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[bookmark: _Toc216038724]Abstract
This report showcases a data-driven approach to analysing player behaviour in an online gaming environment by utilizing the “predict online gaming behaviour” dataset. The project aims to predict player engagement levels (high, medium & low) and in turn identify distinct player segments. The methodology involved data preprocessing techniques like the removal of multicollinear features and standardization. K-Means and Hierarchical clustering were used as unsupervised learning frameworks, with six distinct player profiles identified. Statistical separation was challenging (silhouette score was 0.1373), granular analysis of cluster centroids demonstrated actionable differences in spending and engagement behaviour. Decision Tree (DT), Support Vector Machine (SVM) and K-Nearest Neighbours (KNN) were utilized as supervised learning models and optimized via hyperparameter tuning. The decision tree classifier had the highest performance with an accuracy of 89.76% and an AUC-ROC score of 0.929. Recommendations are provided for targeted monetization strategies based on the specific cluster profiles.
1. [bookmark: _Toc216038725]Introduction
The video games industry has recently become geared towards the “Games as a Service” (GaaS) model, [1] where player retention and engagement are critical metrics for financial success. Understanding what drives a player to be more engaged in a game allows studios and developers to tailor the games experiences and monetization strategies dynamically and accurately. [2] This report documents the development of an Artificial Intelligence (AI) framework that is designed to solve two practical problems: classifying player engagement levels utilizing supervised learning and uncovering hidden player profiles with unsupervised clustering.
2. [bookmark: _Toc216038726]Problem Statement with Literature Support
Player churn-a term utilized to describe the situation of players ceasing to play a game-is a major concern for studios. The higher cost of acquiring / marketing to new players makes retaining existing players a vital economic proposition.
Machine Learning (ML) has become a common approach to addressing this situation. Literature suggests that supervised learning algorithms such as decision trees or SVMs are effective for classification tasks in behavioural datasets due to their ability to handle high dimension boundaries and their ease in interpretability.
Identifying player archetypes is a crucial component of personalized content delivery. [3] Traditional methods rely on intuition; however, data-driven clustering provides an objective view of differing player profiles / archetypes. [4]
The specific challenge address with this dataset is to build models that have the capacity to generalize across player demographics and behavioural metrics to accurate predict engagement without allowing noise in the data to influence the output.


3. [bookmark: _Toc216038727]Methodology
3.1. [bookmark: _Toc216038728]Data Exploration and Preprocessing
The dataset utilized is the “Predict Online Gaming Behaviour Dataset”. Initial exploratory data analysis (EDA) demonstrated a dataset containing 40,034 records and 13 features
[bookmark: _Toc216038729]Data Cleaning
The PlayerID column was removed as it is purely a unique row identifier. Of particular interest, PlayTimeHours was dropped. While the feature may seem important, preliminary correlation analysis suggested negative correlation with SessionsPerWeek and AvgSessionDurationMinutes, which could introduce noise into the clusters. [15]
[bookmark: _Toc216038730]Outlier Detection
An interquartile range (IQR) check with a threshold of 3.0x was performed with no extreme outliers detected which ensured data integrity. [15]
[bookmark: _Toc216038731]Encoding
Categorical variables Gender, Location and GameGenre were transformed using one-hot encoding, while GameDifficulty was mapped manually to ensure correct mapping order (hard / two should have a higher weighting than easy / 0): [15]
	Categorical Value
	Numerical Mapping

	Easy
	0

	Medium
	1

	Hard
	2


[bookmark: _Toc216038732] Scaling
Feature standardization was applied utilizing StandardScaler to normalize the range of independent variables, which is an essential step for distance-based algorithms like SVM and K-Means. [15]
3.2. [bookmark: _Toc216038733]Unsupervised Learning (Clustering)
K-Means clustering was selected to identify player segments with the optimal number of clusters (k) determined utilizing the elbow method and silhouette analysis. Additionally, Hierarchical Agglomerative Clustering was performed on a sample of the data to validate, enhance and compare the clustering structurers. [5] t-SNE was utilized for visualization for both algorithms due to its ability to visualise high-dimensional data. [6]
3.3. [bookmark: _Toc216038734]Supervised Learning (Classification)
Three classifiers were implemented to predict EngagementLevel:
1. Decision Tree (DT): Ease of interpretability and non-parametric nature.
2. Support Vector Machine (SVM): Effectiveness in high-dimensional spaces.
3. K-Nearest Neighbours (KNN): Baseline distance-based classifier. [7] 
The dataset was split into 80% training and 20% training sets.
4. [bookmark: _Toc216038735]Experiments
4.1. [bookmark: _Toc216038736]Hyperparameter Tuning
The models were optimized utilizing GridSearchCV with 5-fold cross validation for decision tree, and 3-fold cross validation for SVM and KNN. [12]
[bookmark: _Toc216038737]Decision Tree
Tuned max_depth, min_samples_split, and criterion. [12]
[bookmark: _Toc216038738]Support vector Machine (SVM)
Tuned regularization (C), Kernel Type (rbf, linear) and Gamma. A stratified sample of 5000 rows was utilized for SVM due to stress on the computer. [12]
[bookmark: _Toc216038739]K-Nearest Neighbours (KNN)
Tuned n_neighbors, weights, and metric. [13]
4.2. [bookmark: _Toc216038740]Evaluation Metrics
The models were evaluated on accuracy, weighted F1-score and AUC-ROC. A confusion matrix was utilized to visualise any misclassifications. [14]


