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1. [bookmark: _Toc216025802]Abstract

This project explores how artificial intelligence and machine learning methods can be used to understand and predict player engagement in online gaming. The dataset includes a range of player behaviour features such as playtime, session frequency, achievements and in game purchases. Two supervised learning models were developed, a Decision Tree classifier and a Support Vector Machine (SVM). Both models were trained, tested and then improved through hyperparameter tuning. Their performance was measured using accuracy, precision, recall, F1-score and AUC-ROC.

In addition to classification, an unsupervised learning method (K-Means clustering) was used to group players based on their behaviour patterns. The clustering results were evaluated using inertia and silhouette score.

The project shows that machine learning can provide useful insights into player engagement and help identify different types of players. These findings can support game studios in improving retention and creating better experiences for their players.


2. [bookmark: _Toc216025803]Introduction

Online games collect a large amount of information about how players behave. Understanding this behaviour is important because it can help game companies improve player engagement, retention and overall experience. Engagement is a key measure in modern games as highly engaged players are more likely to continue playing, spend money and recommend the game to others. Because of this, machine learning has become a useful tool for analysing gameplay patterns and predicting how players might behave in the future.

This project works with a dataset that includes different details about each player such as how often they play, how long their sessions last, their achievements, game difficulty and if they make in-game purchases. The goal of the project is to predict each player’s engagement level (Low, Medium, High) using machine learning techniques. To do this, two supervised learning models were used, a Decision Tree classifier and a Support Vector Machine (SVM). These methods are commonly used for classification tasks and are well suited for structured datasets like this one.

The project also includes an unsupervised learning stage using K-Means clustering. This method helps identify groups of players who share similar behaviour, even when no engagement labels are used. Understanding these groups can help game studios design better features and target different types of players more effectively.

The rest of this report explains the problem in more detail, reviews relevant literature, describes the methods used, presents the results, discusses what they mean and ends with recommendations for future improvements and a conclusion [1].




3. [bookmark: _Toc216025804]Problem Statement & Objectives

The main problem this project aims to solve is predicting how engaged a player is in an online game based on their behaviour. The dataset contains details about each player, such as how often they play, how long their sessions last, the number of achievements they unlock, and other gameplay related features. Using this information, the goal is to classify each player into one of three engagement levels – Low, Medium or High. This links directly to the assignment requirements, which ask for supervised learning models to make this prediction and an unsupervised method to explore player groups. 

The assignment also requires comparing different machine learning approaches. Two supervised models must be used, a Decision Tree and a Support Vector Machine (SVM). These models are trained on the dataset, tested and then improved through hyperparameter tuning. Their performance is checked using several evaluation metrics such as accuracy, precision, recall, F1-score and AUC-ROC. By comparing the results, we can see which model is more suitable for predicting engagement.

Another part of the project involves using clustering to identify natural groups of players based on their behaviour, without using the engagement labels. This helps give extra insight into the types of players that exist in the dataset and how they differ.

Overall, the main objectives of this project are as follows –

1. Train and evaluate a Decision Tree and an SVM classifier
2. Tune both models to improve their performance
3. Apply K-Means clustering to discover player groups
4. Compare all results and provide insights that could help a game studio understand player engagement.






















4. [bookmark: _Toc216025805]Literature Review

Machine learning helps computer systems discover patterns in large datasets which makes it useful for understanding user behaviour in online games. Russell and Norvig describe this clearly stating that “learning is essential for any system that cannot be built with complete and perfect knowledge” [1]. This idea applies directly to gaming, where player actions vary widely and it is difficult for developers to manually predict engagement for every user. Machine learning provides a way to analyse behaviour data and support decisions that improve gameplay and retention.

Supervised learning is commonly used when the goal is to predict a labelled target. Mitchell explains that supervised learning trains models using features and known outcomes so the model can learn to make accurate predictions on new data [2]. In this project, the target is the engagement level of each player. Decision Trees are a simple supervised method that split data using clear rules which makes them easy to interpret [3]. These models work well on structured datasets like the one used in this project and can highlight which features are most influential in predicting engagement.

Support Vector Machines (SVMs) take a different approach. They aim to separate classes by finding a boundary that maximises the margin between them. This makes SVMs effective when the data contains patterns that are not linearly separable [4]. Bishop also explains that SVMs “choose the separating hyperplane that maximises the margin between the classes” [4] which can lead to strong performance on behaviour-based datasets where relationships between features may be complex. SVMs are widely used in many machine learning problems due to their ability to handle both linear and non-linear boundaries [5].

