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In the past two decades, the gaming industry has seen a huge growth in interest due to the higher availability of high-speed internet and the rise of online and mobile videogames [1]. With this industry boom, a big problem developers face is sustaining player retention. Games development companies need to understand audience behaviour in order to enhance the player experience, design personalised content and create a stronger long-term relationship with their audience overall. This proves especially harder in recent years due to the ever-growing competition between companies, and audiences constant shift in interests.
The ’Predict Online Gaming Behaviour’ dataset from Kaggle shows detailed player data, including their gameplay patters, daily retention, purchasing behaviours and demographic attributes. This dataset allows developers to view player engagement via data driven methods.
The primary aim of this report is to apply and analyse the performance of Decision Tree and SVM models and to use unsupervised learning techniques to discover any behavioural patterns between players in an online gaming environment.  
[bookmark: _Toc216018077]Problem statement
The engagement that players give to a game is crucial to determining the long term success of a game, as it influences player retention and revenue generation. In an increasingly competitive market, modern games companies must not only attract players to their games, but they must maintain their interest over time. Engagement dynamics are influenced by factors such as session frequency, demographics, purchasing behaviour and playtime [2]. Identifying behavioural patterns in these factors and predicting engagement levels over a long period of time, remain a challenge for games development companies. 
Previous existing approaches to predicting player behaviour will often focus on player churn, analysing how long players stay or leave the game. The problem with this is that these methods fail to capture the complex factors that overall influence player engagement, such as enjoyment, progression or rewards. More recent studies, such as one conducted by the University of Zagreb [3], have applied machine learning that showing potential with classification algorithms, to predict player churn and purchasing behaviour, showing that over 60% of players had left the game within 1-7 days of playing. In the conclusion they wrote how Random Forest was the best out of a handful of trained machines with an average accuracy of 94% [3]. However accurate, the sole focus of this study was on plyer churn, being a binary outcome, doesn’t allow developers to react appropriately as it only mentioned how many players were leaving, and not why they were leaving. Classifying the research through engagement levels will help developers attain a deeper understanding of their audience behaviour and possibly retain more of the player base over a longer period of time.
This study aims to apply Decision tree and Support Vector Machine models to classify player behaviour into high, medium and low, by using clustering to identify hidden groups of players based on their activities. The study will evaluate how well the Decision Tree and Support Vector Machine models predict engagement and improving them with hyperparameter tuning. By combining both prediction with an exploratory analysis, it provides more practical information that can aid developers design better games and understand strategies that will continue to keep a larger number of players engaged. 
[bookmark: _Toc216018078]Methodology
For this study, the predictive model will be designed using Decision Tree and Support Vector Machine classifiers. Using decision trees will benefit the results as it shows exactly how the model makes its decisions through the use of if/else rules. Using decision trees, you can see which features from the dataset influence player engagement [4]. SVM classifiers have better predictive performance with larger datasets than Decision tree algorithms so using an SVM along with a Decision Tree algorithm will allow developers to use the good explanatory nature of the DT with the high prediction probability of the SVM. 
The Predict Online Gaming dataset will be used for this study. It is a large dataset that contains information about player demographics such as a players age, gender and location. It also contains information about a players session frequency and if they’ve made any in-game purchases. 
Before building the model, the dataset will have to be processed and cleaned. Pandas will be employed to load the dataset into a data frame this is where the data can be inspected. From here, columns and valued can be viewed, and pandas can handle missing values and manipulate the dataset. NumPy makes for efficient numerical computation for Machine learning models, preparing arrays and scaling numerical features. The data is then split into two groups, training and testing data [5]. This is so that the model can be trained to recognise the patterns from the ‘X’ features to predict the ‘Y’ feature. The training data is what the model is able to see. The testing data is the data which the model is tested on. Usually, the data is split into 80% training and 20% testing data, it takes considerably more data to train the model, as if it is given too little, the model will underfit [5] and might fail to predict some patterns lowering the accuracy. 
To show both of the model’s performance, the accuracy, precision, recall and F1 score are all calculated. The accuracy provides the overall number of correct predictions made by the models; this provides a good sense of how the model generally preformed. The precision metric indicates the proportion of predicted positives that are actually correct, whilst recall shows the proportion of actual positives which have been correctly identified [6]. F1 combines both recall and precision into one metric which offers a balanced view of the model’s performance. 
