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Abstract-Stroke remains one of the leading causes of mortality and long-term neurological disability worldwide. Timely and
accurate prediction of stroke risk is essential for implementing preventive strategies and optimizing patient care. In this study, a
logistic regression model was developed to predict stroke occurrence using a comprehensive dataset of 5,110 adults aged 18 and
above, sourced from a publicly available healthcare database. The dataset includes demographic, physiological, and lifestyle
features such as age, gender, hypertension, heart disease, marital status, work type, residence, smoking status, body mass index
(BMI), and average blood glucose level. The data underwent preprocessing, including imputation of missing values,
normalization of continuous variables, and encoding of categorical features. Logistic regression was selected for its simplicity,
interpretability, and effectiveness in binary clinical classification tasks. The model’s performance was evaluated using accuracy,
precision, recall, F1-score, and the area under the receiver operating characteristic curve (ROC-AUC).The model achieved an
overall accuracy of 74.64% and a high recall of 85% for stroke prediction, indicating strong sensitivity in identifying true positive
cases. Although the precision was relatively low due to class imbalance, the model effectively minimized false negatives an
essential consideration in medical diagnostics. These results support logistic regression as a reliable baseline for early stroke risk
detection and suggest that performance can be further enhanced through techniques such as resampling or ensemble learning.
This study contributes to the development of accessible, data-driven tools for proactive stroke prevention and clinical decision
support.

Keywords- Stroke prediction, logistic regression, machine learning, health data analytics, imbalanced dataset, risk classification,
medical diagnosis, recall, confusion matrix, preventive healthcare.
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BMI- Body Mass index, ROC- Receiver Operating Characteristic, AUC- Area Under the Curve, ML~ Machine Learning, WHO-
World Health Organization , SMOTE- Synthetic Minority Oversampling Technique.

I. INTRODUCTION

Stroke is a life-threatening medical condition that occurs when blood flow to a part of the brain is obstructed, resulting in neuronal
damage, functional impairment, and often long-term disability. Globally, stroke is the second leading cause of death and a major
contributor to permanent neurological disability, especially among older adults (World Health Organization [WHO], 2023). The
socioeconomic burden of stroke includes direct medical costs, rehabilitation expenses, and a significant reduction in the quality of
life for both patients and caregivers. Despite advancements in acute stroke treatment, prevention remains the most effective strategy
to reduce its incidence and associated costs (Feigin et al., 2017).

Early identification of individuals at risk for stroke is crucial for implementing preventive measures such as lifestyle modifications,
medical therapy, or monitoring. Conventional risk prediction models, such as the Framingham Stroke Risk Profile, rely on a set of
predefined clinical variables including age, blood pressure, diabetes, and smoking habits (Goldstein et al., 2006). However, these
models often fail to capture non-linear relationships and interactions between variables, which are common in complex diseases like
stroke. With the availability of large-scale health data and computational advancements, machine learning (ML) techniques offer
more sophisticated, data-driven approaches to improve risk stratification and prediction accuracy (Shickel et al., 2018).

Among various ML models, logistic regression stands out for its balance of simplicity, interpretability, and effectiveness in binary
classification problems. It estimates the probability of an event (such as stroke occurrence) by fitting a logistic function to the data,
providing not only classification but also insight into the influence of each input feature (Hosmer et al., 2013). In clinical settings
where transparency and accountability are critical, logistic regression offers a practical advantage over black-box models like deep
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neural networks. Furthermore, logistic regression models are easily deployable in resource-constrained environments due to their
low computational overhead (Zhou et al., 2021).

This study proposes a logistic regression-based approach for stroke risk prediction using a well-structured dataset of 5,110 individuals
aged 18 and above. The dataset includes demographic, physiological, and lifestyle features such as age, gender, hypertension, heart
disease, BMI, average glucose level, and smoking status. The objective is to train and evaluate the model on key performance metrics-
accuracy, precision, recall, F1-score, and ROC-AUC-to determine its applicability for early detection and clinical decision-making.
By using interpretable and accessible modeling techniques, this work aims to contribute toward the development of cost-effective
tools for proactive stroke prevention in both urban and rural healthcare settings.

I1. DATASET DESCRIPTION

This study employed a publicly available dataset from Kaggle containing health information for 5,110 individuals aged 18 years and
above (Kaggle, 2020). The dataset was curated for stroke prediction using machine learning algorithms and includes demographic,
physiological, and lifestyle features relevant to stroke risk.

The features in the dataset are as follows:
e Age: All participants were aged 18 or older.
e  Gender: Out of the total, 2,994 were female and 2,115 were male.

e Hypertension: A binary variable indicating whether a participant had been diagnosed with high blood pressure.
Approximately 9.75% of the participants were hypertensive.

o Heart Disease: Indicates the presence of any heart-related conditions. Around 4.03% reported having heart disease.
e Ever Married: Represents the marital status of the individuals; 65.62% were married.

e Work Type: Categorized into never worked (0.43%), government job (12.86%), self-employed (16.03%), and private sector
(57.24%).

o Residence Type: Denotes rural (49.20%) or urban (50.80%) living environments.

e Average Glucose Level: Continuous variable measured in mg/dL.

e Body Mass Index (BMI): A numeric feature expressed in kg/m?.

e Smoking Status: Divided into formerly smoked (17.32%), never smoked (37.03%), and currently smoking (15.44%).

e Stroke: Binary target variable indicating whether the participant had previously experienced a stroke. Only 5.53% of the
dataset represented positive stroke cases.

