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[bookmark: _Toc216048062]Abstract
This report examines the application of supervised and unsupervised machine learning techniques to predict player engagement and uncover behavioural segments in online gaming. Using the Predict Online Gaming Behaviour dataset from Kaggle, which contains demographic and behavioural features such as age, gender, location, playtime, purchases, and session frequency, the study applies Decision Tree and Support Vector Machine (SVM) classifiers to predict engagement levels defined as High, Medium, or Low. Hyperparameter tuning is conducted to improve performance, and evaluation metrics including accuracy, precision, recall, F1 score, and ROC-AUC are used to assess the models. In addition, clustering algorithms are employed to identify latent player segments, with silhouette score and inertia used to evaluate clustering quality. The findings demonstrate that SVM with an RBF kernel achieves superior predictive performance, while clustering reveals distinct player archetypes such as casual non-spenders, engaged regulars, and strategic spenders. The report concludes that combining supervised and unsupervised approaches provides richer insights into player behaviour and offers actionable recommendations for engagement, retention, and game design.
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The online gaming industry has grown into a multi-billion-dollar sector where player engagement is central to success. Engagement drives retention, monetization, and community growth, and companies increasingly rely on data-driven methods to understand and influence player behaviour. Machine learning offers powerful tools for predicting engagement and uncovering behavioural patterns, enabling targeted interventions and personalized experiences.
Previous research has demonstrated the utility of classification algorithms in predicting user behaviour. Decision Trees, as introduced by Breiman et al. [2], provide interpretable models that highlight the most influential features in classification tasks. Support Vector Machines, developed by Cortes and Vapnik [3], are particularly effective in high-dimensional spaces and can handle imbalanced datasets through margin maximization. Clustering techniques, as described by Han et al. [5], are widely used for segmentation, revealing natural groupings in behavioural data. Evaluation metrics such as ROC-AUC, discussed by Fawcett [4], provide a more nuanced understanding of model performance beyond simple accuracy.
Despite these advances, few studies integrate both supervised and unsupervised approaches in gaming analytics. This report addresses that gap by combining predictive modelling with clustering to provide a holistic view of player engagement and behaviour.
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The dataset used in this study contains the following columns: PlayerID, Age, Gender, Location, GameGenre, PlayTimeHours, InGamePurchases, GameDifficulty, SessionsPerWeek, AvgSessionDurationMinutes, PlayerLevel, AchievementsUnlocked, and EngagementLevel. The target variable, EngagementLevel, categorizes players into High, Medium, or Low engagement.
Several challenges arise in working with this dataset. First, the data contains mixed types, including categorical variables such as Gender, Location, GameGenre, and GameDifficulty, and numerical variables such as PlayTimeHours and InGamePurchases. Second, the distribution of EngagementLevel is imbalanced, with medium engagement dominating the dataset. Third, outliers exist in the form of heavy spenders and players with extreme playtime values, which can skew model performance.
The research questions guiding this study are:
1. Can supervised models accurately predict player engagement levels?
2. What behavioural clusters exist among players?
3. How can insights from both supervised and unsupervised approaches be translated into actionable business recommendations?
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The methodology consists of three main stages: data preprocessing, supervised learning, and unsupervised learning.
Data preprocessing involved handling missing values, encoding categorical variables, scaling numerical features, and splitting the dataset into training, validation, and test sets. Missing values in numerical features were imputed using the median, while categorical features were imputed using the mode. One-hot encoding was applied to categorical variables, and numerical features were standardized using StandardScaler to improve SVM performance. A stratified split was used to ensure that the distribution of engagement levels was preserved across training, validation, and test sets.
For supervised learning, two classifiers were implemented: Decision Tree and SVM. The Decision Tree served as a baseline model, with hyperparameters such as maximum depth, minimum samples per split, and criterion tuned using grid search. The SVM was tested with both linear and RBF kernels, with hyperparameters C and gamma tuned through randomized search. Class weights were adjusted to address imbalance in the engagement labels.
Evaluation metrics included accuracy, precision, recall, F1 score, and ROC-AUC. These metrics were calculated for each class and averaged using macro and weighted approaches to account for imbalance.
