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[bookmark: _Toc225280883]Introduction
This report evaluates the Stroke Prediction Dataset with two aims: predicting stroke risk with classification models and identifying broader patient groups through clustering. The mining was completed mainly in Weka, with charts and tables used to compare the results. I have focused not only on the outputs, but also on how trustworthy they are after preprocessing.
[bookmark: _Toc225280884]1.1 Purpose and Practice of Data Mining
Data mining is the process of finding useful patterns and predictive relationships in data. In practice, it combines statistics, machine learning and interpretation so that raw data can support decisions [1], [12]. The important point is that modelling is only one stage; preparation, evaluation and explanation matter just as much.
In healthcare, data mining can support risk prediction, patient segmentation and resource planning [4], [6], [11]. In business terms, this is similar to scoring and segmentation, except the outcome affects patient care rather than profit [2], [9]. That makes interpretation especially important.
For the stroke dataset, mining is suitable because stroke risk is influenced by several factors at once, including age, hypertension, heart disease, glucose level, BMI and smoking behaviour. A model can help summarise these relationships, but it should support professional judgement rather than replace it [6], [7].
[bookmark: _Toc225280885]1.2 Dataset Description and Exploration
The original dataset contained 4,909 instances. After supervised resampling in Weka, the final modelling relation contained 4,908 instances and 11 predictive attributes, with stroke as the class label. The predictors include demographic, lifestyle and medical variables: gender, age, hypertension, heart_disease, ever_married, work_type, Residence_type, avg_glucose_level, bmi and smoking_status. This mix is typical of health data and shows the challenge of combining numeric and categorical variables in one dataset [10], [11].
Initial exploration suggests a mainly middle-aged to older population.[image: ]
Figure 1. Shows the distribution of patients by age, indicating that most individuals fall within middle-aged and older groups.
 The full-data centroid summary reports an average age of 54.45, average glucose level of 120.07 and average BMI of 29.72. [image: ]
Figure 2. Shows that individuals who experienced a stroke tend to have higher average glucose levels compared to non-stroke patients.
 [image: ]
Figure 3. Shows that stroke patients have slightly higher BMI values, although the difference is less pronounced than for glucose.
Most records are female, most people are marked as not having hypertension or heart disease, and private employment is the largest work group. These overall values are useful, but they can hide important internal variation [5].
In the final working dataset used for modelling, the attribute summary shows no missing BMI values, so it would be inaccurate to describe BMI as incomplete at this stage. What can be said more carefully is that the Weka output notes global mean/mode replacement during processing, which suggests that missing-data handling may have occurred earlier in the pipeline or in a previous version of the data. For the dataset actually analysed here, the practical position is that the modelling file behaves as a complete dataset. This matters because the interpretation should be based on the final data used in Weka, not assumptions about an earlier raw version [1], [5].
The class distribution also needed attention.[image: ]
Figure 4. Shows a strong class imbalance in the dataset, with significantly more non-stroke cases (4700) than stroke cases (209).
 The relation name shows that supervised resampling was used, producing 2,454 TRUE and 2,454 FALSE cases. This balanced version is better for comparing algorithms, but it also means the final results describe performance on a prepared dataset rather than on the original real-world prevalence of stroke [9], [12].
The figures support this interpretation. The clustering chart separates one clearly younger group from two older groups, while the model comparison chart shows that the tree-based methods outperform Logistic Regression by a large margin. This suggests that the data contains non-linear patterns, but also that the cleaned and balanced dataset may be easier to classify than untreated healthcare data [4], [7].



Table 1. Characteristics of the final balanced dataset used for modelling
	Aspect
	Value
	Comment

	Instances
	4,908
	After supervised resampling

	Predictor attributes
	11
	Excluding the class label

	Numeric fields
	3
	age, avg_glucose_level, bmi

	Nominal fields
	8
	gender, hypertension, heart_disease, ever_married, work_type, Residence_type, smoking_status, stroke

	Class balance
	2,454 TRUE / 2,454 FALSE
	Balanced for modelling

	Missing values
	Not visible in final working file
	Attribute summary shows 0% missing for BMI; any treatment likely occurred earlier in preparation




