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This paper was conducted to predict player engagement and player behaviour based on the data set provided by Kaggle’s “Predict Online Gaming Behaviour”. The dataset has provided with information/features that include “Age”, “PlayTimeHours”, “AvgSessionDurationMinutes” and “EngagementLevel”. This information from this dataset can be used to train a model A.I to predict the player engagement based on several of these features. This information can be used to better understand and engage with the player base. 

The key models used are Decision Tree, SVM, and K-Means clustering, where they will be evaluated and compared to confirm best practices and accuracy for predicting online gaming behaviour, which can be used for better business strategies.

The aim of this study is to apply and evaluate the performance of two supervised learning techniques such as Decision tree and SVM, and to use the K-Means unsupervised technique to discover behaviour patterns among players in an online game environment.
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The gaming industry has grown and grown over the last half century, with the first “game” invented in 1958 on an oscilloscope screen [1], to the massive online game industry it is today, with titans such as Sony [2] and Xbox leading the industry for several decades. This industry relies on game retention. Without game retention, the game “dies”. If a game is released, and the player base has dropped by half in the first week, then the game could be considered a failure. The company may have had plans to introduce more content (whether paid or not), and this may need to be scrapped if game retention is low. 

Therefore, data analysts for the gaming industry are incredibly useful, as they can use the information provided to create machine learning algorithms and A.I to target specific players in different ways. A high engagement player could be awarded with daily login bonuses [3], where the bonus entices the player to return the next day. These same login bonuses can be used to draw in low engagement users also, which would increase the average sessions played per week, and thus increasing the engagement level.
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Figure – Steam Charts[4]
Online and social interaction also has a large impact on game retention. By looking at the figure above, out of the first 12 highest played games currently, there is only one game that does not include multiplayer (Banana, being a “clicker” game). Wallpaper Engine isn’t a game and is considered an outlier on this list due to it being a desktop wallpaper creator. The other games on this list are multiplayer only, with “Grand Theft Auto 5” and “Where Winds Meet” having the ability to play offline/singleplayer. Even “Grand Theft Auto 5” had a peak of 116,263 and is now approximately half at 59,483 players (Grand Theft Auto is an older game but the point is still correct). Games without the ability to play online are reduced to approximately between 40 and 100 hours of gameplay as a single player, and without new content, the engagement will be low after the first 6 months. 
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Processing Data

[image: A screen shot of a computer code
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Figure – Algorithms and Libraries
We first must install the correct libraries and algorithms which will be used to process the database. Our objective is to process the data into both “Decision Tree” model and a “SVM” model, compare both. We also want to use K-Means clustering. You can see in the #Algorithms in the figure above that these have been installed ready to be used later in the study.

[image: A screenshot of a computer

AI-generated content may be incorrect.]
Figure - Features

We must then load the dataset to the notebook [5], which allows us to access the dataset. We can see that the command “data.info()” displays the features (there are 13), and we can also see that there are three types of data; int, float and object. When processing this data, the int and float type features are easy to process as they are numeric, while an object type would need to be processed into a numerical value. We use the “Label Encoder” algorithm for this and will be seen in a later figure. 
[image: ]
We can drop the “PlayerID” feature, as this is a unique number assigned to each player in the dataset, and will not have any impact on the results from the Decision Tree, SVM and clustering. 
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Figure – Unique Data
The “data.nunique()” line allows us as the user to see the amount of unique data provided by the dataset. This study will be concentrating on the “SessionsPerWeek” (20 unique answers), “AvgSessionDurationMinutes” and “EngagementLevel”. From these chosen features, we can process the data and allow for machine learning to categorise what engagement level a player will be at, depending on the other two features. Having a high average session duration and high number of sessions per week will allow us to identify the engagement level of future players. This will allow us as a business to decide whether to we would want to award high engagement users, or attempt to target lower engagement users to increase retention. 
[image: ]







Figure – Numerical Table

In the figure above, we can see that the data has been turned into a table, which allows us to quickly find the average, minimum and maximum of each feature (example, we can see that the minimum age of a player is 15, and the highest with 49, with an average of 32). This table would be useful for finding a target audience, as we can provide advertisements that would draw in a younger demographic due to the mean of this database being 32. 
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Figure – Object Table
This table was created to showcase the non-numeric information provided by the dataset. This table displays the object features with the highest frequency (number of players in the dataset). From this dataset, we can see that out of 40034, 23959 are male (58.94% of the dataset), with the majority being from the USA (39.97% of the dataset), with “Sports” being the highest genre (20.1%), and the highest frequency being of a “Medium” engagement level (48.39%).

