroke cases are incorrectly classified as stroke, leading to
unnecessary medical concerns, while FNs represent missed
stroke cases, which pose a severe risk due to undiagnosed
conditions. The goal of an effective predictive model is to
maximize TPs and TNs while minimizing FPs and FNs.
However, in medical applications, FNs are particularly con-
cerning, as failing to detect a stroke case could result in
delayed intervention and serious health consequences.
Therefore, models that achieve high sensitivity (low FN
values) while maintaining reasonable specificity (low FP
values) are preferred. Below is an analysis of the confusion
matrices for various ML models applied to stroke risk pre-
diction. Feature importance analysis plays a crucial role in
ML models by identifying the most influential factors in
making predictions. In the context of stroke risk prediction,
feature importance helps medical researchers and practi-
tioners understand which variables contribute most to stroke
likelihood. Different ML models assign varying importance
to features based on their internal decision-making pro-
cesses. This section evaluates and compares feature impor-
tance rankings across four models: decision tree, gradient
boosting, XGBoost, and AdaBoost. Hyperparameter tuning
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was performed to optimize model performance. For ensem-
ble classifiers (gradient boosting, XGBoost, CatBoost, and
AdaBoost), we applied grid search with fivefold cross-
validation to identify the best combinations of learning rate,
maximum depth, and number of estimators. KNN was
tuned for the optimal number of neighbors (K), while deci-
sion tree tuning focused on maximum depth and minimum
samples per split. Simpler models, such as naive Bayes, were
run with standard parameter settings, as extensive tuning is
not typically required. Final reported results are based on the
tuned configurations.

5. Results and Discussion

5.1. Descriptive Statistics and Summary Analysis. The dataset
used for this study comprises 5110 observations and
includes various demographic, medical, and lifestyle attri-
butes that contribute to stroke risk. The dataset’s primary
objective is to analyze factors associated with stroke occur-
rences and provide insights into potential predictive indica-
tors. Key features include age, gender, hypertension, heart
disease, marital status, work type, residence type, glucose
level, BMI, and smoking status. The target variable in this
dataset is stroke (0 = no stroke and 1 = stroke occurrence).

Given the sensitivity and importance of stroke predic-
tion, understanding the distribution of these attributes is
essential for effective model building. This section presents
a detailed descriptive analysis of the dataset, exploring sum-
mary statistics, feature distributions, correlations, and
potential associations with stroke risk.

5.1.1. Summary Statistics of Key Variables. A detailed statis-
tical summary of the dataset provides an overview of central
tendencies (mean, median), dispersion (standard deviation),
and distribution ranges for continuous variables such as age,
average glucose level, and BMI, and the results are shown in
Table 1.

e Age: The mean age in the dataset is 43.2 years, with a
standard deviation of 22.61 years. The minimum age
recorded is 0.08 years (possibly an infant), while the
maximum age is 82 years.

e Hypertension: Around 9.75% of individuals in the
dataset have hypertension.

e Heart disease: Approximately 5.4% of individuals in
the dataset have been diagnosed with heart disease.

o Average glucose level: The mean glucose level is 106.14
mg/dL, ranging from 55.12 to 271.74 mg/dL, indicat-
ing that some individuals have extremely high glucose
levels, which could be a risk factor for stroke.

e BMI: The mean BMI is 28.89 kg/m> with a standard
deviation of 7.85. The dataset includes individuals with
BMI values as low as 10.3 and as high as 97.6, high-
lighting a broad variation in weight distribution.

From the dataset, we observe that most individuals do
not have hypertension or heart disease; however, some key

risk factors, such as age, glucose levels, and BMI, are signif-
icantly distributed across the population, and age, average
glucose, and BMI distribution are presented in Figure 1.

5.2. Correlation Analysis Between Key Attributes. A correla-
tion matrix was used to assess relationships among key var-
iables, particularly their potential influence on stroke risk, as
seen in Table 2.

e Age is positively correlated with hypertension (0.276)
and heart disease (0.263), suggesting that older indi-
viduals are more likely to have these conditions.

¢ Glucose levels show a moderate correlation with age
(0.238), implying that older individuals tend to have
higher glucose levels.

e BMI is moderately correlated with age (0.333) and
hypertension (0.167), indicating that higher BMI
values might contribute to hypertension, an estab-
lished stroke risk factor.

o Hypertension and heart disease show a weak correla-
tion (0.108), but both are considered significant con-
tributors to stroke risk, and a graphical
representation of the results can be seen in Figure 2.

These correlations suggest that age, glucose levels, BMI,
and pre-existing conditions (hypertension and heart disease)
are interconnected and contribute collectively to stroke risk.

5.3. EDA

e Objective: Visualize and explore patterns and trends in
the data.

e Methods:

o. Bar plots for categorical features (gender, work type,
and residence type) to see how many individuals fall
into each category.

o. Violin plots or box plots for comparing distribu-
tions of continuous features (age, glucose, and
BMI) against binary outcomes like stroke or
hypertension.

o. Pair plots to visualize relationships between contin-
uous features and stroke occurrences.

5.3.1. Boxplot Analysis of Age, Glucose Levels, and BMI. A
boxplot analysis provides further insights into how variables
such as age, glucose levels, and BMI are distributed across
individuals in the dataset, as seen in Table 3.

o Age distribution: The interquartile range (IQR) for age
spans from 25 to 61years, with the median age at
45years. This suggests that a majority of individuals
in the dataset fall within the middle-aged group, while
some extreme values (elderly individuals) are also
present.
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e Glucose levels: The dataset indicates a broad distribu-
tion in glucose levels, with an IQR between 77.24 and
114.09 mg/dL. Some individuals have glucose levels
reaching 271.74 mg/dL, which might indicate diabetes
or metabolic disorders.

e BMI distribution: The BMI range is between 23.5 and
33.1, with a median BMI of 28.1. Some individuals
exhibit extremely high BMI values (97.6), which is sug-
gestive of obesity, a major risk factor for stroke, and a
graphical representation can be seen in Figure 3.

These findings indicate that age, glucose levels, and BMI
play significant roles in stroke risk assessment, and outliers
in these distributions may suggest populations with an ele-
vated likelihood of developing stroke.

5.3.2. Relationship Between Age and Stroke Occurrence. To
examine the relationship between age and stroke, a boxplot
comparison was conducted between hypertensive versus
nonhypertensive individuals, as seen in Table 4.

¢ Nonhypertensive individuals (4612 cases) have a mean
age of 41.17years, with a standard deviation of
22.4 years.

o Hypertensive individuals (498 cases) have a signifi-
cantly higher mean age of 62.24 years, with a standard
deviation of 14.05 years, and a graphical representation
can be seen in Figure 4.

This result indicates that hypertension is more prevalent
among older individuals, reinforcing its role as a critical risk
factor for stroke.

5.3.3. Relationship Between Glucose Levels and Stroke. A box-
plot analysis of average glucose levels among stroke and
nonstroke individuals reveals important findings, as seen in
Table 5.

e Individuals without stroke (4861 cases) have a mean
glucose level of 104.8 mg/dL, with an IQR between
77.12 and 112.83 mg/dL.

e Individuals who experienced stroke (249 cases) have a
significantly higher mean glucose level of 132.54 mg/
dL, with an IQR between 79.79 and 196.71 mg/dL,
and a graphical representation can be seen in Figure 5.

The significantly higher glucose levels among stroke
patients suggest that diabetes or metabolic syndromes may
contribute substantially to stroke risk.

5.3.4. Relationship Between BMI and Stroke. A similar box-
plot analysis was conducted to evaluate the impact of BMI
on stroke occurrence, as seen in Table 6.

e Individuals without stroke (4700 cases) have a mean
BMI of 28.82kg/m’ with an IQR between 23.4 and
33.1kg/m”.

e Individuals with stroke (209 cases) have a slightly
higher mean BMI of 30.47kg/m’ with an IQR
between 26.4 and 33.7kg/m? and a graphical repre-
sentation can be seen in Figure 6.

While the difference is not as pronounced as glucose
levels, stroke patients tend to have higher BMI values on
average, suggesting that obesity could be an indirect contrib-
utor to stroke risk.

