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Abstract
Player engagement is central to the long-term success of online games, and machine learning offers effective methods for predicting player behaviour. This report evaluates supervised and unsupervised learning approaches for modelling engagement, comparing Linear Support Vector Machine (SVM) and Decision Tree classifiers alongside clustering techniques to identify behavioural segments. Model performance was assessed using accuracy, precision, recall, F1-score and ROC-AUC, with hyperparameter tuning applied for optimisation. Results show that the Linear SVM consistently outperformed the Decision Tree, delivering stable performance across all metrics, while the Decision Tree exhibited overfitting and poor probability calibration. Additionally, K-Means clustering identified four distinct behavioural player groups, indicating that engagement may be better represented through behavioural patterns rather than predefined labels. Overall, the Linear SVM is the most effective model for engagement classification in this dataset, with clustering providing valuable complementary insights for game design and player retention.

[bookmark: _Toc227611657]Introduction 
Artificial Intelligence (AI) has many definitions, one being as the real-world ability of machines to act in ways as close to humans as possible [1]. One of the aspects of AI that we will be discussing in this report is Machine Learning. Machine Learning is a form of AI that uses statistical methods to allow computers to learn and make decisions autonomously, without having to explicitly program them [2].
In this report, we will look specifically at Decision Tree models and Support Vector Machine (SVM) algorithms to develop and evaluate a predictive model for player engagement for a game development studio.
[bookmark: _Toc227611658]Problem Statement
A game development studio is seeking to improve player engagement. Using the Predict Online Gaming Behaviour Dataset from Kaggle [3], we must develop predictive and analytical models which can:
Classify player engagement levels using supervised learning techniques such as Decision Tree and SVM classifiers.
Optimise the model’s performance through hyperparameter tuning, evaluating the model’s accuracy, precision, recall, F1 score and AUC-ROC.
Identify any hidden player segments using clustering, basing them on behavioural or demographical features
Translate any insights into recommendations for improving game designs, player retention, and overall engagement.
Decision trees became more prominent somewhere around the 1980’s [4]. Decision trees represent a procedure which computes the outcome of a function. To do this, the procedure will repeatedly perform tests on an input. The results of this test are then used to determine the next test until the outcome is known with certainty.
This type of modelling is immensely popular as they are quite easy to use and require little to no tuning to run well. By combining decisions trees, for example in a model form known as Random Forests, decisions trees can deliver like more complex models such as neural networks. 
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[bookmark: _Toc227611612]Figure 1: Screenshot of raw Predict Online Gaming Behaviour Data
As the data has been laid out in a tabular format [Figure 1] it should be possible to make meaningful insights into it using decision tree models.
To be able to easily find patterns and information from a rapidly growing field of data over the past 2 decades, more sophisticated machine learning methods such as Support Vector Machine algorithms have been developed [5]. Predominantly used for problems relating to classification, regression, outlier detection, among others, having a lower computational cost than some other models, SVM is seen as one of the more efficient algorithms to use.
[bookmark: _Toc227611659]Methodology
For this report, there will be several stages we will go through to get to our results. Data Preparation, Data Exploration, Experimentation – where the data will be run through SVM and Decision Tree models, and finally a discussion of the results, with recommendations on what actions could be taken.
Using Python libraries in a Jupyter Notebook,  we will import, process, analyse and model the data to determine which learning algorithm can best determine the engagement of a player.
[bookmark: _Toc227611660]Data Preparation
After downloading the data from Kaggle, no adjustments are required before loading it into Python.
Once the data has been loaded into Python, we can use functions from the Panda library to display the data and what datatypes Python have inferred the data to be [Figure 2].
[image: ]
[bookmark: _Toc227611613]Figure 2: Data Frame creation and display in Python Pandas 
On loading of the data, we can see there are 40,034 rows of data and none of the columns contain any blank data, so at this stage, no other preprocessing was deemed necessary.
By checking the number of unique instances of data in each column, we can determine which, if any, are not required and drop them from the dataset. Doing so will make classifying the data in the models easier and faster.
As the Player ID is unique per user, this would not add any value in to the analysis of the data and the decision was made to drop it from the dataset [Figure 3].
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[bookmark: _Toc227611614]Figure 3: Checking for how many unique values are present and dropping PlayerID
While PlayTimeHours also contained 40,034 unique values, this information is required to determine patterns in the data, so this column was kept.
Finally, we create two lists of data to assist in the exploration of the data by classifying the data within the columns as either numerical or categorical [Figure 4].
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[bookmark: _Toc227611615]Figure 4: Creation of column lists for Categorical and Numerical columns
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Data Exploration – Univariate Analysis
[bookmark: _Toc227611662]Numerical Data
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[bookmark: _Toc227611616]Figure 5: Analysis of the numerical column data
By analysing the numerical columns, we can determine how distributed the data within the dataset is [Figure 5].
This initial analysis shows us that the average player is around 32 years old, and there are a broad range of ages in the dataset, ranging from 15 to 49 indicating a good diversity across the players sampled.
Average time played per week comes in at around 12 hours. The range of times is large, from the smallest being 0.000115 hours (which is less than a second) to 23.999592 hours (almost a day).
