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[bookmark: _Toc222555143]Introduction
This project uses data mining techniques to analyse student performance in Mathematics and Portuguese subjects. Using predictive modelling and clustering methods, the study aims to identify the key factors influencing academic outcomes and to determine whether meaningful behavioural groupings exist within the student data. Regression and classification models are used to predict performance, while clustering techniques are applied to uncover hidden patterns in the student data. The findings are then evaluated to assess their value for educational decision-making and possible early intervention strategies.


[bookmark: _Toc222555144]1. Purpose and Practice of Data Mining
Data mining is used in organisations to extract meaningful patterns and predictive insights from large datasets to support improved decision-making [1]. Rather than simply reporting past performance, data mining enables organisations to identify relationships within data that can be used to forecast future outcomes and help strategic decisions [2]. By analysing trends and relationships, organisations can move outside describing what has happened and begin predicting what is likely to happen next. In addition to predictive analysis, data mining includes unsupervised techniques such as clustering, which identify natural groupings within data without predefined labels and reveal structural patterns that may not be immediately noticeable, these insights can help organisations segment customers into meaningful categories.

Data mining follows structured methodologies such as the Cross-Industry Standard Process for Data Mining (CRISP-DM), which involves understanding the data, preparing it, building models, evaluating results and applying findings [3]. Supervised learning techniques, including classification and regression, are used to predict defined outcomes, while unsupervised techniques such as clustering identify natural groupings within data [4]. Model performance is assessed using statistical validation methods to ensure reliability and usefulness.

Data mining is widely used across industries, for example fraud detection in finance, targeted marketing in retail, and risk prediction in healthcare. Within the education sector, research in educational data mining demonstrates how predictive models and clustering techniques can be used to identify at-risk students and support early intervention strategies [5]. In this study, these methods are applied to student performance data to predict academic outcomes and identify meaningful groups of learners. By combining predictive modelling and clustering analysis, the project aims to produce insights that support targeted intervention and improve understanding of factors influencing final grades.





[bookmark: _Toc222555145]2 Dataset Description and Exploratory Analysis
Exploratory analysis identified that both datasets contain academic and demographic information relating to secondary school students enrolled in Mathematics and Portuguese courses at two institutions.  The mathematics dataset consists of 395 records, while the Portuguese dataset contains 649 records, No missing values were identified in either dataset. Each dataset includes 33 attributes describing student background, family information, educational support, lifestyle behaviors, and academic performance. Both datasets have the same structure, allowing for direct comparison between the two subjects. A summary of the dataset characteristics is shown in Table 1.
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 The dataset contains a mixture of categorical and numeric variables. Categorical variables include school, parent occupation and reason for school choice, binary variables represent some responses such as educational support, internet access and partaking in activities. Some variables use rating scales, such as study time (1–4), health status (1–5), and alcohol consumption levels, where higher values represent higher levels. Numeric variables include age, number of absences, and the three grade results: first period (G1), second period (G2), and final grade (G3). The final grade (G3) is recorded on a scale from 0 to 20 and will be treated as the main outcome variable for this analysis. 

	[image: A graph of a number of maths distribution

AI-generated content may be incorrect.]
	[image: A graph of a number of columns

AI-generated content may be incorrect.]




Figure 1: Distribution of Final Grade (G3) for Mathematics (left) and Portuguese (right) datasets
Figures 1 and 2 present the distribution of the final grade (G3) for the Mathematics and Portuguese datasets. In both datasets grades span the full 0–20 range, with most students clustered between approximately 8 and 15. The distribution appears mostly centered around mid-range values, with no strong evidence of skewness and only a few extreme scores. The Math’s dataset shows a clear concentration of very low grades, particularly at zero, indicating that a small number of students achieved a low final score, although the overall pattern is generally similar across both subjects.
A correlation analysis was conducted to examine relationships between numeric variables and the final grade (G3). In the Mathematics dataset previous academic performance showed the strongest association with final grade. The second period grade (G2) showed a very positive correlation with G3 (0.90) and similarly G1 also showed a positive relationship (0.80). Among other attributes, the number of past failures showed a negative correlation with G3 (−0.36), this identifies that previous failures are linked with lower final outcomes. Overall, most demographic and behavioral variables showed weak or limited associations with final grade.
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Figure 2: Correlation matrix highlighting relationships with final grade for the mathematics dataset.
A similar pattern was seen in the Portuguese dataset, although the strength of correlation was slightly higher. The second period grade (G2) showed a very strong positive correlation with final grade (0.92), followed by G1 (0.83). Past failures showed a negative relationship with G3 (-0.39). Most other variables again showed weak or minimal relationships with final performance, although correlations were slightly stronger compared to the mathematics dataset.
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Figure 3: Correlation matrix highlighting relationships with final grade for the Portuguese dataset.
Overall, correlation analysis across both datasets indicates that past academic performance is the main factor associated with final grade, while demographic and lifestyle variables showing comparatively weaker influence.