Correlation Heatmap of Stroke Dataset Features

=1

Figure 1. Correlation heatmap showing relationships among dataset features.
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1II. METHODOLOGY

This section outlines the step-by-step process used to develop a predictive model for stroke classification using logistic regression.
The workflow includes data preprocessing, splitting the dataset, model implementation, handling class imbalance, and evaluating
model performance.

3.1 Data Preprocessing:

Preprocessing is an essential phase in machine learning workflows to guarantee that the data is clean, uniform, and appropriate for
modeling. A number of actions were taken to ready the dataset:

e  Missing Values: The dataset was examined for null entries, especially in the bmi feature. Missing values were imputed
using the median to minimize distortion caused by outliers (Kotsiantis et al., 2006).

e Categorical Encoding: Variables such as gender, work type, residence type, and smoking status were converted into
numerical form using one-hot encoding to make them compatible with the logistic regression model (Zhang et al., 2021).

e Feature Scaling: Continuous variables like age, avg glucose level, and bmi were standardized using z-score
normalization to bring them onto a common scale. This improves optimization performance and prevents dominance of
features with larger scales (James et al., 2013).

e Label Encoding: The target variable stroke was encoded into a binary format: O indicating absence and 1 indicating
presence of stroke.

3.2 Train-Test Split:

To evaluate the generalizability of the logistic regression model, the dataset was partitioned into training and testing subsets using
the train_test_split() function from the scikit-learn library (Pedregosa et al., 2011). An 80:20 split ratio was implemented, where 80%
of the data was used to train the model and learn the underlying patterns, while the remaining 20% served as a test set to evaluate the
model's performance on previously unseen data. This division made sure the evaluation metrics showed how well the model could
work with new data, which helped lower the chance of overfitting.

3.3 Logistic Regression Model:

Logistic regression is a type of classifier that works with straight lines to predict the chance that an input falls into a specific group.
It uses a special curve called the sigmoid function to turn the total of multiplied input values into a number that shows how likely
something is, ranging from O to 1.. The sigmoid function is defined as:

1
P(y=1) = T where z = By + B1X1 + Baxy + - 4 Buxn
This probability can be thresholded (commonly at 0.5) to classify an instance as stroke or non-stroke. The model was implemented
using Python’s LogisticRegression() function from the sklearn.linear model module. The solver was set to 'liblinear', which works
well for smaller datasets and can handle both L1 and L2 types of regularization. This choice ensures computational efficiency and
reliable convergence during model training.

3.4 Addressing Class Imbalance:

The dataset exhibited significant class imbalance, with stroke cases accounting for only 5.53% of the total records. Such imbalance
can lead to biased models that disproportionately favor the majority class (non-stroke), thereby reducing sensitivity to the minority
class (stroke). To solve this, the logistic regression model was trained with the class weight parameter set to 'balanced'. This setting
automatically changes how much importance is given to each class, based on how often they appear in the data. As a result, the
model places greater emphasis on learning patterns associated with the minority class without needing external resampling
techniques.

3.5 Model Evaluation Metrics:

The performance of the logistic regression model was assessed using several well-established metrics in binary classification,
particularly suited for medical diagnosis tasks. Although overall accuracy-defined as the proportion of correct predictions was
reported, it is not sufficient on its own due to the class imbalance in the dataset. So, more measurements were looked at to give a
better overall assessment. . Precision was used to quantify the proportion of true stroke cases among all instances predicted as stroke,
while recall (or sensitivity) measured the model’s ability to correctly identify actual stroke cases. In clinical applications, high recall
is especially important to minimize the risk of missing true positive cases. The F1-score, which is the harmonic mean of precision
and recall, offered a balanced metric that accounted for both false positives and false negatives. Finally, the area under the Receiver
Operating Characteristic curve (ROC-AUC) was used to evaluate the model’s overall discriminative ability across various
classification thresholds. A higher AUC indicates better performance in distinguishing between stroke and non-stroke cases, making
it a valuable metric in imbalanced classification settings.
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This section presents the outcomes of the logistic regression model evaluated on the test dataset and interprets the results in terms of

classification performance, confusion matrix analysis, and clinical relevance.

