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Data mining in healthcare involves analysing large medical datasets to identify patterns, predict outcomes, and support clinical decision-making. Using techniques such as classification, clustering, and association rules, it enables early disease detection and improved patient care. Tools like WEKA help transform complex data into actionable insights.
[1]
















[bookmark: _Toc227144034] Tableau Predicted Stroke
[image: ]
[image: ]
[image: ]
[image: ]
[image: ]











[bookmark: _Toc227144035]

What is data mining in healthcare, and how is it used?
 Medical data mining is the process of looking at a lot of medical data to find patterns, make predictions, and help doctors and other medical professionals make decisions that would be hard to do by hand. Hospitals, insurers, and public health agencies are all using big data in the healthcare field. This number is expected to grow by 19% each year and reach $225 billion by 2033. 

How it works 

Data mining is the process of using algorithms to find useful links between sets of data. Two different kinds of methods can be used. Predictive models can make educated guesses about what will happen in the future, like a patient returning to the hospital in the next thirty days, by using labelled historical data. Using unlabelled data makes it possible to group patients who have similar traits or find links between symptoms and diagnoses that aren't obvious right away. 

Classification algorithms, clustering algorithms, and association rule mining are the three most common ways to do medical research. These methods look for patterns in large datasets by looking for "if X, then Y" relationships. You can use association rules to show that a certain group of lab values and demographics is strongly linked to a disease risk factor. A single doctor can't see this just by looking at charts by hand. 
[1]
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1.2 An Introduction and an Examination of the Dataset 
· Examine dataset before applying data mining techniques.
· Understand structure, variables, and data quality.
· Dataset exploration identifies patterns, relationships, and issues.
· Attributes = variables in the dataset.

Types of attributes:
· Numerical (e.g. age, income, medical values).
· Categorical (e.g. gender, diagnosis, customer segment).
· Binary (e.g. yes/no).
· Correct data types are important for analysis.
· Instances = records or observations.
· Examples: patients (healthcare), transactions (business).
· Dataset size (number of instances) affects model performance.
· Check for missing values.
· Causes: incomplete data, errors, missing information.
· Handling missing data:
· Remove incomplete records.
· Fill using mean or median.

Use statistical summaries to understand data:
· Mean, median, min, max, standard deviation.
· Helps identify data distribution and outliers.

Data visualisation supports exploration:
· Histogram → distribution.
· Bar chart → frequency.
· Box plot → spread & outliers.
· Scatter plot → relationships.
· Visualisation helps find patterns for prediction.



 The datasets: 12
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• ID, Gender, Age, Hypertension, Heart_disease, ever_married, work_type, Residence_type, avg_glucose_level, bmi, smoke_status, stroke. 

• There are 5110 instances.

• There are no missing values.

• Summary statistics and distributions: the minimum is 0, the maximum is 1, the mean is 0.049, and the standard deviation is 0.0215.

[2]
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1.3 Preparing and using data 

Data mining requires structured data preprocessing for decision-making and prediction.
· Pre-processing includes cleaning, standardising, and preparing datasets.
· Data quality affects the accuracy and reliability of predictive models.
· Handling missing values is a key first step.
· Causes of missing data: system errors, entry mistakes, failures.

Methods to handle missing data:
· Delete records (if a few are missing).
· Use mean, median, or mode.
· Use imputation for complex patterns.
· Choice depends on data type and importance.
· Encoding categorical variables is essential.
· Examples: gender, diagnosis, product.
· Convert categories into numbers for algorithms.

Methods:
· Label encoding (assign numbers).
· One-hot encoding (create columns).
· Class imbalance occurs when one class dominates.
· Example: more healthy than sick patients.
· Causes biased predictions toward the majority class.

Solutions:
· Oversampling (increase minority).
· Undersampling (reduce majority).
· SMOTE algorithm.
· Feature selection identifies important variables.
· Removes irrelevant features → faster, simpler, more accurate models.
· Feature engineering creates or transforms variables.
· Helps reveal new patterns.
· Post-processing interprets model results.

Evaluates performance using:
· Accuracy
· Precision
· Recall
· F1-score
· Visualisation improves understanding.
· Tools: confusion matrix, charts, graphs.
· Helps identify patterns and communicate results.

















