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Abstract 
With yearly earnings topping billions of dollars, the online gaming industry is one of the fastest-growing entertainment sectors in the world. Maintaining income, reducing attrition, and enhancing the entire gaming experience all depend on player involvement. Developers may create targeted monetisation strategies, enhance in-game content, and tailor experiences by understanding player behaviour. This study utilises supervised and unsupervised machine learning techniques applied to the Predict Online Gaming Behaviour Dataset from Kaggle, which contains demographic, behavioural, and gameplay metrics, alongside engagement levels categorised as High, Medium, or Low. While K-Means clustering was used to identify latent behavioural segmentation among players, predictive models, namely Decision Tree and Support Vector Machine (SVM) classifiers, were trained to predict involvement levels.

Extensive cleaning, categorical variable encoding, feature scaling, and train-test splitting were all part of the preparation procedure. Distributions, relationships, and class balance were visualised as part of the exploratory data analysis. Accuracy, precision, recall, F1 score, and ROC-AUC were used to evaluate the models, while silhouette score and inertia were used to evaluate the clustering performance. GridSearchCV and cross-validation methods were used in hyperparameter tuning to maximise model performance. The findings show that both SVM and Decision Tree classifiers have good predictive power, with SVM doing somewhat better in high-dimensional feature spaces. Three separate player segments were identified by clustering, providing useful information for marketing, retention, and gameplay tactics. Additionally, the study shows a fully documented Python workflow using Jupyter Notebook and modules like matplotlib, pandas, numpy, scikit-learn, and seaborn. To ensure reproducibility, the code was converted to HTML and accompanied by a video tutorial that showed how to execute it step-by-step. This integrated strategy, which combines descriptive and predictive analytics, offers a thorough framework for data-driven decision-making in the online gaming industry, allowing stakeholders to successfully comprehend, forecast, and impact player engagement.

Introduction 
Understanding player engagement is crucial for both retention and monetisation in the fiercely competitive and data-driven world of online gaming. A variety of elements, such as the frequency and length of sessions, in-game purchases, and social interactions, all contribute to player engagement. While low engagement frequently results in churn, which has a detrimental effect on profitability and brand reputation, high engagement typically correlates with higher revenue and long-term player retention.
A methodical foundation for analysing intricate behavioural data produced by online games is offered by machine learning. While unsupervised learning techniques, such clustering, assist in identifying latent behavioural segments that might not be immediately evident, supervised learning models allow the prediction of engagement levels based on past patterns. These sections enable developers to customise marketing campaigns, incentive schemes, and game mechanics to various kinds of players. 

The purpose of this project is to: 
1. Create predictive models for player engagement using SVM and Decision Tree classifiers. 
2. Use cross-validation and hyperparameter adjustment to maximise model performance. 
3. Use clustering techniques to divide participants into groups according to demographic and behavioural characteristics. 
4. Combine knowledge from supervised and unsupervised learning to offer practical suggestions for enhancing monetisation and retention tactics. 

The study provides a thorough overview of the player base by identifying latent player categories and forecasting involvement levels using the combination of descriptive and predictive analytics. 

Problem Description 
Numerous internal and external factors affect player participation in online gaming. Extrinsic factors include rewards, social contacts, and event-driven content, whereas intrinsic factors include competition, challenges, and achievement pleasure. There are several difficulties in predicting engagement:

•Heterogeneity: There is a lot of variation among players due to differences in their motivation, skill levels, and demography.
• Dynamic Behaviour: Seasonal events, game updates, and player lifecycle stages all have an impact on engagement, which varies over time. 
• High-Dimensionality: To prevent overfitting and enhance interpretability, behavioural datasets frequently contain a large number of numerical and categorical characteristics, necessitating thorough preprocessing and feature selection. 

Accurately predicting engagement levels (High, Medium, Low) and identifying underlying behavioural patterns that can direct focused interventions are the two goals of this study. Reaching these goals will ultimately lower attrition and increase income potential by offering practical information for resource allocation, tailored marketing, and game design enhancements.


Literature Review 
The use of machine learning in gaming analytics has grown significantly, with research concentrating on behavioural segmentation and predictive modelling.

Supervised Learning
Because of their interpretability and capacity to capture non-linear correlations between characteristics and goal variables, decision trees are frequently used. They assist developers determine which behaviours lead to engagement by giving a clear indicator of feature value. They are vulnerable to overfitting, though, which can be lessened via cross-validation, pruning, and hyperparameter adjustment.
For high-dimensional data, which is typical in gaming datasets, Support Vector Machines (SVMs) work well. SVMs can distinguish non-linear patterns in the feature space by using kernel functions, frequently outperforming more straightforward models in challenging situations. When engagement depends on the interaction of several behavioural parameters, such session frequency and in-game purchases, SVMs are especially useful.

Unsupervised Learning
Players can be divided into discrete behavioural groups using clustering techniques like K-Means. For instance, players can be divided into three categories: high-spending, casual, and competitive. Standard measures for evaluating the quality of clustering include silhouette scores and cluster inertia. Targeted strategies for engagement, retention, and monetisation are informed by effective segmentation.

Integrated Approaches
In gaming analytics, combining supervised and unsupervised techniques is becoming more and more popular. While clustering identifies underlying trends and subgroups that may need distinct approaches, predictive models offer precise predictions of player participation. Predictive and prescriptive decision-making tactics are informed by this integrated methodology, which guarantees a comprehensive understanding of player conduct.


Methodology
Dataset Description
The Predict Online Gaming Behaviour Dataset includes features in three primary areas and comprises player records: 
• Demographics: location, age, and gender. 
• Playtime hours, weekly sessions, average session length, and in-game purchases are examples of behavioural metrics. 
• Engagement level (High, Medium, Low) is the target variable. 
The dataset offers enough granularity for both segmentation and prediction analysis, and it is characteristic of modern online gaming platforms.

