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[bookmark: __RefHeading___Toc468_804703218][bookmark: _nzq9ssdiytku]Decision Tree
Decision trees are utilized by an algorithm to path through logic, in a system decision trees are utilized to create subsets based on the inputted data. To come to a defined outcome, such as yes or no. These trees are utilized to create ranges based on the data, for example a decision tree can be utilized to come to a conclusion of whether the glass is empty, half full and full, based on the inputted data [4].

The decision trees are constructed of a root node, internal nodes and lead nodes.

Rootnodes are the starting point of a decision tree where the first decision is made - eg, is the glass half full or half empty[5].

Internal nodes are points where further decisions are made based on the datasets features for example if the glass is half full, we can then run a decision to check that the glass is full, or half full[5].

Finally leaf nodes are the endpoints of the decision tree where the final decision of the tree is created[5]. This is shown in a diagram below Unlike in the example image below, a real decision tree is based on the data's value, such as the % of how full the glass is, and divides the data in half and then half again to reach the leaf nodes.[image: ]
Fig 1 : Decision Tree Example

The Benefits of a decision tree are that they can handle datasets with missing values, by defaulting them to 0, this allows for better usage for real world datasets as they require less preprocessing[6], additionally they are effective and perform well in multi output tasks, such as the task in the assignment brief of predicting user engagement [5].

Some downsides to decision trees are that they are less effective for unseen data, and may overfit data into different categories resulting in incorrect predictions in a trained data model[5]. Additionally decision trees can be biased to data classes that are dominant within datasets, which can result in poor performance [5]..
[bookmark: __RefHeading___Toc480_804703218][bookmark: _6yhxrxkg2npn]SVM
An SVM is a supervised machine learning algorithm, that organizes and classifieds data, SVMs are utilised to organize and classify data [3] furthermore the algorithm approximates the data, for the purpose of organisation. It is utilised within machine learning when the data can be organised into two groups, therefore we can utilise this alongside a decision tree to create a sorting algorithm that can accurately categorise and organize the data[3].

There are 3 different types of SVM these are linear SVM, nonlinear SVM and Support vector regression.

Linear SVMs are utilised for datasets that do not require any transformations to separate the data into different classes, such as within an organised dataset[3].

Non-Linear SVMs are utilised for datasets for realistic scenarios where data may be unorganised and cannot be separated linearly, these models adjust the data into organised datasets that can then be processed [3].

Finally Support vector regression is applied for continuous outcome utilisations where new data to be interpreted is regularly entered into a dataset. These algorithms do not require you to specify the relationship between variables, unlike in SVMs [3].

[bookmark: __RefHeading___Toc478_804703218][bookmark: _79x714uexssu]clustering techniques
Clustering techniques are utilised in unsupervised machine learning to group, and categorise  data. The data is organised to be similar to other data points within the cluster [1]. Utilisation of a clustering algorithm is utilised when the algorithm is given lots of input data with no labels, and leaves the algorithm to find data groups [1].

One type of clustering algorithm are density based, within these data algorithms data is grouped by concentration of similar data points. The algorithm finds the densest points of data, and makes these the clusters[1].

Distribution based clustering considers data points based on the probability that the data points belong to a given cluster. the further away the data point is from the center data point the lower the probability that they belong to the data cluster[1].

Centroid based clustering is fast and efficient algorithms that separate data points based on multiple points within the data [1]. This is the most commonly utilised form of clustering [1].

Finally hierarchical based clustering is utilized on hierarchical data, it builds an organised tree of clusters. This method is more restrictive than other clustering types, but is good for specific data sets [1].

Described below are three different clustering algorithms [2].
K-Means clustering is a data clustering algorithm, that organizes data into clusters of similar data, by organising the data by similarity, it can identify and reveal hidden patterns within the dataset that otherwise may not have been noticeable within the algorithm [10].

Some advantages of K-Means clustering are that its scalable to large dataset, always finds and organizes the data into data clusters, can adapt to new data examples, and can be generalised to multiple data-points for a cluster [11].

However some disadvantages are that the K value must be chosen manually meaning the user has to define this, additionally the results of the clustering is based on the initial k value, as some values provide better clustering as the initial value. Another disadvantage to k-means clustering that the algorithm can have issues identifying outliers within the dataset. Finally the algorithm can have issues when scaling to datasets with higher dimensions meaning, in datasets with multiple data values the algorithm struggles[11].

