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[bookmark: _Toc228554795]Introduction
Artificial Intelligence (AI) [1] is a rapidly advancing industry that involves the field of computer science that involves on creating systems capable of performing tasks that require human intelligence.  These can include tasks like understanding natural language, making informed decisions, recognizing patterns, solving problems and learning from experience. This can be done through mimicking human reasoning and using computational methods to achieve similar outcomes more efficiently. [2] 
Machine Learning (ML_ is a major subfield under AI that enables computers to learn from data rather than through programming [3]. For instance, instead of giving instructions to a computer that goes step by step instructions on how to achieve a task, an ML system identifies patters and relationships within the data to make predictions or decisions based on said data. The more data it received the better it can refine its understanding and improve the performance. 
These can also include being categorized into types of learning like Supervised learning (training models using data), Unsupervised learning (exploring unlabelled data to uncover patterns) or Reinforcement data that involves training an agent through rewards or penalties as it interacts with the environment [4]. 
Together, AI and ML are transforming industries by changing the way we interact with complex tasks, enhancing decision-making and enabling a type of technological change we haven’t seen in the modern world. As such there are challenges related to this technology that is related to ethics, fairness, societal impact making the study and understanding of Artificial Intelligence and Machine Learning ever more important in the modern world [5]. 

[bookmark: _Toc228554796]Data Exploration and Pre Processing
Data Exploration and preprocessing involve extracting insights from raw datasets. This is what Machine Learning algorithms use to analyse the data that is given to a model. The importance of this model is that it can help the user find important information without a manual search [6].
[bookmark: _Toc228554797]Data Exploration
This is the initial step in the process, and this would have the user examine and understand what kind of dataset that is being used before building the models. The goal involves being familiar with the structure, quality and characteristics of the data [7]. It can identify patterns, detect anomalies and uncover relationships that influence how the data should be modelled then processed [8].  
There are 6 steps that analysts take when it comes to data exploration
· Inspect the structure (This involves the types of data, rows or columns)
· Calculate statistics (Such as the mean, median, standard deviation, and range
· Visualise the data (by using graphs, like scatter plots or heatmaps)
· Identify Missing values (improve optimization and the accuracy of the data)
· Look for outliers (which can also help improve the accuracy)
· Direct correlations) Understand how each variable of the data would relate to each other)
This is an essential insight that helps determine the appropriate techniques for preprocessing and data modelling.
[bookmark: _Toc228554798]Pre Processing
Pre Processing refers to a method or a set of techniques that is used to clean or organize raw data into a usable format for machine learning models. Real world data tends to be messy, and incomplete and this step is important for ML models to improve performance and optimization [9]. 
These pre-processing tasks usually include: 
· Handling missing values (e.g., removal or using imputation or predictive filtering)
· Managing outliers (removing any irrelevant data or transforming or capping)
· Encoding variables (one-hot encoding, label encoding)
· Normalizing or standardizing numeric features to ensure consistency 
· Removing duplicates (to make the data readable and concise)
· Splitting the dataset (This includes training or validation and testing sets.)
· Feature engineering (This involves creating new features or transforming existing ones) 
Effective preprocessing ensures that machine learning algorithms can interpret data correctly ensuring a more efficient method of learning patterns [10].


[bookmark: _Toc228554799]Machine learning models
There are varying Machine Learning Models that are used within the development and use of AI and Machine Learning. These includes the use of Decision Trees and Support Vector Machine classifiers. (SVM). [11]

[bookmark: _Toc228554800]Decision Trees
Decision Trees are a type of learning models used for regression and classification, and they operate by splitting the data into branches based on input features. This forms a tree like structure where each node represents a decision, and each node represents a final prediction.
This works with the model choosing the best feature that separates the data at each step. Involving metrics like:
· Gini Impurity (These checks on how a selected sample mislabelled if assigned by probability through class)
· Information gain (Teaching the machine data every time it runs the program)
· Mean squared error (regression)
Decision Trees are useful because: 
· Easy to understand through visualization
· Can handle numerical and categorical types of data
· No need for feature scaling making any unnecessary optimizations
· It’s the basic for other models which are very powerful models like Random Forests and Gradient Boosted Trees. [12]
[bookmark: _Toc228554801]SVM
Support Vector Machines (SVM) are supervised machine learning models that is used mainly in classification methods. However, they can be adapted for regression. The main idea for Support Vector Machines is to help find the best way to find a possible boundary called a hyperplane that separates points of different classes. [13]

