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This report investigates player engagement with online video games for a video game company, using a provided Kaggle dataset [1]. The data is explored and pre-processed. Two different supervised learning algorithms, SVM and Decision Tree, are implemented and evaluated on performance. The hyperparameters of said algorithms are then tuned to achieve better performance. The clustering algorithms, K-Means and Agglomerative, are also implemented to find hidden player segments. The results gained from these models are then analysed and interpreted to provide business insights and potential recommendations for the company.
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A video game company wants to know the factors which influence levels of engagement with online games, using a given Kaggle dataset [1]. This report will demonstrate how using Supervised and Unsupervised machine learning models, along with tuning parameters of certain models, can help with the analysis of online player engagement.  

[bookmark: _Toc216053279]1: Problem Statement

Identifying the factors that influence and motivate people to play online games is very complex and involve many factors [2]. Companies which do not have a good understanding of what keeps players engaged will experience inevitable player drop-off. In addition, many different player segments may exist which will be hard for companies to identify and cater towards.

Machine learning has been used in the past to help gauge certain metrics with regards to gamers, such as assessing emotional reactions to twitch streamers [3]. Another study was the use of machine learning to predict the number of daily players on the Steam platform, using data from 100 games [4]. Another study regarding online gaming was the use of data collected from 10 League of Legends [5] players during 22 matches. This data was used in conjunction with machine learning to detect player burnout and the chances of each player losing their next encounter in the game [6]. 

The problem is to identify the factors which influence low, medium and high levels of engagement, by using machine learning models to analyse and predict these behaviours amongst gamers. In addition, different segments of online gamers will also need to be identified using unsupervised machine learning models.

[bookmark: _Toc216053280]2: ML and Data Implementation

Jupyter Notebook [7] will be used to analyse the given dataset. The notebook and cell interface makes it the preferred tool for exploring and visualising data, in addition to implementing machine learning models using Python.

[bookmark: _Toc216053281]2.1: Data Exploration and Preprocessing

To start off, the required libraries are imported into the notebook. Once this is done, the dataset can then be loaded in.
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Fig.1: A screenshot showing the libraries being imported into the notebook. Taken from Jupyter Notebook.
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Fig.2: A screenshot showing the dataset being loaded in, with the first 5 columns being displayed. Taken from Jupyter Notebook.

[image: A screenshot of a computer

AI-generated content may be incorrect.]
Fig.3: A screenshot showing information being displayed about the dataset. Taken from Jupyter Notebook.

Looking at the info of the dataset, certain observations can be made. This dataset has 13 columns and 43004 observations. In addition, every column has 40034 non-null values, indicating that there is no missing data in this set. 

[image: A screenshot of a computer
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Fig.4: A screenshot showing information being displayed about how many unique values are in each column. Taken from Jupyter Notebook.


Looking at the unique values for each column, columns with single-digit values can be identified as categorical data, such as Gender and GameGenre. Other columns can be classified as numerical data due to their scope.

Using this information, the numerical and categorical columns can be grouped into separate lists for further exploration. Since the PlayerID is an identifier, this column can be dropped, as it will not be necessary for data analysis.
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Fig.5: A screenshot showing the PlayerID column being dropped from the dataset, as well as numerical and categorical columns being grouped into separate lists. Taken from Jupyter Notebook.

Once grouped into lists, the numerical columns can be plotted onto a histogram.
[image: No description has been provided for this image]
Fig.6: A group of histograms showing data distribution for each numerical column. Taken from Jupyter Notebook.
Looking at the graphs, it shows that each column has an equal spread of data and are not overly skewed, however the Age column has certain groups of age ranges lower than others.

[image: A screenshot of a computer screen
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Fig.7: A table showing the percentiles of each categorical column variable in relation to EngagementLevel. Taken from Jupyter Notebook.

