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1. [bookmark: _Toc1333501907]Abstract 
This project investigates player engagement in online gaming by analysing behavioural data, predicting engagement levels, and segmenting players into meaningful groups. A dataset of gameplay features [4] —including playtime, session frequency, purchases, and progression—was pre-processed and explored to identify patterns associated with Low, Medium, and High engagement. Two supervised learning models, a Decision Tree and Support Vector Machine (SVM), were trained to classify engagement levels. SVMs are effective for high-dimensional classification because they identify the optimal hyperplane that maximises class separation—operating as a “discriminative classifier formally defined by a separating hyperplane” [1]. Unsupervised learning was also applied to generate player clusters using K-Means, an algorithm that partitions data by minimising within-cluster variance [2].
Overall, the project demonstrates how machine-learning techniques can enhance understanding of player behaviour and support data-driven decision-making for game studios.
2. [bookmark: _Toc1201966821]Introduction 
In the multiplayer gaming industry, engagement is one of the strongest predictors of long-term revenue, player retention, and in-game spending. Understanding what drives engagement—along with identifying players at risk of disengagement—is therefore a major priority for game studios. Modern analytics and machine-learning techniques now make it possible to process enormous amounts of behavioural data and derive accurate, actionable insights.
This project focuses on applying supervised and unsupervised machine-learning to a comprehensive dataset describing online gaming behaviour. The goal is to:
· Predict whether a player is Low, Medium, or High engagement.
· Segment players into behavioural clusters.
· Provide insights that a studio can apply in marketing, retention, and game-design decisions.
Supervised learning enables outcome prediction based on labelled examples, while unsupervised learning reveals structure and patterns without predefined labels. The combination of these two approaches offers a complete understanding of player behaviour and motivations.
[bookmark: _Toc862383769]3. Problem Statement & Literature Support 
[bookmark: _Toc847109650]3.1 Problem Statement
Game studios collect extensive behavioural data but often lack a clear mechanism for interpreting it. Without advanced modelling, it is difficult to identify:
· Which features most influence engagement
· Which players are at risk of churn
· Which segments respond best to promotions
· How to dynamically balance game difficulty or rewards
Manually analysing thousands of players is infeasible, and simple averages or descriptive statistics cannot uncover deeper behavioural patterns.
The problem addressed in this project is therefore:
“How can machine-learning techniques be used to predict player engagement levels and segment players into meaningful behavioural groups to support data-driven decision-making?
[bookmark: _Toc1429228792]3.2 Literature Support
Machine-learning models are widely used for behavioural prediction in gaming and similar interactive systems. Decision Trees are frequently used due to their interpretability, with models structured as hierarchical splits that are both transparent and editable. A decision tree is “a tree-structured classifier that recursively partitions data into subsets based on the value of input attributes” [3]. This makes it helpful for understanding the key predictors of engagement.
Support Vector Machines (SVMs) provide more powerful classification performance in many contexts. An SVM is a model that constructs a “maximum-margin hyperplane to separate classes with the greatest possible distinction” [1]. This characteristic makes SVMs well-suited for behavioural datasets with overlapping patterns, such as engagement levels.
For clustering, K-Means remains one of the most popular partition-based algorithms. It as an algorithm that “classifies objects into k groups based on attributes into k number of clusters” [2]. It works by iteratively assigning points to the nearest centroid and adjusting those centroids to minimise internal variance. Its simplicity and effectiveness make it ideal for identifying behavioural groups among players.
Together, these methods are commonly used in user-modelling, churn prediction, and behavioural analytics, supporting their relevance to engagement prediction and player segmentation in online gaming.
[bookmark: _Toc262371471]4. Methodology
The project followed a structured data science workflow: dataset ingestion, exploratory analysis, preprocessing, model development, evaluation, and unsupervised clustering. Python libraries including Pandas, NumPy, Matplotlib, Seaborn, and Scikit-Learn were used. The dataset comprised 40,034 records capturing behavioural, demographic, and gameplay attributes. The goal was to classify player engagement levels and segment players based on gameplay behaviour.
Data was loaded from online_gaming_behavior_dataset.csv, with initial inspection confirming 13 variables (numerical and categorical) and no missing values. The PlayerID column was removed as it held no predictive value. Features were grouped into numerical (playtime, purchases, session frequency/duration, player level, achievements) and categorical (gender, location, game genre, difficulty) subsets.
[bookmark: _Toc523040435]4.1 Exploratory Data Analysis
Exploratory Data Analysis was performed to understand the distribution of numerical features and the frequency distribution of categorical variables. Descriptive statistics were generated for each numerical feature, providing insights about central tendency, variability, and distribution shape. Histograms were created to visualise the spread of each numerical attribute. These plots allowed the identification of skewness, potential outliers, and general usage patterns across the player base. For example, variables such as AchievementsUnlocked and PlayTimeHours displayed wide distributions, indicating that players varied significantly in their overall gaming involvement.
