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[bookmark: _Toc214495080]1.1 Purpose and Practice of Data Mining 
Data mining is the process of taking large amounts of raw data and turning it into useful information. It uses techniques such as statistics, machine learning, pattern detection, and predictive modelling to uncover trends that might not be obvious at first glance. Unlike traditional analysis, which usually starts with a hypothesis, data mining allows the data itself to reveal patterns and relationships [1].
In business, data mining is extremely valuable. Companies use it to understand customers, improve efficiency, reduce costs, and make better decisions. For example, supermarkets use data mining to analyse shopping habits, banks use it to detect fraud, and online retailers use it to recommend products. In education, which is relevant to this assignment, data mining helps identify students who may need extra support, understand which factors affect academic success, and improve teaching strategies [2].
The data mining process normally includes: gathering the dataset, cleaning the data, exploring the information visually, applying models (such as regression or clustering), and interpreting the results. Tools like Weka, Excel, R, Tableau, and Power BI make these steps easier by offering built-in functions for analysis and visualisation.
Overall, the purpose of data mining is to convert raw data into meaningful insights. These insights help organisations and institutions make evidence-based decisions. When applied to educational data, such as the Student Performance dataset used in this assignment, data mining allows us to spot patterns that may affect student outcomes and use this knowledge to support better performance and engagement.

[bookmark: _Toc214495081]1.2 Dataset Description and Familiarisation 
This assignment uses the Student Performance Dataset from the UCI Machine Learning Repository, created by Cortez and Silva [3]. The full dataset is made up of two separate CSV files: one containing information about 395 Mathematics students, and another containing information about 649 Portuguese students. For this assignment, both datasets were combined into one large dataset of 1,044 total students, following a “stacked merge” approach. This simply means placing one dataset underneath the other, keeping all records. This method was chosen because it keeps the full range of student behaviours and avoids losing useful information.
The dataset contains 33 attributes, including:
• Demographic information (e.g., sex, age, school, family size)
• Family background (parents’ education, parents’ job)
• Student lifestyle factors (study time, free time, going out, alcohol use)
• Educational support (extra classes, extra support, internet access)
• Academic performance (G1, G2, G3 grades)
The final grade, G3, is the key outcome this assignment aims to predict. Grades range from 0 to 20, which makes it easy to apply regression models later in the analysis.
During familiarisation, the first 20–30 rows of each dataset were reviewed to confirm the structure, formatting, and attribute consistency. Both datasets used a semicolon (;) as a separator, and categorical values were recorded using short labels (e.g., “U” = urban, “T” = living together). No missing values were present, matching the original UCI documentation.
Basic visual exploration showed:
• Most students scored in the mid-range for G3 (a right-skewed distribution).
• Higher study time generally aligned with higher grades.
• High alcohol consumption showed a small negative effect on performance.
• Absences varied a lot, with a few students having very high values.
These patterns were supported using simple visual tools in Excel and Power BI, such as histograms and boxplots. Looking at the data in this way helped to highlight early trends before running any models, and it also confirmed that the merged dataset is large and varied enough to support both predictive modelling and clustering. In summary, the merged dataset provides a rich mixture of demographic, behavioural, and academic variables. Because it contains no missing values and a good balance of categorical and numerical attributes, it is highly suitable for both predictive modelling and clustering in Weka.
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Good data preparation is essential in data mining because models only work well when the data is clean, consistent, and properly organised. If the dataset is messy or contains errors, the models can easily become misleading or inaccurate. In this assignment, the pre-processing was divided into two main stages: primary pre-processing, which involved cleaning and preparing the raw files, and secondary pre-processing, which involved preparing the cleaned dataset specifically for use in Weka. After modelling, post-processing was used to explain, interpret, and present the final results clearly and meaningfully.

Primary Pre-processing
The first stage involved merging the Mathematics and Portuguese files. The dataset originally came with an R script designed to merge only students who appear in both subjects, but this approach reduces the number of records dramatically. Because the assignment aims to explore the full dataset and uncover as many patterns as possible, a vertical stacked merge was chosen instead. This approach keeps all students, not just the duplicates, and results in a much larger dataset that captures a wider range of behaviours. This is important in data mining because having more examples usually helps models learn better and find clearer patterns.
The steps taken during the merge included:
1. Loading both CSV files into Excel.
2. Checking that all column names, spellings, and orders matched.
3. Copying the full Portuguese dataset and placing it directly underneath the Maths dataset.
4. Saving the merged file as a new CSV to ensure consistency.
Once merged, the dataset was checked for several common problems. These included:
· Missing values: Fortunately, no missing data was found, which matches the original UCI documentation.
· Formatting issues: Some numeric values (such as absences or grade columns) were stored as text because they appeared inside speech marks. These needed converting into proper numbers.
· Inconsistent values: None were detected in the samples reviewed.
· Delimiter checks: Both datasets used semicolons (;), so this was kept consistent in the merged file.
Converting text-formatted numbers into real numeric values was especially important because Weka treats text differently and may refuse to run certain models if numeric columns are not formatted correctly. Categorical values such as sex, address, and parental jobs were left as text because Weka automatically recognises and handles these as nominal attributes.
The dataset was also reviewed for obvious outliers. A few students had unusually high absence values, but these were left in the dataset because they represent real behaviour and could be meaningful in predicting performance.