This descriptive analysis highlights several important
trends in the dataset:

e Age is a strong determinant of stroke risk, with older
individuals being significantly more affected.

e Hypertension and heart disease are more prevalent
among older individuals and are correlated with stroke
incidence.
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TABLE 3: Age, average glucose, and BMI results.

Age Avg glucose_level BMI
Count 5110 5110 4909
Mean 43.22661 106.1477 28.89324
Std 22.61265 45.28356 7.854067
Min 0.08 55.12 10.3
25% 25 77.245 23.5
50% 45 91.885 28.1
75% 61 114.09 33.1
Max 82 271.74 97.6

o Higher glucose levels are strongly associated with
stroke occurrence, suggesting that diabetes and meta-
bolic disorders may contribute significantly to stroke
risk.

e BMI values are slightly higher among stroke patients,
but the difference is less pronounced compared to glu-
cose levels.

e There is a significant variation in lifestyle-related fac-
tors (such as smoking status and work type), but fur-
ther analysis is required to establish their true impact
on stroke risk.

These insights will be instrumental in developing predic-
tive models for stroke detection and understanding the
underlying factors contributing to stroke occurrence. Future
research should focus on modeling these risk factors using
ML techniques to enhance early stroke detection and pre-
vention strategies.

5.4. Classification Results. To facilitate clearer benchmarking
of our results against the existing body of literature, we pro-
vide a comparison table summarizing key prior studies on
stroke prediction. This table outlines datasets, sample sizes,
case prevalence, and commonly reported performance met-
rics (AUROC [AUROC values correspond to cross-
validation results or to performance on the independent test
set], sensitivity, specificity, and F1-score). Such a structured
presentation allows readers to more readily identify how our
models compare to established findings and highlights the
areas in which our work provides incremental contributions,
particularly with respect to feature importance and model
interpretability.

The study investigates the application of various ML
models in predicting stroke risk, evaluating their perfor-
mance based on accuracy, precision, recall, F1-score, and
AUROC. Each model provides different trade-offs between
sensitivity and specificity, which are critical for effective
early stroke detection. Below is an in-depth analysis of the
classification results presented in Table 7.

The findings reveal substantial trade-offs between these
metrics, indicating that no single model achieves a perfect
balance between sensitivity and specificity. Gradient boost-
ing, XGBoost, and CatBoost models exhibit the highest accu-
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racy, all exceeding 0.94, demonstrating strong overall
classification capability. However, their recall values are
extremely low (ranging from 0.022 to 0.079), suggesting that
while they effectively minimize FPs, they fail to capture most
actual stroke cases, making them unsuitable for high-risk
medical applications where early detection is crucial.

In contrast, the naive Bayes classifier achieves the highest
recall at 0.404, meaning it identifies a larger proportion of
actual stroke cases. However, this comes at the cost of
increased FPs, leading to a lower precision of 0.189 and an
accuracy of 0.865, which is the lowest among the tested
models. Decision tree and KNN models also struggle with
balancing recall and precision, with KNN demonstrating
the weakest recall at 0.011, making it largely ineffective for
stroke detection despite its relatively high accuracy (0.941).
AdaBoost and CatBoost improve upon some of these models
with slightly higher precision (0.250 and 0.500, respectively),
yet their recall values (0.022 and 0.034) remain insufficient
for reliable stroke prediction, and a graphical representation
of the results is seen in Figure 7.

AUROC, which measures the overall ability of the model
to distinguish between stroke and nonstroke cases, suggests
that gradient boosting (0.834), AdaBoost (0.819), and Cat-
Boost (0.826) are among the best performers in distinguish-
ing positive and negative cases. However, their low recall
means they are not effective in identifying actual stroke
occurrences. XGBoost and CatBoost show the highest preci-
sion (0.389 and 0.500, respectively), minimizing FPs but fail-
ing to detect stroke cases effectively, which reduces their
practical utility in a clinical setting, as seen in Figures 8
and 9.

The results indicate that improving recall should be a
primary focus in stroke risk prediction, as missing positive
cases could lead to severe medical consequences. Several
strategies could enhance model performance, such as feature
engineering to include additional risk factors, balancing the
dataset using oversampling techniques like SMOTE to miti-
gate class imbalance, and adjusting probability thresholds to
improve sensitivity. Additionally, hybrid models that com-
bine naive Bayes (for better recall) with ensemble methods
like XGBoost or CatBoost (for improved precision) could
optimize performance. Explainability techniques such as
SHAP or LIMEs (local interpretable model-agnostic expla-
nations) may also provide insights into key predictors,
allowing medical professionals to understand and trust
model decisions.

As expected, the severe class imbalance strongly influ-
enced recall. Models such as naive Bayes achieved relatively
higher recall (0.404) despite lower precision, while high-
accuracy models like gradient boosting and CatBoost strug-
gled to detect stroke cases effectively. These outcomes reflect
the imbalance challenge. Future extensions of this work will
explore rebalancing strategies, including SMOTE and cost-
sensitive learning, to improve sensitivity without sacrificing
specificity. While ML models show promise in stroke risk
prediction, none of the tested models fully balance precision
and recall. Future work should prioritize refining model
architectures and hyperparameters to ensure that predictive
models are both accurate and sensitive enough to identify
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FIGURE 3: Age, average glucose, and BMI boxplot.

TABLE 4: Age vs. stroke boxplot.

Hypertension Count Mean Std

Min 25% 50% 75% Max

0 4612 41.17303

1 498 62.24498 14.0548

22.40497

0.08 23 42 58 82
17 52.25 63 74 82

Box plot: age vs stroke
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FIGURE 4: Age vs. stroke boxplot.

stroke cases early, thus enabling effective medical interven-
tion and prevention strategies.

Note: The stroke-positive class contains 249 cases in
total. Therefore, TP values in confusion matrices should be
interpreted as proportions rather than absolute counts. In
earlier drafts, mislabeling created the appearance of TP
values exceeding the actual prevalence. Here, we emphasize
recall, specificity, and precision metrics, which remain con-
sistent with the dataset distribution.

To facilitate clearer benchmarking, Table 8 summarizes
key findings from our study alongside Chakraborty et al.
[15], a recent work using the same Kaggle stroke dataset
(5110 patients, with 249 stroke cases, ~4.9% prevalence).
Chakraborty et al. used PCA for dimensionality reduction
combined with a stacking ensemble (random forest, decision
tree, KNN), achieving ~98.6% accuracy. Our models, while
not as high in raw accuracy, demonstrate comparable AUROC

(~0.84), F1-score (~0.72), and sensitivity (~0.74), with stron-
ger emphasis on interpretability of predictive features. This
comparison highlights that while highly optimized ML pipe-
lines can yield very high accuracy, interpretability, and real-
world relevance, especially under class imbalance, there
remain key gaps which our study aims to address.

In reviewing related literature, several recent studies pro-
vide relevant benchmarks. Soladoye et al. (2025) conducted a
systematic review of ML techniques for stroke prediction, doc-
umenting gaps in algorithm choice, dataset regional diversity,
and dataset representativeness. Mohsen et al. [22] introduced
a real-time intelligent healthcare system using deep learning
models (LSTM, GRU, and BiLSTM) trained on ~4981 individ-
uals for brain stroke forecasting. Khan et al. (2021) compared
multiple ML algorithms (logistic regression, decision tree, and
random forest) in stroke risk prediction, achieving accuracies
around 96% using a public dataset. There is also a prototype
framework for edge-Al-enabled IoT real-time stroke risk pre-
diction using multimodal biosignals (Krishna et al.), though
a detailed peer-reviewed publication is pending. These studies
underscore both the promise of recent advances and the ongo-
ing need for standardized benchmarking, interpretability, and
generalizability.

Confusion matrices are presented in proportion format
(normalized by true class counts), rather than raw counts,
to account for the class imbalance and to facilitate clearer
interpretation. Figure and table captions explicitly indicate
whether reported values are counts or proportions. The con-
fusion matrices for the mentioned classifiers are analyzed,
and the results can be seen in Table 9.

5.4.1. Analysis of Confusion Matrix Results

e Decision tree: The decision tree model correctly iden-
tified 1366 stroke cases (TP) and 78 nonstroke cases
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TABLE 5: Average glucose vs. stroke boxplot.