Analysing the percentiles for each column, certain observations can be made:
· There is a higher percentage of male gamers compared to female gamers.
· Most online gamers are from the USA, with Europe coming in second.
· Sports is the most popular online game genre, with RPGs being the least popular.
· Almost half of online gamers play easy games, compared to 20% playing hard games.
· Almost 80% do not have in-game purchases in online games.
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Fig.8: A set of bar graphs with the crosstab data showing the relation between EngagementLevel and other categorical variables. Taken from Jupyter Notebook.
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Fig.9: A set of bar graphs with the crosstab data showing the relation between EngagementLevel and other categorical variables. Taken from Jupyter Notebook.
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Fig.10: A bar graph with the crosstab data showing the relation between EngagementLevel and other categorical variables. Taken from Jupyter Notebook.

Using crosstabs and bar charts to visualize the data, the observations that can be made are:
· Male gamers have higher levels of engagement compared to female gamers.
· Gamers from the USA have higher levels of engagement compared to other regions.
· All genres have mostly the same levels of engagement for each.
· Easier games have higher levels of engagement compared to harder games.
· Gamers who haven’t made in-game purchases have higher levels of engagement with the game.

The main takeaway is that across the board, most gamers have a medium amount of engagement with online games, coming in at around 48%. This shows that EngagementLevel is skewed towards the medium class.

A heatmap can be plotted to show the correlation between certain variables. 

[image: A screenshot of a computer
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Fig.11: A heatmap showing the correlation between certain variables. Certain variables such as Age and AchievementsUnlocked have a negative relationship, meaning that one will decrease as the other one increases. Other variables such as SessionsPerWeek and AchievementsUnlocked have positive values, meaning that if one variable increases, the other one will. Taken from Jupyter Notebook.

Once explored, the data can then be prepared. Dummy columns are created for GameGenre and Location. GameDifficulty, Gender and EngagementLevel variables are then mapped to numerical values so that the models can handle these categorical variables. EngagementLevel, the target variable, is then separated from the other variables.

[image: A computer screen shot of a computer code
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Fig.12: A screenshot showing the dummy columns being created for GameGenre and Location, whilst GameDifficulty, Gender and EngagementLevel are mapped to numerical values. Taken from Jupyter Notebook.

Once done, the data is split into 2 sets, 70% for train and 30% for test.
[image: ]
Fig.13: A screenshot showing the data being split into 2 sets, with 70% being allocated for the train set with the remaining 30% being allocated to the test set. Taken from Jupyter Notebook.

Finally, the data is scaled for SVM, to allow each variable to have a comparable scale and to not be biased towards 1 feature.

[image: A white background with text
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Fig.14: A screenshot showing the data being scaled, as well as being fit and transformed for the train and test sets. Taken from Jupyter Notebook.

[bookmark: _Toc216053282]2.2: SVM/Decision Tree Implementation and Performance Evaluation

The main objective when implementing these models is to minimise the number of false positives and negatives, allowing for more accurate predictions. This can be done by measuring certain metrics:
· Precision score, which identifies how many positives identified by the model are accurate and correct [8]
· Recall score, which identifies how many positives were identified in total [9]
· F1-score, which uses the mean of precision and recall together to show accuracy in a single metric [10]
· ROC-AUC score, which identifies how well the model distinguishes classes across different thresholds [11]

These will be used to gauge the performance and accuracy of the models in a classification report, alongside a confusion matrix.


[image: A white screen with colorful text
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Fig.15: A screenshot showing a function which prints a classification report and plots a confusion matrix. Taken from Jupyter Notebook.

The first model to be implemented is a Support Vector Machine, a supervised learning model which is used for classification, by finding a hyperplane which maximises the distance between classes [12]. Different kernels can be used for SVM, one of which being the linear kernel. This separates the data using a straight line.

[image: A screenshot of a computer

AI-generated content may be incorrect.]
Fig.16: A screenshot showing the SVM model being created using the linear kernel and predicting training data to check performance. Taken from Jupyter Notebook.

After the model is created and the data is fitted, the performance can then be checked. The coefficients can then be viewed, showing which variables have a positive or negative impact on EngagementLevel.
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Fig.17: A screenshot showing the classification report and confusion matrix for the SVM Linear model, using the train set. Taken from Jupyter Notebook.
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Fig.18: A screenshot showing the classification report and confusion matrix for the SVM Linear model, using the test set. Taken from Jupyter Notebook.
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Fig.19: A table showing the coefficients of the Linear SVM model. Taken from Jupyter Notebook.