On average, players spent almost 95 minutes per session with a range of 10 minutes to almost 3 hours.
Demonstration of a wide demographic of player abilities could be demonstrated through the player level and achievements unlocked columns as both have very wide ranges of values.
[image: ]
[bookmark: _Toc227611617]Figure 6: Univariate Analysis Data Plots
Plotting the data leads us to believe the values are evenly distributed, however, as the dataset is made up of over 40,000 rows of data, random noise could be smoothing them out [Figure 6].
It could also be that the dataset has been synthetically engineered or intentionally evenly sampled, leading to them appearing to be uniformly distributed.
[bookmark: _Toc227611663]Categorical Data
Analysis of the categorical data shows us how the data is distributed amongst the distinct categories [Figure 7] 
[image: ]
[bookmark: _Toc227611618]Figure 7: Univariate Analysis of Categorical Data Columns
From this analysis, we can determine there are more Male players than Female, potentially leading to a gender bias in the data, more players are based in the USA and the game genre played is evenly distributed.
We can also see that most players do not make in-game purchases, play game on the easy difficulty settings and have been classified as having medium levels of engagement. These three factors together could determine that most players sampled only play games casually.
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Bivariate/Multivariate Analysis – Categorical Data
Plotting the comparison of Player Engagement against the categorical columns shows more clearly how the data is distributed amongst the distinct categories [Figure 8].
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[bookmark: _Toc227611619]Figure 8: Comparison of Engagement across categorical columns
The distribution of engagement being  evenly split across all the categories means there is no relationship between engagement level and these categories. This further shows that the data is evenly distributed across the categories, reinforcing that the data is either being smoothed by random noise, or the data has been manufactured to be evenly distributed. 
[bookmark: _Toc227611665]Bivariate/Multivariate Analysis – Numerical Data
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[bookmark: _Toc227611620]Figure 9: Grouping of Numerical column data
The grouping of numerical column data shows that, unsurprisingly, engagement is highest in those who average the highest sessions and session duration, with player age, level, play time and achievements unlocked being evenly distributed across the dataset.
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[bookmark: _Toc227611621]Figure 10: Correlation Analysis of the Numerical Columns
The lack of correlation between the categories [Figure 10] shows that this data has no meaningful linear correlations, again suggesting that this data has been engineered rather than being real world data
[bookmark: _Toc227611666]
Experiments
This data will be passed through two machine learning algorithms, Linear SVM and Decision Tree, the results analysed and from each, conclusions will be drawn and a final recommendation will be made. We will also run some clustering models to discover if there is any insight that can be gathered.
Further preparation of the data will be required to work with the SVM model. By using the get dummies function in the pandas library, we can break the categories down into binary classes [Figure 11].
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[bookmark: _Toc227611622]Figure 11: Preparation of data for SVM Modelling
Data will be split in to 70% training, 30% test splits and, to help visualise the outcomes more easily, a function for displaying the outcomes of the training and testing is created [Figure 12].
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[bookmark: _Toc227611623]Figure 12: SVM Model Preparation Scripts
[bookmark: _Toc227611667]Linear SVM Results
First, we train and test the data on the Linear SVM model. We have chosen to use this model as logistic regression works best when used for binary classification problems. As the data has three classes (Low, Medium, and High engagement), this would require a reclassification of engagement in to just two stages to work).
Training of the data produces pleasing results, with Precision, Recall and an F1 Score of 82% and these are backed up visually by the confusion matrix showing how many of each class were correctly categorised [Figure 13].
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[bookmark: _Toc227611624]Figure 13: Results of Linear SVM Training
Running the test split through the same model gives us identical results [Figure 14].
[image: ]
[bookmark: _Toc227611625]Figure 14: Results of Linear SVM Test
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Hyperparameter Tuning
To further improve the results of the model, we can run the algorithm through hyperparameter tuning. This process selects the optimal values of a Machine Learning Model’s hyperparameter before the training process begins and helps the model to learn better patterns to avoid overfitting or underfitting of unseen data leading to a higher accuracy [6].
After setting the parameters for the tuning [Figure 15], we run the test data through the tuned model and observe any improvements (if any have been made) to the accuracy of the outcome.
[image: ]
[bookmark: _Toc227611626]Figure 15: Hyperparameter Tuning Setup for Accuracy
We observe that with the hyperparameter tuning picked, we had an improved score of 89% for precision, recall and f1, a lift of 7% from our previously untuned model [Figure 16].
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[bookmark: _Toc227611627]Figure 16: Results after Hyperparameter tuning based on accuracy
Training for F1-Score came out at 88% and ROC_AUC came out at 94%, however, when running through the test, each time the model picked the same parameters as the best, resulting in a test score of 89%. This means although different scoring metrics produce different cross‑validation scores, all metrics selected the same optimal hyperparameter combination. As a result, the final trained model, and therefore the test‑set predictions and accuracy, are identical across tuning approaches, suggesting a stable model with well-behaved data and a sensible hyperparameter grid.
[bookmark: _Toc227611669]Decision Tree Results
Running the same split of data through an unrestricted decision tree model [Figures 17 & 18] produces unexpected results.
[image: ]
[bookmark: _Toc227611628]Figure 17: Output from unrestricted Decision Tree
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[bookmark: _Toc227611629]Figure 18: Visual representation of unrestricted Decision Tree