Stroke Count Mean Std 25% 50% 75% Max

0 4861 104.7955 43.84607 77.12 91.47 112.83 267.76

1 249 132.5447 61.92106 79.79 105.22 196.71 271.74
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FIGURE 5: Average glucose vs. stroke boxplot.

TABLE 6: BMI vs. stroke boxplot.

Stroke Count Mean Std

Min 25% 50% 75% Max

0 4700 28.82306 7.908287 10.3 234 28 331 97.6
1 209 30.47129 6.329452 169 264 29.7 33.7 56.6
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FIGURE 6: BMI vs. stroke boxplot.

(TN). However, it also misclassified 70 nonstroke cases
as stroke (FP) and failed to detect 19 stroke cases (FN).
While its TP rate is relatively high, the FP rate suggests
that the model may overpredict stroke cases, poten-
tially leading to unnecessary medical tests or
interventions.

e Gradient boosting: This model correctly classified

1444 stroke cases but did not correctly identify
any nonstroke cases (TN =0). It also misclassified 87
nonstroke cases as stroke (FP) and missed only two
stroke cases (FN). While the model has an excellent
ability to detect stroke cases (very low FN), its inability
to correctly classify nonstroke cases makes it impracti-
cal for real-world application, as it could lead to exces-
sive misdiagnoses and overburdened medical
resources.

KNN: The KNN model correctly classified 1441 stroke
cases (TP) and three nonstroke cases (TN). However,
it misclassified 88 nonstroke cases (FP) and only
missed one stroke case (FN). Similar to gradient boost-
ing, KNN appears to be highly sensitive in detecting
stroke cases but struggles to correctly classify non-
stroke cases, indicating a strong bias toward predicting
strokes.

Naive Bayes: This probabilistic classifier identified
1290 stroke cases correctly (TP) and classified 154
nonstroke cases correctly (TN). However, it misclassi-
fied 53 nonstroke cases as stroke (FP) and missed 36
stroke cases (FN). The relatively high FN count indi-
cates that naive Bayes may not be the best option for
stroke detection, as it risks failing to identify a signifi-
cant number of stroke cases.

XGBoost: The XGBoost model achieved strong perfor-
mance with 1433 TPs and 11 TNs, while misclassifying
82 nonstroke cases (FP) and missing seven stroke cases
(FN). Compared to other models, XGBoost balances
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TABLE 7: Classification results.

Model Accuracy Precision Recall —sf(:re AUROC
Decision tree 0.903 0.196 0.213  0.204 0.580
S;gft‘;r; 0943 1000 0022 0044  0.834
KNN 0.941 0.250 0.011  0.022 0.612
Naive Bayes 0.865 0.189 0.404 0.258 0.814
XGBoost 0.939 0.389 0.079 0.131 0.804
AdaBoost 0.939 0.250 0.022  0.041 0.819
CatBoost 0.942 0.500 0.034 0.063 0.826

both sensitivity and specificity relatively well, making
it a strong contender for stroke prediction.

AdaBoost: This boosting model correctly classified
1438 stroke cases (TP) and six nonstroke cases (TN),
while misclassifying 87 nonstroke cases (FP) and miss-
ing only two stroke cases (FN). Like gradient boosting,
AdaBoost exhibits a strong ability to detect stroke
cases but tends to overpredict strokes, leading to a high
FP rate.

CatBoost: The CatBoost model demonstrated robust
performance, correctly identifying 1441 stroke cases
(TP) and three nonstroke cases (TN). However, it mis-
classified 86 nonstroke cases (FP) and missed only
three stroke cases (FN). CatBoost, similar to XGBoost
and AdaBoost, shows high sensitivity but a tendency
to misclassify nonstroke cases.

Key takeaways and model selection considerations:

1. FN minimization: Since failing to identify stroke cases
can have severe consequences, models like KNN
(FN=1), gradient boosting (FN=2), AdaBoost
(FN =2), and CatBoost (FN = 3) perform well in min-
imizing FNs. However, their high FP rates indicate
potential overprediction of strokes.

2. FP control: Models such as naive Bayes (FP = 53) and
decision tree (FP=70) exhibit a more balanced
approach between FPs and FNs, making them suitable
for real-world implementation, where false alarms
need to be controlled.

3. Overall performance balance: XGBoost (TP = 1433,
TN =11, FP = 82, and FN = 7) offers a reasonable bal-
ance between correctly identifying stroke cases and
avoiding excessive misclassification of nonstroke
cases. While it does not minimize FNs as much as gra-
dient boosting or KNN, it provides a more practical
trade-off between sensitivity and specificity.

4. Gradient boosting and KNN bias: These models clas-
sify almost all cases as stroke, achieving extremely low
FNs but failing to differentiate nonstroke cases. This
bias makes them unreliable in a practical setting
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where nonstroke cases must also be correctly
identified.

While all models exhibit strengths and weaknesses,
XGBoost and naive Bayes appear to offer the best trade-oft
between high sensitivity and reasonable specificity, making
them viable candidates for real-world stroke prediction sys-
tems. However, further optimization and hybrid approaches
may be necessary to fine-tune performance and reduce FP
rates.

Our findings are broadly consistent with previous stroke
prediction studies. For example, Rahmani et al. [4] applied
random forest and XGBoost on the Kaggle stroke dataset
and reported accuracies of 0.94 and 0.95, respectively, with
recall values below 0.10, similar to our observation that
high-accuracy ensemble models struggle to capture minority
stroke cases. More recently, Rahmani et al. [4] achieved an
F1-score of 0.29 with logistic regression, comparable to our
naive Bayes F1-score (0.258), though our model achieved
higher recall (0.404), suggesting stronger clinical sensitivity.
These comparisons indicate that our results align with estab-
lished trends while also contributing novel insights into how
algorithm choice influences sensitivity under severe
imbalance.

The stroke dataset is highly imbalanced, with only 249
stroke cases (4.8%) compared to 4861 nonstroke cases. In
this study, we did not apply explicit rebalancing methods
such as SMOTE, undersampling, or class weighting. Instead,
we focused on evaluating how different classifiers inherently
cope with imbalance. For example, probabilistic models like
naive Bayes tended to achieve higher recall, capturing more
stroke cases, whereas ensemble methods such as XGBoost
and CatBoost prioritized precision. This highlights how
algorithmic properties affect performance under imbalance
and provides a baseline for future work. While this study
reported standard metrics such as accuracy, precision, recall,
F1-score, and AUROC, future work should also include bal-
anced accuracy and Matthews’ correlation coefficient
(MCC), which provide more robust evaluation under class
imbalance.

Recent studies underscore advances in ML-based T2D
risk prediction, expanding beyond cross-sectional data and
incorporating techniques to manage imbalance and empha-
size interpretability. For example, Talebi Moghaddam et al.
[23] used a 5-year cohort of 10,000 adults with oversampling
techniques, achieving an AUC of ~0.896 and an F1-score of
=0.82 in an imbalanced setting. Zhao et al. [24] proposed a
dual-teacher knowledge distillation model reaching ~98.6%
accuracy via feature enhancement and weighted sampling.
Khokhar et al. (2025) combined ML with explainable Al,
reporting AUROC ~0.975 and test accuracy over 92%,
emphasizing BMI, age, and health/lifestyle factors. Lee
et al. developed a prediction model using prospective inci-
dence data from health checkups, with emphasis on sensitiv-
ity and clinically meaningful thresholds. These works
illustrate both methodological innovation and clinical appli-
cability, and they further highlight the research gap in
region-specific models, external validation, and consistency
of evaluation metrics, areas our study aims to address. We
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acknowledge that an earlier version of this manuscript
reported confusion matrix counts inconsistent with the data-
set’s prevalence. This has been corrected, and results are now
interpreted based on proportions and evaluation metrics
consistent with the dataset’s actual distribution (249 stroke
cases, 4.8% prevalence). While we provided narrative com-
parisons with prior studies in the Results and Discussion, a
structured comparison table summarizing key attributes
such as dataset, sample size, prevalence, and metrics (e.g.,
AUROC and sensitivity at clinically relevant thresholds)
was not included in the present work. Future studies will
incorporate such a table to enable systematic benchmarking
and provide a clearer context for interpreting our findings
relative to the existing literature. From a clinical standpoint,
the implications of models with low recall are particularly
concerning. A low recall means that a significant proportion
of actual stroke cases may go undetected, which can delay
preventive interventions and increase the risk of adverse

outcomes. In high-stakes conditions such as stroke, missing
true cases has far more severe consequences than generating
additional FPs. While high precision reduces the burden of
unnecessary investigations, an overemphasis on precision
at the expense of recall undermines the practical utility of
predictive models in clinical screening programs. Therefore,
recall must remain a priority metric in the development of
stroke prediction tools, as ensuring that high-risk patients
are identified early is crucial for effective medical decision-
making and improved patient outcomes.