[bookmark: _Toc225280886]1.3 Data Pre-processing and Post-processing
Pre-processing was crucial because the quality of the model outputs depends heavily on the quality of the input data [1], [5]. My workflow was straightforward: inspect the variables, check how Weka read them, deal with missing values, review the class distribution, then run the models and compare them using common evaluation metrics. These steps are simple, but each one changes what the model is actually learning from.
The first step was attribute inspection.[image: ]
Figure 5. Shows the dataset loaded in Weka before preprocessing, including attribute distribution and summary statistics.
 The dataset combines nominal variables such as gender, work_type and smoking_status with numeric variables such as age, avg_glucose_level and bmi. I checked that Weka recognised these correctly because wrong data typing would distort the whole analysis. This may sound basic, but if a health value is treated as text, or a category treated as a number, it can produce misleading patterns and poor models.
The dataset structure is also the reason why Weka is suitable here, since it handles mixed-type data without requiring a complex database pipeline [10], [12].
The second step was to review missing-value handling. After checking the attribute summaries, the final working dataset used for analysis appears complete, with no missing BMI values shown in Weka. Because of that, I should not treat missing BMI as an active issue in the modelling stage. A more accurate interpretation is that some cleaning may already have been done before the final file was loaded, while Weka's processing notes still report mean/mode replacement in the pipeline. This is an important distinction: if imputation happened earlier, it can still influence the data distribution, but the final dataset itself is the version that should be described in the report.
The third step was balancing the class variable using supervised resampling.[image: ]
Figure 6. Shows the dataset after applying the Resample filter, where the class distribution has been balanced between stroke and non-stroke cases.
 This was necessary because classification metrics are often inflated by majority-class prediction when the target is imbalanced [3], [9]. By balancing the classes, the models are forced to learn both stroke and non-stroke cases. That makes the algorithm comparison fairer, although the final accuracy values should not be treated as real-world service performance.
Categorical encoding was handled internally by Weka. This is visible in the logistic regression output where categories such as work_type and smoking_status are converted into separate coefficients. I kept this default approach because it is standard and easy to interpret. For example, the logistic model gives a positive coefficient for age, hypertension and BMI, which is broadly sensible. The extremely large negative coefficient for work_type = Never_worked probably reflects a very small subgroup rather than a meaningful medical effect [2], [5].
I did not carry out aggressive feature selection because the attribute set is already quite compact and clinically understandable. Instead, I treated the original variables as a baseline feature set and used the models themselves to indicate importance. In both tree-based models, age appears near the top of the splits, while glucose, BMI, hypertension and smoking status also recur. This suggests that the dataset already contains enough informative variables without heavy engineering [6], [11].
Post-processing was mainly about turning raw software output into something that can actually be interpreted. I used confusion matrices, metric comparison tables and charts to compare the models more clearly. I also looked at MCC alongside accuracy, precision, recall and AUC because MCC is useful when evaluating binary classifiers more critically [3]. This mattered because a model can look impressive on accuracy alone while still making an unbalanced set of errors.
[bookmark: _Toc225280887]1.4 Sample Runs and Analysis Methods
To address the predictive task, I tested three classification methods in Weka using 10-fold cross-validation: Logistic Regression, J48 and Random Forest. I chose these deliberately rather than randomly. Logistic Regression is a good baseline because it is widely used and interpretable [2]. J48 was chosen because decision trees are easy to interpret and often useful in decision support. Random Forest was included because ensemble methods usually improve predictive power by reducing the instability of single trees [9], [12]. For the unsupervised part, I used SimpleKMeans with k = 3 to see whether the data formed natural patient groups [8].
Logistic Regression gave the weakest classification results[image: ]
Figure 7. Shows the Logistic Regression model results, demonstrating lower accuracy compared to tree-based models.
: 77.08% accuracy, weighted F-measure 0.771, ROC area 0.849 and MCC 0.543. I would describe this as acceptable but not strong. Its main value is interpretability. The positive coefficients for age, hypertension, BMI and average glucose level support normal medical expectations. However, the confusion matrix still shows substantial error, so the model misses interactions that appear to matter in this dataset.
J48 performed much better,[image: ]
Figure 8. Shows the J48 decision tree model, including classification rules and high predictive performance.
 reaching 95.62% accuracy, weighted F-measure 0.956, ROC area 0.961 and MCC 0.916. The tree is quite large, with 235 leaves and size 414, so it is not a neat rule set. Even so, it shows the structure of the problem more clearly than Logistic Regression. Age is the main splitter, followed by glucose, BMI, hypertension, smoking status and heart disease. The downside is that such a large tree may fit the prepared data too closely.
Random Forest produced the strongest numerical results[image: ]
Figure 9. Shows the Random Forest model output, achieving the highest accuracy and best overall performance.
: 98.31% accuracy, weighted F-measure 0.983, ROC area 1.000 and MCC 0.967. Only 83 cases were misclassified in cross-validation. On paper, this is excellent. My concern is that it may be too good. When a model on a relatively small resampled dataset reaches near-perfect discrimination, the dataset may have become easier than a real deployment case. So Random Forest is the best model in this assignment, but I would still want external validation before trusting it fully.
The evaluation metrics help explain this in a more balanced way. Accuracy is useful, but not enough on its own in medical prediction [3]. Precision matters because many false positives would waste clinical attention. Recall matters because missed stroke cases are serious. AUC shows ranking ability, and MCC gives a more balanced view of binary performance [3]. In this report, MCC was especially helpful because it confirmed that J48 and Random Forest were genuinely strong rather than just lucky on one metric.
For clustering, SimpleKMeans converged after 4 iterations and produced three groups. Cluster 1 is clearly the youngest segment, with mean age 20.25, lower glucose and lower BMI, and it is associated mainly with the children work_type category. Clusters 0 and 2 are older adult groups with higher glucose and BMI, but they differ by residence type: Cluster 0 is mainly urban, while Cluster 2 is mainly rural. This is a useful descriptive result because it suggests that the dataset is not just separating by age; it may also reflect lifestyle or service-access differences linked to where people live [8], [11].
The cluster evaluation against the class label was much weaker, with 56.87% incorrectly clustered instances. That result is actually important because it shows a limit of clustering. Clusters describe similarity, not necessarily outcome. In other words, patients can look similar in age, BMI and glucose level without sharing the same stroke result. This is why I would not use the clustering output as a substitute for prediction. Its value is more strategic: it helps identify segments for prevention planning, but it does not classify risk as accurately as the supervised models.
Taking all of the results together, my view is that the models answer different questions. Logistic Regression is the best starting point if the aim is explanation. J48 is a good compromise because it performs strongly and still offers visible decision rules. Random Forest is the most effective predictor in this dataset, but also the hardest to justify without external validation. SimpleKMeans adds another perspective by showing patient group structure, although not in a way that maps neatly to the class label. Because of that, the strongest overall analysis comes from combining classification and clustering rather than treating one method as enough by itself [7], [8].
Table 2. Performance comparison of classification models on the balanced dataset
	Model
	Accuracy
	F-measure
	ROC AUC
	MCC
	Key point

