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This report investigates the use of machine learning techniques to predict player engagement within the Predict Online Gaming Behaviour dataset [1]. Two supervised models, a Decision Tree and a Support Vector Machine, were developed and evaluated alongside an unsupervised DBSCAN clustering model. 

After preprocessing and feature engineering, baseline models were compared to tuned versions using GridSearchCV. The tuned Decision Tree achieved the highest accuracy and AUC-ROC, while the tuned SVM performed well but was slightly less effective. 

DBSCAN revealed distinct behavioural clusters that complemented the supervised predictions by exposing natural groupings and outliers in player activity. The combined findings demonstrate that machine learning can provide both accurate engagement prediction and valuable engagement insights.

[bookmark: _Toc216001484]Introduction
This report focuses on applying machine learning techniques, specifically Decision Tree [2] and Support Vector Machine (SVM) models [3], to predict player engagement using the Predict Online Gaming Behaviour Dataset from Kaggle [1].  These supervised learning methods will be complemented by unsupervised learning approaches, utilising the DBSCAN clustering algorithm [4] to separate the data into clusters for further analysis. The combination of these analytical methods provides both predictive accuracy and actionable insights that can inform business strategies.

The study aims to develop and evaluate predictive models for classifying player engagement levels, optimise their performance through hyperparameter tuning, and assess them using standard evaluation metrics such as accuracy, precision, recall, F1 score, silhouette score, and AUC-ROC.

This report seeks to draw meaningful connections between data-driven insights and practical applications in game design, marketing, and player retention.

[bookmark: _Toc216001485]Problem Statement

Understanding and predicting player engagement has become a central focus within modern game analytics, as accurate modelling of player behaviour is essential for improving retention and guiding data-driven design decisions [5]. Prior research highlights that machine-learning techniques have been successful at identifying patterns linked to player engagement, particularly when large behavioural datasets are available [6. 6. 7]. 

Supervised learning approaches such as Decision Trees and Support Vector Machines have been widely used for behavioural prediction. Decision Trees offer interpretable structures [8]. Support Vector Machines demonstrate strong performance in modelling complex data [2]. 

However, predicting engagement alone may overlook deeper behavioural trends that can inform personalised game experiences. For this reason, clustering methods have been used to uncover patterns and player subgroups within gaming populations [5]. Density based clustering algorithms such as DBSCAN are effective for identifying natural clusters and distinguishing noise in irregular behavioural data [9]. 

Together, these studies show that combining supervised and unsupervised learning techniques provides a comprehensive analytical framework for understanding player engagement and segmenting gaming audiences.

[bookmark: _Toc216001486]Methodology

This study uses a combination of  machine learning models to predict and analyse player engagement and uncover behavioural patterns within the Predict Online Gaming Behaviour Dataset [1]. The methodology consists of five components as detailed below:
· Data Exploration and Preprocessing
· Feature Engineering
· Supervised Model Development (Decision Tree and Support Vector Machine)
· Hyperparameter Tuning and Evaluation
· Clustering Analysis

[bookmark: _Toc216001487]Data Exploration and Preprocessing
Initial data exploration was conducted to understand the structure of the dataset, evaluate feature distributions, and identify any anomalies. Histograms and box plots were utilised to visually inspect the data[10].

As part of the exploratory checks, the dataset was assessed for missing or invalid entries. No missing values were identified, so there was no requirement to handle these missing values. 

The categorical attributes, such as location and game genre, were transformed into numerical format using one-hot encoding [2], enabling them to be used effectively in the machine learning models. Numerical features were left in their original form except for those requiring scaling.

Support Vector Machines and density-based clustering algorithms are sensitive to differences in feature magnitude; numerical features were standardised using StandardScaler from Scikit-Learn [11] to ensure a mean of zero and unit variance across variables. This scaling step improves optimisation behaviour and prevents high-value attributes from dominating distance-based calculations [10]. For clustering, normalisation was also applied to ensure consistent geometric scaling before applying DBSCAN.

