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Player engagement is a key factor of long-term success within online games. Considering the ever-increasing availability of data - such as behavioural and demographic data - machine learning techniques can provide methods to analyse how players act, in addition methods to predict and understand their engagement levels. This study considers both supervised and unsupervised learning methods to analyse the Predict Online Gaming Behaviour dataset. Two classification models are under consideration – Decision Tree and Support Vector Machine (SVM) – which are developed to predict player engagement categories (High, Medium, Low). Their performances are evaluated using standard metrics including F1-score, precision, and accuracy. Hyperparameter tuning is conducted to optimise predicative accuracy as well as to reduce overfitting.
As well as supervised learning, K-means clustering is applied. This is to reveal hidden patterns among players of these online games. Clustering performance is evaluated using silhouette score and inertia, meanwhile, cluster profiles are reviewed with considerations towards demographic and behavioural factors. Results show that tuning significantly improves classification performance, with the Decision Tree outperforming the SVM in overall accuracy and generalisation. Clustering can be useful, as it can display information such as engagement trends and habits. The report then concludes with recommendations for game develops that consider strategies for improved player retention, optimised game design, and methods to improve player engagement.
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Player engagement is a hugely important factor in the success and engagement levels of modern-day online games. As the gaming industry becomes increasingly data-driven, game developers are now holding an increasingly heavy emphasis on analytics to understand their respective player bases. This includes the motivation of players, and which factors can provide disengagement within the player base. High engagement is strongly linked to a loyal player base and improved in-game spending; therefore, it is a non-negotiable for any successful gaming studios. With the sheer amount of behavioural and demographic data generated by players, machine learning has emerged as a vital tool for modelling complex patterns within these datasets.
Supervised and unsupervised learning algorithms are utilised widely in the world of gaming analytics to support data-driven decision-making. Supervised methods, such as classification models, allow game developers to predict specific outcomes – such as whether a player will be engaged, or if they will quickly become disengaged based on data that we already know from available datasets. On the other hand, unsupervised learning methods such clustering provide hidden information within a player base, allowing for segmentation of users into various behavioural groups that may respond differently to differing game features, marketing techniques, or reward strategies. These insights are extremely value for game developers seeking to optimise player engagement and game design.
The focus of this study is on both unsupervised and supervised machine learning techniques related to the Predict Online Gaming Behaviour dataset. In particular, the aim of the project is to build and evaluate Decision Tree and Support Vector Machine (SVM) classifiers for predicting player engagement, perform hyperparameter tuning to improve model performance, and applying clustering algorithms to uncover behavioural trends within the player base. By comparing the outcomes of supervised prediction and unsupervised pattern discovery, the research seeks to provide practical insights that can support business decisions in the realm of game optimisation and improved player engagement.
The remainder of this report is structured as follows; section 3 presents the problem statement and related literature. Section 4 details the methodology, such as data preprocessing, modelling, and evaluation methods. Section 5 outlines the experiments – followed by Section 6 – which presents results. Section 7 provides discussion of findings, and Section 8 concludes with recommendations for game developers seeking to adopt these methods.
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Online gaming companies are now facing an ever-increasing challenge of being forced to increase player engagement. This is a result of the hugely competitive market that now exists. High levels of engagement have the opportunity improve revenue substantially. Subsequently, accurately gauging engagement trends and understanding how people behave is critically important when it relates to making good business decisions. There are a couple of questions that we should ask in this study. For instance, we must ask; can machine learning models accurately predict player engagement based on demographic and behavioural features? And can unsupervised techniques reveal data that assists developers in understanding the needs of the average player?
Research in gaming analytics demonstrates a growing interest in machine learning for engagement prediction. Studies such as [1] signal that “traditional customer retention strategies rely on historical trends and reactive approaches, often failing to provide timely interventions before customers leave.”. Similarly, a study from Mark D Griffiths [2] discovered that demographic factors such as gender, age, marital status, nationality, education level, and occupation could all be factors that affect behavioural variables related to gaming intentions. Decision Trees have been utilised on a large scale as a result of them being highly interpretable, their accessibility, and their ability to “implicitly perform feature selection” [3]. In regard to Support Vector Machines, several additional benefits can be found, such as its generalisation capability, alongside the discriminative power and optimal solution it possesses [4].
Clustering techniques play an equally important role when it relates to user segmentation. A journal from A. Drachen claims that K-Means clustering is “perhaps the most widely adopted unsupervised clustering algorithm and is theoretically suited for game telemetry features” [5]. This segmentation has the ability to support adaptive game difficulty systems, and personalised game design. Silhouette scores and inertia could be utilised to determine cluster cohesion and separation.
Despite extensive research in recent times, there is still some uncertainty when it comes to the comparison of supervised and unsupervised insights within the same dataset. The goal of this study is to address this by integrating the duality of approaches to provide a comprehensive understanding of player engagement. By combining both prediction and segmentation, the analysis provides actionable insights that has the potential to aid gaming studios who are seeking to optimise how they engage their player base. 
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This study employs a structured machine-learning workflow that is designed to analyse online gaming trends and establish what affects player engagement levels utilising both supervised and unsupervised techniques. The methodological area of the report consists of five primary stages: data exploration and preprocessing, development of supervised models (Decision Tree and Support Vector Machine), model evaluation and hyperparameter optimisation, application of clustering algorithms, and interpretation of analytical results. 
Data Exploration and Preprocessing
The Predict Online Gaming Behaviour dataset contains both demographic data such as gender, age, and location, an addition to behavioural metrics such as playtime and frequency of sessions. An exploratory data analysis stage was undertaken to understand the potential outliers, identify missing values, and analyse the engagement target variable (High, Medium, Low).
Preprocessing includes the following steps:
· Handling missing values: Numerical features were imputed using mean values, while categorical variables were imputed using the modal class. 
· Encoding categorical variables: One-hot encoding was applied to all non-numerical features to ensure compatibility with machine-learning methods. 
· Feature-scaling: Standardisation (z-score scaling) was applied to numerical features to support algorithms sensitive to feature magnitude, particularly the SVM classifier and K-means clustering.
· Train-test split: This dataset was partitioned into training at 70% and testing at 30% subsets to target unbiased evaluation and model performance. 
Supervised Learning Models
Decision Tree Classifier
A Decision Tree Classifier was implemented due to its interpretability and ability to capture non-linear relationships within the data. Initial modelling was conducted using default hyperparameters to establish a baseline, followed by refinement through systematic hyperparameter tuning.