Unsupervised learning methods such as K-Means clustering are also useful for analysing player behaviour. K-Means groups data points based on similarity and can reveal natural behaviour-based sections within a player group [6]. Witten and Hall also highlight that clustering is one of the most important methods for discovering hidden patterns in large datasets [7]. These clusters can help identify different types of players such as casual players, regular players or highly engaged players, without using engagement labels.

Machine learning has already been used in game analytics research. Studies show that clustering can identify player profiles from gameplay metrics [8] and player behaviour modelling can support game design and forecast player retention [9]. Additional work by Missura and Gärtner shows that machine learning can also be used to predict dynamic difficulty which is another important aspect of player experience [10]. These studies support the use of clustering and classification methods for understanding how players interact with games.

Evaluation metrics are important for measuring how well supervised models perform. Accuracy is a basic metric, but it is not always reliable when classes are imbalanced. Precision, recall and F1-score provide a more detailed view of performance and help show how well each class is predicted [11]. The scikit-learn documentation also describes these metrics as standard tools for assessing classification quality [12]. AUC-ROC is another useful metric because it measures how well a model separates classes across different threshold values [13].



Cluster evaluation metrics also play an important role. Silhouette score measures how well clusters are separated from one another and inertia shows how tightly grouped the data points are within each cluster [6]. These metrics help determine whether the clusters found by K-Means are meaningful and provide useful groupings.

Machine learning methods are commonly applied to real-world behaviour datasets, including gaming data. Kaggle’s machine learning documentation explains that both supervised and unsupervised learning are used to build models that find patterns in player behaviour [14]. The dataset used in this project includes a range of behavioural features such as session frequency, playtime, achievements and player level, and it was designed for analysing player engagement and retention [15].

Overall, the literature shows strong support for the methods used in this project. Decision Trees and SVMs are well established supervised learning models and K-Means is a widely used method for finding hidden patterns in user behaviour. The evaluation metrics chosen are also commonly used in research making them suitable for analysing player engagement and behaviour patterns in online games.

































5. [bookmark: _Toc216025806]Methodology

This project uses the Online Gaming Behaviour dataset which contains information about different players and how they interact with an online game. The features include age, playtime, number of sessions per week, average session duration, achievements unlocked, player level, in-game purchases and several categorical details such as gender, location, game genre and game difficulty. The goal of the methodology was to prepare this data, choose suitable machine learning models and carry out the steps needed to train, test and evaluate them.

The first step was data preprocessing. The dataset was loaded into a pandas DataFrame and basic checks were completed to understand the shape, data types and any missing values. Summary statistics were used to explore the numeric features. Preprocessing steps such as encoding, splitting and scaling are common in machine learning and help prepare the data for training [2]. One important preprocessing task was encoding the engagement level which was originally stored as text. LabelEncoder was used to convert these labels into numbers so they could be used by the models.

Some columns such as gender, location, game genre and game difficulty were also categorical. These were converted using one-hot encoding which created binary columns representing each category. After encoding, the target variable (EngagementEncoded) was stored in y, while the other features were stored in X. The dataset was then split into training and test sets using an 80/20 split with stratification to keep the engagement distribution balanced.

Feature scaling was applied next. Support Vector Machines and clustering algorithms work best when features are on similar scales because they use distance-based calculations. StandardScaler was used to normalise the numeric values for these parts of the project [12].

Two supervised learning models were chosen, a Decision Tree and a Support Vector Machine (SVM). These models were selected because they are widely used and suitable for classification tasks. Decision Trees split data into groups using simple rules which makes them easy to understand and effective for structured datasets [3]. SVMs are useful when class boundaries are more complex and can be improved further by using kernels such as the RBF kernel [4].

After training the baseline models, hyperparameter tuning was carried out using GridSearchCV. This method tests different combinations of model settings to find the best configuration. Hyperparameter tuning helps improve model accuracy and generalisation without changing the dataset [16]. The best-performing models from the grid search were then evaluated on the test data.

Finally, K-Means clustering was applied to a group of numerical features to explore hidden patterns in player behaviour. The elbow method was used to help select a suitable number of clusters and silhouette score was used to check cluster quality. This helped identify different types of players based on behaviour data [17].