[bookmark: _Toc222555146]3. Data Pre-processing and Post-processing
A data preparation process was undertaken to ensure that the Mathematics and Portuguese datasets were suitable for predictive modelling and clustering analysis. Pre-processing was conducted in two stages: primary preparation to ensure data integrity, followed by secondary transformations to prepare the data for the models. Post-processing was then applied to evaluate and interpret the modelling outputs for reporting purposes.
[bookmark: _Toc222555147]3.1. Primary Pre-Processing
Initial inspection confirmed that the mathematics dataset contained 395 records and the Portuguese dataset 649 records, each having 33 attributes. Both datasets were first reviewed using an R script to inspect the data before being imported into Weka. 
The CSV files were converted to ARFF format using a generative AI to ensure accurate conversion of attribute structures. Following conversion, the datasets were imported into Weka and manually verified within the Preprocess interface. Attribute types, value ranges and category encodings were cross-checked against prior R-based exploratory analysis to confirm consistency. This validation step ensured that attributes were correctly interpreted by Weka. The data was then checked to identify missing values, inconsistencies or issues from import. All attributes were complete, and no missing-value handling processing was necessary before modelling. Attribute ranges were cross-checked against the official dataset documentation 
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Figure 4: Weka Preprocess Interface Displaying Attribute Statistics and Missing Value Counts
Further outlier assessment was conducted by reviewing attribute statistics within Weka. Outliers were found in variables such as absences and final grade. However, this data was retained, as they likely represent true student behaviour rather than data errors. Removing these would reduce the validity of the analysis and impact modelling results.
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Figure 5: Weka visualise all Interface Displaying destitution of data
Weka’s “RemoveUseless” filter was applied as at this stage, the filter automatically identifies attributes that are constant or show extremely low variance. The filter did not remove any attributes, confirming that all variables contained meaningful variation. PCA was considered as a way to reduce the number of attributes. However, because the dataset contains a small number of variables the original attributes were kept.
The documentation identified that 382 students appear in both datasets. Although merging the datasets was considered, the Mathematics and Portuguese data were analysed separately. This decision was taken to analyse each subject outcome separately and avoid complications with having two target attributes (G3). Separate analysis also enabled comparative evaluation between subject areas.
A preprocessing decision involved the correlations identified between G1, G2 and the final grade (G3). As G1 and G2 represent assessment results from later in the academic year, they are closely related to the outcome. Including these variables in predictive models may produce high accuracy, as previous academic performance is a strong indicator of final results. To test this, modelling was conducted both with and without G1 and G2. This enabled comparison between models including assessment scores and models based only on demographic and behavioural attributes.

Variables such as absences are normally recorded continuously throughout the academic year and updates are normally available to schools more regular, G1 and G2 are formal academic assessments that may not be accessible until much later in the year. By removing these attributes, the analysis evaluates whether meaningful predictions can be produced early using only background and behavioural factors. If sufficient performance is preserved, this approach would enable schools to identify at-risk students at an earlier stage of the academic year and implement targeted interventions where necessary.
[bookmark: _Toc222555148]3.2. Secondary Pre-Processing
[bookmark: _Toc222555149]3.2.1. Predictive Modelling Preparation
Two predictive modelling methods were tested. First, predictive analysis was conducted using the final grade to predict exact scores. In addition, a classification method was implemented by binning G3 into three categories: Low (0–6.66), Medium (6.666–13.33), and High (13.33–20). This enabled comparison between models predicting precise grades and those identifying broader outcomes. Separate dataset versions were prepared for each approach to ensure the target variable was defined correctly, with one dataset keeping the numeric G3 attribute and another using the categorical version as the class variable.
Numeric variables were normalised to put them on the same scale, normally between 0 and 1. This prevents variables with larger ranges from having more influence than smaller-scale variables [6]. Attributes such as absences have substantially larger scales than behavioural variables measured on 1–5 intervals, without scaling, these differences could influence algorithms. 
[bookmark: _Toc222555150]3.2.2. Clustering Preparation
A separate dataset was prepared for clustering. As clustering is unsupervised, performance variables (G1, G2 and G3) were removed prior to analysis to prevent grouping based primarily on grade differences. Clusters were generated using only descriptive attributes relating to background, family history and behaviour. As with the predictive modelling, numeric variables were normalised.

