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Abstract

The exponential growth of social media platforms and online video
content has revolutionized the way information is communicated,
interacted with, and consumed. The predicting of video popularity has
become a crucial aspect for influencers, platform administrators, and
marketers, with millions of videos being shared daily on platforms like
YouTube. This thesis delves into the challenge of accurately predicting
video popularity on social media platforms, specifically focusing on the
YouTube platform. The predicting of video popularity is considered a
crucial aspect for influencers, platform administrators, and marketers, with
millions of videos being shared daily on platforms like YouTube. The
factors contributing to a video's popularity are understood in this thesis,
significantly impacting content marketing and YouTube platform

strategies.

To achieve the goal of enhancing the precision of forecasting video
popularity, an approach has been formulated that utilizes both metadata
analysis (including selected impact features) and thumbnail image analysis
to create a more effective prediction model. The precision of forecasting
video popularity is aimed to be enhanced by extracting relevant features

from these sources.

A range of powerful classification algorithms, including Support
Vector Machine, Random Forest, Extreme Gradient Boosting, and K-
nearest Neighbor, is employed to achieve this goal. Preprocessing
operations were conducted on the data to make it suitable for machine
learning algorithms. Subsequently, features were extracted in three
categories: textual features, visual features, and time-related features. The
dataset was enriched with additional impactful attributes capable of

enhancing the model's accuracy by combining these newly added features



with the existing ones. Substantial accuracy was achieved by training the
model using these algorithms and implementing feature extraction
techniques, particularly with the Extreme Gradient Boosting and Random

Forest algorithms.

The predicting process was conducted in two stages: predicting both
original and extracted features, and predicting only the extracted features.
The model's performance was evaluated using various metrics, including
accuracy, resulting in rates of 96.33% and 96.94% for the Extreme
Gradient Boosting and Random Forest algorithms using all features,
respectively, while accuracy reached 84.65% and 93.00% using only the
extracted features. Valuable insights into the factors influencing video
popularity are provided by combining metadata and thumbnail analysis.
This enables influencers and marketers to better personalize their content,
resonating with their target audience and increasing the likelihood of

success on social media platforms.
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Chapter one General Introduction

CHAPTER ONE

General Introduction

1.1 Introduction

At present, the advent of online video-sharing platforms has revolutionized
how media content is consumed and engaged with. Among these platforms,
the YouTube has emerged as a dominant player, with billions of users
worldwide and an immense library of videos covering a vast range of topics.
As YouTube continues to grow, influencers and marketers strive to understand
the factors that contribute to the popularity of videos on the platform.
Predicting the popularity of YouTube videos has become a subject of great
interest, as it offers valuable insights for influencers, marketers, and platform

administrators[1,2].

Understanding what makes a video popular on YouTube is not only intriguing
from a social perspective but also carries significant practical implications. For
influencers, accurately predicting video popularity can guide decisions
regarding content creation, title optimization, thumbnail design, and
promotional strategies[3,4]. Marketers can leverage predictive models to
identify potential viral videos and allocate their advertising budgets
effectively[5]. Moreover, YouTube itself can benefit from predictive analytics
by enhancing user experience, optimizing recommendations, and attracting

more creators to the platform.

In recent years, advancements in data science, machine learning, and natural
language processing techniques have opened up exciting possibilities for

predicting the popularity of YouTube videos. By analyzing various features of
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a video, such as view count, likes, comments, video duration, tags, and channel
characteristics, predictive models can be trained to estimate the likelihood of
a video becoming popular. These models can uncover patterns and
relationships that humans may overlook, enabling more accurate predictions

of video performance.

Predicting the popularity of YouTube videos is a multifaceted task with
several challenges[3]. The considerable volume of accessible data, the
platform's dynamic nature, and the impact of external factors like trending
topics and algorithmic changes all contribute to these obstacles[4].
Additionally, the subjective nature of popularity and the inherent
unpredictability of viral phenomena add further complexity to the prediction

process[5].

This thesis encompasses a thorough analysis of various features that contribute
to a video's popularity. Specifically, it investigates the impact of different
video metadata, such as the ratio of likes to dislikes and the number of
comments, as well as examines the role of video title, description, and
thumbnails, among other factors. By carefully analyzing these features, the
aim is to uncover the underlying patterns and relationships that drive a video
into popularity on YouTube. This analysis will provide valuable insights into

the aspects that captivate viewers and influence their engagement with videos.

Moreover, it evaluates the performance of different predictive models in the
realm of video popularity prediction. Through rigorous testing and
comparison, it assesses the effectiveness of these models in accurately
estimating the likelihood of a video becoming popular. This evaluation process
will enable identification of the most reliable and accurate predictive models

for video popularity.
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By integrating exploratory analysis of video characteristics with the evaluation
of predictive models, the aim is to make a valuable contribution to the
continually expanding domain of social media analytics and predictive
modeling. Findings will not only enhance our understanding of YouTube's
popularity dynamics but also provide actionable guidance for influencers,
marketers, and YouTube administrators in optimizing their video strategies
and maximizing audience reach. Ultimately, this research endeavor holds the
potential to advance knowledge of online content consumption patterns and

shape the future of video analytics and prediction techniques.
1.2 Thesis Problem

The challenge is to accurately predict the popularity of YouTube videos, a
critical aspect for influencers, content creators, and marketing companies. The
problem encompasses the need to comprehend the diverse factors influencing

a video's success.

This entails exploring the effectiveness of machine learning algorithms and
predictive approaches in analyzing metadata and user engagement metrics to
achieve precise popularity predictions an area that previous studies have not
fully addressed[1].

1.3 Thesis Questions

1. Can overall classification accuracy be enhanced in the context of video
popularity prediction?

2. What additional features can be incorporated to enhance the richness of
the dataset?

3. Can a predictive approach be developed to accurately predict the

popularity of YouTube videos?
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1.4 Aims of Thesis

The primary aim of this thesis is to develop effective prediction approaches to
empower influencers, marketers, and platform administrators in maximizing
video popularity across various social platforms like YouTube. To achieve this

aim, the following objectives will be covered:

1. Conducting various stages to prepare the dataset for learning
algorithms.

2. Extracting visual and textual features that could influence the prediction
process. The integration of these features aims to improve prediction
rates and provide a more comprehensive understanding of their
combined impact on video popularity, thus enhancing the model's
performance and accuracy in predicting video trends.

3. Improving the accuracy of prediction, which was limited in previous

research[1].
1.5 Related Works

This section reviews various previous research that has addressed the issue of
predicting the popularity of specific content on multiple platforms. These
studies have explored different features, factors, and algorithms to achieve

their predictions.

