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Summary 
This study aimed to predict student final results using machine learning models based on 
demographic and assessment data from the Open University dataset. The project implemented 
Logistic Regression, Random Forest and XGBoost to classify students into four categories: 
Distinction, Pass, Fail and Withdrawn. Among the models tested, XGBoost outperformed 
Logistic Regression and Random Forest, achieving the highest accuracy (63.46%) and F1- score 
across multiple categories, followed by Logistic Regression (58.42%) and Random Forest 
(57.34%).  

The study also identified key challenges, including class imbalance, numeric data bias and 
overfitting risks, which reduced the models’ effectiveness in predicting minority categories. To 
improve on the model’s performance, future work should focus on handling class imbalance 
through applying GridSearchCV for hyperparameter tuning, and incorporating additional 
categorical variable to enhance classification. 

This study highlights the potential of machine learning in educational data analysis but 
emphasizes the need for further refinements to ensure fairness and reliability in predicting 
student performance at the Open University.  

 



 

Introduction & Problem Definition 
For the modern educational landscape, predicting student performance has become an 
essential tool for academic institutions. Machine Learning (ML) techniques offer a data-driven 
approach to identifying students at risk of failing and optimising intervention strategies. This 
project leverages demographic and assessment data from the Open University dataset to build 
predictive models for student results. 

To achieve this, three machine learning models were implemented:  

- Logistic Regression: A baseline model for understanding linear relationships. 
- Random Forest: An ensembled model that spots and captures complex interactions. 
- XGBoost: A High-performance boosted model which is optimised for structured data. 

Dataset Overview: 

- StudentInfo.csv 
- Assessments.csv 
- StudentAssessment.csv  

 

 

Problem 

Educational institutions continuously seek ways to improve student retention rates and overall 
academic performance success. Through predicting student outcomes this helps Open 
University to offer targeted support, allocate resources effectively, and improve learning 
experiences. However, this task presents several complex challenges: 

1. Complex Data Relationships: Student performance is influenced by multiple factors, 
including demographics and the number of previous attempts. 

2. Class Imbalance: Certain outcomes “Withdrawn” occur less frequently and occur more 
spontaneously due to mitigating circumstances outside of university life. 

3. Feature Selection: What attributes correlate most with academic success. 
4. Computational Costs: How can we run advanced models that require significant 

computational power on a laptop. 

 



 

Aims 

This project aims to build, compare and evaluate machine learning models to determine the 
most effective approach for predicting student success. By addressing these challenges, the 
study serves to provide actionable insights for educational data analysis for the Open University 
and lay the foundation for future improvements into student performance. 

 

Exploratory Data Analysis (EDA) 
Missing Values: The dataset was refined by identifying and removing missing values from 
two sections: imd_band (9315 missing values) and date (4018 missing values). These columns 
were dropped to ensure data integrity and streamline further analysis. 

 

 

Histogram Analysis: The dataset was refined by removing entries where the number of 
previous attempts was 6, lacked Pass and Fail data. This ensures a more balanced 
representation of final result distributions across different attempt levels. 

 

 



Correlation Heatmap: The heatmap displays a Pearson correlation coefficient between 
three numerical variables: score, number of pervious attempts and final result. The colour scale 
represents the strength and direction of the correlation, with red indicating a strong positive 
correlation (1.00) and blue indicating a negative correlation (-1.00).  

  

Boxplot Analysis: The spread of student scores across the result four categories; 
Distinction, fail, pass and withdrawn Each box represents the interquartile range (IQR), with the 
median score shown as a central line. The whiskers to show data range, excluding outliers, 
which are plotted as individual points. The Distinction category shows the highest scores, while 
the fail category exhibits a wider spread with lower median values. 

 



Bar Chart: The average score by region bar chart displays the mean scores of students across 
various regions of the United Kingdom and Ireland. 

 

 

Plotly Analysis; A Python library used for Interactive visualisations. 
http://localhost:8889/notebooks/ML_Assessment.ipynb 

 

 

 

 

 

 

 

http://localhost:8889/notebooks/ML_Assessment.ipynb


Sunburst Chart: The distribution of student final results based on gender, with average scores 
represented through a colour gradient. The colour gradient is to represent the score 65 to 100. 