One-hot encoding was not applied to either model, as Weka’s algorithms support nominal attributes, making number transformation unnecessary.
[bookmark: _Toc222555151]3.3. Post-Processing
Following model development, evaluation outputs such as accuracy measures were interpreted within Weka to enable comparison between alternative model configurations. The results are presented and discussed in the following section.
[bookmark: _Toc222555152]4. Sample Runs and Results 
To evaluate predictive performance, both a regression and classification approaches were implemented on the Mathematics and Portuguese datasets. Multiple algorithms were compared, and parameter settings were adjusted to assess model performance.

[bookmark: _Toc222555153]4.1 Regression Analysis – Predicting Exact Final Grade (G3)
[bookmark: _Toc222555154]Linear Regression Model
Linear Regression was used as an initial model because it provides a clear and interpretable method for predicting the final grade (G3). Ten-fold cross-validation was applied to ensure the results were reliable and not overly fitted to the training data.
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Figure 6: Portuguese results (left), Mathematics results (right)
When previous assessment grades (G1 and G2) were included, both datasets showed strong predictive performance (Figure 6). The Portuguese dataset achieved a correlation of 0.91, while the mathematics achieved 0.90, indicating that prior performance is a highly effective predictor of final grade. Prediction error was slightly lower for Portuguese (RMSE = 1.30) than for Mathematics (RMSE = 2.00). This difference may be because of the larger Portuguese dataset, which allows the model to be trained on a greater number of records.
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Figure 7: Linear Regression results with and without G1 and G2
When G1 and G2 were removed, predictive performance declined substantially. Correlation decreased to 0.50 in Portuguese and 0.30 in Mathematics, with RMSE increasing in both cases. This confirms that previous academic performance largely impacts final outcomes. The noticeable reduction in accuracy suggests that early-stage prediction of exact grades is considerably more difficult in without prior assessment data.
[bookmark: _Toc222555155]M5P Model Tree
M5P was selected as an alternative regression method because it combines decision tree with linear regression models, enabling it to capture non-linear relationships. Ten-fold cross-validation was again applied to ensure better performance.
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Figure 8:  Mathematics results (Left), Portuguese results (right)
When G1 and G2 were included, M5P produced strong predictive performance in both datasets. Compared to the linear regressor model the Portuguese dataset, correlation increased slightly from 0.9148 to 0.9186, with RMSE decreasing slightly from 1.3046 to 1.2798. In the Mathematics dataset, the improvement was more noticeable, with correlation increasing from 0.8996 to 0.9423 and RMSE decreasing from 2 to 1.53. This suggests there may be non-linear relationships in Mathematics dataset more suitable for the tree model. Figure 9 below shows example output of the model run.
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Figure 9:  Sample tree output from Weka model M5P
When G1 and G2 were removed, predictive performance declined substantially in both datasets, producing results nearly identical to Linear Regression. This signifies that the reduced accuracy is not due to model limitations, it is the absence of G1 and G2.
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Figure 10:  M5P results with and without G1 and G2
To try to improve results the minimum number of instances per leaf was increased. This simplified the tree structure, but it produced only minor changes in correlation and RMSE on both datasets.
[bookmark: _Toc222555156]4.2 Classification Analysis – Predicting Performance Bands 
Classification was tested to predict wider performance categories (Low (0 - 6.66), Medium (6.66 – 13.33) and High (13.33 - 20). This approach would be more interpretable for educational decision-making, where identifying students at risk of low achievement maybe more valuable than predicting exact grade.
[bookmark: _Toc222555157]J48 Decision Tree
J48 was selected because its decision tree structure produces clear rules that can be easily understood. Ten-fold cross-validation was applied to ensure better performance. Parameter tuning was conducted by modifying the confidence factor (0.25) and minimum number of leaf’s (3) .
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Figure 11: J48 Portuguese results (left), Mathematics results (right)