Both Train and Test sets produced an accuracy score of 100%, which means the model has overfitted and created too many leaves and branches with very small samples. Adding regularisation parameters [Figures 19 & 20] produce much cleaner results.
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[bookmark: _Toc227611630]Figure 19: Regularisation Parameter Results for Decision Tree Model
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[bookmark: _Toc227611631]Figure 20: Visualised Output for Decision Tree Model
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Hyperparameter Tuning
After hyperparameter tunning, the decision tree model performed better on the test dataset, giving a score of 88% accuracy for correctly predicting the correct engagement level of users. [Figure 21].
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[bookmark: _Toc227611632]Figure 21: Accuracy Output from Hyperparameter Training on Decision Tree Model
However, when we run the test data through the AUC_ROC hyperparameter tuned model, accuracy drops to 29% [Figure 22]. What this shows us is that, despite the initial tests performing well, as ROC‑AUC evaluates the quality of predicted probability rankings rather than hard class decisions. Decision Trees are known to produce poorly calibrated, step‑wise probability estimates, which limits their ability to rank classes effectively despite achieving reasonable classification accuracy.
[bookmark: _Toc227611671]Conclusion
If the real-world data were to reflect the dataset used for this exercise, then a linear SVM model will always perform better than a Decision Tree. While the tuned Decision Tree achieves reasonable test accuracy, the significantly weaker ROC-AUC performance reflects poor probability calibration and overfitting tendencies. The SVM maintains consistent performance across accuracy-based and ranking-based metrics, showing decision boundaries are robust and confidence estimates are reliable. 
[bookmark: _Toc227611672]
Data Clustering
From the initial data exploration, the best features to base clustering of the data on are sessions per week and average session duration. We will run the data through KMeans clustering and find which number of clusters works best against this dataset [Figure 22].
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[bookmark: _Toc227611633]Figure 22: Elbow method plot for finding the best number of clusters
As we see, 4 clusters are optimal for this data based on the features chosen. This demonstrates that, rather than 3 classifications of players as captured in the data, there are 4 groups of players with similar behaviours to each other [Figure 23].
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[bookmark: _Toc227611634]Figure 23: Results of clustering based on 4 cluster groups
Unlike the supervised engagement labels (Low, Medium, High), these clusters capture natural groupings in player behaviour without reference to outcome variables. Each cluster therefore corresponds to a behavioural archetype, providing complementary insight into player patterns that may not be fully explained by engagement level alone.
The data illustrates that Cluster 0 are players with low activity level or are casual players, Cluster 1 are regular players with moderate levels of engagement, Cluster 2 are highly active or dedicate players and Cluster 3 have very specialised behaviour patterns.
[bookmark: _Toc227611673]Recommendation
To generate the most accurate predictions on gamer behaviour, the data suggests that a Linear SVM model would be the best to be used for predicting the engagement level of a player based on the pre-determined engagement levels. However, if a truer picture of engagement was wanted, clustering players based on their sessions played per week and average session duration would give better results, as there are clearly 4 distinct groups of players, not 3 as the original classification suggests.

