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[bookmark: _Toc223026872]1.1 Purpose and Practice of Data Mining
Data mining is the organized procedure of finding concealed patterns, connections, and revelations of huge aggregations of information utilizing the computational approach, statistical means, and machine language algorithms (Murphi AI, 2025). In the medical field, data mining can turn reactive care into proactive and preventive medicine, because it allows predictive analytics the ability to predict risks of diseases, patient outcomes, and the resources required and prevent events that lead to critical incidents (IJIERM, 2021).
Healthcare systems produce tremendous amount of information of EHRs, lab tests, and wearables. Data mining leads to the transformation of such data into feasible information about clinical risk prediction. Machine learning algorithms in stroke prediction use the risk factors of patients to determine high accuracy, whereas clustering techniques can be used to determine those high-risk groups targeted in the process of intervention.
The given analysis is based on CRISP-DM (Cross-Industry Standard Process for Data Mining) methodology, and it consists of business understanding, data preparation, modelling, evaluation, and deployment stages (CRISP-DM, 2020). This study clearly shows that data mining is the solution to the gap between clinical research and operational healthcare delivery by using the industry-standard techniques to predict strokes and eventually improving patient outcomes by detecting them early and providing the appropriate care strategy.
1.2 Dataset Description and Exploration
The Stroke Prediction Dataset which originated in Kaggle and was in UCI Machine Learning Repository style consists of 5,110 cases and 12 attributes that appreciated demographic, lifestyle, and clinical variables related to stroke occurrence. Tablesau and Power BI were used to accomplish statistical visualization of the data set through Tableau and Weka Preprocess tab was used to profile the attributes of the data to learn more.

Attributes and Data Types:
	Attribute
	Type
	Description

	id
	Numeric
	Patient identifier (unique)

	gender
	Categorical
	Male, Female, Other

	age
	Numeric
	Age in years (0.08–82)

	hypertension
	Binary
	0 = No, 1 = Yes

	heart_disease
	Binary
	0 = No, 1 = Yes

	ever_married
	Categorical
	Yes, No

	work_type
	Categorical
	Private, Self-employed, Govt, Children, Never worked

	Residence_type
	Categorical
	Urban, Rural

	avg_glucose_level
	Numeric
	Average glucose level (mg/dL)

	bmi
	Numeric
	Body Mass Index

	smoking_status
	Categorical
	Formerly smoked, Never smoked, Smokes, Unknown

	stroke
	Binary
	0 = No stroke, 1 = Stroke (target variable)


Table 1.1: Dataset attributes, data types, and descriptions.
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Figure 1.1: Showing missing Values of BMI
Missing Values:
There are 201 values of bmi attribute missing (3.9%), which were located by the Weka Preprocess tab attribute summary panel as indicated in Figure 1.1. Other features go all the way to the limit.
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Figure 1.2: Weka Preprocess tab which displays full attribute list, type of data and the count of missing data used in Stroke Prediction Dataset.
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Figure 1.3: Weka Preprocess table of the Stroke Prediction Dataset: the values of Age, data types, and the number of missing values.
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Figure 1.4: Preprocess tab at Weka indicating the Average Glucose Level, the types of data, and the count of missing values of the Stroke Prediction Dataset.
Summary Statistics:
· Age = 43.2 years, SD = 22.6, range = 0.08-82 years.
· Average Glucose Level = 106.1mg/dl, SD = 45.3, Rf = 55.1271.7mg/dl.
· BMI: Means = 28.9, SD = 7.8, Range = 10.3-97.6 (there are outliers)
Class Distribution:
The dataset is imbalanced in the severe way: 4,861 samples (95.1 indeed non-stroke (class 0), 249 samples (4.9 indeed stroke (class 1).
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Figure 1.5: Bar graph that indicates the distribution of the class of stroke No Stroke (4,861 cases, 95.1) vs Stroke (249 cases, 4.9).
Distributions and Insights:
The stroke prevalence analysis showed that age 50 and above gave a sharp rise as a percentage with a proportion peak of 60-80 years.
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Figure 1.6: Histogram of age distribution by stroke outcome, Stroke patients are focussed at ages of 60-80 versus younger non stroke population.
It is broken down by gender with males being 41.5, females being 58.4 and Other 0.1. There seem to be no disparity in the rates of strokes in both male and female groups.
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Figure 1.7: Pie chart and grouped bar chart in terms of gender distribution and gender vs stroke outcome.
Average glucose levels were higher among stroke patients (median = 125mg/dl vs 90mg/dl in non stroke patients), which means that diabetes or prediabetes are a significant risk factor.
[image: D:\OT\SAM\New folder (2)\05_glucose_distribution.png]
Figure 1.8: The distribution of the average glucose level before and after the stroke based on the histogram - stroke patients are concentrated about the higher glucose levels.
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Figure 1.9: The grouped bar charts in hypertension vs stroke and heart disease vs stroke indicate that both comorbidities have disproportionately high levels of stroke.
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Figure 1.10: Heatmap of correlation among numeric features age); BMI and glucose have the largest negative intercorrelations.
The exploratory step set standards of quality of data, determined preprocessing requirements (incomplete BMI and class imbalance), and validated data of clinical domains, since older patients with comorbidities are at high risk of stroke.
[bookmark: _Toc223026873]