Support Vector Machine (SVM) Classifier
A Support Vector Machine model was utilised to compare performance against the Decision Tree model. Given the high-dimensional nature of the Predict Online Gaming Behaviour dataset, a Support Vector Machine (SVM) model is well-equipped to model complex class boundaries. Several kernel functions such as linear and RBF were explored to assess how they could affect predictive accuracy.
Model Evaluation and Hyperparameter Tuning
Performance evaluation utilised widely recognised classification metrics, such as F1-score, recall, precision, and accuracy. These metrics allowed for a comprehensive evaluation of both the Decision Tree and the SVM models.
Hyperparameter optimisation was conducted using Grid Search with k-fold cross-validation (k=5). Key parameters tuned included:
· Decision Tree: maximum depth, minimum samples per split, minimum samples per leaf, and criterion (Gini/Entropy).
· SVM: kernel type, C-regularisation, gamma, and polynomial degree (where applicable).
Unsupervised Learning: Clustering Analysis
To uncover latent behavioural patterns among players, the K-means clustering algorithm was applied to the preprocessed feature set (excluding the engagement target variable). The optimal number of clusters (k) was determined by evaluating:
· Silhouette score: Measuring cohesion and separation of clusters.
· Inertia: To identify diminishing returns as k increases.
Interpretation and Business Recommendations
The final stage integrated findings from both supervised and unsupervised methods to generate actionable insights for game development studios.
· Supervised classification results informed the feasibility of predicting engagement levels using demographic and behavioural predictors.
· Clustering results provided a complimentary perspective by revealing hidden player segments, enabling targeted strategies for retention, monetisation, and personalised content design.
These analytical outputs were synthesised into a set of practical recommendations, thus aligning machine-learning results with business objectives relating to player engagement and game development strategy.
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A series of controlled experiments were conducted within this study to understand and evaluate the predictive performance of supervised models as well as exploring latent behavioural patterns among online gamers. All the experiments were conducted using Python. The experimental workflow consisted of baseline model development, hyperparameter optimisation, performance evaluation, and clustering analysis.
Initially, baseline models were created related to both the Decision Tree and the Support Vector Machine models. The Decision Tree Model was trained using default hyperparameters, which offered a baseline prior to being tuned at a later stage. The tuned Decision Tree results outline impressive results. With regards to the SVM, the initial analysis displayed good results, demonstrating how there are non-linear relationships between demographic and behavioural features.
To summarise, the experiments uncovered that the hyperparameter tuning was hugely beneficial towards uncovering the model performance for both Decision Tree and SVM. While the Decision Tree offered the greatest predictive capability, clustering is hugely informative as it can outline how behaviour can’t always be predicted. The experiments conducted on both the Decision Tree and the SVM provide a structured foundation to understanding player engagement.
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This table displays the results for a tuned Decision Tree and SVM classifiers. Both models had considerations for accuracy, precision, F1-score and recall.
Model Performances Post Hyperparameter Tuning
	Model
	Accuracy
	Precision
	Recall
	F1

