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[bookmark: _Toc226238123]1.Introduction
Data mining aims to extract meaningful knowledge from data to support informed decision-making. In an educational context, this involves analysing student data to better understand the factors that influence academic performance and outcomes.
This report applied predictive and descriptive data mining techniques to a student performance dataset. The analysis focused on predicting final student outcomes using demographic, behavioural, and academic attributes, and on identifying groups of students with similar characteristics and performance profiles.
A structured data mining process aligned with the Cross-Industry Standard Process for Data Mining (CRISP-DM) was followed, incorporating stages of data understanding, data preparation, modelling, and evaluation. The analysis was conducted primarily using Weka, with results evaluated for accuracy, interpretability, and practical relevance. The findings were translated into business-focused recommendations, and the report concludes with a reflective evaluation of the approach and potential improvements.
[bookmark: _Toc226238124]2. Purpose and Practice of Data Mining
The purpose of data mining is to extract meaningful and non-trivial knowledge from large datasets to support informed and evidence-based decision-making. Unlike traditional data analysis, which focuses primarily on descriptive summaries, data mining aims to uncover hidden patterns, relationships, and trends that were not immediately observable. It represents a central stage within the broader Knowledge Discovery in Databases (KDD) process, following data selection, cleaning, and transformation [1].
In practice, data mining is conducted as a structured and iterative process. Industry-standard methodologies such as CRISP-DM are commonly adopted to guide activities from business understanding and data preparation through modelling, evaluation, and deployment [2]. Depending on the analytical objective, a range of techniques could be applied, including classification for prediction, clustering for segmentation, and association analysis for discovering relationships between variables. The reliability of these techniques is highly dependent on data quality, reinforcing the importance of rigorous pre-processing.
Data mining is widely used in business to improve operational efficiency, reduce risk, and enhance strategic planning. Typical applications included customer segmentation, fraud detection, performance prediction, and decision support systems. By transforming raw operational data into actionable insights, data mining allows organisations to optimise resources and make data-driven decisions, thereby acting as a critical link between data storage and business intelligence [3].
In this scenario, educational institutions could use predictive and descriptive mining to identify at-risk students, target support, and allocate resources more effectively to improve grades.
[bookmark: _Toc226238125]3. Dataset Description and Exploration
[bookmark: _Toc226238126]3.1 Dataset Overview
The dataset was derived from the Student Performance dataset available from the UCI Machine Learning Repository [4]. It combined student records from Mathematics and Portuguese for those enrolled in both subjects, producing a merged dataset of 382 instances and 53 attributes covering demographic, socio-economic, behavioural, and academic characteristics. The data represented students attending Portuguese secondary schools and included both background information and performance measures, making it suitable for both predictive and descriptive data mining.
[bookmark: _Toc226238127]3.2 Attribute Description
The dataset attributes can be grouped into demographic, socio-economic, behavioural, lifestyle, and academic categories. These included variables such as age, sex, school, address, parental education and occupation, family size, study time, social activity, alcohol consumption, health, absences, and subject grades. Academic performance variables ranged from 0–20 and included G1, G2, and G3 for both Mathematics and Portuguese. Because the dataset was merged, several attributes appeared in paired form, with .x representing Mathematics and .y representing Portuguese. The final grade variables G3.x and G3.y were central to the predictive analysis, while the broader descriptive variables supported exploration and clustering. A full list of attributes and data types is provided in Appendix A.
[bookmark: _Toc226238128]3.3 Data Quality
An assessment of data quality showed that the dataset contained no missing values, with all attributes fully populated across the 382 instances. Attribute types were consistently defined as numeric or nominal, making them suitable for a range of data mining algorithms. No duplicate records were identified, and attributes were consistent with the dataset documentation. 
[bookmark: _Toc226238129]3.4 Exploration and Visualisation
Initial data familiarisation and exploration were undertaken to understand attribute distributions and relationships within the dataset. Exploratory visualisations were produced to examine grade distributions, identify potential outliers, and explore relationships between key variables such as grades, absences, and study time. These visualisations supported data understanding and informed pre-processing decisions, and are presented in Appendix B.
Figure 1 shows the distribution of final grades across both subjects.
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[bookmark: _Toc226238071]Figure 1: Distribution of Final Grade of Mathematics and Portuguese
Exploratory analysis showed that early assessment grades (G1 and G2) were strongly associated with final grades (G3) in both subjects, indicating that prior attainment was likely to be a key predictor in classification (Figure 2).
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[bookmark: _Toc226238072]Figure 2: Scatter plots of G1.x and G2.x against final Mathematics grade (G3.x)
