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1.1 Purpose and Practice of Data Mining

Data Mining is the process of extracting meaningful patterns, knowledge and correlations from datasets that are large. This is done through the application of statistical and machine learning [1]. Rather than just storing and receiving data some organisations use data mining to turn raw information into actionable intelligence which ensures more informed data decision making across a wide range of business industries. This process follows CRISP-DM methodology, which is a widely adopted six phase framework encompassing business understanding, data preparation, data understanding, modelling, evaluation and deployment. This approach distinguishes data mining from basic data analysis.

In business context, data mining has become an important tool across multiple sectors. Retailers leverage data mining for personalised product recommendation systems which analyses purchasing history to predict customers future buying behaviour. Financial institutions use it for fraud detection as it “identifies abnormal activities”[2] in customer transactions that are different to their normal behaviour healthcare organisations use predictive models to identify patients risks of developing chronic conditions. This enables earlier intervention which reduces the risk of severity and also reduces costs. In each of these cases, the value of data mining doesn’t lie in the data itself, but in the knowledge that can used to make actionable change.

In education, data mining techniques can be applied to student performance data to “predict students performance” and identify students who are at risk of failure [3]. Cortez and Silva demonstrate that machine learning approaches could effectively predict student performance in Portuguese schools using social, demographic and academic attributes. As struggling students would be identified early, institutions can implement targeted support strategies and allocate relevant resources more efficiently, which would improve both retention and achievement rates across the student population by helping to “identify potential problems as soon as possible” [4]

[bookmark: _Toc224900066][bookmark: _Toc224900097]1.2 Data Description and Exploration

The student performance dataset used in this analysis was obtained from the UCI Machine learning repository and contains data collected from students studying mathematics at two Portuguese secondary schools [5]. The dataset has 395 instances and 33 attributes, including a broad range of demographic, behavioural, social and academic variables. The data was gathered through school reports and questionnaires, this provided a comprehensive profile of each students intelligence, circumstances and backgrounds.

The 33 attributes can be categorised into four different groups. The family related attributes parental contribution status, parental occupations and mother and fathers education levels, all of these have been identified in existing research as significant factors in student academic achievement [6]. Demographic attributes include age, sex, family size and home address. Behavioural attributes include things like going out with friends, free time, alcohol consumption on workdays and weekends and number of school absences. Academic attributes include weekly study [image: ]time, past failures and receipt of extra educational support and attendance at paid classes. Three grade attributes G1 G2 and G3 represent first, second and third period and final grades. Each of these are scored on a scale of 0 to 20 with G3 being the primary target variable for prediction.Figure 1


A noticeable characteristic of this dataset is the complete absence of missing values across all of the 395 instances, which significantly simplifies the preprocessing stage as it eliminates the need for imputation techniques. This is advantageous because in real world machine learning workflows “a better strategy is to impute the missing values”[7] when incomplete data is present. The majority of the students, 349 out of the 395 total, attending Gabriel Pereiras school, and only 46 attended Moushinho da Silveiras school. This reflects an imbalance of school representation which should be considered when interpreting results.

During the data exploitation phase, multiple patterns were identified through visualisation. As shown in figure 1, 265 (67%) of students achieved a grade of 10 or above while 130 (33%) of students failed, which highlights a substantial failure rate that clearly justifies the application of predictive data mining techniques to this dataset. The failure rate in this dataset is high and suggests that a significant number of the student population could potentially from more targeted and earlier academic intervention.
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Figure 2



Figure 2 shows a positive relationship between weekly study time and average final grade. Indicating that students studying less than 2 hours a week achieve an average G3 of 10.5, this is then raised to 11.4 for those students who study between 5 and 10 hours per week. This pattern is consistent with previous research showing that “study habits are significantly related to academic performance” [8]. Whilst the relationship is present, it is also worth noting that the difference is modest which suggests that study time alone is not a sufficient predictor in academic success.
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Figure 3
As shown in figure 3, students that have no previous failures averaged a G3 of 11.25 compared to just 5.69 for those with three or more failures. This is a decline of almost 50% which is by far the most striking finding from the exploratory analysis, and strongly suggests that past academic performance is one of the biggest pedictors of future outcomes, and is a conclusion consistent with existing educational research [9]
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Figure 4

[bookmark: _Toc224900067][bookmark: _Toc224900098]1.3 Pre-processing and Post-processing

Data pre-processing is commonly acknowledged as one of the most important stages any data mining process, with estimates suggesting it can account for up to 80% of the total project time. As Acuna notes “about 60% of the total time required to complete a data mining project should be spent on the data preparation” [10] The pre-processing done for this analysis is divided into primary pre-processing carried out prior to loading the data into weka, and also more pre-processing is done in weka itself.