When previous grades (G1 and G2) were included, accuracy was high in both datasets. The Portuguese dataset achieved 89.4% accuracy and the mathematics dataset achieved 86.8%. Confusion matrices showed that performance groups Low and High were usually predicted more accurately than the medium group. 
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Figure 12:  J48 results with and without G1 and G2
When G1 and G2 were removed, predictive performance declined substantially. Accuracy dropped to 61.94% in Portuguese and 54.18% in Mathematics. The confusion show significant misclassification between in all categories. Portuguese showed slightly stronger predictive results than Mathematics when previous grades were excluded. However, overall classification performance without previous grade data remained low, reinforcing the conclusion that previous academic achievement is a dominant predictor.
[bookmark: _Toc222555158]4.3 Clustering Analysis
[bookmark: _Toc222555159]SimpleKMeans Clustering
SimpleKMeans clustering was applied both datasets to identify groupings based only on demographic and behavioural attributes, academic outcome variables were removed. The number of clusters was tested (k = 2, 3, 4),  K was assessed using the within-cluster sum of squared errors (SSE).  SSE decreased as the number of clusters increased. However, three clusters were chosen because this provided a meaningful group interpretation.
	[image: A screenshot of a computer

AI-generated content may be incorrect.]
	[image: A screenshot of a computer screen

AI-generated content may be incorrect.]


Figure 13: SimpleKMeans Mathematics results (left), Portuguese results (right)
For the Mathematics dataset, three clusters were identified (40%, 43%, and 17%). Centroid analysis revealed distinct behavioural profiles. Cluster 1 showed higher study time and lower prior failures, indicating stronger academic focus. Cluster 0 showed lower study time and higher alcohol consumption, suggesting greater emphasis on social behaviour. The smallest group, Cluster 2 showed higher failure rates and absences, suggesting a profile associated with increased academic risk.
In the Portuguese dataset, clusters were split 33%, 20%, and 47%. Segmentation was influenced more by parental education, travel time, and failure rates. Cluster 1 showed lower parental education and higher failure rates. Cluster 2 displayed lower alcohol consumption and fewer failures, indicating greater academic performance. Cluster 0 was grouped by higher parental education but also higher alcohol consumption and social activity.
Overall, clustering across both datasets revealed meaningful behavioural segmentation without the need for the student grades. Study habits and alcohol consumption were key factors in Mathematics, family background and travel time were more in the Portuguese, suggesting different subject specific patterns.


[bookmark: _Toc222555160]EM Clustering 
Expectation–Maximisation (EM) clustering was applied to provide comparison with SimpleKMeans. EM is a clustering method that in Weka can automatically estimate the number of clusters using cross-validation (N = -1). Default parameter settings were retained to allow the data to determine the most appropriate structure.
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Figure 14: EM Clustering Mathematics results (left), Portuguese results (right)


For the Portuguese dataset, EM selected two clusters. Cluster 0 (31%) had higher failure rates, lower study time, higher alcohol consumption, and increased absences, indicating a behavioural impacted profile. In contrast, Cluster 1 (69%) showed near-zero failure rates, higher study time, and lower alcohol use, representing a more academic stable group.

For the Mathematics dataset, EM identified three clusters. Cluster 0 (26%) which had the highest failure rates and lower study time, suggesting high academic risk. Cluster 1 (38%) showed higher study time and minimal failures, indicating strong academic engagement. Cluster 2 (36%) displayed high parental education levels and low failure rates.

Overall, EM results were largely consistent with the SimpleKMeans findings, reinforcing the strength of the segmentation and demonstrating that clustering techniques can be effectively applied in practice to identify behavioural groups for decision-making.


[bookmark: _Toc222555161]5. Business Recommendations
The analysis demonstrates that student performance can be effectively used for predictive modelling and clustering techniques. The primary objective is to improve student outcomes and reduce academic failure rates through early identification and targeted intervention strategies for example extra learning support for those at risk.
Predictive model testing showed that prior assessment performance is the strongest indicator of final outcomes. However, clustering can be performed without using any previous grade data, allowing identification of behavioural and risk indicators early in the academic year, beyond simple grade monitoring.
Business Recommendations:
Implement Early Warning Reports: Use monitoring systems that use predictive models to identify students at risk of underperformance. Classification-based performance bands e.g. expected Low or High performer should be used for decision making. More detail expected grade outputs showing exact expected grade can used for more detailed academic forecasting if required. Based on accuracy testing this should be done when previous grades G1 and G2 are available.
Grade Forecasting for Resource Planning: Predicted grade trends help with departmental planning, enabling early indication of tutoring resources to students forecasted to experience performance difficulties. This allows proactive management rather than reactive intervention after results.
Behaviour Interventions: Based on cluster analysis, Students within identified behavioural risk clusters (e.g., high failures, low study time, high alcohol consumption) could be offered academic support and mentoring. This can be achieved early in an academic year as previous grades is not required to produced accurate result.
External Risk Mitigation: Where clusters indicate other risk (e.g. longer commute times and low attendance), management should consider additional academic support or policy changes for these clusters, for example hybrid lecturing both online and in person. Any policy changes should be followed up with further analysis to ensure changes are positive.
Ethical guidelines: should be put in place to ensure models are used fairly, transparently, and in line with data protection laws.




