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Online gaming and the entertainment industry as a whole have quickly become a data-heavy landscape in which player habits and behaviours can be analysed to optimise player retention, gameplay design tactics and monetisation.

Machine learning is increasingly being used within the game industry to help identify and understand patterns revolving around the engagement of players. In particular, classification models such as Support Vector Machines and Decision Trees. SVMs focus on finding boundaries between different classes; this can perform exceptionally well when there are overlapping classes. Decision trees, on the other hand, split the data into multiple branches; this can make them relatively easy to interpret. Machine learning can also group similar players using clustering. This can be helpful as it can identify some behavioural segments that may not be obvious.

This project will use a dataset of player behaviours and evaluate both decision tree and SVM models for predicting engagement levels. It also includes clustering techniques which group players based on features such as their behaviour and demographics. The aim is to examine how effective these particular machine learning methods are at predicting engagement levels and what insights can be found out about the player groups.
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Player involvement is shaped by a range of behavioural and demographic characteristics, with complex interactions among these factors making the prediction of player engagement in online games a significant challenge. To guide decisions related to game design, marketing, and retention strategies, developers aim to identify players who are likely to remain engaged and those at risk of discontinuing play. Manual identification of patterns in large datasets is impractical, and traditional statistical methods may fail to capture non-linear relationships among multiple variables.

Machine learning techniques offer a potential solution, as they are capable of modelling complex patterns in data and generating predictive insights.[1] Supervised learning enables the training of models that classify players into different engagement levels based on historical data.[2] Decision trees and support vector machines are two widely used classification methods, each offering distinct advantages depending on the dataset and modelling objectives.[3] The selection and tuning of hyperparameters can significantly influence model accuracy, making fine-tuning an essential step for optimal performance.[4]

Beyond forecasting engagement levels using predefined categories, it is essential to explore whether players can be grouped according to similar behaviours or characteristics. Clustering techniques, such as k-means, facilitate the discovery of latent structures within the data. [5] Identifying these groupings can enhance developers' understanding of player types and their patterns of interaction with the game.

The primary aim of this project is to develop and evaluate machine learning models that accurately classify player engagement levels, as well as to apply clustering methods to identify meaningful player groups. Key objectives include assessing the performance of decision tree and support vector machine models, determining the impact of hyperparameter optimisation, and extracting insights from unsupervised clustering. The overarching goal is to support developers in making data-driven decisions that enhance user satisfaction, engagement, and retention.
[bookmark: _Toc217336675]Methodology
The dataset used for this project contained information about the behaviour and demographics of players of online games and the players’ engagement levels.
The data was first analysed to identify if there were any missing values or inconsistencies with formatting. After this examination, pre-processing steps were carried out, which included handling any missing data, encoding categorical variables and scaling numerical features.

Analysis of the engagement level variable showed that there was an overrepresentation of the medium engagement class in comparison to the High and low engagement levels. An approach was used to address this issue that preserves the class proportions in both subsets. This approach helped reduce any bias towards the medium engagement class while maintaining the original distribution of the data.

Multiple supervised learning models were implemented, which predicted the players’ engagement: a Decision tree classifier and a Support Vector Machine. The models were first trained with default parameters to determine a benchmark performance. These models were evaluated using accuracy, precision, recall and F1-score, which will be used as a reference point in later comparisons. 

Hyperparameter tuning was then conducted, which improved the model’s performance. In the case of the decision tree, a five-fold cross-validation grid search was used to determine which combination of parameters works the best.

For the SVM, tuning was focused on the penalty parameter, kernel type and the gamma value. Due to the higher computational cost associated with SVM tuning, a reduced subset of data was used for training during the search for the best parameters before retraining the best model on the full dataset. A three-fold cross-validation was used to determine the best-performing combination of parameters.

Both the Decision tree and the SVM were evaluated using the same baseline benchmarks, including accuracy, precision, recall and F1-score. The AUC-ROC scores were also calculated, which helped with assessing the discrimination of the models for multi-class classification. These results were compared with those after the tuning to determine if the model had improved and which model had the best overall performance.

In addition to having the two supervised learning models, unsupervised clustering was also carried out to identify groups with similar characteristics. A K-means algorithm was applied, and the number of clusters used was determined using an elbow curve, which involved plotting inertia values for different numbers of clusters and identifying a point at which increasing the number of clusters resulted in diminishing returns. Clustering performance was then assessed using the silhouette score and inertia values, the resulting clusters were then analysed to identify any potential behavioural patterns amongst players.
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Analysis of the player engagement levels showed that there was an imbalance between the classes. The medium engagement class accounted for around 48.4% of the players, whereas High and Low engagement players accounted for approximately 25.8% of the data. Due to this imbalance, stratified sampling was used to ensure that class proportions were preserved within the dataset.
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The benchmark models of the decision tree and Support Vector Machine were trained using the same default parameters. The baseline Decision Tree achieved an overall accuracy of 83.7% whereas the baseline SVM attained an accuracy of 81.7%.