5. [bookmark: _Toc216038741]Results
5.1. [bookmark: _Toc216038742]Clustering Results
The elbow method indicated k = 6 as the optimal number of clusters. The silhouette score was quite low (0.1373) which suggested overlap; however, this was reviewed in conjunction with a dendrogram. The dendrogram revealed the tree structure could arguably support a seven-cluster solution, a cut-off yielding 6 distinct clusters was selected to align with the K-Means findings that ensure interpretability. This approach allowed for successful identification of branches of player behaviours without over segmenting the population.
Analysis of the centroids demonstrated distinct behavioural profiles:
[bookmark: _Toc216038743]Cluster 5 “The Whales”
This segment is the most critical for revenue, featuring the maximum InGamePurchases score of 1.00 and the highest SessionsPerWeek (9.84). They are highly active and spend significantly more than any other group.
[bookmark: _Toc216038744]Cluster 0 “The Grinders”
This segment showcases very high engagement (9.58 sessions per week) but very little spending (0.01). They play frequently without monetary conversion.
[bookmark: _Toc216038745]Cluster 3 “The High-Skill Veterans”
This segment achieved the highest PlayerLevel (52.36) despite having the lowest average session duration (91.97 minutes). They are highly efficient and skilled players who maximise progress in a shorter timeframe. 
5.2. [bookmark: _Toc216038746]Classification Results
The supervised learning models demonstrated the following performance metrics on the test dataset:
	Model
	Accuracy
	Precision
	Recall
	F1-Score
	AUC-ROC

	Decision Tree
	0.8976
	0.8975
	0.8976
	0.8974
	0.9290

	SVM
	0.8620
	0.8631
	0.8620
	0.8612
	0.9334

	KNN
	0.7828
	0.7961
	0.7828
	0.7781
	0.8946


The Decision Tree model with parameters {“criterion”: “entropy”, “max_depth”:10, “min_samples_split”: 10} was the most accurate model.


6. [bookmark: _Toc216038747]Discussion
6.1. [bookmark: _Toc216038748]Critical Analysis of the Models
The Decision Tree was the top performer, achieving approximately 90% accuracy. The model’s ability to create non-linear decision boundaries with hyperplane splits [10] facilitated the effective distinguishment of engagement levels based on the session metrics. Conversely, the SVM demonstrated strong AUC-ROC performance (0.9334) which demonstrates its ranking probabilities capability but required a significant number of resources [11]. KNN struggled with the high dimensionality of the data.
6.2. [bookmark: _Toc216038749]Cluster Interpretation
Relying on Hierarchical clustering over K-Means for the final segmentation proved superior for this dataset due to K-Means sensitivity to random initialization, and assumes clusters are spherical and equally sized [17] which can fail to capture nuance.
Hierarchical clustering built a profile of players from the bottom up. The result dendrogram offered visual confirmation of profile splits such as high spenders or players with high engagement that the distance metric calculation used for K-means [17] may obscure. The agreement between the tree structure and cluster interpretation confirms 6 identified personas are genuine behavioural sub-populations.
6.3. [bookmark: _Toc216038750]Limitations and Sampling Bias
It is worth noting that due to the high computational complexity of Hierarchical Complexity (O(n2)) a sample of the dataset was utilized rather than the full 40034 records. This bias may influence the purity of Cluster 5 which currently exhibits an InGamePurchase mean of 1.00. In a greater sample size, this whole separation may blur and reveal sub segments of moderate spenders. Future work on this project would benefit from scalable distributed clustering to validate the nature of this cluster. [16]
7. [bookmark: _Toc216038751]Conclusion
The project successfully implemented a machine learning pipeline that predicts and profiles online gaming behaviour. The supervised analysis confirmed behavioural metrics can be utilized for predicting engagement. The unsupervised analysis was noisy, however, it successfully isolated high-spending players from low-spending players which provides a clear roadmap for targeted marketing.


8. [bookmark: _Toc216038752]Recommendations
8.1. [bookmark: _Toc216038753]Targeted Monetization
[bookmark: _Toc216038754]Cluster 0 and Cluster 5 Strategy
Cluster 0 is content earning rewards through gameplay, evidenced by their high level and low purchases. While cluster 5 purchases the most and has the highest session duration. Introducing exclusive cosmetic items or other gameplay mechanisms focused on the social aspect of the game that cannot be earned via gameplay could introduce greater monetization of these players. [8]
8.2. [bookmark: _Toc216038755]Retention Mechanics
[bookmark: _Toc216038756]Decision Tree Deployment
The decision tree model could be integrated into the live environment to flag low engagement players and implement game functionality such as difficulty reduction to encourage these players to play more often. [9]
[bookmark: _Toc216038757]Session Incentives
SessionsPerWeek was seen as a key driver for both classification and clustering, meaning implementing a Daily Streak reward system could encourage all clusters to increase login frequency.
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