4.1 Model Accuracy and Classification Report:

The logistic regression model achieved an overall accuracy of 74.64% on the test set. Detailed performance metrics are shown

below:
Table 1. Classification metrics of the logistic regression model
Class Precision Recall F1-Score Support
0 (No Stroke) 1 0.99 0.74 0.85 929
1 (Stroke) 0.16 0.85 0.27 53
Accuracy 0.75 982
Macro Average 0.57 0.79 0.56 982
Weighted Avg 1 0.94 0.75 0.82 982
Observations:

e Recall for stroke (1) is very high (0.85), which means that the model successfully identified the majority of actual stroke

cases.

e Precision for stroke is low (0.16), indicating a high false positive rate-the model predicts many non-stroke cases as stroke.

e Fl-score for stroke is 0.27, reflecting the imbalance between precision and recall.
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Figure 2. Logistic regression model coefficients indicating the relative importance of features. Age, work type (children), and
glucose level contribute most to stroke prediction.
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4.2 Confusion Matrix Analysis:

This section presents the confusion matrix to illustrate the model’s classification results in terms of true positives, true negatives,
false positives, and false negatives. It provides a clear visualization of how the model performs on both stroke and non-stroke classes.

Confusian Matrix
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Figure 3. Confusion matrix showing the performance of the logistic regression model in predicting stroke and non-stroke cases.

Table 2. Confusion matrix of the logistic regression model

Predicted: No Stroke Predicted: Stroke
Actual: No Stroke (0) 688 241
Actual: Stroke (1) 8 45

o  True Negatives (688): Correctly identified non-stroke cases.

e True Positives (45): Correctly identified stroke cases.

o False Negatives (8): Stroke cases missed by the model.

o False Positives (241): Non-stroke individuals incorrectly flagged as stroke-positive.

The model demonstrates a strong ability to detect strokes (high sensitivity) but at the cost of a large number of false alarms (low
specificity for stroke).

4.3 Predicted Probability Distribution:

To further understand how the model assigns prediction probabilities across classes, a probability distribution plot was generated.
This visualizes the spread of predicted stroke probabilities for both stroke and non-stroke cases, offering insight into why the model
performs well in terms of recall but poorly in precision.

Figure 4. Probability distribution of predicted stroke risk. The model assigns higher probabilities to stroke cases, although some
overlap remains due to class imbalance.

4.4 ROC Curve and Model Discrimination:

In addition to the confusion matrix and classification metrics, the Receiver Operating Characteristic (ROC) curve was used to assess
the model’s ability to distinguish between stroke and non-stroke cases across all classification thresholds. The ROC curve and the
associated Area Under Curve (AUC) provide a comprehensive view of the model’s overall discriminative power.
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ROC Curve for Stroke Prediction
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Figure 5. ROC curve showing model performance in distinguishing stroke vs. non-stroke cases. The AUC of 0.84 indicates strong
discriminatory power.

V. DISCUSSION

The findings of this study demonstrate that logistic regression is a viable and interpretable model for predicting stroke risk based on
routinely collected clinical and demographic features. The model achieved an overall accuracy of 74.64%, but more notably, it
attained a high recall of 85%, indicating a strong ability to correctly identify individuals who have experienced a stroke. This high
sensitivity is very important in making medical decisions, because not finding a positive case could lead to serious problems.
However, the model’s precision was relatively low at 16%, reflecting a high number of false positives. While this may result in
unnecessary follow-up procedures for some patients, such false alarms are generally considered more acceptable than false negatives
in preventive medicine, particularly for life-threatening conditions such as stroke.

Further insight is provided by the probability distribution plot, which shows that stroke cases tend to receive higher predicted
probabilities, with many clustering above 0.8. Nonetheless, some overlap with non-stroke cases in the mid-probability range (0.3—
0.7) contributes to the lower precision. This trade-off between sensitivity and specificity is also evident in the confusion matrix,
which reveals that while the model correctly identified most stroke cases, it also misclassified a significant number of non-stroke
individuals. Despite this, the ROC curve yielded an AUC of 0.84, demonstrating that the model performs well overall in
distinguishing between stroke and non-stroke cases across all classification thresholds.

The imbalance in the dataset, where only 5.53% of cases are stroke-positive, played a significant role in this precision-recall trade-
off. Although internal weighting through the class weight='balanced' parameter helped mitigate this imbalance, logistic regression
may still fall short in capturing more complex, non-linear relationships present in real-world clinical data. Future work could explore
resampling techniques like SMOTE, or more advanced models such as Random Forest, Gradient Boosting, or Neural Networks to
enhance predictive performance. Nonetheless, the transparency and interpretability of logistic regression make it a practical choice
in clinical settings, where understanding model decisions is just as important as accuracy. The insights derived from feature
coefficients also offer clinicians guidance on key stroke risk factors such as age, glucose level, hypertension, and heart disease,
further supporting its value in proactive, data-driven healthcare.

VI. CONCLUSION

This study presented a logistic regression-based approach for early stroke risk prediction using demographic and clinical health data.
By focusing on model simplicity and interpretability, it demonstrates how even foundational machine learning methods can support
proactive healthcare efforts.

Rather than aiming for perfect classification, the model emphasizes sensitivity, making it suitable as a screening tool in clinical
settings where early detection is essential. The work reinforces the importance of data-driven solutions in medical diagnostics and
lays the groundwork for more advanced, precision-focused models in future research.
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