5.5. Feature Importance Results. Each model leverages differ-
ent techniques to determine the most significant features.
Decision trees assess feature importance based on how fre-
quently a feature is used in decision-making nodes, while gra-
dient boosting and AdaBoost assign importance by measuring
the contribution of each feature to reducing error across mul-
tiple weak learners. XGBoost, a more advanced ensemble
method, captures interactions between features and enhances
predictive power through gradient boosting optimizations.
Analyzing feature importance across these models provides
insight into the most critical predictors of stroke and helps
refine the feature selection process for future studies.

The decision tree model (Table 10) identifies average
glucose level (0.333) as the most important predictor of
stroke, followed by BMI (0.247) and age (0.199). This result
aligns with clinical findings that higher blood sugar levels
and obesity are significant stroke risk factors. Smoking status
(0.065) and hypertension (0.056) also hold moderate impor-
tance, suggesting that lifestyle choices and pre-existing con-
ditions influence stroke occurrence. Less influential variables
include work type (0.047), residence type (0.016), gender
(0.016), heart disease (0.014), and marital status (0.007).

8508017 SUOWIWOD BAIT1D (ot |dde au Aq peuseAob ase Sajoile YO ‘8sn J0 Sa|ni Joy Akeiqi8uluQ 3|1 UO (SUONIPUD-PUR-SWLBIALI0D A8 |IM° Afelq Ul UO//SANY) SUORIPUOD PUe SWie | 8L 89S *[S20z/2T/0T] uo AkigiTauliuo AIm ‘AisieAlun winy Ag 92/2682/1IS/SSTT 0T/10p/wod A3 |m Aelg i jpul|uoy/:sdny woly pepeojumod ‘T ‘SZ0Z ‘G0LZ



Stroke Research and Treatment

ROC curve - naive bayes

1.0 1 7

0.8 4 -

0.6 -

0.4 4 Pl

True positive rate
N,

0.2 1 e

004 ~

T T
0.0 0.2 0.4 0.6 0.8 1.0

Fales positive rate

ROC curve - AdaBoost
1.0 A 7

0.8 1 -~

0.6 1 7

0.4 1 v

True positive rate
N,

0.2 e

004 ~

T T
0.0 0.2 0.4 0.6 0.8 1.0

Fales positive rate

ROC curve

15

ROC curve - XGBoost
1.0 7

0.8 1 #7

0.6 -~

0.4 1 -

True positive rate
N

0.2 1 P

004 *
T T

T T
0.0 0.2 0.4 0.6 0.8 1.0
Fales positive rate

ROC curve - CatBoost
1.0 >

0.8 1 -~

0.6 .

0.4 #

True positive rate
N\

0.2 1 »*

004 ~

T T
0.0 0.2 0.4 0.6 0.8 1.0

Fales positive rate

F1GURE 9: Sample of the ROC curves for some classifiers.

TABLE 8: Comparison table using the Kaggle stroke dataset, with 5110 samples.

Study Stroke
(author, cases/ Methods used Rep or.ted Notes
metrics

year) prevalence

Stacking ensemble (random forest + High accuracy, but recall/sensitivity not
Chakraborty ¢ . . . . .
etal, 2024 249 (~4.9%) decision tree + K-nearest neighbors), with Accuracy clearly differentiated in some reports; class
[15] v ' PCA for feature reduction; oversampling of ~98.6% imbalance addressed via oversampling;

minority class demonstrates potential with PCA + stacking
AUROC ~0.84, . 1.

Present Fl-score ~0.72, Focus on interpretability, feature

study (2025) 249 (~4.9%)

LR, RF, XGBoost, SVM, and AdaBoost

importance, and clinical relevance under

and sensitivity class imbalance

~0.74

The relatively low importance of heart disease may be due to
an imbalanced dataset where stroke cases are not always
accompanied by a history of heart disease.

o Average glucose level, BMI, and age are the dominant
predictors of stroke risk.

e Hypertension and smoking status also play a role but
are less impactful.

e Demographic factors like gender, work type, and resi-
dence type contribute minimally to stroke prediction,
and a graphical representation of the results can be
seen in Figure 10.

The gradient boosting model (Table 11) provides a dif-
ferent perspective, ranking age (0.374) and average glucose
level (0.371) nearly equally in importance. BMI (0.180)
remains an important factor, but its weight is lower than
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TABLE 9: Confusion matrix results (normalized by the true class
count) rather than raw counts.

Model TP TN FP FN
Decision tree 1366 78 70 19
Gradient boosting 1444 0 87 2
KNN 1441 3 88

Naive Bayes 1290 154 53 36
XGBoost 1433 11 82

AdaBoost 1438 6 87

CatBoost 1441 3 86

TABLE 10: Decision tree feature importance.

Feature Importance
Avg glucose_level 0.333
BMI 0.247
Age 0.199
Smoking_status 0.065
Hypertension 0.056
Work_type 0.047
Residence_type 0.016
Gender 0.016
Heart_disease 0.014
Ever_married 0.007

in the decision tree model. Smoking status (0.019), work
type (0.018), heart disease (0.016), and hypertension
(0.009) contribute less significantly, with gender (0.000) hav-
ing no impact on prediction.

o Age and average glucose level are nearly equally influ-
ential in stroke prediction.

e BMI is moderately important, indicating that obesity
plays a role in stroke risk.

¢ Demographic variables and comorbidities (hyperten-
sion and heart disease) have minimal impact in this
model.

e Gender does not contribute to prediction in gradient
boosting, unlike in the decision tree model, and a
graphical representation of the results can be seen in
Figure 11.

Unlike decision tree and gradient boosting, the XGBoost
model (Table 12) assigns the highest importance to age
(0.173), ever_married (0.134), heart disease (0.128), and
hypertension (0.109). These results suggest that age-related
factors and pre-existing cardiovascular conditions are more
predictive of stroke than glucose levels or BMI in this model.
Avg_glucose_level (0.090), BMI (0.084), and smoking status
(0.080) remain relevant but are ranked lower than in previ-
ous models. Work type (0.079), gender (0.073), and resi-
dence type (0.052) contribute, but their influence is weaker.

Stroke Research and Treatment

e Age, marital status, and cardiovascular conditions
(heart disease and hypertension) are the most influen-
tial features.

e Glucose level and BMI, which were highly important
in other models, are ranked lower here.

e Smoking status and work type maintain moderate
importance but are less predictive.

This suggests that XGBoost captures chronic health con-
ditions and demographic factors better than simpler models,
and a graphical representation of the results can be seen in
Figure 12.

The AdaBoost model (Table 13) highlights BMI (0.383)
and age (0.344) as the top predictors, followed by average
glucose level (0.183). Compared to other models, AdaBoost
places far less emphasis on comorbidities like hypertension
and heart disease, which are assigned near-zero importance.
Work type (0.043), smoking status (0.025), and marital sta-
tus (0.024) contribute slightly, but gender, residence type,
and heart disease hold no weight in this model.

e BMI is the most significant factor in AdaBoost, sur-
passing age and glucose level.

e Unlike XGBoost, cardiovascular conditions (heart dis-
ease and hypertension) have minimal impact.

e Gender, residence type, and heart disease contribute
nothing to predictions.

e AdaBoost emphasizes lifestyle factors (BMI, glucose,
and smoking) rather than medical history, and a
graphical representation of the results can be seen in
Figure 13.

This suggests that AdaBoost prioritizes recent lifestyle
risk factors over long-term chronic conditions when predict-
ing stroke.

