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[bookmark: _Toc215840197]Abstract
This project uses machine learning to explore player behaviour patterns and predict engagement levels in online gaming. Using the Predict Online Gaming Behaviour dataset [1], we apply supervised learning models and clustering techniques to analyse gameplay habits. Decision Tree and Support Vector Machine (SVM) classifiers are developed and evaluated using accuracy, precision, recall, F1 score, and ROC-AUC, with hyperparameter tuning applied to improve performance.
K-means clustering investigates behavioural patterns within the player base. While tuned models achieved strong predictive performance, clustering on behavioural features mostly confirmed what engagement labels already showed, though it revealed specific behavioural thresholds and demonstrated that demographic factors don't matter for segmentation.
The study demonstrates the effectiveness of supervised learning for engagement prediction. Richer gameplay features will be required for more accurate behavioural segmentation in future work. 
[bookmark: _Toc215840198]Introduction
Player engagement is a key performance metric in the game industry. By maximising player engagement, companies can support the overall success and longevity of their games. With growing player data availability, machine learning methods offer practical means of identifying behavioural patterns and modelling engagement-related outcomes to support data-driven decision making.
Supervised learning approaches are particularly useful for this task. They use labelled data to learn relationships between player behaviours and engagement levels. In this project, Decision Trees and Support Vector Machines (SVMs) are applied for this purpose. Unsupervised learning is also explored through k-means clustering to determine whether natural behavioural patterns exist. Together, these approaches provide a foundation for understanding engagement patterns and assessing machine learning techniques in online gaming contexts. 
[bookmark: _Toc215840199]Problem Statement
Understanding how players behave within online games is vitally important for improving player experience and supporting long-term game success. Engagement is closely linked to how actively and consistently players interact with a game, yet identifying behavioural factors that influence engagement can be difficult due to gameplay data volume and complexity. Machine learning offers a structured way to analyse this information, allowing developers to make evidence-based decisions about game design and player support.
This project addresses whether machine learning models can accurately predict player engagement using demographic and behavioural features, and whether unsupervised learning techniques can uncover behavioural patterns within the player base. We'll use the Predict Online Gaming Behaviour dataset, applying supervised learning models (specifically Decision Trees and Support Vector Machines) to classify engagement levels. K-means clustering will explore whether patterns emerge from gameplay habits. The overall aim is to evaluate these techniques and assess whether they can be used for understanding and predicting engagement in online games.
[bookmark: _Toc215840200]Literature Review
Machine learning is now commonly used to analyse player data in modern games. Recent studies show that behavioural measures such as playtime, progression and purchasing habits can offer valuable insight into how engaged a player is and how they continue to interact with a game. Research in the games industry highlights the value of data-driven approaches, with several research papers showing that predictive models can help identify behavioural patterns linked to engagement and the likelihood that a player will continue playing. A study into player churn and engagement by Mulla et al. [2] demonstrated that machine learning models can effectively capture the behavioural and demographic factors associated with continued play. Their findings show that variables such as playtime, progression, and purchasing behaviour contribute significantly to predicting whether players will remain engaged.
The behavioural features used in this project, such as playtime and session frequency, are consistent with those used in previous studies. Classification models such as Decision Trees, Logistic Regression, Random Forests, and Support Vector Machines have been shown to perform effectively on player-related prediction tasks, often using features similar to those found in the dataset used for this project. Research by Romero-Mendez et al. [3] showed that deep neural networks were able to identify complex relationships within gameplay data for engagement prediction. While this study focused on deep learning, it reinforces that behavioural features effectively model engagement across machine learning approaches.
Research into unsupervised learning has also been used across entertainment and serious gaming environments to identify behavioural patterns that are not always clear with traditional data analysis methods. A study into serious gaming, carried out by Gombolay et al., demonstrated that k-means clustering was effective for identifying groups of players with similar behaviours and strategies [4]. This process of grouping players based on behavioural similarities can be applied to this study’s dataset. This will allow us to explore whether distinct player clusters are formed based on engagement levels and gameplay habits. 
Based on these studies, we can see that machine learning is an effective means of modelling player behaviour and predicting outcomes. By drawing on these approaches, we will see whether machine learning models can accurately predict engagement levels in our dataset and whether clustering can uncover any meaningful behavioural patterns.
[bookmark: _Toc215840201]Methodology
[bookmark: _Toc215840202]Overview
The analysis is based on the Predict Online Gaming Behaviour dataset, which contains just over 40,000 player records. The dataset contains a mixture of demographic information and gameplay related metrics, which are listed in the table below. 
	Demographic
	Gameplay