[bookmark: _Toc216001488]Feature Engineering
Feature engineering was performed to enhance the model. The variable GamingHoursWeekly was computed to capture more granular aspects of player engagement. Irrelevant or non-informative attributes, such as unique identifiers, were removed to avoid noise and reduce dimensionality during model data preparation. 
[bookmark: _Toc216001489]Model Development
Two supervised learning models were developed and assessed, a Decision Tree and a Support Vector Machine. These models were trained using an 80/20 train–test split via scikit-learn [11].
[bookmark: _Toc216001490]Decision Tree
Decision Trees classify observations by recursively splitting the dataset into purer subsets. As described by Quinlan [12] and Geron [2] the model selects the attribute threshold that maximises class purity at each node. Purity is measured using Gini Index or Entropy.

· Entropy quantifies disorder and is used to compute Information Gain. A sets Entropy is equal to 0 when all instances in the set are of one class [2].
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Fig1: Entropy calculation[2]

· Gini Index measures the probability of incorrect classification using its impurity, a node is “pure” if its gini=0 [2].
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Fig2: Gini Impurity calculation[2] 

Decision Trees are widely used in behavioural modelling due to their interpretability and ability to handle mixed attribute types [2]. Rodrigo et al [8]demonstrate the practical application of decision tree models to behavioural data, reinforcing their relevance for analysing patterns in player engagement.

An initial baseline Decision Tree was trained using default parameters. Model performance was evaluated using accuracy, precision, recall, F1-score, and AUC-ROC [2].
[bookmark: _Toc216001491]Support Vector Machine

Support Vector Machines classify data by constructing an optimal separating hyperplane that maximises the margin between classes [3]. The closest data points to this boundary, known as support vectors, define the orientation of the hyperplane [3].

Géron [2] explains that when engagement patterns are non-linear, the Support Vector Machine employs kernel functions (linear, polynomial, or RBF) to project the data into a higher-dimensional space where class separation becomes feasible. The regularisation parameter C manages the trade-off between margin maximisation and classification errors, while kernel parameters such as gamma determine decision boundary flexibility.

Géron [2] emphasises the role of feature scaling as essential for Support Vector Machine optimisation as Support Vector Machines are sensitive to feature scales.
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Fig3: Support Vector Machine Sensitivity to feature scales [2]
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To optimise model performance for both the Decision Tree and the Support Vector Machine, Grid Search Cross-Validation was applied [2].


For the Decision Tree, the search included:
· max_depth
· min_samples_split
· min_samples_leaf
· criterion (Gini, Entropy)
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Fig4: Decision Tree Grid Search Parameters

For the SVM model based off the best two kernel types, the search examined:
· C (regularisation)
· gamma
· kernel type
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Fig5: Support Vector Mahine Grid Search Parameters

During the hyperparameter tuning, model performance was optimised using GridSearchCV from Scikit-Learn [11], which systematically evaluated parameter combinations using accuracy as the scoring metric. Accuracy was selected for cross-validation scoring because it provides a consistent and computationally efficient criterion for comparing large numbers of model configurations during grid search [2]. The Support Vector Machine grid search explored variations in kernel type, regularisation strength (C), and kernel coefficient (gamma), while the Decision Tree grid search evaluated different values of max_depth, min_samples_split, min_samples_leaf, and impurity criterion.

[bookmark: _Toc216001493]Clustering Algorithm

To further enhance the analysis provided by the supervised models, a density-based clustering algorithm DBSCAN was applied to identify engagement groups within the dataset. 

DBSCAN groups data by identifying dense regions using two parameters, epsilon (eps) and min_samples [2]. The algorithm categorises data into core instances, any data that is not a core instance and does not have one in its neighbourhood is considered an anomaly [2]. All instances in the neighbourhood of a core instance belong to the same cluster [2].

DBSCAN has been used in gaming analytics and is further supported by Drachen [5], who demonstrated that clustering techniques can reveal meaningful gameplay behaviour segments.

Before clustering was performed, data was standardised and normalised to ensure meaningful density estimation. Principal Component Analysis (PCA) was employed for visual inspection of cluster formations.
[bookmark: _Toc216001494]Experiments

All experiments were performed using the Predict Online Gaming Behaviour dataset [1]. After preprocessing and feature engineering, the data was divided into training (80%) and testing (20%) sets. Standardisation was applied to all numerical features when required by the model type SVM and DBSCAN, while the Decision Tree was trained on unscaled data as it is insensitive to feature magnitude.

