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[bookmark: _Toc229855240]1. Abstract
This report applies supervised and unsupervised machine learning to the Predict Online Gaming Behaviour Dataset to predict player engagement and explore player segments. Decision Tree and SVM models were used to classify players as Low, Medium, or High engagement, while K-Means clustering was used for segmentation. Results showed that the tuned Decision Tree was the strongest model, balancing performance and interpretability. SessionsPerWeek and AvgSessionDurationMinutes were the most important predictors. Clustering provided useful exploratory insight, but weak cluster separation limited its reliability. Overall, the findings show how machine learning can support retention, engagement monitoring, and game design decisions.

[bookmark: _Toc229855241]2. Introduction
Online gaming studios use behavioural data to understand engagement, improve retention, and support revenue-focused decisions. Low engagement can lead to reduced activity, churn, and missed opportunities for targeted game design or promotional strategies. Machine learning can help identify patterns in player behaviour that may not be visible through manual analysis.
This report uses the Predict Online Gaming Behaviour Dataset from Kaggle [1], which includes demographic, behavioural, purchasing, progression, and game-related features. The target variable, EngagementLevel, classifies players as Low, Medium, or High engagement, making this a multiclass classification problem.
The aim is to evaluate Decision Tree and Support Vector Machine models for predicting player engagement, apply hyperparameter tuning to improve performance, and use clustering to identify hidden player segments. The findings are used to support recommendations for retention, engagement monitoring, and game design.
[bookmark: _Toc229855242]3. Literature Review
Artificial Intelligence (AI), particularly machine learning, is increasingly important in game analytics because it can analyse large behavioural datasets, identify patterns, and support prediction and decision-making. Sarker explains that machine learning techniques can enhance intelligent applications and support decision-makers across real-world domains by learning from data [2]. In online games, this is especially valuable because player behaviour data is often session-based, high-volume, and collected over time. AI can therefore support tasks such as churn prediction, engagement profiling, player segmentation, and recommendation.
Previous studies show that machine learning can be effective for predicting player churn and disengagement. Rothmeier et al. used data from ‘The Settlers Online’, an online strategy game, and applied multiple machine-learning algorithms to predict churn and disengagement from user activity data [3]. Their study demonstrates that recorded game activity can be transformed into predictive features and used to identify players who may be at risk of leaving. Similarly, Drachen et al. argue that predicting and improving player retention is important in free-to-play games because many players leave soon after installation, making early prediction valuable for retention strategies [4]. Loria and Marconi also found that in-game activity data can support churn prediction, with time investment and consistency of gameplay linked to the likelihood of players leaving [5].
These studies support the use of supervised learning for player engagement prediction. A Decision Tree model is appropriate because it provides interpretable decision rules and feature importance outputs, allowing the studio to understand which behaviours influence engagement predictions [2]. This is useful in a business context because the model does not only classify players but also helps explain which variables are most influential. Support Vector Machine (SVM) is also suitable because it is a supervised classification method that can use linear and non-linear kernels, making it useful where engagement classes may not be separated by simple linear patterns [6]. Comparing both models allows predictive performance and interpretability to be evaluated.
Clustering provides a different form of insight. Instead of predicting a known engagement label, it groups players based on similarity in demographic and behavioural features. Perišić and Pahor show that clustering can support player segmentation and churn modelling in mobile games, particularly where datasets contain mixed categorical and numerical data [7]. Therefore, clustering is used to explore hidden player segments alongside the supervised prediction models. Combining supervised and unsupervised learning gives the studio both individual-level prediction and broader behavioural segmentation insight.
Together, these studies justify the use of AI-based classification and clustering methods, as they show that player activity data can support both predictive engagement modelling and exploratory behavioural segmentation.