R. Shreyas et al in 2010. The Random Forest regression model is used in this
paper [6]to predict the popularity of articles using the Online News Popularity
data set. The Random Forest model's performance is evaluated and compared
to that of other models. Standardization, regularization, correlation, strong

bias/high variance, and feature selection all have an effect on learning models.
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The Random Forest technique predicts popular/unpopular articles with an

accuracy of 88.8%, according to the results.

Trzcinski et al in 2015 [7]. proposed a model to predict the popularity of an
online video before its content is published, using Support Vector Regression
with Gaussian Radial Basis Functions. They showed that predicting popularity
patterns with this approach provides more precise and stable results.
Furthermore, they demonstrated that combining early distribution patterns
with social and visual features improves the accuracy of popularity prediction.
In terms of video popularity prediction, social features were found to be a
much stronger signal than visual features. The best results were achieved by
combining visual features, social features, and early view counts, allowing for
the prediction of video popularity on Facebook with a Spearman correlation

rank of up to 0.94, just 6 hours after publication.

W. Stokowiec et al in 2017 [8]The researchers used a methodology based on
a two-way long-term memory (LSTM) neural network to predict the
popularity of content using only textual information from the title, and these
approaches showed an improvement in performance compared to traditional

shallow approach.

T. Trzcinski et al in 2017[9]The researchers propose a new method based on
a Long-term Recurrent Convolutional Network (LRCN) to address the
challenge of predicting the popularity of online videos shared on social media.
This approach utilizes deep neural network architectures that consider the
sequential nature of information in the videos. The popularity prediction
problem is formulated as a classification task, with the goal of predicting
popularity using only visual cues extracted from the videos. The results of this

study demonstrate that their proposed LRCN-based approach outperforms
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traditional shallow methods, achieving over a 30% improvement in prediction
performance. The experiments are conducted on a dataset comprising more
than 37,000 videos published on Facebook.

F. Huang et al in 2018[10]Introduce a thriving application scenario called
Social Media Headline Prediction (SMHP), which focuses on predicting the
popularity of posts shared on social media. The research proposes a method
that utilizes multi-aspect features combined with the random forest (RF) model
for popularity predictions. It explains the process of feature extraction by
combining metadata of the posts and users' features, as well as strategies for
dealing with missing values. The result of this paper indicates that user-related
features, such as the number of followers and following, along with the
random forest regression model, are the most effective features and model for
the current social media headline prediction task. These features and the
chosen model have demonstrated strong predictive capabilities in accurately

forecasting the popularity of posts on social media platforms.

A. Khan et al in 2018 [11] Researchers successfully predicted the popularity
of news articles using news article metadata and concluded that clustering
ensemble methods gave the best results in the dataset, with an accuracy of
79.7%.

Y. Lietalin2019.[1] proposed the use of several machine learning algorithms
to predict performance, and backward search is employed to select the most
relevant features. As a result, extreme gradient boosting with three features
(time gap, category, description) is chosen due to its optimal balance between

cost and performance, resulting in an F-score of 0.73.

K. R.Purba et al in 2012. [12] focuses on predicting the popularity of

Instagram posts, particularly the Engagement Rate (ER), which is crucial for
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marketing purposes. In this study, several regression techniques were
compared using a global dataset, and the features for prediction were extracted
from hashtags, image analysis, and user history. The results indicate that
factors such as image quality, posting time, and the type of image significantly
impact ER. The best prediction accuracy, reaching 73.1%, was achieved with
Support Vector Regression (SVR), surpassing previous studies on global

datasets.

M. U. N. Nisa et al in 2021.[13]proposed a method that predicts the popularity
of videos using the XGBoost model. The approach involves features selection,
fusion, min-max normalization, and precision parameters such as gamma, eta,
and learning rate. The XGBoost model achieved an accuracy of 86% and a

precision of 64%, seen table 1.1

Table 1.1 Summary of Previous Related Works

References | Methodology Content type | Features Result

[6] Random Forest | Articles Text features Accuracy =88.8%
model

[7] Support Vector | Video Visual features, | SCR =0.94
Regression social features, early
with  Gaussian view counts
Radial  Basis
Functions

[8] Long  Short- | News Textual information | Accuracy=0.74 %
Term Memory | articles, from the title
neural network | News videos
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[9] Long-term Video Visual cues | Accuracy =0.7
Recurrent extracted from
Convolutional videos
Network
[10] Random forest | Posts Metadata of the | Accuracy =88.8%
model posts, Metadata of
the users' features
[11] Gradient Boost | News Meta-data of news | Accuracy = 79.7%
articles articles
[1] Extreme Video Time gap, category, | F-score =0.73
gradient description
boosting
[12] Several Post User Features, Post | Accuracy=73.1%
regression Features,
techniques Hashtag Features,
Image Assessment
(Auto) Features,
Image Assessment
(Manual) features,
User History
Features
[13] Xgboost Video Video quality, video | Accuracy=86%
duration, number of
views
The Random forest | Video Text, visual, time | Accuracy=96.94%
proposed interval and statistic

system

features
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1.6 Thesis Outline

Following Chapter one, which presents a general introduction the rest of the

thesis, is structured as follows:

1. Chapter Two (Theoretical Background): This chapter provides an in-
depth overview of essential concepts forming the foundation of the
thesis. Covered topics include social media, factors affecting video
popularity, preprocessing techniques, feature extraction, machine
learning algorithms, and performance evaluation metrics.

2. Chapter Three (The Proposed System): In this chapter, it presents the
practical aspects of the proposed system, focusing on the algorithms and
techniques used in developing the advanced prediction model for video
popularity on social networks.

3. Chapter Four (Results and Discussions): This chapter showcases the
results obtained from the implementation of the proposed system. The
results will be presented using tables, graphs, and visualizations to offer
a comprehensive overview of the predictive model's performance. The
primary findings and insights derived from the study will be discussed
in detail.

