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[bookmark: _Toc220344358]Introduction
This study uses the Predict Online Gaming Behaviour dataset to analyse how player demographics and gaming habits relate to engagement levels. Decision Tree and SVM models are developed and tuned to predict engagement, with performance evaluated using standard classification metrics. Clustering techniques are also applied to identify natural player segments based on behavioural patterns. Together, these supervised and unsupervised approaches provide insights that can support better engagement strategies, improved retention, and more informed game design.
[bookmark: _Toc220344359]Problem statement
Player engagement is a central performance indicator within the online gaming industry, shaping user retention, monetisation, and long-term game success [1]. Engagement reflects how frequently and intensely players interact with a game, but it is influenced by a wide range of demographic, behavioural, motivational, and contextual factors [2]. As modern online games generate complex and large-scale player data — including session logs, in-game purchases, progression metrics, and social interactions — the challenge for game studios is no longer data availability but the ability to interpret these rich behavioural traces effectively [3]. Traditional analytical methods struggle to capture the dynamic, nonlinear nature of player behaviour, making machine learning a critical tool for understanding and predicting engagement.
Recent studies highlight the increasing effectiveness of supervised learning approaches in predicting engagement-related outcomes. A multimodal study on Tom Clancy’s The Division 2 (2023) demonstrated that machine learning models can accurately predict engagement using a combination of gamepad telemetry and pixel-level gameplay data, illustrating the potential of ML for complex behavioural modelling [4]. Similarly, a 2024 review on churn prediction showed that classical machine learning models such as Decision Trees and SVMs remain highly effective when applied to detailed behavioural datasets, outperforming simpler statistical baselines in long-term retention prediction tasks [5]. These findings support the use of Decision Trees and SVM classifiers in this project as practical tools for predicting player engagement levels based on demographic and gaming-behaviour features. 
However, supervised models despite being strong in predicting, do not uncover the underlying structure of behavioural differences within the player population. This motivates the use of unsupervised learning to discover latent player segments. A large-scale 2024 study on a massively multiplayer mobile game used time-series clustering, graph-based clustering, and behavioural-attribute clustering to uncover distinct player groups differing in activity levels, social involvement, and in-game style [6]. The research showed that clustering can reveal nuanced behavioural categories that traditional segmentation methods fail to identify, demonstrating the value of unsupervised learning for understanding player diversity.
Additionally, recent work on cross-game behavioural modelling has shown that engagement and churn prediction frameworks can generalise across multiple games using limited labelled data, supporting the idea that transferable behavioural patterns can be learned from structured gameplay data [7]. Such findings reinforce the value of machine learning approaches for modelling player engagement across diverse gaming contexts. Collectively, these studies indicate that both supervised and unsupervised learning approaches not only enhance predictive accuracy but also improve the interpretability of player behaviour, enabling more personalised and effective game-design strategies.
[bookmark: _Toc220344360]Methodology
The study uses the Predict Online Gaming Behaviour Dataset. The dataset contains over 40,000 records representing individual players in an online gaming environment. Each record includes demographic attributes (such as age, gender, and location), gameplay behaviour (including playtime, session frequency, and in-game purchases), and a target variable indicating player engagement level classified as High, Medium, or Low.The dataset was selected due to its relevance to player behaviour analysis and its suitability for both supervised and unsupervised machine learning techniques.

[bookmark: _Toc220344361]Data Exploration
Initial data exploration was conducted to understand the structure and characteristics of the dataset. This included examining column names, data types, summary statistics, and the distribution of the target variable. Visualisation techniques, such as count plots, were used to assess class balance among engagement levels.
Exploratory analysis confirmed that the dataset was sufficiently balanced and did not contain significant missing values, allowing for direct preprocessing and modelling.
[bookmark: _Toc220344362]Data Preprocessing
To prepare the data for machine learning models, several preprocessing steps were applied. One being Categorical Encoding where Categorical variables were transformed into numerical representations using label encoding. This was necessary because machine learning algorithms require numerical input. Furthermore, Target Variable Encoding was also used. The engagement level variable was encoded into numerical labels corresponding to High, Medium, and Low engagement. Feature Scaling was also integrated Standardisation was applied using a StandardScaler to normalise feature values. Feature scaling was particularly important for the Support Vector Machine and K-Means clustering algorithms, to ensure that all variables contributed equally to the model, preventing features with larger numerical ranges from dominating distance-based algorithms. Additionally, the dataset was split into training (80%) and testing (20%) subsets. 80% assigned for training and remaining for testing to evaluate model performance on unseen data and reduce the risk of overfitting.
[bookmark: _Toc220344363]Supervised Learning Models
[bookmark: _Toc220344364]Decision Tree Classifier
A Decision Tree classifier was implemented as a supervised learning model to predict player engagement levels. Decision Trees were selected due to their interpretability and ability to model non-linear relationships.
An initial baseline model was trained, followed by hyperparameter tuning using GridSearchCV. Parameters such as maximum tree depth, minimum samples per split, and minimum samples per leaf were optimised to improve generalisation and reduce overfitting.