Baseline Decision Tree 

The first experiment involved training a baseline Decision Tree Classifier using default scikit-learn hyperparameters. This provided a benchmark for evaluating whether more advanced tuning would meaningfully improve performance.
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Fig6: Code for Initial Un-tuned decision tree 

The baseline model was fit on the training data and evaluated on the test data. Metrics such as accuracy, precision, recall, F1-score and AUC-ROC were collected.
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Fig7: Un-tuned Decision Tree Classifcation Report
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Fig8: Un-tuned Decision Tree Confusion Matrix

The results obtained served as a valuable reference point for the subsequent hyperparameter tuning. 
Decision Tree Hyperparameter Tuning 
Once the baseline Decision Tree was trained, the hyperparameters were tuned using GridSearchCV to identify the optimal Decision Tree configuration. The grid included the following parameters:
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Fig9: Parameters for GridSearchCV  for Tuned Decision Tree

This search evaluated combinations using 5-fold cross-validation and accuracy as the scoring metric.

The best parameter set identified in figure 10 below.
[image: ]
Fig10: Tuned Decision Tree Best Parameters

Comparing the tuned model to the baseline model, the tuned model significantly outperformed the baseline across all parameters as demonstrated in the below figures.
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Fig11: Baseline Decision Tree Results
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Fig12: Tuned Decision Tree Results

This confirmed that structured hyperparameter tuning achieved better generalisation and reduced misclassification compared to a model utilising the standard parameters.
Support Vector Machine

SVM experiments were performed on scaled data to ensure consistent feature magnitudes. Much like the decision tree process, a baseline model utilising multiple parameters was compared to a model that had undergone hyperparameter tuning. 

Baseline Support Vector Machine
A series of baseline SVM experiments were conducted to evaluate how different kernel functions performed before hyperparameter tuning. Four commonly used kernels, linear, RBF, polynomial, and sigmoid were tested using their default or standard configurations. This experiment aimed to identify which kernels provided the strongest initial performance.

The SVM models were trained using the following configurations:
[image: A screen shot of a computer code
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Fig13: Kernel Configs

Each model was fitted on the standardised training set and evaluated on both training and test data. For each kernel, the experiment produced:
· Classification metrics (precision, recall, F1-score)
· Test set accuracy
· AUC-ROC

The evaluation loop systematically computed and displayed metrics for all four kernels. An excerpt from the experimental procedure is shown below in figure 14.
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Fig14: Loop of Kernel Configurations

All performance results were stored in a summary DataFrame for comparison as is shown in figure 14, enabling identification of the best-performing kernels prior to grid search.

Overall, this baseline experiment demonstrated clear performance differences between kernels, with some achieving substantially higher accuracy and AUC-ROC than others. This comparison informed the kernel selection for the subsequent hyperparameter tuning stage.

SVM Hyperparameter Tuning

A second experiment applied GridSearchCV to compare kernel functions and evaluate optimal parameter settings. The search grid included the below in figure 15.
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Fig15: Kernel Parameters for GridSearchCV.

Cross-validation used 3 folds and accuracy as the scoring metric.

The best-performing kernel and parameters were selected for final evaluation, this ish shown below in Figure16.
[image: ]
Fig16: GridSearchCV output for Support Vector Machine


These parameters were then utilised for the final Support Vector Machine, as shown in figure 17.
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Fig17:Support Vector Machine with tuning. 


DBSCAN Clustering Experiment
To explore unsupervised behavioural patterns, the DBSCAN algorithm was applied to the scaled and normalised feature set. 
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Fig18: Normalising and scaling Data.

This experiment required selecting suitable values for eps and min_samples, which were tuned iteratively based on observed cluster density.

To support visual interpretation, Principal Component Analysis (PCA) was used to project the high-dimensional data into two principal components. 

[image: A black background with white text
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Fig19: PCA Analysis

Clusters and noise points were plotted to asses separation and compactness.

