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The Objectives and Techniques of Data Mining

Examining massive databases to find significant patterns, correlations, and trends that may aid in predictive modelling and decision-making is known as data mining. It is a crucial step in the Knowledge Discovery in Databases (KDD) process, which also includes modelling, data gathering, preprocessing, and result interpretation. Organisations can convert unprocessed data into valuable knowledge that can support strategic decisions and enhance organisational performance by using data mining techniques including classification, clustering, regression, and association rule mining [1].
Large amounts of clinical and patient data are analysed using data mining in the healthcare industry to enhance diagnosis, treatment planning, and illness prevention. Through wearable technology, medical imaging equipment, lab results, and electronic health records, healthcare systems produce large volumes of data. Researchers and healthcare professionals can find patterns linked to particular diseases and forecast the risk of ailments like heart disease or stroke by using predictive analytics techniques on these datasets [2]. By identifying high-risk patients early and implementing preventative measures, these predictive algorithms help medical professionals improve patient outcomes and lower healthcare costs.
By spotting trends and patterns in consumer behaviour, operational procedures, and financial data, data mining helps with predictive analytics and decision assistance in commercial settings. Data mining techniques are used by organisations to estimate demand, identify fraud, refine marketing campaigns, and increase operational efficiency [3]. Businesses can create predictive models that assist managers in making evidence-based decisions and gaining a competitive edge by examining historical data.
All things considered, data mining is essential to the business and healthcare industries because it converts big, complicated information into useful insights that aid in planning, forecasting, and well-informed decision-making.
1.2: Dataset Description and Exploration
This study's dataset includes lifestyle and health data meant to help predict stroke risk. Several medical, behavioural, and demographic factors can have an impact on stroke, a dangerous medical illness. Predictive modelling in healthcare analytics is supported, and risk patterns can be found by analysing such datasets using data mining techniques [4], [5].
[bookmark: _Toc225284544]Features and Types of Data

Eleven attributes that describe patient characteristics and a target variable that indicates the occurrence of stroke are included in the dataset. Both numerical and category factors are included in these characteristics.
• Gender: categorical (Other, Female, and Male) 
• Hypertension: a binary (True/False) indicator of increased blood pressure • Age: a numerical representation of the patient's age in years 
• heart_disease: a binary that represents the presence or absence of heart disease
 • ever_married: categorical (Yes/No)
 • Work_type: category (private, self-employed, government positions, children, etc.)
 • Residence_type: categorical (urban or rural) 
• The average blood glucose level is represented by the number avg_glucose_level. 
• The body mass index, or BMI, is a number
. • smoking_status: categorical (never smoked, smoked in the past, smokes, unknown) 
• The binary target variable "stroke" (True indicates a stroke occurred, False = no stroke)[image: ]

The quantity of instances

Each of the 4,909 instances (rows) in the dataset corresponds to a single patient record. This kind of dataset is appropriate for using machine learning algorithms like clustering and classification to find patterns associated with stroke risk.

Absence of Values

No missing values were found in any attribute after the dataset was analysed. There are 4,909 valid entries for each variable, suggesting that the dataset has previously undergone preprocessing or cleaning. Because incomplete records can compromise the accuracy of prediction models, handling missing data is a crucial preprocessing step [5].

Overview of Distributions and Statistics

The distribution of the data can be better understood by exploratory research. Individuals in the dataset range in age from 0.08 to 82 years, with an average age of roughly 42.9 years. Based on traditional BMI classifications, many people fall into the overweight category, as indicated by the mean BMI value of roughly 28.9.
Individual variances in average glucose levels can point to variations in metabolic health. Several lifestyle elements that may affect the risk of stroke are displayed via categorical variables such work type and smoking status.

Important patterns can be seen through visualisations such bar charts for smoking status and stroke frequency and histograms for age, BMI, and glucose levels. For instance, stroke cases seem to be less common than non-stroke cases, suggesting a class imbalance that needs to be taken into account when developing classification models.
As a result, exploratory data analysis and visualisation offer insightful information about the dataset and aid in preparing it for additional machine learning analysis with programs like Weka.