4. Chapter Five (Conclusions and Future Works): In this chapter, the
essential concepts and findings of the thesis are summarized,

accompanied by recommendations for future research directions.
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CHAPTER TWO

Theoretical Background

2.1 Overview

This chapter provides a comprehensive overview of the fundamental principles
underlying social media platforms, datasets, data mining, and natural language
processing (NLP). It also covers the techniques involved in preprocessing, text
analysis, feature extraction, and prediction algorithms. The primary emphasis of
this chapter revolves around the methodologies and strategies employed in this

thesis, shedding light on their significance.
2.2 Social Media and Popularity Predication

Social media refers to online platforms that enable users to create, share, and
exchange information within virtual communities. It has revolutionized global
communication and interaction, offering features for sharing text, photos,
videos, and links. Social media's origins can be traced back to the development
of computer networks and the internet, with the launch of YouTube in 2005
marking a significant milestone[14]. Since then, influential platforms like
Facebook, Twitter, YouTube, LinkedIn, Instagram, and Snapchat have emerged.
Social media platforms have not only changed the way people communicate but
have also impacted various aspects of society. They have enabled individuals,
businesses, organizations, and even governments to engage with audiences,
promote products and services, share news and information, and foster
communities based on shared interests and values[2]. TikTok, for instance,
specializes in video editing and sharing, allowing users to create and share short

video clips that can be charming, funny, or even cringe-inducing[15].
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The widespread use of smartphones and mobile apps has further fueled its
growth[16]. While providing opportunities for self-expression and networking,
social media also poses challenges concerning privacy, security, and excessive
screen time[15]. Owverall, it has transformed the way people connect,

communicate, and shape various aspects of personal and professional life.

2.2.1 Predicting Content Popularity
Predicting popularity in social media is a common application of data mining
and analytics. With the enormous amount of user-generated content and
interactions on platforms such as Facebook, Twitter, Instagram, and YouTube,
businesses and researchers are interested in understanding which posts, videos,
or content will become popular and gain significant engagement[17]. Data
mining techniques can be employed to analyse various factors that contribute to
popularity in social media. These factors may include text features likes (word
embeddings from video descriptions , titles) and visual and metadata features
[17]. By examining historical data and patterns, data mining models can be built
to predict the potential popularity of web content. Machine learning algorithms
can be applied to social media data to uncover patterns and relationships that
influence popularity. These algorithms can consider various features, such as
textual features ,video descriptions and titles, the source of the content, category,
number of views, timing of the post to make predictions about the potential
popularity of a post or content[15]. Additionally, sentiment analysis can be used
to understand the sentiment or emotional tone expressed in social media posts.
Analysing sentiment can provide insights into the factors that contribute to
content popularity. For example, positive sentiment in user comments or
interactions may indicate a higher likelihood of popularity[18]. By predicting
popularity in social media, businesses and influencers can optimize their

strategies, identify trends, and improve their chances of reaching a larger
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audience. However, it's important to note that predicting popularity in social
media is a complex task and can be influenced by various factors, including user

preferences, viral trends, and unpredictable events.

2.2.2 Factors Affecting Video Popularity
The factors that affect video popularity can be categorized into two main groups:
external factors related to the platform and users, and internal factors related to

the video itself [19][4] In figure 2.1, it is displayed. Below is an explanation of

each type:
Factors that affect
video popularity
= Internal Factors (Video liself)
External Factors Content Quality
\ Title and Thumbnail
Video Length
= Platform -Related Factors = User-Related Factors Challenges and Trends
Flatform Algorithm Target Audience
Flatform Features User Engagement
User Behavior Influencers and Sharing

Figure 2.1: Factors That Effect Video Popularity

2.2.2.1 External factors
They encompass elements outside of the video that can impact its popularity,
including platform-related and user-related factors.
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1. Platform-Related Factors

a. Platform Algorithm: Each platform has its own algorithm that
determines which videos get recommended and shown to a broader
audience. Understanding and optimizing for these algorithms can
significantly impact video visibility[20].

b. Platform Features: Utilizing platform-specific features, such as live
streaming, stories, or interactive elements, can enhance engagement
and popularity[21].

c. User Behaviour: User behaviour, such as viewing habits, likes,
comments, and shares, can influence the visibility and
recommendation of a video.

2. User-Related Factors[19]

a. Target Audience: Understanding the preferences and interests of
the target audience is crucial for creating content that resonates with
them[19].

b. User Engagement: Higher engagement metrics like likes,
comments, and shares signal to the platform that the video is
valuable, potentially leading to increased visibility[2,19].

c. Influencers and Sharing: When influential users or influencers
share or feature a video, it can lead to a significant boost in

popularity[2,20, 5].

2.2.2.2 Internal Factors (Video Itself)
Internal factors refer to the characteristics or attributes of the video itself that

influence its popularity. These factors include:
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1. Content Quality and Type: High-quality content, that is
informative, entertaining, or valuable to the audience, is more likely
to be shared and recommended[3,20].

2. Challenges and Trends: Participating in popular challenges or
following internet trends can help videos gain visibility and attract
a wider audience[22].

3. Title and Thumbnail: An attention-grabbing title and thumbnail can
encourage users to click on the video, increasing its views[5].

4. Video Length: The length of the video is essential. It should be
neither too long nor too short, as viewers might lose interest in
lengthy videos, while short videos might not provide enough

value[5].

It is important to note that the impact of each factor can vary based on the specific
platform and content type. Creators should analyse their audience's preferences,
experiment with different strategies, and stay adaptable to achieve long-term
popularity and growth. In the context of subject, emphasis was placed on relying

on internal elements associated with the video itself.
2.3 Dataset

In this thesis, the "Trending YouTube Video Statistics” dataset obtained from
Kaggle[23] was utilized. This dataset consists of information on 24,427 unique
trending YouTube videos. The dataset includes various details such as the video
id, video title, channel title, publish time, trending date, tags, views, likes,
dislikes, description, thumbnail link, and comment count, as explain in table 2.1.
Using this dataset, the goal is to explore and analyse the factors that contribute
to the popularity and engagement of trending YouTube videos. This may involve

applying various data mining and machine learning techniques to uncover
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patterns, relationships, and insights within the data (refer to Figure 2.2 for a

sample of the dataset).

video_id trending_date fitle
n1WpPTio 17.14.11 Eminem - 'EminemVE
0dBIKQ4M:17.14.11 PLUSH - BiDubbbzT\
50p/KEDg(17.14.11 Racist Sug Rudy Man¢
d380meD(17.14.11 | Dare You nigahiga

2Vv-BfVog: 17.14.11 Ed Sheera Ed Sheera
OyIWzZIXE17.14.11 Jake Paul | DramaAler
_UMBkFfkh17.14.11 Vanoss StVanossGa

2kyS6SvS'17.14.11 WE WANT CaseyNeis
JzCsMivtr17.14.11 THE LOG/ Logan Pau
43sm-Qul17.14.11 Finally She Sheikh Mu:

channel titcategory id  publish_tintags views  lkes

1 dislikes  comment_thumbnai_link commentsratings_disabled  video_erro description

