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Introduction 
This report explores the Student Performance Dataset from the UCI Machine Learning Repository, focusing on Portuguese and Mathematics students. The primary goal is to analyse how factors such as study time, family support, parental education, absences, and lifestyle habits influence academic performance. Using Tableau as the main analytical tool, predictive and clustering methods were applied to identify key patterns and correlations within the data. The project demonstrates how data mining techniques such as regression and clustering can provide actionable insights, helping schools predict student outcomes, identify at-risk learners, and design targeted interventions to improve academic success and overall student well-being.
[bookmark: _Toc213964960]1.1: Purpose and Practice of Data Mining 
Data mining involves extracting meaningful patterns and insights from large datasets using statistical and computational techniques [1]. It supports evidence-based decision-making by turning raw data into valuable information. In business, it helps organisations predict customer behaviour, optimise operations, and identify growth opportunities for smarter, data-driven strategies.
Data mining is the process of discovering useful patterns, relationships, and insights from large sets of data. It helps in making informed decisions and predictions. Among the many techniques used in data mining, three of the most common are classification, regression, and clustering, each serving a different purpose in analysing and understanding data [2],[3]. 

Classification involves categorising data into predefined groups, such as predicting whether a student will pass or fail [4]. 
Clustering groups data points with similar characteristics, such as identifying groups of students with similar study habits. 
Regression analyses relationships between variables to make predictions, for example, forecasting a student’s final grade based on study time or attendance. These 
methods help uncover hidden patterns that guide predictive and strategic decisions [5].

In education, data mining helps institutions improve learning outcomes and student retention. It allows educators to identify at-risk students early, analyse performance trends, and personalise learning strategies. Schools can use it to monitor attendance, engagement, and socio-economic factors that affect academic results [6]. 
[bookmark: _Toc213964961]In the Student Performance dataset, data mining techniques are applied to predict students’ final grades and group them based on shared characteristics. Using Tableau tool, classification and clustering reveal key factors influencing success, supporting targeted educational interventions and data-driven decision-making.
[bookmark: _Toc213964962]1.2 Dataset Description and Data Exploration
The Student Performance dataset from the UCI Machine Learning Repository includes data from two Portuguese secondary schools on students studying Mathematics and Portuguese. It explores how factors like family background, socio-economic status, school environment, and personal habits influence academic performance. Widely used in educational data mining, the dataset helps predict student outcomes and identify key factors affecting academic success [7].

The dataset includes two CSV files for Mathematics and Portuguese students and a text file describing attributes. Each file contains demographic, social, and academic data, including personal background, attendance, family support, study habits, and three grade scores (G1, G2, G3) representing academic performance.

The mathematics dataset contains 395 records with 33 attributes, and the Portuguese dataset includes 649 records with the same attributes. These attributes cover students’ demographic, social, and academic factors, allowing comparison of performance across both subjects.

The dataset contains a mix of numeric and categorical variables. Numerical attributes include grades (G1, G2, G3) and study time, while categorical ones cover factors such as gender, school, parental education, and family relationship quality. These varied attributes provide insights into both academic and personal influences on performance.
The dataset was clean and well-prepared, with no major missing or incorrect values. Minor adjustments, such as renaming columns and removing irrelevant fields, were made for clarity. It was ready for direct use in Tableau, enabling clear and accurate visualisation of patterns and insights.

STATISTICAL EXPLORATION

Math 1: G3 and Studytime
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The chart shows that longer study time leads to higher grades (G3). Most students score between 10 and 15, while those studying more (levels 3–4) often exceed 15. Students with less study time (levels 1–2) score below 10, confirming that consistent study improves performance, though some outliers suggest other influencing factors.						






Maths 2: G3 Final grades and Absences 
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The chart shows that students with more absences generally have lower final grades (G3), confirming a negative link between attendance and performance. Absences are highest for students scoring around grades 9 -11, while those with higher grades (above 15) have fewer absences. Overall, consistent attendance supports better academic results, while frequent absenteeism lowers achievement.

Math 3: Mother, Father and G3 Final grades 
[image: A screenshot of a computer
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The chart shows that students with more educated parents (education levels 3-4) achieve higher final grades (G3), showing a positive link between parental education and performance. Those with less educated parents score lower, suggesting that family background and support strongly influence academic success.