	Logistic Regression
	77.08%
	0.771
	0.849
	0.543
	Most interpretable baseline

	J48
	95.62%
	0.956
	0.961
	0.916
	Strong balance of accuracy and explainability

	Random Forest
	98.31%
	0.983
	1.000
	0.967
	Best predictive performance



[bookmark: _Toc225280888]1.5 Business Recommendations
The first recommendation is to treat the best classifier as a clinical support tool, not as an automated diagnosis system. Based on the results, Random Forest would be the preferred model for screening because it achieved the highest MCC, recall and overall accuracy. However, healthcare organisations should use it to prioritise review rather than replace human judgement [4], [6].
The second recommendation is to build preventive activity around the variables that appeared consistently across the analysis. Age, hypertension, glucose level and BMI were important in both the interpretable and high-performing models, and they also helped separate the clusters. These variables could be used to trigger follow-up actions such as blood pressure checks, glucose monitoring and lifestyle counselling [7], [11].
Third, public health organisations should use the clustering findings for segmentation. The younger rural cluster does not look like the two older adult clusters, so a single prevention message would probably be inefficient. Different communication strategies for younger low-risk groups and older higher-risk groups would make more sense, especially when planning outreach across urban and rural areas [8], [9].
Finally, model monitoring and validation should be mandatory before any real use. The very strong Random Forest result is promising, but it should be tested on local and preferably imbalanced data before anyone relies on it. Without this step, there is a risk of overconfidence based on coursework performance rather than operational evidence.
[bookmark: _Toc225280889]1.6 Reflective Commentary
Overall, I think the models performed well, but not all in the same way. Logistic Regression was useful because it showed direction and effect size, even though its predictive performance was clearly lower. J48 was probably the most useful model to analyse because it combined strong results with understandable rules. Random Forest was the best performer, but also the one I trust least without reservation, because near-perfect results on prepared data should be questioned rather than celebrated automatically.
One strength of the analysis was the combination of predictive and descriptive techniques. Using both classification and clustering made the report more balanced and showed that good data mining is not just about choosing the top metric; it is about understanding the dataset from more than one angle [1], [12].
The biggest limitation is that the dataset was already heavily prepared. The classes were balanced, and the final relation used for modelling appears cleaner than a raw healthcare dataset would usually be. In the final working file, BMI shows no missing values, which suggests that any missing-data treatment had already been handled before or during earlier preparation rather than remaining visible at the point of analysis. That helped the assignment technically, but it also means the outputs may be optimistic. Another limitation is that some variables are broad categories rather than detailed clinical measures [4], [11].
If I did this project again, I would compare the original imbalanced dataset with the balanced resampled version, because that would show how much preprocessing changed model behaviour. I would also keep an untouched hold-out test set instead of relying only on cross-validation, and I would spend more time checking whether the strongest model is clinically sensible, not just statistically strong.
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