10 2017-11-1(Eminem|"y 17158579 787425 43420 125882 https:/ii.ytimg.c FALSE FALSE FALSE  Eminem's new track Walk on Water ft. Beyonc'@ s avall
23 2017-11-1%plush'bad 10146581 127794 1688 13030 https:/iiytimg.c  FALSE FALSE FALSE  STill got a lot of packages. Probably will last for anather y
23 2017-11-1zracist supe 3191434 146035 5339 8181 hips:iiiytimg.c  FALSE FALSE FALSE WATCH MY PREVIOUS VIDEO &-1 \ninSUBSCRIBE &-
24 2017-11-1zryan['higa” 2095828 132239 1989 17518 https:/iytimg.c FALSE FALSE FALSE | know it's been a while since we did this show, but we're

10 2017-11-0¢edsheeran 33523622 1634130 21082 85067 hitps:/iiytimg.c FALSE FALSE FALSE ‘ectin’§ &

25 2017-11-1%#Dramadlke 1309699 103755 4613 12143 hitps:/ii.ytimg.c  FALSE FALSE FALSE &~ Follow for News! - https: //twitter. com/KEEMSTARn\
23 2017-11-12Funny Mor 2987945 187464 9850 26629 hitps:/iiytimg.c FALSE FALSE FALSE Vanoss Merch Shop: https:/fvanoss.3blackdot com/in\nir
22 2017-11-12SHANtelln 748374 57534 2067 15959 hitps:/fiytimg.c FALSE FALSE FALSE SHANTELL'S CHANNEL - https:/www.youtube com/shal

24 2017-11-12logan paul 4477587 292837 423
22 2017-11-1(God|"Shelc 505161 4135 978

36301 https:/iytimg.c FALSE FALSE FALSE  Join the movement. Be a Maverick 8- https://ShopLogar
1484 https:/iiytimg.c FALSE FALSE FALSE  Sheldon is roasting pastor of the church\nyoung Sheldon

Figure 2.2: Sample of Dataset

Table 2.1 Illustration of The Dataset Features

Feature Description

Video id Refers to a unique identifier assigned to each individual video on the
platform

Video title The title or name of the video.

Channel title The title or name of the youtube channel that uploaded the video.

Publish time The date and time when the video were published on youtube.

Trending date

Refers to the date on which a particular video appeared on the list of

trending videos

Tags Keywords or tags associated with the video, which can provide
additional information or context.

Views The number of times the video has been viewed.

Likes The number of likes received by the video.

Dis likes The number of dislikes received by the video.

Description A text description or summary of the video provided by the uploader.

Comment count

The number of comments posted on the video.

Category ID

A field indicating the category or genre to which the video belongs.
This ID can vary depending on the region or classification system

used.
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2.4 Feature Extraction Technical

Feature extraction also known as feature engineering refers to the process of
creating new features or variables from existing data to enhance the performance
of a machine learning model. It involves transforming raw data into a format that
captures relevant patterns or relationships, making it easier for the model to learn

and make accurate predictions[24],[25].

There are several techniques and strategies for feature generation, depending on
the nature of the data and the specific problem at hand. Feature extraction is
particularly useful for unstructured or high-dimensional data types such as
Images, audio, text, or sensor readings. Here are some common techniques for

feature extraction:
Visual feature extraction

Visual feature extraction is a crucial step in working with image data.
Techniques for feature creation involve extracting meaningful visual attributes
from images. In the context of image classification and object recognition[26] ,
raw data often comprises pixel values that may not be directly compatible with
certain classification algorithms. By extracting higher-level features, such as
edges and regions correlated with the presence of human faces, the data can be
transformed into a more suitable representation for a wider range of
classification techniques[24]. These techniques encompass various approaches,
including the utilization of Convolutional Neural Networks (CNN) to extract
deep features, or the application of pre-trained models like VGG, ResNet,
YOLO[27],Alex Net[28].These methods enhance the ability to capture
meaningful information from images, facilitating accurate classification and

object recognition tasks.

16



Chapter two Theoretical Background

YOLO For Object Detection

(YOLO) is a powerful real-time object detection method for deep learning and
computer vision. YOLO is a technique for detecting and locating objects within
Image frames[29]. It treats object detection as a regression issue and calculates
the class probabilities for each bounding box[30]. The base model detects images
at an astounding 45 frames per second, while the Fast YOLO model detects at
155 frames per second, figure 2.3 shown the YOLO architecture. It is well-
known for its precision and speed, and it is frequently employed in a variety of
applications[29]. The main advantage of the YOLO model is its speed and
accuracy. It can rapidly detect multiple objects in a single pass through the neural
network, making it particularly well-suited for real-time object detection

applications.

12
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Figure 2.3: The YOLO Architecture[29]

YOLO works dividing the input image into a grid with fixed size (S*S) with S
set to 7 as illustrated in Figure 2.4. for each grid cell, it is predicting bounding
boxes (rectangles) that might contain objects. These bounding boxes are
described by their coordinates (center, width, and height) relative to the grid cell.
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YOLO determines the attributes of these bounding boxes, where Y is the final
vector representation for each bounding box[31], main steps of YOLO model
in(Algorithm 2.1)[32].

Y = [Pr, bx, by; bh1 bW1 Cl]

S X S X Bbounding boxes |
—
confidence = Pr(object) x loU(pred, truth) |8

o
i e O

Bounding boxes + confiden

Final detections

Pr(Class, | object)

Class probability map

Figure 2.4: YOLO For Object Detection[31]
This is especially important during the training phase of the model.

Pr: corresponds to the probability score of the grid containing an object.
bx,by : are the x and y coordinates of the center of the bounding box with
respect to the enveloping grid cell.
bn,bw : correspond to the height and the width of the bounding box with
respect to the enveloping grid cell.
ci: correspond to the classes (number of classes).

Algorithm 2.1 Pre-Trained YOLO For Object Detection

Input: An image.

Output: Bounding boxes that represent detected objects along with their class

probabilities.

Begin:
-YOLO divides an input image into an S x S grid cell.

-For each grid cell:
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Calculate confidence scores for each bounding box.

These scores represent the model's confidence that the box contains an object and
how accurate it thinks the predicted box is.

-During training, YOLO assign one bounding box predictor to be "responsive" for
predicting an object based on which prediction has the highest Intersection over
Union (IOU) with the ground truth

-Non-maximum suppression: NMS is a post-processing step that is used to improve
the accuracy and efficiency of object detection.