If the data was less balanced across the categories, then the performance of the models would be different. It may also be advisable to run the data through a Random Forest model to create multiple decision trees, rather than a singular tree.
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Annex A: Link to Youtube Video Presentation
https://youtu.be/w64ej-hTao0
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Univariate Analysis

[8]: | # Create a sumary table of the dataset
df[numerical_cols].describe().T

[81:

[
SessionsPerWeek

AvgSessionDurationMinutes

400340

31992531

12024365

9471774

94792252

49655568

24526477

10043227

6914638

5763667

49011375

14430726

15.000000

0000115

10.000000

1.000000

22000000

6067501

25000000

12.000000

12.008002

95000000

25000000

75%

41000000

17.963831

14000000

74000000

37000000

19.000000

179.000000
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[10]: | # Display the ¥ sub categories of each category
for i in categorical cols:
print(df[i].value_counts (normalize=Truc))
print("*'*a0)

Gender
male  o.598466
Fenale  o0.40153¢
Name: proportion, dtype: floates

Location
usa. ©0.399660
Europe  0.299845
Asia ©0.202203
Other  0.098291

Name: proportion, dtype: float6s

GameGenre
Sports. ©.201029
Action ©.200804
Strategy 0.200130
Sinulation  ©.199406
RPG ©0.198631

Name: proportion, dtype: floates

InGamepurchases
o e.790146
1 o.200850
Name: proportion, dtype: floates

GameDifficulty
Easy ©0.49995
Medium  ©.30002
Hard ©0.20003

Name: proportion, dtype: floates

EngagementLevel
Medium  ©.483939
High ©0.258181
Low ©0.257881

Name: proportion, dtype: floates
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[12]: | # Average of numerical variables by engagement Level
df.groupby ([ ' EngagementLevel']) [numerical_cols].nean()

[12]: Age PlayTimeHours SessionsPerWeek AvgSessionDurationMinutes
EngagementLevel

High 31920085 12069238 14254547 131921827

Low 31896939 12104915 4530511 66882119

Medium 32082120 11957503 9553267 89856405

PlayerLevel AchievementsUnlocked

50823723

46101414

50926203

25095975

22661565

25216424
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[4]:

[16]

[16]:

Data Preparation for Support Machine Vector (SVM) Modelling

# Creating categorical variables
get_categories = ['Gender’, ‘Location’, ‘GameGenre', 'GameDifficulty’]

# Creat:

df = pd.get_dunmics(data = df, columns

#

df[ ‘Engagenentlevel'] = df.Engagementlevel.map(dict_engagement)

df.head()

engagement
dict_engagement

Ctow

o, 'Medium': 1, ‘High': 2}

get_categordes, drop_first = Truc)

R EN:]

Age PlayTimeHours InGamePurchases SessionsPerWeek AvgSessionDurationMinutes Playerlevel AchievementsUnlocked EngagementLevel

0 a3
1 20
2 2
3 35
4 3

16271119

5525961

8223755

5265351

15531945

0

0

1

0

6

B

16

9

2

108

144

142

85

131

2

10

@

a7

37

1

1
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False
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/- df .EngagementLevel
X= df..drop(columns = [*Engagementlevel'])

[18]: | X_train, X test, y_train, y_test = train_test_split(X, Y, test_size = 0.3, random
 ——— »

[19]: | # Scaling the data
sc-Standardscaler()

# Fit_transforn on train data
X_train_scaled=sc.fit_transforn(X_train)
X_train_scaled=pd.DataFrane(X_train_scaled, column:

# Transforn on test data
X_test_scaled=sc. transforn(X_test)
X_test_scaled=pd.DataFrane(X_test_scaled, columns=X.columns)

