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Abstract
Player engagement is key component of modern game development as it influences revenue, player retention and the general success of the game. The purpose of this study is to investigate supervised and unsupervised machine learning techniques to find any trends and behaviours in the data. Two machine learning models were used: Decision Tree and Support Vector Machine (SVM). They were created and evaluated using accuracy, precision, recall, F1 score, ROC-AUC and were improved using hyperparameter tuning to optimise the performance. Additionally, K-Means clustering was implemented to explore any hidden player segments.
[bookmark: _Toc216092935][bookmark: _Toc216093121]Introduction 
The online game industry has been growing rapidly over the years, and this has led to increased competition with other companies to ensure their player base are retained as well as new players are attracted to what they provide. It is critical for companies to understand player behaviour, so they are able to improve user experience, improve retention and have the ability to maximise revenue. Players that are highly engaged are easier to retain, will interact with in game events, spend more money as they are satisfied and overall will improve the games success.
When data has been gathered on the player base developers could use machine learning techniques as it is a powerful tool to analyse lots of behavioural and demographic data gathered. 
Supervised learning models such as decision trees and support vector machines (SVM) assist developers in predicting how engaged are the players by seeing if there are any patterns in their playtime, how long do they play for and if any in-game purchases were made. These are known also by predictive models and allow for personalised recommendations and games to be adjusted to tailor to the specific user.
There are also unsupervised learning methods such as particularly clustering algorithms which will identify groups such as casual players, competitive players, social player or high spending players, these are essential details as games will differ if it is more of a causal game for players or competitive. This study will apply for both supervised and unsupervised machine-learning techniques to predict online gaming behaviour dataset to better understand and model player engagement.
[bookmark: _Toc216092936][bookmark: _Toc216093122]Problem statement and Literature Review 
[bookmark: _Toc216092937][bookmark: _Toc216093123]Problem statement
Online gaming has become extremely popular over the years, and the market has become saturated making it crucial for game developers to know what drives player engagement. Developers previously would rely on intuition or user feedback; however, companies are now able to gather behavioural data to improve player engagement. This study investigates machine learning- based methods to find engagement levels and find similarities in players.
[bookmark: _Toc216092938][bookmark: _Toc216093124]Engagement in Gaming
Player engagement is widely studied in game analytics and is linked heavily to retention, enjoyment, difficulty and game progression. Additional metrics included are overall playtime, frequency of sessions, player level and in-game purchases as companies need a revenue stream [1]. 
Predictive modelling assists developers in balancing the difficulties of games, personalising games in a specific manner and support churn predictions (reducing the number of players that quit the game entirely) [1] [2]. 
[bookmark: _Toc216092939][bookmark: _Toc216093125]Decision Trees in Game Analytics 
Decision Trees are less computing heavy, easier to implement and data is easier to understand [3]. Hyperparameter tuning is essential step in improving the decision tree and will improve the performance and generalisation ability of the model [4]. Additionally, it will make it more accurate by preventing overfitting and underfitting.
[bookmark: _Toc216092940][bookmark: _Toc216093126]Support Vector Machines in Behavioural Predictions
SVMs are powerful classifiers that work well with lots of attributes, this makes useful for modelling complex player behaviours. They are able to use different kernels which allows them to capture non-linear patterns in the data. Additionally, they are very good at predicting player engagement and player churn [2]. This is critical when working in game development and analytics [5]. 
SVMs do have some negatives such as they are slow to train on a large dataset, and their performance is impacted largely by picking the correct value for hyperparameter like C and gamma. If they are not chosen correctly the model may take far longer or fail to generalise well enough so tuning is critical for receiving good results.