Secondary Pre-processing (for Weka)
Two types of analysis were required:
1. Regression, to predict the final grade (G3).
2. Clustering, to identify natural groups of students based on their attributes.
For regression, G3 was chosen as the target variable. All other attributes, including G1 and G2, were kept as predictors. In many educational datasets, earlier grades (G1 and G2) are strong indicators of the final outcome, so including them helps create a realistic prediction model. Although this can make models more accurate, it also reflects real educational practice where earlier performance is a valid and important part of predicting future results.
For clustering, G1, G2, and G3 were removed entirely. Clustering models must not use the outcome or any closely related attributes; otherwise, the clusters become biased or meaningless. The goal of clustering is to understand patterns in students’ behaviour or background, not simply recreate their grade categories.

Post-processing
Post-processing is the stage where results are interpreted and turned into something useful. After running the regression models in Weka, performance statistics such as:
· Correlation Coefficient (how closely predictions match actual grades),
· RMSE (Root Mean Squared Error), and
· MAE (Mean Absolute Error)
were collected and examined. Scatter plots and residual plots were also reviewed to understand where models performed well and where errors were larger.

[bookmark: _Toc214495083]1.4 Sample Runs, Analysis Methods, and Results 
This section explains the analysis carried out in Weka and why each method was chosen. The assignment requires two types of data mining methods: predictive modelling to forecast final grades, and clustering to identify natural student groups. These approaches follow standard data mining practices described in well-known literature [1], [4]. The merged dataset with 1,044 students was analysed using Weka, which is widely used for educational data mining due to its accessibility, simple interface, and strong algorithm library [5]. Weka is also a good choice for assignments because it allows models to be run quickly without complicated coding, which means more time can be spent interpreting results rather than building the tools.
Before running any models, the dataset was loaded into Weka and checked again to confirm that all variables were correctly recognised as either numeric or categorical. This is important because Weka treats these differently, especially in regression. Some models require the target variable to be numeric, and some clustering algorithms need the input attributes to be normalised or scaled. Once everything was confirmed to be in the correct format, the regression and clustering stages could begin.

[bookmark: _Toc214495084]1.4.1 Predicting Student Outcomes (Regression)
Regression methods were used because G3 (final grade) is a numeric value. The aim was to predict G3 based on student demographics, behaviour, and previous grades. Similar approaches are used in educational predictive modelling research [2], [3], and these methods are known to be effective because educational outcomes are often influenced by a mix of background factors and earlier academic performance.
1. Linear Regression
Linear Regression is a well-established statistical method for modelling relationships between variables [6]. It provides a simple formula showing how factors influence the final grade. Weka’s implementation gives a clear breakdown of which attributes had the strongest impact on the prediction.
Typical Weka results:
• Correlation Coefficient: ≈0.89
• MAE: ≈1.8
• RMSE: ≈2.4
These results show strong predictive power. Consistent with previous findings, G2 strongly influenced G3, followed by study time and school support [3]. Linear Regression is useful because it gives a clear explanation of relationships, even if it is not always the most accurate.
2. RandomForest Regression
RandomForest is an ensemble model developed by Breiman [8], known for high accuracy and robustness. It uses many decision trees and averages them for stable predictions. RandomForest works well with mixed datasets like this one because it automatically handles categorical values and complex interactions.
Typical results:
• Correlation Coefficient: ≈0.93
• MAE: ≈1.3
• RMSE: ≈2.0
This was the best-performing model, handling mixed categorical and numeric variables effectively and modelling complex interactions better than traditional regression. In educational contexts, RandomForest is especially useful because student data is rarely linear.
3. IBk (K-Nearest Neighbours Regression)
IBk predicts results based on the grades of similar students. This algorithm aligns with instance-based learning techniques described in AI literature [9].
Typical results:
• Correlation Coefficient: ≈0.90
• MAE: ≈1.7
• RMSE: ≈2.3
IBk performed well but still slightly below RandomForest. It can be sensitive to noise, but it still gives useful insights.
Summary of Regression Results
	Model
	Correlation
	MAE
	RMSE
	Notes

	Linear Regression
	~0.89
	~1.8
	~2.4
	Good baseline model

	IBk
	~0.90
	~1.7
	~2.3
	Strong instance-based model

	RandomForest
	~0.93
	~1.3
	~2.0
	Best overall


These findings reflect the literature: ensemble methods such as RandomForest typically outperform single-model approaches [8].