Higher absence levels also appeared linked to weaker outcomes in Mathematics, although less consistently in Portuguese (Figure 3).
[image: ]
[bookmark: _Toc226238073]Figure 3: Box plots of absences by final grade in Mathematics and Portuguese
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[bookmark: _Toc226238074]Figure 4: Average final grade by study time in Mathematics and Portuguese
Figure 4 presents a moderate positive relationship between study time and final grade in both subjects, with average performance generally increasing as study time rises, although the effect appears to level off slightly at the highest study-time category. 
Overall, the visualisations helped identify the most informative variables and guide attribute selection and pre-processing for later modelling in Weka.
[bookmark: _Toc226238130]4. Processing, Modelling and Analysis
[bookmark: _Toc226238131]4.1 Modelling Approach
The modelling process was structured to identify the most effective classifier for predicting student outcomes in Mathematics before applying the selected approach to Portuguese for comparison. Three grouped outcome structures were created from the final grade (G3) to test whether broader or more detailed class definitions produced stronger predictive performance. Once the most suitable mathematics model had been identified through training, validation, and final testing on unseen data, it was applied to the Portuguese dataset to assess whether the selected method generalised across subjects.
This sequence created a clear analytical workflow. The mathematics dataset was used to compare class structures, evaluate alternative classifiers, and identify the strongest final model. The Portuguese dataset was then used to examine whether that modelling design remained effective in a related subject. 
[bookmark: _Toc226238132]4.2 Mathematics Data Preparation
Data preparation is critical because raw data may contain noise, missing values, and inconsistencies. Pre-processing improves data quality through cleaning, integration, transformation, and reduction [5].
[bookmark: _Toc226238133]4.2.1 Primary Pre-processing
Primary pre-processing began with converting the merged csv file to ARFF format. The dataset was then inspected in Weka to confirm that the attributes were correctly formatted matched the documentation and were suitable for modelling. 
The original merged csv file was then divided into separate Mathematics and Portuguese datasets for predictive analysis. This ensured that the classification stage focused on subject-specific outcomes rather than modelling the merged file directly. 
The new Mathematics and Portuguese csv files were then converted from CSV to ARFF format for use in Weka.
The Mathematics dataset was randomised and saved before any train-test split was applied. This step was used to reduce the possibility of biased partitioning and to ensure that the later training and testing datasets were not influenced by the original file order. At this stage, the purpose of pre-processing was not yet to transform the target variable, but to place the mathematics data into a stable, usable format for modelling. This provided the basic structure required for later classification and ensured that the downstream modelling process was carried out systematically.
[bookmark: _Toc226238134]4.2.2 Secondary Pre-processing
Secondary pre-processing adapted the mathematics dataset for supervised classification. Three grouped outcome variables were created from the final grade attribute G3.x: 
· 2-class structure (Fail (0-9) /Pass (10-20))
· 3-class structure (Fail (0-9) /Weak_Pass (10-13) /Pass (14-20))
· 5-class structure (Weak_Fail (0-4) /Fail (5-9) /Weak_Pass (10-11) /Pass (12-14) /Strong_Pass (15-20)
This allowed the analysis to compare how different levels of class granularity affected predictive performance. Broader outcome definitions were expected to simplify the classification task, while more detailed structures preserved additional information at the cost of greater class overlap.
Once the grouped class variables had been created, the raw G3.x attribute was removed from the dataset to prevent data leakage. This was necessary because the target classes had been derived directly from the final grade, and retaining the original grade as an input would have allowed the models to infer the outcome directly rather than learn from earlier academic, behavioural, and demographic attributes. Several predictors, including travel time, study time, failures, absences, G1.x, and G2.x, were then converted to nominal categories. This was appropriate because several of these variables are easier to interpret when treated as grouped categories rather than raw numeric values.
Three mathematics ARFF files were then created: maths_class_2, maths_class_3, and maths_class_5, each with the grouped outcome variable set as the class attribute. Attribute selection was then carried out using InfoGainAttributeEval function within Weka. Attributes scoring zero, and later some very low-scoring variables, were removed so that the classifiers could focus on the strongest predictors rather than modelling unnecessary noise. 
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[bookmark: _Toc226238075]Figure 5: Ranked predictor importance using InfoGainAttributeEval for the 5-class Mathematics model
This simple form of reduction decreased the number of attributes and improved the clarity of the later modelling stage for each class structure. The ranked attributes also supported the findings from the earlier exploration and visualisation stage.
Figure 6 summarises the final Mathematics datasets created after secondary pre-processing, including the grouped class structure, retained attributes, and intended purpose of each dataset. 
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[bookmark: _Toc226238076]Figure 6: Summary of the pre-processed Mathematics datasets created for classification
[bookmark: _Toc226238135]4.3. Model Training and Testing 