This experiment enabled identification of natural groupings in player behaviour.
[bookmark: _Toc216001495]Results
Decision Tree Classifier Results 
The Decision Tree classifier was evaluated in two stages to compare baseline performance against the hyperparameter tuned model.

The baseline Decision Tree, trained using default parameters, achieved an accuracy of 0.8575 and an AUC-ROC of 0.8871, with the confusion matrix showing that most errors occurred between neighbouring engagement classes. 
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Fig20: Confusion Matrix from Baseline Decision Tree

This indicated that while the model captured general behavioural patterns, it exhibited some overfitting and lacked optimal class separation.

After applying GridSearchCV for hyperparameter optimisation, the tuned Decision Tree demonstrated substantial improvement. 

The optimal configuration (max_depth=9, min_samples_split=10, min_samples_leaf=4, criterion="gini") led to a test accuracy of 0.9251 and a macro AUC-ROC of 0.9418, also with impoved precision of 0.92 a recall = 0.89 and an f1-score of 0.91.
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Fig21: Tuned Decision Tree Confusion Matrix

The tuned model showed clearer decision boundaries and more balanced classification across all engagement levels. 
Support Vector Machine Classification Results
The SVM classifier was evaluated in two stages, a set of baseline kernel experiments and a tuned model identified through GridSearchCV. The baseline SVM models tested four kernels, linear, RBF, polynomial, and sigmoid to establish initial performance patterns. 

These experiments showed clear variation across kernels, with the RBF kernel generally performing the strongest, indicating that the engagement classes were better separated by non-linear boundaries. 

The linear and sigmoid kernels produced weaker performance, while the polynomial kernel showed moderate but less stable results. This confirmed the need for kernel exploration when modelling behavioural data.
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Fig22: Kernel Performance Outputs from original experiment

Following the baseline comparisons of kernels, a GridSearchCV procedure was applied to optimise the kernel type, regularisation strength (C), and kernel coefficient (gamma). 

Accuracy was used as the scoring metric during cross-validation. The tuned Support Vector Machine achieved notable improvements in both accuracy and AUC-ROC compared to the baseline models, demonstrating stronger generalisation to unseen data. 
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Fig23: Tuned Support Vector Machine Results

Consistent with the baseline stage, the RBF kernel provided the best overall performance, reflecting the presence of complex, non-linear relationships between gameplay behaviour and engagement levels as seen in figure 23. 

Overall, while the tuned SVM performed competitively, it did not perform as well as the tuned Decision Tree. This suggests that although a Support Vector Machine is effective for modelling complex engagement patterns, the dataset’s structure aligns more naturally with the threshold-based decision boundaries of the Decision Tree.
DBSCAN Clustering Results

The DBSCAN clustering experiment revealed meaningful behavioural groupings once the feature set was standardised and normalised. PCA was applied for visualisation, enabling the clusters to be plotted in two-dimensional space.

The clustering produced:
· Three to four main clusters, depending on the eps parameter this can be seen in figure 24.
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Fig24: DBSCAN cluster output

· A subset of noise points, representing players with irregular or atypical behavioural patterns these are represented in figure 24 by the black labelled points.
· Distinct separation in PCA space, indicating density-driven clusters that align with behavioural variations such as session frequency and playtime

Cluster visualisations suggested that players with similar engagement metrics and gameplay habits tended to group together without the need for predefined labels, this supported the use of DBSCAN for segmentation of player data.

[bookmark: _Toc216001496]Discussion

The supervised models showed clear differences in performance, reflecting their theoretical characteristics and suitability for behavioural prediction. The baseline Decision Tree performed reasonably well, but its improved accuracy (0.9251) and AUC-ROC (0.9418) after hyperparameter tuning demonstrated the importance of controlling tree depth and node constraints. 

This aligns with established findings that tuned trees avoid overfitting and generalise more effectively to unseen behavioural data [12]. 

The Support Vector Machine experiments highlighted the impact of kernel choice and feature scaling. Non-linear kernels, particularly RBF, performed better than the linear model, indicating that engagement behaviour is shaped by complex, non-linear interactions. 

Tuning parameters such as C and gamma further improved classification, consistent with theoretical expectations regarding SVM margin control [2]. While the SVM produced competitive results, the tuned Decision Tree outperformed it overall, suggesting that threshold-based structures fit the dataset’s behavioural patterns more naturally.