PORTUGESE EXPLORATION

Portuguese 1: Sex and G3 Final Grades 
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The chart shows that female students scored higher final grades (12-14) than males (10-12), indicating a 2-point advantage and greater overall focus and consistency among females.












Portuguese 2: G3 Final Grades, Sex and Walc
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The chart shows that higher weekend alcohol consumption (Walc) is linked to lower final grades (G3). Both genders show this trend, though females perform slightly better at moderate levels. Overall, lower alcohol use supports stronger academic performance.

Portuguese 3: Studytime, Failures and G3 Final Grades
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[bookmark: _Toc213964963]The chart shows that Portuguese students with more study time (3-4) and fewer failures (0-1) achieve higher final grades (G3), while those with more failures score lower. Overall, longer study time and fewer failures improve performance.
[bookmark: _Toc213964964]1.3 Data Pre-Processing and Post-Processing
Primary Pre-Processing of the Data
The primary pre-processing stage involved preparing the Student Performance dataset from the UCI Machine Learning Repository, which includes data from two Portuguese secondary schools for Mathematics and Portuguese subjects. Both CSV files were reviewed to verify formats and attributes, each containing 33 variables on students’ personal, academic, and social characteristics such as gender, age, parental education, study time, absences, and grades (G1, G2, G3).
The data was opened in Excel to check for issues, remove unnecessary columns, and rename fields for consistency. As the dataset was already clean, only minor adjustments were needed. Basic transformations, like aligning data types, ensured accurate visualisation in Tableau, where the refined dataset was imported for creating charts and dashboards to explore performance trends [8].
Secondary Pre-Processing of the Data
After initial cleaning, the secondary pre-processing stage focused on refining the data for visual and statistical analysis in Tableau [9]. Instead of using scripts or coding tools, the adjustments were made manually. Both the Mathematics and Portuguese files were reviewed for duplicate entries, and any irrelevant fields that did not contribute to the analysis were removed.
Categorical variables such as gender, school, and parental education were retained in text format, as Tableau can automatically recognise and group these as dimensions. Numerical variables, such as grades (G1, G2, G3) absences, and study time, were checked for correct data types and formatting. This ensured Tableau could perform accurate calculations and generate reliable visuals.
Additionally, minor data transformations were carried out - for example, aligning data types and standardising column headings - to help Tableau correctly interpret and visualise relationships. This refined version of the dataset provided a solid foundation for effective data visualisation and pattern discovery. 
Data Preparation for Tableau
The cleaned dataset was imported into Tableau, keeping all attributes for detailed analysis. Calculated fields and visualizations like bar and scatter plots were used to explore relationships such as study time, absences, and grades, enabling clear insights into student performance.
[bookmark: _Toc213964965]1.4 Analysis, Methods and Results
After cleaning and refining the data, it was imported into Tableau for analysis and visualisation. All dataset attributes were retained to enable detailed exploration of academic, demographic, and social factors. Calculated fields and filters were created to study relationships such as Studytime vs G3, Absences vs G3, Gender vs Performance, and Parental Education vs G3.

Various visualisations, including bar charts, scatter plots, and line graphs, revealed how these factors affected grades. Retaining all attributes allowed flexibility to explore multiple perspectives, uncovering hidden patterns. Tableau’s interactive nature simplified large-scale data analysis without requiring programming expertise.