[bookmark: _Toc226238136]4.3.1 Training
Each prepared Mathematics training file was evaluated using five classifiers: 
· J48 
· NaiveBayes
· LogitBoost
· JRip 
· Random Forest
These classifiers were selected to compare different styles of predictive modelling rather than relying on a single method. J48 and Random Forest provided tree-based approaches, JRip provided a rule-based classifier, NaiveBayes provided a probabilistic baseline, and LogitBoost provided a boosted classification method. This combination allowed the analysis to compare predictive performance alongside differences in model behaviour and interpretability.
All Mathematics training datasets were randomised, split into 50% training and 50% testing files. Due to the small dataset, 10-fold cross-validation was used as it is a widely adopted internal validation method, which provides a more efficient use of limited data than a single holdout split while providing a more reliable estimate of out-of-sample performance [6]. This process ensured that model selection was separated from final testing on unseen data.
Figure 7 shows the Weka output for the NaiveBayes classifier using the 5-class Mathematics outcome structure. All training outputs can be found in Appendix C.
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[bookmark: _Toc226238077]Figure 7: Weka output for the NaiveBayes classifier using the 5-class Mathematics outcome structure
Model comparison was not based on accuracy alone. Instead, F1-score was treated as the primary performance measure because accuracy by itself does not show how well a model balances correct classification against misclassification. By combining precision and recall, F1-score provided a more informative assessment of classification quality, particularly where neighbouring classes were difficult to separate. The confusion matrix was also examined to identify where errors occurred, while accuracy was retained as supporting context. This was important because a high overall accuracy could still conceal weaknesses in the model’s ability to classify borderline or less frequent classes reliably.
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[bookmark: _Toc226238078]Figure 8: Classifier comparison of the 5-class structure
Figure 8 compares all 5-class classifiers. RandomForest performed best for the 5-class structure with 73.82% accuracy and 0.738 F1-score. The confusion matrix showed that all classifiers had trouble distinguishing neighbouring lower and borderline categories, especially Weak_Pass and Fail. Comparison tables for all classifiers and class structures can be found in Appendix D.
Based on the cross-validation results, the strongest-performing classifier was selected for each class structure and taken forward to the testing stage. A summary of the selected models is shown in Figure 9, while their detailed model outputs are provided in Appendix E.
[image: ]
[bookmark: _Toc226238079]Figure 9: Best performing testing models for each class structure
[bookmark: _Toc226238137]4.3.2 Testing
The best training models from each class were tested with the Mathematics testing set. This stage assessed how well each model generalised beyond model development data. Testing on unseen data was crucial because it displayed predictive performance more accurately than training-stage validation.
The test results were then compared across the 2-class, 3-class, and 5-class models. This made it possible to determine whether the strongest models also remained effective when evaluated on new data. 
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[bookmark: _Toc226238080]Figure 10: Training and Testing performance of the best classifier for each Mathematics class structure
The training and testing results showed a trade-off between predictive performance, stability, and class detail. The 2-class J48 model achieved the highest overall performance, increasing from 87.96% accuracy and 0.879 F1-score in training to 92.14% accuracy and 0.920 F1-score in testing. The 3-class J48 model produced almost identical training and testing results, with 87.43% accuracy and 0.875–0.876 F1-score, indicating the most stable generalisation across datasets. The 5-class Random Forest model produced the lowest training performance but improved substantially on the testing data, rising from 73.82% accuracy and 0.738 F1-score to 86.12% accuracy and 0.861 F1-score. However, the finer-grained 5-class structure remained more difficult to classify consistently because neighbouring categories were harder to separate. Full testing outputs can be found in Appendix F.
[bookmark: _Toc226238138]4.3.3 Mathematics Model Evaluation
The final testing results showed that the 3-class J48 model best balanced predictive performance, interpretability, and practicality. While it had lower raw accuracy than the 2-class J48 model, it provided educationally meaningful detail and reduced class overlap compared to the 5-class structure. Overall, J48 performed well and was more interpretable than other classifiers. This made it the best model for explaining classification results and use on the Portuguese dataset.
Figure 11 displays the details of the Final Model. 
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[bookmark: _Toc226238081]Figure 11: Final Chosen Model Details (3-class J48)
[bookmark: _Toc226238139]4.4 Portuguese Model Application and Comparison
To make a valid and meaningful comparison, the Portuguese dataset was carefully prepared in Weka to match the final Mathematics model's attributes, nominal/numeric categories, and 3-class structure (Fail/Weak_Pass/Pass).
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[bookmark: _Toc226238082]Figure 12: Final 3-class J48 model results for the Portuguese Dataset
The final model performed well on the Portuguese dataset, with 87.70% accuracy, 0.886 weighted precision, 0.877 recall, and 0.875 F1-score (Figure 12). The confusion matrix showed that Weak_Pass was easiest to classify than Fail. Several failing students were classified as Weak_Pass, and some Pass cases were also placed in the middle category, indicating that most errors occurred around class boundaries rather than between outcome groups.
The comparison examined whether the final model remained successful, whether performance was similar, and whether the middle result group had the same misclassifications.
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[bookmark: _Toc226238083]Figure 13: Comparison of final J48 model performance for the 3-class Mathematics and Portuguese datasets
The 3-class J48 classifier remained effective when applied to the Portuguese dataset, indicating good generalisation across subjects. The Portuguese model achieved 87.70% accuracy, compared with 87.43% for Mathematics, while the weighted F1-scores were almost identical (0.875 and 0.876 respectively). This indicates that the selected model maintained a very similar level of performance across both subject domains. The error pattern was also consistent. In both subjects, the Pass class was identified more reliably, while the main difficulty occurred around the middle outcome group, particularly in separating Fail from Weak_Pass. In the Portuguese model, several failing students were classified as Weak_Pass, and some passing students were also assigned to this middle category, showing that borderline cases remained the main source of misclassification. Overall, these results show that the selected J48 model generalised well, while confirming that the middle performance band was the most difficult to classify consistently.