[bookmark: _Toc229855243]4. Problem Statement
Online gaming studios collect large volumes of behavioural data, but without structured analysis it is difficult to turn that data into useful insight. When player activity declines, studios risk lower retention, weaker loyalty, reduced revenue, and less effective game design decisions.
The problem is how to use this data to predict whether players have Low, Medium, or High engagement, while also uncovering hidden player segments that can support targeted business action.
[bookmark: _Toc229855244]5. Methodology
This study used both supervised and unsupervised machine learning methods to predict player engagement and identify behavioural player segments. The methodology followed is outlined below. 
[bookmark: _Toc229855245]5.1 Dataset Checking and Exploratory Data Analysis
The first stage checked the dataset structure, data types, missing values, duplicates, and target distribution. 
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[bookmark: _Toc229855280]Figure 1: Initial dataset inspection, structure, and variable summary
Exploratory data analysis was then used to review numerical summaries, categorical patterns, engagement-level differences, and relationships between variables. This helped assess whether the data was suitable for machine learning and identify features that may be linked to player engagement.
However, exploratory data analysis is descriptive rather than predictive. A feature may appear related to engagement visually but still have limited value once tested within a model. Therefore, supervised machine learning was needed to formally assess predictive performance.
[bookmark: _Toc229855246]5.2 Data Preprocessing 
The dataset was preprocessed to make it suitable for machine learning. PlayerID was removed because it was only a unique identifier and had no predictive value. The target variable, EngagementLevel, classified players as Low, Medium, or High, so the task was treated as a multiclass classification problem.
Categorical variables such as gender, location, game genre, and game difficulty were converted into numerical format using dummy variables. The predictors were then separated from the target variable, with X representing the input features and y representing the engagement label.
[image: ]
This made the data model-ready, but dummy encoding also increased the number of features and made interpretation less direct. Therefore, encoded variables were interpreted carefully to preserve their original business meaning.
[bookmark: _Toc229855247]5.3 Data Preparation
The prepared data was split into 70% training and 30% testing. The training set was used to fit the models, while the test set was kept separate to assess performance on unseen data. This helped provide a more realistic measure of model generalisation.
[image: ]
Feature scaling was applied using StandardScaler. The scaler was fitted on the training data and then applied to the test data to avoid data leakage. Scaling was required for SVM and K-Means because both are sensitive to feature magnitude, and the dataset contained variables measured on different scales.
[image: ]
[bookmark: _Toc229855281]Figure 2: Data Scaling
However, scaling was not necessary for the Decision Tree, as tree-based models split data using thresholds rather than distance calculations. It was still required for SVM and K-Means because these methods rely on distances or decision boundaries.
[bookmark: _Toc229855248]5.4 Decision Tree Classification
A Decision Tree was used as a supervised classification model to predict whether players had Low, Medium, or High engagement. It works by splitting the data into decision rules based on feature values, allowing patterns between player characteristics and engagement level to be learned.
Its main strength is interpretability. The model can show feature importance, making it useful for identifying which behaviours had the greatest influence on engagement predictions. This is valuable for business decision-making because the studio needs to understand both which players may be at risk and which behaviours contribute to that risk.
The main limitation is overfitting. If the tree becomes too complex, it may learn the training data too closely and perform less effectively on unseen data. Therefore, hyperparameter tuning was required to control model complexity and improve generalisation.
[bookmark: _Toc229855249]5.5 SVM Classification
Support Vector Machine was used as the second supervised classification method. SVM works by finding a decision boundary that separates classes. A linear kernel was first used as a simpler baseline model, followed by an RBF kernel to allow non-linear class separation. This was appropriate because player engagement may not be separated by simple straight-line relationships.