Prediction and Clustering
Prediction and clustering are two common data mining methods used to analyse and understand patterns in data.
Prediction is the process of using existing data and patterns to forecast future outcomes or behaviours [10]. 
Prediction involves using existing data to estimate or forecast future outcomes.
 In this project, prediction helps estimate a student’s final grade (G3) based on variables such as study time, absences, parental education, and past grades (G1, G2).
Clustering, on the other hand, groups students with similar characteristics. For example, students can be grouped based on academic performance, study habits, or family background. This allows educators to identify high-performing groups or those who may need additional support. Both methods help schools make better data-driven decisions about student learning and improvement.
Choice of Analysis Methods
In this project, the analysis was carried out using Tableau, which provides easy visual data exploration without the need for coding. The choice of methods was based on their ability to show clear relationships and comparisons among key variables.
For predictive analysis, visual comparisons like scatter plots and line graphs were used to identify trends between factors such as Studytime vs G3 and Absences vs Performance [11]. 
For clustering, Tableau’s colour grouping and segmentation features were used to visually identify patterns between different groups of students - for example, comparing male and female consumption of alcohol or analysing how parental education levels affect outcomes.
These methods were chosen because they make it simple to detect trends, correlations, and variations in student data through visual representation.
How the Analysis Was Conducted
After importing the cleaned dataset into Tableau, all 33 attributes were available for exploration. Data fields such as Studytime, Absences, Failures, Parental Education, and Final Grades (G3) were used to create visual relationships [12]. 
For predictive analysis, calculated fields were created to show how changes in one factor (like study time) influence another (like final grade). For example, a scatter plot between Studytime and G3 revealed a positive relationship, showing that students who studied more generally achieved higher grades.
For clustering, Tableau’s grouping tools were used to categorise students based on characteristics such as gender, parental education, and social habits. For example, groups of students with low study time and high absences were compared with those who had regular study habits and good attendance. This helped in identifying patterns between different types of learners.


Clustering Results and Performance Comparison
The analysis revealed several interesting patterns and relationships within the dataset.
Studytime vs G3: Students who studied longer had consistently higher final grades. The pattern showed that steady effort over time contributed positively to academic success.
Absences vs G3: There was a clear negative relationship between absences and performance - as absences increased, grades tended to decrease.
Gender and Parental Education: Female students slightly outperformed male students overall. Additionally, students whose parents had higher education levels often achieved better academic results.
Failures and Performance: Students who failed previous years had lower final grades, showing that early intervention could improve future success.
By comparing these results visually, Tableau made it easy to identify which factors had the strongest impact on performance. The combination of demographic, behavioural, and academic attributes provided a complete picture of student achievement patterns.
Interpretation of Findings and Patterns
The findings highlight that consistent study time, low absenteeism, and supportive family backgrounds strongly contribute to better student performance. Clustering revealed that high-performing students shared common traits, such as good attendance and longer study periods, while lower-performing students often struggled with motivation or family-related challenges.
These insights suggest that schools can use this type of data analysis to identify students at risk early and design targeted interventions, such as extra study sessions or attendance improvement programs [13]. 
The predictive analysis confirmed that final grades (G3) can be reasonably estimated using early indicators such as G1, G2, and Studytime. Meanwhile, clustering helped show that not all poor performance is due to lack of ability - some patterns may be linked to social or personal factors.

STATISTICAL EXPLORATION

Clustering Math1: Absences and G3
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Interpretation
Clear negative correlation: As absences increase, final grades tend to decrease.
Cluster differentiation: Each cluster reflects distinct attendance and performance patterns, useful for targeted interventions or support strategies.










Clustering Maths 2: G1, G2 and G3
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Interpretation
Strong positive correlation: Higher G1 and G2 scores reliably predict higher final grades.
Cluster insight: Early academic performance is a powerful indicator of final success, suggesting the value of early support and monitoring.



Clustering Maths 3: G1, G2, G3 and Absence 
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Interpretation
Negative correlation: Increased absences are linked to lower academic achievement across all grading periods.
Cluster insight: Attendance is a strong predictor of sustained academic success, reinforcing the importance of student engagement.









Portuguese Clustering 1: Guardian and Failures 
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Interpretation
Guardian influence: Maternal guardianship correlates with better academic outcomes.
Support strategy: Schools should encourage family engagement and offer targeted assistance to students lacking direct parental support.








Portuguese Clustering 2: Health, Absence and G3
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Interpretation
Positive correlation: Better health and fewer absences contribute to stronger academic outcomes.
Support strategy: Schools should invest in health education and attendance initiatives to boost student success.











Portuguese Clustering 3: Studytime, Family support and G3
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Interpretation
Positive correlation: Family support combined with longer study time leads to stronger academic achievement.
Support strategy: Schools should encourage parental engagement and provide structured programs to assist unsupported students.








STATISTICAL EXPLORATION

Maths Prediction 1: Studytime and G3
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The chart shows that students who study more earn slightly higher math grades (G3), indicating a mild positive trend. However, the prediction value (4114) remains constant, suggesting it serves as a static reference rather than reflecting actual performance variation.

