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[bookmark: _Toc227700356]Abstract
This project looks at how player engagement can be predicted using machine learning models and how different types of players can be grouped based on their behaviour. Using the Predict Online Gaming Behaviour Dataset, the objective is to classify players into High, Medium, and Low engagement levels using two models, Decision Tree and Support Vector Machine (SVM). Using K-means clustering to identify hidden player behaviours. The models were evaluated using accuracy, precision, recall, F1-score, and AUC-ROC. They were improved with hyperparameter tuning. 
[bookmark: _Toc227700357]Introduction
Online gaming platforms collect large amounts of data about how players interact with games. Accurately analysing player engagement is essential for game developers as this data can be used to better understand player engagement. This is important for keeping players active and increasing long term player retention. Players who are more engaged are more likely to continue playing and extend the life of the game.
Machine learning is often used for data analysis making it easier to automate the process of finding trends and hidden patterns in data. Classification models can be used to predict engagement levels and clustering can be used to help identify different behaviours of players. This streamlines the process for developers to gain insights into their player base.
In this project both supervised and unsupervised learning techniques are used. Decision Tree and SVM models are applied to predict engagement levels. While K-means clustering is used to discover hidden patterns among players.
[bookmark: _Toc227700358]Problem Statement 
Online games generate a large amount of player data, but it can be difficult to use this data effectively to understand player engagement. Engagement is influenced by several factors such as playtime, number of sessions and purchases, which makes it challenging to identify clear patterns.
The main aim of this project is to predict player engagement levels (High, Medium, Low) using available behavioural and demographic data. In addition, the project aims to identify different types of players based on their behaviour using clustering techniques.
By applying both classification models and clustering, the goal is to better understand how players interact with the game and to provide insights that could support decisions related to player retention and game design.
[bookmark: _Toc227700359]Literature 
Previous research has shown that player engagement in online games is influenced by a combination of behavioural and demographic factors. Features such as playtime, session frequency, and in game progression are commonly identified as strong indicators of engagement [1]. Highly engaged players tend to play more frequently, have a higher playtime and progress further into the game. Whereas low engagement players typically show lower activity and shorter sessions [2].
Machine learning has been widely used to analyse player behaviour and engagement. Decision Tree models are often used in this context because they are easy to interpret and can clearly show how different variables influence outcomes. For example, they can reveal simple rules, such as players with high session frequency and frequent in game purchases being more likely to have high engagement. This makes Decision Trees particularly useful for explaining results to stakeholders that aren’t technical [3].
Support Vector Machines (SVM) are also commonly applied in classification tasks and are known for their strong predictive performance [4]. Unlike Decision Trees SVM can handle more complex and non linear relationships between variables. This is especially true when combined with appropriate kernels. This makes them effective when engagement depends on multiple interacting factors rather than a single feature.
In addition to classification methods, clustering techniques such as K-means are frequently used to segment players into different behavioural groups [5]. These segments can provide valuable insights into different types of players such as active players, casual players and those at risk of disengagement. Identifying these groups allows game developers to design targeted strategies such as personalised content or retention campaigns.
Overall, existing studies suggest that combining supervised learning methods with unsupervised techniques provides a more complete understanding of player behaviour [2]. While classification models help predict engagement levels, clustering helps uncover hidden patterns that can support better decision making in game design and player retention strategies.
[bookmark: _Toc227700360]Methodology
[bookmark: _Toc227700361]Dataset
The dataset used in this project contains demographics related to behaviours of players in online gaming environments. The dataset is called ‘Predict Online Gaming Behaviour Dataset’. The features included are age, gender, location, game genre, playtime, session frequency, average session duration, player level, achievements unlocked, and whether the player makes purchases in the game. The target variable is EngagementLevel, which is categorised into three classes: High, Medium, and Low. This makes the problem a multiclass classification task.
[bookmark: _Toc227700362]Data preprocessing
Before modelling, several preprocessing steps were taken to ensure it was suitable for analysis. The dataset was first divided into predictor variables and the target variable. Any features that did not provide meaningful information were then removed. For example, the PlayerID attribute was excluded, as it is just an identifier and does not contribute to the model’s predictive performance.
Categorical features were converted into numerical values using dummy encoding, while numerical features were scaled to a similar range to prevent any single feature from dominating the model. The dataset was also split into numerical and categorical columns by identifying data types with each group listed for clarity. Missing values were handled using imputation where values were filled in based on patterns in the existing data. These preprocessing steps were carried out using Scikit-learn.
[bookmark: _Toc227700363]Model Development
Model development was conducted using Scikit-learn. This provided tools for training and validating machine learning models. The dataset was used to train the selected algorithm allowing the model to learn patterns and relationships between features and the target variable. Additional libraries were used for data manipulation and numerical operations throughout the development process, these include Pandas and NumPy.
For this project, two supervised learning models were developed. The first being Decision Tree Classifier, this is a tree based model that splits data into branches based on feature values. This model is easy to capture non linear relationships between variables. 
Support Vector Machine (SVM): A classification model that identifies optimal decision boundaries (hyperplanes) to separate classes. SVM is effective in handling complex relationships in data and provides strong generalisation performance. It is particularly suitable for high dimensional datasets and can model non linear patterns using kernel functions.
