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Stroke Prediction Data Mining Report
1.1 Purpose and Practice of Data Mining 
Data mining refers to the process of extracting meaningful patterns, relationships, and insights from large datasets using techniques from statistics, machine learning, and artificial intelligence. It enables organisations to move beyond simple data storage toward advanced analytics that support predictive and informed decision-making. In healthcare, data mining plays a critical role in improving patient outcomes by identifying risk factors, predicting diseases, and supporting early intervention strategies.
In the context of stroke prediction, data mining allows healthcare providers to analyse patient data such as age, medical history, lifestyle, and physiological measurements to identify individuals at high risk. Predictive models can assist clinicians by highlighting patterns that may not be immediately visible, enabling earlier diagnosis and preventive care. This is particularly important for stroke, as early detection and lifestyle interventions can significantly reduce the likelihood of occurrence.
In business contexts, data mining is widely used for customer segmentation, fraud detection, and demand forecasting. Similar principles apply in healthcare, where patients can be grouped based on risk profiles, allowing for targeted interventions and efficient allocation of resources. Decision support systems powered by data mining can improve both operational efficiency and service quality.
This assignment applies data mining techniques to the Stroke Prediction Dataset to achieve two main objectives: predicting stroke risk using classification models and identifying patterns among individuals using clustering techniques. By combining supervised and unsupervised learning approaches, the analysis aims to provide both predictive insights and deeper understanding of patient groups.

1.2 Dataset Description and Exploration 
The Stroke Prediction Dataset is a structured dataset designed to support the analysis and prediction of stroke risk based on demographic, medical, and lifestyle factors. The dataset contains approximately 5,110 instances (rows) and 12 attributes (columns), including one target variable named stroke, which indicates whether an individual has experienced a stroke (1) or not (0).
The dataset includes a mix of numerical and categorical variables. Numerical attributes include age, avg_glucose_level, and bmi, which provide continuous measurements related to patient health. Categorical attributes include gender, hypertension, heart_disease, ever_married, work_type, Residence_type, and smoking_status. These attributes represent discrete categories and require appropriate handling during preprocessing. The id attribute serves only as a unique identifier and does not contribute to prediction.
Initial exploration of the dataset in Excel revealed the presence of missing values, particularly within the bmi attribute. This is a common issue in healthcare datasets and must be addressed before modelling. Summary statistics showed that numerical variables such as age and glucose levels vary significantly across individuals, indicating a diverse population.
Visualisation techniques were used to better understand the dataset. A bar chart of the stroke variable showed a strong class imbalance, with a significantly higher number of non-stroke cases compared to stroke cases. This imbalance is important because it can affect model performance and bias predictions toward the majority class.
Histograms for age, avg_glucose_level, and bmi revealed non-uniform distributions. Age tends to be spread across a wide range, while glucose levels may show skewness due to extreme values. BMI also showed variability, with some missing entries affecting the overall distribution.
These exploratory insights highlight key challenges in the dataset, including missing values and class imbalance. Understanding these characteristics is essential for selecting appropriate preprocessing techniques and evaluation metrics. Overall, the dataset provides a realistic and complex scenario for applying data mining techniques in a healthcare context.
· “The dataset contains 201 missing BMI values (≈4%)” 
· “Class distribution: 95.1% non-stroke, 4.9% stroke” 
Age Distribution
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Class Distribution of Stroke
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Glucose Distribution
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1.3 Data Pre-processing and Post-processing 
Data preprocessing is a critical stage in the data mining process, as the quality of input data directly influences the performance and reliability of the resulting models. Several preprocessing steps were carried out using Weka to prepare the Stroke Prediction Dataset for analysis.
The first step involved removing the id attribute. Since this variable serves only as a unique identifier, it does not provide meaningful information for prediction and could introduce noise into the model. Removing irrelevant attributes improves model efficiency and reduces unnecessary complexity.
The second step focused on handling missing values. The dataset contained missing values in the bmi attribute, which could negatively impact model performance if left untreated. To address this, Weka’s ReplaceMissingValues filter was applied. This method replaces missing numerical values with the mean of the attribute and categorical values with the mode. This approach ensures that all instances can be used during model training without discarding valuable data.
Next, categorical variables were considered. The dataset contains multiple nominal attributes such as gender, work type, and smoking status. For classification algorithms in Weka, these attributes can often be used directly without encoding. However, for clustering algorithms such as SimpleKMeans, categorical variables must be converted into numerical form. This was achieved using the NominalToBinary filter, which transforms categorical variables into binary indicators.
Normalization was also applied to the dataset before clustering. Since numerical attributes such as age, BMI, and glucose level have different scales, normalization ensures that no single attribute dominates the clustering process. The Normalize filter in Weka was used to scale values to a standard range.
A key issue identified during exploration was class imbalance. The dataset contains far fewer stroke cases compared to non-stroke cases. This imbalance can lead to biased models that achieve high accuracy by simply predicting the majority class. To address this, the SMOTE (Synthetic Minority Over-sampling Technique) method was considered. SMOTE generates synthetic examples of the minority class to balance the dataset and improve the model’s ability to detect stroke cases. While SMOTE can improve recall, it must be used carefully to avoid overfitting.
Feature selection was also considered as part of preprocessing. Attributes such as age, hypertension, heart disease, glucose level, BMI, and smoking status are likely to be strong predictors of stroke risk. Identifying and prioritising these features helps improve model performance and interpretability.
Post-processing involved analysing and interpreting the outputs generated by Weka. After running classification models, key evaluation metrics such as accuracy, precision, recall, and AUC were recorded. Confusion matrices were examined to understand how well each model performed in identifying stroke cases. For clustering, the characteristics of each cluster were analysed based on centroid values.
Visual outputs from Excel and screenshots from Weka were used to present findings clearly. This combination of preprocessing, modelling, and post-processing ensured that the analysis was both accurate and interpretable.