MeanShift
Meanshift is an algorithm that clusters data inot blobs. These blobs are collections of similar points of data, and are utilised to calculate the mean of groups of data [6].

There are a few advantages to Meanshift, these are that it can handle arbitrary datasets of any size, it doesn't need the number of clusters, the algorithm does not make assumptions about the distribution of data, and can work well with “noisy” data, this is disorganised datasets with gaps within the dataset, making it effective for real world applications [7].

Additionally the disadvantages to using MeanShift are that it us computationally expensive, and the dataset can trend to the local optima instead of the global optima, so in a dataset with two peaks, one being slightly higher than the other dataset peak the algorithm may trend and group towards the lower peak within the dataset [7].

DBSCAN - Density Based Spatial Clustering of Applications
DBSCAN is an algorithm that finds samples of high density data, and expands them to form clusters [9], this algorithm unlike K-Means clustering does not require specifying the number of data clusters and can approximate and find the clusters of data within a dataset[8].

There are a few advantages to DBSCAN, in a article from the website engati.ai [9] a couple of these are that it is great at separating large clusters of high density data, from low density data within a dataset, and is good at handling outliers within the dataset[9].

[bookmark: _zho29tvguymx]The website also describes how there are a couple of disadvantages to the usage of DBSCAN, these are that it struggles with data clusters of similar density, and struggles with data with too much information and can cause the algorithm to become slower than other choices[9].

[bookmark: __RefHeading___Toc476_804703218][bookmark: _onag4fqw7vk7]Analysis of data

The First part of the code is the importation of libraries that we will be utilising for the analysis of the data, and the creation and utilisation of the prediction model and decision tree. Additionally at the end of the code block it loads the Online gaming behavior dataset that we will be analysing.
[image: ]
Fig 2 : code Block 1

This section of code outputs a visual of the dataset, this shows that the dataset has loaded successfully.
[image: ]Fig 3 : code Output 1
The next block of code shows information about the dataset.[image: ]
Fig 4 : code Block 2
The output of this code displays statistical information, this information is the dataclass type, the size of the dataset, the number and name of columns, and the datatype stored within and how many entries into the dataset exist. As we can see below, the dataset has no gaps with data, this signifies we don't need to create code to exclude blank data entries for the prediction model.
[image: ]
Fig 5 : code output 2
The third code block checks the amount of different data values within the dataset, as we can see below there is decent variety within the dataset, with most columns having a few different numbers appearing within the dataset, with the exception of playerid and playtime hours, this makes sense as this data is based on user playtime, and player id is just an  useridentifier[image: ]
Fig 6 : code Block 3
[image: ]
Fig 7 : code output 3

The fourth block of code does 2 different tasks, first it drops the playerid column as it will be irrelevant for the prediction model and data analysis as it is just a user identifier and is different for each user, furthermore this block of code categorises the code into two categories, these are cat_cols and Num_cols, this is done to organize the strings and numerical values within the dataset.
[image: ]
Fig 8 : code Block 4
Next we check the statistics of the number columns, utilising the describe function.[image: ]
Fig 9 : code Block 5
This function outputs the count of data amounts, the mean of the data, the standard deviation and the minimum, 25%, 50%, 75% and max values of the dataset. This allows us to visualise the frequency of data values.
[image: ]
Fig 10 : code output 5
The sixth block of code creates histograms of the numerical columns data, this allows us to visualise the data-spread of the different datasets.
[image: ]
Fig 11 : code Block 6
The first histogram shows the age-range and frequency of the age of users, we can see that there are 5 distinct higher age groups within the dataset spread out, additionally the oldest individuals within the dataset are under 50, this suggests that the data does-not reflect on older users. The data is relatively evenly split, with the mentioned peaks, being around 1000 more than the other data ranges.
[image: ]
Fig 12 : Histogram 1







The Next Histogram visualises the total play time hours of the users within the dataset, as we can see the users have an even spread of playtime hours with low deviation, the highest playtime hours is just below 25 hours.
[image: ]
Fig 13 : Histogram 2
This histogram like the playtime hours has low deviation, between the graphed columns.[image: ]
Fig 14 : Histogram 3