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Clustering techniques help identify specific player types, enabling targeted game design decisions [6]. K-Means is widely used due to its simplicity and efficiency [7] . Clustering assists in deciding when it is best to change the difficulty of the game, personalising content to the user, and reward balancing [8]. Metrics such as inertia and silhouette score help determine optimal cluster counts [9] . The literature shows that both supervised and unsupervised machine learning can help improve player engagement, which supports the method used in this study.
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[bookmark: _Toc216092943][bookmark: _Toc216093129]Dataset Description 
The Predict Online Gaming Behaviour Dataset contains 40,034 player records and 13 attributes including demographics, gameplay habits, and engagement levels. The target variable categorises engagement as either High, Medium or Low. 
There were no missing values; however, imputers were included as best practice to produce a robust pipeline. This dataset includes numeric attributes such as Age, PlayTimeHours, PlayerLevel, and AchievementsUnlocked, categorial ones such as Gender, Location, GameGenre, and GameDifficulty.
[bookmark: _Toc216092944][bookmark: _Toc216093130]Data Preprocessing
Data preprocessing steps included:
· Importing all libraries required and loading the dataset.
· Inspecting the data and checking if there were any missing values. (None were missing)
· Inputting visualisation of data and summarisation.
· Remove any outliers (There were none).
· Correlation analysis.
· Display key data.
· Remove data that is not needed to be displayed.
· Allow for future scaling.
· Data is to be split into training, evaluation and validation sets.
These are steps are critical as they improve data quality, handles missing data, allows for scaling and normalises data. Additionally, it removes any duplicates, outliers and improves the model’s performance [10]. 
[bookmark: _Toc216092945][bookmark: _Toc216093131]Model Development
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A baseline Decision Tree was first implemented as is able to inspect key split variables effectively. Hyperparameter tuning used GridSearchCV with parameter:
· Max_depth
· Min_samples_split
· Min_samples_leaf
· Criterion
[bookmark: _Toc216092947][bookmark: _Toc216093133]Support Vector Machine (SVM)
The SVM used an RBF kernel. Hyperparameter tuning focused on:
· C (regularisation strength)
· Gamma (Kernel coefficient)
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Models were evaluated using:
· Accuracy
· Precision (Weighted)
· Recall (Weighted)
· F1-score (Weighted)
· Macro ROC-AUC
· Confusion matrix
These evaluation metrics are commonly used in machine learning and will assist in understanding the data given [11]. 
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Unsupervised learning was done using K-Means. It was used to:
· To work out the inertia for K values 2 – 10 
· Compute silhouette scores
· Select optimal K
· Visualise cluster using PCA (2D projection)
Each cluster was analysed by checking how engagement levels were spread across players and by comparing the average numeric values.
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The baseline Decision Tree achieved:
· Accuracy: 0.8378
· ROC-AUC: 0.8729
The confusion matrix showed misclassifications mainly between High and Low engagement. Visual inspections of the first three tree levels identified key contributors:
· PlayTimeHours 
· SessionsPerWeek
· AchievementsUnlocked
This aligns with literature emphasising playtime-based engagement metrics [1]. 
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GridSearchCV resulted in:
· Criterion: entropy
· Max_depth: 10
· Min_samples_leaf: 10
Performance improved to:
· Accuracy: 0.9025
· F1-score: 0.9023
· ROC-AUC: 0.9348
This indicates that moderately deep trees with some regularisation achieve better performance than shallow or unrestricted trees.
[bookmark: _Toc216092953][bookmark: _Toc216093139]Baseline SVM
The baseline SVM with RBF kernel achieved:
· Accuracy: 0.894
· ROC-AUC: 0.9415
The SVM model was effective at separating the classes, with its best performance seen in predicting medium engagement players.
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GridSearchCV found optimal parameters:
· C = 100
· Gamma = 0.01
Performance:
· Accuracy: 0.8965
· ROC-AUC: 0.9420
While accuracy improved modestly, ROC-AUC improved slightly, showing reduced misclassification boundaries.