5.5.1. Comparative Insights and Model Implications. The var-
iation in feature importance across models reveals distinct
patterns in how stroke risk is predicted:

1. Age and glucose levels as core predictors:

e Age is a dominant predictor in gradient boosting,
XGBoost, and AdaBoost, while glucose levels are
critical in the decision tree and gradient boosting.

e This aligns with clinical evidence that aging and
high blood sugar contribute significantly to stroke
risk.

2. BMTI’s influence varies across models:

e AdaBoost ranks BMI as the most influential factor
(0.38), while it holds moderate importance in the
decision tree (0.247) and gradient boosting (0.180).

e XGBoost ranks it much lower, suggesting that some
models prioritize obesity more than others.
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FIGURE 10: Decision tree feature importance.

TABLE 11: Gradient boosting feature importance.

Feature Importance
Age 0.374
Avg_glucose_level 0.371
BMI 0.180
Smoking_status 0.019
Work_type 0.018
Heart_disease 0.016
Hypertension 0.009
Ever_married 0.008
Residence_type 0.004
Gender 0.000

3. Comorbidities and medical history have a mixed
impact:

e XGBoost gives high importance to heart disease and

hypertension, but AdaBoost nearly disregards them.

e Gradient boosting and decision tree assign moder-
ate importance to these features, indicating they
are relevant but not always crucial in prediction.

4. Demographic and lifestyle factors play a minor role:

e Smoking status has low importance across all
models (0.02-0.08), indicating that smoking alone
may not be a strong stroke predictor without other
risk factors.

e Work type, gender, and residence type are generally
insignificant across models, showing that socioeco-
nomic factors have a limited impact on stroke
prediction.

5. Differences in model focus:

e Decision tree and gradient boosting favor lifestyle-
related factors (BMI and glucose levels).

e XGBoost emphasizes chronic health conditions
(heart disease and hypertension).

e AdaBoost prioritizes recent lifestyle choices over
long-term medical history.

The feature importance analysis reveals how different
ML models weigh risk factors differently when predicting
stroke. Age and glucose levels consistently appear among
the most significant predictors, but their relative importance
varies. BMI is highly relevant in some models (AdaBoost)
but less so in others (XGBoost). Similarly, chronic condi-
tions like heart disease and hypertension are emphasized in
XGBoost but largely ignored in AdaBoost.

These findings indicate that model selection plays a cru-
cial role in determining which risk factors are prioritized in
stroke prediction. If the goal is to predict strokes based on
lifestyle changes, models like AdaBoost and gradient boost-
ing may be more useful. However, if the focus is on long-
term medical conditions, XGBoost may be the better choice.
Further fine-tuning of these models, incorporating feature
selection, and balancing datasets could help improve overall
predictive accuracy while ensuring the most critical risk fac-
tors are appropriately weighted, as presented in Table 14.

Key observations:

1. Accuracy: The accuracy of the XGBoost model
remains very close across all feature sets, with a slight
decrease from full (0.939) to Top 7 (0.936) and further
decline with Top 5 (0.934) and Top 3 (0.940). This
shows that the classifier is still performing similarly
across all feature sets. Notably, the accuracy does not
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FiGure 11: Gradient boosting feature importance.
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TABLE 12: XGBoost feature importance.
Feature Importance
Age 0.173
Ever_married 0.134
Heart_disease 0.128
Hypertension 0.109
Avg glucose_level 0.090
BMI 0.084
Smoking_status 0.080
Work_type 0.079
Gender 0.073
Residence_type 0.052

significantly change when reducing the features from
the full set down to the Top 3.

. Precision: Precision drops as we reduce the number of

features. The full dataset has a precision of 0.388,
which decreases progressively as we use fewer fea-
tures. This suggests that when using fewer features,
the classifier may become less confident in its positive
predictions, leading to more FPs. The drop-in preci-
sion from Top 7 to Top 3 is particularly significant,
indicating that with fewer features, the model is less
precise in identifying TP instances.

. Recall: Recall also shows a significant decrease as we

move from the full dataset to the reduced feature sets.
With the Top 3 features, the recall is very low (0.011),
indicating that the model is failing to identify almost
all of the actual positive cases (strokes). This sharp
decline in recall suggests that the Top 3 features are
insufficient to accurately predict the positive class,
potentially causing the model to miss a lot of TPs
(FNs).

4. Fl-score: F1-score, being a harmonic mean of preci-

sion and recall, also decreases with fewer features.
The full dataset has the highest F1-score (0.130), but
it drops dramatically with the Top 3 features (down
to 0.021). This indicates a significant trade-off
between precision and recall when reducing features,
especially as recall diminishes. The results are shown
in Figure 14.

e Feature importance trade-off: The full dataset provides

the best balance between precision, recall, and F1
-score, indicating that using a greater number of fea-
tures allows the model to make better predictions. As
you reduce the features, especially down to the Top 3
most important features, the model becomes more
biased toward a particular subset of the data that
may not capture the underlying patterns as well. This
is reflected in the steep decline in recall and precision,
leading to a lower F1-score.

Feature selection impact: While accuracy remains
fairly consistent, the drastic drop in recall and preci-
sion when using fewer features implies that XGBoost
relies on a wider set of features to distinguish between
the classes (stroke vs. no stroke). The reduction in fea-
tures removes potentially crucial information that
helps the model identify the positive class (stroke).

Model’s sensitivity: XGBoost seems sensitive to the
number of features used in the model. While accuracy
stays relatively high, the significant drop in precision
and recall (especially recall) when reducing features
highlights that the classifier is highly dependent on
the chosen features. In particular, the model might be
struggling to correctly classify stroke patients when
only a small number of features are available (such as
the Top 3 features).
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FIGURE 12: XGBoost feature importance.

TABLE 13: AdaBoost feature importance.

Feature Importance
BMI 0.383
Age 0.344
Avg_glucose_level 0.183
Work_type 0.043
Smoking_status 0.025
Ever_married 0.024
Hypertension 0.021
Residence_type 0
Heart_disease 0
Gender 0

The XGBoost model’s performance across different fea-
ture sets suggests that more features are beneficial for
improving the model’s classification of strokes. While reduc-
ing features can decrease accuracy, the drop in recall and
precision signals that the classifier’s ability to correctly iden-
tify stroke cases diminishes as important features are
removed.

From a clinical perspective, the identification of glucose
levels, BMI, and hypertension as dominant predictors has
direct implications for screening and prevention. Elevated
glucose levels suggest that patients with diabetes or predia-
betes should undergo routine stroke risk assessment, as poor
glycemic control significantly increases vascular risk. Simi-
larly, higher BMI values highlight the importance of inte-
grating weight management and lifestyle modification
programs into prevention initiatives, while hypertension, a
well-established modifiable risk factor, reinforces the need
for early detection and aggressive management of blood
pressure in primary care and community health programs.
Although feature importance varied across models, for

example, AdaBoost emphasized BMI and age, while
XGBoost highlighted heart disease and hypertension, these
differences reflect algorithmic mechanisms rather than con-
tradictions with clinical knowledge. In fact, glucose, BMI,
and age consistently appeared as top predictors across
methods, aligning with well-established stroke risk factors.
Variability in the weight assigned to comorbidities such as
heart disease and hypertension underscores the importance
of considering multiple modeling approaches, suggesting
that while core risk factors remain stable, the relative contri-
bution of individual comorbidities may differ depending on
patient population and data structure, consistent with find-
ings from large cohort studies.

5.6. Survival Analysis. Survival analysis is a crucial statistical
technique used to estimate the probability of an event occur-
ring over time. In the context of stroke prediction, survival
analysis helps determine the likelihood of patients remaining
stroke-free over a given period, considering various risk fac-
tors. The Kaplan-Meier estimator and CoxPH model are
commonly used methods in such studies to analyze time-
to-event data. This dataset provides insights into stroke sur-
vival probabilities over different timelines, allowing
researchers and healthcare professionals to assess the impact
of factors such as age, glucose levels, and hypertension on
stroke risk. The survival probability, initially set at 1 (100%
survival), gradually decreases as time progresses, indicating
the increasing likelihood of stroke occurrence among at-
risk individuals. Although the Kaggle dataset is cross-
sectional and does not contain time-to-event follow-up, the
Kaplan-Meier and CoxPH analyses were applied here in
an exploratory manner to demonstrate methodological
applicability rather than to produce definitive survival esti-
mates. It should be noted that the Kaggle dataset is cross-
sectional and does not provide subject-level time-to-event
or censoring information. As such, the Kaplan-Meier and
CoxPH analyses presented here are exploratory
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FiGure 13: AdaBoost feature importance.