SVM was useful because it provided a strong comparison against the Decision Tree. The RBF kernel was particularly useful for testing whether a more flexible decision boundary improved classification performance. However, SVM is less interpretable than Decision Tree because it does not provide simple decision rules or feature importance in the same way. It is also more computationally expensive, especially when probability estimates are required for AUC-ROC. For this reason, SVM was valuable for comparison, but Decision Tree was stronger for explainability.
[bookmark: _Toc229855250]5.6 Hyperparameter Tuning
Hyperparameter tuning was applied to improve model performance and reduce overfitting. For the Decision Tree, parameters such as criterion, max_depth, min_samples_split, and min_samples_leaf were tuned. These parameters control how the tree splits the data and how complex the final tree becomes.
For SVM, the main hyperparameters were kernel, C, and gamma. The kernel controls whether the decision boundary is linear or non-linear. C controls the trade-off between classification errors and margin size, while gamma affects how much influence each data point has in the RBF kernel. A reduced tuning grid was used for SVM because testing too many combinations can be computationally expensive on larger datasets.
The strength of hyperparameter tuning is that it improves the chance of selecting a model that generalises well rather than simply fitting the training data. However, tuning also has limitations because the selected model depends on the parameters tested. A very small grid may miss better settings, while a very large grid can increase processing time.
[bookmark: _Toc229855251]5.7 K-Means Clustering
K-Means clustering was used as the unsupervised learning method to identify hidden player segments. Unlike Decision Tree and SVM, K-Means did not use the EngagementLevel target variable during training. Instead, it grouped players based on similarity across demographic and behavioural features.
The number of clusters was assessed using inertia and silhouette score. Inertia measured how compact the clusters were, while silhouette score measured how well separated the clusters were. Hyperparameter tuning was also applied to test different K-Means settings, including the number of clusters, initialisation method, number of initialisations, and maximum iterations.
K-Means was useful because it provided a segmentation view of the player base. This could help the studio explore broad player groups and compare behavioural patterns across segments. However, the clustering results had to be interpreted cautiously because low silhouette scores can suggest that the clusters were not strongly separated. Therefore, K-Means was treated as an exploratory segmentation method rather than a direct replacement for the supervised prediction models.
[bookmark: _Toc229855252]5.8 Evaluation Metrics
Model performance was assessed using separate metrics for supervised and unsupervised learning. For the supervised models, Decision Tree and SVM, accuracy, precision, recall, F1-score, confusion matrices, and AUC-ROC were used. Accuracy was not used alone because the task involved three engagement classes: Low, Medium, and High.
F1-score was prioritised because it balances precision and recall across the three classes. Recall was especially important for the Low engagement class, as missing these players could prevent the studio from targeting users at risk of disengagement. Precision was also considered to avoid wasting resources on players incorrectly flagged as Low engagement.
Confusion matrices showed where misclassifications occurred, while AUC-ROC assessed class separation using a one-vs-rest approach. For K-Means, classification metrics were not suitable because it did not predict EngagementLevel. Instead, inertia measured cluster compactness, and silhouette score assessed how well separated the player segments were.
[bookmark: _Toc229855253]6. Experiments
The experiments were designed to compare supervised classification models for engagement prediction and an unsupervised clustering model for player segmentation. Figure 3 summarises the models tested, the data used, the evaluation approach, and the purpose of each experiment.
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[bookmark: _Toc229855282]Figure 3: Summary of Machine Learning Experiments
These experiments allowed the supervised models to be assessed for predictive performance, while K-Means was evaluated for exploratory segmentation.
[bookmark: _Toc229855254]7. Results
This section summarises the main results needed to compare model performance and interpret the key findings. The full detailed outputs are provided in the accompanying HTML notebook submission.
[bookmark: _Toc229855255]7.1 Dataset
Initial dataset checks confirmed that the dataset contained 40,034 records and 13 columns, with no missing values identified. The target variable, EngagementLevel did indeed contain three classes: Low, Medium. 
[image: ]
[bookmark: _Toc229855283]Figure 4: Dataset Structure, Data Types, and Unique Value Summary