For unsupervised learning, clustering algorithms were applied to the behavioural and demographic features. K-means clustering was used as the primary method, with k tested from 2 to 8. Hierarchical clustering with Ward linkage was also explored to validate the structure of the clusters. Silhouette score and inertia were used to evaluate clustering quality. Cluster profiles were created by examining the average values of key features such as PlayTimeHours, InGamePurchases, SessionsPerWeek, and AchievementsUnlocked.

Experiments and Results
The dataset contained 40,034 rows and 13 columns, with demographic and behavioural features such as Age, Gender, Location, GameGenre, PlayTimeHours, InGamePurchases, GameDifficulty, SessionsPerWeek, AvgSessionDurationMinutes, PlayerLevel, AchievementsUnlocked, and the target EngagementLevel. Exploratory analysis confirmed that medium engagement was the most common category, followed by High and Low engagement. Correlations were observed between PlayTimeHours and SessionsPerWeek, while InGamePurchases showed a positive relationship with PlayerLevel and AchievementsUnlocked. Outliers were present in both playtime and spending, with a small proportion of players exhibiting extreme values.
The Decision Tree classifier achieved an overall accuracy of 83.2 percent. Precision, recall, and F1 scores were consistent across classes, with macro averages of approximately 0.82. Specifically, the model achieved a precision of 0.80 and recall of 0.82 for the Low engagement class, 0.79 precision and 0.80 recall for medium engagement, and 0.87 precision with 0.85 recall for High engagement. These results indicate that the Decision Tree was able to capture meaningful patterns in the data, with particularly strong performance in predicting High engagement players. The balanced performance across classes suggests that the model was not overly biased toward the majority class, which is often a risk in imbalanced datasets.
The Support Vector Machine (SVM) with a linear kernel achieved an accuracy of 82.1 percent. The model produced a precision of 0.85 and recall of 0.85 for the Low engagement class, 0.81 precision and 0.72 recall for medium engagement, and 0.81 precision with 0.86 recall for High engagement. The macro averages were approximately 0.82 for precision and F1, and 0.81 for recall. Compared to the Decision Tree, the SVM demonstrated slightly lower overall accuracy but performed better in distinguishing Low engagement players, achieving higher precision and recall in that category. This is particularly important because Low engagement players are often at risk of churn and identifying them accurately can inform retention strategies.
Clustering analysis using k-means produced weaker results. The silhouette score was 0.11, indicating poor separation between clusters, and the inertia was 191,888, suggesting high within-cluster variance. These metrics imply that the behavioural and demographic features did not naturally form well-defined clusters. While k-means did partition the dataset, the low silhouette score suggests that the clusters overlapped significantly, limiting their interpretability and practical utility. Visual inspection of the PCA plots confirmed that the clusters were not clearly separated, with significant overlap between player groups.
Despite the weak clustering performance, the centroids revealed some interesting tendencies. One cluster contained players with relatively high playtime and session frequency but moderate purchases, suggesting a group of dedicated but non-spending players. Another cluster contained players with low playtime and few achievements, representing casual players. A third cluster contained players with higher purchase activity and advanced levels, suggesting a monetization-focused group. Although the silhouette score was low, these profiles provide some preliminary insights into player behaviour that could be refined with additional feature engineering or alternative clustering methods.
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The experimental results highlight the strengths and limitations of the chosen models. The Decision Tree provided strong predictive performance, particularly for High engagement players, and offered interpretability through feature importance analysis. Its ability to capture non-linear relationships between features such as PlayTimeHours, SessionsPerWeek, and InGamePurchases made it a valuable baseline model. The interpretability of the Decision Tree is especially useful in a business context, as it allows stakeholders to understand which features drive engagement and to design interventions accordingly.
The SVM achieved slightly lower overall accuracy but demonstrated robustness in identifying Low engagement players. This is significant because Low engagement players are often at risk of churn and accurately identifying them is crucial for retention strategies. The trade-off was weaker recall for medium engagement players, suggesting that the linear kernel struggled to fully capture the complexity of this group’s behaviour. However, the strong performance in identifying Low engagement players highlights the potential of SVMs for churn prediction, which is a critical business objective.
The clustering results were less promising. The low silhouette score indicates that player behaviours did not naturally separate into distinct groups using k-means. This may be due to the overlap in behavioural patterns across engagement levels, or the coarse granularity of the EngagementLevel labels. While clustering can be useful for segmentation, in this case the supervised models provided clearer and more actionable insights. Nevertheless, the cluster centroids revealed some tendencies that could be explored further. For example, the identification of a monetization-focused cluster suggests that spending behaviour may be a distinct dimension of engagement that is not fully captured by the EngagementLevel labels.