1.3: Data Pre-processing and Post-processing
Handling missing value
 [image: ]
Load and upload the dataset. 
I used pandas to load the stroke-data.csv file into a Google Colab notebook after first uploading it to my Google Drive. This produced a DataFrame with 12 columns and 5110 rows, which I verified using df.info().
[image: ]
Figure: Google Drive dataset loaded
The next step was to load the dataset into my workspace so I could start processing it after uploading the stroke-data.csv file to my Google Drive. I used pandas to import the file after connecting Google Collab to my Drive to accomplish this.

After loading the file, I executed: df.info()
This command provided me with an extensive dataset summary. Each attribute's data type was shown, and the dataset's 5110 rows and 12 columns were validated. I could now tell which columns were numerical (like age, average glucose level, and BMI) and which were categorical (like gender, work type, and smoking status).
This step was crucial since it let me comprehend the dataset's structure before performing any preprocessing or cleaning. Additionally, it assisted me in determining that the bmi column had fewer non-null values than the others, indicating that the next stage would need to address any missing data.








Identifying Missing Data (BMI Column)
I wanted to see whether there were any incomplete or missing elements in the dataset at this point in the preparation. I used the following command to accomplish that:
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I wanted to see whether there were any incomplete or missing elements in the dataset at this point in the preparation. I used the command df.isna().sum() to accomplish that.
This provided me with a breakdown of the number of missing data in each column. Gender, age, hypertension, heart disease, age glucose level, and all other variables in the dataset had zero missing values.

However, one column caught our attention: bmi had 201 missing values.
the dataset and made sure that every entry was finished. Observing this outcome was crucial since it made clear that there was a problem with the quality of the data, which needed to be fixed before modelling could begin. The accuracy of any forecasts could be impacted by missing BMI numbers, particularly since BMI is a significant health indicator. "This is the section of the dataset you need to fix next," this step basically told me.

It also aided in determining whether to eliminate the rows completely or fill in the missing BMI values. You made the decision to remove the rows in your workflow, which assured that all of the remaining entries were complete and cleansed the dataset.

Eliminating Rows Where BMI Values Are Missing
The dataset had to be cleaned up so that each row was full when it was discovered that the bmi column contained 201 missing entries. I opted for the easier and more dependable method of eliminating the rows that included missing data rather than attempting to fill in those missing BMI values, which could add errors or bias. I used df.dropna(inplace=True) to accomplish this.
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Any row with at least one missing value is eliminated by this command. Only those 201 rows were eliminated since bmi was the only column with missing entries.

Immediately afterward, I ran: df.isna().sum()
This was merely to confirm that the dataset was now completely clean. Every column, including bmi, had zero missing data, according to the output. The dataset had shrunk from 5110 rows to 4909 complete rows at this point, but the advantage was that the data was now consistent and prepared for additional preparation procedures like encoding and balancing.

By taking this step, the dataset's dependability was guaranteed and no model would be trained with data that was inconsistent or lacking.
Categorical variable encoding:
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I had to prepare the dataset such that every value was in a numerical format before I could begin modelling. Since the dataset was still in its original format at this time, text was recorded in several of its columns. The raw dataset is displayed in the snapshot, with columns like "gender," "ever married," "work type," "residence type," and "smoking status" still recorded as terms like "male," "female," "private," "urban," "formerly smoked," and so forth.
Since most machine-learning algorithms are unable to operate directly with text labels, this step is crucial. They require figures. To determine which columns were categorical and how many unique values each had, I examined the dataset in its raw form before encoding anything. I was able to determine how best to convert them later thanks to this.
Examining the unencoded dataset also revealed the varied nature of the data types: some columns were only descriptive, while others (such age, avg_glucose_level, and bmi) were quantitative. This demonstrated that encoding was necessary to make the dataset completely machine readable.
This "before encoding" view essentially acted as a benchmark, outlining precisely what needed to be changed in the subsequent stage.








Categorical Variable Encoding (1 = True, 0 = False)
Following a study of the dataset in its original text-based format, the categorical values must be transformed into numerical values in order for machine learning algorithms to comprehend them. The screenshot shows the dataset after encoding, with all of the TRUE/FALSE fields changed to 1s and 0s.