1.4 Sample Runs and Analysis Methods 
The data mining analysis was conducted using Weka, supported by Excel for initial data exploration and visualisation. Three classification algorithms were selected: J48 Decision Tree, Random Forest, and Logistic Regression, as they provide a balance between interpretability, statistical reasoning, and predictive performance. The class attribute was set to stroke, and 10-fold cross-validation was used to ensure reliable evaluation.

J48 Decision Tree
The J48 model achieved an overall accuracy of approximately 95.12%. However, further analysis of the confusion matrix revealed a critical limitation. The model failed to correctly classify any stroke cases, resulting in a recall of 0.000 for the stroke class.
This indicates that the model was heavily biased towards the majority class (non-stroke), predicting all instances as non-stroke. While the accuracy appears high, it is misleading due to the severe class imbalance within the dataset. This demonstrates that accuracy alone is not a reliable metric in healthcare datasets where detecting minority cases is essential.
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Random Forest 
The Random Forest model achieved a similar overall accuracy of approximately 95.08%. Despite being a more advanced ensemble method, it exhibited the same limitation as the J48 model.
Analysis of the confusion matrix showed that all stroke cases were misclassified as non-stroke, resulting in a recall of 0.000 for the minority class. This confirms that the model was also strongly influenced by the class imbalance and unable to detect stroke occurrences effectively.
Although the model produced a moderate AUC value of approximately 0.79, indicating some ability to distinguish between classes, this did not translate into meaningful detection of stroke cases. This highlights the importance of evaluating models using multiple metrics, particularly recall and AUC, rather than relying solely on accuracy.
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Improved Random Forest 
To address the issue of class imbalance, the Resample filter was applied in Weka with the parameter biasToUniformClass set to 1.0. This created a more balanced dataset and allowed the model to learn patterns associated with stroke cases more effectively.
After applying resampling, the performance of the Random Forest model improved significantly. The model achieved an accuracy of approximately 98.02%, with a recall of 1.000 for the stroke class, indicating that all stroke cases were correctly identified.
Additionally, the precision for stroke cases reached approximately 0.962, demonstrating a high level of prediction reliability. The confusion matrix confirmed that no stroke cases were misclassified, representing a substantial improvement compared to the initial models.
These results clearly demonstrate that addressing class imbalance is critical for improving model performance, particularly in healthcare applications where correctly identifying positive cases is essential. The improved Random Forest model provides a more clinically useful and reliable predictive solution.
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Logistic Regression
Logistic Regression was included as a baseline statistical model. It estimates the probability of stroke occurrence based on input variables and provides interpretable coefficients, which are valuable in medical contexts.
The model demonstrated moderate performance compared to Random Forest. While it was able to identify some relationships between variables and stroke risk, it was less effective in capturing complex patterns within the dataset. This is expected, as Logistic Regression assumes linear relationships between variables.