NMS is used to identify and remove redundant or incorrect bounding boxes and to
output a single bounding box for each object in the image.

End

2.5 Data Preparation Methods

Preprocessing in data mining refers to the various techniques and procedures
used to clean, transform, and prepare raw data before it can be analysed[24]. The
quality of the output from data mining algorithms largely depends on the quality
of the input data. Therefore, preprocessing is essential to ensure that the data is
in a suitable format for the analysis. Overall, the goal of preprocessing in data
mining is to ensure that the data is ready for analysis and that the analysis results

are accurate, reliable, sand meaningful[33][34].

In this thesis, several methods were taken to prepare the dataset for the prediction

model. Several important steps include:

2.5.1 Removal of Row Duplications
This method involves identifying and removing any duplicate rows in the
dataset. Duplicates may occur due to various reasons such as data entry errors or
system issues. Removing duplicates ensures that each data point is unique and
avoids any bias or inconsistencies in the analysis[24].
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2.5.2 Data Labelling[1]
Data labelling is the process of assigning labels or tags to data points in a
dataset. It is typically performed by humans or automated systems to categorize
the data according to predefined criteria. The labelled data is then used to train
machine learning models, enabling them to learn and make predictions on new,
unlabelled data. The classification was based on the equation 2.1 and 2.2 found

in the papers.

score = (likes — 1.5 = dislikes) * comment_count / views .. (2.1)
0, views < 100,000
cee 1, views = 100,000, score < 0
Classification Rule, y =95 ;0 > 100,000, 0 < score <300 = (%-2)
3, views = 100,000, score = 300

Explanation for each variable:

y (Output Class): The output class assigned based on predefined
conditions.

Score: A numerical value calculated using the specified equation.
Views: The number of views for a specific video.

Likes: The number of likes for a specific video.

Dislikes: The number of dislikes for a specific video.

Comment Count: The number of comments for a specific video.

2.5.3 Handling Missing Values
Handling missing data is a crucial aspect of data preprocessing. Choosing the
right strategy for addressing missing data depends on factors such as the extent
of the data, its nature, analysis goals, and the techniques used. It is important to
consider the pros and cons of each strategy to select the best fit for your dataset
and analysis[35]. There are several strategies available for handling missing
values[24]:
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1. Removing Data Obijects: If a significant portion of the data objects
have missing values, one option is to eliminate those objects entirely.

2. Removing Attributes: Similarly, the choice is to remove attributes with
a high number of missing values.

3. Estimating Missing Values: In certain cases, missing values can be
estimated or imputed using various techniques. Common methods
include mean imputation, regression imputation, or using specialized
machine learning algorithms for imputation[36][37].

4. Ignoring Missing Values: it may be possible to ignore missing values
during the analysis[36]. Some algorithms can handle missing data by
default, or they can be modified to accommodate missing values

without imputing them.

2.5.4 Processing and Extracting Text Features
Cleaning textual features involves preprocessing steps to transform raw text data
into a cleaner and more suitable format for analysis or modeling. Here are some

common techniques used for cleaning textual features[38] 36]:

1. Lowercasing Text: Converting all text to lowercase helps to
standardize the text and minimize case sensitivity difficulties[40].

2. Removing of Punctuation: Getting rid of punctuation markings like
commas, periods, and exclamation points might assist minimize
noise in the text and improve future analysis.

3. Handling Special Characters and Numbers: special characters,
URLs, or numbers that may not have significant value can be

eliminated or substituted with appropriate placeholders[40].

In natural language processing (NLP), text feature creation involves extracting

meaningful information from text data using various techniques such as bag-of-
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words, term frequency-inverse document frequency (TF-IDF), word
embeddings (e.g., Word2Vec or GloVe), sentiment analysis, or document
embeddings (e.g., Doc2Vec). These techniques capture the semantic and

contextual information present in the text[41].

Natural Language Processing (NLP) and sentiment analysis are closely related
fields that both deal with the processing and analysis of human language. NLP
is a multidisciplinary field that combines linguistics, computer science, and
artificial intelligence to enable computers to understand, interpret, and generate
human language[42].lts primary goal is to bridge the gap between human

language and machine language[43].

NLP techniques is a fairly generic term that covers a very wide range of
applications[44], Figure 2.5 shows the most popular applications, allowing
computers to perform tasks such as language translation, sentiment analysis, text
summarization, question answering, part-of-speech tagging, named entity

recognition, syntactic parsing, and machine translation[18].

Business

NLP Applications in
Various Sectors

Web

Text Mining Mining

il Healthcare

Figure 2.5: Application of NLP[45]

To accomplish these tasks, NLP algorithms rely on a variety of techniques,

including statistical modeling, machine learning, deep learning, and rule-
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based approaches. Among these applications, sentiment analysis, also known
as opinion mining, has gained significant attention in recent years due to the
increasing use of social media platforms. Sentiment analysis employs
machine learning, data mining, natural language processing, and
computational linguistics techniques to identify, extract, and analyze
opinions and sentiments present in textual data[18]. Sentiment analysis is a
Lexicon-based approach using AFFIN dictionary. its aim of to determine
whether a given piece of text expresses a positive, negative, or neutral

sentiment, figure 2.6 shows example Process of lexicon-based sentiment

analysis[46].
Input text =Tokenize = Preprocessing Lexicon
People People Sentiment
People are satisfied are are stopword iokenize  Polarity :
with the vaccine. —>| satisfied > | satisfied —> |[People 0
with with stopword satisfied 1
the the stopword )
) . vaccine 1
vaccine vaccine
publication

Figure 2.6: Example Process of Lexicon-Based Sentiment Analysis[46]

Instead of training a model on a labelled dataset, this approach relies on
predefined sentiment lexicons or dictionaries containing words and their
associated sentiment scores (positive, negative, or neutral), Algorithm 2.2

represent main steps in Lexicon-based approach.

Algorithm 2.2 Lexicon-Based Sentiment Analysis

Input: text

Output: class label of text (positive, negative, natural)

Begin:
- Input text is usually tokenized into individual words or phrases (tokens).
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-For each token, it searches for the corresponding word in the sentiment dictionary.

- The Sentiment Dictionary associates each word or phrase with a range of polarity
scores (from -1 to 1), with 0 indicating neutral sentiment.

-Aggregating the individual polarity scores of all tokens in the text to calculate an
overall polarity score for the entire text. This aggregation may involve simple
averaging or other techniques depending on the specific implementation.

