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This study investigates predictive modelling and player segmentation to enhance engagement strategies in the gaming industry. Using a dataset of 40,034 player records with demographic and behavioural features, two supervised learning models—Decision Tree and Support Vector Machine (SVM)—were implemented to classify engagement levels. Preprocessing included label encoding for categorical variables, z-score normalization for numerical features, and stratified sampling to maintain class balance. Model performance was evaluated using accuracy, precision, recall, F1-score, and ROC-AUC. Results indicate that while a tuned Decision Tree achieved the highest hard-label accuracy (90.16%), the SVM model delivered superior ranking quality with a ROC-AUC of 0.9401, making it the preferred choice for engagement prediction. Additionally, unsupervised clustering using K-Means and Gaussian Mixture Models identified six distinct player segments, ranging from casual browsers to hardcore enthusiasts. These insights enable targeted retention strategies and personalized content delivery, supporting improved player retention and monetization. The findings demonstrate the value of combining predictive analytics with segmentation for data-driven game design and strategic decision-making.
[bookmark: _Toc215848087]Introduction
The gaming industry represents one of the fastest-growing sectors globally, with an estimated market value of $269 billion in 2025, projected to reach $435 billion by 2030[2] [3]. This rapid growth underscores the importance of data-driven strategies to maintain competitiveness and profitability. Predicting player engagement is critical for game studios as it informs retention strategies, monetization opportunities, and personalized experiences. Machine learning models, such as Decision Trees and Support Vector Machines (SVM), are increasingly employed to analyse player behaviour, segment demographics, and classify engagement levels, enabling studios to optimize game design and marketing interventions.[1][4][5] Player engagement has a direct impact on retention and monetization, accurately predicting evolving trends within the player base is vital. Artificial Intelligence (AI) and Machine Learning (ML) models analyse behavioural data using techniques such as Decision Trees for [8] classification, SVM for predictive modelling, and clustering algorithms like K-Means and Gaussian Mixed Modelling (GMM) to uncover hidden player segments.[9] These approaches provide significant benefits, including personalized experiences, improved retention, optimized monetization strategies, and better resource allocation.[6][7]
This report investigates the application of these models to predict engagement and identify player segments, offering insights that support strategic decisions in game development and marketing.
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Aim: To develop an Ai machine learning model for predicting player engagement 
Objectives:
1. To perform a critical analysis of current literature to understand techniques available for predictive analysis in the gaming industry
2. To develop an effective Ai enabled machine learning model for prediction of gaming behaviour on a large data set 
3. To evaluate and consider the models performance based on recognised metrics such as accuracy, precision and ROC-AUC scores
[bookmark: _Toc215848089]Problem statement
The gaming industry is experiencing rapid growth with a projected value of 435 billion dollars by 2030.[2][3] Despite this rate of growth game studios are facing challenges such as maintaining player engagement, a key factor in retention and monetization. Current approaches often rely on third-party generalized analytics or in some cases manual interpretation of player data which leads to inefficiencies and error in prediction of engagement trends as well as player segments.
[bookmark: _Toc215848090]Literature review
As outlined by You-Jung Han et al., social interaction in gaming—such as guild participation or party involvement—is directly tied to retention. Members actively engaged in these activities exhibit significantly higher retention rates and sustained engagement. Furthermore, long-term engaged players contribute more to the in-game economy and purchase premium content compared to less engaged players, highlighting that retention strategies directly impact profitability. This demonstrates the importance of early churn detection, where churn refers to the number of users who cease using a product over a defined period [10].
Ghulam Ruqeyya et al. sought to classify player engagement levels across categories such as bored, engaged, and excited. The collected data was processed using Support Vector Machine (SVM) and Multi-Layer Perceptron (MLP) models. Results showed that SVM achieved a higher accuracy of 86.2%, outperforming MLP’s 80.4%, demonstrating SVM’s flexibility and robustness across various game genres and its potential for real-time engagement analysis [11].