Both the train and test set predictions had similar metrics, meaning there is no overfit in the data. Looking at the results, the linear kernel had a precision and f1-score of around 0.83. Recall was highest for the medium class, potentially due to the skewedness of the data. This means that the kernel is not adequate for finding accurate data.

Other kernels can be used however, such as RBF.

[image: A screenshot of a computer program
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Fig.20: A screenshot showing the SVM model being created using the RBF kernel and predicting training data to check performance. Taken from Jupyter Notebook.

Using the RBF kernel for SVM yielded much better performance metrics, showing an increase in precision, recall and f1-scores. It also yielded a good ROC-AUC score of 0.949, being close to 1, a perfect classifier. This makes RBF the more accurate kernel. However, this took longer to train and had lower test data metrics compared to train data, suggesting a slight overfit in data.
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Fig.21: A screenshot showing the classification report and confusion matrix for the SVM RBF model, using the train set. Taken from Jupyter Notebook.
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Fig.22: A screenshot showing the classification report and confusion matrix for the SVM RBF model, using the train set. Taken from Jupyter Notebook.
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Fig.23: A screenshot showing the ROC-AUC score being calculated and printed for the SVM RBF model. Taken from Jupyter Notebook.

Other SVM kernels were tested for performance, such as Polynomial and Sigmoid. Out of the kernels tested, the RBF kernel had the best accuracy metrics, whilst the Sigmoid kernel had the worst overall performance, being too inaccurate for any reliable analysis.  
[image: A screenshot of a graph
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Fig.24: A screenshot showing the classification report and confusion matrix for the SVM Sigmoid model, using the train set. This shows that the sigmoid kernel is inaccurate for analysis, based on the precision, recall and f1-scores. Taken from Jupyter Notebook.

Another supervised learning model is the Decision Tree algorithm, which uses a hierarchical tree structure with root nodes, internal nodes, branches and leaf nodes [13]. For the decision tree, the data does not have to be scaled.
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Fig.25: A screenshot showing the Decision model being created and data being fit to it. Taken from Jupyter Notebook.
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Fig.26: A tree graph showing the first 3 layers of the decision tree. Here, the root node is at the top, which encompasses the whole set. It uses decision nodes to check whether the variable is related to the class (e.g. “Is EngagementLevel = Medium?”), using branches to navigate to other nodes. Taken from Jupyter Notebook.

[image: A black and white image of a graph
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Fig.27: A tree graph showing the entire decision tree. Taken from Jupyter Notebook.
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Fig.28: A screenshot showing the classification report and confusion matrix for the Decision Tree model, using the test set. Taken from Jupyter Notebook.

The Decision Tree model can be easily visualised and requires less computational power for training compared to SVM. However, the performance and accuracy metrics were still found to be lower than SVM.
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Fig.29: A screenshot showing the ROC-AUC score being calculated and printed for the Decision Tree model. Taken from Jupyter Notebook.
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Certain hyperparameters for the SVM and Decision Tree models can be tuned to further optimize model performance.

As shown earlier, the RBF kernel was the most accurate out of all 4 kernels used.  Certain parameters can be tuned to further increase the performance of the SVM RBF model, one of which being the C parameter. This parameter adjusts the margin for error with regards to misclassification of training points. Higher C values will create a low tolerance for error and will try to classify every point correctly at the expense of potential overfitting. The gamma parameter adjusts the radius of influence that each training point has [14].

The EngagementLevel variable is skewed towards the medium class, so using the class_weight='balanced' parameter can adjust and balance the weights for each class to avoid potential bias in the model [15].

These parameters can be tuned for the SVM RBF model as seen below.
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Fig.30: A screenshot showing the SVM model being created using the RBF kernel and predicting training data to check performance. The C parameter has been tuned to 50, whilst gamma has been tuned to 0.1. The class_weight='balanced' parameter helps adjust and balance weights for each class. Taken from Jupyter Notebook.
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Fig.31: A screenshot showing the classification report and confusion matrix for the tuned SVM RBF model, using the train set. Note that the classification metrics have significantly improved, as well as less false positives/negatives being minimized, providing mor accurate results. Taken from Jupyter Notebook.
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Fig.32: A screenshot showing the classification report and confusion matrix for the tuned SVM RBF model, using the test set. Taken from Jupyter Notebook.

