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ABSTRACT

Stroke remains a leading cause of global mortality and long term disability, necessitating reliable predictive

frameworks for early risk identification. While machine learning applications in stroke forecasting have

expanded, many studies bypass rigorous exploratory data analysis, compromising model interpretability

and clinical generalizability. This study presents a comprehensive exploratory investigation of demographic,

clinical, and lifestyle determinants of stroke using a structured healthcare dataset of 5,110 patient records.

Through descriptive statistics, univariate and bivariate analyses, correlation mapping, and stratified

prevalence assessments, we systematically evaluated feature distributions, missingness patterns, and

multivariate relationships. The cohort exhibited severe class imbalance, with stroke-positive cases comprising

only 4.9% of observations. Age emerged as the strongest univariate predictor (r = 0.245), followed by pre-

existing heart disease, elevated average glucose levels, and hypertension. Conversely, body mass index

demonstrated weak independent discriminative power, suggesting its influence operates indirectly through

metabolic and cardiovascular pathways. Pairwise visualizations and correlation heatmaps confirmed

minimal multicollinearity and highlighted clinically meaningful interaction effects between aging and

dysglycemia. These findings establish a statistically rigorous foundation for subsequent machine learning

development, emphasizing the necessity of imbalance aware evaluation metrics and targeted feature

engineering. By bridging raw clinical data and algorithmic deployment, this work provides a transparent,

reproducible roadmap to advance clinically actionable stroke risk stratification tools.
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1. Introduction

Stroke remains one of the leading causes of mortality and long-term disability worldwide, necessitating the

development of reliable predictive frameworks capable of supporting early risk identification and preventive

intervention. The present analysis provides a comprehensive exploratory investigation of demographic,

lifestyle, and clinical determinants associated with stroke occurrence using a structured healthcare dataset.

The analytical objective was not only to identify statistically meaningful associations between predictors and

stroke incidence, but also to establish a rigorous empirical foundation for future machine learning based

predictive modeling.

Stroke is a sudden neurological disorder characterized by focal neurological deficits resulting from dysfunction

of the cerebral circulation or from vascular cognitive disorder [1]. Rather than constituting a single disease

entity, stroke is a clinically complex syndrome driven by multiple interconnected risk factors and pathological

processes [2]. It represents a major global public health concern, standing as the leading cause of long term

disability among adults and the second most common cause of death worldwide, particularly in middle to

high-income countries [4]. Given that stroke typically leads to severe health consequences such as paralysis,

speech impairment, and cognitive decline, early detection and timely intervention are critical for mitigating

adverse outcomes and reducing overall disease burden.

2. Background and Early Studies

2.1 Etiology and Multidimensional Risk Factors

Epidemiological evidence indicates that approximately 90% of stroke cases are attributable to ten identifiable

risk factors [5, 6, 7, 8]. Among these, age remains a paramount non-modifiable determinant; during the ageing

process, the arteries that supply blood to the brain naturally become narrower and less flexible [9]. Beyond

demographic variables, lifestyle behaviours and clinical history substantially influence stroke susceptibility.

The significance of lifestyle factors and patient medical records in shaping stroke likelihood has been

extensively examined across numerous studies [10, 11, 12, 13], For instance, prolonged work hours and

overtime have been correlated with unhealthy coping mechanisms such as smoking, alcohol use, physical

inactivity, and inadequate sleep [6], which subsequently increase the prevalence of chronic diseases [7].

Furthermore, substantial research highlights the impact of occupational exposures on stroke risk. Current

evidence strongly supports associations between stroke incidence and job stress, working in extreme

temperatures, long working hours, and shift work. While the link to occupational noise or chemical exposure

remains inconclusive, other factors, such as occupational physical burden, have been consistently documented

[14]. Clinical lifestyle assessments further confirm that individuals with high-risk habits face a significantly

elevated probability of recurrent stroke in the future [15].