For instance:

TRUE → 1

FALSE → 0

This was applicable to columns like:

elevated blood pressure

Heart disease

stroke

Have you ever been married?

smoking_status (where numbers were mapped to relevant groups)

[image: ]
Because algorithms are unable to understand words like "TRUE," "FALSE," "Yes," or "No," this modification is crucial. The dataset becomes fully numeric and prepared for modelling by transforming them into binary values. It is evident how much cleaner and more consistent the data becomes following this step when the encoded dataset is displayed in the spreadsheet. Additionally, it guarantees that each feature is now in a format that may be used to train classification models in the future.

Maintaining Dataset Equilibrium
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I imported the dataset into Weka to examine the class distribution of the target variable, stroke, after it had been completely cleaned and encoded. The screenshot clearly illustrates the disparity: of 4909 cases, only 209 represent stroke victims, whereas 4700 represent non-stroke victims.

Although this type of imbalance is frequently found in medical information, it poses a significant challenge for machine learning models. A classifier may attain very high accuracy by simply predicting "no stroke" every time if it is left imbalanced, but it would be entirely incapable of identifying actual stroke instances. The model would be essentially worthless as a result.
I used a Weka balancing technique to solve this. This typically involves either oversampling the minority class (increasing the number of stroke cases), under sampling the majority class, or using a method like SMOTE to generate synthetic examples. The goal is to reduce the gap between the two classes so the model learns patterns from both groups instead of being biased toward the majority.

After balancing, the dataset became much more suitable for classification tasks, ensuring that the model would have a fair chance of learning what distinguishes stroke cases from non‑stroke cases.
Choosing Features for Feature Engineering
[image: ]
The next stage was to carefully examine each characteristic and determine which features should be retained for modelling after the dataset had been balanced. I looked at each attribute individually under Weka's Preprocess tab. The selected age characteristic is displayed in the snapshot together with its data, including minimum, maximum, mean, standard deviation, and a histogram that illustrates the distribution of age in stroke and non-stroke cases.
This stage is crucial because it enables you to comprehend the behaviour of each feature and determine whether it adds significant information to the prediction task. Age is a useful predictor, as evidenced by the age histogram, which clearly demonstrates that stroke cases tend to cluster more in older age groups.

I also found characteristics that weren't helpful at this phase. For example, the id column was eliminated because it is merely a unique identifier and has no predictive value. Due to their logical and statistical associations with stroke risk, the remaining characteristics such as hypertension, cardiac disease, avg glucose level, bmi, and smoking status were retained. I made sure that the final dataset only included significant and pertinent features by going over the properties in Weka. By lowering noise and enhancing model performance, this phase increases the accuracy and efficiency of the classification process.

1.4 Analysis techniques and sample runs
[image: ]

· Examining Weka Explorer's Features
on this screenshot, I'm looking at the dataset after it has been cleaned and encoded using the Weka Explorer on the Preprocess tab. There are presently 11 attributes and 4909 instances in the dataset; gender is the selected attribute.

Weka shows a thorough synopsis of this feature:
· Kind: Nominal
· Different values: Other, Female, and Male
· Counts:
· Male: 2011
· Women: 2897
· Other: 1
Weka further displays a bar chart on the right that illustrates the distribution of the gender groups throughout the dataset. This makes it easier for me to determine whether the characteristic is skewed or balanced and whether it could affect the target variable (stroke). This phase is a component of feature selection and comprehension. Examining every Weka attribute, I may observe how many distinct values it possesses, whether any information is missing, how the class label is related to it, and whether it ought to be retained, changed, or eliminated. Even if one category ("Other") appears only once, examining the gender attribute here helps confirm that it is a suitable characteristic to preserve for modelling.

[image: ]

Figure: Weka Classifier Output Decision Tree
The Decision Tree model created in Weka under the Classify tab is displayed in this screenshot. The model used here is part of the Random Forest classifier, but Weka also displays a small sample tree to help you understand how the algorithm is making decisions.

In the tree shown, the model is splitting the data based on two key attributes: average glucose level BMI The structure is straightforward:

· The model predicts TRUE (stroke) if avg_glucose_level is ≤ 251.25.
· The model tests bmi if it is greater than 251.25:
· It predicts TRUE if bmi is ≤ 31.05.
· It predicts FALSE if the bmi is greater than 31.05.
This little tree provides a brief overview of how the model distinguishes between stroke and non-stroke instances according to BMI and glucose levels. It helps explain the reasoning behind the classifier, but it's not the entire forest, which is made up of numerous trees.