Looking at the classification report and confusion matrix for the training data, the performance of the SVM RBF model massively improved. Precision, recall, and F-1 scores have improved from the base model, all coming in at around 0.97. False positives and negatives on the matrix have also dropped significantly. The ROC-AUC score also improved, coming in at 0.99. The test data, however, had lower metrics overall, suggesting overfitting. The C parameter can be adjusted further to prevent this.
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Fig.33: A screenshot showing the ROC-AUC score being calculated and printed for the tuned SVM RBF model. Taken from Jupyter Notebook.

For the Decision Tree model, one way the hyperparameters can be tuned is by using the GridSearchCV function. This function explores a specified parameter grid and searches each combination of parameters to determine which ones have the best performance for the model [16]. These parameters can then be easily applied to the Decision Tree model.
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Fig.34: A screenshot showing the code for GridSearchCV, using a grid of predetermined parameters for Decision Tree. This explores the parameter grid and chooses the best combination of parameters for the model. Taken from Jupyter Notebook.
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Fig.35: A screenshot showing the best parameters found for the Decision Tree model. Taken from Jupyter Notebook.
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Fig.36: A screenshot showing the classification report and confusion matrix for the tuned Decision Tree model, using the test set. Taken from Jupyter Notebook.

Using the tuned parameters found from GridSearchCV yields an improvement in performance across the board, which can be seen from the classification report and confusion matrix. The ROC-AUC score also increased to 0.93.
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Fig.37: A screenshot showing the ROC-AUC score being calculated and printed for the tuned Decision Tree model. Taken from Jupyter Notebook.


[image: No description has been provided for this image]
Fig.38: A tree graph showing the entire tuned Decision Tree. Note the more uniform and organised structure compared to the untuned Decision Tree. Taken from Jupyter Notebook.
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Clustering algorithms can be used to identify hidden player segments in data. One of these algorithms is known as K-Means. This algorithm works by specifying a certain number of K clusters and assigning every instance of data to one of these cluster. Each data instance is assigned to the nearest centroid. The centroid is then recalibrated based on the assigned data points. This repeats until convergence stops [17].

Sample data from the dataset was applied to the model and mapped onto a scatter graph. 

[image: No description has been provided for this image]
Fig.39: A scatter graph showing the output of the K-Means model being applied to the sample data. This shows different clusters of players with similar game progression patterns. Taken from Jupyter Notebook.

Looking at the scatter graph, different clusters of players can be seen:
· 0: Players with a low player level
· 1: Players with a high player level but low amounts of unlocked achievements
· 2: Players with a high player level and high amounts of unlocked achievements

A metric that can be used to determine the accuracy of the model is the silhouette score. The higher the silhouette score is, the more similar the data point is to its own cluster [18]. 
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Fig.40: A screenshot showing the silhouette and inertia scores for the K-Means model. Taken from Jupyter Notebook.

Here, the K-Means model yields a score of 0.4. This is a relatively low score, indicating that certain cluster boundaries are overlapping. Despite this, the clusters can still be easily identified and interpreted. 

The inertia, the spread and compactness of clusters, was found to be 147. A WCSS graph can be used to identify the optimal number of clusters. Using the elbow method, the optimal number of clusters for this data sample was shown to be 3.

[image: No description has been provided for this image]
Fig.41: A line graph showing WCSS being used to find the optimal number of clusters. Here, the elbow of the line is 3, meaning that k=3 is the optimal number of clusters. Taken from Jupyter Notebook.

Another clustering algorithm which can be applied to this data sample is known as Agglomerative Clustering, which creates hierarchical structures of clusters, assigning each data point as its own cluster and merging each point based on similarity [19].

The silhouette score on the Agglomerative model was lower than the one produced by the K-Means model. However, these low scores may be due to the clusters not being convex in shape, or because they vary in size, a limitation which has been shown with models such as DBSCAN [20]. Visually, the clusters are easily identifiable. 

