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[bookmark: _Toc224735269]1.0 - The Purpose of Data Mining in Business
Data Mining is the process of discovering meaningful patterns or relationships between large datasets using techniques such as statistical, mathematical or machine learning [1]. In practice, data mining involves carrying out tasks such as clustering, classification, regression and anomaly detection. Using these techniques allow for businesses to go beyond standard reporting of data, and more towards predictive analytics, enabling decision making based on obtained evidence.  
In the context of businesses, data mining is used to improve efficiency and increase profitability [2]. Am example of this is how supermarket chains such as Sainsbury’s and Tesco, have loyalty programs that give shoppers discounts on certain items, but in return, their shopping data is stored and used by the supermarket, to help predict customer purchasing behaviour [3]. This does have some ethical issues however, as many people believe that having so many cheaper options locked behind a loyalty scheme, feels like people are almost forced into giving away their data in order to stay inline with their budgets. 
In education, data mining can be useful in order to analyse student performance data, to identify possible factors that may be impacting student performance due to academic stress. Predictive models can flag students which are at risk of underperforming, allowing for education institutions to implement early intervention strategies to get them back on track. Clustering techniques are able to group students of similar academic performances, enabling more targeted support programmes. Overall, data mining is useful for proactive decision making based on analysed data and converting static data into insights that enhance performance and allow for strategic planning.
[bookmark: _Toc224735270]1.2 – Dataset Exploration
The dataset used in this study is the Student Performance Dataset from the UCI Machine Learning Repository [4]. In the dataset there is information about students that are enrolled in Portuguese language and maths courses at two different secondary schools in Portugal. The dataset was created originally to analyse the factors which may influence academic performance which includes a mix of demographic, academic and social attributes, in hopes to be able to predict dropout rates, in order to minimise them, as at the time of the original research, dropout rates in Portugal (40%) were much higher than the European average (15%) [5].
The dataset contains consists of two excel files; ‘student-mat.csv’ and ‘student-por.csv’. The maths dataset contains 395 instances, and the Portuguese dataset contains 649 instances. Each dataset contains 33 attributes which describe a student’s personal characteristics, family life and academic results. The attributes consist of categorical variables such as a student’s gender, school or address. It also contains numeric variables, including a student’s age, number of past failures and grades. The dataset also includes three performance variables that represent grades obtained at different stages throughout the course. G1, which represents the first period grade, G2 which is the second period grade, and G3, which is the final grade. These are measured on a scale from 0 to 20. 
There are no missing values, as stated in the dataset description which will simplify the data prepossessing stage. However, the presence of categorical attributes means that correct encoding would be required when doing the data mining analysis.
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[bookmark: _Toc224735230]Figure 1 - Distribution of Students Final Grade (Maths)
Using graphs in excel, a histogram was created to show the distributions of student’s final grade, the x axis shows the grade boundaries (ranging from 0-20) and the y axis shows the number of students. Looking at the graph, it shows that a large majority of students fall into the 8-12 categories which are the mid-range of the scale, so it would be safe to assume most of the students are average in maths. Having the average scores falling into the midpoint could indicate that performance is influenced by multiple factors rather than one dominant variable.
[bookmark: _Toc224735271]1.3 – Data Preparation
Before applying the data mining techniques, the dataset required initial preprocessing to check that it was able to be analysed in Weka. Data preprocessing is an essential stage in datamining, as it is often that datasets often contain inconsistencies, missing values or formatting issues that will affect the overall performance of the ML models [6]. For this project, the preparation phase was divided into primary and secondary preprocessing and post-processing of the results. 
[bookmark: _Toc224735272]1.3.1 – Primary Pre-processing 
The dataset was obtained from the UCI Machine Learning Repository [4] and was initially inspected using Microsoft excel. This step allowed for the dataset to be examined before it was imported into Weka. It contains records describing the student’s characteristics, lifestyle factors, family attributes and current academic performances through both the maths and Portuguese language datasets. 
The dataset description mentioned that there were no null or missing values, and upon further checking and the use of the “COUNTBLANK” formula in Ecxel, it was confirmed that there were no missing values, which simplifies the processing and reduces the need for manual input. Each record contained complete information for every attribute, allowing for the dataset to be used directly for further processing.
The attributes in the dataset also analysed to understand their data types and relevance to the overall dataset. It contains a mixture of both nominal attributes, such as gender, school, relationship and parental occupation and numeric attributes which include the student’s age, study hours, past fails amount and current grades. 