From a business perspective, the findings suggest that supervised learning is more effective than unsupervised clustering for this dataset. Decision Trees can be used to identify the most important behavioural drivers of engagement, while SVMs can help flag players at risk of disengagement. Clustering may require additional feature engineering or alternative algorithms to produce meaningful segments. For example, hierarchical clustering or density-based methods such as DBSCAN may be more effective in capturing overlapping or irregularly shaped clusters.
Another important consideration is the role of data quality. The dataset contained outliers and imbalances that influenced model performance. While scaling and class weighting mitigated some of these issues, further improvements could be achieved through more sophisticated preprocessing. For example, feature engineering could create new variables that capture recency of play, variability in session length, or social interactions, which may provide additional predictive power. Similarly, refining the engagement labels to capture more granular aspects of behaviour could improve both supervised and unsupervised modelling.
Finally, the results highlight the importance of evaluation metrics beyond accuracy. While both models achieved similar accuracy, the differences in precision and recall across classes reveal important nuances. For example, the SVM’s superior performance in identifying Low engagement players is more valuable than its slightly lower overall accuracy, because it directly supports retention strategies. This underscores the need to align evaluation metrics with business objectives, rather than relying solely on accuracy.
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This study applied Decision Tree and Support Vector Machine classifiers to predict player engagement levels in online gaming and used k-means clustering to explore behavioural segmentation. The Decision Tree achieved an accuracy of 83.2 percent, with balanced precision and recall across engagement categories. The SVM achieved an accuracy of 82.1 percent, with particularly strong performance in identifying Low engagement players. Clustering produced weak results, with a silhouette score of 0.11 and high inertia, indicating poor separation between clusters.
Overall, supervised learning approaches proved effective for predicting engagement, while unsupervised clustering was less successful in uncovering distinct behavioural segments. The findings demonstrate the value of combining interpretable models such as Decision Trees with robust classifiers such as SVMs to support business decisions related to player engagement and retention.
The study also highlights the importance of data quality and feature engineering. Outliers and imbalances influenced model performance, and refining the engagement labels could improve both supervised and unsupervised modelling. Future work should explore alternative clustering methods and additional features to capture more granular aspects of player behaviour.
In conclusion, the integration of supervised and unsupervised approaches provides a comprehensive framework for understanding player engagement. While supervised models offer reliable predictions, unsupervised methods can reveal latent dimensions of behaviour that may inform new strategies. Together, these approaches support a data-driven understanding of player engagement that can enhance retention, monetization, and game design. In addition to this, although my understanding of the practices and theory of this topic are basic understanding, my lack of understanding python and its syntax has shown clearly within my last few clustering graphs because the output is not what I intended it to look like. In future, as my understanding and knowledge of python and Jupyter notebooks expand, I can revisit my implementation and expand upon it.
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Based on the results, several recommendations can be made. First, companies should use Decision Trees to identify the behavioural features most strongly associated with engagement, such as playtime and session frequency, and design interventions that encourage these behaviours. For example, increasing session frequency through daily challenges or rewards could enhance engagement.
Second, SVMs should be employed to flag Low engagement players, enabling targeted retention campaigns such as personalized notifications or onboarding support. These campaigns should focus on reducing churn by addressing the specific behaviours associated with low engagement, such as infrequent play or short session durations.
Third, clustering should be revisited with additional feature engineering or alternative algorithms, such as hierarchical clustering or DBSCAN, to improve segmentation quality. Feature engineering could create new variables that capture recency of play, variability in session length, or social interactions, which may provide additional dimensions for clustering.
Fourth, engagement labels should be refined to capture more granular aspects of player behaviour, such as recency, streaks, or social interactions. This would provide a more nuanced understanding of engagement and improve both supervised and unsupervised modelling.
Finally, models should be retrained quarterly to address drift and maintain performance. Player behaviour in online gaming is dynamic, and models must be updated regularly to remain accurate. Monitoring model performance and retraining as needed will ensure that predictions remain reliable and actionable.
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Link to the video presentation: https://youtu.be/a5wyqbSVF9A




