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Predictive Modelling and K-Means Clustering of Secondary School Student Performance: A CRISP-DM Approach Using Tableau Analytics
[bookmark: _Toc213982276]Introduction
This assignment applies data-mining techniques to the well-known Portuguese Secondary School Student Performance dataset from the UCI Machine Learning Repository. The dataset is especially valuable because it combines academic, behavioural, and demographic attributes, making it suitable for identifying patterns that influence student achievement. The analysis aims to understand factors affecting final grades and to generate evidence-based recommendations that schools can use to better support learners. Tableau Desktop was used to perform supervised linear regression and unsupervised k-means clustering, following the principles of the CRISP-DM methodology. The report is organised into six tasks covering data understanding, preprocessing, modelling, evaluation, and the translation of results into actionable school recommendations, supported by academic literature and visual analytics.
[bookmark: _Toc213982277]Purpose and Practice of Data Mining
Data mining systematically uncovers patterns and insights from large datasets, supporting evidence-based decisions. It helps convert raw data into actionable insights to enhance efficiency, planning, and outcomes. In business, data mining optimises decision-making, recognises trends, and forecasts behaviour []. Models like CRISP-DM guide projects to be consistent, reliable, and aligned with goals [].
Common data mining techniques include classification for categorising data, clustering to group similar records and uncover structures, and regression for modelling and predicting numerical outcomes []. These help organisations understand patterns, forecast outcomes, and design targeted interventions. For example, clustering is used for customer or student segmentation to tailor services [].
In the education sector, data mining—often known as Educational Data Mining (EDM)—supports student performance assessment, early warning systems, personalised learning, and academic decision-making []. EDM allows institutions to identify factors affecting achievement and create timely interventions that enhance student success.
[bookmark: _Toc213982278]Dataset Description and Data Exploration
The datasets used in this study originate from the UCI Machine Learning Repository, created by Paulo Cortez and Alice Silva at the University of Minho for a project on predicting Portuguese secondary-school student performance []. They include academic, demographic, and social data from two public schools in Portugal’s Alentejo region during 2005–2006, collected through school records and questionnaires, producing two datasets for Mathematics and Portuguese Language.
Both datasets were converted from CSV to Excel for preprocessing in Tableau (Figures 1, 2 & 3). Data validation ensured consistency: categorical attributes were limited to predefined lists (e.g., Male/Female, Yes/No, Urban/Rural), while numeric and ordinal variables were confined to valid ranges (e.g., 1-5 for scaled responses or 0-20 for grades). Missing values were checked via filter scans and global searches, with no issues detected, confirming the dataset's integrity for analysis.Figure 1; the dataset, before converting and preprocessing


Figure 2; the dataset, before converting and preprocessing
Figure 3: the dataset converted and processed

During data validation, all fields were checked against relevant constraints. Please see figures (4 & 5).Figure 5: “famrel” column data validation; only allows the inclusion of whole numbers between (1-5). This means mistakes will be notified. Also, the "Ignore blank" option is unchecked, indicating that missing values are not allowed and will be detected.
Figure 4; school column data validation; only permits the inclusion of (GP, MS). This means errors are not allowed. Also, the "Ignore blank" option is unchecked, indicating that missing values are not permitted and will be identified.

 
The mathematics dataset comprises 395 students described by 33 attributes, covering demographic, social, family, and academic variables such as age, parental education, study time, absences, and three performance measures (G1, G2, G3). These attributes are of mixed types: nominal (e.g., gender, address type, parental job), ordinal (e.g., study time, health status), and continuous (e.g., age, grades, absences). This variety supports both categorical and numerical analyses suitable for classification, clustering, and regression tasks [].
Initial analysis of the Mathematics dataset revealed that most students aged 15–18 (Figure 6), with a balanced gender distribution and slightly more students from urban areas, scored within a similar range. G3 grades are primarily clustered around 11–13 on a 0–20 scale, indicating moderate achievement. The relationships between academic and behavioural variables suggested that prior grades and attendance levels influenced final results, in line with findings from [] Early assessments and absenteeism affected performance.
Figure 6: Initial visual analysis shows that most students are aged 15-18.


