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Introduction
Purpose and Practice of Data Mining
Data mining means looking at data to find useful patterns, connections and tendencies that can help you forecast what will happen and make choices. It’s used in healthcare and business, and the biggest benefit in both is the same: changing simple data into something actually helpful. Within healthcare, data mining often helps diagnose, predict illnesses, calculate risk and categorize patients. Looking at recent research, we see that machine learning and data mining are now very common for predicting clinical issues and helping with decisions, especially when lots of patient data needs fast and reliable analysis.
For this project, data mining is being used to predict strokes. The first step is categorizing (classification) where you try to work out if someone is likely to suffer a stroke, looking at things like their age, if they have high blood pressure, heart problems, glucose levels and BMI. A system like this could allow hospitals and health services to find people at higher risk sooner and give them help to avoid a stroke. Stroke prediction using structured data from patients has been done before, but how good the results are is very dependent on the quality of the data and the way the predictions are modelled. 
The second step is grouping (clustering). This is different from categorization because it doesn't use the fact of whether a stroke happened. It simply puts patients into groups of those with similar features. This grouping can highlight patterns in how people live and their health that would be valuable for planning for the health of the public. Essentially, data mining isn't intended to replace a doctor’s opinion, but to help it by finding trends you wouldn't easily discover just by looking at the information by hand.

Figure 1 - Data loaded into Weka Software, ready for pre-processing
1.2 Dataset Description and Exploration
This report uses the Stroke Prediction Dataset, which is a public dataset on Kaggle that uses 11 clinical features to guess whether a patient is likely to have a stroke. The assignment brief also says that it has demographic, lifestyle, and medical variables like age, gender, hypertension, heart disease, marital status, work type, residence type, average glucose level, BMI, smoking status, and stroke outcome. This is good for both classification and clustering because it has a mix of numerical, categorical, and binary attributes. 
When you include the ID field, the dataset has 5,110 records and 12 columns. The target variable is stroke, which is a binary variable that shows whether or not the patient had a stroke. For example, age, BMI, and average glucose level are numerical variables.

Figure 2 - Data loaded into Weka Software, ready for pre-processing
Gender, work type, and smoking status are examples of categorical variables. Heart disease, hypertension, and stroke are all binary variables. This variety is good for data mining, but it also means that the dataset needs to be pre-processed before it can be modelled in Weka.
One big problem is missing data. The BMI attribute contains 201 missing values, which is a noticeable amount in a dataset of this size. Removing all of those rows would reduce the dataset and could make the analysis less reliable, so handling missing values is an important preprocessing step. 

Figure 3 - BMI attribute containing 201 missing values
Another big problem is that the classes are not balanced. There are 4,861 cases that are not strokes and only 249 cases that are strokes in the dataset. This means that the positive class makes up about 4.9% of the whole dataset. This is important because a model could get a high accuracy score just by guessing the most common class most of the time. Because of this, the dataset needs to be looked at closely before any model can be called successful. 

Figure 4 - Class distribution of the stroke attribute in Weka
So, exploratory analysis should focus on summary statistics for numbers, frequency counts for categories, and visualisations like histograms, boxplots, and class distribution charts. Weka was made to help with this process by preprocessing, visualising, and comparing different methods, which makes it a good choice for the assignment.  
1.3 Data Pre-processing and Post-processing
Before mining in Weka, the dataset had to be cleaned and prepared. This stage is important because the quality of the models depends heavily on the quality of the data used. In this case, the dataset contains mixed attribute types, missing values, and a strong class imbalance, so preprocessing was not just a minor technical step. It was a key part of the analysis. The brief also specifically asks for missing value handling, preparation of categorical variables, balancing the dataset where needed, feature selection or engineering, and post-processing used to interpret the results.  ￼
The first issue was missing values, especially in the BMI field. The dataset contains 201 missing BMI values, which is a noticeable amount for a dataset of this size. Deleting every row with a missing BMI value would reduce the number of usable records and could make the class imbalance issue slightly worse. Because of this, the missing values were handled in Weka using the ReplaceMissingValues filter rather than deleting the affected rows.