Overall, the methodology followed a clear process. Understand the data, prepare it, train baseline models, tune them, evaluate them and then use clustering to explore player behaviour patterns.
6. [bookmark: _Toc216025807]Experiments

The experiments in this project were carried out after completing all preprocessing steps and preparing the dataset for machine learning. All models and evaluation methods were implemented in Python using the scikit-learn library which is widely used in both academic and industry machine learning applications [12].

The first stage of experiments focused on supervised learning. The dataset was split into training and test sets using an 80/20 ratio with stratification to keep the engagement classes balanced. StandardScaler was applied to the numerical features used for the SVM model because SVMs perform better when all features share a similar scale [18]. This prevents larger value features from overwhelming smaller ones during distance calculations.

Two baseline models were trained, a Decision Tree and an SVM with an RBF kernel. These models were chosen because they are commonly used for classification tasks and have been shown to perform well on structured data such as user behaviour datasets [19]. After fitting both models on the training data, they were evaluated on the test data using accuracy, precision, recall, F1-score and AUC-ROC. These evaluation metrics are standard for classification tasks and give a balanced view of model performance, especially when different classes may not be evenly distributed [20]. Confusion matrices were also created to show where each model made correct and incorrect predictions [21].

The next stage involved hyperparameter tuning using GridSearchCV. This method evaluates different combinations of model parameters to find the best configuration. Hyperparameter tuning is known to significantly improve model accuracy and generalisation in many machine learning tasks [16]. For the Decision Tree, different maximum depths, splitting rules and leaf sizes were tested. For the SVM, different values of C and gamma were explored. The best models found by the grid search were then re-trained on the full training set and tested again.

The final experiments focused on K-Means clustering using the numerical features. The data was scaled before clustering, and the elbow method was used to help decide how many clusters to use. The elbow method is a widely used approach for estimating a suitable number of clusters by looking for where improvements begin to level off [22]. Silhouette score was then calculated to measure how well the clusters were separated. A summary table was created to interpret the behaviour patterns within each cluster.

Overall, the experiments followed a structured process. Build baseline models, evaluate them, tune the models and apply clustering to explore hidden player groups.












7. [bookmark: _Toc216025808]Discussion

The results from the models showed clear differences in how well each method predicted player engagement. The baseline Decision Tree gave reasonable results but it did not achieve the strongest performance. This was expected because Decision Trees often overfit when the patterns in the data are complex. After tuning the depth and splitting rules, the Decision Tree improved but it still did not match the SVM.

The SVM model performed better from the beginning. After scaling the features, the SVM was able to capture the non-linear patterns in the data more effectively. The tuned SVM achieved the highest accuracy, precision, recall and F1-score. This suggests that player engagement is influenced by relationships between features that are not easily captured by simple splits but can be learned by a non-linear classifier.

The AUC-ROC scores also showed that the SVM separated the classes more clearly than the Decision Tree. This supports findings in other research where SVMs perform well on behavioural and user-focused datasets.

The clustering results also gave useful information. The elbow method supported the choice of three clusters and the silhouette score showed that the clusters were reasonably separated. Each cluster represented a different type of player, such as highly active players, moderate players and low activity players. Although the separation was not perfect, it still revealed meaningful behaviour patterns.

Overall, the discussion shows that the SVM was the strongest model, tuning improved performance and clustering added extra understanding of player behaviour.

8. [bookmark: _Toc216025809]Conclusion

This project successfully applied supervised and unsupervised machine learning methods to understand player engagement and behaviour. The SVM model performed the best and produced the strongest evaluation scores, especially after hyperparameter tuning. The Decision Tree was useful but less accurate overall. The clustering analysis revealed three clear behaviour groups, helping show how different types of players interacted with the game. Overall, the combination of prediction models and clustering gave a complete picture of the dataset and helped highlight patterns that could support future analysis or game design decisions.

9. [bookmark: _Toc216025810]Recommendations

Several improvements could be made in future projects. First, using more advanced models such as Random Forests or Gradient Boosting may improve predictive performance [23]. Second, collecting more detailed behavioural data could help models find stronger patterns. Using additional clustering methods such as DBSCAN or Hierarchical Clustering could reveal more complex player groups [24]. Finally, applying cross-validation instead of a single train/test split would give a more reliable view of model performance [25]. These steps would help build stronger models and provide deeper insights into player behaviour.
10. [bookmark: _Toc216025811]YouTube Link

https://youtu.be/0yiS8AIFkrU
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