Thomas D. Parsons et al. further utilized SVM for classifying Electroencephalogram (EEG) signals and engagement levels due to its ability to handle high-dimensional data and non-linear boundaries. They also employed Naïve Bayes (NB) and K-Nearest Neighbours (KNN) as alternative classifiers, where NB excelled in scenarios with limited training data, while KNN performed better when the target feature was more distinguishable (e.g., dominant beta band activity). Combining these classifiers in an ensemble approach proved highly effective and may outperform single-method strategies in dynamic gaming environments [12], [13].
Jayashree et al. explored the use of a dynamic clustering mechanism through Voronoi-based segmentation to partition spatial game states in the TRON game. The approach divides the game grid into regions (clusters) based on proximity to each player, enabling the bot to determine strategic actions depending on which cluster it controls. This segmentation supports two operational modes: attack mode, where the bot competes for shared regions, and survive mode, where it optimizes coverage within its exclusive cluster using approximation algorithms and graph-based traversal. Although not a traditional clustering algorithm like K-Means, Voronoi-based partitioning demonstrates the feasibility of unsupervised learning principles under dynamic conditions, delivering actionable insights for predicting player engagement and adaptive gameplay. The integration of supervised learning further enhances decision-making, allowing the bot to learn and refine strategies over time, bridging clustering concepts with intelligent game automation [14].
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[bookmark: _Toc215848092]Exploration and preprocessing 
The dataset consists of 40,034 player records with 13 features including demographic details, gaming behaviour and critically engagement levels. An initial assessment confirmed that all columns contained 40,034 non-null entries indicating no missing values. During a data quality analysis, the PlayerID  field was identified as a non-informative identifier and removed to avoid introducing noise.
Feature engineering involved categorizing variables into numerical groups such as Age and SessionsPerWeek and categorical groups like Gender and Location.
Categorical features were encoded using label encoding converting text-based values into numeric form, ensuring compatibility with machine learning algorithms. Numerical features were standardized via z-score normalisation courtesy of a standard scaler. This is a critical step for algorithms such as SVM as they are sensitive to feature scales preventing bias toward features with a larger magnitude.
The dataset was split into training and testing sets 80% and 20% respectively using stratified sampling  to preserve class distribution. In addition to this 5-fold cross-validation was employed during model training to ensure robust evaluation and reduce overfitting risk.
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Two supervised learning models were implemented to predict player engagement levels, these being Decision Tree and Support vector machine. 
The Decision Tree implementation mainly served as a baseline model used for benchmarking. Implemented using DescionTreeClassifier with Gini impurity as the splitting criterion. The support vector machine implemented with SVC loaded with a Radial Basis function kernel.
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To optimize the model performance, GridsearchCV was applied to both models. For Decision tree parameters such as maximum depth, minimal sample split and minimal sample leaf were all tried in various combinations to achieve a balance tuned for complexity and generalization.
The SVM model was tuned with both GridSearchCV and random search to explore c, gamma and kernel parameters, a 3-fold cross-validation was used during tuning. To manage computational cost tuning for the SVM model was performed on a 20% sample of the dataset.
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Unsupervised learning was conducted using K-means and Gaussian Mixture Models (GMM) to identify player segments, the optimal number of clusters was initially determined using the elbow method, this proved to be unclear, so it has been validated using silhouette scores across a band of k = 2 to 11. The results of this were that six distinct clusters were identified representing different engagement profiles. The segmentation of players like this enables very real actionable insights facilitating targeted engagement strategies.

[bookmark: _Toc215848096]Experiments and results
Model performance was evaluated using accuracy, precision, recall, F1-score and ROC-AUC across both the default and tuned configurations for respective models. Validation and cross validation results yielded clear differences between Decision tree and SVM models.
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The baseline achieved a validation accuracy of 83.46%, with macro averaged precision, recall and F1-score all at 0.83 with cross validation confirming stability resulting in a mean accuracy of 83.10%. Following hyperparameter tuning performance increased to 90.16% accuracy with ROC-AUC at 0.93.
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The default SVM model using an RBF kernel delivered superior results seeing a validation accuracy of 89.85% and a macro F1-score of 0.89, cross-validation yielded a mean accuracy of 89.83% confirming consistency. On the test set the default SVM reached an accuracy of 89.51% with a precision of 0.8953 a recall rate of 0.8951 and an F1-score of 0.8947 also boasting the highest ROC-AUC of 0.9401 vastly outperforming Decision tree in ranking quality. Despite this though tuning the SVM via GridSearchCV and RandomizedSearchCV resulted in performance degradation, 87.49% and 85.80% respectively. This was likely a result of limited parameter ranges during tuning, and the encoding method used.