	Age
	GameGenre

	Gender
	PlaytimeHours

	Location
	InGamePurchases

	
	GameDifficulty

	
	SessionsPerWeek

	
	AverageSessionsInMinutes

	
	PlayerLevel

	
	AchievementsUnlocked


Figure 1: Features table 
The target variable, Engagement Level, places each player into one of three categories, which are: High, Medium and Low. 
Before modelling, the dataset was examined to ensure that there were no null values or irregularities. The isnull() method showed that there were no missing values within the set. Descriptive statistics and simple visualisations were then used to get an initial understanding of the features within the data and to identify any potential issues. No irregularities were found that required additional cleaning.
[bookmark: _Toc215840203]Preparing the Data
[bookmark: _Toc215840204]Encoding
Categorical features were converted using one-hot encoding, which creates binary columns for each category, so the model doesn't treat them as having any numerical order [5]. The target variable, Engagement Level, was handled differently with simple integer labels (High=0, Low=1, Medium=2) since the classifier just needs to tell the three categories apart rather than treat them as having any ranked relationship.
[bookmark: _Toc215840205]Training/Testing split
The dataset was split 70/30 into training and test sets to evaluate how well the models generalise to new data rather than just memorising training examples [5]. Stratified sampling maintained the same proportions of High, Medium, and Low engagement across both sets, preventing the model from becoming biased toward whichever category happened to dominate the training data [6].
[bookmark: _Toc215840206]Feature Scaling
SVMs are sensitive to feature scale because they rely on distance calculations. Since some features like Average Session Duration can hit 150+ minutes while In-Game Purchases is just 0 or 1, the bigger values would completely dominate the model. To fix this, features were scaled using StandardScaler so everything has a mean of 0 and standard deviation of 1. Decision Trees didn't need scaling since they just split based on thresholds. 
[bookmark: _Toc215840207]Decision Tree
Decision Trees work by repeatedly splitting data based on whichever feature best separates the engagement categories at each step [5]. They're good for this dataset because they handle mixed data types naturally and can capture non-linear patterns. The main problem is they overfit easily if they grow too deep, learning noise instead of real patterns [5]. Hyperparameter tuning was used to control tree depth and prevent this. 
[bookmark: _Toc215840208]SVM
SVMs find the boundary that best separates engagement levels while maximising the gap between classes. The RBF kernel allows curved boundaries by mapping data into higher dimensions, which helps when patterns are complex [7]. Since SVMs rely on distances, features needed scaling first. The C parameter controls how much the model tolerates misclassifications (higher C means stricter boundaries), while gamma determines how tightly the boundary curves around individual points [8]. These models were chosen because they handle multi-class classification and non-linear behavioural patterns well. Decision Trees offer interpretability, SVMs handle subtle boundaries, and K-means provides a straightforward way to check for natural player groupings.
[bookmark: _Toc215840209]K-Means
K-means groups players by similarity, starting with random cluster centres, assigning each player to the nearest centre, then updating centres based on those assignments [9]. This repeats until the clusters settle.
It's simple and efficient for exploring different patterns, but works best when differences between groups are clear.
[bookmark: _Toc215840210]Hyperparameters
Hyperparameters control how a model behaves and must be set before training [10]. Decision Trees, maximum depth and minimum samples per split control complexity – wrong values lead to overfitting or underfitting [9]. For SVMs, C and gamma shape the decision boundary, and finding the right balance prevents both overfitting and underfitting [11].
[bookmark: _Toc215840211]Evaluation Metrics
We used several metrics to assess how well each model performed. Accuracy measured the overall proportion of correct predictions. Precision showed how many of the positive predictions were actually correct, while recall measured how many of the actual positives the model managed to catch. The F1-score balanced these two, which was particularly useful here since Medium engagement made up nearly half the dataset.
