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Abstract
This study investigates the application of machine learning techniques to predict and analyse player engagement within online gaming environments. Both supervised and unsupervised learning approaches were implemented to gain predictive and behavioural insights from gameplay data. Decision Tree and Support Vector Machine (SVM) classifiers were employed to predict engagement levels, whilst K-Means clustering was used to identify distinct player segments based on behavioural patterns.
The dataset was pre-processed using stratified sampling and feature standardisation to ensure fair model evaluation. Hyperparameter tuning was conducted using GridSearchCV with cross-validation to optimise model performance. Results demonstrated that the tuned Decision Tree model achieved the highest predictive accuracy (90.25%), outperforming the SVM across most evaluation metrics. Feature importance analysis revealed that behavioural variables, including session frequency and session duration, were the strongest predictors of engagement, whereas demographic factors had minimal influence.
Additionally, K-Means clustering identified ten player segments, highlighting both high-value and at-risk groups. Although cluster separation was limited, meaningful behavioural trends were observed, enabling actionable insights for retention strategies.
Overall, the findings confirm that combining supervised and unsupervised learning approaches provides both individual-level prediction and group-level behavioural understanding. This integrated approach offers valuable support for data-driven decision-making in the gaming industry, particularly in improving player retention, personalisation strategies, and game design.
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This assignment will cover the application of machine learning techniques to predict and analyse player engagement in online gaming environments. Understanding player behaviour is essential for game developers to enhance user experience, optimise retention strategies, and design engaging gameplay. The study utilises both supervised learning methods (Decision Tree and SVM classifiers) for predicting engagement levels and unsupervised learning techniques (clustering algorithms) to identify patterns and segments among players. By combining these approaches, this assignment aims to convert data-driven insights into practical recommendations for the gaming industry.
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Online gaming studios often face the challenge of engaging a diverse player base with varying demographics, gaming habits, and preferences. High player engagement is directly linked to improved retention, increased revenue from in-game purchases, and overall game success. [1] Accurately predicting engagement levels enables studios to design game features, promotions, and difficulty settings tailored to different player groups. [2] In addition, clustering, an unsupervised machine learning technique, can uncover hidden groups of players with similar behaviours that are not immediately apparent from the data and may not be revealed through supervised learning alone. [3] Previous studies have demonstrated that machine learning models, such as Decision Trees and Support Vector Machines (SVMs), can effectively predict user behaviour, while clustering methods like K-Means are particularly useful for identifying behavioural groups. [4] In addition, player engagement at both the individual and group level is crucial for tailoring personalised experiences and improving overall satisfaction. [5] By analysing demographic information, gaming frequency, and how long players spend playing the game, studios can gain deeper insights into which players are at risk of losing interest. [6] Supervised learning models, such as Decision Trees and SVMs, provide the ability to make accurate predictions about individual player behaviour, enabling corrective measures that correlate with the data. [7] Whereas clustering techniques allow studios to detect behavioural patterns that are not immediately obvious, facilitating the creation of player clusters for strategic decision-making. [8] Integrating these methods ensures that both predictive and descriptive insights are considered, enhancing the reliability of data-driven decision. [9] Moreover, combining supervised and unsupervised learning approaches can help identify factors that contribute most significantly to engagement, such as session length or purchase frequency. [10] The results of this analysis can inform game design choices, marketing campaigns, and retention strategies tailored to each player segment. [11] Therefore, adopting a data-driven approach to understanding player behaviour can lead to more engaging, profitable, and sustainable gaming experiences.
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This section outlines the experimental setup used to train, optimise, and evaluate the supervised and unsupervised learning models. The dataset was split into training (80%) and testing (20%) subsets using stratified sampling to ensure proportional representation of each engagement class. This approach minimised the risk of class imbalance distorting model performance. To prevent scale dominance, all numerical attributes were standardised using Z-score normalisation, ensuring fair feature weighting within distance-based algorithms such as SVM and K-Means.
In addition to this, for supervised learning, two classifiers were implemented: Decision Tree and Support Vector Machine (SVM). Initially, baseline models were trained using default parameters to establish benchmark performance. Hyperparameter tuning was then performed using GridSearchCV with five-fold cross-validation. This means that multiple model settings were automatically tested and evaluated using five different data splits to ensure the best-performing configuration was selected reliably.
For the Decision Tree, key settings, such as maximum tree depth and minimum sample requirements for splits and leaf nodes, were optimised to enhance model performance. The macro-averaged F1-score was selected as the primary evaluation metric. This means the model was judged fairly, not just on the largest group, but on all player types equally.
Furthermore, for the SVM classifier, tuning focused on key parameters including C, kernel type, and gamma. Due to the computational cost of SVM on large datasets, stratified subsampling was applied to improve efficiency whilst maintaining class balance.
Whereas, with unsupervised learning, K-Means clustering was applied to behavioural features only, excluding the target variable. The optimal number of clusters (k) was determined using both the elbow method and silhouette analysis. Values of k from 2 to 10 were evaluated to identify the most suitable cluster structure.
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Figure 1: Elbow Method and Silhouette Score Plots
Once the optimal k was selected, the final K-Means model was fitted to the full dataset. Cluster labels were attached to the dataset for further analysis. Principal Component Analysis (PCA) was also applied to reduce dimensionality and visualise clusters in two dimensions. This is demonstrated in the screenshot below.
[image: ]
Figure 2: PCA Cluster Visualisation
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This section will outline the results obtained from both supervised and unsupervised learning models. For supervised learning, the tuned Decision Tree achieved the strongest overall performance, with an accuracy of 90.25%, a macro F1-score of 0.8978, and an AUC-ROC score of 0.9363. The tuned SVM achieved an accuracy of 88.21%, a macro F1-score of 0.8767, and an AUC-ROC score of 0.9394. Although both models demonstrated strong predictive performance, the Decision Tree slightly outperformed the SVM across most evaluation metrics. These metrics are demonstrated in the table below:
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Figure 3: Model Comparison Table (accuracy, precision, recall, F1-score)