The DBSCAN clustering identified meaningful behavioural groups without the requirement for predefined labels. The presence of clear clusters and recognisable outliers supports the suitability of density-based methods for gaming telemetry, where behaviours are often unevenly distributed [5]. These clusters provided additional context for interpreting the supervised models.

Integrating the findings across all models suggests that engagement is shaped by high game activity levels and behavioural consistency. The Decision Tree gave interpretable boundaries, the Support Vector Machine captured subtle non-linear patterns, and DBSCAN exposed behavioural structures in the player population. Together, these results show that combining predictive and exploratory techniques yields the rich insights into player engagement.

[bookmark: _Toc216001497]Conclusion
This report demonstrates that machine learning can effectively predict player engagement and reveal engagement patterns in gaming data. Among the supervised models, the tuned Decision Tree achieved the strongest performance, indicating that clear threshold-based behaviours underpin engagement levels. The SVM also performed well, particularly with non-linear kernels (RBF), highlighting the presence of more complex behavioural interactions that linear models struggle to predict.

The unsupervised DBSCAN analysis complemented these findings by identifying natural engagement clusters and outliers (noise), showing that engagement differences are also reflected in the structure of player activity patterns. 

Together, the supervised and unsupervised results provide both accurate predictions and meaningful behavioural insights. These outcomes can offer practical value for improving player retention.
[bookmark: _Toc216001498]Recommendations

[bookmark: _Toc216001499]Based on the findings of this report, it is recommended that the tuned Decision Tree model be prioritised for future development for use in engagement prediction tasks. This model delivered the strongest performance while remaining highly interpretable for stakeholders. 

The tuned Support Vector Machine could serve as a complementary model to the Decision Tree when more complex, engagement relationships need to be captured. Insights from the DBSCAN clustering suggest that behavioural segmentation should be incorporated into game design and retention strategies, as natural player groups show distinct patterns in playtime, session frequency, and purchasing behaviour.
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# Use grid search to find best hyperparameters for SVC from best two models
svc = SVC(probability=True)
param_grid = [
{'kernel': ['linear'], 'C': [0.1, 1, 10, 1001},
{'kernel': ['rbf'l, 'C': [0.1, 1, 10, 100], 'gamma': [0.001, ©.01, 0.1, 11},

grid_search = GridSearchCV(svc, param_grid, cv=3, scoring='accuracy', n_jobs=-1)
grid_search.fitmx_train_scaled, Y_trainm

print("Best Hyperparameters:", grid_search.best_params_)
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# Defining Decisions Tree with no hyperparameter tuning
dt_initial = DecisionTreeClassifier()
dt_initial.fit(X_train, Y_train)

# Train decision tree using train data
y_train_pred_dt = dt_initial.predict(X_train)
y_train_proba_dt = dt_initial.predict_proba(X_train)

# Test decision tree using test data
y_test_pred_dt = dt_initial.predict(X_test)
y_test_proba_dt = dt_initial.predict_proba(X_test)

print ("######## DECISION TREE — TEST #t#t###t##" )
metrics_score(Y_test, y_test_pred_dt)

# Numeric metrics
dt_initial_acc = accuracy_score(Y_test, y_test_pred_dt)
dt_initial_auc = roc_auc_score(Y_test, y_test_proba_dt, multi_class='ovr', average='macro')

print(f"Decision Tree — Test Accuracy: {dt_initial_acc:.4f}")
print(f"Decision Tree - Test AUC-ROC: {dt_initial_auc:.4f}")
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# Define parameter grid for tuning
param_grid_dt = {
"max_depth": [3, 5, 7, 9, Nonel,
"min_samples_split": [2, 5, 101,
"min_samples_leaf": [1, 2, 4],
"criterion": ["gini", "entropy"]
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Best parameters for Decision Tree:
{'criterion': 'gini', 'max_depth': 9, 'min_samples_leaf': 4, 'min_samples_split': 10}
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#HEHE DECISION TREE — TEST MHHHHHHHE
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#HEAEH# TUNED DECISION TREE — TEST #HHHHHHHE
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kernel_configs = [