[image: No description has been provided for this image]
Fig.42: A scatter graph showing the output of the Agglomerative Clustering model being applied to the sample data. This shows different clusters of players within a certain age range and their respective play time hours. Taken from Jupyter Notebook.

The Agglomerative model was also applied to a sample of data measuring Age and PlayTimeHours. Looking at the scatter graph, different clusters of players can be seen:

· 0: Players aged 15-35 with high play time hours
· 1: Players aged 35-40 with low play time hours
· 2: Players aged 35-40 with high play time hours
· 3: Players aged 15-35 with low play time hours

These graphs can help provide valuable insight into certain groups of players. 
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Fig.43: A screenshot showing the silhouette score for the Agglomerative model. Taken from Jupyter Notebook.
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After processing and exploring the data, certain observations can be made. 

Game difficulty was a large factor in determining low levels of engagement with online games. The game studio may want to consider adjusting difficulty levels within their games. 

In-game purchases had a negative impact for engagement across the board, showing that gamers either are not interested in games with this revenue model or do not buy anything when playing. The company may want to consider alternate revenue models for their games.

Simulation games had the worst levels of engagement, with sports games being the most popular genre. In particular however, the RPG genre had a negative effect on low and medium engagement, but a positive effect on high engagement. This shows that, whilst the genre was the least popular amongst gamers, it held the highest levels of player engagement. The company may want to focus on developing more RPG games and find ways to encourage more gamers to play these types of games.

Clustering algorithms found a segment of players with a high number of achievements unlocked, but a low player level. In addition, they also found that many players with high levels have little achievements. This suggests players who like to earn achievements have lower engagement, with players who don’t focus on achievements having higher engagement with the game.  One recommendation could be to introduce more enticing or difficult achievements to gamers, or to tie achievements with level scaling.

The clustering algorithms also identified a segment of players within the age range of 15-35 having higher play time hours. Players aged 35-50 had less hours per session. Using this information, an area the studio may want to explore further is developing online games with an older demographic in mind, to further player engagement in this segment. They could also focus on catering more to their younger demographic to sustain engagement.

[bookmark: _Toc216053286]Conclusion and Recommendation

In conclusion, this report has proved that supervised and unsupervised machine learning models, combined with tuned hyperparameters for models such as SVM and Decision Tree, can help analyse datasets such as ones for online gaming behaviour. Going forward, the game company can use the information obtained to further improve their online gaming services as well as their business strategies.

The recommended models for use with analysis of online game data was found to be the SVM RBF model, with tuned hyperparameters, having the best performance and accuracy metrics. This will allow the company to have the most accurate insight on player behaviour. The K-Means and Agglomerative clustering algorithms provided useful insight into player segments, however had low silhouette scores. For future recommendation, other algorithms could be explored, such as Naive Bayes or DBSCAN.

[bookmark: _Toc216053287]Appendix

Code Demonstration Video: https://www.youtube.com/watch?v=uo-QCKw7B9k 
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#This returns information about the dataset, including the column names, non-null count and the data type of each column.
df.info()

<class "pandas.core.frame.DataFrame’>
RangelIndex: 40034 entries, 0 to 49033

Data columns (total 13 columns):

#  Column Non-Null Count Dtype

©  Playermd 40034 non-null int6s
1 age 40034 non-null int6s
2 Gender 40034 non-null object
3 Location 40034 non-null object
4 GameGenre 40034 non-null object
5 PlayTimeHours 40034 non-null floatss
6 InGamePurchases 40034 non-null int6a
7 GameDifficulty 40034 non-null object
& SessionsPerlieck 40034 non-null intes
9 AvgSessionDurationflinutes 4034 non-null intsd
10 Playerlevel 40034 non-null int6s
11 Achievementsnlocked 40034 non-null int6s
12 Engagementlevel 40034 non-null object

dtypes: float6a(1), int64(7), object(s)
memory usage: 4.0+ MB.
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#This drops the PlayerID column from the dataset, since it is only an identifier.
df=df .drop(['PlayerID'],axis=1)