-The final polarity score is often normalized to ensure that it falls within the range of -
1to 1, even if the vocabulary contains scores on a different scale.

- Classify the overall sentiment score into predefined categories such as positive,
negative, or neutral.

-Use predefined thresholds or rules for classification, e.g., score surpasses a threshold
for positive classification, falls below for negative classification.

End

2.5.5 Encoding Features
It is an important aspect of data preprocessing, especially when working with
machine learning algorithms that require numerical inputs[24]. There are
several methods to handle non numerical features: Label Encoding, One-hot

encoding, Target Encoding, Binary Encoding.
2.6 Data Mining

Data mining means extracting useful information from massive amounts of
data[24] .It is a multidisciplinary field that combines elements of statistics,
artificial intelligence (Al), and database research. It has become increasingly
important due to the exponential growth in the size of datasets. By collecting and
analysing large amounts of data, data mining aims to discover patterns and
insights that may not be immediately apparent. Data mining has two main goals,

shown in figure 2.7,they are prediction and description[47].
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1. Prediction: Data mining aims to develop predictive models that can
forecast future outcomes or behaviours based on historical data[24]. This
Is valuable for various applications such as sales forecasting, customer
churn prediction, demand forecasting, and stock market prediction[48].

2. Description: Data mining also focuses on providing descriptive insights
by summarizing and understanding the characteristics of the data. This
involves identifying key attributes, summarizing statistical measures,

visualizing data distributions, and generating reports or dashboards[24].

Both prediction and description are crucial in extracting meaningful insights and
actionable knowledge from data, enabling informed decision-making and

gaining a competitive advantage in different domains[49][8].

Data mining Goals

T

Predication Description
. ) . ) Dependenc . Ch&nge and
Classification Regression ! ey Segmentation JF .
= modelling deviation detection

Data mining operations

Figure 2.7: Data Mining Goals[47]
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Machine Learning Techniques

Machine learning refers to a variety of techniques and approaches that allow
computers and systems to learn from data and make predictions[42]. Here are a

few examples of common machine learning techniques:
1-Supervised Learning: The set of models trained using a labeled dataset.
2-Unsupervised Learning: The set of models trained using an unlabeled dataset

Classification techniques are methods used in machine learning and statistics to
classify data into predefined classes or categories. These techniques are
supervised learning algorithms that learn from labelled training data to make
predictions or assign class labels to new, unseen data[24]. Here are some used

classification techniques in this thesis:

a. Support Vector Machine

Support vector machine (SVM) is a supervised machine learning algorithm that
Is versatile and can be applied to regression and classification tasks[50]. The
basic idea of SVM (Support Vector Machines) is to find an optimal hyperplane
that separates data points of different classes in a high-dimensional space, shows
in figure 2.8. SVM can handle linear and non-linear problems and is commonly
used for classification tasks. Here's types of SVMs and their corresponding
equations[24][51]:

In linear SVM, the goal is to find a linear decision boundary. The equation of

the hyperplane can be represented as[52]:
wh-x+b=0 .. (2.3)
wtrepresents the weight vector perpendicular to the hyperplane

x represents the input data vector
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b is the bias term.
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Figure 2.8: Classification of Data by Support Vector Machine

Non-linear SVM, also known as kernel SVM, is used to handle non-linearly
separable data by mapping it to a higher-dimensional feature space using a kernel

function. The decision boundary equation becomes:
Y(ai yi k(xp,x)+b=0 .. (24)

where «a; and y; are the Lagrange multipliers and class labels of the support
vectors, x; represents the support vectors, k(x;, x)is the kernel function that
computes the similarity between the support vectors and the input data point x.
Commonly used kernel functions include: Gaussian (Radial Basis Function),
Polynomial, Sigmoid and Linear Kernel. The choice of kernel function depends
on the problem and the underlying data. These equations represent the decision
boundaries for different types of SVMs. The goal of SVM is to find the optimal
values for the parameters (weights, bias, Lagrange multipliers) that maximize
the margin between the classes or minimize classification errors, depending on

the problem setup.
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b. K-Nearest Neighbor Classifier

The K-Nearest Neighbor (KNN) Classifier is a widely employed technique in
machine learning for both classification and regression tasks. It is a non-
parametric and instance-based algorithm, meaning it does not assume any
particular data distribution and relies on the actual training instances for
predictions. The fundamental concept of KNN involves classifying a new data
point based on the majority class among its K nearest neighbors [28]. To
determine the neighbors, KNN calculates the distance between the new data
point and each training data point[24]. Common distance metrics used include
Euclidean distance and Manhattan distance. Euclidean distance, for example,
calculates the distance between two points (x1, y1) and (x2, y2) in a 2D space as

follows:
Distance = sqrt((x, — x1)% + (y, — y1)?) (2.5)

Once the distances are calculated, the subsequent stage involves determining the
K nearest neighbors of the new data point. The value of K, representing the
number of neighbors to consider, is specified by the user. The KNN algorithm
then employs a voting mechanism to assign a class label to the new data point.
In classification scenarios, the predicted class is determined by selecting the
majority class among the K neighbors. When K equals 1, the class label of the
nearest neighbor is directly assigned to the new data point. For regression tasks,
the predicted value is obtained as the average or weighted average of the values
associated with the K nearest neighbors. In the k-nearest neighbors (KNN)
algorithm, the choice of the right value for the parameter k is crucial. The value
of k determines the number of nearest neighbors that will be considered when
making predictions for a new or test instance. Choosing the right value for k in

K-Nearest Neighbors (KNN) is important. If k is too small, the classifier may
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overfit the training data and be sensitive to noise. If k is too large, the classifier
may misclassify test instances by including distant neighbors. It's crucial to find
the optimal k value to balance between overfitting and misclassification,

ensuring accurate predictions (see Figure 2.9).

++

™ -

Figure 2.9: KNN Classification with Large K

c. Random Forest Classifier

Random Forest is an ensemble method that combines multiple decision trees to
make predictions. It creates a forest of decision trees rather than relying on a
single decision tree to improve prediction accuracy. Each decision tree in the
Random Forest is trained independently on a random subset of the training data.
This random subset is typically selected through bootstrapping, where data
points are sampled with replacement[24]. This process introduces diversity
among the individual trees. During prediction, the algorithm aggregates the
predictions of all the individual decision trees to make the final prediction. The
way this aggregation is done depends on the type of task (classification or
regression). In classification tasks, the predictions of individual decision trees
are combined using majority voting. The class that receives the most votes across
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the decision trees becomes the final prediction. In regression tasks, the
predictions of individual decision trees are often averaged or aggregated to
obtain the final prediction[53]. The main objective of using a Random Forest is
to reduce variance and bias, thus improving the generalization ability of the
model. Unlike a single decision tree, which can have low bias but high variance
(prone to overfitting), the Random Forest's ensemble approach helps to mitigate
overfitting by reducing variance, leading to better overall performance on unseen

data.