Overall, the dataset provides a comprehensive and well-organised basis for both predictive and exploratory data-mining tasks related to student performance modelling.
[bookmark: _Toc213982279]Data Pre-processing and Post-processing
Data preprocessing is crucial in data mining, ensuring datasets are accurate and consistent for effective analysis. As noted in [] the quality of any model depends on input data reliability. Using CRISP-DM, preprocessing involved primary and secondary phases, then data preparation for Tableau and post-processing of results.
[bookmark: _Toc213982280]Primary Pre-processing
The initial phase involved cleaning, organising, and validating the dataset to eliminate errors and inconsistencies. The student performance data—originally from the UCI repository and documented in []—was provided in CSV format and converted into Excel workbooks for easier management. Each dataset (Mathematics and Portuguese) was checked for consistency in structure, column order, and attribute names.
A data validation framework was established to restrict entries to valid, predefined values. For categorical attributes, drop-down lists were used (e.g., Male/Female, Yes/No, Urban/Rural). Ordinal attributes such as family relationships, health, or study time were limited to whole numbers from 1 to 5. Numeric features, such as grades (G1, G2, G3), were constrained to values between 0 and 20. These rules maintained data integrity and prevented illogical or out-of-range entries.
To verify data completeness, two methods were used: filter-based blank scanning and global keyword search. Both confirmed no missing or invalid values, indicating high data quality and eliminating the need for imputation. This aligns with [] emphasising that clean data reduces bias and improves model reliability.
[bookmark: _Toc213982281]Secondary Pre-processing
The second phase refined data for analysis, focusing on variable formatting, attribute categorisation, and feature consistency. Nominal variables like gender, parental job, and school support were kept as text labels instead of numerical encoding, preserving interpretability and allowing Tableau to classify dimensions and measures automatically.
Continuous attributes like age, absences, and grades were formatted as numeric fields with specific decimal precision. Ordinal variables such as study time, health, and family relationship were kept as integers but are treated as ordered categories for visualisation. According to [] the dataset was checked for outliers that could skew averages; no extreme values outside the original UCI dataset boundaries were found.
[bookmark: _Toc213982282]Data Preparation for Tableau
The cleaned Excel dataset was imported into Tableau Desktop for exploration and visual analytics. Tableau automatically detected field types, assigning Dimensions to categorical variables and Measures to numeric variables. Field aliases were adjusted for readability (for example, renaming “famsup” to “Family Support” and “studytime” to “Weekly Study Time”) (Figure 7). Hierarchies were created to group conceptually related features—such as demographic, behavioural, and academic attributes—facilitating the creation of structured dashboards.Figure 7: fields were renamed for readability


Data relationships were verified using summary statistics and correlation views. For example, Tableau’s Describe function was used to inspect ranges and averages, confirming that numeric distributions matched expected academic scales. This phase ensured that all measures were normalised for accurate visual comparison and further predictive analysis. The use of Tableau for pre-analysis aligns with modern business intelligence practices emphasised in [], where visual exploration aids early insight generation and reduces data-preparation errors.
[bookmark: _Toc213982283]Post-processing of Data
Post-processing involved interpreting, formatting, and exporting analytical results for presentation. After creating descriptive summaries and correlation visuals, the results were prepared for inclusion in the research report via screenshots and structured commentary. Each chart (e.g., Family Relationship vs Final Grade, Study Time vs G3) was annotated with clear titles and average indicators to emphasise the observed trends.
Key model outputs like regression coefficients, p-values, and cluster centroids were exported from Tableau to Excel for documentation and cross-checking. This enabled review of numerical results alongside visualisations, ensuring consistency and improving interpretability by providing explicit references for relationships, cluster differences, and trends. As described in [] this relates to the evaluation and deployment stages where insights are validated and prepared for decision-making. These summaries, paired with visualisations, serve as practical tools for the school's academic monitoring, intervention planning, and management. (figures 8, 9 & 10)Figure 8: showing and exporting regression summary

Figure 9: Displaying and exporting clustering summary
Figure 10: showing full and summary clustering results for documentation and export.