Figure 5 - BMI attribute after running ReplaceMissingValues filter

Figure 6 - ReplaceMissingValues filtering on BMI missing data
The second step was to review the attribute types and prepare the data for classification. The dataset contains both nominal and numeric variables. Nominal variables include gender, work_type, Residence_type, ever_married, and smoking_status, while numeric variables include age, avg_glucose_level, and bmi. Many Weka classifiers can work directly with nominal variables, so full one-hot encoding was not necessary here. However, it was still important to remove unnecessary fields such as id, since this attribute has no predictive value and would only add noise to the model.
 
Figure 7 - Removal of the ID attribute before modelling.

Another important preprocessing step was making sure the target variable was in the correct format. The stroke attribute was initially read by Weka as a numeric field, even though this is a classification problem. Because of that, it had to be converted from numeric to nominal using the NumericToNominal filter so that Weka would treat it as a class label rather than a continuous value.

Figure 8 - NumericToNominal filter applied to the stroke attribute
The third and most important issue was class imbalance. The stroke class represents only a small part of the dataset, which means a model could appear to perform well overall while still failing to identify stroke cases properly. This is especially important in a healthcare problem like this, where identifying the minority class matters more than simply achieving a high overall accuracy score. After converting the target variable to nominal, the ClassBalancer filter was applied in Weka to reduce the effect of the imbalance between the majority and minority classes. This was done to improve the model’s ability to recognise stroke cases more effectively and not just favour the majority class.

Figure 9 - Number of strokes visualisations in Tableau Public

Figure 10 - Stroke data after running ClassBalancer filter
Feature selection is another useful part of preprocessing. Not all attributes contribute equally to prediction, and removing weaker variables can sometimes improve both clarity and model performance. In this dataset, variables such as age, hypertension, heart_disease, avg_glucose_level, and bmi are likely to be more useful than identifiers or less relevant social variables. However, this should be tested rather than assumed. Weka provides attribute selection tools that can rank predictors or reduce the number of variables before training. Even where feature selection is not fully applied, considering it is still important when comparing algorithms.
After the models are run, post-processing is mainly about interpreting the results properly. This means looking beyond raw accuracy and focusing more on precision, recall, F1-score, and AUC, since these are more useful for imbalanced classification problems. Confusion matrices are also important because they show whether the model is missing real stroke cases. The final step is to present these results clearly using tables, charts, and short comparisons between models rather than just pasting raw Weka output. This makes the findings easier to understand and easier to connect to the practical recommendations later in the report.
1.4 Sample Runs and Analysis Methods
This section explains the main methods used to analyse the dataset in Weka and why they were suitable for this particular task. The brief asks for sample runs, justification of algorithms, and justification of evaluation measures, so this section does not just list the models used. It explains why they were chosen for stroke prediction and how their performance was judged. Since most of the mining work had to be done in Weka, the analysis was carried out mainly through Weka Explorer, using its classification and clustering tools to compare outputs such as confusion matrices, ROC area, and class-level prediction results.
The first classifier used was J48 decision tree. This was a sensible starting point because it is easy to interpret and produces simple decision rules. In a healthcare context, that matters, because it is useful to understand not only how accurate a model is, but also how it reaches its predictions. A decision tree can show how variables such as age, average glucose level, hypertension, and heart disease divide patients into higher-risk and lower-risk groups. J48 is commonly used in Weka as an initial baseline because it is fast to run and the output is much easier to follow than more complex methods.

Figure 11 - J48 classifier selected in Weka

Figure 12 - J48 output showing model results
The second method used was Logistic. This was appropriate because the target variable is binary, with stroke recorded as either present or absent. Logistic regression is widely used in medical prediction because it works well with structured tabular data and provides a strong statistical baseline. In this report, it was useful because it allowed comparison between a traditional statistical model and machine learning models such as J48 and Random Forest. If logistic regression performed similarly to the more advanced models, that would suggest the relationships in the data were relatively simple. If it performed worse, it would suggest that the data contains more complex, non-linear relationships.