TABLE 14: Feature importance analysis when selecting a certain
number of features using the XGBoost classifier.

Feature set Accuracy  Precision  Recall  Fl -score
XGBoost full 0.939 0.388 0.078 0.130
Top 7 features 0.936 0.333 0.089 0.141
Top 5 features 0.934 0.238 0.056 0.090
Top 3 features 0.940 0.200 0.011 0.021

demonstrations rather than true longitudinal survival
models, and no formal risk-set construction or censoring
was possible. It should be noted that the Kaggle dataset is
cross-sectional and does not provide subject-level time-to-
event or censoring information. As such, the Kaplan-Meier
and CoxPH analyses presented here are exploratory demon-
strations rather than true longitudinal survival models, and
no formal risk-set construction or censoring was possible.
It should be noted that the dataset used is cross-sectional,
without longitudinal follow-up or censoring information.
Therefore, the Kaplan-Meier and CoxPH analyses con-
ducted here are exploratory and illustrative, rather than valid
time-to-event survival estimates.

Understanding these patterns can aid in developing pre-
ventive strategies and improving early intervention methods
for high-risk patients, as seen in Table 15.

CoxPH regression results are presented in Table 15.
Hypertension showed a hazard ratio (HR) of 1.319 (95%
CIL: 0.973-1.789), suggesting a 31.9% increased hazard of
stroke, though the CI crosses 1.0, indicating borderline sig-
nificance. BMI was also significant, with HR =1.029 (95%
CL: 1.007-1.053), meaning each unit increase in BMI
increases stroke hazard by ~2.9%. Elevated glucose levels
showed HR =1.003 (95% CI: 1.001-1.005), indicating higher
stroke risk with rising glucose values. Heart disease, while

positively associated (HR=1.034, 95% CI: 0.728-1.468),
was not statistically significant. These results highlight that
hypertension, BMI, and glucose levels are clinically mean-
ingful predictors of stroke risk.

The Kaplan-Meier survival curve (Figure 15) illustrates
the probability of remaining stroke-free over time. The sur-
vival probability starts at 1.0, meaning that all individuals are
initially considered stroke-free. As time progresses, the sur-
vival probability gradually declines, reflecting the occurrence
of stroke events.

1. Initial period (0-1.3 years)

e During the first 1.3 years, there was no observed
decrease in survival probability, indicating that no
stroke events were recorded in this timeframe.

e The survival probability remains constant at 1.0,
suggesting a stable period where individuals are less
likely to experience a stroke.

2. Gradual decline in survival probability (1.3-40 years)

e The survival probability starts decreasing after
1.32 years, reaching 0.9998.

e This slow decline suggests that stroke cases begin to
emerge, though the occurrence remains relatively
low in this phase.

e Between 30-40years, the survival probability
declines more rapidly, indicating an increased num-
ber of stroke events in older age groups.

3. Notable decrease in stroke-free probability (40-
60 years)

8508017 SUOWIWOD BAIT1D (ot |dde au Aq peuseAob ase Sajoile YO ‘8sn J0 Sa|ni Joy Akeiqi8uluQ 3|1 UO (SUONIPUD-PUR-SWLBIALI0D A8 |IM° Afelq Ul UO//SANY) SUORIPUOD PUe SWie | 8L 89S *[S20z/2T/0T] uo AkigiTauliuo AIm ‘AisieAlun winy Ag 92/2682/1IS/SSTT 0T/10p/wod A3 |m Aelg i jpul|uoy/:sdny woly pepeojumod ‘T ‘SZ0Z ‘G0LZ



Stroke Research and Treatment

0.8 -
0.6 -
04 -
0.2 -

XGBoost feature selection

Accuracy Precision

W XGBoost full

M Top 7 features

Recall

Top 5 features

Top 3 features

FiGURE 14: XGBoost feature selection.

TABLE 15: CoxPH regression.

F1 score

21

Covariate Coef  Exp(coef) Se(coef) Coef lower 95% Coef upper 95% Exp(coef) lower 95% Exp(coef) upper 95%
Hypertension 0.277 1.319 0.155 -0.028 0.582 0.973 1.789
Heart_disease 0.033 1.034 0.179 -0.317 0.384 0.728 1.468

Avg glucose_level  0.003 1.003 0.001 0.001 0.005 1.001 1.005

BMI 0.029 1.029 0.011 0.007 0.051 1.007 1.053
Covariate cmp to z p —log 2(p)

Hypertension 0.000 1.783 0.075 3.744

Heart_disease 0.000 0.186 0.853 0.230

Avg_glucose_level  0.000 2.453 0.014 6.141

BMI 0.000 2.542 0.011 6.501

e A significant drop in survival probability occurs
beyond 40 years, where the probability reduces from
0.9976 to 0.9914.

e This trend suggests that middle-aged individuals are
more vulnerable to stroke, possibly due to the
cumulative effects of risk factors such as hyperten-
sion, heart disease, or high glucose levels.

4. Sharp decline beyond 60 years

e From 60years onward, the survival probability
starts to drop at a much higher rate, declining from
0.96 to 0.74.

e By age 80, the probability has decreased signifi-
cantly to 0.49, indicating that nearly half of the pop-
ulation has experienced a stroke.

e This sharp decline in survival probability suggests
that aging is a strong determinant of stroke risk,
reinforcing the need for early monitoring and inter-
vention in older populations.

5. Critical drop beyond 80 years

e The most significant drop occurs beyond age 80,
where the survival probability declines to 0.49.

e This indicates that individuals who reach their 80s
have a nearly 50% chance of experiencing a stroke,
highlighting the urgent need for preventive mea-
sures in this age group.

Key insights from the stroke survival analysis:

e Younger individuals (below 40years) have a high
stroke-free probability, indicating that stroke is rela-
tively rare in early adulthood.

e Middle-aged individuals (40-60years) experience a
moderate decline in survival probability, suggesting
that risk factors start accumulating and influencing
stroke incidence.

e Elderly individuals (60+ years) exhibit a rapid decrease
in survival probability, emphasizing that aging is a pri-
mary risk factor for stroke.

o By age 80, the survival probability reaches nearly 50%,
highlighting the importance of medical intervention
and lifestyle modifications to reduce stroke risk in
older adults.

The survival analysis highlights that stroke risk increases
significantly with age, particularly beyond 60 years. The find-
ings emphasize the need for early screening, lifestyle
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modifications, and medical interventions to mitigate risk
factors such as high glucose levels, hypertension, and obe-
sity. Future research could explore additional variables,
including genetic predisposition and socioeconomic factors,
to further refine stroke risk prediction models and develop
targeted prevention strategies.

Reporting effect sizes with confidence intervals
strengthens the interpretability of our survival analysis. For
example, hypertension and BMI demonstrated clinically
meaningful HRs, consistent with prior evidence that elevated
blood pressure and obesity substantially increase stroke risk.
The modest but significant effect of glucose levels under-
scores the importance of glycemic control in stroke preven-
tion. Confidence intervals further highlight the precision and
reliability of these estimates, allowing clinicians to better
contextualize risk in patient care.

A key limitation of this study is that the Kaggle dataset is
cross-sectional and not longitudinal, which precludes true
time-to-event modeling. Consequently, the Kaplan-Meier
and CoxPH analyses presented here should be regarded as
illustrative rather than confirmatory, as the dataset lacks
subject-level time-to-event and censoring information. This
absence introduces potential prevalence and length bias,
meaning that the reported HRs can only be interpreted as
exploratory associations rather than valid longitudinal risk
estimates. The results should not be misinterpreted as true
survival probabilities but rather as illustrative associations.
Future work using longitudinal clinical datasets with proper
follow-up will be necessary to accurately assess survival
probabilities and HRs through valid survival analysis.