SVM works by:
· Choosing a hyperplane that maximizes the margin which is the distance between the data points from each class.
· The closest points being seen as “support vectors” as they play a role in defining what the model does
· Handling linear and nonlinear data using the kernel trick (e.g. polynomial, radial bases function kernels) which transforms the data into a space where separation is more effective.
SVM is useful because:
· Works well with small to medium datasets
· Effective with text classification
· Robust to outliers due to margin maximization.

To summarize Support Vector Machines (SVM) classify data by finding optimal hyperplanes using separations whereas Decision Tress predict outcomes through recursive feature-based splits. Offering the best interpretable models for both regression and classification tasks. [14] [15]
[bookmark: _Toc228554802]Code
The code used to create this LM was done through anaconda. The data that was analysed was analysing player engagement and video game trends. It will show the relationship between how players would engage with a game through session hours or their levels and the age range that those players are in. Below is the code and the output:
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Figure 1
Here are the imported libraries used in this python code. 
The imported libraries used are:
Pandas: These are used to handle datasets like the CSV file used which is the online gaming behavioural dataset
NumPy: Which is used for fast numerical operations like maths
Matplotlib: For the graphs and plotting which would be demonstrated
Seabon: Makes the visuals more advanced.
Another important feature used which was helpful was the scikit learning tools. Which is a huge toolkit used in Python which enables functions like Standard Scaler and training splits. These are crucial because the model can learn from this and it would standardize the data.
There are 3 different types of models which were imported.
The Decision Tree Classifier:  This is a supervised learning function which makes decisions through a flowchart. 
SVC (Support Vector Classifier): Also supervised learning because it helps finds the best boundary between classes
KMeans: Unsupervised learning which groups data into clusters
These imported datasets show variety and would help to enable clustering.
The rest of the imports were the evaluation metrics imported from sklearn which includes metrics, Logistic Regression and Silhouette score
Alongside this the scores to help predict and judge the models used to analyse this data. One of this is the “AUC” functions
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Figure 2
After importing the online gaming datasets this basically reads the data in a readable format for analysis later. 
[image: ]
Figure 3
This gives out a more structural overview of the imported dataset as it features a mixture of numerical and categorical variables which consists of 40,034 instances of values. With numerical features being suitable for machine learning models there are also categorical variables such as Gender, The Game Genre, The Engagement Level and etc which would require encoding before doing the model training.
Alongside this is also the “PlayerID” which is seen as a non-informative identifier so the model wouldn’t use it as part of the analysis of the data. It will however analyse the other aspects of the dataset such as player behaviour and engagement and patterns.
[image: ]
Figure 4
This categorizes the datasets into more easily identifiable subsets and the values attached to them. For example, both the numerical datasets are separated from categorized types.
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Figure 5
[image: ]This code here is used as a method for Scattering as it allows for the data to be read as a KMeans clustering data where the data relates to each other through how they are distributed with each data plot being placed as a dot with variables being plotted against each other.






Figure 6

This here is the scatter plot between session per week and session minutes and the scatterplot and it provides a visual representation of the player engagement patterns. It is positioned according to how frequently they play per week and the average length of each session. It helps highlight a type of player behaviour on how highly engaged players (long session durations) or casual players (low session durations) It helps provide certain insight between variables and supports analysis using clustering techniques. However, as it is limited to two dimensions it may not capture the complexity of player behaviour when multiple variables are considered simultaneously.
After doing the scatter plot data analysis it was necessary to explore the same type of data. Playtimes versus session length but now as an elbow plot to analyse player engagement. These variables represent how often players would engage with the game and spend per session and using an elbow method helps plot the cluster sum of squares (WCSS) against different values of K. As K increases the WCSS would naturally decrees because more clusters would reduce the distance between points and centroids. [16]
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Interpreting this result would allow the dataset to be segmented into meaningful behavioural groups. An example of this is that clusters would represent players who engage often with long session as those who often play in shorter sessions like casual players. It helps achieve a balance the simplicity of the given data without underfitting too few clusters or overfitting many clusters.
However, the elbow method is not clearly defined and its beneficial to keep analysing the data through evaluation models to ensure the clusters provide meaningful separation between data groups.