Figure 13 - Logistic classifier selected in Weka

Figure 14 - Logistic output showing model results
The third classifier used was Random Forest. This was included because ensemble methods often perform better than single decision trees, especially when the data contains mixed variables and more complex relationships. Random Forest builds many trees and combines their predictions, which usually makes it more stable and less likely to overfit. It is also commonly used in stroke prediction studies and is often reported as one of the stronger-performing methods for structured healthcare datasets. This made it a sensible model to test here, especially since it could be run in Weka under the same evaluation settings as the other classifiers.
  
Figure 15 - Random Forest classifier selected in Weka

Figure 16 - Random Forest output showing model results
For unsupervised analysis, Simple K-Means was also used. This was relevant because the brief is not only about predicting stroke, but also about identifying patterns or clusters in the data. Unlike classification, clustering does not use the stroke label directly. Instead, it groups patients based on similarity across their health and lifestyle variables. This can help reveal patient profiles, such as older people with higher glucose levels or younger lower-risk groups. Using clustering alongside classification made the analysis broader and more complete.
  
Figure 17 - Simple K-Means selected in Weka

Figure 18 - Simple K-Means clustering output
The evaluation method also needed to be justified. For this dataset, 10-fold cross-validation was used because the dataset is not especially large and the target class is highly imbalanced. Cross-validation reduces the chance of the results depending too heavily on one single train-test split and gives a fairer basis for comparing the models. This is more reliable than carrying out one random split and judging all models from that alone.
Just looking at accuracy was not enough for this dataset. Since stroke cases make up only a small percentage of the data, a model could achieve high accuracy simply by predicting the majority class most of the time. Because of that, the more useful measures were precision, recall, F1-score, and AUC. Recall was especially important because it shows how well the model identifies actual stroke cases. In a healthcare setting, failing to identify stroke cases is more serious than producing some false positives. AUC was also helpful because it gave a broader view of how well the model separated the two classes.
Table 1 - Comparison of classifier results using accuracy, precision, recall, F1-score and AUC
Classifier	Accuracy (%)	Precision
(Stroke=1)	Recall
(Stroke=1)	F1-score
(Stroke=1)	ROC Area
(Stroke=1)	Notes
J48	50.00	0.500	0.080	0.138	0.540	Easy to interpret, but performed very poorly on stroke cases
Logistic	62.55	0.721	0.410	0.522	0.666	Better balance than J48, with the highest recall for stroke cases
Random Forest	64.55	0.784	0.402	0.532	0.774	Best overall performance, with the highest accuracy, precision, F1, and AUC


Table 1 shows that J48 performed the weakest overall, with an accuracy of only 50.00% and a recall of just 0.08 for the stroke class. This means it failed to identify most stroke cases and was therefore not suitable on its own for this dataset. Logistic performed better, reaching a recall of 0.41 for stroke cases, which was the highest of the three classifiers. Random Forest gave the strongest overall performance, with the highest accuracy, precision, F1-score, and ROC area. Although its recall was slightly lower than Logistic, it produced the best overall balance between identifying stroke cases and maintaining stronger classification performance across the dataset.