Following the primary preprocessing stage, the datasets were saved in a csv format to allow it to be imported into the data mining software used for further analysis. Using the csv format preserves the structure of the dataset whilst ensuing compatibility with the machine learning tools
[bookmark: _Toc224735273]1.3.2 – Secondary Pre-Processing
After the initial preprocessing phase in excel, the dataset was imported into Weka using its explorer interface. Weka automatically recognised the dataset structure and identified Each attribute as either numeric or nominal. 
When doing the preprocessing in Weka, an important step was to select the target attribute. In this project, the ‘G3’ or final grade attribute was chosen to be the class variable. This attribute represents the final grade and academic outcome of the student’s and therefore is the most suitable to be used by the classification algorithms when predicting what other attributes have an effect on students overall academic performance.
Additional preprocessing steps were applied to ensure that the data could be effectively analysed by the machine learning algorithms. Numeric attributes may have different value ranges, which may affect any algorithms which rely on distance calculations, such as the decision tree or KNN clustering. An example of this would be the student absences varying significantly compared to other variables such as study time. To aid with this issue, numeric attributes can be scaled using the normalisation process in Weka, by utilising the ‘Normalisation’ feature on the preprocessing tab, which rescales numeric values to have a consistent range, and preventing attributes with larger values from influencing the results too much. 
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[bookmark: _Toc224735231]Figure 2 - Correlation Attribute Evaluation Ranking

Feature selection techniques were also considered, to see which algorithms in the dataset have the most influence on predicting the students’ performance. ‘CorrelationAttributeEval’ was used with ‘Ranker’. This method will evaluate the linear correlation between each attribute and the class variable, showing which attribute has the most predictive strength according to the class variable.  The evaluation revealed that the period 1 and 2 grades had the most influence over the final grade, whilst travel time and age has the least influence. 
[bookmark: _Toc224735274]1.3.3 – Post Processing
After completing both primary and secondary processing, the dataset was finalised and saved ready for later analysis. Numeric attributes were normalised, and nominal attributes were retained. CorrelationAttributeEval was applied to rank attributes by their linear relationship to the target variable, highlighting the most influential attributes (such as G2 and G3). Less influential attributes were also noted for possible exclusion in later modelling, as to maintain efficiency when analysing.
[bookmark: _Toc224735275]1.4 – Data Analysis
In this section, data mining techniques will be applied to the merged student dataset in order to achieve two goals, The first is to predict academic outcomes with machine learning models, and the second being to cluster and identify distinct groups of students based on characteristics and their performance. Predicting student grades allows for educators to understand the factors which effect student attention and overall achievement in class and gives the ability for them to adjust certain students’ curriculums to prevent grades dropping. Classification algorithms such as Linear Regression, Random Forest will be used to predict the grades, with clustering being used to explore patterns found in attributes.
[bookmark: _Toc224735276]1.4.1 – Predictive Analysis
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[bookmark: _Toc224735232]Figure 3 - J48 Output Summary
The J48 decision tree provided a clear, interpretable model of the relationship between attributes and final grades, with the two previous grades (G1 and G2) providing the most influence on the prediction. The model achieved a correct prediction rating of 57.7%, showing a moderate agreement of predicted and actual categories. Importantly, this DT highlighted that students with higher previous grades and lower absences had a higher probability of getting a better final grade.
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[bookmark: _Toc224735233]Figure 4 - Random Forest Output Summary
The random forest algorithm combines multiple DT’s, produced only a slightly higher correct prediction rate over the J48 tree. G1 and G2 still remain the strongest predictors. Desensitization can also often affect the output accuracy, as the exact grade isn’t being used to make predictions, rather the bin (low, med, high) is. And the overwhelming reliance on the other graded categories also influences the random forest, because although it makes multiple decision trees, they all mostly rely on those same two attributes.
[image: ]
[bookmark: _Toc224735234]Figure 5 - Linear Regression Output Summary
Linear regression was also applied without discretisation, this allowed for the analysis of the exact impact of each attribute on the final grade, without grouping numerical categories. The linear regression achieved a high correlation coefficient of 0.91, which shows it can effectively capture the relationship between student outcomes and attributes. The mean absolute error shows that the predicted grades are usually within around one point of the actual grade, another high prediction score, whist the MSE is 1.56, reflecting that larger deviations still occur. 
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[bookmark: _Toc224735235]Figure 6 - Second J48 Tree Top Nodes
Because of the high predictive influence G1 and G2 had over the model’s predictability, a second J48 tree was created without those being used. The predictive accuracy dropped to 22%, further demonstrating the prior grades had the strongest influences, but doing this also provided useful insight into the attributed which effect student performance beyond their prior grades. The tree has shown that the past failures effect grades the most, followed by higher aspirations, school support and absences. 