[bookmark: _Toc227700364]Evaluation Metrics 
The performance of the model was evaluated using a range of evaluation metrics from Scikit-learn to assess its accuracy and effectiveness. Libraries such as Matplotlib and Seaborn were used to present a visualisation of the results to provide insights into model performance.
Model performance was evaluated using:
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[figure 1]
Precision and recall were calculated to evaluate the model’s ability to correctly identify positive cases and minimise false positives and false negatives. The F1 score was used to provide a balance between precision and recall, making it particularly useful for datasets with class imbalance. A classification report was generated to summarise these metrics across all classes.
Additionally, a confusion matrix was used to visualise the model’s predictions compared to actual values helping to identify patterns of misclassification. The ROC-AUC score was included to measure the model’s ability to distinguish between classes providing insight into its overall classification performance.
[bookmark: _Toc227700365]Hyperparameter Tuning
Hyperparameter tuning was performed using GridSearchCV with cross validation. This approach systematically evaluates multiple combinations of model parameters to identify the configuration that produces the best performance. To reduce the risk of overfitting, cross validation was used to ensure that the model generalises well to unseen data.
For the Decision Tree model, different settings such as how the data is split, how deep the tree can grow, and the minimum number of samples needed for splits and leaf nodes were tested. These settings help control how complex the model becomes and reduce the risk of overfitting. For the SVM model, different settings such as the regularisation parameter (C), kernel type, and gamma were tested. These parameters affect how the model separates the data and handles more complex patterns. The best parameter combinations were selected based on the weighted F1 score, as it provides a balanced evaluation across all classes.
[bookmark: _Toc227700366]Clustering
K-Means clustering was applied to identify distinct player segments based on behavioural and demographic features. The target variable was excluded to ensure that clustering was based purely on inherent patterns within the data.
To determine the optimal number of clusters, multiple values of K were tested ranging from 2 to 8. The Elbow Method was used to analyse inertia, which measures the compactness of clusters, while the Silhouette Score was used to evaluate how well separated the clusters are.
The Elbow Method identified a point where the reduction in inertia began to slow, indicating diminishing returns from increasing the number of clusters. Although the silhouette score was highest at K = 2, a value of K = 3 was selected as it provided a better balance between cluster separation and meaningful segmentation of player behaviour.
The final clustering results were analysed using cluster averages and engagement distributions to interpret player segments.
[bookmark: _Toc227700367]Experiments
The experimental process was carried out in three stages: baseline classification, hyperparameter tuning, and clustering analysis.
First, the dataset was explored to understand its structure, feature types, and overall distribution. Basic checks such as summary statistics and visualisations were used to identify patterns and relationships between variables.
Next, the data was prepared for modelling. The features and target variable were separated. The dataset was split into training and testing sets using an 80:20 ratio. Stratified sampling was used to keep the distribution of engagement levels consistent across both sets.
Baseline models were then trained using a Decision Tree and a Support Vector Machine (SVM). These models were evaluated on the test set using accuracy, precision, recall, F1 score, and AUC-ROC to understand their initial performance.
After this, hyperparameter tuning was applied to improve the models. GridSearchCV with 5 fold cross validation was used to test different parameter combinations, as seen in figure 2. For the Decision Tree, parameters such as tree depth and minimum samples were adjusted to control overfitting. For the SVM, parameters like C, kernel type, and gamma were tested to improve classification performance.
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[figure 2]
Once the supervised models were evaluated, K-Means clustering was applied to identify player segments. The target variable was removed so that clustering was based only on player behaviour. Different values of K (from 2 to 8) were tested, and both the Elbow Method and Silhouette Score were used to decide the most suitable number of clusters.
The clusters were analysed by looking at average feature values and how engagement levels were distributed within each group. This helped to identify meaningful player segments and draw practical insights.
[bookmark: _Toc227700368]Results
The performance of the Decision Tree and SVM models were evaluated using accuracy, precision, recall, F1 score, and AUC-ROC. Both baseline and tuned versions of the models were compared.
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[figure 3]
The results in figure 3 show that the SVM model achieved the highest overall performance with an AUC-ROC score of approximately 0.94. The Decision Tree model showed significant improvement after hyperparameter tuning with accuracy increasing from approximately 0.83 to 0.90. This shows that tuning helped reduce overfitting and improved the model’s ability to generalise.
Overall, the SVM model achieved the best performance, particularly in terms of AUC-ROC, indicating strong class separation. However the tuned Decision Tree model also performed well and provided a more interpretable alternative.
For clustering, K-Means was applied to identify player segments. The optimal number of clusters was selected as K = 3 based on the Elbow Method and Silhouette Score. The silhouette score indicated moderate cluster separation, suggesting that while the clusters were not perfectly distinct, they still captured meaningful patterns in the data.
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[figure 4]
[image: ]The cluster analysis revealed differences in player behaviour, particularly in session frequency and in game purchases. These results provide a useful foundation for further interpretation and business insights.






[figure 5]
[bookmark: _Toc227700369]Conclusion
This study successfully applied machine learning techniques to analyse player behaviour and predict engagement levels. The SVM model demonstrated the best predictive performance while the Decision Tree model showed significant improvement after tuning. Clustering analysis revealed meaningful player segments that can support targeted strategies for engagement and retention.
The combination of supervised and unsupervised learning provides a comprehensive understanding of player behaviour. These insights can help game developers make informed decisions to improve user experience and maximise long term success.
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