Through these pre- and post-processing stages, the dataset was successfully transformed from its raw UCI format into a validated, structured, and visually interpretable analytical resource, ensuring reliability, transparency, and reproducibility across all subsequent Tableau and predictive modelling stages.
[bookmark: _Toc213982284]Analysis, Methods and Results
Two algorithmic approaches—linear regression and k-means clustering—were selected based on the dataset and study goals. Linear regression was chosen because G3 is continuous, suitable for predicting numerical outcomes, and has shown strong, interpretable results in previous research []. It also aligns with CRISP-DM by providing transparency on the predictors' influence []. K-means clustering was selected as a complementary unsupervised method because the dataset contains both academic and behavioural attributes that form multidimensional patterns [], []. Its use in Tableau offers visual clarity of performance groups, aiding decision-making. These data mining techniques help discover meaningful patterns: Prediction estimates a target variable, while clustering finds natural groups without labels. Combining both provides insights into relationships and structural patterns in student performance, supporting actionable insights in schools.
[bookmark: _Toc213982285]Model Execution in Tableau
Prediction Model (Linear Regression)
The prediction model was created by plotting G2 (second-term grade) on the x-axis and G3 (final grade) on the y-axis, ensuring that Tableau’s Aggregate Measures option was off so that each student record was analysed separately. A linear trend line was added through Tableau’s modelling interface. The resulting regression equation, G3 = 1.10211 × G2 - 1.39276, demonstrates a strong, statistically significant positive association, with p-values for both the slope and the intercept below 0.0001. The slope of 1.10 indicates that for every one-point increase in G2, the predicted G3 increases by approximately 1.1 points, highlighting the close academic continuity between second-period and final assessments (Figure 11). This finding is consistent with prior studies noting that earlier grades are among the strongest predictors of final academic achievement [], [].Figure 11: Linear regression trend line showing the positive predictive relationship between second-period grades (G2) and final grades (G3).






	Linear Regression Model Output for Predicting Final Student Performance (G3) Based on Second-Period Grades (G2)

	Statistic
	Result
	Interpretation / Meaning

	Regression Equation
	G3 = 1.10211 × G2 − 1.39276
	Final grade increases by ~1.1 points for every one-point increase in G2.

	Slope (Coefficient for G2)
	1.10211
	Strong positive relationship; G2 is a strong predictor of G3.

	Intercept
	−1.39276
	Baseline predicted G3 when G2 = 0.

	p-value (Slope)
	< 0.0001
	The relationship between G2 and G3 is statistically significant.

	t-value (Slope)
	42.1391
	Very strong evidence that G2 significantly predicts G3.

	Overall Interpretation
	—
	Students’ second-period performance (G2) is a highly reliable indicator of final achievement (G3).



Clustering Model (K-means in Tableau)
Clustering was performed on a scatter plot with G2 and G3 as axes. The clustering engine was then extended by adding G1, absences, studytime, and failures as additional input variables through the “Edit Clusters” interface. The number of clusters was manually set to three, providing a pedagogically meaningful segmentation consistent with educational classifications (high, medium, and low performers). Tableau normalised the variables before clustering and applied its k-means algorithm to generate groups.
Figure 12: Scatterplot with three-cluster k-means segmentation, showing clear performance groupings derived from academic and behavioural variables.


The cluster diagnostics reported 395 data points distributed across three clusters:
· Cluster 1: 240 students
· Cluster 2: 69 students
· Cluster 3: 86 students (Figure 13)
Figure 13: A summary and description of the Cluster result.