As a data analyst, this information is extremely useful, as we can increase the game retention through advertising and the machine learning in this study, by awarding those with “Low” engagement levels, by using things such as “Login bonuses”, and awarding players for returning to the game daily. 
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Figure - Histograms

Histograms can also be used to visualise the dataset. Histograms allow us to spot outliers in the data, that may affect the machine learning models. From the histograms provided, there does not seem to be a large enough outlier, therefore this information should be quite accurate when it comes to modelling the machine learning Decision Tree, SVM and the K Means clustering.
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Figure – Training and Encoder
This is where the dataset is scaled and used to train the models used. The features chosen are seen as the X feature (Age, SessionsPerWeek and AvgSessionDurationMinutes), with the Y feature chosen being the EngagementLevel. 

We then initialise the training, where 0.3 of the data set will be used as training for the ML models. We must scale the information, so the model weighs the features fairly, otherwise the training would be biased to the more weighted information and therefore would not be accurate. The “Label Encoder” is used here allowing us to use the information for training the machine. Without this, the “Engagement Level” will be seen as a string/object (“High, “Medium, “Low”) and will not be trained correctly. 
[bookmark: _Toc216092476]Decision Tree
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Figure – Decision Tree Parameters
This is the creation of the decision tree. In ln147 seen in the figure above, we can see that “param_grid” has been created. The parameters have been set in here, for when the machine wants to learn the best parameters for creating the Decision Tree. Using GridSearchCV, the machine has tested the data set 4 times to find the best estimated Decision Tree parameters, as seen in the printed results of ln151 in the figure, with an accuracy score of 0.8816. This is considered quite accurate, as results are between 0 and 1. This indicates that the machine has decided that this parameters are the best for creating the decision tree.
[image: A line drawing of a structure
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AI-generated content may be incorrect.]This is the decision tree that’s been created. Despite this being corrected, this is not visually correct, as the depth does not allow us to see what’s happening. 

This is a “pruned” version of the same tree, which allows us to actually visualise what the decision tree is doing. We can see that the decision tree has split the information. Despite this, the entropy number is high (lower entropy means the grouped player behaviours are easier to classify). In the values section of each leaf, we can see three values. X, Y, Z of these values represent the amount of the players considered to have Low, Medium or High engagement levels. 

If we take the most bottom left leaf, we can see that the entropy is 0.427, which means that it’s identifying the play behaviour easier. We can see values of [87, 2608, 104]. Due to the high number in the Y value, the decision tree identifies majority of the Sessions Per Week <=1.5 having a medium engagement level. From this, we can deduce that although there are less sessions, we can assume that the average duration is longer, which is causing the “medium class”. The more in-depth Decision Tree would have lower entropy numbers as the depth increases, suggesting that the Decision Tree would be able to classify the dataset the best with a depth of 7, as suggested by the GridSearchCV. This could then be used to categorise the players into each “Engagement Level”, to which the business can then decide how to increase the game retention through ways mentioned the introduction.
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Figure – Precision, Recall, F1-Score, Support

This is the scores provided by the Decision Tree. We can see that the accuracy of the training data is 0.89, and the Decision Tree test accuracy is 0.88. There is only a variation of 0.01, which suggests that the model is quite accurate. 

The precision for the Decision Tree identifying Low, Medium and High engagement is 0.91, 0.84 and 0.88 respectively. From this, we can deduce that the model classified the Low engagement players more precisely than the other classes, meaning very few false positives, and less mislabels of the other two classes. Medium looks to have more confusion with the High class but is still very strong. The High class also looks to have predicted more precisely than the Medium class. This would suggest that the Medium class was harder to categorise, as the sessions could be high, but the average duration was low, and vice versa, causing confusion.