The analysis also showed that no single categorical variable had a strong visual relationship with engagement, while the numerical correlation heatmap showed weak linear relationships between numerical features, suggesting the need for machine learning models to capture combined or non-linear patterns.
[image: ]
[bookmark: _Toc229855284]Figure 5: Correlation Heatmap Between Numerical Variables
[bookmark: _Toc229855256]7.2 Supervised Models
[bookmark: _Toc229855257]7.2.1 Decision Tree Model
The baseline Decision Tree Model showed clear overfitting. It achieved perfect performance on the training data, but test accuracy dropped to 82.96%, with a test AUC-ROC score of 0.8665. This suggested that the model had learned the training data too closely and did not generalise as strongly to unseen data. 
[image: ]
[bookmark: _Toc229855285]Figure 6: Baseline Decision Tree Training and Testing Results
Hyperparameter tuning improved the Decision Tree by controlling model complexity. The tuned model no longer achieved perfect training performance, but it produced stronger test results. Test accuracy increased to approximately 0.90, and test AUC-ROC improved to 0.936. This suggests that parameters such as max_depth, min_samples_split, and min_samples_leaf helped reduce overfitting and improved the model’s ability to classify unseen players. The table below displays a comparison and main findings of the Decision Tree Models.
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[bookmark: _Toc229855286]Figure 7: Comparison of Baseline and Tuned Decision Tree performance on Training and Test Data
Feature importance run on the tuned Decision Tree Model showed that SessionsPerWeek and AvgSessionDurationMinutes were the strongest predictors of engagement. This indicates that how often players play and how long they play for were more important than demographic variables such as age, gender, or location.
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[bookmark: _Toc229855287]Figure 8: Top 10 Feature Importances from the Tuned Decision Tree Model
Overall, the tuned Decision Tree was stronger than the baseline model because it reduced overfitting while maintaining high test performance and interpretability.
[bookmark: _Toc229855258]7.2.2 SVM Models
The Linear SVM produced stable training and test results, with test accuracy of 0.82. This suggests that the model generalised consistently and did not show major overfitting. 
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[bookmark: _Toc229855288]Figure 9: Linear Kernel SVM Model Training and Testing Results
However, its performance was weaker than RBF-based SVM model, indicating that a simple linear boundary was not sufficient to capture all engagement patterns.
The RBF SVM used a Low engagement vs Rest threshold approach. This was tested because identifying low-engagement players was the main business priority. Using a threshold of 0.45 (identified through precision-recall analysis) , the RBF SVM achieved 0.93 test accuracy, with 0.86 precision, 0.85 recall, and 0.86 F1-score for the Low engagement class. This showed that the model was effective at detecting players at risk of lower engagement.
[image: ]
[bookmark: _Toc229855289]Figure 10: RBF SVM Threshold Model Testing Results
Hyperparameter tuning was applied to both SVM models. The RBF kernel with C = 1 and gamma = scale was selected, confirming that the non-linear kernel was more suitable than the linear SVM for this dataset. The tuned SVM achieved a weighted F1-score of 0.91 on the training data and 0.88 on the test data, showing strong overall classification performance across the Low, Medium, and High engagement classes. It also achieved a test AUC-ROC of 0.9396443477, indicating strong class separation. The small drop between training and test performance suggests that the model generalised reasonably well. 
The table below provides a comparison of all SVM models with the main findings. 
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[bookmark: _Toc229855290]Figure 11: SVM model performance across linear, RBF threshold, and tuned SVM models
[bookmark: _Toc229855259]7.3 Unsupervised Models
[bookmark: _Toc229855260]7.3.1  K-Means Clustering
K-Means clustering was evaluated using inertia and silhouette score because it does not predict the known EngagementLevel target variable. The initial silhouette analysis showed the highest score at 0.120195 with 4 clusters, suggesting this was the best initial separation among the tested values. However, the score remained low, indicating weak separation between player groups.
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[bookmark: _Toc229855291]Figure 12: Silhouette Score Results for K-Means Clustering
After hyperparameter tuning, the final K-Means model used 5 clusters and achieved a slightly higher silhouette score of 0.132229. This suggests that tuning improved the clustering structure, although the score was still low and the clusters should be interpreted cautiously.