2.1 Machine Learning Applications in Predictive Modeling

In recent years, machine learning (ML) has gained considerable traction in healthcare for forecasting stroke

incidence. By leveraging extensive patient datasets and multidimensional clinical features, ML techniques can

construct highly accurate predictive frameworks. Algorithms such as decision trees, random forests, XGBoost

models, and deep learning architectures have been successfully applied to stroke prediction tasks. Researchers
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such as Soumyabrata Dev have demonstrated the efficacy of neural networks (NNs), decision trees (DTs), and

random forests (RFs) in predicting stroke using comprehensive patient attributes [16]. Additionally,

contemporary studies have employed rigorous hyperparameter tuning to optimize model performance and

maximize predictive accuracy [17]. The growing body of literature underscores the transition from traditional

statistical methods to data-driven ML forecasting in modern clinical research [18].

2.2 The Foundational Role of Exploratory Data Analysis (EDA)

The development of robust machine learning models is fundamentally grounded in comprehensive Exploratory

Data Analysis (EDA). EDA serves as a critical preliminary step that assesses data quality by systematically

identifying and addressing missing values, outliers, and duplicates. It involves summarizing descriptive

statistics, visualizing data distributions, and mapping inter-feature relationships through graphical

representations [20]. By facilitating a deeper understanding of the underlying data structure, EDA guides

effective feature selection and engineering, thereby establishing a solid foundation for subsequent model

development. This analytical process not only enhances predictive accuracy but also significantly improves

model interpretability [21].

2.3 Clinical Considerations in Acute Stroke Settings

While predictive modeling and risk stratification continue to advance, specific clinical manifestations in acute

settings warrant focused investigation. For example, sensory extinction a condition frequently studied in

patients with subacute and chronic brain lesions [22, 23, 24] remains underexplored in acute stroke contexts.

Historical studies on acute cases have often neglected to evaluate associated risk factors and the temporal

progression of extinction [25], with some focusing exclusively on patients with right hemisphere lesions [26,

27]. Recent efforts aim to address this clinical gap by systematically collecting data on the prevalence, risk

factors, and time course of sensory extinction in the acute stroke setting [28].

2.4 Research Gap and Problem Statement

Despite the rapid proliferation of machine learning based stroke prediction models, several critical

methodological and translational gaps persist in the current literature. First, many studies deploy predictive

algorithms without conducting comprehensive, hypothesis driven exploratory data analysis (EDA), resulting

in arbitrary feature selection, unaddressed data quality issues, and limited model interpretability. Second,

publicly available clinical datasets frequently exhibit severe class imbalance and incomplete records; however,

few investigations systematically evaluate how these structural limitations bias predictive performance, distort

feature importance rankings, or compromise clinical generalizability. Third, while traditional epidemiological

studies have established univariate risk associations, the multivariate dependencies, threshold effects, and

potential interaction pathways among demographic, metabolic, and cardiovascular variables remain

underexplored in heterogeneous patient cohorts. Finally, a persistent disconnect exists between algorithmic

outputs and clinical plausibility, limiting the translation of predictive findings into actionable decision-support

tools.

To address these limitations, this study is guided by the following research problem: How can a rigorous

exploratory data analysis framework be systematically applied to characterize the underlying structure,

feature interactions, and methodological constraints of clinical stroke data, thereby establishing a robust,

interpretable foundation for subsequent machine learning based risk stratification? Specifically, this

investigation aims to: (1) quantify distributional properties, missingness patterns, and outlier structures across
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key clinical predictors; (2) evaluate the impact of pronounced class imbalance on feature discriminability and

model evaluation metrics; (3) map linear and non-linear relationships among demographic, lifestyle, and

physiological variables to identify dominant predictive pathways; and (4) detect potential interaction effects

and confounding structures that must be explicitly modeled in future predictive pipelines. By bridging the gap

between raw clinical data and algorithmic deployment, this work provides a transparent, statistically grounded

roadmap for developing stroke prediction frameworks that are both methodologically rigorous and clinically

actionable.