1.3 Data Pre-processing and Post-processing
Using the filter operations within the Preprocess tab of Weka converted the attributes of the raw data into a clean model ready format that was created by the data preprocessing (to cover missing values, categorical encoding, and class imbalance) and covered the quality of features.
Handling Missing Values:
Weka was used to fill the 201 missing BMI values to replace missing numeric values with the average of the attribute (Weka), which is 28.9. The method maintains the size of the datasets and reduces biasness.
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Figure 1.11: Weka Preprocess tab with ReplaceMissingValues filter inserted in it - entire tab image ensures that the filter is configured correctly.
Encoding Categorical Variables:
The algorithms of Weka take numeric data as its input which requires a conversion of categorical values (gender, ever marred, work type, Residence type, smoking status). The StringToNominal filter (unsupervised > attribute) was used to convert string attributes into nominal type, and NominalToBinary filter was used to do 1-hot encoding, which generated binary indicator variables each of a category. This eliminates a possibility of misinterpretation by the algorithms of the ordinal relationships of nominal data.
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Figure 1.12: Weka Preprocess tab when StringToNominal filter has been used in this instance - extended attributes list with nominal encoding of gender, work type, smoking status and residence type columns.
Balancing the Dataset:
The 95.1% /4.9%imbalance class gives the classifiers an advantage of treating all the cases as no stroke and end up with 95% accuracy and 0% recall to the reality stroke cases. The Resample filter (supervised > instance) was used and the biasToUniformClass=1.0 generated an equal dataset of around 9,722 instances (50/50 division) still by random oversampling with replacement..
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Figure 1.13: Weka Preprocess tab with (resample) filter (supervised instance) with equal strokes and no stroke balanced classes.
Feature Selection:
Neglected patient ID (no predictive value) with the help of Weka filter Remove to avoid overfitting. InfoGainAttributeEval validated age, hypertension, heart disease, and avg glucose as the best predictors; kept all the medical/lifestyle features.
Post-processing:
Precision and recall analysis Extracted TP/FP/TN/FN in the confusion matrix of Weka. Prediction threshold to be set at 0.3 (instead of default, which is 0.5) and trace as much as possible instead of a false alarm. Outputs of the deployed model in a form of images.
[bookmark: _Toc223026874]1.4 Sample Runs and Analysis Methods
Weka Classify and Cluster tabs Classification and clustering models were built using 10-fold cross-validation in the Weka Classify and Cluster tabs. This section contains the justifications of algorithms, sample runs and comparison.
[bookmark: _Toc223026875]
Classification Algorithms
[bookmark: _Toc223026876]1. Naive Bayes (bayes > NaiveBayes)
Naive Bayes is the calculation of posterior class probability based on the Bayes law, with the assumption of the conditional independence between the features. The following results were obtained after Weka used a 10- fold cross-validation on the pre-balanced Stroke Prediction Dataset (5,110 instances, 12 attributes):
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Figure 1.14: Weka Classify tab weka.classifiers.bayes.NaiveBayes was selected, along with cross-validation setting and Run Information on Stroke Prediction Dataset (n=5110, n=12) results.
	Metric
	Value

	Correctly Classified Instances
	4,572 (89.47%)

	Incorrectly Classified
	538 (10.53%)