The first primary pre-processing step involved resolving a file format incompatibility. The original CSV files used semi colons as delimiters rather than just using commas, Wekas default CSV loader as marking them as unreadable. This was addressed by using find and replace intext editor, changing all the semicolons to commas ensures that the file was correctly formatted. Even though this was a minor issue, it highlights the importance of ensuring data compatibility between tools before analysis.

The second and most significant primary pre-processing step involved the creation of a new binary target variable as the original G3 attribute is a continuous numeric grade which ranges from 0 to 20, which is more suited to regression than classification analysis. To enable the use of classification algorithms, a new attribute called results was created in Excel, with a pass being marked as students who achieved a score of 10 or more and those who scored under 10 were marked as a fail [11]. This threshold is consistent with the standard passing grade used in the Portuguese education system by Cortez and Silva, which converted the problem from a regression task into a classification task and enabled the use of decision tree and probabilistic classifiers in weka.

When loading the dataset into weka, secondary pre-processing was performed. The grade attributes G1 G2 and G3 were removed prior to classification as this would prevent data leakage, this is where “a model uses information during training that wouldn’t be available at the time of prediction”[12]. This is a step that is sometimes overlooked in educational data mining studies, and its omission would have meant that the classification results were meaningless in a predictive context 
[image: ]
Figure 5
Attribute selection was performed using the correlation attribute eval evaluator combined with the ranker search method within wekas select attributes tab. This technique ranks each attribute according to its correlation with the target class, and “evaluates the worth of an attribute by measuring the correlation between it and the class”[13] This enables the identification of the most and least informative features 
[image: ]
Figure 6
The results confirmed that the failures was the strongest correlated attribute with a score of 0.338, followed by goout with 0.183, age 0.180 and higher 0.158. At the other end nursery 0.009, activities 0.012 and free time 0.018 all showed negligible correlation with the target variable. Based on these findings a reduced attribute set was created by removing the five least correlated attributes to asses whether eliminating irrelevant features would improve classification accuracy, because “irrelevant attributes can negatively impact predictive performance”. [14]. Using this two stage approach allows for more in depth evaluation of the impact of attribute on model performance.

For post-processing, the clustering results produced by SimpleKMeans were examined and used to assign meaningful labels to each cluster based on their characteristic attribute values. The Apriori association rules output was filtered, this helped to retain those rules predicting results attribute, ensuring that the extracted were relevant to the research objectives

[bookmark: _Toc224900068][bookmark: _Toc224900099]1.4 Sample Runs and Results

Three data mining techniques were applied to the student performance dataset. Decision tree classification using J48, unsupervised clustering using SimpleKmeans and probabilistic classification using Naive Bayes. The association rule mining was conducted using the Apriori algorithm. All of these classification analyses were evaluated using 10 fold stratified cross validation, this technique is used to “prevent data leakage” [15] which reduces the risk of overfitting.

Classification - J48 Decision Tree
The J48 decision tree algorithm was used as the primary classifier due to its strong performance on mixed data types, it produces human readable rules that can be communicated directly to non technical stakeholders like teachers and school admins. [16]
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Figure 7

Running J48 on the full attribute set produced an accuracy of 66.33%, classifying 262 out of 395 instances. The confusion matrix showed that the model performed better at identifying passing students with a recall of 0.808 than failing students with a recall of 0.369. This reflects a class imbalance with 265 pass instances compared to 130 fails. [17] This is a noticeable limitation as correctly identifying students who will fail is more important than identifying those who will pass. The decision tree identified the failures as the root node confirming that past failures is the most important predictor of student outcome.
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Figure 8
When the five weakest attributes were removed the accuracy improved slightly to 66.58%. This suggested that J48 is relatively robust to irrelevant features as decision trees perform specific attribute selection during the tree building process