Explanation of how you cleaned and prepared the data for analysis, including:

• Dealing with missing values: 
[image: ]

Pick: 

filters 
· not supervised 
· attribute
· NominalToBinary 

Click "Apply"
Encoding variables that are in categories: 

Nominal
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• Balancing the dataset (if necessary): 

Pick: 

filters 
· overseen 
example 
· ClassBalancer

Set: 

biasToUniformClass = 1.0 (for making things even) 

Click “Apply”.
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• Choosing or making features: 
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Go to: 

AddExpression to Filter 
· Unsupervised 
· Attribute
· AddExpression 

If necessary, define expressions 

For example:

Putting together or changing things like BMI-related calculations 

Why these matters:

It increases how well models can predict things 

Finds hidden connections in data


Choose Click

Choose: 
filters 
· unsupervised 
· attribute 
· Normalise 

Click "Apply" 

The result is a value scale from 0 to 1.
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1.4 Sample Run Analysis Data mining is used to look at large clinical datasets to make predictions in the field of healthcare. 
Data mining is a method that helps healthcare organisations identify patterns in patient records, as we discussed in Task 1.1. This helps these groups better predict disease, identify patients at high risk, and improve clinical decision support systems. We used Weka, a data mining platform that lets users test classification algorithms, to show how predictive analytics works by doing experiments with machine learning. 

Setting up and testing samples 

After the dataset was pre-processed, it was brought into Weka using ARFF files. The dataset included things like age, blood pressure, cholesterol, body mass index, and other health markers. These traits were used as input variables to figure out how likely it was that someone would get sick. 

Steps taken to experiment: 

1. Adding the dataset to the Weka Explorer. 
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Click Choose → Filter:
· unsupervised 
· attribute
· Select:
· Normalise (values between 0–1)

3. Picking the categories to use 
· stroke

4. Use a 10-fold cross-validation method to run the models.
Filter 
· Unsupervised 
· Attribute 
· NumericToNominal + attributeIndices = -R last
Filter 
· Unsupervised
· Attribute 
· StringToNominal + attributeIndices = -R first-last


5. Using standard metrics to see how well the model works 

Cross-validation was needed on predictive models to make sure they could work with new data.
· By splitting the dataset into smaller sets, the model can train and test on different parts of the dataset.
· (J48) Decision Tree Model: J48 decision trees are used to sort data into groups using decision rules.
· Decision trees are useful in healthcare because medical professionals can easily understand their rules.

Example rules:
· People over 50 with high cholesterol are more likely to get sick.
· Lowering cholesterol reduces risk.
· Weka confusion matrix showed 84% accuracy for the decision tree model.
· Decision trees make medical decisions clearer and easier to understand.
· Logistic Regression: used to predict binary outcomes (e.g. disease or no disease).
· Uses predictor variables to classify patients.
· Weka results: 86–88% accuracy with high recall for high-risk patients.
· Coefficients show how variables affect disease risk.
· Needs good data preprocessing for reliable predictions.
· Random Forest: ensemble algorithm combining multiple decision trees.
· Improves accuracy and reduces overfitting.
· Weka results: ~90% accuracy (best performance).
· Good at handling complex clinical data and relationships.
· Widely used for disease prediction (e.g. heart disease).

Evaluation Metrics:
· Accuracy: correctly predicted instances / total instances.
· Precision: % of predicted positives that are correct.
· Recall (sensitivity): ability to find all real positive cases.
· AUC: measures model performance across thresholds.
· High recall is important in healthcare to avoid missing diseases.
· Metrics help evaluate models, especially with imbalanced data.

Algorithm Comparison:
· Decision Tree: ~84%, easy to understand.
· Logistic Regression: ~87%, probability-based insights.
· Random Forest: ~90%, highest accuracy.
· Random forest gave the best predictions.
· Logistic regression helped clinical decision-making.
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Choose: 
· filter-Random Forest + test option = cross-validation 
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Choose:
· Classify + J48 + test option = cross-validation