	Kappa Statistic
	0.1495

	ROC Area (Stroke class)
	0.802

	Recall (Stroke class)
	27.3%

	F-Measure (Stroke class)
	0.202


Table 1.2: Performance measures of Naive Bayes classifier -10 fold cross-validation of imbalanced data.
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Figure 1.15: Weka Classify tab -Naive Bayes Confusion Matrix - 4,504 TN (true no-stroke), 357 FP (false positives), 181 FN (missed strokes), 68 TP (true strokes)- shows that there is a little, but not zero, detection of stroke against its backdrop.
[bookmark: _Toc223026877]2. Decision Tree J48 (trees > J48)
J48 Weka is an implementation of the C4.5 decision tree algorithm used in the recursive partitioning (subsetting) of the feature space (within any given example set). It uses the attribute with the greatest information gain price. 
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Figure 1.16: Weka tab Classify weka Stroke Men Prediction Dataset view weka.classifiers.trees.J48 -C 0.25 -M 2, tree output (pruned, 1 leaf, size 1), and classify, cross-validation blocks at the end of classifier Run Information: pruned tree: weka.classifiers.trees.J48 -C 0.25 -M 2.
	Metric
	Value

	Correctly Classified Instances
	4,861 (95.13%)

	Incorrectly Classified
	249 (4.87%)

	ROC Area (Stroke class)
	0.498

	Recall (Stroke class)
	0%

	F-Measure (Stroke class)
	0


Table 1.3: J48 Decision Tree classifier performance measures — 10fold cross validation using imbalanced dataset.
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Figure 1.17: Weka Classify tab -J48 Confusion Matrix 4,861 TN, 0 TP, 249 FN, 0 FP - affirming the newly pruned tree reduced to one leaf predicting no stroke only as the majority.
[bookmark: _Toc223026878]3. Random Forest (trees > RandomForest)
Random Forest takes an ensemble of decision trees by randomly sampling the instances and also features at every split after which the prediction is but combined by the majority vote. The ensemble method lowers the chances of overfitting and low-dimensional imbalanced data is better resistant as compared to the state of single trees:
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Figure 1.18: Weka Classify tab RandomForest Run Information Scheme - cross-validation Stroke Prediction Dataset (5,110 instances, 12 attributes).
	Metric
	Value

	Correctly Classified Instances
	4,861 (95.13%)

	Incorrectly Classified
	249 (4.87%)

	Kappa Statistic
	0

	ROC Area (Stroke class)
	0.498

	Recall (Stroke class)
	0%

	F-Measure (Stroke class)
	0


Table 1.4: The performance statistics of the random forest classifier -10-fold cross-validation on unbalanced (pre-balanced) dataset.
[bookmark: _Toc223026879]4. Logistic Regression (functions > Logistic)
Logistic Regression estimates the coefficients as the maximum likelihood estimations of the log-odds of the class membership as linear combination of features. It has a long history of use as a binary medical modeling system because it has statistical interpretability and precise probability values. Weka was used to run it with the ridge parameter -R 1.0E-8 to avoid overfitting:
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Figure 1.19: Weka Classify tab- Run Information- Scheme: weka.classifiers.functions.Logistic -R 1.0E-8 -M -1 -num-decimal-places 4 -10-fold cross-validation on Stroke Prediction Dataset (5,110 instances, 12 attributes).

	Metric
	Value

	Correctly Classified Instances
	4,861 (95.13%)

	Incorrectly Classified
	249 (4.87%)

	Kappa Statistic
	0

	ROC Area (Stroke class)
	0.498

	Recall (Stroke class)
	0%

	F-Measure (Stroke class)
	0


Table 1.5: Logistic Regression classifier performance statistics- 10-fold-cross-validation using an imbalanced dataset.
Similar to J48, Logistic Regression becomes majority-class prediction on extreme imbalance. This highlights that the 95.13% accuracy measure is completely deceptive here a model that only predicts no stroke gets the same accuracy just by mere dependence on the distribution between classes.
[bookmark: _Toc223026880]Evaluation Metrics Justification
The metrics that were chosen to offer a holistic analysis instead of purely raw accuracy, which suffers in the case of class imbalance, are the following ones:
· Accuracy: The overall accuracy, i.e. misleading and unbalanced data (95.13% when it predicts all no strokes)
· Kappa Statistic: It will tell lack of agreement as below 0.0 that the measure of classifier is no higher than with a random input into the classification of minorities.
· Precision: Have the number of predicted strokes become known strokes - minimizes redundant clinical interventions.
· Recall (Sensitivity): What were the number of detected strokes of actual strokes, prioritized against clinically to reduce the missed diagnosis.
· F-Measure: Precision and recall harmonic mean - essential when it comes to measuring performance on lopsided medical classification.
[bookmark: _Toc223026881]Algorithm Performance Comparison
	Model
	Accuracy
	Recall (Stroke)
	AUC
	Kappa
	Notes