Overall, Random Forest is a powerful and widely used machine learning
algorithm known for its ability to handle complex datasets, reduce overfitting,
and provide reliable predictions. The main idea of the random forest algorithm

is presented in Figure (2.10).

Training data
v i
Traming Training Training
data 1 data2 | ..... data n

Decision
Tree 2

Decision Decision
Tree 1 Tree n

!

Voting in classification
Averaging in Regression

!

Predication

Testing data

Figure 2.10: The Idea of Random Forest

The impurity measures for regression and classification tasks in the Random

Forest algorithm are different. In regression tasks, the Random Forest algorithm
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typically uses the mean squared error (MSE) or the mean absolute error (MAE)
to measure impurity in equations (2.6),(2.7) In classification tasks, the Random
Forest algorithm uses Gini impurity or entropy to measure
impurity(2.8),(2.9),whereat the number of features in each tree is identified
according to the equations (2.10) [24], Random Forest work steps[54] is
presented in Algorithm 2.3:

For regression:

1 ~—N
variance , MAE = —Z ly; — ul . (2.6)
N £wij=q
L
MSE = NZ(yi -w?* .. (2.7
i=1

Where y; is the actual label (target) for the i instance.

N is the number of instances in the current node.
K= is the mean of the labels (targets) in the current node, given by %Z’iil Vi
For classification:
Gini=1-X;f* .. (2.8)
entropy = —Zfilogz “fi . (29)
Where:

f: is the frequency (proportion) of instances with class 'i' at the current node.

Y. is the sum over all classes.
F=log,f+1 .. (2.10)

f is the number of input features.
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Algorithm 2.3 Random Forest[24]

Input:
- Training data
- Number of trees in the forest (hum_trees)

- Stopping criteria for tree growth (e.g., max depth, min-samples-leaf)

Output: Trained Random Forest model

Begin:
-For each tree in the forest (from 1 to number of trees):
Create a bootstrap sample (a random subset with replacement) from the training data.
Randomly select a subset of features for this tree.
Build a decision tree using the bootstrap sample and selected features:
If stopping criteria are met or only one class remains, make this node a leaf and
assign the majority class.
Otherwise, choose the best feature and split the data into child nodes.
Repeat the splitting process for child nodes until stopping criteria are met.
-Store the decision tree in the forest.
-To make a prediction for new data (test data):
-For each tree in the forest:
Traverse the tree based on the input features (test data) to reach a leaf node.
Record the class (for classification)
-Aggregate the predictions use majority voting among tree predictions.
Return the final prediction.
End

d. Extreme Gradient Boosting

XGBoost (Extreme Gradient Boosting) is a highly popular and powerful
implementation of gradient boosting machines (GBM) used for supervised
learning tasks. Gradient boosting is an ensemble learning technique that

combines the predictions of multiple weak learners (usually decision trees) to
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create a strong predictive model. XGBoost is known for its exceptional
performance in various machine learning competitions and real-world
applications. It has become a preferred choice for data scientists and machine

learning practitioners [55].

Data

Residuals / Residuals /

I S S R Wi
- Samples Samples
| — ]

Improved Model - - _ , {

Figure 2.11: Boosting Method[56]

XGBoost combination of high performance, regularization, feature importance
analysis, and scalability has made it a popular choice for various machine
learning tasks, including classification, regression, ranking, and
recommendation systems, among others. Its widespread adoption and continued
development in the data science community contribute to its reputation as one
of the best performing algorithms for supervised learning. Figure (2.11) shows

the boosting method.

The mathematical equations for the XGBoost algorithm involve the objective
function, regularization terms, and the optimization process during
training[57][52].

The objective function of XGBoost can be written as:
0; = ¢(xj) =Y i), fr €Y - (2.11)

L(¢) = 2iL(y's,y:) + L 2(fi) + v (K) - (212)
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To represent the XGBoost algorithm mathematically, we'll use the following

notations:

X represents the input features (matrix) of the dataset with n examples and
m features.

yi represents the target output (vector) of the dataset with n examples.
represents the ki, tree in the ensemble.

K represents the number of trees in the XGBoost ensemble.

Fk represents the ky, tree in the ensemble.

v 1s the tree complexity term.

Q 1s the regularization term.

L is the loss function.
2.7 Evaluation of the Prediction Models

Evaluating the performance of classification prediction models is essential to
assess their effectiveness and make informed decisions. Here are some

commonly used evaluation metrics for classification models[24]:
Tp: True positive Tn: True negative
Fn: False negative Fp: False positive

Accuracy: The ratio of the correctly classified instances to the total number of

instances [41].

Tp+Tn

Accurecy = ———
Y Tp+Tn+Fp+Fn

(2.13)

Precision: Precision measures the proportion of true positive predictions
(correctly predicted positive instances) out of all positive predictions (true

positives + false positives)[41].
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Tp
Tp + Fp

Precision = (2.14)

Recall (Sensitivity or True Positive Rate): Recall measures the proportion of true

positive predictions out of all actual positive instances[41].

Tp + Fn
Tp

Recall,r = (2.15)

F1-Score: The Fl-score is the harmonic mean of precision and recall and

provides a balanced measure that considers both precision and recall. [41].

precision + recall
F1 score =2 % — .. (2.16)
precision + recall
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CHAPTER THREE

The Proposed System

3.1 Overview

This chapter describes the main stages of the proposed system methodology.
It begins by presenting the architecture of the proposed system. It covers
feature extraction and data preparation, including an explanation of
preprocessing techniques. Lastly, the chapter demonstrates the utilization of

classifiers and their evaluation to achieve the key aim of this thesis.
3.2 The Proposed System Architecture

The proposed system architecture consists of several main stages, each
comprising sub-stages designed to achieve the study objectives. These stages
include visual feature extraction, dataset preparation, machine learning

models, and their evaluation, as illustrated in Figure 3.1.

To predict popular videos, we utilize a dataset obtained from Kaggle. The first
stage of the proposed system focuses on visual feature extraction using pre-
trained deep learning techniques such as YOLO v5, specifically designed for

object extraction to enrich our dataset.