Classification - Naive Bayes
Naive bayes was selected as a second classifier, this would provide meaningful comparison to J48. It is a probabilistic classifier based on Bayes theorem that assumes conditional independence between attributes. As noted in the source, “the NB classifier has played a prominent role because of its simplicity, traceability and efficiency” [18]. Although this is assumption is sometimes true it has also been shown to produce surprisingly competitive results. Naive bayes had an accuracy of 69.11% on the full attributes, this meant that it outperformed J48 by 3 percentage points. When this was applied to a reduced attribute set the accuracy improved to 69.87%. This showed that Naive Bayes is more sensitive to irrelevant attributes than J48. Even though Naive Bayes produced a higher accuracy, J48 remains preferable in this due to the usability of its output for non technical users, 
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Figure 9
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Figure 10
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Figure 11
Clustering – SimpleKMeans
SimpleKMeans clustering was applied to identify natural groupings within the student population as clustering is particularly useful when labelled outcomes are not available [19]. Three clusters were specified, producing sizes of 153 (39%), 173 (44%) and 69 (17%) Clusters 0 and 1 were predominantly associated with passing students with low failure rates of 0.33 and 0.29. Cluster 2 which only represented 17% was characterised by higher absence rates of 8.33 and an average failure rate of 0.71, which represents a distinct group of academically vulnerable students who would benefit the most from targeted intervention.
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Figure 12

Association Rules – Apriori
The Apriori algorithm was applied to identify rules which link student attributes to pass or fail outcomes. It is an algorithm that “identifies frequent patterns, connections and dependencies” [20]. All numeric attributes were converted to nominal before analysis. The analysis generated 10 rules with minimum confidence of 0.90. The highest confidence rule (0.95) identified that the make students with no past failures, internet access, no school support and low alcohol consumption are very likely to pass. Failures=0 appeared in every top 10 rule, which reinforces the central role of past failures as a predictor, while low alcohol consumption was featured in 9 of the 10 rules. 
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Figure 13

[bookmark: _Toc224900069][bookmark: _Toc224900100]1.5 Business Recommendations

The findings of the analysis have multiple practical implementations for educational institutions who are looking to improve student pass percentages and reduce failure rates.

Firstly, schools should implement a data review process every term that pastoral staff are provided with a ranked list of at risk students based on the past failure records and absence data. The analysis undertaken consistently identified failures as the strongest predictor of poor academic performance. Early identification would ensure timely and targeted intervention. Each student who is at risk would be assigned a dedicated support plan which includes extra tutoring and structured parental engagement.

Secondly, the association rule analysis indicated that low alcohol consumption appeared in 9 out of 10 of the top rules associated with passing. This shows that school should expand support and awareness programmes around alcohol, including these in existing curricula. Research consistently demonstrates that behavioural factors identified through educational data mining can directly inform the design of more effective student support. [5] 

Finally, the clustering analysis identified a group representing 17% of the cohort characterised by multiple past failures and absences. This group should be put at the highest priority for intervention including things likes one to one mentoring, absence monitoring and weekly progress meetings.

[bookmark: _Toc224900070][bookmark: _Toc224900101]1.6 Reflective Commentary

Overall the analysis produced actionable and meaningful results, and several important limitations should be acknowledged. The best performing classifier from the analysis was Naive Bayes which achieved 69.87% accuracy. Even though its reasonable, it means that roughly one in three students would be incorrectly classified, which in a real world educational setting could have serious consequences in the chances of students passing, especially when a failing student is denied support that they need.

The use of multiple complementary data mining techniques was a clear strength in the analysis, with clustering, classification and association rule mining each contributing their own insights that reinforced one another’s findings. The consistency of the identification of failures as the primary predictor across all three methods added considerable credibility to the finding. If this analysis was repeated, more sophisticated methods such as random forest would be explored and implemented as these consistently outperform single classifiers on similar datasets. Techniques such as SMOTE could also address the imbalance of the class, and a larger and more diverse dataset would improve the accuracy beyond the Portuguese secondary school.
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