[bookmark: _Toc222555162]6. Reflective Summary and Conclusion
The predictive modelling approaches performed strongly, particularly when prior academic performance data (G1 and G2) were included. Regression models achieved high correlation values, and classification accuracy exceeded 85% across both datasets when prior grades were available. This shows that the techniques work well when previous semester scores are available. Predictive performance weakened significantly when these variables were removed, highlighting a dependence on recent grade data. This suggests that while the models are accurate, their effectiveness is strongly influenced by previous grades G1 and G2. Future work could include testing accuracy with G1 included, hopefully to allow earlier indication of grades without the need to wait for G2 results. 

Clustering analysis also proved effective in identifying meaningful behavioural groups without the need for grade variables. Both SimpleKMeans and EM produced consistent group structures. One key advantage of the EM model was the ability to automatically determine cluster number (K). Interpreting clusters can be difficult, especially when the groups are not clearly separated in visual plots. Future work could involve experimenting including the grade outcomes to check if the certain clusters have different grade outcomes.

From an efficiency point of view, all algorithms were very quick within Weka, however when dealing with larger dataset this would need to be considered. Additionally, Linear Regression offered high interpretability, making the findings transparent and practical.
On a larger scale project, these models could be tweaked with further parameter tuning. Also, more models such as Random Forest could be compared to possibly achieve better results. Obtaining more data and variables could also be explored to improve accuracy. Although similar patterns were observed across both datasets, future work may involve merging them to examine whether cross-subject modelling improves predictive performance or reveals other behavioural trends.
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[bookmark: _Toc222555165]Appendix B – Data Familiarisation R Code
# Load Mathematics dataset
d1 <- read.table("student-mat.csv", sep=";", header=TRUE)

# Load Portuguese dataset
d2 <- read.table("student-por.csv", sep=";", header=TRUE)

# Display number of rows in datsasets
nrow(d1)
nrow(d2)

# Display the dimensions of the dataset
dim(d1)
dim(d2)


# Display number of cols
ncol(d1)
ncol(d2)

# Checking Missing valuies
colSums(is.na(d1))
colSums(is.na(d2))

# Checking numeric attributes
names(d1)[sapply(d1, is.numeric)]
names(d2)[sapply(d1, is.numeric)]

# Checking cols match in each dataset
identical(names(d1), names(d2))

# -------------------------------------------------------------

# Display the structure of the dataset
str(d1)
str(d2)

# Generate summary statistics for all variables
summary(d1)
summary(d2)

# how many numeric vs factor variables.
table(sapply(d1, class))
table(sapply(d2, class))


table(sapply(d1, class))

# -------------------------------------------------------------
# Explore Target Variable (G3)


# Generate summary statistics for the final grade (G3)
summary(d1$G3)


# Create a histogram to visualise the distribution of final grades
hist(d1$G3,
     main = "Maths Distribution of Final Grade (G3)",
     xlab = "Final Grade",
     col = "lightblue")

# Create a histogram to visualise the distribution of final grades
hist(d2$G3,
     main = "Portuguese Distribution of Final Grade (G3)",
     xlab = "Final Grade",
     col = "lightblue")


# -----------------------------
# Correlation Analysis
# -----------------------------

# Select only numeric variables from the dataset
# Correlation analysis can only be performed on numeric data
numeric_vars_Mat <- d1[sapply(d1, is.numeric)]
numeric_vars_Por <- d2[sapply(d2, is.numeric)]

# correlation matrix between all numeric variables
#   +1  → strong positive relationship
#    0  → no relationship
#   -1  → strong negative relationship
cor_matrix <- cor(numeric_vars_Mat)
round(cor_matrix, 2)

cor_matrix <- cor(numeric_vars_Por)
round(cor_matrix, 2)
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Linnear Regressor  – Regression prediction
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M5P Trees – Regression prediction
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J48 Classification prediction
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SimpleKMeans
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EM
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> cor_matrix <- cor(numeric_vars_Mat)