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The decision tree model was the first to be implemented. It has been used to predict player engagement through seven different features. The decision trees allow for easy interpretation of data and allow visualisation for feature importance [7].
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[bookmark: _Toc215843605]Figure 1 - Formatting categorical data
Before training the model, categorical variables such as the ‘location’ and ‘gender’ categories were numerically encoded. This is because the machine learning algorithms cannot interact with string data. On the first line, ‘Gender’ is being converted into zeros and ones so that it can be read and output by the decision tree and SVM algorithms. 
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[bookmark: _Toc215843606]Figure 2 - Creating a DT Classifier
Here, a decision tree classifier was created using scikit-learn [8]. For testing purposes, the max depth of the tree has been set to 5 so that the algorithm doesn’t overfit. The second line trains the model using the training data. When the model I being trained, it learns how the chosen feature values relate to the engagement levels by finding the best points to split the data on the tree. 
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[bookmark: _Toc215843607]Figure 3 - Predicting Results and Evaluating DT Model
After training the Decision Tree model, the first line of code will generate predictions using the testing dataset. The predictions that are made by the ‘X_Test’ are compared to the ‘Y_Test’ to calculate the evaluation values.  The last four lines of this cell are calculating and printing the accuracy, precision, recall and F1 score for the decision tree. Because the target variable has more than two classes, (high, medium and low), the ’average=weighted’ function is used. It allows for the precision, recall and F1 score to be calculated fairly; by combining each class depending on how many players each class contains [8]. 
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[bookmark: _Toc215843608]Figure 4 - Visualising the Decision Tree
This code will generate a visualisation of the decision tree. The ‘tree.plot_tree’ function will draw the tree, and it will show how each node will split the data based on the feature values. The tree will be coloured, making it easier to be interpreted, and the max depth ensures that only the first 7 levels are displayed, to prevent the model from getting too visually cluttered.  
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[bookmark: _Toc215843609]Figure 5 - Making a Single Prediction
In this cell, a new data point has been created to represent a single player with the same seven features that the model is trained on, and the numbers can be changed to represent different players. The trained decision tree model then predicts this players engagement level based on the values given. For example, if a player has low hours played per session, and a low number of sessions per week, the expected output of this prediction would be ‘low’, whilst the opposite would be ‘high’ prediction.
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The SVM Model has also been applied to this project to predict player engagement based on the same features as the decision tree. This model works by finding the boundary which best separated the engagement levels [9], and a linear kernel was used for this project. This model was trained on the training dataset, and then evaluated on the test set, also providing an accuracy, precision, recall and F1 score for the models’ predictions. 
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[bookmark: _Toc215843610]Figure 6 - Scaling SVM Features
To ensure all features in the dataset had similar distribution and range, scaling was used. This is so that features with larger values don’t skew the calculations of the margin [10]. The scaler was fitted on the training data and then applied to both training and testing datasets so that the model maintains consistent scaling. For testing purposes, the scaling also makes the calculations much faster when running. 
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[bookmark: _Toc215843611]Figure 7 - Training the SVM Model
A linear kernel was used in this project. This means that the model attempts to separate the classes using straight line boundaries [9].  Similar to the decision tree, the model was trained on the same training and testing datasets so that it could learn the relationships between the player features and the target variable.  
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[bookmark: _Toc215843612]Figure 8 - SVM Model Prediction Metrics
This section takes the engagements predictions made by the model and displays the percentage of each performance metric. 
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In addition to the supervised models, unsupervised techniques such as K-means clustering were applied to show player behaviour patterns in the dataset. Unlike the other models, instead of using labelled data, K-Menas clustering groups players based on similarities based on their behaviour.
In this project, two clustering examples were used. The first one was comparing sessions played per week, and the second example compared hours played, to the players level.
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[bookmark: _Toc215843613]Figure 9 - Clustering Example 1
In this example, the player sessions per week are being compared to the hours played. For this scatter plot, the data has been sampled to display a random sample of data from the dataset in order to avoid visual clutter. By doing this it ensures the data is still readable and can be adjusted depending on how much data the user wishes to see. The random state just ensures the same records are taken each time to ensure repeatability.