3. Dataset Characteristics and Preprocessing

3.1 Dataset Composition

The dataset consisted of 5,110 patient records containing 12 variables, including 11 predictor features and one

binary outcome variable indicating stroke occurrence. The outcome variable was encoded as 0 for non stroke

patients and 1 for stroke patients, thereby framing the investigation as a binary classification problem. Initial

exploration revealed a substantial class imbalance, with 4,861 observations classified as non stroke and only

249 classified as confirmed stroke cases. Consequently, stroke prevalence accounted for less than 5% of the

total cohort, underscoring the need for careful interpretation of predictive metrics in subsequent modelling

stages. The predictor variables included age, gender, hypertension status, history of heart disease, marital

status, employment type, residence type, average glucose level, body mass index (BMI), and smoking status.

The target variable, stroke, exhibited a pronounced class imbalance. Non stroke patients accounted for 95.1%

of the dataset, whereas stroke-positive patients represented only 4.9%. Such an imbalance is characteristic of

clinical prediction datasets involving low frequency adverse health outcomes and has important methodo-

logical implications for predictive modelling.

3.2 Missing Data and Data Quality Assessment

Data completeness analysis indicated that most variables contained no missing observations. However, the

BMI variable contained 201 missing entries, corresponding to approximately 3.9% of the dataset. To preserve

statistical power and minimize distortion caused by extreme values, missing BMI observations were imputed

using the median value of the observed BMI distribution.

No physiologically implausible values were detected during systematic quality assessment. Outlier examination

revealed the expected right skewed distributions of glucose levels and BMI, while age showed mild bimodality

due to concentrations of pediatric and elderly patients.

3.3 Descriptive Statistical Characteristics

Patient age ranged from less than one year to 82 years, with a mean age of approximately 43 years and a

standard deviation of 22.8 years. The broad age range reflects the heterogeneous clinical composition of the

cohort.

Average glucose level exhibited a mean of 106.3 mg/dL and a standard deviation of 45.2 mg/dL. The distribution

was strongly right skewed, indicating the presence of a clinically significant subset of patients with

hyperglycemia, prediabetes, or diabetes mellitus.

Body mass index demonstrated a mean of 29.1 kg/m² with a standard deviation of 7.9 kg/m², approximating



dline.info/jio 82

 Journal of Information Organization Volume 16 Number 2 June 2026

a mildly positively skewed Gaussian distribution.

Hypertension and heart disease were relatively uncommon in the cohort, with prevalence rates slightly below

ten per cent and slightly above five per cent, respectively.

Categorical variables further contextualized the population structure. Female patients constituted nearly

sixty per cent of the sample, while males represented approximately forty per cent. More than sixty-five per

cent of patients had previously been married. Employment status showed that private-sector employees

constituted the majority of the population, followed by self employed individuals, government workers,

children, and a small proportion who had never worked.

Residence type was almost equally divided between urban and rural populations. Smoking status distributions

indicated that never-smokers represented the largest group, followed by individuals with unknown smoking

history, former smokers, and current smokers.

This analytical exposition integrates descriptive statistics, univariate and bivariate analyses, correlation

assessment, categorical prevalence analysis, and multivariate feature interpretation. All figures, tables, and

discussions are retained and reorganized into a coherent journal-style structure suitable for academic

publication.

4. Univariate Analysis and Distributional Characteristics

4.1 Distribution of Continuous Variables

Figure 1. Probability Density

Distributions of Age, BMI, and Average

Glucose Level

Figure 1 presents the marginal probability density distributions for the three primary continuous clinical

predictors examined in this investigation: patient age, body mass index (BMI), and average glucose level.

The age distribution demonstrates a broad, approximately bimodal pattern spanning neonatal presentations

to patients over 80 years of age. The central tendency of 43.2 years and the relatively large standard deviation

indicate substantial heterogeneity within the population. The bimodal tendency
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reflects dual concentrations of healthcare utilization among pediatric and geriatric populations, a pattern

frequently observed in tertiary healthcare datasets.