> round(cor_matrix, 2)
Medu

age
age 1.00
Medu -0.16
Fedu -0.16
traveltime .07
studytime 0.00
failures 0.24
famrel 0.05
freetime 0.02
goout 0.13
Dalc 0.13
Walc 0.12
health -0.06
absences 0.18
Gl -0.06
G2 -0.14
G3 -0.16

-0.
.00
.62
.17
.06
.24
.00
.03
.06
.02
.05
.05
.10
.21
.22
.22

ISEESISIECS SIS IS BN IS BRSNS B SIS

16

Fedu traveltime studytime failures famrel freetime
-0.16 0.07 0.00 0.24 0.05 0.02
0.62 -0.17 0.06 -0.24 0.00 0.03
1.00 -0.16 -0.01 -0.25 0.00 -0.01
-0.16 1.00 -0.10 0.09 -0.02 -0.02
-0.01 -0.10 1.00 -0.17 0.04 -0.14
-0.25 0.09 -0.17 1.00 -0.04 0.09
0.00 -0.02 0.04 -0.04 1.00 0.15
-0.01 -0.02 -0.14 0.09 0.15 1.00
0.04 0.03 -0.06 0.12 0.06 0.29
0.00 0.14 -0.20 0.14 -0.08 0.21
-0.01 0.13 -0.25 0.14 -0.11 0.15
0.01 0.01 -0.08 0.07 0.09 0.08
0.02 -0.01 -0.06 0.06 -0.04 -0.06
0.19 -0.09 0.16 -0.35 0.02 0.01
0.16 -0.15 0.14 -0.36 -0.02 -0.01
0.15 -0.12 0.10 -0.36 .05 0.01

goout
.13
.06
.04
.03
.06
.12
.06
.29
.00
.27
.42
.01

(SIS

ISEUSEESIE IS IS IS IS SR S

-0.15
-0.16
-0.13

Dalc

.13
.02
.00
.14
.20
.14
.08
.21
.27
.00
.65
.08
11
.09
.06
.05

Walc health absences

.12
.05
.01
.13
.25
.14
11
.15
.42
.65
.00
.09
.14
.13
.08
.05

.06
.05
.01
.01
.08
.07
.09
.08
.01
.08
.09
.00
.03
.07
.10
.06

.18
.10
.02
.01
.06
.06
.04
.06
.04
.11
.14
.03
.00
.03
.03
.03

Gl

.06
.21
.19
.09
.16
.35
.02
.01
.15
.09
.13
.07
.03
.00
.85
.80

G2

.14
.22
.16
.15
.14
.36
.02
.01
.16
.06
.08
.10
.03
.85
.00
.90

G3

.16
.22
.15
.12
.10
.36
.05
.01
.13
.05
.05
.06
.03
.80
.90
.00




image5.png
> cor_matrix <- cor(numeric_vars_Por
> round(cor_matrix, 2)
Medu

age
age 1.00
Medu -0.11
Fedu -0.12

traveltime .03
studytime -0.01
failures 0.32

famrel -0.02
freetime 0.00
goout 0.11
Dalc 0.13
Walc 0.09
health -0.01
absences 0.15
Gl -0.17
G2 -0.11
G3 -0.11

11
.00
.65
.27
.10
.17
.02
.02
.01
.01
.02
.00
.01
.26
.26
.24

Fedu traveltime studytime failures famrel freetime
-0.12 0.03 -0.01 0.32 -0.02 0.00
0.65 -0.27 0.10 -0.17 0.02 -0.02
1.00 -0.21 0.05 -0.17 0.02 0.01
-0.21 1.00 -0.06 0.10 -0.01 0.00
0.05 -0.06 1.00 -0.15 0.00 -0.07
-0.17 0.10 -0.15 1.00 -0.06 0.11
0.02 -0.01 0.00 -0.06 1.00 0.13
0.01 0.00 -0.07 0.11 0.13 1.00
0.03 0.06 -0.08 0.05 0.09 0.35
0.00 0.09 -0.14 0.11 -0.08 0.11
0.04 0.06 -0.21 0.08 -0.09 0.12
0.04 -0.05 -0.06 0.04 0.11 0.08
0.03 -0.01 -0.12 0.12 -0.09 -0.02
0.22 -0.15 0.26 -0.38 0.05 -0.09
0.23 -0.15 0.24 -0.39 0.09 -0.11
0.21 -0.13 0.25 -0.39 0.06 -0.12