[bookmark: _Toc224735277]1.4.2 – Clustering Analysis
To Explore patterns in student characteristics and performance beyond their grades, K-Means clustering was used in the dataset. This clustering attempt excluded the grade attributes (G1 G2 and G3) to focus more on other attributes such as study time, failures and any extracurricular support. KMeans was chosen for its simplicity and its ease of interpretability, with the number of clusters set to three, making good groups without overcomplicating the results. 
The clustering process divided the data into three groups. The first cluster contains the most students and represents the students which have moderate study habits and average behaviour patterns. This cluster shows slightly lower study time at 1.78 and moderate absences (3.85), along with a slightly higher rate of past failures (0.34) compared with the other clusters. This suggests that this cluster may be of average students, who may experience occasional difficulties, but still remain relatively stable.
The second cluster presents students which have slightly better engagement academically, with a higher average study time of 2.03 and the lowest average failures of 0.21. The students in this group are also shown to participate in extracurricular activities and display slightly more balanced social behaviours with moderate free time and frequent outings. These results suggest that this is a more academically stable and more socially engaged group than the others and could possibly suggest a correlation between having a balance in study time and social activities.
The third cluster demonstrates a different profile of students, those of which with the highest average absences (6.29), and slightly higher study time at 2.22. Even though this group has the highest time of study, this group displays signs of behavioural differences, as they have lower free time, and go out less, The elevated absence rate of this group may suggest that despite having high study rates, material taught and learnt in a school environment may have better impact on a student's grade, than learning it themselves. 
[bookmark: _Toc224735278]1.5 – Business Recommendations 
Based on the findings from both the classification and clustering analysis, there are several practical recommendations which can be used to improve students’ outcomes. The results from clustering identified a group of students that has been characterised by their high absences yet high study time. This shows that these students are actively trying but are failing due to not showing up in class. This demonstrates the importance of learning inside the classroom as well as individual revision. For this group, mandatory attendance intervention programmes must be deployed immediately, so that the administration is able to understand why the students are missing class, and to see if they can adapt to the students’ timetable. Combine this with out-of-hours catch up lessons, allow the students to work with the support of a teacher and stay up to date with the material they are learning.
Cluster 2 shows students which have the lowest failures and highest study time. This group serves as a benchmark for what level students should be working at. One notable thing about this cluster was their balanced time spent on extracurricular activities. If doing these activities can correlate with better grades, it could be an option for the school to push their extracurricular activities such as different sports, or local activities, in order to allow the students to get a balance when revising. 
The first cluster shows a direct correlation between having low study time and getting low grades. A simple intervention would be to target these students and provide them with tutoring in smaller groups, so that they get more attention of a staff member, and are able to take more time to understand certain aspects that they might not understand.
[bookmark: _Toc224735279]1.6 - Reflective Commentary 
The data mining techniques that were applied in this study provided a range of useful insights, however, their effectiveness varied depending on the approach that was used. The J48 model performed well when the G1 and G2 attributed were included, achieving moderate predictive accuracy, but when these were removed, the accuracy dropped exponentially, this was expected though, as shown in the data preparation section how reliant the final grade was on these two attributes. In contrast, the linear regression achieved a high correlation coefficient, indicating that their strong predictive capabilities were possible when numeric relationships were considered. This was also expected however, as discretizing the two most influential attributes would lower the predictive accuracy. 
One notable advantage of this approach is the ability to focus down a large amount of data and turn it into actionable insights which lead to long term improvement. The tools used such as the decision trees and K-Means are easy to interpret, making them suitable for use in these educational settings. One issue with the data itself, however, is the model’s overall reliance on prior grades, limiting the usefulness of the models when these attributes aren’t present. There could also be more factors which influence a students’ grades that have not been mentioned in this dataset, which would require even further research and surveys to narrow down the most controlling factors.
If repeated, a wider range of algorithms could be considered, including more advanced methods such as SVM’s. Further improvements could also be made through expanding the dataset, looking at students from multiple different school across different social, economical and political areas. 
[bookmark: _Toc224735280]1.7 – Appendix
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[bookmark: _Toc224735236]Figure 7 - Discretizing the Data
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[bookmark: _Toc224735237]Figure 8 - Removal of G1 and G2 Attributes
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[bookmark: _Toc224735239]Figure 10 - J48 Class Accuracy and Confusion Matrix
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[bookmark: _Toc224735240]Figure 11 - RF Class Accuracy and Confusion Matrix
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