Jitter has also been added to the scatter graph to add a standard deviation to the pints so that they are readable. As players may share identical integer values, points may overlap heavily, this makes it difficult to see density within the visualisation. Adding a small jitter spreads these points out so they are easier to interpret. It is important to note that the cluster calculation remains unchanged by the jitter as the ‘player_sample_1’ is the sample copy which is used for plotting
Using those values, the scatter plot is then generated using seaborn. 
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[bookmark: _Toc215843614]Figure 10 - Clustering Example 2
In the second example, player level is being compared to the hours that have been played. Similar to the previous example, jitter and sampling have been applied to this graph to make it easier to read. The data has also been scaled. This is because the two features have very different scales, so using the standard scaler, it allows for both columns to have a mean of 0 and a SD of 1. Without the application of scaling for this example, K-Means will treat the larger values (hours played) as more important than smaller values, scaling ensures both features will contribute equally to the clusters [11].
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[bookmark: _Toc215843615]Figure 11 -Elbow Method Code
To show the optimal number of clusters, the Elbow method [12] was used. K-Means models were trained with k values ranging from 1 to 9, using PlayTimeHours and SessionsPerWeek. For each cluster, the WCSS was recorded and displayed on the y axis, with the number of clusters on the x axis. The position where the ‘elbow’ occurs, is the most optimal number of clusters to use in the k-means algorithm [12].
[bookmark: _Toc216018086]Results and discussion
[bookmark: _Toc216018087]Supervised learning
The supervised learning models in this project, are used to predict player outcomes on already labelled data. These models identify which features effect the target variable ‘engagement’ the most.
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[bookmark: _Toc215843616]Figure 12 – DT and SVM Performance Metrics
These are the performance metrics for the predictions from the decision tree and SVM models. Looking at the metrics, Decision tree outperforms the SVM model in every category. However, with an 83 and 85 correct prediction percentage, it is shown that both algorithms worked well. 
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Unsupervised learning techniques such as K-Means clustering have also been used. Two examples were displayed to show hidden player behaviour patterns in the dataset.
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[bookmark: _Toc215843617]Figure 13 - Clustering Graph Example 1
This is the first graph that compares the hours played and the sessions per week. There are three distinct clusters. The red cluster shows the players which have higher sessions per week, but mainly have moderate hours played per session. These players log in frequently to their games, but do not play for long periods of time. The blue cluster shows players who spend a high amount of time playing but mostly display low and moderate sessions. The green cluster shows both the lowest of the two categories, meaning these are the players which spend the least of their time playing in general. 
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[bookmark: _Toc215843618]Figure 14 - Clustering Example 2
The second clustering example shows the comparison between the hours played and the player’s level. The red cluster shows high plyer level, with majority high hours. These are most likely the players which have high engagement with the game, spending most of their time playing. The green cluster shows the players who have mid to high hours played but are also lower to middle level. These would be the players who play frequently but have slower progression, this could be because of a different focus from the games main purpose, possibly prioritising socialisation over levelling up. The blue section shows the players which have low hours and are relatively low-mid hours. These would be the casual players, who don’t spend much of their time playing games.
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This project demonstrates the outcome of combining supervised and unsupervised learning techniques to help predict player retention in online videogames. By applying Decision tree and SVM classification algorithms, player’s engagement was ranked from ‘low’ ‘medium’ or ‘high’ depending on listed features from the dataset. The results show the good interpretability that decision trees allow, alongside the predictive strength of the SVM algorithm.
Additionally, k-means clustering revealed hidden patterns in player data and allowed for business insights to be given in order to create methods which could increase player retention. 
Overall, combining these AI algorithms offers practical strategies that will aid developers and business insiders to create more personalised experiences for their audience, which would improve retention an have the ability to predict ever-shifting audience interests. As competition increases in the game development industry, data driven approaches such as this one, will be essential if companies want to maintain audience retention and to build stronger relationships with their players.
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Raw code HTML export - ProjMain_V1
YouTube demonstration link - https://youtu.be/dUYbewaluh4
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dt_pred = dtree.predict(X_test)