Figure 19 - Confusion matrix for the best-performing classifier
Figure 19 shows the confusion matrix for the Random Forest classifier, where class ‘a’ represents non-stroke cases and class ‘b’ represents stroke cases. The matrix shows how many cases were correctly and incorrectly assigned to each class. Although Random Forest performed best overall, it still missed some true stroke cases, which shows why recall remains important in this type of healthcare prediction task.
When presenting the sample runs from Weka, it was important to include more than just the final percentage correct. The full classifier output, confusion matrix, class-level precision and recall, and ROC area were more useful for comparing the models properly. A side-by-side comparison table made it easier to identify which method performed best overall. In this kind of report, the strongest model is not necessarily the one with the highest raw accuracy, but the one that gives the best balance between identifying stroke cases correctly and avoiding too many misleading predictions.
Overall, the methods used gave a balanced analysis of the dataset. J48 was useful because it was easy to interpret, Logistic Regression provided a good baseline, Random Forest offered stronger predictive power, and Simple K-Means added a pattern-based view of the data. Together, these methods allowed the results to be compared in terms of both predictive strength and interpretability.
1.5 Business Recommendations
The results of the classification and clustering analysis suggest that predictive models should be used by healthcare providers as an early screening support tool rather than as the final basis for decisions. If a model can identify higher-risk patients with a reasonable level of recall, it could help flag individuals who need further assessment, especially where factors such as age, hypertension, heart disease, BMI, and average glucose level appear together. This would be particularly useful in primary care or public health settings, where large numbers of patients may need to be reviewed quickly and efficiently.
Another recommendation is that public health organisations could use clustering results to support more targeted prevention strategies. Different groups of patients are likely to have different risk profiles, so using the same intervention for everyone may not be the most effective approach. For example, one cluster may mainly include older patients with stronger medical risk factors, while another may reflect more lifestyle-related patterns. This would allow awareness campaigns and prevention programmes to be more focused.
The findings also suggest that organisations should be careful about relying on accuracy alone when judging predictive systems. Because the dataset is highly imbalanced, a model may appear to perform well overall while still doing a poor job of identifying actual stroke cases. For that reason, measures such as recall and AUC are more useful when deciding whether a model has practical value.
Finally, any model developed from this dataset should be tested on larger and more representative datasets before being used in real-world healthcare settings. These systems should support clinical judgement, not replace it. Their main value lies in helping organisations prioritise follow-up, improve prevention planning, and make better use of limited healthcare resources.
1.6 Reflective Commentary
This analysis showed that data mining can be useful for healthcare prediction, but it also showed that the quality of the results depends heavily on preprocessing and evaluation. One of the biggest issues in this dataset was class imbalance, because it meant that high accuracy on its own could be misleading. This made it necessary to focus more on recall, precision, F1-score, and AUC rather than just overall accuracy.
One strength of the analysis was that it compared more than one method instead of relying on a single model. Using J48, Logistic, and Random Forest made it easier to compare interpretability against predictive performance, while Simple K-Means added another perspective by identifying possible patterns in the data. Another strength was that Weka made it fairly easy to test different methods in one place and compare their outputs directly.
The main limitation was the dataset itself. Although it was useful for learning and model comparison, it is still a relatively small public dataset with missing BMI values and a very uneven class distribution. That means the findings should be interpreted carefully and should not be assumed to apply directly to real clinical settings. Another limitation was that some preprocessing steps, such as balancing and handling the target variable type, had a strong effect on how the analysis could be carried out.
If I were doing this again, I would spend more time comparing different balancing methods and testing whether feature selection changed the results in a useful way. I would also compare the Weka output with another tool to check whether the results were consistent. Overall, this task was useful because it showed that good data mining is not only about choosing a model, but also about making sensible decisions throughout the whole process.
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== Clustering model (full training set) ==

Kiteans

Number of iterations: 3
Within cluster sum of squared errors: 27629.31901644736

Initial starting points (random):

Cluster 0: Female,38,0,0,Yes, Private, Urban, 162.3,23.6, 'never smoked',0, {0.525612}
Cluster 1: Male,76,1,0,Yes, Private,Rural, 243.58,33.6, 'never smoked',1,{10.261044}

Missing values globally replaced with mean/mode

Final cluster centroids:

Cluster#
Attribute Full Data 0 1

(5109.999999999843) (4162.8999230824265) (947.1000769174158)
gender Fenale Fenale Male
age 8 8 80
hypertension 0 0 1
heart_disease 0 0 0
ever_narried Yes Yes Yes
work_type Private Private Private
Residence_type Urban Urban Rural
avg_glucose_level 101.45 101.45 60.98
b 28.893237 28.893237 28.893237
smoking_status never snoked never snoked never smoke
stroke 1 3 1

Tine taken to build model (full training data) : 0.84 seconds
== Model and evaluation on training set ==
Clustered Instances

0 4901 ( 96%)
1 209 ( 4%)
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Confusion Matrix =

a b <— classified as
2272.22 282.78 | a=0
1528.9 1026.1 | b=1
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Distribution of patient age in the stroke prediction dataset
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Selected attribute
Name: b Type: Numeric
Missing: 201 (4%) Distinct: 418 Unique: 73 (1%)
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