[bookmark: _Toc216092955][bookmark: _Toc216093141]Model comparison

	Model
	Accuracy
	F1
	ROC-AUC

	Decision Tree (Base)
	0.8378
	0.838
	0.8729

	Decision Tree (Tuned)
	0.9025
	0.9023
	0.9348

	SVM (Base)
	0.894
	0.894
	0.9415

	SVM (Tuned)
	0.897
	0.8965
	0.942



K-Mean Clustering
Silhouette analysis identified k=2 as optimal. Clusters differed substantially:
	Cluster
	High (%)
	Medium (%)
	Low (%)

	0
	24.8
	46.3
	28.9

	1
	26.9
	50.5
	22.7



Cluster 1 contained more highly engaged players. Mean numeric characteristics revealed:

· Cluster 1 had significantly higher AchievementsUnlocked. 
· Session duration and hours were similar.
· Differences in progression and in-game purchases were modest.

PCA projection showed clear separation between clusters.
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The tuned Decision Tree achieved the highest classification accuracy. This is expected as decision trees are able to handle a mixture of numerical and categorical features very well and are able to identify patterns in the data. Additionally, they are also easier to interpret. This makes Decision trees far more useful in understanding how different players behaviours end up contributing to engagement levels.
However, the SVM produced the highest score in ROC-AUC, this indicates that it was better at separating the engagement classes overall. Although Decision Trees are better identifying patterns and are easier to digest, SVMs are able to generalise well and finds it easier to identify relationships in data when the data is complex. These results show that Decision Trees offer a clearer insight for game developers and SVMs are more efficient when performing across class boundaries. 
[bookmark: _Toc216092958][bookmark: _Toc216093144]Impact of Hyperparameter Tuning
Hyperparameter tuning significantly improved decision Tree performance (accuracy from 0.84 -> 0.90). This aligns with literature suggesting that default parameters often underperform in tree-based models [4]. SVM improvements were smaller but meaningful. Adjusting C and gamma allowed improved flexibility and margin control, consistent with findings in [5]. 
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The supervised models were effective at predicting player engagement and offering clear accurate scores. The models are useful when the goal is to make direct predictions about how engaged a player is likely to be. They give fast, reliable outputs that can be used to identify what users should have a reward or what player need their game elements adjusting.

On the other hand, unsupervised clustering approach did not rely on engagement labels and instead found natural behavioural patterns within the data. These patterns identified two different kinds of players. They are:

· Cluster 1: More invested player and achievement driven.
· Cluster 0: Casual player, moderate engagement.

These findings show that clustering is very useful in revealing different groups of players that supervised models are unable to detect.
[bookmark: _Toc216092960][bookmark: _Toc216093146]Limitations
There were four limitations whilst completing this. They were:
· Dataset lacked time series data, preventing trends and churn modelling.
· EngagementLevel is static; dynamic engagement prediction could yield deeper insight.
· SVM training was computationally expensive, particularly during GridSearch taking around 15 minutes on that alone.
· Clustering used K-Means, which assumes spherical clusters; alternative methods like DBSCAN may detect more complex patterns.
[bookmark: _Toc216092961][bookmark: _Toc216093147]Conclusion 
This study applied supervised and unsupervised machine learning techniques to predict and interpret online payer engagement. Both Decision Trees and SVMs performed strongly, with tuned models outperforming their baselines, The tuned Decision Tree produced the highest accuracy, whereas the SVM showed the strongest ROC-AUC.

K-Means clustering produced to meaningful player groups differing mainly in achievement behaviour and engagement proportions. The findings demonstrate that machine learning provides practical insights for personalisation retention and targeted game design interventions in online gaming environments.
[bookmark: _Toc216092962][bookmark: _Toc216093148]Recommendations
[bookmark: _Toc216092963][bookmark: _Toc216093149]For Game Developers
· Use Decision Tree when interpretability is important.
· Use SVM models when higher predictive accuracy is required.
· Use clustering to group players into segments so know who would be require rewards.
· Monitor key behavioural features such as session duration and session frequency.
· Finally, you would apply your finding to improve player retention.

[bookmark: _Toc216092964][bookmark: _Toc216093150]For Future Work
· Include temporal or time-series data.
· Experiment with more advance machine learning models such as neural networks or random forests.
· Use soft clustering methods as they can assign player to multipole behavioural group, this makes it more flexible to find different player types.

YouTube Link: https://youtu.be/ouf52TbJNg0 
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