This Histogram shows the in game purchases, this data had only two values but it allows us to see that the majority of users within this dataset have never made an in game purchase. With under 10000 users purchasing an in game purchase, this means a statistical minority of around 25% of users have made an in game purchase.
[image: ]
Fig 15 : Histogram 4


This histogram like the histograms for playtime hours and sessions per week has a relatively even spread of data, with low variance.
[image: ]
Fig 16 : Histogram 5

This dataset shows the player level in a range of 0 to 100. This dataset also has a low variance with the exception of the 40-45 level range where there is a noticeable dip within the histogram, which means there is noticeably less users with this level range.
[image: ]
Fig 17 : Histogram 6

The Final dataset visualises the achievements unlocked, this histogram shows little variance within the dataset for this value.
[image: ]
Fig 18 : Histogram 7



The seventh block of code prints the percentage of data distribution of data within the category columns,
[image: ]
Fig 19 : Code Block 7


The first percentage of data is the gender, it is notable that within the dataset there is 10% more males than females, which means when creating a model, there will be on average 10% more males within the training data then women.
[image: ]
Fig 20 : % distribution 1

The Next percentage of datasets shows the location of the user data, there is a noticeable bias within this distribution, where there is just under 40% of usa users, followed by 30% europe users, 20% asian users and 10% users from other regions, this means the trained model is more likely to reflect engagement for Users from united states and europe, as they have the largest representation within the dataset.
[image: ]
Fig 21 : % distribution 2
The next dataset outlines the game genre the users utilised, this has an even distribution within the dataset with low variance in representation, with each dataset having 20% of the users
[image: ]
Fig 22 : % distribution 3
The next distribution is the game difficulty that the users selected. It is notable that Half the users have selected the Easy game difficulty, while 30% selected medium and 20% selected hard, this means half of the trained data is likely to contain easy game difficulty which could effect the output of the prediction model.
[image: ]
Fig 23 : % distribution 4
Finally the engagement levels data distribution was analysed, this dataset will be the target for our prediction model, it should be noted that half of the user dataset has medium engagement, meaning that the model is more likely to accurate with the predication of medium engagement as there is likely to be more medium engagement data within the dataset in comparison to high and low engagement level.
[image: ]
Fig 24 : % distribution 5

[bookmark: __RefHeading___Toc474_804703218][bookmark: _1ovy0fd8ez2a]Creation of SVM and Decision Tree Prediction Model
The 8th block of code number values to the strings, this is done so that the svm model can use this data to train the prediction algorithm, the block then prints the updated dataset to conform the data has been correctly mapped
[image: ]
Fig 25 : code Block and output 8


The 9th block of code defines the features of the dataset that will be utilised for the creation of the prediction tree, next we define an x and y values, this will be our dataset data and the prediction data, then we split the data into a training dataset and a training dataset. These will be utilised to create the decision tree model utilising 20% of the dataset as training data.

Next the code creates the SVM classifier and the decision tree, then we map the test data to the tree to create a decision tree to predict engagement.
[image: ]
Fig 26 : Code Block 9
this block of code also prints the output of features, this is just to ensure that the data being inputted is being correctly set and is unnecessary for the creation of the decision tree


[image: ]
Fig 27 :  code output 9
The Tenth block of code creates the voting classifier utilising the estimators, and the decision tree. For this prediction algorithm i have chosen to utilise soft voting. For the prediction model.[image: ]
Fig 28 : Code Block 10
The output of this block of code is the voteing classifier showing the svm and the decision tree that the data was trained on.
[image: ]
Fig 29 
The final code block uses the voting classifier to make predications based on the dataset, then after the predictions are made we calculate the accuracy score based on the test and predicted data output. This is then printed, in the shown example the accuracy of the predictive model is 0.83 which means 83% of the algorithms predicted data is correct,
[image: ]
Fig 30 : Code Block 11 and Output
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[bookmark: __RefHeading___Toc472_804703218][bookmark: _pgxwsug77lu9]Appendix 1 - link to demonstration video
https://youtu.be/BMEe-vceVFk
[bookmark: __RefHeading___Toc470_804703218][bookmark: _206ammx4fhl]Appendix 2 - Code blocks copy (for if html submission has issues)
[bookmark: __RefHeading___Toc482_804703218][bookmark: _s3f2uswq5ms]Block 1
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns

#data analysis and preprocessing
from sklearn.preprocessing import StandardScaler
from sklearn.model_selection import train_test_split
from sklearn.linear_model import LogisticRegression
from sklearn.svm import SVC

#Model Evaluation
from sklearn import metrics
from sklearn.metrics import confusion_matrix, classification_report, precision_recall_curve,recall_score

#decision tree
from sklearn import tree
from sklearn.tree import DecisionTreeClassifier
import matplotlib.pyplot as plt

#svm
from sklearn.model_selection import train_test_split
from sklearn.metrics import accuracy_score
from sklearn.ensemble import VotingClassifier
from sklearn.svm import SVC

#ignore warnings
import warnings
warnings.filterwarnings("ignore")

#Loading dataset
df = pd.read_csv('online_gaming_behavior_dataset.csv')
df.head()

[bookmark: __RefHeading___Toc502_804703218][bookmark: _drveoe2bevs4]Block 2
#Information about the dataset
df.info()

[bookmark: __RefHeading___Toc500_804703218][bookmark: _gih9obfcy0wo]Block 3
#Checking Frequency of unique values in collums
df.nunique()

[bookmark: __RefHeading___Toc498_804703218][bookmark: _llrwe548apru]Block 4
#Dropping collums irrelevent for prediction model
df=df.drop(['PlayerID'], axis=1)  # axis 1 means column

#Sorting data into numerical and catagorical collums
num_cols=['Age', 'PlayTimeHours','SessionsPerWeek','InGamePurchases','AvgSessionDurationMinutes','PlayerLevel','AchievementsUnlocked']

cat_cols= ['Gender','Location','GameGenre','GameDifficulty','EngagementLevel']

[bookmark: __RefHeading___Toc496_804703218][bookmark: _c1mep8ddt83d]Block 5
#Checking summary statistics
df[num_cols].describe().T


[bookmark: __RefHeading___Toc494_804703218][bookmark: _t11i3cfasdzh]Block 6
# Creation of histograms of data frequency
df[num_cols].hist(figsize=(14,14))
plt.show()

[bookmark: __RefHeading___Toc492_804703218][bookmark: _cgd4ym5ay1t]Block 7
#printing the % of data in catagory collums
for i in cat_cols:
    print(df[i].value_counts (normalize=True))
    print('*'*40)

[bookmark: __RefHeading___Toc490_804703218][bookmark: _jnn7sfeeqjc7]Block 8
#prepping data for decision tree
d={'Male':1,'Female':2}
df['Gender'] = df['Gender'].map(d)

d={'USA':1,'Europe':2,'Aisa':3,'Other':4}
df['Location'] = df['Location'].map(d)

d={'Sports':1,'Action':2,'Strategy':3, 'Simulation':4,'RPG':5}
df['GameGenre'] = df['GameGenre'].map(d)

d={'Easy':1,'Medium':2,'Hard':3}
df['GameDifficulty'] = df['GameDifficulty'].map(d)

d={'Low':1,'Medium':2,'High':3}
df['EngagementLevel'] = df['EngagementLevel'].map(d)

#assigning updated catagory information to dataset
df = df.fillna(0)
print(df)

[bookmark: __RefHeading___Toc488_804703218][bookmark: _3rltjia5mw4n]Block 9
#defineing Features for prediction model
features = ['Age', 'PlayTimeHours','SessionsPerWeek','InGamePurchases','AvgSessionDurationMinutes','PlayerLevel','AchievementsUnlocked','Gender','Location','GameGenre','GameDifficulty']
#dataset for model training (x) and target (y)
x = df[features]
print(x)
y = df.EngagementLevel  #['EngagementLevel']

#Splitting the dataset into training and test sets
xtrain, xtest, ytrain, ytest = train_test_split(df[features], y, test_size=0.2, random_state=42)

#svm classifyer and creation of decision tree
svm_bc = SVC(probability=True)
dtree = DecisionTreeClassifier()

#createing tree for model
dtree = dtree.fit(xtest, ytest)