Per-class evaluation displayed that both of the baseline models performed best on the medium engagement class, with lower performance on both the High and Low engagement classes. The Decision Tree produced an F1-Score of 0.83, and the SVM produced an F1-Score of 0.81. Both of these results indicate that there is room for improvement, especially in the case of handling the minority classes.

[bookmark: _Toc217336678]Decision Tree Results

The hyperparameter tuning of the decision tree was conducted using a grid search with five-fold cross- validation. This resulted in the optimal configuration being selected which consisted of a maximum depth of 10, a minimum of 10 samples per leaf and a minimum split size of 2. This specific configuration achieved a macro F1-Score of 0.9012.

When evaluate on the test set, the Decision Tree achieved an accuracy score of 90.3%. Class-level performance showed an average F1-Score of 0.90 varying from 0.88 for low engagement to 0.92 for medium engagement. The model also achieved an AUC-ROC score of 0.9363, this suggests a strong discriminative ability between engagement levels.
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The SVM model was tuned using a subset of the original training data due to the large computational cost associated. The optimal parameters selected resulting from this testing was an RBF kernel with a regularisation parameter of C = 1 and the gamma set to ‘scale’. The best cross-validation macro F1-Score achieved during the tuning was 0.8378.

After retraining the model with the full dataset, the SVM achieved an accuracy score of 88.2%. Per-class F1-Scores had an average of 0.88 ranging from 0.86 for Low engagement and 0.90 for medium engagement. The AUC-ROC score was 0.9394 which was ever so slightly higher than the Decision Tree which indicated a strong class separation.

[bookmark: _Toc217336680]Model Comparison
Comparing both of the tuned models shows that the Decision Tree achieved a higher overall accuracy score as well as a higher macro F1-Score than the SVM. The SVM however achieved a marginally higher AUC-ROC score. Both of the models improved their performance after the tuning which confirms the effectiveness of hyperparameter training.
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Clustering was also applied to identify which groups of players had similar characteristics. The K-means algorithm was used with the ideal number of clusters being determined using the elbow curve method. The elbow curve indicated that an optimal K value was that of 10 clusters.

The resulting clustering resulted in a silhouette score of 0.151 which indicates a weak separation. Which shows that the players behaviours form a continuous spectrum rather than distinct groups. The clustering did however reveal some meaningful patterns. 
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The results demonstrate that hyperparameter tuning is essential for maximising model performance, with the tuned Decision Tree showing an 8.4% improvement over the baseline. The Decision Tree's superior interpretability, combined with comparable performance to SVM, makes it the recommended model for deployment. The tree structure can be directly translated into business rules, enabling re al-time engagement prediction without requiring specialised machine learning infrastructure.

The relatively weak cluster separation (silhouette score 0.151) is not unusual for player behaviour data, which often exhibits continuous rather than discrete patterns. Nevertheless, the clusters provide meaningful segmentation for business purposes. The identification of at-risk clusters enables proactive intervention through targeted retention campaigns, whilst high-value clusters can be prioritised for loyalty programmes.

Comparing supervised and unsupervised approaches reveals complementary strengths. Supervised learning excels at predicting known categories with high accuracy but cannot discover patterns beyond the training labels. Unsupervised learning reveals natural groupings that may not align with predefined categories, offering novel insights for segmentation. The optimal strategy combines both approaches: using supervised models for engagement prediction and unsupervised clustering for customer segmentation and personalisation.
Limitations of this study include the dataset's static nature, which does not capture the temporal dynamics of player behaviour. Future work could incorporate sequence modelling techniques such as LSTMs to predict engagement trajectories over time. Additionally, the class imbalance, whilst addressed through stratified sampling and F1-macro-optimisation, could be further mitigated using techniques such as SMOTE or class weighting.
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Based on the analysis findings, the following recommendations are proposed for the game development studio:
Deploy the tuned Decision Tree model for real-time engagement prediction, enabling automated identification of players at risk of disengagement. The model's 90.2% accuracy and interpretable structure make it suitable for production deployment.
Focus game design efforts on enhancing achievement systems and session-based rewards, as these features showed the highest predictive importance for engagement levels.
Implement differentiated retention campaigns based on cluster membership, with proactive outreach to at-risk clusters and loyalty rewards for high-value segments.
Consider personalised experiences rather than broad segmentation, given the continuous nature of player behaviour indicated by the clustering analysis.
Establish a monitoring framework to track model performance over time and retrain as player behaviour patterns evolve.
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