[bookmark: _Toc220344365]Support Vector Machine (SVM)
A Support Vector Machine classifier was also implemented to compare performance with the Decision Tree model. The SVM was trained on scaled features and configured to output class probabilities to support evaluation using AUC-ROC metrics.
Hyperparameter tuning was performed using GridSearchCV, optimising parameters such as the regularisation parameter (C), kernel type, and gamma value. This allowed the model to achieve optimal decision boundaries for multi-class classification.

[bookmark: _Toc220344366]Model Evaluation
Model performance was evaluated using multiple metrics to ensure a comprehensive assessment. These include Accuracy, Precision, Recall, F1-score and AUC-ROC (multi-class, one-vs-rest approach). Confusion matrices were also used to visualise classification performance and identify common misclassification patterns across engagement levels.
[bookmark: _Toc220344367]Unsupervised Learning: Clustering
[bookmark: _Toc220344368]K-Means Clustering
To uncover hidden behavioural patterns among players, K-Means clustering was applied to the scaled feature set. This unsupervised approach aimed to segment players based on similarities in demographics and gameplay behaviour.
The optimal number of clusters was determined using The Elbow Method which is based on inertia values and Silhouette Score Analysis, measuring cluster separation and cohesion. Then, cluster labels were assigned to each player and analysed to interpret behavioural characteristics of each segment.

[bookmark: _Toc220344369]Dimensionality Reduction for Visualisation
Principal Component Analysis (PCA) was applied to reduce the high-dimensional feature space into two components. This enabled visual inspection of cluster separation and improved interpretability of clustering results without affecting model training.
This methodology integrates supervised and unsupervised machine learning techniques to analyse player engagement from both predictive and exploratory perspectives. By combining classification models with clustering and visualisation techniques, the approach provides both performance-driven insights and behavioural understanding to support strategic business decisions.


[bookmark: _Toc220344370]Experiments 
The experiments were designed to evaluate the effectiveness of supervised and unsupervised machine learning techniques in analysing player engagement. Two supervised classification models: a Decision Tree and a Support Vector Machine (SVM) were trained to predict player engagement levels. In addition, K-Means clustering was applied to identify hidden behavioural patterns among players. The dataset was split in a 80/20 ratio for training and testing. This was used to ensure reliable model evaluation while maintaining sufficient training data. Hyperparameter tuning was performed using GridSearchCV with five-fold cross-validation to optimise model performance and reduce overfitting.
[bookmark: _Toc220344371]Decision Tree Experiments
A baseline Decision Tree classifier was first trained using default parameters. This provided an initial point for performance evaluation. Subsequently, hyperparameter tuning was conducted by optimising parameters such as maximum tree depth, minimum samples per split, and minimum samples per leaf.
The tuned Decision Tree model demonstrated improved generalisation performance compared to the baseline model, indicating the importance of parameter optimisation in controlling model complexity.
[bookmark: _Toc220344372]Support Vector Machine Experiments
A Support Vector Machine classifier was trained using standardised features. A baseline SVM model was initially evaluated, followed by hyperparameter tuning to optimise the regularisation parameter, kernel type, and gamma value. The tuned SVM achieved comparable performance to the Decision Tree model, demonstrating its effectiveness in handling high-dimensional behavioural data.
[bookmark: _Toc220344373]Clustering Experiments
For unsupervised learning, K-Means clustering was applied to the scaled dataset. The optimal number of clusters was determined using both the Elbow Method and Silhouette Score analysis. Based on these metrics, three clusters were selected as they provided a suitable balance between compactness and separation. Following clustering, players were assigned cluster labels and analysed to identify behavioural differences across segments.