#This organises the columns into 2 groups: numerical columns, and categorical columns.
*Age", "PlayTimeHours' ,"SessionsPeriieck , 'AvgSessionDurationttinutes' , "PlayerLevel’, 'Achievementsnlocked' ]
Gender","Location’, "GameGenre ", *GameDifficulty’, 'InGamePurchases']
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#This creates dummy columns for the Game Genre and Location variables.
df = pd.get_dummies(df, columns=["GameGenre”, "Location”], drop_first-True)

#This maps the GameDifficulty, Gender and Engagementlevel variables.
map_difficulty = {'Easy’: 1, 'Medium': 2, 'Hard': 3}

map_gender = {'Male': @, 'Female': 1}

map_engagement = {'Low’: 1, ‘Medium': 2, High': 3}

df["GameDifficulty'] = df[GameDifficulty’ ].map(map_difficulty)
df["Gender'] = df["Gender’ ].nap(map_gender)
df["EngagementLevel'] = df[EngagementLevel’].map(map_engagement)

#This seperates our target variable, Engagementlevel, from the other variables in the dataset.
X = df .drop(columns=[ 'EngagementLevel’])
Y = df[EngagementLevel']
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#This splits the data into a 70% train and 30% test set.
X_train, X_test, y_train, y_test = train_test_split(X, Y, test_size = 0.3, random_state = 56, stratify = Y)




image14.png
#This scales our data.
scaler = Standardscaler()

#This fits and transforms the data for X train.
X_train_scaled = scaler.fit_transform(X_train)
X_train_scaled-pd.DataFrame(X_train_scaled, columns=X.colums)

#This transforns the data for X_test.
X_test_scaled = scaler. transform(X_test)
X_test_scaled-pd.DataFrame(X_test_scaled, columns:

. colunns)
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#This function allows for a classification report to be printed and aconfusion matrix to be plotted.
#This saves writing code for each model.
def metrics_score(actual, predicted):

print(classification_report(actual, predicted))

cm = confusion_matrix(actual, predicted)
plt. Figure(figsize=(,5))

sns.heatmap(cm, annot=True, fmt=
plt.ylabel(’Actual’)
plt.xlabel(’Predicted’)
plt.show()

.2f", xticklabels=['Low’, ‘Medium', 'High'], yticklabels=[Low’, 'Medium', ‘High'])
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#This creates a SVH using the Linear kernel, and fits data to it.
VC (kernel="linear")
model = svm.fit(X- X_train_scaled, y = y_train)

#This checks performance on the train data for the Linear SV model.
y_pred_train_svm = model.predict(X_train_scaled)

metrics_score(y_train, y_pred_train_svm)
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#This creates a SV using the RBF kernel, and fits data to it.
Svm_rbf=SVC (kernel="rbf ", probability=True)
svm_rbf. Fit(X_train_scaled,y_train)

SVC(probability=True)

#This checks performance on the train data for the REF SVM model.
y_pred_train_rbf = svm_rbf.predict(X_train_scaled)
metrics_score(y_train, y_pred train_rbf)
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#This calculates and prints the AUC-ROC score for the REF SV model.
y_scores_svm=svm_rbf.predict_proba(X_train_scaled)

auc_roc = roc_auc_score(y_train, y_scores_svm, multi_class="ovr")
print("AUC-ROC Score: ", auc_roc)

AUC-ROC Score: @.9492591836816762
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[275]:  #This creates a Decision Tree and fits the data to it.
dtree = DecisionTreeClassifier(randon_state=50)
dtree. fit(X_train, y_train)

[275]

DecisionTreeClassifier(randon_state=58)
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#This calculates and prints the AUC-ROC score for the Decision Tree model.
y_scores_dtree = dtree.predict_proba(X_test)

auc_roc_dtree = roc_auc_score(y_test,y_scores_dtree, multi_clas:
print("AUC-ROC Score: ", auc_roc_dtree)

our®)

AUC-ROC Score: ©.§724366935646601
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#This creates a SVH using the RBF kernel, and fits data to it.