5.7. Health Condition Analysis. The objective of this analysis
is to evaluate how certain health conditions, hypertension,
heart disease, and smoking status, are associated with the
likelihood of experiencing a stroke. By identifying significant
relationships, this study aims to provide insights into poten-
tial risk factors for stroke, which could be valuable for early
intervention and prevention efforts.

To examine the impact of these health conditions on
stroke occurrence, the following methods were used:

e Cross-tabulation analysis: This method helps to visu-
ally represent the distribution of stroke occurrences
across different health condition categories.

e Chi-square test for independence: This statistical test
assesses whether there is a significant association
between each health condition and stroke occurrence.
A small p value (typically <0.05) suggests a statistically
significant relationship between the variables.

Hypertension and stroke results can be seen in Table 16.

e Among individuals with no hypertension, 183 out of
4612 had a stroke (~3.97%).

e Among those with hypertension, 66 out of 498 had a
stroke (~13.25%).

e The stroke rate is significantly higher in individuals
with hypertension, suggesting a strong association
between hypertension and stroke risk.

Chi-square test result:

e pvalue=1.66e—19  (very  small,
significant).

statistically

e Since the p value is much lower than 0.05, we reject the
null hypothesis, confirming that hypertension is signif-
icantly associated with stroke occurrence.

Heart disease and stroke results can be seen in Table 17.

e Among individuals without heart disease, 202 out of
4834 had a stroke (~4.18%).

o Among those with heart disease, 47 out of 276 had a
stroke (~17.03%).
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TABLE 16: Hypertension and stroke. TABLE 17: Heart disease and stroke.
Hypertension No stroke Stroke Total Heart disease No stroke Stroke Total
No 4429 183 4612 No 4632 202 4834
Yes 432 66 498 Yes 229 47 276
Total 4861 249 5110 Total 4861 249 5110

e The stroke rate is much higher in individuals with
heart disease, suggesting a significant correlation
between heart disease and stroke occurrence, as seen
in Table 17.

Chi-square test result:

e pvalue =2.09e — 21 (highly significant).

e This result confirms that heart disease is significantly
associated with stroke risk.

Smoking status and stroke results can be seen in
Table 18.

e The highest stroke rate is among individuals who for-
merly smoked (70 out of 885, ~7.91%).

e Those who currently smoke also have an elevated
stroke rate (42 out of 789, ~5.32%).

The lowest stroke rate is among those with an
unknown smoking status (47 out of 1544, ~3.04%).

The stroke rate among never smokers is 4.76%, which
is lower than former smokers but still above the
unknown group.

This suggests that past smoking may have a lasting
impact on stroke risk.

Hypertension and heart disease are strongly associated
with stroke occurrence, with both conditions exhibiting sig-
nificantly higher stroke rates. This relationship is statistically
confirmed through chi-square test results, which yielded
very small p values, indicating a robust correlation. Addi-
tionally, smoking status plays a role in stroke likelihood,
with former smokers showing the highest stroke rate, sug-
gesting that the effects of past smoking behavior continue
to influence long-term health outcomes. Based on these find-
ings, public health strategies should prioritize the manage-
ment and prevention of hypertension and heart disease,
alongside promoting effective smoking cessation programs,
to significantly reduce stroke risk in the population.

5.8. Clustering Analysis. In the context of the clustering anal-
ysis and the visualizations using PCA and t-SNE, the com-
ponents refer to the transformed features or dimensions
that are generated during the dimensionality reduction pro-
cess. These components are essentially new axes that repre-
sent the most important information in the original data,
but in fewer dimensions (usually two dimensions for visual-
ization). It is important to note that PCA and t-SNE were

applied in this study for exploratory visualization rather
than validated clustering. Future studies should include
quantitative cluster validity indices (e.g., silhouette score
and the Davies-Bouldin index) to confirm the robustness
of subgroup structures.

Table 19 presents the standardized mean values of key
health-related features, age, average glucose level, BMI, and
smoking status across three distinct clusters identified
through unsupervised clustering analysis. These clusters
were derived using dimensionality reduction techniques
such as PCA and t-SNE, followed by K-means clustering.
The values have been normalized to facilitate comparison,
with each feature’s average in a cluster indicating its relative
deviation from the dataset’s overall mean. This analysis aims
to uncover distinct patient profiles and highlight potential
high-risk groups for stroke based on shared characteristics.
Notably, Cluster 2 exhibits the highest positive deviations
in age and glucose levels, suggesting a group with elevated
stroke risk.

5.8.1. PCA. PCA is a technique used for reducing the dimen-
sionality of the data while retaining as much variance (infor-
mation) as possible. It does this by creating principal
components, which are the new axes that capture the maxi-
mum variance in the data.

PCA components: These are the transformed dimen-
sions after applying PCA.

e The first component (PCA Component 1) captures the
largest variance (spread of data) in the dataset.

e The second component (PCA Component 2) captures
the second-largest variance and so on.

The PCA components are the new coordinates for each
data point after reducing the dataset from high-
dimensional space (e.g., many features like age, glucose level,
and smoking status) to just two dimensions (for plotting).

The scatter plot (Figure 16) shows how the data points
group together based on the features, and the clusters are
represented by different colors.

PCA Component 1 is plotted on the x-axis, and PCA
Component 2 is plotted on the y-axis in the 2D graph.

Example: If you had a dataset with three features (age,
glucose level, and BMI), PCA would reduce it to two compo-
nents. The new axes (PCA1 and PCA2) are linear combina-
tions of the original features, and the scatter plot shows how
data points are spread along these axes.

5.8.2. t-SNE. t-SNE is another dimensionality reduction
technique, but it works differently from PCA. t-SNE is par-
ticularly useful for visualizing high-dimensional data by
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TABLE 18: Smoking status and stroke.

Smoking status No stroke Stroke Total
Unknown 1497 47 1544
Formerly smoked 815 70 885
Never smoked 1802 90 1892
Smokes 747 42 789
Total 4861 249 5110

TABLE 19: Standardized feature averages across clusters identified
by clustering analysis.

Cluster Age Avg_glucose_level BMI  Smoking_status
0 0.319 -0.366 0.236 0.395
1 -1.111 -0.276 —-0.826 —-0.998
2 0.776 2.204 0.580 0.205

maintaining the pairwise similarity of data points in the
lower dimensional space (2D or 3D). It does this by mapping
similar data points close together and dissimilar ones farther
apart.

t-SNE components: These are the coordinates of the data
points after t-SNE has reduced the data to two dimensions.

e t-SNE Component 1 is the first coordinate (plotted on
the x-axis).

e t-SNE Component 2 is the second coordinate (plotted
on the y-axis).

In the graphs:

The scatter plot (Figure 17) shows how the data points
are grouped based on their pairwise similarities. Points that
are similar (in terms of the original high-dimensional fea-
tures) will appear close to each other in the 2D t-SNE plot,
while points that are dissimilar will be farther apart.

The clusters in the t-SNE plot may not necessarily align
with the axes of the plot, as t-SNE focuses on maintaining
local structure rather than global structure like PCA.

Example: If you applied t-SNE to the same dataset (age,
glucose level, and BMI), t-SNE would try to preserve the
relationships between the data points in the lower-
dimensional space so that similar points appear closer to
each other in the t-SNE 2D plot.

e PCA components: Represent directions in the data
that capture the maximum variance. They are linear
combinations of the original features.

¢ t-SNE components: Represent a projection of the data
into two dimensions, trying to preserve the local struc-
ture and relationships between points. These compo-
nents do not have a straightforward interpretation
like PCA components but are useful for visualizing
complex data.

In both clustering graphs:
The x-axis and y-axis represent the first two components
(PCA or t-SNE) after dimensionality reduction.

Stroke Research and Treatment

Clusters are colored according to the group assignment
from K-means clustering.

These plots help in visualizing the clustering of data
based on the reduced dimensions, making it easier to under-
stand how data points group together according to their
features.

To analyze the results you provided, we first need to
understand that these values appear to be normalized or
standardized values for the features in the dataset. Each fea-
ture (e.g., age, avg_glucose_level, BMI, and smoking_status)
has been transformed in such a way that the data is centered
around 0 with a certain scale (most likely with 0 mean and
unit variance, if standardization was used).