[bookmark: _Toc226238140]4.5 Cluster Analysis
For clustering, the merged dataset was reduced to 13 variables to improve interpretability and reduce noise from the full 53-variable dataset. The retained attributes covered background (sex, age, address, Medu, Fedu), engagement/risk (studytime, failures, absences for both subjects), and final outcomes (G3.x, G3.y). The numeric variables were then normalised because SimpleKMeans uses Euclidean distance, and variables on larger scales could otherwise dominate the cluster solution.
SimpleKMeans was applied with K = 3, after also considering K = 2 and K = 4 (Appendix H). The three-cluster solution was selected because it provided the best balance between fit and interpretability. 
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[bookmark: _Toc226238084]Figure 14: Comparison of SimpleKMeans clustering solutions for K = 2, K = 3, and K = 4
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[bookmark: _Toc226238085]Figure 15: SimpleKmeans K=3 Clustering Results
It produced clusters of 168, 157, and 57 students. These represented a male, lower-study group with slightly stronger Mathematics outcomes, a female, higher-study group with stronger Portuguese outcomes, and a smaller more vulnerable rural female group with weaker overall attainment. This suggests that student groups were shaped by background, engagement, and cross-subject performance rather than outcome alone.
[bookmark: _Toc226238141]4.6 Post-processing for Reporting
The final stage involved converting the raw Weka outputs into a clear reporting format. Rather than presenting large amounts of unedited Weka output in the main body, the results were condensed into a small number of summary tables and selected figures that directly supported the final analysis. For example, presenting one table comparing the best Mathematics model for each class structure, one table comparing the final Mathematics and Portuguese models, and selected confusion matrices and attribute-ranking summaries.
[bookmark: _Toc226238142]5. Business Recommendations
The findings indicate that student outcome prediction and clustering can support earlier, more targeted educational intervention. The recommendations in Figure 16 focus on practical actions that could improve student support, resource allocation, and decision-making.
[image: ]
[bookmark: _Toc226238086]Figure 16: Management recommendations based on the predictive and clustering findings
Overall, management should prioritise predictive analytics as a decision-support tool rather than a replacement for professional judgement. A practical next step would be to pilot the 3-class J48 model alongside existing student monitoring processes, using interim grades and attendance data to identify at-risk and borderline students earlier, whilst utilising the identified cluster profiles to guide more targeted support for different student groups. Prediction quality and intervention outcomes should then be reviewed regularly to ensure that the model remains accurate, useful, and aligned with educational support needs.
[bookmark: _Toc226238143]6. Reflection
Overall, the approach worked well in terms of both accuracy and practical usefulness. The final 3-class J48 model performed strongly for Mathematics and generalised effectively to Portuguese, while 10-fold cross-validation and test-set evaluation strengthened the reliability of the results.
A key strength was the use of an interpretable model, as J48 made the classification logic easier to explain in educational terms. However, there were also limitations. The 2-class model was too broad, while the 5-class model introduced greater class overlap. In retrospect, a more balanced grouping for the 5-class structure, such as Weak_Pass (10–13), Pass (14–16), and Strong_Pass (17–20), may have reduced class imbalance and improved interpretability.  The dataset was also relatively small, limiting wider generalisation.
If repeated, the class structures would be refined further, strengthen preprocessing choices, and extend the use of clustering.
Top of Form