print("DT Accuracy:", round(accuracy_score(Y_test, dt_pred), 2))

print("DT Precision:", round(precision_score(Y_test, dt_pred, average='weighted'), 2))
print("DT Recall:", round(recall_score(Y_test, dt_pred, average='weighted'), 2))
print("DT F1 Score:", round(fl_score(Y_test, dt_pred, average='weighted'), 2))





image5.tmp
plt.figure(figsize=(12, 8))
tree.plot_tree(dtree,feature_names=features, filled=True, rounded=True, max_depth=7)




image6.tmp
single_player = pd.DataFrame([[27, 200, 2, 9, 120, 4, 1]], columns=features)
print(dtree.predict(single_player))
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scaler = StandardScaler()
X_train_scaled = scaler.fit_transform(X_train)
X_test_scaled = scaler.transform(X_test)
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svm_model = SVC(kernel='linear')

svm_model.fit(X_train_scaled, Y_train)
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print("SVM Accuracy:", round(accuracy_score(Y_test, svm_pred), 2))

print("SVM Precision:”, round(precision_score(Y_test, svm_pred, average='weighted'), 2))
print("SVM Recall:", round(recall_score(Y_test, svm_pred, average='weighted'), 2))
print("SVM F1 Score:", round(fl_score(Y_test, svm_pred, average='weighted'), 2))
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#Max plots set to 500
player_sample_1 = data.sample(n=500, random_state=42)

player_sample_1['SessionsPerbieek_jitter'] = player_sample_1['SessionsPerlieek'] + np.random.normal(e, ©.2, size=player_sample_1.shape[@])
player_sample_1['PlayTimeHours_jitter'] = player_sample_1['PlayTimeHours'] + np.random.normal(@, 0.5, size=player_sample_1.shape[@])

plt.figure(figsizes

(8,6))
sns.scatterplot(x='SessionsPeriieek_jitter', y='PlayTimeHours_jitter', hu
plt.xlabel('Sessions per Week')

plt.ylabel('Play Time Hours')

plt.title('KMeans Player Behaviour')

plt.legend(titl
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player_sample 2 = data.sample(n=56@, random_state=42)

player_sample_2[ 'PlayerLevel jitter'] = player_sample_2['PlayerLevel'] + np.random.normal(®, 0.2, size=player_sample_2.shape[@])
player_sample_2[ 'PlayTimeHours_jitter'] = player_sample_2['PlayTimeHours'] + np.random.normal(@, 0.5, size=player_sample_2.shape[@])

plt.figure(figsize=(8,6))
sns.scatterplot(x='PlayerLevel jitter',
plt.xlabel('Player Level')
plt.ylabel('Play Time Hours')
plt.title('K-Means Player Segments by Level & Hours Played')
plt.legend(title='Cluster"
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PlayTimeHours.

tter', hue='player_segment_2', palette='Setl', data=player_sample_2)
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Wess =[]
range(1, 9)

for i in K:

model = KMeans(n_clusters=i, init='k-means++', max_iter=300, n_init=10, random_state=42)
model. fit(cluster_scaled)

WCSS . append(model . inertia_)

plt.plot(K, WCSS)
plt.xlabel('Number of clusters (k)')
plt.ylabel('WCSS')

plt.shou()
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DT Accuracy: ©.857547248355674
DT Precision: .8596886322695013
DT Recall: 0.857547248355674

DT F1 Score: 0.856660642337442
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SVM Accuracy: @.83@6552327033553
SVM Precision: 0.830979262143454
SVM Recall: ©.8306552327033553

SVM F1 Score: ©.829326507161664
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data['Gender'] = data['Gender'].map({'M':0, 'F':1})
data['Location'] = data['Location].astype(’category').cat.codes
data[ 'GameGenre'] = data['GameGenre'].astype("category').cat.codes
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dtree=DecisionTreeClassifier(max_depth=5)
dtree=dtree.fit(X_train, Y_train)