[image: ]
[bookmark: _Toc229855292]Figure 13: K-Means Clustering Performance and Segment Summary
The tuned K-Means model identified 5 broad player segments, but the low silhouette score shows that the groups were not strongly distinct. The cluster profiles were also similar across numerical variables, and the engagement distribution did not clearly align with the original Low, Medium, and High engagement categories. 
To understand whether the tuned clusters represented distinct player groups, the average numerical features were compared across each cluster.
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[bookmark: _Toc229855293]Figure 14: Numerical Feature Averages by Tuned K-Means Cluster
The numerical feature averages show only small differences between the five tuned clusters. This supports the low silhouette score result, indicating that the clusters were not strongly separated. Therefore, the K-Means model should be treated as a broad exploratory segmentation tool rather than a precise method for defining distinct player types.
[bookmark: _Toc229855261]8. Discussion
The results show that supervised learning was more effective than unsupervised learning for direct player engagement prediction. This is because Decision Tree and SVM used the known EngagementLevel target variable to learn patterns linked to Low, Medium, and High engagement. K-Means did not use this label, so it was better suited to exploratory segmentation rather than individual prediction.
The baseline Decision Tree showed clear overfitting, with perfect training performance but weaker test performance. This means the model learned the training data too closely and did not generalise as effectively to unseen records. Hyperparameter tuning reduced this issue by controlling tree complexity. The tuned Decision Tree achieved stronger test performance and provided clearer feature importance outputs, making it more useful for business interpretation.
The SVM models also performed well, particularly when the RBF kernel was used. This suggests that the relationship between player behaviour and engagement was not fully linear. The tuned SVM model achieved a slightly higher AUC-ROC score than the tuned Decision Tree, showing strong class separation. However, its weighted test F1-score was slightly lower, and the model was less interpretable. This limits its business value because the studio needs to understand not only which players are at risk, but also which behaviours contribute to that risk.
K-Means clustering added a different type of insight by grouping players into broad segments. However, the low silhouette score and similar cluster profiles show that the groups were not strongly separated. This means the clusters should not be treated as fixed or precise player types. Instead, K-Means should be used cautiously as an exploratory tool to support wider segmentation analysis.
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[bookmark: _Toc229855294]Figure 15: Critical Comparison of Final Supervised and Unsupervised Models
Overall, the tuned Decision Tree was selected as the best supervised model because it provided the strongest balance of predictive performance, generalisation, and interpretability. The Decision Tree was more useful for practical decision-making because it showed which variables influenced predictions (SessionsPerWeek and AvgSessionDurationMinutes). 
[bookmark: _Toc229855262]9. Recommendations
The recommendations below show how the game studio could use the model outputs to support retention, engagement monitoring, player segmentation, and future game design decisions.
[image: ]
[bookmark: _Toc229855295]Figure 16: Summary of Business Recommendations
Overall, the game studio should use machine learning models as a decision-support tool rather than a replacement for business judgement. Model performance and player outcomes should be reviewed regularly to ensure that predictions remain accurate, useful, and aligned with changing player behaviour.
[bookmark: _Toc229855263]10. Conclusion
The project demonstrated that machine learning can support player engagement analysis by identifying at-risk players, highlighting important behavioural indicators, and informing retention and game design strategies. A key reflection is that model accuracy alone is not enough; interpretability, business relevance, and regular monitoring are also important when applying AI methods in a real-world gaming context.
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Creating dummy variables for categorical Variables