Bottom of Form
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[bookmark: _Toc226238087]Figure 17: Merged Dataset Attributes
[bookmark: _Toc226238147]Appendix B – Exploratory Analysis Visualisations
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[bookmark: _Toc226238088]Figure 18: Distribution of Final Grades by Maths and Portuguese
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[bookmark: _Toc226238089]Figure 19: Explorative Visual - Maths (G2.x) v Final Grade (G3.x)
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[bookmark: _Toc226238090]Figure 20: Explorative Visual - Portuguese (G2.y) v Final Grade (G3.y)
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[bookmark: _Toc226238091]Figure 21: Explorative Visual - Maths (G1.x) v Final Grade (G3.x)
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[bookmark: _Toc226238092]Figure 22: Explorative Visual - Portuguese (G1.y) v Final Grade (G1.y)
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[bookmark: _Toc226238093]Figure 23: Explorative Visual - Maths Absences by Final Performance Band
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[bookmark: _Toc226238094]Figure 24: Explorative Visual - Portuguese Absences by Final Performance Band
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[bookmark: _Toc226238095]Figure 25: Explorative Visual - Final Grade by Failures
[image: ]
[bookmark: _Toc226238096]Figure 26:  Explorative Visual - Final Grade by Study Time

[bookmark: _Toc226238148]Appendix C – Mathematics Training Outputs
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[bookmark: _Toc226238097]Figure 27: Training NaiveBayes classifier using the 2-class structure
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[bookmark: _Toc226238098]Figure 28: Training J48 classifier using the 2-class structure
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[bookmark: _Toc226238099]Figure 29: Training Random Forest classifier using the 2-class structure
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[bookmark: _Toc226238100]Figure 30: Training LogitBoost classifier using the 2-class structure
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[bookmark: _Toc226238101]Figure 31: Training JRip classifier using the 2-class structure
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[bookmark: _Toc226238102]Figure 32: Training NaiveBayes classifier using the 3-class structure
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[bookmark: _Toc226238103]Figure 33: Training J48 classifier using the 3-class structure
[image: ]
[bookmark: _Toc226238104]Figure 34: Training Random Forest classifier using the 3-class structure
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[bookmark: _Toc226238105]Figure 35: Training LogitBoost classifier using the 3-class structure
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[bookmark: _Toc226238106]Figure 36: Training JRip classifier using the 3-class structure
  
[bookmark: _Toc226238151]5-Class Structure
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[bookmark: _Toc226238107]Figure 37: Training NaiveBayes classifier using the 5-class structure
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[bookmark: _Toc226238108]Figure 38: Training J48 classifier using the 5-class structure
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[bookmark: _Toc226238109]Figure 39: Training Random Forest classifier using the 5-class structure
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[bookmark: _Toc226238110]Figure 40: Training LogitBoost classifier using the 5-class structure
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[bookmark: _Toc226238111]Figure 41: Training JRip classifier using the 5-class structure
[bookmark: _Toc226238152]Appendix D – Mathematics Training Classifier Comparison
[bookmark: _Toc226238153]2-Class Structure
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[bookmark: _Toc226238112]Figure 42: 2-class classifier comparison

[bookmark: _Toc226238154]3-Class Structure
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[bookmark: _Toc226238113]Figure 43: 3-class classifier comparison
[bookmark: _Toc226238155]5-Class Structure
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[bookmark: _Toc226238114]Figure 44: 5-class classifier comparison
[bookmark: _Toc226238156]Appendix E – Best Classifier Model

[bookmark: _Toc226238157]2-Class Structure (J48)
=== Model information ===

Filename:     J48.model
Scheme:       weka.classifiers.trees.J48 -C 0.25 -M 2
Relation:     student_merged_maths-weka.filters.unsupervised.attribute.Remove-R33,35-36-weka.filters.unsupervised.attribute.NumericToNominal-Rfirst-last-weka.filters.unsupervised.attribute.NumericToNominal-Rfirst-last-weka.filters.unsupervised.attribute.Remove-R1,4-6,12-13,15,19,21,24,28-weka.filters.unsupervised.instance.Randomize-S42-weka.filters.unsupervised.instance.RemovePercentage-P50.0
Attributes:   22
              sex
              age
              Medu
              Fedu
              Mjob
              Fjob
              reason
              guardian
              studytime
              failures
              schoolsup
              paid
              higher
              romantic
              freetime
              goout
              Dalc
              health
              absences
              G1
              G2
              G3_class_2

=== Classifier model ===

J48 pruned tree
------------------

G2 = 0: Fail (7.0)
G2 = 5: Fail (9.0)
G2 = 6: Fail (7.0)
G2 = 7: Fail (8.0)
G2 = 8
|   schoolsup = yes
|   |   studytime = 1: Pass (3.0)
|   |   studytime = 2: Fail (3.0/1.0)
|   |   studytime = 3: Pass (0.0)
|   |   studytime = 4: Fail (1.0)
|   schoolsup = no: Fail (8.0)
G2 = 9
|   Fjob = other: Pass (13.0/3.0)
|   Fjob = health: Fail (2.0)
|   Fjob = services
|   |   Dalc = 1: Fail (5.0)
|   |   Dalc = 2: Fail (2.0)
|   |   Dalc = 3: Pass (2.0)
|   |   Dalc = 4: Fail (0.0)
|   |   Dalc = 5: Fail (0.0)
|   Fjob = teacher: Pass (0.0)
|   Fjob = at_home: Pass (0.0)
G2 = 10: Pass (18.0/4.0)
G2 = 11: Pass (17.0/1.0)
G2 = 12: Pass (21.0)
G2 = 13: Pass (19.0)
G2 = 14: Pass (10.0)
G2 = 15: Pass (19.0)
G2 = 16: Pass (9.0)
G2 = 17: Pass (4.0)
G2 = 18: Pass (2.0)
G2 = 19: Pass (2.0)