 

  

Sunburst Chart (M): Male students who achieved Distinction attained the highest average 
score of 89.16, followed by those who Passed with an average score of 76.24. Students who 
Withdrew recorded an average score of 68.96, while those who Failed had the lowest average 
score of 64.23.  

 

 

 

Sunburst Chart (F): Female students who achieved Distinction recorded the highest average 
score of 87.4, followed by those who Passed with an average score of 76.57. Students who 
Withdrew had an average score of 68.75, while those who Failed obtained the lowest average 
score of 65.98.  

 



Model Selection & Performance Evaluation 
Model Selection and Training: To predict student results, multiple machine learning models 
were selected and trained to compare their effectiveness. 

 

Logistic Regression:  

 

Random Forest Classifier: 

 

XGBoost Accuracy: 

 

 

       



Classification Report: The comparative analysis of F1-scores across Logistic Regression, 
Random Forest, and XGBoost highlights distinct performance variations in predicting different 
student outcomes: Distinction (0), Fail (1), Pass (2), and Withdrawn (3). 

     

Confusion Matrix for XGBoost: Confusion Matrix for the XGBoost model illustrating the 
classification performance across four student outcome categories: Distinction (0), Fail (1), 
Pass (2), and Withdrawn (3).  

 



Conclusion & Future Work 

Evaluation Data Analysis (EDA) 
For analysing our merged dataset there were over 9315 values found in the ‘imd_band’ category 
and 4018 values in the ‘date’ column that were removed due to these restrictions. In conducting 
Boxplot analysis, there were wider distributions for the pass student group as the number of 
previous attempts increased. The distinction student group saw a shorter distribution as the 
number of previous attempts increased until after four previous attempts where a distinction 
was ineligible. In further boxplot analysis, it revealed a higher and more narrow distribution of 
scores for the pass student group compared to the fail student group which showed a broader 
and lower distribution of scores. To analyse the average scores by region a bar chart of all 
regions in the UK and Ireland were performed. The highest performing region by average score 
was the northern England region while the northwest England region had on average the worst 
performing scores. The 2nd worst performing region was London which could be due to a greater 
variety in university enrolment options. The heatmap shows weak correlations, suggesting 
scores and attempts have minimal impact on results; other factors likely influence 
performance. To provide an overview of open university scores by gender, a sunburst chart was 
generated using Plotly. Male students outperformed female students in the Distinction category, 
achieving an average score of 89.16 to 87.4 for females. However, female students had a 
marginally higher average score in the pass category 76.57 compared to Male students 76.24. 
The withdrawn category showed minimal difference, with males averaging 68.96 and females 
68.75, suggesting similar disengagement patterns. This highlights that males tend to dominate 
the top-performing category, whereas female students maintain a more balanced performance 
across all outcomes.  

Model Performance 
The performance of the machine learning models- Logistic Regression, Random Forest and 
XGBoost were selected to demonstrate significant challenges in classified underrepresented 
categories due to class imbalance. The Distinction (0) and withdrawn (3) groups have notably 
lower F1-scores which is indicated by the confusion matrix. Among the three models tested, 
XGBoost demonstrated the highest accuracy (63.46%) and F1-score across multiple categories, 
outperforming Logistic Regression (58.42%) and Random Forest (57.34%).  

Future Work 
A key challenge in this study is the class imbalance issue, particularly for the Distinction (0) and 
withdrawn (3) categories, which are underrepresented and consequently at a high rate. This 
issue may be exacerbated by analysing only numeric data, which skews classification towards 
majority groups, limiting the model’s ability to accurately capture minority class patterns. A low 
predictive accuracy for these categories highlights the need for alternative preprocessing 
techniques such as hyperparameter tuning and incorporating categorical variables.  

Future work should involve GridSearchCV to refine model parameters and reduce variance. 
Another concern is the presence of confounding variables, particularly in withdrawn cases, 
where external factors beyond academic performance such as financial difficulties and 
personal circumstances which contribute to withdrawal. Furthermore, feature importance 
analysis from XGBoost suggests that certain features, ‘is_banked’ dominate predictions, 
potentially overlooking other relevant attributes that may improve student classification. 