# Create a metric function
def metrics score(actual, predicted):
print(classification_report(actual, predicted))

cn - confusion matrix(actual, predicted)
Plt. figure(Figsize-(5,5))

sns.heatnap(cm, annot=True, fmt=".2f", xticklabels=['Low’, ‘Medium', 'High']
yticklabels=['Low’, ‘Medium’, "High'])
plt.ylabel( Actual’)
plt.xlabel(’Predicted’)
plt.shou()
>
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[21]:
)

X_train_scaled, y = y_train)

[22]: | y_pred_train_svm = model.predict(X_train_scaled)

metrics_score(y_train, y_pred_train svm)

precision  recall fl-score support
0 0.79 0.71 0.75 7227

1 0.51 0.57 0.8 13561

2 0.59 0.85 0.57 7235

accuracy. 0.52 28023
macro avg 0.53 0.51 0.52 28023
weighted avg 0.53 0.82 0.52 28023

5143.00 1869.00 - 10000

1142.00 11849.00

6116.00

Medium
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[22]: £EOBIrTVETE
y_pred_test_svm — model.predict(x _test_scaled)

metrics_score(y_test, y_pred test_svm)

precision  recall fl-score support
0 0.79 0.71 0.75 g

1 0.51 0.57 0.34 5813

2 0.59 0.85 0.57 3101

accuracy. 0.;2 1201
macro avg 0.53 0.51 0.;2  12em
weighted avg 0.52 0.82 0.;2  12em

2186.00

5074.00

2626.00

Medium
predicted
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[391: | pipeline - pipeline(l
('scaler’, Standardscaler()),
(“svm', SVC(probability=Truc))

1

Next we define the hyperparameter combinations we will use

[4e]:
param_grid = [
{
*svm_kernel': [*linear'],
‘svm_C': [0.1, 1]

‘svm_kernel': [*rbf'],
_C': [1, 10],
*svm_gamma’: [0.01, 0.1]

This will call the hyperparameter tuning, training the data on 4 folds and then testing
against 1, it will then choose the model which performs best

1

grid - GridseanchCu(
estinator-pipeline,
paran_grid-paran_grid,
s,
Scoring-"sccuracy’,
n_jobs- 2

)

grid. fit(X_train, y_train)
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27 | Gridsearchcy
o0

» best_estimator_: Pipeline

[28]: | print("Best parameters:”, grid.best_params_)
print("Best CV accuracy:", grid.best_score )

Best parameters:
Best CV accuracy: 0.338591874925552

[29]: | y_pred = grid.best_estimator_.predict(X_test)

print("Test accuracy:”, accuracy_score(y_test, y_pred))
print("Classification report:\n")
print(classification_report(

y_test,

y_pred,

‘target_names=[‘Low’, ‘Medium', ‘High']

Rl

Test accuracy: 0.8894346545722005
Classification report:

precision  recall fl-score support
Low 0.89 0.82 0.36 E
Medium 0.57 0.9 0.90 5813
High 0.92 0.86 0.59 3101
accuracy. 0.8 12611
macro avg 0.90 0.88 0.8 12011

weighted avg 0.89 0.89 0.8 12611
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Data Modelling for Decision Tree
b e —

[35]: | diree = dTree.fit(X, Y)

[36]: | plt.Figure(figsize=(16,5))
tree.plot_trec(diree, feature names=X.columns,
class_names=["Low’, "Medium’, ‘High'],
Filled=True,
rounded=True)