{"name": "linear", "kwargs' linear"}},

{"name": "rbf", "kwargs rbf", "gamma": "scale"}},

{"name": "poly", "kwargs poly", "degree": 3, "coef@": 0.0}},
{"name": "sigmoid", "kwargs": : "sigmoid", "coef@": 0.0}},
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for cfg in kernel_configs:

# Fit the model
model = SVC(probability=True, *xcfg['kwargs"]).fit(X_train_scaled, Y_train)

# TRAIN metrics

y_pred_train_labels = model.predict(X_train_scaled)

print (f"\n#ssss {cfgl'name’].upper()} — TRAIN ####s")
metrics_score(Y_train, y_pred_train_labels)

y_pred_train_proba = model.predict_proba(X_train_scaled)

# TEST metrics

y_pred_test_labels = model.predict(X_test_scaled)

print (f"\n#sss {cfgl'name'].upper()} — TEST ####a#")
metrics_score(Y_test, y_pred_test_labels)

y_pred_test_proba = model.predict_proba(X_test_scaled)

# Numeric metrics

acc = accuracy_score(Y_test, y_pred_test_labels)

auc_roc = roc_auc_score(Y_test,
y_pred_test_proba,
multi_class='ovr',
average='macro')

print(f"Test Accuracy: {acc:.4f}")
print(f"Test AUC-ROC: {auc_roc:.4f}")

results.append({
"kernel": cfg["name"],
"accuracy": acc,
"auc_roc": auc_roc,
"model": model

3

# Convert dict to data frame
results = pd.DataFrame(results)

display(results)
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# Use grid search to find best hyperparameters for SVC from best two models
svc = SVC(probability=True)
param_grid = [
{'kernel': ['linear'], 'C': [0.1, 1, 10, 100]},
{'kernel': ['rbf'], 'C': [0.1, 1, 10, 100], 'gamma': [@.001, 0.01, 0.1, 1]},
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Best Hyperparameters: {'C': 10, 'gamma': 0.01, 'kernel': 'rbf'}
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# Fit the model
model_tuned = SVC(probability=True, *xgrid_search.best params_).fit(X_train_scaled, Y_train)

# TRAIN metrics

y_pred_train_labels = model_tuned.predict(X_train_scaled)
print (f"\n##sass TRAIN ##t###as")

metrics_score(Y_train, y_pred_train_labels)

y_pred_train_proba = model_tuned.predict_proba(X_train_scaled)

# TEST metrics

y_pred_test_labels = model_tuned.predict(X_test_scaled)
print (f"\n##sssas TEST #######")

metrics_score(Y_test, y_pred_test_labels)

y_pred_test_proba = model_tuned.predict_proba(X_test_scaled)

# Numeric metrics

acc = accuracy_score(Y_test, y_pred_test_labels)

auc_roc = roc_auc_score(Y_test,
y_pred_test_proba,
multi_class='ovr',
average='macro')

print(f"Test Accuracy: {acc:.4f}")
print(f"Test AUC-ROC: {auc_roc:.4f}")
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# Scale data
sc = StandardScaler()
model_data_scaled = sc.fit_transform(model_data.drop('EngagementLevel’, axis=1))

# Normalise Data for DBSCAN Algorithm
model_data_normalized = normalize(model_data_scaled)
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# Reduce dimensionality with PCA

pca = PCA(n_components=2)

model_data_principal = pca.fit_transform(model_data_normalized)
model_data_principal = pd.DataFrame(model_data_principal, columns=['PC1', 'PC2'])
model_data_principal.head|()
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# Define parameter grid for tuning
param_grid_dt = {
"max_depth": [3, 5, 7, 9, Nonel,
"min_samples_split": [2, 5, 101,
"min_samples_leaf": [1, 2, 4],
"criterion": ["gini", "entropy"]

dt = DecisionTreeClassifier()

grid_dt = GridSearchCV(
estimator=dt,
param_grid=param_grid_dt,
cv=5,
scoring="accuracy",
n_jobs=-1,
verbose=1

grid_dt.fit(X_train, Y_train)

print("Best parameters for Decision Tree:")
print(grid_dt.best_params_)