Clustering with SimpleKMeans
The clustering results revealed distinct groups of individuals based on health and lifestyle characteristics. One cluster consisted primarily of younger individuals with lower glucose levels and fewer medical conditions, representing a lower-risk group. Another cluster contained older individuals with higher glucose levels and increased prevalence of hypertension and heart disease, indicating a higher-risk group.
The clustering analysis identified clear separation between low-risk and high-risk patient groups, particularly based on age, glucose levels, and medical conditions.

Evaluation Metrics Justification
Several evaluation metrics were used to assess model performance:
· Accuracy measures overall correctness but is unreliable for imbalanced datasets 
· Precision evaluates the correctness of positive predictions 
· Recall (Sensitivity) measures the ability to detect actual stroke cases (most important) 
· AUC assesses the model’s ability to distinguish between classes 
The results showed that while initial models achieved high accuracy, they failed to detect stroke cases. After addressing class imbalance, the improved Random Forest model achieved the best overall performance, making it the most suitable model for this dataset.



	Model
	Accuracy
	Recall
	Precision
	AUC
	Key Insight

	J48
	95.12%
	0.000
	0.000
	~0.49
	Failed to detect stroke

	Random Forest
	95.08%
	0.000
	0.000
	~0.79
	Biased to majority class

	Random Forest (Resampled)
	98.02%
	1.000
	0.962
	~1.00
	Best model



1.5 Business Recommendations 
Based on the analysis, healthcare organisations should adopt predictive data mining techniques to identify individuals at high risk of stroke. Early identification allows for targeted interventions such as lifestyle changes, regular monitoring, and preventive treatment.
Healthcare providers should integrate predictive models into clinical decision support systems. These systems can assist doctors by highlighting high-risk patients and improving diagnosis accuracy. This leads to better patient outcomes and more efficient use of resources.
Clustering results suggest that patients can be segmented into different risk groups. Public health organisations should use this segmentation to design targeted awareness campaigns. For example, older individuals with high glucose levels and hypertension may require more intensive interventions compared to younger individuals.
Improving data quality is also essential. Missing values, particularly in BMI, can affect model performance. Healthcare systems should focus on better data collection and management practices to ensure reliable analysis.
Overall, data-driven decision-making can significantly enhance stroke prevention strategies and improve healthcare efficiency.

1.6 Reflective Commentary 
This analysis demonstrated the practical application of data mining techniques in a healthcare context. The models were able to identify key factors influencing stroke risk, and the use of multiple algorithms allowed for comparison of performance and interpretability.
One strength of the analysis was the combination of classification and clustering methods. Classification provided predictive insights, while clustering helped identify patterns within the data. This dual approach offered a more comprehensive understanding of the dataset.
However, several limitations were encountered. The most significant challenge was class imbalance, which made it difficult for models to accurately detect stroke cases. While techniques such as SMOTE can help address this issue, they may introduce additional complexity and risk of overfitting.
Another limitation was the presence of missing values, particularly in the BMI attribute. Although these were handled using imputation, this approach may not fully reflect real-world data variability.
If the analysis were to be repeated, additional techniques such as advanced feature selection, more sophisticated balancing methods, and external validation datasets could be used to improve performance. More visualisations could also enhance the presentation of results.
Overall, this assignment provided valuable experience in data preprocessing, model evaluation, and interpretation, highlighting the importance of data quality and appropriate method selection in data mining.
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