goout
J11
.01
.03
.06
.08
.05
.09
.35
.00
.25
.39
.02

(SIS

ISEUSEESIE IS IS IS IS SR S

-0.07
-0.08
-0.09

Dalc

.13
.01
.00
.09
.14
11
.08
11
.25
.00
.62
.06
.17
.20
.19
.20

Walc health absences

0.
-0.
.04
.06
.21
.08
.09
.12
.39
.62
.00
11
.16
.16
.16
.18

29
02

.01
.00
.04
.05
.06
.04
11
.08
.02
.06
11
.00
.03
.05
.08
.10

Q.
-0.
.03
.01
.12
.12
.09
.02
.09
.17
.16
.03
.00
.15
.12
.09

15
o1

Gl

.17
.26
.22
.15
.26
.38
.05
.09
.07
.20
.16
.05
.15
.00
.86
.83

G2

11
.26
.23
.15
.24
.39
.09
11
.08
.19
.16
.08
.12
.86
.00
.92

G3

.11
.24
.21
.13
.25
.39
.06
.12
.09
.20
.18
.10
.09
.83
.92
.00




image6.png
Preprocess

Filter
Choose

Attributes

Open file.

None

Current relation
Relation: student_mat
Instances: 395

Al

guardian
traveltime.

studytime
failures
schoolsup
famsup
paid
activities

Classity

Cluster  Associate  Select attibutes  Visualize

Open URL. Open DB.

None Invert

Name

Weka Explorer

Generate.

Attributes: 33
Sum of weights: 395

Pattem

Selected attribute
Name: address
Missing: 0 (0%)
No.

Class: G3 (Num)

Undo

Label

Distinct: 2

Edit

Count

Type: Nominal
Unique: 0 (0%)

8
307

Aoply

Weight

Visualize All

Log

< °




image7.png
(000

All attributes

| school age address
.
.
[ ]
I 15 185 22
famsize Pstatus Medu Fedu
- g - . g -
I o 2 4 0 2 4
Mijob Fiob reason guardian
103 202 105
59 58 penl 20
- i - . i
[ | — —-— [ | —
traveltime studytime failures. schoolsup
o
[ (A, =
20 o 8 o 900 P | o £ o A7 o 16 o
25 4 25 4 0 15 3 I
| famsup paid activities nursery
! 242 214 194 314
- i
higher internet romantic famrel
.
1 I — - 1 3 s
freetime Dalc Walc
m r“—\ H—l o P 0 5 0 5 R ey
heal(h absences G1
GS

131





image8.png
Correlation coefficient
Mean absolute error

Root mean squared error
Relative absolute error
Root relative squared error
Total Number of Instances

0.9148

0.8136

1.3046
33.7367 %
40.3226 %
649

Correlation coefficient
Mean absolute error

Root mean squared error
Relative absolute error
Root relative squared error
Total Number of Instances

0.8996

1.3059

2.0017
37.952 %
43.5862 %
805)




image9.png
With G1and G2 Included

Dataset Correlation RMSE
Portuguese 0.9148 1.3
Maths 0.8996 2
Without G1 & G2 Included

Dataset Correlation RMSE
Portuguese 0.4976 2.82
Maths 0.298 4.49





image10.png
Cross-validation ===
=== Summary ===

Correlation coefficient
Mean absolute error

Root mean squared error
Relative absolute error
Root relative squared error
Total Number of Instances

0.9423

0.9639

1.5326
28.012 %
33.3717 %
805)

Cross-validation ===
=== Summary ===

Correlation coefficient
Mean absolute error

Root mean squared error
Relative absolute error
Root relative squared error
Total Number of Instances

0.9423

0.9639

1.5326
28.012 %
33.3717 %
805)




image11.png
G2

N
<=0.605 >0.605
g .
G2 LM 8 (318/24.079%)
/\
<=0.447 >0.447
/ \
absences G2
N N
<=0.031 >0.031 <=0.553 >0.553
g . — .
G2 LM 3 (47/25.915%) goout LM 7 (103/21.445%)
N N
<=0.289 >0.289 <=0.875 >0.875
_— ~. _— ~.
LM 1 (8/0%) LM 2 (18/88.2%) LM 4 (116/19.381%) Absences
N
<=0.016 >0.016
e .

LM 5 (10/79.774%)

LM 6 (29/18.489%)




image12.png
With G1and G2 Included

Dataset Correlation RMSE
Portuguese 0.9186 1.27
Maths 0.9423 1.53
Without G1 & G2 Included

Dataset Correlation RMSE
Portuguese 0.4807 2.87
Maths 0.4128 4.3





image13.png
tratified cross-validation
unmary

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Mean absolute error

Root mean squared error
Relative absolute error

Root relative squared error
Total Nunber of Instances

Detailed Accuracy By Class

TP Rate FP Rate Precision Recall F-easure MCC
6% .03  0.755 656 0.702

veighted Avg.