Additionally, the confusion matrix analysis revealed that both models classified Medium engagement players most accurately, with classification rates exceeding 93%. Misclassifications mainly occurred between High and Medium engagement players, indicating behavioural overlap between these groups.
[image: ]
Figure 4: Confusion Matrix for the tuned Decision Tree
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Figure 5: Confusion Matrix for SVM



Furthermore, the ROC-AUC analysis demonstrated excellent discriminative performance for both classifiers. The Decision Tree achieved an AUC of 0.9363, while the SVM achieved an AUC of 0.9394 as shown in the below graphs.
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Figure 6: ROC Curves for the Tuned Decision Tree classifier (One-vs-Rest approach)
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Figure 7: ROC curves for the tuned SVM classifier (One-vs-Rest approach)

Also, feature importance analysis from the tuned Decision Tree revealed that behavioural features were the most influential predictors of engagement. Sessions per week (44.8%) and average session duration (43.9%) were identified as the strongest predictors, followed by achievements unlocked, player level, and playtime hours. Whereas demographic features contributed minimally to the prediction process. This is presented in the bar chart below.
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Figure 8: Top 10 Feature Importances from the Tuned Decision Tree model

Lastly, the K-Means clustering algorithm was used to identify ten distinct player groups. Although the silhouette score (0.1508) suggested limited separation between clusters, clear behavioural trends were still evident within each group. Several clusters were identified as high-value segments, while others were categorised as at-risk players based on engagement allocation. This is demonstrated below with a bar chart.

[image: A chart with different colored squares

AI-generated content may be incorrect.]
Figure 9: Cluster vs Engagement Stacked Bar Chart

Discussion
The results demonstrate that supervised learning models can effectively predict player engagement. The tuned Decision Tree achieved the highest accuracy and macro F1-score, supporting previous research that highlights the effectiveness of tree-based models for behavioural classification. The dominance of behavioural variables such as session frequency and session duration confirms that consistent gameplay behaviour is a stronger indicator of engagement than demographic characteristics. 

Although the SVM achieved a slightly higher ROC-AUC score, its increased computational complexity and lower interpretability make it less suitable for real-time deployment compared to the Decision Tree. In addition to this, the interpretability of the Decision Tree model enhances its practical value for business stakeholders. This will enable easier understanding of prediction outcomes.
Furthermore, although unsupervised learning produced weaker cluster separation, it still revealed valuable behavioural observations. By identifying which players are highly engaged and which are at risk of leaving, targeted retention strategies can be applied. This highlights the importance of integrating supervised and unsupervised learning approaches to obtain both predictive and descriptive observations.
Overall, the findings demonstrate that machine learning can effectively support data-driven decision-making in the gaming industry, particularly in relation to player retention and engagement strategies.
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In conclusion, the tuned Decision Tree model achieved over 90% accuracy, demonstrating strong predictive performance. Behavioural features such as session frequency and duration were the most influential engagement predictors, whilst demographic factors showed minimal impact. Additionally, K-Means clustering identified distinct player groups, including high-value and at-risk segments. Combining supervised and unsupervised approaches enabled both individual prediction and behavioural segmentation. Overall, the findings highlight the value of machine learning for improving player retention, guiding game design, and supporting data-driven business decisions.
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Video link: https://youtu.be/Wdu5RipQxJU?si=-Vn7uJr9MXl329Dh
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# PCA 20 projection for cluster visualisation
pca = PCA(n_components=2, random_state-RANDON_STATE)

X_pca = pea.f:

plt.figure(figsize=(7,6))

plt.scatter(X_pcal:, 0], X_pca[:, 1], cclusters_full, s-10)

-_transform(X_full_scaled)

plt.title("K-Means Clusters (PCA 2D Projection)”)

plt.xlabel("PCL")
plt.ylabel("PC2")
plt.tight_layout()
plt.show()

print("PCA explained variance (%):", (pca.explained variance ratio_ * 100).round(1))
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Model Accuracy Precision (macro) Recall (macro) Fi-score (macro)
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