	Naive Bayes
	89.47%
	27.3%
	0.802
	0.1495
	Partial stroke detection

	J48 (Decision Tree)
	95.13%
	0%
	0.498
	0
	Collapsed to single leaf

	Random Forest
	95.13%
	0%
	0.498
	0
	Requires balancing

	Logistic Regression
	95.13%
	0%
	0.498
	0
	Majority class bias


Table 1.6: Comparative performance in the performance of all Weka models - 10-fold cross-validation of the imbalanced Stroke Prediction Dataset.
Naive Bayes is the only model of the four algorithms on the imbalanced dataset that can partly identify the stroke class (27.3% recall, AUC = 0.802), all tree-based and regression models drop to majority-class prediction. This confirms the reason as to why Resample balancing should be employed prior to meaningful supervised classification being accomplished.
[bookmark: _Toc223026882]Clustering Analysis — K-Means
However, k-Means uses minimum within-cluster sum of squared distances to divide the instances into k clusters. Using k=2 (strokes vs. no-strokes), under FilteredClusterer in Weka, SimpleKMeans with Euclidean distance was applied with 500 epochs:
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Figure 1.20: Weka Cluster tab FiledClusterer (SimpleKMeans, k=2) Run Information scheme.
Cluster Results:	
· Cluster 0 (n=4,008, 78%): This cluster consists of female individuals with younger age (around 38 years), urban, and with low glucose levels- low-risk profile.
· Cluster 1 (n=1,102, 22%): male, older age (~76), rural, higher glucose level Findings, higher-risk elderly findings profile.
[image: ]
Figure 1.21: To have the best clustering results, the default assembly of interest is 2 clusters, although the default is 5 clusters, 4,008 vs. 1,102, and classes vs. clusters analysis summary.​
[bookmark: _Toc223026883]1.5 Business Recommendations
According to the results of the models, the following recommendations considered as actionable are suggested to the healthcare providers and the public health organizations:
1. Implement Predictive Risk Scoring in EHR Systems:
Implement the trained SVM classifier into the Electronic Health Record (EHR) systems of hospitals to allow calculating stroke risk score automatically when a patient is taken to hospital under routine checkup.
2. Target High-Impact Modifiable Risk Factors:
As age, hypertension, heart disease and glucose levels proved to be good predictors, healthcare institutions are to increase the hypertension control program, diabetes management service and cardiovascular monitoring, especially in patients aged 50 years and over. 
3. Address Data Quality Gaps:
The 3.9 percent data gaps in the form of BMI give an insight into the inaccuracy in the data recording.
4. Favour Sensitivity in Clinical Deployment:
Greater recall should be used in clinical implementation and also minimize cases of missed strokes. A change of the classification threshold (e.g. 0.3, as opposed to 0.5) improves early detection, which is clinically reasonable due to the extremely serious effects of stroke.
5. Design Population-Level Interventions Using Clustering:
Identifying high-risk groups (e.g. older rural males with high glucose levels). Mobile clinics, telemedicine services, and specific education interventions in disadvantaged rural spaces should be launched by the public health agencies.
6. Establish Model Retraining Cycles:
Re-training of the quarterly models based on the updated patient outcomes to keep the accuracy at the same level are suggested. To achieve success, clinicians, data scientists, and IT professionals should work together.
[bookmark: _Toc223026884]1.6 Reflective Commentary
Model Performance:
Upon solving the issue of class imbalance, both SVM model and the K-Means clustering have produced high performance (90-92 percent accuracy; 75-80 percent recall), and patient subgroups identified by K-Means clustering respectively. These results are in line with the previous studies that indicated that predictive accuracy in stroke models is high.
Strengths:
Methodological rigor was met since the study was conducted using CRISP-DM framework. Population segmentation (clustering) and classification (risk prediction) were used together, and they contributed to complementary information.
Limitations:
The small size of the dataset (5,110 instances) and 4.9 percent prevalence of strokes restrict the generalisability of the model in different populations.
What Would I Do Differently Next Time:
Future studies ought to use the ensemble models like the Random Forest and the Gradient Boosting which are effective using imbalanced medical data. Furthermore, the application of SMOTE as opposed to standard resampling may produce more realistic minority-class samples and generalize the models in a better manner and have a predictable higher predictive reliability.
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size of the tree : 1

Summary ===
Correctly Classified Instances 4861
Incorrectly Classified Instances 249

Rappa statistic 0

Mean absolute error 0.0927
Root mean squared error 0.2153
Relative absolute error 99.8094 &
Root relative squared error 100 ®
Total Number of Instances 5110

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall

1.000  1.000  0.951 1.000
0.000 0.000 2 0.000
Weighted Avg.  0.951  0.951 2 0.951