	Decision Tree (Tuned)
	0.895
	0.895
	0.895
	0.895

	SVM (Tuned)
	0.887
	0.889
	0.887
	0.887



The tuned Decision Tree had strong, consistent results across all areas, with it also outweighing the SVM in every category. This level of accuracy also means that it is more likely to be accurate when it relates to the (High, Low, Medium) engagement levels.
Overall, while both classifiers show strong results, the Decision Tree is overall the more accurate and consistent of the two. These results indicate that this model has a strong combination of interpretability and accuracy.
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The results present meaningful insights related to machine learning and how it relates to player engagement. The Decision Tree model demonstrates the highest predictive performance after tuning. The Decision Tree had average scores of 0.895, meanwhile, the highest performing category for the tuned SVM was prevision at 0.889.
An important distinction to make, however, is that both models had a high level of performance. This is an encouraging sign as it indicates that the features utilised such as session frequency and duration played possessed meaningful information. The consistent performance levels of both models signal that both approaches are useful when it comes to understanding player engagement through machine learning.
Ultimately, from this information, while SVM’s have the have the strength of modelling behavioural information, we can that see Decision Tree is likely the better model to choose, as this model has the strength of higher performance levels in addition to extremely high levels of interpretability.
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This study explored the use of Decision Tree, SVM, and clustering techniques to analyse player engagement within the Predict Online Gaming Behaviour Dataset. The findings demonstrate that machine learning has the capability to predict engagement levels and uncover behavioural data. Hyperparameter tuning significantly improved model performance, with the Decision Tree emerging as the best-performing classifier.
Successful clustering analysis meant that players were put into clear groups, providing useful insights into player engagement and gaming habits. With the joint use of supervised and unsupervised approaches, we are offered a detailed framework for understanding player engagement.
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Considering the results of this study, several recommendations can be made to game developers who are seeking to enhance player engagement. Initially, factoring how strong the Decision Tree performed, predictive modelling is vital to understand player habits. Developers should create systems that offer support to players who could become disengaged.
Also, clustering is a vital part of the process. Within this, different approaches for different players would certainly be a useful addition. For instance, certain behavioural groups could benefit from different progression systems.
In addition to that, this project highlights the importance of both supervised and unsupervised methods. Developers should be encouraged to follow both routes.
Finally, there should be an increase in variables that are measured for these purposes. Some of these could include social or psychological variables. With this, you could create a more refined system.

Code Implementation Overview: https://youtu.be/XMetAgKq1Bw 
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