[bookmark: __RefHeading___Toc486_804703218][bookmark: _3snmnq61dlrf]Block 10
#Createion of the voting classifier
voting_clf_bc = VotingClassifier(estimators=[('svm', svm_bc), ('dt', dtree)], voting='soft')

#Training the voting classifier
voting_clf_bc.fit(xtrain, ytrain)

[bookmark: __RefHeading___Toc484_804703218][bookmark: _jsj2ipyf8hd]Block 11
#Make predictions of dataset
y_pred_bc = voting_clf_bc.predict(xtest)
 
#Calculate accuracy of model
accuracy_bc = accuracy_score(ytest, y_pred_bc)
print(f'Accuracy on User Engagement: {accuracy_bc}')
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#Checking summary statistics

df[num_cols].describe().T
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# Creation of histograms of data frequency
df[nun_cols].hist(figsize-(14,14))
plt.shou()
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#printing the % of data in catagory collums
for i in cat_cols:
print(df[i].value_counts (normalize=True))
print(**'*a0)

Gender
Male ©.598466
Female  ©0.401534
Name: proportion, dtype: floatss

Location
usa ©.399660
Europe  ©0.299845
asia ©0.202203
Other  0.095291

Name: proportion, dtype: floatss

GameGenre
Sports 0.201029
Action ©.200804
Strategy ©.200130
Sinulation  ©.199406
PG 0.198631

Name: proportion, dtype: floatss

GameDifficulty
Easy 2.49995
Mediun  0.30002
Hard ©.20003

Name: proportion, dtype: floatss

EngagementLevel
Medium  0.453939
High ©.258181
Low 0.257881

Name: proportion, dtype: floatss
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#prepping data for decision tree
"Male':1,"Female’:2}
[ "Gender’] = df[ *Gender’].map(d)

"USA":1, "Europe’ 12, "Aisa’ 3, ‘Other" :4}
df["Location’] = df['Location’ ].map(d)

"Sports’:1, 'Action’:2, 'Strategy’:3, 'Simulation’:
[ *GameGenre'] = df[ 'GameGenre' ].map(d)

L RPG" 5}

"Easy’:1, 'Medium’:2, 'Hard" :3}
[ *GameDifficulty'] = df[’GameDifficulty’].map(d)

“Low' 11, "Medium’ 12, "High' :3}
df[ "Engagementlevel'] = df[’EngagementLevel’].map(d)

#assigning updated catagory information to dataset
df = df.fillna(0)

print(df)

Age Gender Location GameGenre PlayTimeHours InGamePurchases
° a3 1 a0 3 16.271119 °
1 2 2 1e 3 5.525961 °
2 2 2 1e 1 5.223755 °
B 35 1 1e 2 5.265351 1
4 33 1 2.0 2 15.531985 °

40029 1 1e 3 20.619662 °

40030 2 a0 a 13.539280 °

40031 2 1e s 0.240057 1

40032 1 1e 1 14.017818 1

40033 1 1e 1 10.083804 °
GameDifficulty SessionsPeriieck AvgSessionDurationiiinutes \

° 2 B 108

1 2 s 144

2 1 16 142

B 1 B 3

4 2 2 131

40029 1 a

40030 H 19 14

40031 1 10 17

40032 2 3 128

40033 1 13 5
PlayerLevel AchievementsUnlocked Engagementlevel

° 7 25 2

1 1 10 2

2 35 a1 H

B 57 a7 2

4 o5 37 2

40029 5 14 2

40030 7 27 H

40031 2 1 s

40032 70 10 2

40033 72 E 2

[40034 rows x 12 columns]
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#defineing Features for prediction model
features = ['Age’, 'PlayTimeHours’,SessionsPerbieck’, 'InGamePurchases', " AvgSessionDurationtinutes', 'Playerlevel’, 'Achievementsunlocked’, "Gender', 'Locatiol
#dataset for model training (x) and target (y)

x = df[features]

print(x)

y = df.Engagementlevel #[ Engagementlevel ]

#Splitting the dataset into training and test sets
xtrain, xtest, ytrain, ytest = train_test_split(df[features], y, test_siz

.2, random_state=42)
#5vm classifyer and creation of decision tree
sum_bc = SVC(probability=True)

dtree = DecisionTreeClassifier()