The Recall for the Decision Tree looked similar, with 0.87, 0.85, 0.90 respectively the Low, Medium and High classes. We would state that the recall was high, meaning that the model had very few false negatives, with the High class having the highest with 0.90. The lower recall on the Medium class would suggest again that the model had more issues classifying the data.

The F-1 score relies on both precision and recall, due to its formula. If either Precision or Recall are low, then this greatly affects the F-1 score. A high F-1 score suggests that the model is precise and complete. 
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Figure – SVM Model
This is the creation of the SVM model. The same amount of training data is used (0.3) to train this model. This model creates a great visual, using a “Confusion Matrix”, which looks to visualise the data better than the Decision Tree. The Decision Tree requires a little knowledge of what is being trained on it, while the SVM model is easier to understand visually.
This SVM model is not tuned yet, therefore the SVM accuracy looks to be 0.818. This is still considered high but is not as accurate as the Decision Tree.

We can also compare the precision, recall and f1-score of the SVM model to the results from the Decision tree. By comparing, we can see that the results are marginally lower. The SVM model looks to have a larger issue with classifying the Medium class than the Decision Tree, with a difference of 0.05, 0.15 and 0.10 (Precision, Recall, F1-Score). By looking as this and comparing the two models, we would decide to use the Decision Tree due to it’s higher accuracy.
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Figure – SVM model TUNED compared to Decision Tree
This is the model created via RandomSearchCV. Straight away, we can see that the accuracy of the SVM model has increased to 0.882, which is actually higher than the Accuracy Test for the Decision Tree. The scores look to be more similar to the Decision Tree, with the High class having the most precise and complete score with 0.9, which was higher in this model than the Decision Tree. 

The precision of the Medium class was higher in the SVM but had a lower Recall result. Despite this, the F1-score for the medium class is the same in both models.

[image: A graph showing a tree confusion matrix
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These are the two Confusion Matrix created. By comparing the both, we can see that the SVM tuned Matrix predicted 51 datasets more to be in the High class than the Decision Tree did, but we can also see that the tuned SVM accurately classified more in the Low class and High class than the Decision Tree, suggesting that the SVM worked better in the Low and High classes, but not as well in the Middle class. Due to this, the SVM looks to have worked better than the Decision Tree in this regard.
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The AUC-ROC scores also suggest the same, that both models are accurate and complete, but the SVM works better as a model compared to the Decision Tree.
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This is the graphs created by K-Means clustering. We can see that the data is not very clear in the first graph, which compares the age of the users to the Average Session Duration, while the second graph is quite clear distinction comparing the Age to the Sessions Per Week. Red being Low engagement class, Blue being Medium and Green being High.

In the first graph, we can interpret that younger players (from ages 15-30) have a very consistent distribution, with a Green-cluster. The scatter graph would suggest that the play duration is high when the player is younger (not working a 9-5, more interest in gaming). When we look at the other half of the graph, anyone over 30, we can see that the cluster is varied. We can see that the there are more people with Medium and Low engagement levels, which suggests that older players have varied session duration minutes, but are not as frequent as the younger players. This would suggest that these players tend to have longer once/twice a week session, compared to the younger players whose sessions duration vary.

 
The second scatter graph also indicates this; that older players with low sessions per week have a low engagement level, while younger players have varied sessions per week with high engagement level, suggesting long sessions. 

From a business perspective, we would want to increase session rewards and social features for the younger players, while increasing monetisation, VIP programs and retention incentives (daily login bonus) for older players, with Low and Medium engagement classes.
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The graph above is known as WCSS (Within-Cluster Sum of Squares). This graph suggests that the best number of clusters is 3 due to the elbow point; wherein the improvement is very little. We can see that it slopes almost vertically down to 3 and then spreads out at the end.
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This study shows that the models were implemented accurately and does achieve the aims mentioned previously, where we can see the online gaming behaviours of players by using different supervised and unsupervised machine learning techniques. 

Overall, the results demonstrate how machine learning can effectively support data-driven decision making for player retention, game design, and business optimisation in the gaming industry. 