The BMI distribution approximates a normal distribution with modest positive skewness. Most observations

fall within overweight classifications, although the upper tail extends into obesity categories. This pattern is

consistent with contemporary population-level anthropometric trends.

Average glucose level demonstrates pronounced right skewness with several extreme observations exceeding

200 mg/dL. Such a distribution indicates the presence of individuals with clinically meaningful dysglycemia

or established diabetes mellitus.

The distributional properties observed in Figure 1 directly informed preprocessing decisions, particularly the

use of median imputation for missing BMI values, which preserved robustness against outliers while minimizing

information loss.

4.2 Stroke Class Distribution

Figure 2. Distribution of Stroke

and Non-Stroke Cases

Figure 2 illustrates the categorical distribution of the binary outcome variable, stroke. The figure highlights a

severe class imbalance characteristic of clinical prediction tasks involving relatively rare adverse events.

Non-stroke cases accounted for 4,861 observations, representing 95.1% of the cohort, whereas only 249

patients experienced stroke events. This imbalance demonstrates why overall predictive accuracy alone

would provide misleadingly optimistic estimates of model performance.

Consequently, subsequent predictive modeling efforts should prioritize imbalance-sensitive evaluation metrics

such as recall, F1-score, precision recall balance, and area under the receiver operating characteristic curve

(AUC-ROC). The visual representation further emphasizes the methodological necessity for resampling

strategies, class weighting, or cost sensitive learning approaches during model development.
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5. Bivariate Associations and Feature Outcome Relationships

5.1 Correlation Analysis

Table 1. Correlation of Features with Stroke Outcome

Rank

1

2

3

4

5

Feature

Age

Heart Disease

Avg. Glucose Level

Hypertension

Ever Married

Pearson
Correlation

0.245

0.134

0.132

0.127

0.108

Strength

Strong

Moderate

Moderate

Moderate

Moderate

Table 1 summarizes the Pearson correlation coefficients quantifying linear associations between predictor

variables and stroke occurrence.

Age emerged as the strongest univariate correlate of stroke with a correlation coefficient of 0.245. This finding

aligns closely with established epidemiological evidence demonstrating that cerebrovascular risk increases

progressively across the lifespan due to vascular aging, endothelial dysfunction, and cumulative cardiovascular

burden.

Moderate positive associations were observed for heart disease, average glucose level, hypertension, and

marital status. These findings are biologically plausible and consistent with existing clinical literature linking

cardiovascular pathology and metabolic dysregulation to stroke risk.

In contrast, BMI demonstrated only weak association with stroke occurrence, suggesting limited predictive

value when considered independently. This observation implies that BMI may influence stroke indirectly

through mediating pathways such as hypertension, insulin resistance, or metabolic syndrome.

Although Pearson correlation provides a useful initial framework for feature prioritization, it is important to

acknowledge that linear correlation coefficients may underestimate non-linear or interaction-based

relationships.

5.2 Comparative Feature Distributions by Stroke Status

Figure 3 presents box and whisker plots comparing the distributions of major clinical predictors between

stroke and non-stroke patients.

Stroke positive patients exhibited substantially higher median ages than non-stroke individuals. Interquartile

ranges demonstrated minimal overlap, reinforcing age as one of the most discriminative variables in the

dataset.
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Figure 3. Boxplot Comparison of Clinical Features by Stroke

Outcome

Similarly, average glucose levels were significantly elevated among stroke patients, with higher median values

and broader dispersion patterns. These findings further support the role of metabolic dysfunction in

cerebrovascular disease.

Hypertension and heart disease prevalence were markedly greater among stroke patients, demonstrating

strong clinical separation between the outcome groups.

Conversely, BMI distributions displayed extensive overlap between stroke and non-stroke cohorts. This visual

evidence corroborates the weak correlational findings reported in Table 1 and suggests that BMI may require

interaction modeling or non-linear transformations to contribute meaningfully to predictive frameworks.