#createing tree for model
dtree - dtree.fit(xtest, ytest)

age PlayTimeHours Sessionsperiiesk InGamePurchases \

° a3 16.271119 B °
1 2 5.525961 s °
2 2 5.223755 15 °
B 35 5.265351 B 1
4 33 15.531945 2 °
40029 32 20.619652 4 °
40030 43 13.539280 19 °
40031 15 ©0.240057 10 1
40032 34 14.017818 3 1
40033 19 10.083304 13 °

Avgsessionburationlinutes Playerlevel AchievementsUnlocked Gender \

° 108 7 25 1

1 148 1 10 2

2 142 35 a1 2

B £ 57 a7 1

4 131 o5 37 1

40029 7 5 14 1

40030 14 7 27 2

40031 176 2 1 2

40032 128 70 10 1

40033 a4 72 E 1
Location GameGenre GameDifficulty

° a0 3 2

1 1e 3 2

2 1e 1 1

B 1e 2 1

4 2.0 2 2

40029 1e 3 1

40030 a0 a H

40031 1e s 1

40032 1e 1 2

40033 1e 1 1

[40034 rows x 11 columns]
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#Createion of the voting classifier
voting_clf_bc = VotingClassifier(estimators

#Training the voting classifier
voting_c1f_bc.fit(xtrain, ytrain)

VotingClassifier

svm dt

» sve » DecisionTreeClassifier

#tlake predictions of dataset
y_pred_bc = voting_clf_bc.predict(xtest)

#Calculate accuracy of model
accuracy_bc = accuracy_score(ytest, y_pred_bc)
print(f'Accuracy on User Engagement: {accuracy_bc}')

Accuracy on User Engagement: ©.5307730735606345

(*svm, svmbc), (‘dt’, deree)], voting='soft’)
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import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns

#data analysis and preprocessing

from sklearn,
from sklearn,
rom sklearn,
from sklearn,

#Model. Evaluation

-preprocessing import Standardscaler

.mode]_selection import train_test_split

-Linear_model import LogisticRegression

.svm import SVC

from sklearn import metrics

from sklearn.metrics import confusion matrix, classification_report, precision_recall_curve,recall score

#decision tree

from sklearn import tree
from sklearn.tree import DecisionTreeClassifier

import matplotlib.pyplot as plt

#sum

from sklearn,
from sklearn,
from sklearn,
rom sklearn,

#ignore warnings

.model_selection import train_test_split
.metrics import accuracy_score

.ensemble import VotingClassifier

.svm import SVC

import warnings

warnings . filterwarnings("ignore")

#Loading dataset

df = pd.read_csv("online_gaming_behavior_dataset.csv’)

df.head()
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#Information about the dataset
df.info()

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

#  Column Non-Null Count

o Playertd 40034
1 Age 30034
2 Gender 30034
3 Location 30034
4 GameGenre 30034
5 PlayTimeHours 30034
&  InGamePurchases 30034
7 GameDifficulty 30034
&  SessionsPerieck 30034
9 AvgSessionDurationiinutes 40034
10 Playerievel 30034
11 AchievementsUnlocked 30034
12 EngagementLevel 30034

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

otype

intes
intes
object
object
object
floates
intes
object
intes
intes
intes
intes
object
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#Checking Frequency of unique values in collums
df.nunique()

PlayerTD 40034
ge ES
Gender 2
Location a
GameGenre s
PlayTimeHours 40034
InGamePurchases 2
GameDifficulty 3
SessionsPerlieck 20
AvgsessionDurationtlinutes 170
PlayerLevel B
Achievementsunlocked se
EngagementLevel 3

dtype: intea
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#Dropping colluns irrelevent for prediction model
df=df.drop(['PlayerID'], axis=1) # axis 1 means colum

#Sorting data into numerical and catagorical collums
num_cols=['Age’, 'PlayTimeHours', SessionsPerlieck’, ' InGamePurchases' , ' AvgSessionDurationilinutes’, 'Playerlevel’, 'Achievementsunlocked' ]

cat_cols= [Gender’,'Location’, 'GameGenre', 'GameDifficulty’, 'EngagementLevel' ]