[bookmark: _Toc220344374]Discussion	 
The findings of this study demonstrate that both supervised and unsupervised machine learning techniques can effectively analyse and interpret player engagement behaviour in an online gaming environment.
The Decision Tree and Support Vector Machine (SVM) models both achieved strong predictive performance, with accuracies of approximately 0.90 and 0.89 respectively after hyperparameter tuning. The relatively small difference in accuracy suggests that both models are suitable for engagement prediction; however, the Decision Tree slightly outperformed the SVM across most evaluation metrics.
One key advantage of the Decision Tree model is its interpretability. The visualisation of the tree structure and feature importance allows stakeholders to understand which gameplay and demographic factors most strongly influence engagement. This transparency is particularly valuable in a business context, where model insights must often be explained to non-technical personnel for decision making. In contrast, while the SVM demonstrated strong generalisation capability, its decision-making process is less interpretable, which may limit its practical usefulness despite comparable accuracy.
Misclassification patterns observed in the confusion matrices indicate that most errors occurred between adjacent engagement classes, such as Medium and High engagement. This is expected, as behavioural differences between these groups may be subtle, suggesting that engagement exists on a spectrum rather than as strictly separated categories.
The application of K-Means clustering revealed three distinct player segments, each exhibiting unique behavioural characteristics. These clusters broadly aligned with expected engagement patterns, such as highly engaged players with frequent sessions and higher in-game purchases, moderately engaged players with balanced behaviour, and low-engagement players with minimal activity.
The use of the Elbow Method and Silhouette Score provided justification for the chosen number of clusters, supporting the reliability of the segmentation. Additionally, PCA visualisation demonstrated reasonable separation between clusters, further validating the clustering results.
Unlike supervised learning, which relies on predefined labels, clustering provided new insights into player behaviour by identifying patterns not explicitly captured by engagement levels alone. This highlights the complementary nature of unsupervised learning in behavioural analysis.
The supervised models focused on predicting known engagement levels with high accuracy, making them well-suited for automated engagement classification and monitoring. In contrast, The unsupervised clustering approach provided insight into player behaviour by grouping players with similar characteristics, helping to identify distinct player types.
Together, these approaches provide a more comprehensive understanding of player behaviour. While supervised learning answers the question of what engagement level a player belongs to, unsupervised learning helps explain why different groups of players behave differently.
Despite the strong performance of the models, several limitations should be acknowledged. First, the dataset represents a snapshot of player behaviour and does not account for temporal changes over time. Engagement patterns may evolve, and future work could incorporate time-series analysis to capture these dynamics. 
Overall, interpretability, performance, and business applicability must all be considered when selecting machine learning models for player engagement analysis. The Decision Tree emerged as the most suitable model due to its balance of accuracy and clarity, while clustering added valuable behavioural context that supports data-driven decision-making.

[bookmark: _Toc220344375]Conclusion
This study set out to analyse and predict player engagement in an online gaming environment using both supervised and unsupervised machine learning techniques. Using the Predict Online Gaming Behaviour dataset, Decision Tree and Support Vector Machine (SVM) models were developed to classify player engagement levels, while K-means clustering was applied to explore underlying behavioural patterns among players.
The results showed that both supervised models performed well, with the tuned Decision Tree achieving the highest accuracy, followed closely by the tuned SVM. Hyperparameter tuning improved model performance compared to the baseline versions, demonstrating the importance of optimisation when developing predictive models. Evaluation metrics such as accuracy, precision, recall, F1-score, and AUC-ROC confirmed that the models were effective at distinguishing between high, medium, and low engagement players.
In addition to supervised learning, the unsupervised clustering approach provided valuable exploratory insights into player behaviour. By grouping players based on demographic and behavioural features, distinct player segments were identified. Although clustering does not use labelled outcomes, the silhouette score and elbow method indicated that meaningful groupings were formed, offering an alternative perspective on player engagement patterns.
Overall, this project highlights the value of combining supervised and unsupervised learning approaches when analysing player behaviour. Predictive models support accurate engagement classification, while clustering enhances understanding of player segments. Together, these insights can assist game developers in making data-driven decisions related to player engagement, retention strategies, and game design improvements.

Youtube Video Link: https://youtu.be/8SqAshfSzto
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