Prediction Maths 2: Failures and Age
[image: ]

The analysis shows a slight positive link between age and failures - older students tend to have more, likely from repeated years. Younger students perform better, while a few older ones with no failures stand out as exceptions. The findings suggest the need for targeted support and early intervention for struggling students.

Prediction Maths 3: Freetime and G3
[image: A graph with blue dots and numbers
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The chart shows that students reported free time has minimal impact on their final math grades. Despite varying levels of free time (1–5), average grades remain around 10, with only a slight increase of 0.05 points per level. The prediction model shows a nearly flat trend, indicating no meaningful correlation. While a few outliers with high free time and strong grades exist, the overall insight suggests that factors like study time and attendance are more influential. Schools are encouraged to guide students in using free time wisely and consider combining it with other variables for better predictive accuracy.




Prediction Portuguese 1: Walc, Dalc and Age
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The analysis shows older students (17–22) consume slightly more alcohol than younger ones (15–16). A few younger students show high use, suggesting early risky behavior. Schools should promote awareness and healthy habits.

Prediction Portuguese 2: Freetime and G3
[image: A graph with blue dots and a line
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The chart shows a slight negative relationship between final grades (G3) and free time - students with higher grades tend to have less leisure time. The trend line (Free time = -0.035 × G3 + 3.9) indicates a minor trade-off between academic effort and relaxation, suggesting that high achiever’s study more. Educators should promote balanced study habits to ensure students maintain both performance and well-being.

Prediction Portuguese 3: Studytime and Medu
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The chart shows a positive link between study time and mothers’ education (Medu). Students with more educated mothers study longer and perform better, while those with less educated mothers’ study less. This highlights the impact of family background, suggesting schools should promote parental involvement and study support programs.







Prediction Portuguese 4: Studytime and Medu
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The chart shows a slight positive link between fathers’ education (Fedu) and study time, with students of more educated fathers studying marginally longer. However, maternal education (Medu) has a stronger influence, showing greater impact on study time and academic success.

[bookmark: _Toc213964966]1.5 Business Recommendations
The analysis shows that study time, family support, and parental education strongly influence academic success. Students with more study hours and supportive families achieve higher final grades (G3), while frequent absences, low parental education, and higher alcohol use lead to poorer results. Good attendance and health also contribute to better performance [14]. 
Schools should strengthen family involvement through communication, workshops, and awareness programs. Study skills sessions and attendance monitoring can help manage time and reduce absenteeism. Teachers should support at-risk students through mentoring and healthy lifestyle programs.
These insights can guide broader educational strategies. Predictive models can help identify struggling students early, improving retention and success. Policymakers can use data-driven approaches to design fair, effective educational interventions [15]. 
[bookmark: _Toc213964967]1.6 Reflection
The analysis of the Student Performance dataset in Tableau revealed key factors influencing academic success, such as study time, family support, and parental education. Predictive and clustering models effectively highlighted positive relationships between these factors and student outcomes. Tableau’s visualisations made it easy to interpret correlations and improved efficiency through automated trend detection.

A major strength was linking behavioural and social factors - like absences, alcohol use, and health - to performance, offering a holistic view of achievement. The clean dataset also reduced preparation time and improved accuracy.

However, challenges included formula errors in calculated fields, difficulty displaying trend 
lines, and managing categorical versus numerical data. Some predictive models were limited to linear relationships, reducing precision.
Future improvements could include advanced algorithms, automated cleaning tools, and adding qualitative data for deeper insights. Overall, Tableau proved effective for educational analytics, helping schools identify and support students more efficiently.

[bookmark: _Toc213964968]Conclusion 
[bookmark: _Toc213964969]The analysis of the Student Performance Dataset revealed that study time, attendance, and family support are the most significant predictors of academic success. Students with stronger parental education and healthier habits generally performed better. Tableau proved highly effective for visualising and interpreting these relationships, despite some challenges in predictive modelling. The findings highlight the importance of early intervention, family engagement, and balanced study habits in improving outcomes. Overall, this project demonstrates the value of data mining in education turning raw student data into meaningful insights that can guide schools in developing data-driven strategies for long-term academic improvement. 
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