Text(0.08485330313871456, 0.5147058823529411, 'gini = 0.6\nsamples = S\nvalue = [5, 6, 6]\nclass = Low’
Text(0.08464772275558018, 0.5735294117647658, 'gini = 0.6\nsamples = 1\nvalue = [0, 0, 1]\nclass = High'),
Text(0.08526446390498332, 0.6029411764705882, 'Gender_Male <= 0.5\ngini = 0.5\nsamples = 2\nvalue = [6, 1, 1]\nclass = Medium'),
Text(0.08505833352184894, 0.5735294117647658, 'gini = 0.6\nsamples = 1\nvalue = [0, 6, 1]\nclass = High').
Text(0.08547004428811769, 0.5735294117647058, ©0.0\nsamples = 1\nvalue = [0, 1, @]\nclass = Mediun
Text(0.08526446390498332, 0.6323529411764706, ©0.0\nsamples = 16\nvalue = [16, 0, @]\nclass = Low"
Text(0.0915282412036089, 6.75, ‘Location Other <= 0.5\ngini = 0.086\nsamples = 428\nvalue = [409, 9, 16]\nclass = Low’
Text(6.08967159336842655, 0.7305882352941176, "PlayTineours <= 19.235\ngini - 0.071\nsamples - 385\nvalue ~ [371, 9, 5]\nclass = Low’),
Text(0.08852805248724156, 0.6911764705882353, 'Gender_Male <= 0.5\ngini = 0.051\nsamples = 306\nvalue = [298, 4, 4]\nclass = Low'),
Text(0.08768003340681225, 0.6617647058823529, 'AvgSessionDurationtinutes <= 93.5\ngini = 0.088\nsamples = 131\nvalue = [125, 4, 2]\nclass = Low'),
Text(0.08747445302367789, 0.6323529411764766, 'AvgSessionDurationtinutes <= 91.5\ngini = 0.136\nsamples = §3\nvalue = [77, 4, 2]\nclass = Low'),
Text(0.08660073639535677, 0.6029411764705882, 'InGamePurchases <= 0.5\ngini = 0.106\nsamples = 72\nvalue = [68, 2, 2]\nclass = Low'),
Text(0.08588120505438646, 0.5735294117647658, 'GameGenre_Strategy <= 8.5\ngini = 0.063\nsamples = 62\nvalue = [60, 1, 1]\nclass = Low’),
Text(0.08547004428811769, 0.5441176470588235, 'GameGenre_Sports <= 8.5\ngini = 0.035\nsamples = S6\nvalue = [55, 0, 1]\nclass = Low'),
Text(0.08526446390498332, 0.5147058823529411, [46, 6, ]\nclass = Low"
Text(0.08567562467125207, 0.5147058823529411, ©0.18\nsamples = 10\nvalue = [9, 0, 1]\nclass
Text(0.08547004428811769, 0.4852941176470585, = 0.0\nsamples = 1\nvalue = [0, 0, 1]\nclass = High'),
Text(0.08588120505438646, 0.4852941176470585, ©0.0\nsamples = 9\nvalue = [9, 0, @]\nclass = Low'),
Text(0.0862923658206552, 0.5441176470588235, 'Age <= 24.6\ngini = 0.278\nsamples = 6\nvalue = [5, 1, 6]\nclass = Low’),
Text(0.08608678543752082, 0.5147058823529411, ©0.0\nsamples = 1\nvalue = [0, 1, 0]\nclass = Medium'),
Text(0.08649794620378959, 0.5147058823529411, = 0.0\nsamples = S\nvalue = [5, 0, @]\nclass = Low'),
Text(0.0873202677363271, 0.5735294117647658, 'AchievementsUnlocked <= 32.6\ngini = 0.34\nsamples = 10\nvalue = [8, 1, 1]\nclass = Low’),
Text(0.08711468735319272, 0.5441176470588235, 'Playerlevel <= 17.5\ngini = 0.198\nsamples = 9\nvalue = [8, 0, 1]\nclass = Low’),
Text(0.08690910697005834, 0.5147058823529411, 'gini = 0.0\nsamples = 1\nvalue = [@, @, 1]\nclass = High'),

Low'),





image18.png
[37]: (“Train accuracy:”, accuracy_score(y_train, diree. (X_train)))
(“Test accuracy:”, accuracy_score(y_test, diree. (X_test)))
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[38]:
dTree = DecisionTreeClassifier(
max_depth=1,
min_samples_leaf-10,
random_state=42

[39]: | diree = dTree.fit(X, Y)

[40]: | plt.Figure(figsize=(24,12))
tree.plot_trec(diree, feature names=X.columns,
class_names=["Low’, "Medium’, ‘High'],
Filled=True,
rounded=True)

[40]: [Text(6.5, 0.9, 'Sessionsperiieck
Text(6.25, 0.7, "SessionsPeruieck <= 1.5\ngini
Text(0.375, 0.3, "True °),

Text(6.125, 6.5, ‘AchievementsUnlocked <= 47.5\ngini = ©.142\nsamples = 3947\nvalue = [3649, 166, 132]\nclass = Low'),
Text(0.0625, 0.3, 'PlayerLevel <= 78.5\ngini = 0.134\nsamples = 3782\nvalue = [3514, 144, 124]\nclass = Low'),
Text(6.63125, 0.1, 'gini = 0.118\nsamples = 3021\nvalue = [2834, 99, 97]\nclass = Low’),