The boxplot representation additionally facilitated identification of potential outliers; however, sensitivity

analysis confirmed that extreme observations did not disproportionately influence group-level statistical

patterns.

6. Multivariate Feature Relationships

6.1 Pairwise Feature Interaction Analysis

Figure 4. Pairplot of Numerical Features Stratified by Stroke Outcome
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Figure 4 presents a pairwise scatterplot matrix of the numerical predictors, with observations stratified by

stroke status.

The pairplot demonstrates that individual features exhibit substantial overlap between stroke and non-stroke

populations, highlighting the inherent complexity of stroke prediction when relying on isolated variables.

Nevertheless, the combined feature space defined by age and average glucose level reveals moderate class

separation. Elderly individuals with elevated glucose levels appear disproportionately concentrated among

stroke-positive observations, suggesting a clinically meaningful interaction between aging and metabolic

dysregulation.

The visualization also indicates limited multicollinearity among continuous predictors, as evidenced by the

absence of strong linear clustering patterns in off-diagonal panels. This supports the simultaneous inclusion of

these predictors in both regression-based and machine learning models without severe concerns about variance

inflation.

Importantly, the pairplot suggests potential threshold and interaction effects that may warrant explicit modeling

in subsequent analytical stages.

6.2 Correlation Heatmap and Inter-Feature Dependencies

Figure 5. Correlation Heatmap of Numerical

Predictors

Figure 5 presents a correlation heatmap illustrating pairwise Pearson correlation coefficients among numerical

variables.

Several clinically expected relationships are evident. Age demonstrates a positive correlation with hypertension

and heart disease, reflecting the cumulative cardiovascular burden associated with ageing. Average glucose



dline.info/jio            87

 Journal of Information Organization Volume 16 Number 2 June 2026

level shows a moderate positive association with BMI, consistent with metabolic syndrome phenotypes.

Importantly, no pairwise correlations exceeded an absolute magnitude of 0.40, indicating limited

multicollinearity within the dataset. This finding supports the feasibility of multivariable modeling without

substantial concern regarding unstable parameter estimation.

The heatmap also visually reinforces the feature hierarchy identified in earlier analyses, confirming that

stroke outcome demonstrates its strongest associations with age, cardiovascular comorbidities, and glucose

dysregulation.

The annotated color-coded representation facilitates rapid interpretation while maintaining quantitative

precision and transparency.

7. Categorical Predictor Analysis and Stratified Stroke Prevalence

7.1 Gender-Based Stroke Prevalence

Figure 6. Stroke Prevalence Stratified by Gender

Figure 6 illustrates stroke prevalence across gender categories.

Male patients demonstrated a slightly higher stroke prevalence compared with female patients. However, the

difference was not statistically significant in the unadjusted chi-square test.

This finding suggests that gender alone may not function as a dominant independent predictor within this

cohort after accounting for age distribution and cardiovascular comorbidities.

7.2 Smoking Status and Stroke Risk

demonstrates the relationship between smoking status and stroke prevalence.

Former smokers and current smokers exhibited elevated stroke prevalence compared with individuals who

had never smoked. These findings are consistent with established evidence linking tobacco exposure to vascular

inflammation, endothelial dysfunction, and thrombotic risk.
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Figure 7. Stroke Prevalence Across Smoking Categories

However, approximately thirty percent of observations contained unknown smoking status. This substantial

missingness introduces potential information bias and underscores the importance of sensitivity analysis or

multiple imputation approaches in future predictive modeling.

7.3 Hypertension and Stroke Prevalence

Figure 8 demonstrates a pronounced association between

hypertension and stroke occurrence

Patients with documented hypertension exhibited dramatically elevated stroke prevalence compared with

normotensive individuals. The magnitude of this effect aligns closely with established pathophysiological

mechanisms linking chronic vascular pressure overload to endothelial damage, arterial stiffness, and

cerebrovascular events.

The substantial difference in prevalence rates reinforces hypertension as one of the most clinically relevant

predictors in stroke risk stratification.