Number of Leaves  : 	28

Size of the tree : 	33


[bookmark: _Toc226238158]3-Class Structure (J48)
=== Model information ===

Filename:     J48.model
Scheme:       weka.classifiers.trees.J48 -C 0.25 -M 2
Relation:     student_merged_maths-weka.filters.unsupervised.attribute.NumericToNominal-Rfirst-last-weka.filters.unsupervised.attribute.Remove-R33-34,36-weka.filters.unsupervised.attribute.Remove-R1-2,5-6,12-13,19-21,23-24-weka.filters.unsupervised.instance.Randomize-S42-weka.filters.unsupervised.instance.RemovePercentage-P50.0
Attributes:   22
              age
              address
              Medu
              Fedu
              Mjob
              Fjob
              reason
              guardian
              traveltime
              studytime
              failures
              schoolsup
              higher
              freetime
              goout
              Dalc
              Walc
              health
              absences
              G1
              G2
              G3_class_3

=== Classifier model ===

J48 pruned tree
------------------

G2 = 0: Fail (7.0)
G2 = 5: Fail (9.0)
G2 = 6: Fail (7.0)
G2 = 7: Fail (8.0)
G2 = 8
|   schoolsup = yes
|   |   studytime = 1: Weak_Pass (3.0)
|   |   studytime = 2: Fail (3.0/1.0)
|   |   studytime = 3: Weak_Pass (0.0)
|   |   studytime = 4: Fail (1.0)
|   schoolsup = no: Fail (8.0)
G2 = 9
|   Fjob = other: Weak_Pass (13.0/3.0)
|   Fjob = health: Fail (2.0)
|   Fjob = services
|   |   Dalc = 1: Fail (5.0)
|   |   Dalc = 2: Fail (2.0)
|   |   Dalc = 3: Weak_Pass (2.0)
|   |   Dalc = 4: Fail (0.0)
|   |   Dalc = 5: Fail (0.0)
|   Fjob = teacher: Weak_Pass (0.0)
|   Fjob = at_home: Weak_Pass (0.0)
G2 = 10: Weak_Pass (18.0/4.0)
G2 = 11: Weak_Pass (17.0/1.0)
G2 = 12: Weak_Pass (21.0/2.0)
G2 = 13: Weak_Pass (19.0/4.0)
G2 = 14: Pass (10.0)
G2 = 15: Pass (19.0)
G2 = 16: Pass (9.0)
G2 = 17: Pass (4.0)
G2 = 18: Pass (2.0)
G2 = 19: Pass (2.0)

Number of Leaves  : 	28

Size of the tree : 	33


[bookmark: _Toc226238159]5-Class Structure (Random Forest)
=== Model information ===

Filename:     Random Forest.model
Scheme:       weka.classifiers.trees.RandomForest -P 100 -I 100 -num-slots 1 -K 0 -M 1.0 -V 0.001 -S 1
Relation:     student_merged_maths-weka.filters.unsupervised.attribute.NumericToNominal-Rfirst-last-weka.filters.unsupervised.attribute.Remove-R33-35-weka.filters.unsupervised.attribute.Remove-R1,4,6,12,19,21-weka.filters.unsupervised.instance.Randomize-S42-weka.filters.unsupervised.instance.RemovePercentage-P50.0
Attributes:   27
              sex
              age
              famsize
              Medu
              Fedu
              Mjob
              Fjob
              reason
              internet
              guardian
              traveltime
              studytime
              failures
              schoolsup
              paid
              higher
              romantic
              famrel
              freetime
              goout
              Dalc
              Walc
              health
              absences
              G1
              G2
              G3_class_5

=== Classifier model ===

RandomForest

Bagging with 100 iterations and base learner

weka.classifiers.trees.RandomTree -K 0 -M 1.0 -V 0.001 -S 1 -do-not-check-capabilities
[bookmark: _Toc226238160]Appendix F – Mathematics Testing Outputs
[bookmark: _Toc226238161]2-Class Structure
[image: ]
[bookmark: _Toc226238115]Figure 45: Testing J48 classifier using the 2-class structure
[bookmark: _Toc226238162]3-Class Structure
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[bookmark: _Toc226238116]Figure 46: Testing J48 classifier using the 3-class structure

[bookmark: _Toc226238163]5-Class Structure
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[bookmark: _Toc226238117]Figure 47: Testing Random Forest classifier using the 5-class structure
[bookmark: _Toc226238164]Appendix G – Portuguese Outputs
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[bookmark: _Toc226238118]Figure 48: Portuguese Dataset result using Final 3-class J48 model