[bookmark: _Toc228554805]Evaluation
To Evaluate this the data must be analysed to determine how accurate the information is and how an ML would be able to analyse it.
Using the Game Genre data where it is more of a categorical method rather than a numerical method it helps provide meaningful insight into how a player would prefer a certain type of game genre and the gender associated with said preferred genre.
Game Genre can help explore behavioural trends regarding how game genres could be associated with higher session frequency and or longer playtime and with gender there is an exploration in regard to demographic trends potentially help identifying differences in engagement and preferences across two various groups.
These are important variables that does help enrich the given dataset by analysing preferences in what game genres they prefer and demographic data like gender. These sets when they are properly encoded, they can enhance the classification and clustering tasks for the ML. Below is the categorical chart analysing the data relationships between gender and game genres.
[image: ]
Figure 8
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Figure 9
This graph showcases the relationship between numerical values of the data through game genre and the averages being calculated.
This graph shows a grouped analysis that remains a consistent behaviour across all genres. With only a minor variation of about playtime and progression metrics. The data suggest that there are no significant linear relationships between numerical variables. It can help with clustering techniques that can reduce redundancy which could lead to more ineffective data as opposed for a clear and effective data reading of player behaviour.
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Figure 10
This is the Logistic Regression which predicts the probability through a binary format like 0 or 1.

[bookmark: _Toc228554807]AUC-ROC
The AUC-ROC score is the classifier that measures the performance of how well a model to distinguish between classes and its derived from a “Receiver Operating Characteristic. This is a curve which realizes both the positive and negative rates of the threshold settings. The AUC which stands for “Area Under the Curve” provides a scalar value represents the overall model performance. [17]
This is the AUC-ROC score used:
[image: ]
Figure 11
The AUC-ROC score for this ML is 0.8715549316452232. Which is supposed to distinguish between the types of player engagement. The score reflects a result that indicates that the SVM model is more effective when it comes to capturing detailed non linear relationships within the dataset which provides a better class separability whereas a Decision Tree would offer a better interpretability and simplicity.
The performance of the AUC-ROC is not entirely perfect however as it doesn’t provide a greater detail into other class attributes and it does require further evaluation.
[bookmark: _Toc228554808]Precision
The precision helps measures the proportion of correctly predicted positive cases out of all instances which were predicted as positive. Within this context the gaming behaviour model would show how reliable the data is when it comes to predicting potential new data relating to class like high engagement.
[bookmark: _Toc228554809]Accuracy
The data accuracy measures how correct the data is. Like how correct the data proportions are within this model. And how it accurately represents the dataset. It also shows that the model performs well meaning the percentage of predictions would match the labels. Its important to also consider that accuracy can be wrong as it may not represent potential class imbalances.
[bookmark: _Toc228554810]Recall
The recall would measure how many times the data was correctly identified by the model as it evaluates how effective the capturing is of all relevant instances within the dataset.
A high recall value would indicate a successful amount of true positive cases. precision and recall.  Within this aspect of player engagement, it ensures that highly engaged players are not incorrectly missed by the ML. This helps makes the data more accurate.
[bookmark: _Toc228554811]F1 score
The F1 score would indicate that both the precision and recall are working together within balance. Which allows for a more measured model performance when both false positives and false negatives are considered. It’s useful to consider this when dealing with imbalanced datasets.
Meaning that it won’t make as much incorrect predictions while maintaining a good enough balance between [18] [19]
[bookmark: _Toc228554812]Optimization/ Analysis 
There are various optimization methods I used provides a good foundation when it comes to supervised and unsupervised learning techniques especially when it comes to the use of Logistic Regression, clustering and evaluation metrics such as the ROC-AUC. With the score of the ROC-AUC score being 0.8715.
Another strength within this model is the implementation of numerical and categorical features such as recognizing stuff like Game Genre and Gender and how it correlates within the data. With the use of visualizations of elbow plots and scatter graphs.
However, things can be a bit more optimized as evident by the lack of a more detailed breakdown of classification metrics across different thresholds. With a more detailed optimization breakdown would help in further refinement.
Alongside this the pipeline could also benefit from a better validation technique which would involve training the model in how it would estimate and generalise the validation. It would help improve readability. As opposed to doing a single train test
Overall, the main takeaway from the data that was gathered that the machine learning helped analyse the player engagement across demographics, game genres, player engagement etc. The data that was read helped shaped a better understanding on the given online gaming trends. Even though improvements in the model’s performance is necessary.
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# Loading the dataset
df = pd.read_csv('online_gaming_behavior_dataset.csv')