VIDEO LINK YOUTUBE - https://youtu.be/8hrzULjfaGA
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import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

# To scale the data using z-score
from sklearn.preprocessing import StandardScaler

from sklearn.model_selection import train_test_split

# Algorithms to use

from sklearn.metrics import roc_auc_score

from sklearn.preprocessing import LabelEncoder

from sklearn.model_selection import RandomizedSearchCV
from sklearn.model_selection import GridSearchCV
from sklearn.metrics import classification_report
from sklearn.linear_model import LogisticRegression
from sklearn.svm import SVC

from sklearn import tree

from sklearn.tree import DecisionTreeClassifier
from sklearn.model_selection import train_test_split
from sklearn.cluster import KMeans

from sklearn.metrics import silhouette_score

from sklearn.decomposition import PCA

from sklearn.datasets import make_blobs

# Metrics to evaluate the model
from sklearn import metrics
from sklearn.metrics impert accuracy_score, confusion_matrix, classification_report, precision_recall_curve,recall_score

# To ignore warnings
import warnings
warnings. filterwarnings ("

gnore”)
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# Loading the dataset

data =pd.read_csv(r'C:/Users/jacob/Desktop/UNI WORK/online_gaming_behavior_
data.info()

data.nunique()

<class 'pandas.core.frame.DataFrame’>

RangeIndex: 40034 entries, @ to 40033

Data columns (total 13 columns):

#  Column Non-Null Count Dtype

©  PlayerID 40034 non-null int64
1 Age 40034 non-null int64
2 Gender 40034 non-null object
3 Location 40034 non-null object
4 GameGenre 40034 non-null object
5 PlayTimeHours 40034 non-null floated
6  InGamePurchases 40034 non-null int64
7 GameDifficulty 40034 non-null object
8  SessionsPerhleek 40034 non-null int64
9 AvgSessionDurationMinutes 46034 non-null int6d
10 Playerlevel 40034 non-null int64
11 AchievementsUnlocked 40034 non-null int64
12 Engagementlevel 40034 non-null object

dtypes: float64(1), int64(7), object(s)
memory usage: 4.0+ MB
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data=data.drop(['PlayerID’,],axis=1)
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# Creating numerical columns
num_cols=

‘Age’,'PlayTimeHours', 'InGamePurchases’,’SessionsPereek’, 'AvgSessionDurationMinutes’, 'Playerlevel’, AchievementsUnlocked',]

#Creating object columns to compare
cat_cols = ['Gender','Location’,'GameGenre', 'GameDifficulty’, 'Engagementlevel']

# Checking summary statistics
data[num_cols].describe().T

count mean std min 25% 50% 75% max

Age 400340 31992531 10.043227 15000000 23.000000 32.000000 ~ 41.000000 ~ 49.000000

PlayTimeHours 400340 12024365 6914638 0000115 6.067501 12008002 17.963831  23.999592
InGamePurchases 400340 0.200854  0.400644 0.000000  0.000000  0.000000  0.000000  1.000000
SessionsPerWeek 400340 9.471774 5763667 0.000000 4.000000 9.000000  14.000000  19.000000
AvgSessionDurationMinutes 400340 94792252 49.011375 10.000000 52.000000 95.000000 137.000000 179.000000
PlayerLevel 40034.0 49.655568 28.588379  1.000000 25.000000 49.000000  74.000000  99.000000

AchievementsUnlocked 40034.0 24.526477 14430726 0.000000 12.000000 25.000000 ~ 37.000000  49.000000
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#Features used for training

features=|

*Age’, 'SessionsPerWeek’, 'AvgSessionDurationMinutes']
ata[features]
Y=data[ 'EngagementLevel’]

#Initialising training, with test size of 0.3 of the dataset
X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.3, random_state=42)

scaler = Standardscaler()
X_train_scaled = scaler.fit_transform(X_train)

X_test_scaled = scaler.transform(X_test)

#Label Encoder for object features (EngagementLevel)
le = LabelEncoder()

Y_train = le.fit_transform(Y_train)

Y_test = le.transform(Y_test)
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param_grid = {
"max_depth': [3, 5, 7, 1@, None],
"min_samples_split': [2, 5, 10, 20],
‘min_samples_leaf': [1, 2, 5, 10],
‘criterion’: ['gini', 'entropy']