The cluster centroids reveal critical performance distinctions:
Cluster 1 represents a large middle-performing group (G3 ≈ 11.69) with moderate absences (≈ 6.39) and almost no prior failures (0.08). These students exhibit stable performance but limited study engagement (studytime ≈ 1.68).
Cluster 2 is the lowest-performing group (G3 ≈ 3.96), distinguished by the highest number of past failures (≈ 1.48). Despite moderate absences, these students consistently underperform academically, indicating that behavioural factors beyond attendance—such as prior attainment—are significant risk indicators. This pattern closely aligns with findings in [], which identified historical failure as a leading risk predictor.
Cluster 3 represents the highest-performing group (G3 ≈ 12.03), characterised by the highest studytime (≈ 3.31), low failure rates (0.11), and moderate absences (≈ 4.64). This suggests that academic success is more strongly associated with study engagement and prior performance than strict attendance, echoing insights from [].
Interpretation of Findings
The prediction model confirms the dominant role of prior academic performance in shaping final outcomes. The strong, positive regression relationship indicates that students’ G2 scores serve as a reliable indicator of G3 performance. When triangulated with the clustering results, a more comprehensive understanding emerges while G2 drives prediction accuracy, behavioural variables such as studytime and failures differentiate performance groups. High-performing students tend to combine strong early grades with sustained study engagement, whereas the lowest-performing group is characterised by high failure history and minimal studytime, even when absences are not excessive.
The multidimensional patterns identified through clustering reinforce the importance of integrating behavioural attributes into educational decision-making models. These findings align with the literature on data-driven educational analytics, which emphasises the combined influence of psychosocial, behavioural, and academic factors on student success. [] [].


	K-Means Clustering Results Showing Three Distinct Student Performance Groups Derived from Academic and Behavioural Attributes

	Cluster
	Size (n)
	Mean G2
	Mean G3
	Absences
	Studytime
	Failures
	Interpretation / Group Profile

	Cluster 1
	240
	11.54
	11.69
	6.39
	1.68
	0.08
	Middle performers; stable grades, moderate absences, very low failures, low studytime.

	Cluster 2
	69
	5.94
	3.96
	4.66
	1.68
	1.48
	At-risk students; lowest grades, highest failure history, low study engagement.

	Cluster 3
	86
	12.24
	12.03
	4.64
	3.31
	0.11
	High achievers; highest studytime, low failures, strong performance even with moderate absences.



Absences vs G1, G2, and G3
The Tableau visualisations examining the link between student absenteeism and academic performance (G1, G2, and G3) show a consistent trend: moderate attendance is associated with higher achievement. Students with 1–5 absences achieved the highest scores across all three assessment periods, with averages of 11.3 (G1), 11.50 (G2), and 11.64 (G3). This group consistently outperforms students with no absences, who have notably lower averages, particularly for G2 (9.86) and G3 (8.44). (Figures 14, 15, and 16)
Figure 14: Relationship between Absences and First-Period Grades (G1)

Figure 15: Relationship between Absences and Second-Period Grades (G2)

Figure 16: Relationship between Absences and Final Grades (G3)