#This model has tuned hyperparameters, such as C, the regularization parameter, and gamma, the influence of each training point.
#class_weight="balanced" adjusts and balances the weights of each class for Engagementlevel.

svm_rbf_tuned = SVC(kernel='rbf',C=50, gamma=0.1, class_weight='balanced’, probability=True)
svm_rbf_tuned. fit(X_train_scaled,y_train)

SVC(C=50, class_weight="balanced", gamm:

.1, probability=True)

#This checks performance on the train dota for the RBF SVH model using tuned hyperparaneters.
y_pred_train_tuned ~ sva_rbf_tuned. predict(X_train_scaled)

metrics_score(y_train, y_pred_train_tuned)
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#This calculates and prints the AUC-ROC score for the RBF SV model using tuned hyperparameters.
y_scores_tuned=svm_rbf_tuned.predict_proba(X_train_scaled)

auc_roc_tuned = roc_auc_score(y_train, y_scores_tuned, multi_class="ovr’)

print("AUC-ROC Score: ", auc_roc_tuned)

AUC-ROC Score:  0.9914109493534018
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#This is a parameter grid of different hyperparancters, which will be used for GridSearchCV.
tree_param = {

“criterion’ :['gini’, ‘entropy’],

‘max_depth': [16, 20, 30, Nonel,

“min_samples_split’: [2, 5, 10],

“min_samples_leaf': [1, 2, 4],

T

#This creates a Decision Tree.
dtree_tuned = DecisionTreeClassifier(random_state=50)

#This uses GridSearchCV to help find the best parameters to tune the Decision Tree model.
grid_search_dtree = GridSearchCV(estimator = dtree_tuned, param_grid-tree_param, cv=5, n_jobs=-1, verbose=True)

#This fits the train and test data.
grid_search_dtree. fit(X_train, y_train)

#This displays the best parameters found by GridSearchCV.
display(grid_search_dtree.best_params_)

#This applies the found parameters to the Decision Tree model.
dtree_tuned = grid_search_dtree.best_estimator_

Fitting 5 folds for each of 72 candidates, totalling 360 fits
{*criterion’: “entropy’,

“max_depth’: 10,

“min_samples_leaf': 4,

*min_samples_split': 10}
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Fitting 5 folds for each of 72 candidates, totalling 360 fits
{*criterion’: “entropy’,
“max_depth’: 10,
“min_samples_leaf
*min_samples_split
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#This calculates and prints the AUC-ROC score for the tuned Decision Tree model.
y_scores_dtree_tuned = dtree_tuned. predict_proba(X_test)

auc_roc_dtree = roc_auc_score(y_test,y_scores_dtree_tuned, multi_clas:
print("AUC-ROC Score: ", auc_roc_dtree)

our®)

AUC-ROC Score: 0.9366403804622262
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#This finds and prints both the Silhouette and Inertia scores for the K-Means model.
silhouette_km = silhouette_score(sample_scale, kmeans_labels)
inertia_km = kmeans.inertia_

print("silhouette Score: ", silhouette_km)
print("Inertia Score: ", inertia_km)

©.4013138016057001
147.4557070418625
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#This finds and prints the Silhouette score for the Agglomerative Clustering model.
silhouette_agg2 - silhouette_score(sample2_scale, agg cluster_labels2)
print("silhouette Score:", silhouette_agg2)

Silhouette Score:

0.40824535777628673
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import pandas as pd
import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

#This is used to scale the data from the set.
#rom sklearn.preprocessing import Standardscaler

#GridSearchCV is used to help tune hyperparameters
#rom sklearn.model_selection import train_test_split, GridSearchcV

#Used for Decision Tree algorithms and plotting.
#rom sklearn.tree import DecisionTreeClassifier, plot_tree

#Used for SV algorithns.
#rom sklearn.svm import SVC

#Metrics which are are used to evaluate each model.
#rom sklearn import metrics
#rom sklearn.metrics import confusion matrix, classification_report, precision_recall curve, roc_auc_score, silhouette_score

#CLustering Algorithns.
from sklearn. cluster import Kieans, AgglomerativeClustering

import warnings
warnings . filterwarnings("ignore")
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#This loads the Gaming Behaviour Dataset.
df = pd.read_csv("online_gaming_behavior_dataset.csv')

#This shous the first 5 rows of the Loaded dataset.

f head()
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