Text(0.69375, 0.1, "gini = 0.195\nsamples = 761\nvalue = [680, 54, 27]\nclass = Low'),

Text(0.1875, 0.3, 'Playerievel <= 75.0\ngini = 0.31\nsamples = 165\nvalue = [135, 22, 8]\nclass = Low'),

Text(6.15625, 0.1, "gini = 0.209\nsamples = 131\nvalue = [116, 10, 5]\nclass = Low’
Text(0.21875, 0.1, 'gini = 0.555\nsamples = 34\nvalue = [19, 12, 3]\nclass = Low'),
Text(6.375, 6.5, 'AvgsessionDurationiinutes <= 150.5\ngini = 0.45\nsamples = 2018\nvalue = [1385, 562, 71]\nclass = Low’),
Text(6.3125, 0.3, 'AvgsessionDurationMinutes <= 118.5\ngini = 0.338\nsamples = 1653\nvalue = [1314, 281, 58]\nclass = Low’),
Text(0.28125, 0.1, 'gini = 0.242\nsamples = 1259\nvalue = [1088, 127, 44]\nclass = Low’),

Text(0.34375, 0.1, "gini = 0.517\nsamples = 394\nvalue = [226.0, 154.6, 14.0]\nclass = Low'),

Text(0.4375, 0.3, 'AchievementsUnlocked <= 5.5\ngini = ©.368\nsamples = 365\nvalue = [71, 281, 13]\nclass = Medium'),
Text(0.48625, 0.1, "gini = 0.405\nsamples = 41\nvalue = [38, 10, 1]\nclass = Low'),

Text(0.46875, 0.1, "gini = 0.283\nsamples = 324\nvalue = [41, 271, 12]\nclass = Medium'),

©0.633\nsamples
©0.272\nsamples

[10324, 19374, 16336]\nclass = Medium'),
[5634.0, 728.0, 263.0]\nclass = Low’),

5965\nvalue

Text(6.75, 0.7, "AvgSessionDurationtinutes <= 93.5\ngini = 0.588\nsamples = 34069\nvalue = [5290, 18646, 10133]\nclass = Medium'),
Text(0.625, 0.5, * False’),
Text(0.625, .5, ‘AvgsessionDurationiinutes <= 25.5\ngini = 0.497\nsamples = 16747\nvalue = [4694, 10856, 1203]\nclass = Medium'),

Text(6.5625, 0.3, 'SessionsPerbeek <= 13.5\ngini = 0.431\nsamples = 3155\nvalue = [2229, 825, 101]\nclas:
Text(6.53125, 0.1, 'gini = 0.263\nsamples = 2047\nvalue = [1739, 246, 62]\nclass = Low’),

Text(6.59375, 0.1, 'gini = 0.53\nsamples = 1108\nvalue = [490, 579, 39]\nclass = Medium'),

Text(0.6875, 0.3, 'SessionsPerbeck <= 5.5\ngini = 0.417\nsamples = 13592\nvalue = [2465, 10025, 1102]\nclass = Mediun'),
Text(0.65625, 0.1, 'gini = 0.501\nsamples = 2505\nvalue = [1514, 914, 77]\nclass = Low’),

Text(.71875, 0.1, 'gini = 0.309\nsamples = 11087\nvalue = [951, 9111, 1025]\nclass = Medium'),

= Low'),





image20.png
Text(0.875, 0.5, 'SessionsPerbieck <= 9.5\ngini = 0.53\nsamples = 17322\nvalue = [596.0, 7796.6, 8930.0]\nclass = High'),
Text(0.8125, 0.3, "SessionsPerkieck <= 8.5\ngini = 0.225\nsamples = 7212\nvalue = [283, 6312, 617]\nclass = Medium'),
Text(o. 6.1, "gini = 6.165\nsamples = 6211\nvalue = [249, 5662, 300]\nclass = Medium'),

Text(0.84375, 0.1, gini = 8.477\nsamples = 1001\nvalue = [34, 650, 317]\nclass = Medium'),

Text (0. .3, 'Sessionsperieck <= 12.5\ngini o1\nsamples = 16116\nvalue , 1484, 8313]\nclass = High'),
Text(0.90625, 0.1, 'gini = 0.497\nsamples = 3053\nvalue = [97, 1086, 1870]\nclass = High'),