This counterintuitive outcome suggests that students with perfect attendance may not necessarily be the top performers. Research in educational analytics shows that moderate absences can occur among high-achieving students who occasionally miss school for reasons unrelated to disengagement, such as extracurricular activities or medical appointments [].
Performance declines gradually for students with 6–10 absences (e.g., G3 = 11.40), and the decline becomes more significant when absences exceed 11, with G3 falling to 10.15. This aligns with findings from [], which emphasises the negative impact of behavioural variables—such as chronic absenteeism—on academic outcomes.
Overall, the pattern illustrates a non-linear relationship:
· Moderate absences (1–5) >>> highest performance
· Very low absences (0) >>> lower-than-expected performance
· High absences (11+) >>> clear performance decline
These findings align with earlier research showing that absenteeism is a key predictor of academic risk, but that student performance is influenced by a broader mix of educational, behavioural, and psychosocial factors [].
This insight, earlier, informed the predictive modelling stage by highlighting absenteeism as a relevant variable and suggesting that its effect may not be strictly linear. The visual evidence from Tableau therefore supports including absences as a behavioural predictor in the G3 prediction model, while also suggesting that more complex, non-linear modelling techniques might capture its influence more accurately.
[bookmark: _Toc213982286]Business (School) Recommendations
The analysis reveals clear patterns from prediction and clustering models that can guide school interventions. The regression model shows that G2 performance predicts G3 outcomes, highlighting early academic challenges that can be addressed. This supports research indicating that earlier assessments forecast final achievement []. Clustering identified three groups: high achievers with strong records, middle students with few failures and limited study, and at-risk students with low grades and previous failures. These patterns align with educational data mining literature, emphasising behavioural and historical indicators. [].
Schools should implement early academic monitoring for G1 and G2 students to support those showing declining progress. Priority should be given to at-risk students, especially those with multiple failures, who display signs of disengagement. Support strategies such as small-group tutoring, supervised sessions, and personalised plans would benefit this group. For mid-ability pupils, increasing study time and encouraging self-directed learning could enhance achievement. High achievers might benefit from enrichment activities or advanced courses to maintain engagement and foster academic development.
Beyond the school environment, the analytical framework applied here can support wider educational policy decisions by identifying systemic trends in attendance, study behaviour, and performance. The methods demonstrated in this study align with broader applications of data mining in education to enhance resource allocation, intervention planning, and institutional strategies []. By implementing these data-driven recommendations, schools can enhance student outcomes through more targeted, evidence-based decisions.
[bookmark: _Toc213982287]Reflection
The analytical process in this study revealed both the advantages and limitations of using data mining techniques in an educational setting. The predictive and clustering models created in Tableau effectively identified important performance patterns and grouped students into meaningful categories. Once properly set up, the regression model clearly demonstrated the strong linear link between earlier and final grades, providing a dependable foundation for making school-level recommendations. Likewise, the clustering method produced understandable groupings that matched educational theory and genuine behavioural differences. These results illustrate the usefulness and efficiency of accessible visual analytics tools in supporting academic decision-making.
However, the process also exposed several methodological challenges. Initial attempts to develop predictive models were hampered by Tableau misinterpreting numeric grades as aggregated values, leading to invalid equations. This necessitated iterative troubleshooting, including reconciling data types, disabling aggregate measures, and rebuilding the visualisation multiple times. Clustering was also initially turned off, highlighting Tableau's sensitivity to configuration details such as aggregation settings and mark-level fields. These challenges highlight broader limitations in relying solely on visual tools for complex data mining tasks, especially when compared to more specialised tools that provide clearer diagnostic feedback. They also underline the importance of thoroughly familiarising oneself with the software environment before conducting analysis.
Future work could benefit from supplementing Tableau with more advanced tools like Python or R to expand modelling options, validate results, and decrease reliance on Tableau’s automated algorithms. Adding more variables, temporal data, or longitudinal tracking might further improve predictive accuracy. A more thorough evaluation process—with cross-validation or performance metrics—would enhance the reliability of the insights and support more sophisticated educational interventions.
[bookmark: _Toc213982288]Conclusion
The analysis showed that earlier academic performance, especially G2, is a strong predictor of final achievement, while behavioural factors such as study time and failure history influence distinct performance profiles within the student population. The regression and clustering models produced clear, interpretable insights consistent with established educational data-mining findings, highlighting the importance of early monitoring and targeted intervention. These results demonstrate how data-driven methods can help schools identify at-risk students, allocate resources more effectively, and design personalised support strategies. The study also illustrated the practical value of Tableau as a visual analytics tool for modelling and evaluation. Overall, the findings emphasise the educational significance of predictive analytics in enhancing student outcomes and guiding school-level decision-making.
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