[bookmark: _Toc215848099]Comparison  
While the Decision tree slightly outperformed SVM in hard-label accuracy after tuning, 90.16% to SVM’s 89.51% SVM still maintained the best ROC-AUC of 0.9401 making it the preferred choice for prioritizing ranking and probability calibration with the confusion matrix showing strong classification for the “high” engagement class with only minor misclassification between “low” and “medium”.
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Player segmentation was performed using K-Means and Gaussian Mixture Models (GMM) with both models using an optimal number of clusters validated with silhouette scores across a range where K could be equal to between 2 and 10 inclusive as these were the minimum and maximum relevant values possible for effective potential clustering. The results of which emerged as six distinct clusters all representing unique engagement profiles.
Cluster zero contains more casual gamers, revealing low overall session count shorter playtimes and with minimal achievement progression, cluster one having gamers with infrequent but long sessions seeing moderate engagement. These clusters represent the less invested players and are the highest risk of churn.
Cluster two contains far higher session frequency more consistent play and boast the highest achievement focus, the third cluster sees very high session count and duration with the highest engagement, these players are far less at risk of churn.
The fourth cluster is primarily inhabited by social gamers enjoying a balanced playstyle with moderate engagement across the metrics whereas cluster five are the completionists with a high number of achievements unlocked with player levels to match seeing a quality over quantity style of play.
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Among the models trialled, the SVM with an RBF demonstrated the strongest overall performance for ranking quality and probability calculation achieving the highest ROC-AUC score of 0.94. In regards of hard label accuracy, the tuned decision tree surpassed the SVM with an accuracy of 90.16% to SVM’s 89.51%, despite this though the SVM models superior ROC-AUC and balanced precision-recall metrics make it the preferred choice for predicting engagement levels where ranking and confidence are critical. The degradation of the SVM’s performance post parameter tuning suggests that parameter search ranges and encoding strategies likely constrained optimization highlighting the importance of careful hyperparameter design.
Supervised models excel at predicting engagement levels with high accuracy enabling precise interventions for retention. However, they rely on labelled data which is often a costly and time-consuming process which becomes increasingly unmaintainable with larger datasets. Conversely, unsupervised approaches such as K-means and GMM offer greater flexibility by uncovering hidden player segments without labels, providing actionable insights for personalization. Their limitations lie in the interoperability and sensitivity to initialization and scaling which can greatly affect cluster stability. [10]
These findings have significant implications for player retention and subsequent game design; accurate prediction of player engagement allows studios and publishers to proactively target at-risk players with tailored incentives thereby reducing churn. Segmentation insights enable differentiated strategies, for example cluster zero would benefit from onboarding tutorials or small reward incentives, where cluster three can be offered premium content or exclusive events enhancing retention rate and further optimizing the revenue stream all by aligning content delivery with player behaviour.
[bookmark: _Toc215848102] Conclusion & Recommendations
Analysis confirms that SVM is the most robust model for engagement prediction in the context of this dataset. Decision trees remain valuable for their interpretability and quick deployment but should be supported by an SVM as they lack nuanced performance, unsupervised clustering also proved beneficial as six distinct player profiles emerged offering a foundation for targeted engagement strategies.
[bookmark: _Toc215848103]Recommendations based on results
Based on the findings, the game studio should adopt the SVM model for engagement prediction, deploying it with its default RBF kernel configuration to prioritize ranking accuracy and classification reliability. Future work should focus on enhancing hyperparameter tuning by expanding the search space and exploring alternative encoding methods better suited for SVM to improve performance. Additionally, player segmentation insights should be leveraged to design personalized retention campaigns tailored to specific cluster profiles, ensuring interventions align with player behaviour. Integrating predictive modelling with segmentation strategies in an ensemble approach will create a dynamic engagement pipeline that maximizes retention and monetization opportunities. Finally, continuous monitoring and iterative refinement of models and clusters are essential to maintain relevance as player behaviour evolves over time.
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