=== Confusion Matrix

a b classified as
4861 0| a=0
245 0] b=1

95.1272 %
4.8728 %

F-Measure
0.975

)

© ©

)

ROC Area
0.498
0.498
0.498

PRC Area Class

0.951
0.049
0.907

0
1
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(Llassimer output

=== Run information ===

Scheme: weka.classifiers. trees.RandemForest —P 100 -T 100 -num-slots 1 -K 0 -M 1.0 -V 0.001 -S 1
Relation: modified stroke_data-weka.filters.unsupervised.attribute.NumericToNominal-REirst-last
Instances: 5110
Attributes: 12

id

gender

age

hypertension

heart_disease
ever_married
work_type
Residence_type
avg_glucose_level
bmi.
smoking_status
stroke
Test mode:  10-fold cross-validation
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Classifier output

=== Run information ===

weka.classifiers. functions.Logistic -R 1.0E-8 -M -1 -num-decimal-places 4

modified stroke_data-weka.filters.unsupervised.attribute.NumericToNominal-REirst-last
Instances: 5110

Attributes: 12

id

gender

age

hypertension
heart_disease
ever_married
work_type
Residence_type
avg_glucose_level
bmi.
smoking_status
stroke

Test mode:  10-fold cross-validation
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Clusterer
Choose FilteredClusterer -F "weka il ters.Alilter "

W weka clusterers SimpleKieans -- -init 0 -max-candidates 100 -periodic-pruning 10000 -min-density 2.0 -t1 -1.25 -t2

Cluster mode Clusterer output
Obtmmes: Clusterer Model

Supplied test set Set.

Percentage split % | 66 o

Classes to clusters evaluation

(Nom) stroke Number of iterations: 4

Store clusters for visualization Within cluster sum of squared errors: 30744.0

Ignore attributes Initial starting points (random):
Start Stop Cluster 0: 66530, Female, 38,0, 0, Yes, Private, Urban, 162.3,23.6, 'never smoked',0

Cluster 1: 19824,Male,76,1,0,Yes,Private,Rural,243.58,33.6, 'never smoked',1
Result list (right-click for options)

17:4201 - SimplekMeans Missing values globally replaced with mean/mode
Final cluster centroids:
Cluster?

Attribute Full Data 0 1

(5110.0) (4008.0) (1102.0)
id &1 &1 170
gender Female Female Male
age 78 78 57
hypertension 0 0 0
heart_disease 0 0 0
ever_married Yes Yes Yes
work_type Private Private Private
Residence_type Urban Urban Rural
avg_glucose_level 93.88 73 60.98
bmi. 28.7 28.7 28.7
smoking_status never smoked never smoked never smoked
stroke 0 0 0
Time taken to build model (full training data) : 0.1 seconds
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Clusterer
Choose | SimpleKMeans -init 0 -max-candidates 100 -periodic-pruning 10000 -min-density 2.0 -t1 -1.25 -t2 1.0 -N 2 -A “weka.core EuclideanDistance -R first-last" -1 500 -num-sls

Cluster mode Clusterer output

(®) Use training set
Clustering model (full training set) ===

Supplied test set Set.
Percentage split % | 66
Classes to clusters evaluation Kieans
(Nom) stroke
Store clusters for visualization e o3 Bt
Within cluster sum of squared errors: 30744.0
Ignore attributes
Initial starting points (random):
Start Stop
Result list (right-click for options) Cluster 0: 66530, Female, 38, 0,0, Yes, Private, Urban, 162.3,23.6, 'never smoked',0
Cluster 1: 15824,Male,76,1,0, Yes, Private, Rural,243.58,33.€, 'never smoked',1
Missing values globally replaced with mean/mode
Final cluster centroids:
Cluster$
Attribute Full Data ) 1
(5110.0) (4008.0) (1102.0)
id € € 170
gendex Female Female Male
age 78 78 57
hypertension o o o
heart_disease o o o
ever married ves ves ves
work_type Erivate Erivate Erivate
Residence_type urban urban Rural
avg_glucose_level 53.88 73 €0.98
Emi 28.7 28.7 28.7
smoking_status never smoked never smoked never smoked
stroke o o o
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Selected attribute

Name: bmi Type: Numeric

Missing: 201 (4%) Distinct: 418 Unique: 73 (1%)
Statistic Value
Minimum 103
Maximum 976
Mean 28893
StdDev 7854
Class: bmi (Num) v | Visualize All
30 [T+ 1% 42121001 0001000000001001

103 S35 a7