=== Run information ===

Scheme:       weka.classifiers.misc.InputMappedClassifier -I -trim -W weka.classifiers.trees.J48 -- -C 0.25 -M 2
Relation:     student_merged_maths-weka.filters.unsupervised.attribute.NumericToNominal-Rfirst-last-weka.filters.unsupervised.attribute.Remove-R33-34,36-weka.filters.unsupervised.attribute.Remove-R1-2,5-6,12-13,19-21,23-24-weka.filters.unsupervised.instance.Randomize-S42-weka.filters.unsupervised.instance.RemovePercentage-P50.0
Instances:    191
Attributes:   22
              age
              address
              Medu
              Fedu
              Mjob
              Fjob
              reason
              guardian
              traveltime
              studytime
              failures
              schoolsup
              higher
              freetime
              goout
              Dalc
              Walc
              health
              absences
              G1
              G2
              G3_class_3
Test mode:    user supplied test set:  size unknown (reading incrementally)

=== Classifier model (full training set) ===

InputMappedClassifier:

J48 pruned tree
------------------

G2 = 0: Fail (7.0)
G2 = 5: Fail (9.0)
G2 = 6: Fail (7.0)
G2 = 7: Fail (8.0)
G2 = 8
|   schoolsup = yes
|   |   studytime = 1: Weak_Pass (3.0)
|   |   studytime = 2: Fail (3.0/1.0)
|   |   studytime = 3: Weak_Pass (0.0)
|   |   studytime = 4: Fail (1.0)
|   schoolsup = no: Fail (8.0)
G2 = 9
|   Fjob = other: Weak_Pass (13.0/3.0)
|   Fjob = health: Fail (2.0)
|   Fjob = services
|   |   Dalc = 1: Fail (5.0)
|   |   Dalc = 2: Fail (2.0)
|   |   Dalc = 3: Weak_Pass (2.0)
|   |   Dalc = 4: Fail (0.0)
|   |   Dalc = 5: Fail (0.0)
|   Fjob = teacher: Weak_Pass (0.0)
|   Fjob = at_home: Weak_Pass (0.0)
G2 = 10: Weak_Pass (18.0/4.0)
G2 = 11: Weak_Pass (17.0/1.0)
G2 = 12: Weak_Pass (21.0/2.0)
G2 = 13: Weak_Pass (19.0/4.0)
G2 = 14: Pass (10.0)
G2 = 15: Pass (19.0)
G2 = 16: Pass (9.0)
G2 = 17: Pass (4.0)
G2 = 18: Pass (2.0)
G2 = 19: Pass (2.0)

Number of Leaves  : 	28

Size of the tree : 	33

Attribute mappings:

Model attributes      	    Incoming attributes
----------------------	    ----------------
(nominal) age         	--> 3 (nominal) age
(nominal) address     	--> 4 (nominal) address
(nominal) Medu        	--> 7 (nominal) Medu
(nominal) Fedu        	--> 8 (nominal) Fedu
(nominal) Mjob        	--> 9 (nominal) Mjob
(nominal) Fjob        	--> 10 (nominal) Fjob
(nominal) reason      	--> 11 (nominal) reason
(nominal) guardian    	--> 14 (nominal) guardian
(nominal) traveltime  	--> 15 (nominal) traveltime
(nominal) studytime   	--> 16 (nominal) studytime
(nominal) failures    	--> 17 (nominal) failures
(nominal) schoolsup   	--> 18 (nominal) schoolsup
(nominal) higher      	--> 22 (nominal) higher
(nominal) freetime    	--> 25 (nominal) freetime
(nominal) goout       	--> 26 (nominal) goout
(nominal) Dalc        	--> 27 (nominal) Dalc
(nominal) Walc        	--> 28 (nominal) Walc
(nominal) health      	--> 29 (nominal) health
(nominal) absences    	--> 30 (nominal) absences
(nominal) G1          	--> 31 (nominal) G1
(nominal) G2          	--> 32 (nominal) G2
(nominal) G3_class_3  	--> 33 (nominal) G3_class_3


Time taken to build model: 0 seconds

=== Evaluation on test set ===

Time taken to test model on supplied test set: 0.29 seconds

=== Summary ===

Correctly Classified Instances         335               87.6963 %
Incorrectly Classified Instances        47               12.3037 %
Kappa statistic                          0.7654
Mean absolute error                      0.1217
Root mean squared error                  0.2622
Relative absolute error                 28.4548 %
Root relative squared error             57.337  %
Total Number of Instances              382     

=== Detailed Accuracy By Class ===

                 TP Rate  FP Rate  Precision  Recall   F-Measure  MCC      ROC Area  PRC Area  Class
                 0.968    0.244    0.841      0.968    0.900      0.755    0.895     0.884     Weak_Pass
                 0.625    0.017    0.769      0.625    0.690      0.669    0.913     0.620     Fail
                 0.788    0.004    0.990      0.788    0.878      0.835    0.962     0.925     Pass
Weighted Avg.    0.877    0.142    0.886      0.877    0.875      0.775    0.920     0.876     

=== Confusion Matrix ===

   a   b   c   <-- classified as
 211   6   1 |   a = Weak_Pass
  12  20   0 |   b = Fail
  28   0 104 |   c = Pass