ROC-AUC evaluated how well models could distinguish between classes. For the multi-class setup, we used one-vs-rest comparison, where each class was compared against all others. Values closer to 1 indicate better performance. 
Confusion matrices visualised how predictions lined up with actual labels across all three engagement categories.
These evaluation metrics are commonly used in machine learning for assessing both classification and clustering performance [5].
[bookmark: _Toc215840212]Results
We evaluated models using accuracy, precision, recall, F1 score and ROC-AUC to assess engagement prediction. We then tuned hyperparameters to improve performance and applied clustering to explore whether natural behaviour-based groups emerged. 
[bookmark: _Toc215840213]Decision Tree Performance
The baseline Decision Tree achieved perfect training accuracy but only 83.66% test accuracy, indicating overfitting where the model learned training data too closely. The weighted F1 was 0.84 and ROC-AUC was 0.8715, showing reasonable class separation with room for improvement. After tuning by limiting depth and adjusting minimum split samples, test accuracy improved to 89.98% with F1 of 0.90, demonstrating that controlling complexity reduced overfitting and improved generalisation. 
[bookmark: _Toc215840214]SVM Performance
The linear SVM achieved 82.27% test accuracy, slightly lower than the Decision Tree, but its ROC-AUC of 0.9149 was higher than the baseline Decision Tree, meaning it ranked engagement classes more effectively. The RBF kernel, which learns curved decision boundaries, improved performance to 88.30% accuracy and F1 of 0.88, indicating engagement levels weren't linearly separable. Tuning the RBF SVM further improved test accuracy to 88.98% with F1 of 0.89 and the highest ROC-AUC of 0.9418 across all models.
[bookmark: _Toc215840215]Overall Comparison
Both tuned models performed well, with the Decision Tree achieving highest accuracy (89.98%) and the SVM showing best class separation (ROC-AUC 0.9418). Confusion matrices revealed Medium engagement was easiest to predict, with most errors between High and Medium where behavioural differences are less clear. Supervised learning proved effective for engagement prediction, with tuning improving both algorithms.
[bookmark: _Toc215840216]Clustering Results
We used K-means clustering to explore whether natural behaviour groups existed. Initially, clustering on all features showed no clear patterns, with nearly identical profiles across groups and weak silhouette scores.
However, when we isolated behavioral features (PlayTimeHours, SessionsPerWeek, AvgSessionDurationMinutes), four distinct clusters emerged. These ranged from high-frequency extended-duration players (15 sessions/week, 134 minutes each, 84% high engagement) to low-frequency patterns. Interestingly, demographics showed no correlation with cluster membership, and all clusters had identical 20% in-game purchase rates despite vastly different engagement levels. This demonstrated that behavioural patterns, not demographics, drive engagement segmentation.
[bookmark: _Toc215840217]Discussion and Recommendations
The classification results show player engagement can be predicted effectively using supervised learning, though each model had different strengths. The Decision Tree overfit training data with default settings, while SVMs showed more consistent performance across both sets. This is common behaviour: Decision Trees can become overly complex without constraints, learning noise rather than patterns [5], while SVMs use margins to create boundaries that generalise better. This highlights why hyperparameter tuning is essential for Decision Trees, which are prone to overfitting on behavioural data where features are often correlated. 
The RBF SVM performed well even with default settings, suggesting the relationship between player behaviour and engagement is non-linear. The RBF kernel captured subtle patterns in playtime, session frequency, and progression that the linear SVM missed. However, this comes with a disadvantage: SVMs are much harder to interpret. While the Decision Tree shows exactly which features drive predictions, the SVM functions as a "black box" [12]. In a business setting, this matters. For communicating findings to game designers or management, a slightly less accurate but transparent model may be more valuable than a high-performing one that can't explain its reasoning.