df head()

PlayerlD Age Gender Location GameGenre PlayTimeHours InGamePurchases GameDifficulty SessionsPerWeek AvgSessionDurationMinutes PlayerLevel

0 9000 43 Male Other Strategy 16271119 0 Medium 6
1 9001 29 Female USA Strategy 5.525961 0 Medium 5
2 9002 22 Female USA Sports 8.223755 0 Easy 16
3 9003 35  Male USA Action 5.265351 1 Easy 9
4 9004 33 Male  Europe Action 15531945 0 Medium 2
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df.info()

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 40034 entries, © to 40033
Data columns (total 13 columns):

#  Column Non-Null Count

o  PlayerID 40034
1 Age 40034
2 Gender 40034
3 Location 40034
4 GameGenre 40034
5 PlayTimeHours 40034
6  InGamePurchases 40034
7 GameDifficulty 40034
8  SessionsPerieek 40034
9 AvgSessionDurationMinutes 40034
16 Playerlevel 40034
11 AchievementsUnlocked 40034
12 Engagementlevel 40034

non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null

dtypes: float64(1), int64(7), object(s)

memory usage: 4.0+ MB

df
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df .nunique()

PlayerID 20034
Age 35
Gender 2
Location a
GameGenre H
PlayTimeHours 20034
InGamePurchases 2
GameDifficulty 3
SessionsPerileek 20
AvgSessionDurationMinutes 170
PlayerLevel 99
AchievementsUnlocked 50
EngagementLevel 3

dtype: int64

df=df.drop(columns=[ 'PlayerID'])

num_cols=["Age’, 'PlayTimeHours", 'PlayerLevel’, 'SessionsPerheek’ , ' AvgSessionDurationMinutes’, 'AchievementsUnlocked' ]

cat_cols=['Gender’, 'GameGenre' " GameDifficulty', Engagementlevel’,'InGamePurchases’,'Location’]

#Seperating data into numerical and categorical

#This would check summary statistics for the data
df[num_cols].describe().T
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#Below is the method of using clustering and elbow plots to read data

df_sample = df.sample (200)

plt.
plt.
plt.
plt.
plt.
plt.

figure(figsize = (8,8))
scatter(df_sample["Age"],df_sample["PlayTimeHours"])
title("KMeans Clustering for age and playtimes")
xlabel("age")

ylabel("Playtime hours")

show()
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[942]:

X
y

df.drop('EngagementLevel', axis=1)

df['EngagementLevel ]
from sklearn.tree impert DecisionTreeClassifier

model = DecisionTreeClassifier()
model.fit(X_train, y_train)

y_prob = model.predict_proba(X_test)
from sklearn.metrics import roc_auc_score
auc = roc_auc_score(y_test, y_prob, multi_class='ovr')

print("AUC-ROC:", auc)

AUC-ROC: ©.8715549316452232
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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.tree import DecisionTreeClassifier
from sklearn.svm import SVC

from sklearn.cluster import KMeans

# Metrics to evaluate the model
from sklearn import metrics

from sklearn.linear_model import LogisticRegression
from sklearn.metrics import silhouette_score

from sklearn.metrics import confusion matrix, classification_report, precision_recall_curve,recall_score, accuracy_score, roc_auc_score, roc_curve, auc,
from sklearn.metrics import accuracy_score
from sklearn.preprocessing import StandardScaler

# To ignore warnings

port warnings
warnings. filterwarnings
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