Text (0. .1, "gini = 0.162\nsamples = 7657\nvalue = [216, 398, 6443]\nclass = High')]

(“Train accuracy:”, accuracy_score(y_train, diree. (X_train)))
(“Test accuracy:", accuracy_score(y_test, dfree. (X_test)))

Train accuracy: 0.5189701316775506
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©.8770293897260845

Classification report:

precision  recall fl-score support
Low 0.6 0.54 0.85 E

Medium 0.57 0.01 0.89 5813

High 0.9 .55 0.88 3101
accuracy 0.8 12011
macro avg 0.88 0.57 0.7 12011
weighted avg 0.88 .55 0.8 12011

Medium

True label

Medium
Predicted label
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“Sessionsperkesk”,
“AvgSessiondurat tonkinutes®

X = dF[[Sessionsperkiesk’, "AvgSessionburationtinutes'
X_scaled = StandardScalen().Fit_transforn(X)

11

snertia -
K= range(2, 11)

For k in &
ko = KHeans(n_clusters=k, randos_stat
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inert1a.sppend(km. inertia )

PLE.pLot(K, inertia, marker='o")
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Observations
“The elbow is showing us that amywhere between 2 and 5 clustrs should give us the best results

tso1: [For K 1n 12, 3, 4, 51
labels - KMeans(n_clusters-k, random_state=:2).fi_predict(X scaled)
princ(k, silhouette score(X_scaled, labels))

3534720731920805
7501677848954025

“The resut of the clustering shows that 4 custers will provide the best possible outcome for clustering of the data based on these features.

[ 1: [kmeans = Kneans (n_clusters=i, randon_state=i2)
Labels = kneans.Fit_predict(X_scaled)

S11_score = silhouette_score(X_scaled, labels)
Print(sil_score)

5210
O Cluster] = Tabels
0F.groupby (" Cluster) [ features] .sean()

5210 Sessionsperteck AvgSessionDurationMinutes
Cluster

o 4499500 137501699
1 usiews 1977480
2 as20307 s2760495

3 510655 137026613
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PlayerlD Age Gender Location GameGenre PlayTimeHours
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Loading the dataset as a dataframe

# Loading the dataset in to a Pandas Dataframe
df = pd.read_csv("online_gaming_behavior_dataset.csv')

# printing a section of the dataframe to check everything has Loaded in correctly
df.head()

PlayerlD Age Gender Location GameGenre PlayTimeHours InGamePurchases Gam

0 9000 43 Male Other Strategy 16271119 0
1 %01 29 Female  USA  Strategy 5525061 0
2 o002 22 Female  USsA sports 8223755 0
3 0003 35 Male  UsA Action 5265351 1
4 04 33 Male Europe Action 15531045 0
. »

Checking the dataframe to ensure there are no
blanks and what datatypes Python is inferring

# display the information about the dataframe ®**

<class 'pandas.core. frame.DataFrame’>
RangelIndex: 40034 entries, 0 to 40033

Data columns (total 13 columns):

# Column Non-Null Count Dtype
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We can also check to see how many unique values are present in each column of data

# Check for number of unique values each column has
df.nunique()

PlayerID
Age.

Gender

Location
GameGenre
PlayTimeHours.
InGamePurchases.
GameDifficulty
SessionsPerkieck
AvgSessionDurationMinutes Bt
PlayerLevel

Achievementsunlocked
EngagementLevel

dtype: intea

soobonad

wg83

« Playerld is a unique identifier and will not add any value to the analysis of the data so
it can be dropped

« Based on the numbers of unique values present, we can clearly define continuous
(numerical) and categorical columns.

We will now drop the PlayerlD column and create lists for numerical and categorical
data

# dropping the playerid colu
df=df..drop([ 'PlayerID’ ], axis=1) # axis 1 for
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[7]: | # Create List of Numerical Columns OBV ETE

numerical_cols = ['Age’, 'PlayTimeHours®, ‘SessionsPerlieck’, 'AvgSessionDurationit|
*PlayerLevel’, AchievementsUnlocked']

categorical_cols = ['Gender’, ‘Location’, ‘GameGenre', ‘InGamePurchases’, ‘GameDi

o —————————— »