7.4 Heart Disease and Stroke Prevalence
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Figure 9. Stroke Prevalence by Heart

Disease Status
Figure 9 illustrates the relationship between pre-existing heart disease and stroke occurrence.

Patients with established heart disease demonstrated markedly higher stroke prevalence than those without a

cardiac history. The effect size observed in this analysis strongly supports existing evidence linking cardiac

dysfunction, arrhythmia, embolic phenomena, and systemic vascular disease to cerebrovascular risk.

The pronounced association further validates the clinical relevance of cardiovascular comorbidities as core

predictive variables in stroke modeling frameworks.

8. Integrated Interpretation and Methodological Implications

The collective evidence generated across Figures 1–9 and Table 1 converged toward several clinically meani-

ngful conclusions with direct implications for predictive modeling and translational healthcare applications.

Age emerged consistently as the dominant univariate predictor of stroke occurrence. Stroke prevalence

increased substantially among older individuals, particularly beyond the sixth decade of life. This finding

aligns with established biological mechanisms of vascular aging and epidemiological evidence regarding

cerebrovascular disease progression.

Traditional cardiovascular risk factors, including hypertension, heart disease, and dysglycemia, demonstrated

robust and clinically interpretable associations with stroke occurrence. These variables therefore warrant

prioritization during feature engineering and predictive model construction.

BMI demonstrated comparatively weak predictive utility when considered independently. This observation

suggests that adiposity may contribute indirectly to stroke risk through metabolic and cardiovascular pathways

rather than functioning as a strong direct predictor.
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The severe class imbalance present within the outcome variable necessitates careful methodological adaptation

in future machine learning frameworks. Predictive modeling should incorporate imbalance-aware metrics

and potentially employ techniques such as SMOTE, ADASYN, threshold optimization, or cost-sensitive learning

to ensure clinically meaningful detection of stroke-positive cases.

The limited amount of missing data observed in the dataset introduces minimal analytical bias. Nonetheless,

future studies may benefit from multiple imputation strategies capable of more comprehensively characterizing

uncertainty associated with incomplete observations.

Because the dataset is cross-sectional, causal inference regarding temporal relationships between predictors

and stroke onset cannot be definitively established. However, the observed statistical associations provide a

strong empirical foundation for hypothesis generation and predictive modeling.

Several broader analytical considerations additionally warrant acknowledgment. The dataset originated from

a publicly available repository, introducing potential selection biases related to healthcare access patterns,

documentation practices, and population representativeness. Consequently, external validity and generaliz-

ability may be limited across geographic regions or healthcare systems.

Moreover, the absence of detailed lifestyle and behavioral variables such as physical activity, dietary habits,

alcohol consumption, and sleep quality may contribute to residual confounding. Future data collection efforts

should therefore prioritize richer phenotypic characterization to improve predictive performance and clinical

applicability.

Finally, although the exploratory analyses presented herein establish a rigorous analytical foundation, future

predictive models will require validation using temporally and geographically distinct cohorts to assess

transportability, robustness, and clinical readiness.

9. Conclusion

This comprehensive exploratory investigation provides a statistically rigorous and clinically interpretable

characterization of stroke-associated risk factors within a heterogeneous patient population.

The analysis demonstrates that age, cardiovascular comorbidities, and metabolic dysregulation constitute

the most influential predictors associated with stroke occurrence, while BMI exhibits comparatively weaker

independent discriminative value.

The integrated descriptive, correlational, and stratified analyses collectively establish a robust empirical

framework for future machine learning based stroke prediction systems. Furthermore, the detailed docum-

entation of feature distributions, class imbalance, multivariate relationships, and methodological consid-

erations supports transparency, reproducibility, and scientific rigor.

Overall, the findings provide essential guidance for subsequent stages of feature engineering, model

development, validation, and clinical translation, ultimately contributing toward the development of clinically

actionable tools for early stroke risk stratification and targeted preventive intervention.
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