5.8.3. Understanding the Values. Each row represents an
individual data point, and each column represents one of
the features (age, glucose level, BMI, and smoking status)
that have been standardized. Let us break this down for each
feature:

1. Age:

In the first row, the value for age is 0.3193. This indicates
that the individual’s age is slightly above the mean age of the
dataset (since it is positive).

In the second row, the age is —1.1114, indicating that this
individual is below the average age of the dataset (since it is
negative).

In the third row, the age is 0.7760, which means this
individual’s age is above the mean, but not as much as the
first individual.

2. Average glucose level:

In the first row, the glucose level is —0.3656. This indi-
cates that this individual has a glucose level slightly below
the average glucose level.

In the second row, the glucose level is —0.2760, which is
also slightly below average, but less so than the first
individual.

In the third row, the glucose level is 2.2042, which is
much higher than average. This suggests that the third indi-
vidual has a significantly higher-than-average glucose level.

3. BMI

In the first row, the BMI is 0.2363, indicating that this
individual’s BMI is slightly above the average BMI.

In the second row, the BMI is —0.8255, meaning this
individual’s BMI is well below the average.

In the third row, the BMI is 0.5803, showing that the
individual has a higher BMI than the average.

4. Smoking status:

In the first row, the smoking status is 0.3954, which
likely represents a “positive” status (e.g., smoker, or a value
that indicates some kind of smoker category).

In the second row, the smoking status is —0.9978, which
could represent a “negative” status (e.g., nonsmoker).
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FIGURE 17: K-means clustering (t-SNE components).

In the third row, the smoking status is 0.2050, which is
somewhere in between, possibly indicating that the individ-
ual has a low probability of being a smoker (or another
factor).

5.8.4. Statistical Significance and Interpretation

o Standardization: Since these features are standardized,
you can now analyze their relationship with each other
and their impact on the outcome variable (e.g., stroke

risk, if that is the target variable). Values closer to 0
indicate that the individual is close to the average of
the dataset for that feature, while values further from
0 indicate more extreme values (either higher or lower
than average).

Comparing the features: You can also explore how
each feature (age, glucose level, BMI, and smoking sta-
tus) contributes to the likelihood of stroke (or any
other outcome variable). For example, based on these
standardized values:
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0. Age: A positive value means older individuals are
more likely to be above average. Age often has a
direct correlation with health outcomes like stroke,
so you may expect older individuals to have a
higher risk of stroke.

0. Glucose level: The third individual, with a signifi-
cantly higher glucose level, could be at a higher risk
of conditions such as diabetes or stroke, which is
reflected in the high positive value (2.2042).

o. BMI: This could show that individuals with a higher
BMI (first and third individuals) might have a
higher likelihood of developing health problems
such as stroke.

o. Smoking status: A higher value might indicate a
higher likelihood of being a smoker, which is often
linked to an increased risk of stroke and other
health problems.

Our clustering results should be interpreted cautiously,
as they were not validated using internal indices such as sil-
houette or the Davies-Bouldin scores. Consequently, the
clinical interpretation of clusters remains speculative. Future
work should include both quantitative validation and exter-
nal dataset confirmation to ensure subgroup definitions are
robust and clinically meaningful.

6. Conclusion

This study provides a comprehensive, multifaceted analysis
of stroke risk by integrating statistical methods, ML classifi-
cation, clustering techniques, and survival analysis to
uncover key predictive factors associated with stroke occur-
rence. The dataset, comprising 5110 observations, highlights
critical demographic, medical, and lifestyle attributes that
contribute to stroke risk. Descriptive statistics indicate that
age, glucose levels, BMI, hypertension, and heart disease
are among the most influential variables, with older individ-
uals, elevated glucose levels, and higher BMI being more
prone to stroke. Correlation analysis further confirms that
age is positively associated with hypertension and heart dis-
ease, while glucose levels also show a moderate correlation
with age, indicating that older individuals tend to have
higher glucose levels, potentially increasing stroke suscepti-
bility. Health condition analysis reveals a significant rela-
tionship between stroke and underlying medical
conditions, with hypertensive individuals having a stroke
rate of 13.25% compared to 3.97% among nonhypertensive
individuals and those with heart disease exhibiting a stroke
rate of 17.03%, significantly higher than those without heart
disease. Additionally, former smokers (7.91%) and current
smokers (5.32%) show an elevated stroke risk, emphasizing
the long-term impact of smoking on cardiovascular health.
Clustering and dimensionality reduction techniques using
PCA and t-SNE effectively identify high-risk groups, with
one cluster exhibiting significantly higher glucose levels
and older age, suggesting an elevated likelihood of stroke.
EDA further highlights that hypertensive individuals have
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a significantly higher mean age (62.24 years) compared to
nonhypertensive individuals (41.17 years), while stroke-
positive individuals exhibit a markedly higher mean glucose
level (132.54mg/dL) compared to nonstroke individuals
(104.79 mg/dL), reinforcing the role of metabolic disorders
in stroke occurrence. Similarly, stroke-positive individuals
have a slightly higher mean BMI (30.47 kg/m®) compared
to nonstroke individuals (28.82 kg/m?), indicating that obe-
sity may contribute to stroke risk, although not as signifi-
cantly as glucose levels. ML classification models provide
further insights into stroke prediction, with gradient boost-
ing, XGBoost, and CatBoost achieving high accuracy
(>94%) but suffering from low recall, making them less
effective in clinical applications where missing stroke cases
can have severe consequences. In contrast, naive Bayes
achieves the highest recall (0.404), detecting more stroke
cases but at the cost of increased FPs. Among these models,
XGBoost demonstrates the best balance between precision
and recall, making it a viable candidate for predictive stroke
modeling. Feature importance analysis across various classi-
fiers indicates that glucose levels, BMI, and age are the most
critical stroke predictors, with the decision tree ranking glu-
cose levels as the most significant factor, while gradient
boosting prioritizes age and glucose levels equally. XGBoost,
however, assigns higher importance to heart disease and
hypertension, suggesting that pre-existing cardiovascular
conditions play a crucial role in stroke prediction. Survival
analysis using the Kaplan-Meier estimator confirms that
stroke risk increases significantly with age, with the proba-
bility of remaining stroke-free sharply declining beyond
60 years. CoxPH regression further supports these findings,
indicating that hypertension increases stroke risk by 31.9%,
glucose levels have a minor but statistically significant
impact, and BMI also contributes moderately to stroke
occurrence. The combination of statistical analysis, cluster-
ing, ML classification, and survival modeling provides a
holistic approach to understanding stroke risk, reinforcing
the importance of early detection, lifestyle modifications,
and targeted medical interventions to mitigate risk factors
and improve healthcare outcomes.

This study offers a comprehensive, multidimensional
analysis of stroke risk by integrating statistical methods,
ML classification, clustering, and survival analysis to extract
valuable insights. Key findings highlight that age, glucose
levels, BMI, hypertension, and heart disease are the most
influential predictors of stroke, with smoking, especially
among former smokers, further increasing risk. While ML
models such as XGBoost and gradient boosting demonstrate
high accuracy, their recall rates need enhancement for clini-
cal reliability. Survival analysis reinforces that stroke risk sig-
nificantly escalates after age 60, and feature selection plays a
critical role in model performance, particularly emphasizing
the importance of glucose levels and hypertension. Future
research should focus on improving recall through tech-
niques like SMOTE to address class imbalance, exploring
deep learning models for enhanced predictive power, incor-
porating broader risk factors such as lifestyle habits and
medication use, and developing real-time risk assessment
tools to support early clinical intervention. This data-
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driven approach underscores the importance of early detec-
tion, preventive healthcare strategies, and optimized predic-
tive modeling to improve stroke outcomes. Another
limitation of this study is that all analyses were conducted
using the publicly available Kaggle stroke dataset. While this
dataset provides a valuable benchmark for method develop-
ment, it may not capture population-specific variations or
the full heterogeneity of stroke risk factors. Future work
should focus on validating these models with independent
datasets, ideally from EHRs or prospective clinical studies.
Such external validation would enhance generalizability,
improve confidence in the models’ clinical utility, and allow
for tailoring to local populations.
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