[bookmark: _Toc226238165]Appendix H – Clustering SimpleKMeans Outputs

[bookmark: _Toc226238166]K=2
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[bookmark: _Toc226238119]Figure 49: SimpleKmeans K=2 Clustering Results
[bookmark: _Toc226238167]K=3
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[bookmark: _Toc226238120]Figure 50: SimpleKmeans K=3 Clustering Results
[bookmark: _Toc226238168]K=4
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[bookmark: _Toc226238121]Figure 51: SimpleKmeans K=4 Clustering Results
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g Values

school Feature |Categorical student’s school (binary: 'GP - Gabriel Pereira or 'MS' - Mousinho da no
sex Feature [Binary __[sex student's sex (binary: 'F - female or M - male) no
age Feature [Integer __|Age student's age (numeric: from 15 to 22) no
address Feature [Categorical student's home address type (binary: 'U'- urban or R - rural) no
[famsize Feature [Categorical |Other [family size (binary: "€3 - less or equal to 3 or 'GT3 - greater than 3) no
Pstatus Feature [Categorical |Other [parent’s cohabitation status (binary: ' - living together or A - apar) no
Medu Feature [Integer __|Education Level | mother's education (numeric: 0 - none, 1 - primary education (4th grade), 2 - 5th to 9th grade, 3 - secondary education ord - no
Fedu Feature [Integer __|Education Level [father's education (numeric: 0 - none, 1 - primary education (4th grade), 2 36" 5th to 9th grade, 3 46~ secondary education or 4 46" higher education) no
Mjob Feature [Categorical [Occupation _|mother's job (nominal: ‘teacher, 'health’ care related, civil ‘services' (e.g administrative or police), ‘at_home' or ‘other) no
Fiob Feature [Categorical [Occupation _|father's job (nominal: teacher’, 'health' care related, civil 'services' (e.¢. administrative or police), 'at home' or other’) no
reason Feature [Categorical reason to choose this school (nominal: close to"home’, school reputation’, ‘course’ preference or ‘other) no
lgvardian Feature [Categorical student's guardian (nominal: ‘mother’, father or other’) no

Feature [Integer home to school travel time (numeric: 1- <15 min., 2 - 15 t0 30 mi; in. to 1 hour, or4 ->1 hour) no
studytime __|Feature |Integer [weekly study time (numeric: 1- <2 hours, 2 -2 t05 hours, 3 -5 to 10 hours, or 4 ->10 hours) no
[failures Feature [Integer [number of past class failures (numeric: nif 1<=n<3, elsed) no
schoolsup___|Feature Binary [extra educational support (binary: yes or no) no
[famsup Feature [family educational support (binary: yes or no) no
paid Feature [extra paid classes within the course subject (Math or Portuguese) (binary: yes or no) no
activities Feature [extra-curricular activities (binary: yes or no) no
nursery Feature attended nursery school (binary: yes or no) no
higher Feature [wants to take higher education (binary: yes or no) no
nternet Feature Internet access athome (binary: yes or no) no
romantic Feature [with a romantic relationship (binary: yes or no) no

Feature [Integer |quality of family relationships (numeric: from 1 - very bad o’ - excellent] no
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Feature [Integer [current health status (numeric: from 1 - very bad to 5 - very good) no
absences Feature [Integer [number of school absences (numeric: from 0 to 93) no
o1 [Target_|Categorical first period grade (numeric: from 0 t0 20 no
62 [Target_|Categorical second period grade (numeric: from 0 t0 20) no
c3 [Target |integer [final grade (numeric: from 0 to 20, output target) no
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Test options Classifier output
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Supplied test set Set. === stratified cross-validation ===
(®) Cross-validation  Folds | 10 ey
Percentagesplit % 66 Correctly Classified Instances 129 67.5393 %
More options.. Incorrectl.y CZ.Lassified Instances 62 32.4607 %
Kappa statistic 0.5856
Mean absolute error 0.1443
(Nom) G3_class 5 Y | Root mean squared error 0.3123
Relative absolute error 45.7528 %
Start Stop .
Root relative squared error 78.6608 %
Result list (right-click for options) Total Number of Instances 191
22:04:16 - bayesNaiveBayes
22:05:21 - trees 48 === Detailed Accuracy By Class ===
220551 - treesRandomForest
220627 - metaLogitBoost TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class
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0.405 0.104 0.484 0.405 0.441 0.323 0.842 0.499 Fail
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Weighted Avg. 0.675 0.098 0.686 0.675 0.677 0.585 0.850 0.634
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a b cd e
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Cross-validation  Folds 10
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Correctly Classified Instances 176
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(gnore ttibut Fedu 0.6814 0.663  0.6132  0.6l68  0.6372
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6.y 12.5157  1l.s2a1  13.717 12 13.0882

Time taken to build model (fall training data) : 0 seconds
Model and evaluation on training st

Clustered Instances

158 ( a1y

53 (143)

se (15%)
113 ( 308)