Software and Environment
Jupyter Notebook, which enables interactive development, visualisation, and documentation, was used to implement the study in Python 3.10. Anaconda was used to manage the environment, guaranteeing consistent package management and repeatability. Key libraries used include:

· pandas: Data manipulation and exploration.
· numpy: Numerical computations.
· scikit-learn: Machine learning algorithms, preprocessing, hyperparameter tuning, and evaluation metrics. 
· matplotlib and seaborn: Visualisation of distributions, correlations, and clustering results.

Every stage, from data loading to model evaluation, may be carried out sequentially in Jupyter Notebook's iterative environment with instant visible feedback. This iterative procedure facilitates modelling method validation and experimentation.

Data Exploration and Preprocessing
There were several steps involved in data preprocessing: 
1. Handling Missing Values: Median (numerical) or mode (categorical) values were used to impute features with low missingness. In order to prevent bias, features with excessive missingness were eliminated.
2. Categorical Variable Encoding:
The target variable High, Medium, and Low engagement labels were transformed into numerical classes via LabelEncoder. 
Feature variables: In order to avoid ordinal assumptions, One-Hot Encoding converted nominal categorical variables into binary indicators. 
3. Feature Scaling: To ensure that all features contributed equally to distance-based algorithms like SVM and K-Means, StandardScaler standardised numerical features. 
4. Train-Test Split: To verify generalisation performance, the dataset was split into 80% training and 20% testing sets. 


Exploratory data analysis included:
• Histograms: To see numerical distributions and identify outliers or skewness.
• Count Plots: To assess engagement levels and class balance.
• Correlation matrices: To evaluate multicollinearity and find strongly correlated characteristics that could need to be eliminated or their dimensionality reduced. 
The dataset was prepared for both clustering and predictive modelling thanks to these preprocessing procedures.

Predictive Modelling
1. Decision Tree Classifier 
Because of its interpretability and ability to represent non-linear relationships, the Decision Tree model was chosen. To determine which behavioural factors—such as session frequency, average session duration, and in-game purchases—are most predictive of engagement, feature significance scores were derived. 

2. Support Vector Machine (SVM) 
Both linear and RBF kernels were used to train SVM. GridSearchCV was used to adjust the kernel coefficient (gamma) and regularisation parameter (C). To make ROC-AUC evaluation easier, probability estimations were enabled. Because SVM models are stable in high-dimensional feature spaces and can capture interactions between several behavioural characteristics that influence engagement, they are useful in this context. 
Evaluation metrics include accuracy, precision, recall, weighted and macro F1 score, confusion matrix, and multi-class ROC-AUC.

Hyperparameter Tuning
To avoid overfitting and improve predictive performance, hyperparameter optimisation was carried out: 
• Decision Tree: Minimum samples per leaf, minimum samples per split, and maximum depth were adjusted.
• SVM: Gamma, C, and kernel type were optimised. 

To assess stability and avoid overfitting, cross-validation (3- or 5-fold) was used. Parallel processing (n_jobs=-1) sped up tuning, especially for the Decision Tree.

Clustering Analysis
For unsupervised analysis:
• Feature Selection: Playtime, weekly sessions, and in-game purchases were the only numerical behavioural features used.
StandardScaler normalised features are used for scaling.
K-Means Clustering: Based on silhouette score optimisation, three clusters were initially created. 
• Evaluation: Cluster separation and compactness were evaluated using the silhouette score and inertia. 
• Visualisation: To make clusters easier to understand, Principal Component Analysis (PCA) projected them into two dimensions.

Cluster Profiles: 
• Cluster 0: Low-engagement, low-spending casual players.
• Cluster 1: Regular players who make modest in-game purchases.
• Cluster 2: Players with high engagement who spend a lot of money and play for long periods of time. 
Targeted retention tactics, incentive programs, and customised content delivery can all benefit from these clusters.

Code Documentation and Workflow
The Jupyter Notebook contained comprehensive documentation of the analysis: 
• Each step has thorough comments outlining the methodology, parameters, and justification.
• Plots, metrics, and the head of dataframes are examples of outputs that are shown inline.
• For submission and reproducibility, the notebook was exported to HTML. 
• A video demonstration ensures clarity for reviewers by capturing step-by-step execution. 
A clear, repeatable methodology for evaluating player engagement and implementing data-driven interventions is offered by this workflow. 

Discussion and Insights
Actionable insights are produced when predictive and unsupervised analytics are combined: 
• In terms of overall accuracy, SVM fared somewhat better than Decision Tree, particularly in intricate feature interactions. 
• In-game purchases, session time, and frequency of sessions are important indicators of engagement; clustering reveals different player types, indicating that marketing and engagement tactics should be adjusted appropriately. 
By using these insights, game creators can create engagement campaigns, targeted in-game events, and customised reward systems that appeal to various player demographics. This two-pronged strategy—segmentation and prediction—offers tactical and strategic benefits.

Conclusion
This study shows that a strong framework for comprehending online player involvement may be obtained by integrating supervised and unsupervised machine learning techniques. While K-Means clustering reveals latent behavioural components, Decision Tree and SVM models are good at predicting engagement. Model performance depended on feature engineering, hyperparameter adjustment, and preprocessing. 
Reproducibility, transparency, and ease of demonstration are guaranteed by the thoroughly described approach that makes use of Jupyter Notebook and Python. Developers and analysts can apply data-driven techniques for game design enhancements, monetisation, and retention by combining predictive insights with behavioural segmentation.
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