# Creating List of dumy colums
to_get_dummies_for = ['Gender", ‘Location’, 'Gamecenre’, 'GameDifficulty’]

# Creating dunmy voriables
4f - pd.get_dumnies(data - Of, colums - to_get_dumies_for, drop_first - True)

# Mapping target variable
dict_engagenent = {'Low': o, ‘Medium': 1, 'igh': 2}

GF[*Engagementievel'] = Of.EngagenentLevel..nap(dict_engagenent)

Separating the independent variables (X) and the dependent variable (¥)
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# splitting the data
X_train, X_test, y_train, y_test - train_test_spLit(X, v, test_size = .3, random_state = 1, stratify = )
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# scaling the data
sc - Standardscaler()

# Fit_transforn on train data
X_train_scaled - sc.fit_transfora(x_train)
XCtrain_scaled = pd.DataFrame(x_train_scaled, colums = X.colums)

# Transform on test data
X_test_scaled - sc. transforn(x_test)
X test_scaled = pd.DataFrane(x_test_scaled, colums = X.colums)
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Investigate The Dataset

# pisplay sumary of your dataset’s structure
4F.3nf0()

<class “pandas. core. frane. Datarrane'>
RangeIndex: 40034 entries, 0 o 40033

Data colums (total 13 colums):

% column Non-u1l Count  Dtype

& Plajerm 20032 non-null intes
1oae 20032 non-null intes
2 Gender 20034 non-null object
3 Location 20034 non-null oblect
4 Gamesenre 20034 non-null oblect
5 PlayTinesours 40034 non-null Floates
5 Incamerurchases 0034 non-null intes
7 Gamepifficulty 0034 non-null object
5 sessionseerueck 0034 non-null intes
5 AvgsessiomDurationinutes 20834 non-null intes
10 Playerievel 0034 non-null intes
1 achievementsunlocked 40034 non-null intes
12 Engagenentlevel 40034 non-null object

dtypes: floatss(1), intss(7), object(s)
menory usage: 4.0+ H8

# Check for unique values in each colum
F.nunique()

Plajermo 0034
see =
Gender 2
Location 4
Ganegenre s
PlayTinesours 0034
Incamerurchases 2
GarepiFFiculty 3
Sessionsperuieek 2
70

)

s

3

Avgsessiondurationsinutes 1
Playerievel

Achievenentsunlocked

Engagenentievel

dtype: intss

Observations
+ The dataset contains 40,034 player records over 13 columns.
« Al columns show non-null counts equal to thetotal numiber of ows meaning there are no missing values.
+ Based on the number of unique values and data types of each, numerica and categorical can be indefied.
« Data types include:

= Numeric columns: Age , PlayTineHours , InGamePurchases , SessionsPertieck , AvgSessionDurationttinutes , Playerlevel, AchievementsUnlocked .
= Categorical columns: Gender, Location, GameGenre , GaneDifficulty, Engagementlevel .
« The column PlayerID is Unique identifier and is not needed for a prediction, this willdropped.

« The targetvariable Engagementlevel. s categorica with three possible values, High, Medium, and Low, confirming this i a multi-ciass lasification problem.
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Let's check the relationship between different numerical val

# Plotting the correlation between nunerical variables

pLE. Figure (figsize=(15,8))

sns. heatmap(df [nun_cols].corr(), ammot=True, fat='0.2", cuap='vlorad')
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Dataset
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Test accuracy 0.90, weighted F1-
score 0.90, AUC-ROC 0.936

Strength
strong performance and clear
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[ n
Can overfit if not tuned

Business Usefulness
Best model for explainable
engagement prediction

Tuned sVm

Test weighted F1-score 0.88, AUC-
ROC0.9396

Strong class separation using REF
kernel

Less interpretable than Decision
Tree

Useful comparison model, but
weaker for explaining predictions

RBF SVM Threshold Model

Test accuracy 0.93 for Low vs Rest

Strong at identifying Low
engagement players

Binary test, not full three-class
classification

Useful for targeted low-
engagement detection

Tuned K-Means.

Silhouette score 0.1322

Provides segmentation insight

Weak cluster separation and not
predictive

Useful for broad exploratory
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Main prediction model
Engagement monitoring

Low engagement players

High engagement players

Recommendation
Use the tuned Decision Tree as the main supervised model for predicting
player engagement.

Monitor SessionsPerWeek and AvgSessionDurationMinutes as key
engagement indicators.

Target players predicted as Low engagement with personalised rewards,
login bonuses, tailored recommendations, easier progression, or return
prompts.

Support highly engaged players with advanced challenges, achievement
rewards, competitive events, and exclusive content,

Business Value
Provides strong performance while remaining
interpretable for business decision-making.

A drop in weekly sessions or shorter session lengths
may signal declining engagement.

Helps reduce disengagement and supports player
retention.

Maintains loyalty and identifies behaviours that
could be encouraged in other groups.

Player segmentation

Combined approach

Use k-Means clustering as a broad exploratory segmentation tool, not as
a precise prediction method.
Use the tuned Decision Tree for individual prediction and K-Means for
wider segmentation analysis.

Supports marketing and design analysis, but clusters
should not be treated as fixed player types.
Combines accurate engagement prediction with
broader behavioural insight.