The tuning results revealed both models improved, but to different degrees. The Decision Tree saw a significant boost once depth and splitting rules were constrained, while the SVM only improved slightly. This reflects a common pattern: Decision Trees benefit more from tuning because limiting complexity directly improves generalisation. SVMs are generally more stable from the start. This highlights that final accuracy alone doesn't tell the whole story [5]. Understanding how the model behaves and why it reacts to tuning is just as important.
The clustering results initially showed no patterns when examining all features. K-means didn't work well here, suggesting that combining demographic, progression, and behavioural features created too much noise to reveal meaningful patterns. However, when we isolated only behavioural features, the algorithm produced four meaningful clusters with distinct engagement patterns. The most significant was Cluster 1 (High Frequency, Extended Duration), representing nearly 25% of the player base but 84% of all highly engaged players. Compared to the other three segments which showed engagement rates below 8%, these players had a completely different routine, logging in around 15 times per week and staying for over two hours each time.
The key insight here isn't about total playtime but about how that time is structured. Cluster 1 (High Frequency, Extended Duration) and Cluster 2 (Low Frequency, Extended Duration) actually play similar amounts each week, but one does it through frequent sessions (15 per week) while the other checks in just 4 times for longer bursts. This difference matters enormously: despite identical playtime, Cluster 1 shows 84% high engagement while Cluster 2 shows only 7%. Interestingly, demographics like gender, location, and game preference showed no correlation with cluster membership, which suggests the studio should focus entirely on play behaviours rather than player characteristics. The fact that all segments have the same 20% purchase rate despite wildly different engagement levels points to a missed monetisation opportunity. Rather than trying to get everyone to play more hours overall, the studio should probably focus on nudging players toward the specific pattern seen in Cluster 1, through initiatives like streak bonuses or rewards that encourage longer play time.
The clustering results largely confirmed what the engagement labels already told us. Cluster 1's high engagement rate makes sense given that frequent, extended sessions are essentially what engagement means. However, the analysis still adds value by quantifying exact behavioural thresholds (15 sessions per week, 134 minutes each), demonstrating that demographics don't predict behaviour, and revealing that purchase rates remain flat across all engagement levels. In a scenario without pre-labelled engagement data, these findings would help define what high engagement actually looks like in practice.
[bookmark: _Toc215840218]Recommendations 
The tuned Decision Tree model should be deployed for engagement prediction. While the SVM performed marginally better on some metrics, the Decision Tree’s interpretability makes it more useful when explaining results to non-technical stakeholders. Retention efforts should focus heavily on Cluster 1 behaviours, as these patterns strongly correlate with high engagement regardless of demographic characteristics.
Game design should encourage the patterns that are seen in high-engagement players rather than just trying to increase total hours played. Streak bonuses, session milestone rewards, or social features that keep players online longer could help shift casual players toward more sustained engagement. The fact that all segments have the same 20% purchase rate despite vastly different engagement levels suggests current monetisation isn't tailored properly, which is a missed opportunity.
Future work needs better data. The current dataset relies on summary statistics that don't capture enough variation. Detailed gameplay logs, skill progression, social interactions, and economic behaviour would likely produce more meaningful segments.
[bookmark: _Toc215840219]Conclusion
The studio should deploy supervised models for engagement prediction, choosing between the Decision Tree for clearer explanations or the SVM for stronger predictive ranking depending on their priorities. However, to learn different patterns, they will require richer data, since the current set doesn’t capture enough variation. Once better data is available, a hybrid approach could be valuable: clustering players first, then training separate models for each group. Models should also be retrained regularly as player behaviour shifts over time to ensure accuracy remains high.
[bookmark: _Toc215840220]Youtube Link
https://www.youtube.com/watch?v=PlIqqOwYUHo
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