For categorical variables, value counts were computed and expressed in percentage form. This provided an understanding of how the dataset was distributed across gender, location, game genre, and difficulty. The visualisations also illustrated the class balance for each category. For instance, gender was split approximately 60% male and 40% female, game genre was evenly distributed across five categories, and engagement level itself contained three balanced classes: Low, Medium, and High.
To explore relationships between categorical predictors and the target variable, Engagement Level, stacked bar charts were generated through cross-tabulations. These visualisations helped identify behavioural tendencies among different demographic or gameplay groups. For example, certain game genres had a higher proportion of High-engagement players, while some locations showed a comparatively stronger concentration of Low-engagement users.
[bookmark: _Toc1126966857]4.2 Data Preprocessing
Before the modelling process could proceed, categorical variables needed to be transformed into numerical form. One-hot encoding was applied to all categorical features, producing binary indicator variables for every category except the first, which was dropped automatically to avoid multicollinearity. The target variable, EngagementLevel, was encoded using a label encoder, producing a numerical target suitable for algorithms requiring integer class labels.
The feature set consisted of all encoded and numerical predictors, excluding the original EngagementLevel string column. The target variable existed in two formats: the original categorical labels and the encoded numeric labels, the latter specifically used for Support Vector Machine classification.
A train-test split was performed to divide the data into training and testing subsets. Seventy percent of the data was used for training and thirty percent for testing. Stratification was applied to ensure that the distribution of engagement levels remained consistent across both sets. To prepare the dataset for algorithms sensitive to feature magnitudes, such as Support Vector Machines and KMeans clustering, numerical scaling was applied using StandardScaler. This transformation normalised all features to a mean of zero and a standard deviation of one.
A custom evaluation function was defined to produce classification reports and confusion matrices for all models. This ensured consistent evaluation metrics across decision trees and both SVM variants, making it easier to compare model performance.
[bookmark: _Toc551469796]4.3 Classification Models
The first model developed was a Decision Tree classifier. The decision tree was trained on the scaled dataset, and its performance was evaluated on both the training and test sets. The model achieved perfect accuracy on the training data, which is typical behaviour for unpruned decision trees due to their tendency to overfit. When applied to the test data, the model achieved an accuracy of approximately 83%, indicating that while overfitting was present, the model still generalised well. A visual representation of the entire decision tree was generated.
Multiclass ROC-AUC scores were computed for both training and testing stages using one-vs-rest encoding. The tree achieved a perfect ROC-AUC score of 1.000 on the training set and 0.868 on the test set, further confirming the presence of overfitting but also demonstrating good discriminative ability between classes.
A second classification model—a Support Vector Machine with a linear kernel—was trained using the scaled features. The SVM with a linear kernel produced a training accuracy of approximately 83% and a test accuracy of around 82%. These results indicated that the linear kernel model generalised well and avoided the overfitting observed in the decision tree.
To capture potential non-linear patterns in the data, a third classification model was developed using an SVM with an RBF (Radial Basis Function) kernel. This model performed significantly better than the linear SVM, achieving around 91% accuracy on the training set and approximately 88% accuracy on the test set. Its test ROC-AUC score of 0.940 was the highest among all models evaluated, indicating strong predictive power and an ability to capture complex decision boundaries.
[bookmark: _Toc1833554424]4.4 Unsupervised Clustering
After supervised classification, the methodology incorporated unsupervised learning to segment players into behavioural clusters. Clustering was performed exclusively on gameplay-related numerical variables such as playtime, player level, achievements, frequency of sessions, and number of in-game purchases. These features were scaled using a StandardScaler to ensure that no single variable dominated the distance calculations.
A preliminary scatterplot of PlayTimeHours versus SessionsPerWeek offered a visual sense of natural grouping tendencies. Although some separation was visible, it was clear that multidimensional clustering would be necessary to obtain meaningful segments.
[bookmark: _Int_mN1N3xFh]A simple two-feature KMeans clustering example was performed using only playtime and session frequency to illustrate how cluster assignment appears in two-dimensional space. This demonstration produced a colour-coded scatterplot showing three clusters.
To determine the optimal number of clusters for full multidimensional clustering, the elbow method was applied. Models were fitted using cluster counts ranging from one to nine, and the within-cluster sum of squares (WCSS) was plotted. The plotted curve suggested that four clusters offered a sensible balance between model complexity and explanatory value.
A final KMeans model with four clusters was fitted using all five scaled gameplay variables. The silhouette score for this model was 0.148, which is modest but acceptable given the natural variability in gaming behaviour and the complexity of the dataset. A pairplot was generated to visualise how the clusters differed across multiple numerical dimensions simultaneously.
Cluster summaries were computed by calculating the mean value of each gameplay feature within each of the four clusters. These summaries allowed interpretation of the behavioural traits associated with each cluster. For instance, some clusters contained players with high session frequency and progression, whereas others represented more casual players with lower engagement and fewer achievements.
[bookmark: _Toc649430964]5. Experiments & Results 
The experimental stage of the project focused on training the selected models, evaluating their performance, and analysing the outcomes in relation to the research objectives. Each model was run on both the training and test sets, and the results were compared before and after hyperparameter tuning.