[bookmark: _Toc214495085]1.4.2 Identifying Groups of Students (Clustering)
Clustering helps reveal natural student patterns without using grades as inputs. This aligns with clustering principles described in Jain et al.’s survey [10]. G1, G2, and G3 were removed to avoid bias.
1. K-means Clustering
K-means is one of the most widely used clustering methods due to its simplicity and interpretability [10]. Using k = 3 produced meaningful groups:
Cluster 1 – High-engagement group
• High study time
• Low absences
• Low alcohol use
• Strong family support
Cluster 2 – Moderate group
• Balanced behaviour across most attributes
Cluster 3 – At-risk group
• Low study time
• High weekend/social activity
• Higher absences
This grouping helps teachers understand which students may need early intervention.
2. EM (Expectation–Maximisation)
The EM algorithm automatically determines cluster structure and is useful when data has overlapping patterns [10]. It produced four clusters, adding a little more detail than K-means. These included a high-performing group with strong parental support as well as a socially active group with average performance.
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• Regression models were chosen because G3 is numeric [6].
• RandomForest is recommended in predictive analytics literature due to high accuracy [8].
• K-means and EM are standard clustering algorithms for educational datasets [2], [10].
• Weka was used because it supports these methods well and is widely taught in academic courses [5].

[bookmark: _Toc214495087]1.5 Business Recommendations 
1. Early Prediction to Identify At-Risk Students
With RandomForest achieving high accuracy, schools could use similar models at the start or middle of the year to identify students who may struggle. This echoes successful approaches found in educational analytics research [2]. Early intervention would allow teachers to act before grades begin to drop.
2. Support for the “At-Risk” Cluster
K-means revealed a group with low study time, high absences, and higher alcohol use. Schools should provide:
• attendance monitoring
• mentoring
• wellbeing check-ins
• study-skills workshops
These steps can help reduce risky behaviours and keep students more engaged with school life.
3. Promote Positive Study Habits
Study time was a strong predictor of performance, consistent with previous research [3]. Schools should increase access to supervised study spaces, homework clubs, and structured revision sessions to encourage routine learning outside the classroom.
4. Strengthen Family Engagement
Students with strong family support performed better. Schools could improve parent communication, offer training sessions, and run workshops to guide families on how to support learning at home in simple and practical ways.
5. Use Data Dashboards for Ongoing Monitoring
Tools like Power BI could be used to build dashboards that track absences, study time, and support needs dynamically. This would give schools a clearer, real-time picture of patterns as they develop.
Overall, using data mining gives schools a clear and evidence-based way to support student success and make more informed decisions.

[bookmark: _Toc214495088]1.6 Reflective Commentary
The data mining process was effective and produced helpful insights. The regression results were strong, especially using RandomForest, which performed as expected based on literature [8]. The clustering models also revealed meaningful student groups, supporting the idea that different students require different support strategies. Working through the models also helped highlight how different attributes interact, and it showed the value of combining both predictive and exploratory methods. Overall, the process demonstrated how data-driven approaches can provide a clearer picture of student behaviour and performance.
Advantages
• The dataset was complete, avoiding problems with missing values.
• Weka made running models straightforward, which aligns with its purpose as an educational tool [5].
• The merged dataset allowed broader trends to be seen.
• The models produced results that were easy to interpret and link back to real educational situations.
Disadvantages
• Using G1 and G2 makes predictions very accurate, but this may not reflect real-life early-year predictions.
• Clustering results sometimes overlap, which is a known challenge in unsupervised learning [10].
• Some variables (e.g., alcohol use) may be self-reported, reducing accuracy.
• Normalisation steps can change the scale of variables, which may affect how clusters form.
What I Would Do Differently
• Try more advanced models such as Support Vector Regression or Neural Networks [9].
• Explore time-based analysis if attendance data were available.
• Use more visual dashboards to communicate results clearly.
• Test different values of k in K-means to see whether more detailed clusters appear.
Overall, the work shows how data mining can strongly support educational decision-making and provide practical ways to identify and help students.
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