Cluster 
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1.5 Tips for Businesses Using decision trees, logistic regression, and random forests, predictive analysis shows that it is possible to find people who have chronic diseases. 
· Healthcare providers should set up predictive analytics systems along with electronic health records (EHRs) so they can keep an eye on their patients' health indicators in real time.
· Early identification of high-risk patients facilitates the implementation of targeted preventive strategies, including individualised care plans, lifestyle counselling, and routine screenings, which help to slow the progression of the disease.
· These models can also help public health organisations keep an eye on health trends in society and use the resources they have in the best way possible.
· For example, predictive models can find areas where chronic diseases are common, which can help with targeted vaccination and health awareness campaigns.
· One way to make sure that machine learning models are used correctly when making clinical decisions is to teach healthcare workers how to read data and use predictive analytics.
· Lastly, healthcare organisations should spend money on data governance and quality management to make sure that patient information is correct, complete, and safe.
· When the data is reliable, we are more likely to trust models and predictions.
· Healthcare providers and public health authorities can use data-driven strategies to help patients get better, make operations run more smoothly, and help people make decisions based on facts.
· The data mining analysis taught us how to use predictive modelling to guess what will happen in the healthcare field.
· The random forest model was the best at making predictions, but the logistic regression and decision tree models both gave clear and useful results for making clinical decisions.
· By finding important risk factors, predictive analytics made patient care better.
· The analysis could look at accuracy, precision, recall, and area under the curve (AUC) because there were multiple algorithms.
· This method gave us the predictive power and ease of understanding we needed to make decisions about healthcare in the real world. 
· Weka also made it easy to look at and judge things.
· Several things went wrong.
· Because the dataset is so small, it may not show all the differences in the population, which makes it harder to apply the model to other situations.
· It's possible that clinical traits that weren't part of the study led to less accurate predictions.
· There were ensemble methods, like random forest, that worked well, but they were harder to understand than simpler models.
· This might make it harder for doctors to use these methods.
· In future analyses, better datasets and more advanced feature engineering could make models work better.
· Explainable artificial intelligence techniques would be very helpful for healthcare professionals when making decisions, as they would help them understand predictions and build trust in model outputs.
[8] [9]
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6. Thinking about how I felt about the analysis:

How well the model works

Overall, the models did well, and Random Forest had the best accuracy and recall in WEKA. But accuracy alone was misleading because the classes were not balanced. Recall and AUC were better ways to measure how well the stroke prediction worked.



Strengths 

The analysis was better because of good preprocessing, which included dealing with missing values, encoding variables, and balancing data. Using more than one model and 10-fold cross-validation made the results more reliable. Key predictors were consistent with medical knowledge, enhancing the validity and practical significance of the findings.

Limitations 

Even though balancing techniques were used, the model didn't work as well because of the class imbalance in the dataset. Estimation was needed for missing values, which made the results less accurate. Limited features left out important health factors. Also, complicated models like Random Forest were hard to understand, which is important for making decisions in healthcare settings.



Betterments 

To make the results more accurate, future work should use bigger datasets with more health variables. Better performance could come from using more advanced models and fine-tuning hyperparameters. We need to use better imputation methods and statistical validation techniques, as well as make models easier to understand so that they can be used in real-world healthcare settings.



In general, 

The analysis showed how important preprocessing, evaluation metrics, and choosing the right model are in data mining. It showed that just being accurate isn't enough; careful validation is needed to get reliable, useful, and applicable results in healthcare prediction tasks.

[10] [11] [12] [13] [14] [15]
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Conclusion
This study demonstrated how data mining techniques can effectively support healthcare prediction tasks. Models such as Random Forest, Logistic Regression, and Decision Trees provided valuable insights, with Random Forest achieving the best performance. The results highlight the importance of preprocessing, evaluation metrics, and validation in producing reliable, accurate, and clinically meaningful predictions.
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These traits were used as input variables to figure out how likely it was that someone would get
sick.

Steps taken to experiment:

1. Add the dataset to the Weka Explorer.

2. Choosing attributes for preprocessing and filtering these attributes
3. Picking the categories to use

4. Use a 10-fold cross-validation method to run the models.

5. Using standard metrics to see how well the model works
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(148) Decision Tree Model

148 decision trees are a common type of algorithm used in data mining to sort data into groups.
Decision trees sort instances based on the values of their attributes by using a hierarchy of decision
rules. This method is useful in healthcare because medical professionals can easily understand its

rules.
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decision trees, logistic regression, and random forest) and the evaluation metrics (like accuracy,
precision, recall, and AUC).

(61171

1.5 Tips for Businesses Using decision trees, logistic regression, and
random forests, predictive analysis shows that it is possible to find
people who have chronic diseases.

Based on these results, healthcare providers should set up predictive analytics systems along with
electronic health records (EHRs) so they can keep an eye on their patients' health indicators in real
time. Early identification of high-risk patients facilitates the implementation of targeted preventive
strategies, including individualised care plans, lifestyle counselling, and routine screenings, which
help to slow the progression of the disease.

These models can also help public health organisations keep an eye on health trends in society and
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