[bookmark: _Toc1349907295]5.1 Decision Tree Classifier
The baseline Decision Tree model showed robust performance on the training set but weaker performance on unseen data. Training accuracy reached 100%, whereas test accuracy settled at approximately 0.83, indicating clear overfitting. Precision, recall, and F1-scores remained high across ‘High’, ‘Medium’, and ‘Low’ engagement categories, though the model showed a tendency to confuse Medium and High players due to overlapping behavioural features. The multiclass test AUC-ROC score of 0.868 suggested that the model maintained adequate class separability, but its generalisation capability remained limited.
[bookmark: _Toc1560119425]5.2 SVM (Linear Kernel)
The SVM with a linear kernel performed comparably, achieving a test accuracy of 0.82. Precision and recall values indicated that the linear SVM handled the majority ‘Medium’ class particularly well, although it struggled slightly more with distinguishing ‘Low’ engagement players.
[bookmark: _Toc913225227]5.3 SVM (RBF Kernel)
The SVM using an RBF kernel delivered the strongest performance overall. The model attained a training accuracy of 0.91 and a test accuracy of 0.88, with balanced precision, recall, and F1-scores across all engagement levels. Notably, ‘Medium’ engagement players — a complex and overlapping group — were classified with high reliability. The RBF model achieved the highest test AUC-ROC score of 0.940, demonstrating excellent class separation and generalisation.
[bookmark: _Toc401260552]5.4 Performance Summary Table
	Model
	Train Accuracy
	Test Accuracy
	Precision (Macro)
	Recall (Macro)
	F1 (Macro)

	Decision Tree (Base)
	1.00
	0.83
	0.82
	0.83
	0.82

	SVM – Linear Kernel
	0.83
	0.82
	0.84
	0.84
	0.83

	SVM – RBF Kernel
	0.91
	0.88
	0.88
	0.87
	0.87



These results show that the RBF SVM is the most effective model for predicting player engagement.
[bookmark: _Toc610428605]5.5 Clustering (K-Means)
Clustering was performed to identify underlying behavioural segments that were not explicitly captured by the engagement labels. Using the Elbow Method, an optimal solution of four clusters was selected, as the curve showed a clear inflection point at k = 4.
The final K-Means model was fitted on five scaled gameplay variables (PlayTimeHours, SessionsPerWeek, PlayerLevel, AchievementsUnlocked, and InGamePurchases). The silhouette score for the four-cluster solution was 0.148, which is modest but typical for real-world behavioural data with natural overlap and variability.
The four clusters displayed clear and actionable behavioural distinctions:
· Cluster 0 – Casual / low-progression players: moderate playtime and sessions but exceptionally low PlayerLevel and AchievementsUnlocked.
· Cluster 1 – Highly active “grinders”: highest SessionsPerWeek, strong progression (high PlayerLevel & Achievements), and the highest spending tendency.
· Cluster 2 – High-level but infrequent players: highest PlayerLevel yet few sessions per week – veteran players who log in occasionally for long sessions.
· Cluster 3 – Sporadic but dedicated when active: lowest SessionsPerWeek but extremely high AchievementsUnlocked and decent playtime – classic “weekend warrior” or binge players.
These segments complement the supervised EngagementLevel predictions by revealing more nuanced play styles and commercial potential within each engagement category.
[bookmark: _Toc1409471593]6. Discussion
The Decision Tree and SVM models highlight differences in learning and generalisation. The Decision Tree overfitted the training data, achieving perfect accuracy but lower test performance due to its sensitivity to overlapping behavioural features. In contrast, the SVM, particularly with an RBF kernel, captured non-linear relationships, achieving higher test accuracy, balanced class predictions, and superior AUC-ROC.
Clustering offered complementary insights beyond engagement labels, revealing nuanced behavioural patterns. For instance, high-spending, high-activity players contrasted with irregular but long-session players, illustrating the multidimensional nature of engagement, which encompasses playtime, progression, and purchasing behaviour.
[bookmark: _Toc459565655]7. Conclusion
This project successfully applied machine-learning techniques to predict player engagement and uncover behavioural patterns. The SVM with RBF kernel was the most effective classifier, providing high accuracy and robust generalisation. K-Means clustering revealed four distinct player segments, offering insights beyond predefined engagement categories.
Overall, combining supervised and unsupervised methods enhances understanding of player behaviour, informs personalised engagement strategies, and supports data-driven decisions in game design, marketing, and retention planning.
[bookmark: _Toc782524035]8. Recommendations
The results of this study provide several practical recommendations for the game studio: 
· Integrate predictive SVM models into live operations to identify at-risk players and offer personalised incentives (e.g., bonus rewards or targeted challenges) to maintain engagement.
· Use cluster-based insights for marketing and content strategies. Casual players benefit from accessible missions and onboarding support, high-spending players respond to exclusive offers, and “grinder” players engage with competitive or progression-focused content.
· Adapt game design dynamically based on cluster behaviour, adjusting difficulty, matchmaking, and rewards to maintain optimal engagement.
· Monitor cluster membership over time to detect shifts in behaviour and adjust interventions accordingly.
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