Weka displays the model's performance measures, such as accuracy, precision, recall, and the confusion matrix, beneath the tree. These findings aid in assessing the decision tree's (and Random Forest’s overall) performance on the dataset.





[image: ]
Figure: The Random Forest
The Random Forest classifier's performance output in Weka is displayed in this screenshot. Weka offers a thorough summary of the classifier's performance on the dataset following stratified cross-validation model training.

The model configuration is confirmed at the top of the output:
One hundred trees, each based on a Random Tree learner, were used to construct Random Forest. The model took slightly over a second to train.

The evaluation's findings indicate:
· Instances Correctly Classified: 4690
· 95.53% accuracy
· 219 instances that were incorrectly classified
The more specific measures show the true picture, even when the accuracy appears to be high. The model still finds it very challenging to identify the stroke class (TRUE). The confusion matrix displays:
· Just two stroke instances were accurately identified.
· There were 207 stroke cases overlooked.
· Nearly all non-stroke cases were appropriately classified.
· This occurs because Random Forest favours the majority class unless additional balancing procedures are used, and the dataset is very unbalanced.
This disparity is made abundantly evident in the "Detailed Accuracy by Class" section. The model finds it difficult to identify real stroke instances since the TRUE class has extremely low precision and recall. In the meanwhile, the predictions are dominated by the FALSE class.

: Business Recommendations
The results from the stroke dataset point to a few significant risk factors that public health organisations and healthcare professionals should target with focused treatments, including age, hypertension, heart disease, raised glucose levels, and unhealthy BMI. These findings allow for the formulation of several practical suggestions.

Early screening and ongoing observation should be given top priority by healthcare providers for people who fit into high-risk categories. Early identification of obesity, diabetes, and hypertension dramatically lowers the risk of stroke-related consequences, according to numerous studies [6], [7]. Clinicians can identify susceptible patients earlier and give individualised prevention measures by incorporating routine risk-assessment tools into primary care settings. Community-based preventative initiatives that encourage healthier lives should be funded by public health groups. It has been demonstrated that educational initiatives that emphasise nutrition, exercise, quitting smoking, and controlling blood sugar can lower the risk of stroke, particularly in marginalised communities [8]. These programs can be more successful if they are tailored to local populations, such as older persons or areas with high prevalence of chronic illness.

Given the discrepancy in stroke incidence, organisations should improve their data collecting and reporting practices. More complete datasets can help develop more accurate prediction models, especially for lifestyle decisions. Healthcare systems will be able to implement AI-driven decision-support technologies that help physicians more accurately identify at-risk individuals thanks to improved data quality. Lastly, prevention efforts can be strengthened by cooperation between hospitals, public health organisations, and digital health platforms. Shared data systems and coordinated outreach efforts can ensure that high‑risk individuals receive timely interventions, ultimately reducing stroke burden at both individual and population levels.
Thoughtful Analysis
When considering the analytical process, this study offered insightful information about the advantages and disadvantages of applying machine learning models to actual healthcare data. Some models performed very poorly on the minority class stroke cases despite achieving good overall accuracy. This brought to light an important lesson accuracy by itself is not a trustworthy measure of model quality, particularly when working with datasets that are unbalanced. When evaluating how successfully the models detected actual stroke cases, metrics like recall, precision, and the confusion matrix proved to be considerably more instructive.
The methodical approach to data preparation was one of the workflow's main advantages. A more reliable modelling process was achieved by balancing the classes, addressing missing values, cleaning the dataset, and encoding categorical variables. Visualising attribute distributions and comprehending the connections between characteristics and stroke risk were also made simpler by using Weka. These procedures reaffirmed how crucial careful preprocessing is to be obtaining significant outcomes.
Nevertheless, several limitations were also identified by the investigation. Some models remained to favour the majority class even after balancing, indicating that more sophisticated methods like SMOTE or ensemble approaches built especially for imbalance might enhance performance. Furthermore, the lack of richer clinical factors in the dataset probably limited the models' ability to predict outcomes.
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