.18

onfusion Matrix

2 b c < classified as
*(-Anf-6.666667]

+(13.333333-in1)

883
0.893
866

343 86.8354 %
13.1646 %

65,0987 %
395

0.654

0892 0.732
0.006  0.874
.86 0.756

*(6.666667-13.333333]"

ROC Area PRC Area
881 0.716
0.874

o.811
0.83

Class
(-in-6.666667]
+(6.666667-13.333
+(13.333333-inf)

=== Stratified cross-validation =
Summary

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Hean absolute error

Root mean squared error
Relative absolute error

Root relative squared error
Total Number of Instances

Detailed Accuracy By Class

0.125
0.075

Weighted Avg. 0.100

=== Confusion Matrix

It

33)
+(6.333-12.667]"

+(12.667-1n1)"

FP Rate Precision Recall
0.006 0.692  0.450

89.3683 %

10,6317 %
F-Measure MCC  ROC Area
0.545 547 0.755
0.003 786
0.003  0.830
0892 0.797

PRC Area
0.337

Class
*(-inf-6.333] "
*(6.333-12.667]"
*(12.667-1nf) "





image14.png
With G1 and G2 Included

Dataset Accuracy RMSE
Portuguese 89.37% 0.24
Maths 86.84% 0.28
Without G1 & G2 Included

Dataset Accuracy RMSE
Portuguese 61.94% 0.46
Maths 54.18% 0.49





image15.png
Final cluster centroids:
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1 171 ( 43%)
2 66 ( 17%)

= Model and evaluation on training set ===
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No. [+ Attribute ~| Description + Type ~| Values
1 school Student’s school Nominal (Binary) GP; MS
2 sex Student’s sex Nominal (Binary) F; M
3 age Student’s age Numeric (Continuous) 15-22
4 address Home address type Nominal (Binary) U;R
5 famsize Family size Nominal (Binary) LE3; GT3
6 Pstatus Parent’s cohabitation status Nominal (Binary) T;A
7 Medu Mother’s education Ordinal 04
8 Fedu Father’s education Ordinal 04
9 Mjob Mother’s job Nominal teacher, health, services, at_home, other
10 Fjob Father’s job Nominal teacher, health, services, at_home, other
11 reason Reason for school choice Nominal home, reputation, course, other
12 guardian Student’s guardian Nominal mother, father, other
13 traveltime Travel time to school Ordinal 1-4
14 studytime Weekly study time Ordinal 1-4
15 failures Number of past class failures Numeric 0-3
16 schoolsup Extra educational support Nominal (Binary) yes; no
17 famsup Family educational support Nominal (Binary) yes; no
18 paid Extra paid classes Nominal (Binary) yes; no
19 activities Extra-curricular activities Nominal (Binary) yes; no
20 nursery Attended nursery school Nominal (Binary) yes; no
21 higher Wants higher education Nominal (Binary) yes; no
22 internet Internet access at home Nominal (Binary) yes; no
23 romantic In a romantic relationship Nominal (Binary) yes; no
24 famrel Quality of family relationships  Ordinal 1-5
25 freetime Free time after school Ordinal 1-5
26 goout Going out with friends Ordinal 1-5
27 Dalc Weekday alcohol consumption  Ordinal 1-5
28 Walc Weekend alcohol consumption  Ordinal 1-5
29 health Current health status Ordinal 1-5
30 absences Number of school absences Numeric 0-93
31G1 First period grade Numeric (Continuous) 0-20
32 G2 Second period grade Numeric (Continuous) 0-20
33 G3 Final grade (Target variable) Numeric (Continuous) 0-20
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goout 0.5272  0.5665  0.5724  0.4821 0.491
Dalc 0.1203  0.1452  0.1809  0.0804  0.0809
Walc 0.3228  0.3851  0.3947 0.25  0.2572
health 0.6385  0.6875  0.6711 0.692  0.5558
absences 0.0761  0.0603  0.0872  0.1198  0.0666

Time taken to build model (full training data) : 0.01 seconds
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Table 1: Dataset Overview

Dataset Number of Number of Missing Values
Instances Attributes
Mathematics 395 33 0

Portuguese 649 33 0
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