# Initialize model
dt = DecisionTreeClassifier(random_state=42)

# Grid Search to find best Decision Tree Classifier Parameters
grid_search = GridSearchCV(

dt,

param_grid,

scoring='accuracy’,

cv=s,

n_jobs=-1

# Train the model with the training dataset
grid_search.fit(X_train, Y_train)

Gridsearchcv

. best_estimator.
DecisionTreeClassifier

» DecisionTreeClassifier

# Displays best hypertuning parameters for Decision Tree
best_dt = grid_search.best_estimator_

print("Best Parameters
print("Best CV Accuracy

grid_search.best_params_)
, grid_search.best_score_)

Best Parameters: {'criterion’: ‘entropy’, 'max_depth': 7, 'min_samples_leaf': 5, 'min_samples_split': 2}
Best CV Accuracy: 0.8815972533955293
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#Creates precision, recall, fl-score

print(*Accuracy Score on train data:
print("Decision Tree Test Accurac

, accuracy_score(Y_train, best_dt.predict(X_train)))
. accuracy_score(Y_test, Y_pred_dt))

print(classification_report(Y_test, Y_pred_dt))

Accuracy Score on train data: 0.8860578810262998
Decision Tree Test Accuracy: 0.8794438431437849
precision  recall fl-score  support

0 .91 0.7 .59 132
1 0.5 .55 0.5 3069

2 0.8 0.9 0.5 ss10
accuracy 6.88 12011
macro ave 0.88 0.87 0.8 12011

weighted avg 0.58 0.88 0.5 12011
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# Initialize and train SVM
svm_model = SVC(kernel='linear’, random_state=42)
svm_model. fit(X_train_scaled, Y_train)

# Predictions
Y_pred_svm = svm_model.predict(X_test_scaled)

# Evaluation
print("SVM Accuracy

accuracy_score(Y_test, Y_pred_svm))
print(classification_report(Y_test, Y_pred_svm))

# Creating Confusion Matrix before hypertuning
plt.figure(figsize=(6,5))

sns.heatmap(confusion_matrix(Y_test, Y_pred_svm), annot=True, fmt='d’, cmap='Greens')
plt.title("SVM Confusion Matrix")

plt.xlabel("Predicted")

plt.ylabel("Actual”)

plt.shou()

SVM Accuracy: ©.8183331945716427
precision  recall fl-score support
1) .88 0.84 0.86 3132
1 8.79 0.70 0.74 3069
2 .80 0.87 0.84 5810
accuracy 0.82 12011
macro avg 0.82 .80 0.81 12011

weighted avg 0.82 0.82 0.82 12011
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+[159]: #Displays best estimated tuning for SVM
print("Best Params:", random_svm.best_params_)
print("Best CV F1 Score

, random_svm.best_score_)

Best Params: {'kernel': 'rbf', 'gamma’: 'scale’,
Best CV F1 Score: ©0.8781717398448093

c': 10}

<[160]: #SVM Tuned
Y_pred_svm_tuned = random_svm.predict(X_test_scaled)
print("Tuned SVM Accuracy:", accuracy_score(Y_test, Y_pred_svm_tuned))
print(classification_report(Y_test, Y_pred_svm_tuned))

Tuned SVM Accuracy: ©.8815252685038715

precision  recall fl-score support
1) 0.91 0.87 0.89 3132

1 .86 0.83 0.84 3069

2 .88 0.92 0.90 5810
accuracy 0.88 12011
macro avg .88 0.87 0.88 12011

weighted avg 0.88 0.88 0.88 12011
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#Decision Tree AUC-ROC
Y_prob_dt = best_dt.predict_proba(X_test)

auc_dt = roc_auc_score(Y_test, Y_prob_dt, multi_class="ovr')
print("DT AUC-ROC:", auc_dt)

DT AUC-ROC: ©.9345166926454157

#SVC AUC-ROC

y_prob_svm = random_svm.predict_proba(X_test_scaled)
auc_svm = roc_auc_score(Y_test, y_prob_svm, multi_clas:
print("SVM AUC-ROC:

ovr')

, auc_svm)

SVM AUC-ROC: ©.936914462552849
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