The second stage involves data preparation, which includes labelling the
dataset, processing missing values, and analysing text features using sentiment
analysis and interval feature extraction as sub-stages, data preparation
encompasses several steps aimed at effectively preparing the input for the

system.
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In the final stages, a variety of machine learning model are implemented,
including K-Nearest Neighbor, Random Forest, Support Vector Machine,
Gradient Boosting, and Extreme Gradient Boosting. Subsequently, it
evaluated the outcomes of the proposed model using various methods to

estimate predictive errors.

Proposed System

Video id Q Statistical features
Textualﬂ
APl request sent

Data Preprocessing

‘ Removal duplication |

Data labeling |

To retrieve the link to
the thumbnails images

and then download its ‘
high-resolution version.

Handling missing value |

l ‘ Cleaning text data |
Download Feature encoding |
images
Save in
folder Sentiment analysis using AFINN
A dictionary for video description , title |
cha(rln;:;l ;:ﬂfe‘;?gs Time interval feature
YOLO model (1 features)

Three Object classes
&weights features
(6 features)

| <
Classification models

v

Evaluation

Figure 3.1: The Proposed System Architecture
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3.2.1 Extraction Features from Images
In this stage, the process begins of fetching thumbnails images for a set of
video IDs from YouTube. The process begins with us extracting the video IDs,
and API requests are sent to the YouTube API for each video ID. The purpose
of these API requests is to retrieve video details, including thumbnail URLS
and download the thumbnail to a file. If there are no video details in the API
response, its attempting to extract the thumbnail URL from the HTML of the
video watch page and download the image Default thumbnail Algorithm 3.1
outlines the main steps to fetch images, (See Figure 3.2 for a sample of the

image dataset).

! !; 4 PATIENCE
R TEA(ER O

__4c1JCHvaQ. KeanxSy4J _ Wd-i0ZQ6k _OHpo6bM-vébs _OovulsnU1A. _O0Wz8e4W-o0
jpg Jpg Jpg jpg Ejpg

_1d9WFw1TuK  _117k_uMb4cj _1LAMWINYS  _1y1t-MWbRs _2d8BTYMCIE. _2g_Cv6GKP4.
Mjpg pg 4Jjpg Jpg jpg jpg

—

§ e - o, ’ 7 €. A
H R — e Vel
: 8, ﬁ

_3afaZSB30Ej _3HCBIFKyOA. _3YjO-M2puQ _04DX5zOydl.
jpg Pg jpg Jpg jpg

o iy SR

4JELLfv bsjp  _4P9XjKt7qgj _4q8x5fR4Sw.  _SorhzrRL3Ej  _6PIfgmPUBY. _6uvQtcclss.jp
pa ipa oa ipa a

_2GJHX1iCég.

Figure 3.2: Sample of Images Dataset

Algorithm 3.1 Retrieve Video Thumbnails

Input: Dataset

Output: Thumbnail images

Begin:

-Extracting Video IDs from a dataset.

-Loop Through Video IDs://To Retrieve Video Thumbnails:
- For each video ID:
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API requests to the YouTube Data API to retrieve video Thumbnail.
If video Thumbnail is found in the API response:
It downloads the thumbnails to file.
Else //no video Thumbnails is found
It attempts to extract the default thumbnail URL by parsing the video's watch
page HTML using Beautiful Soup
Downloads the default thumbnail.
/l End if
-Save the image in a folder.
//End for
End

The image processing begins by loading the pre-trained deep learning model
(YOLO V5) and its weight file, followed by setting initial values for specific
parameters and resizing the image as a preprocessing step. Performing object
detection involves passing the image through the YOLO model to obtain

predictions, Algorithm 3.2 main steps to extract features from images.

Algorithm 3.2 Extract Features from Images

Input: Thumbnail images

Output: set of features (Three largest objects and each object weight) in csv file.

Begin:

-Loading a pre-trained YOLOvV5 model from specified weights and setting NMS
parameters.

-Iterating over images in a folder.

-Using YOLOVS5 to detect objects in the pre-processed image, obtaining attributes like
bounding boxes and categories.

-Filtering the detected objects and selecting the three largest based on object size,
assigning weights based on object size.

Calculate the weights using the following formula:

Weights=object size (bounding box)/size of image
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-Storing selected objects' categories, weights, and image IDs in CSV file for further
analysis or use.
End

Subsequently, Non-Maximum Suppression is applied to remove redundant
bounding box predictions. Following this, process the output predictions by
extracting class labels. Then filter the predictions based on a confidence

threshold or other criteria.

In the next step, select the three largest objects based on their size. Weights
are assigned to these objects according to their size, and these values are stored
in a CSV file for further analysis or use (see Algorithm 3.2). The weight
formula implies that the weight assigned to an object is determined by its size
relative to the overall size of the image. The result represents a measure of the
significance or contribution of the object within the context of the entire
image. Addressing missing values in the new features involves a proactive
approach. When encountering instances in dataset with incomplete
information, objective is to avoid leaving these gaps unattended. Instead,
systematically examine the entire dataset to identify other instances

resembling those with missing data.

This is pretty important because information from those similar cases is
allowed to be used. It's kind of like help being sought from friends when some
details are missing; the answers might be with them. When those similar
instances are picked to help us out, the same ones are not always gone for.
They are mixed up, and they are chosen randomly. Why? Due It ensures that
our new information comes from all over the dataset, not just one specific

place. This keeps our data diverse and prevents relying too much on just one
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source; it helps reduce any biases that might sneak in if the same source is
always picked for filling in the gaps. It makes our data tougher and more
reliable for whatever is wanted to be done with it. In the final step, these
features are combined with the original data using the video ID as additional

features.

3.2.2 Data Preprocessing
This phase encompasses various steps aimed at preparing the data for
optimal compatibility with machine learning algorithms. Typically, these

steps involve:

3.2.2.1Removal Duplication

Duplicate in the dataset arises from the collection process being conducted at
different times. Eliminating duplicate entries becomes a critical step to ensure
that each video is represented only once. This process aids in averting
redundancy and potential bias in subsequent analyses. By deleting duplicate
records based on unique video IDs, the dataset is refined, resulting in a more
streamlined and accurate representation. This refinement enhances the

dataset's appropriateness for future analyses and modelling.

3.2.2.2 Dataset Labelling
Data labeling, as discussed in Chapter 2, Section 2.5.2, involves assigning
labels to instances in a dataset for classification purposes. Algorithm 3.3

provides a comprehensive explanation of this labeling process.

Algorithm 3.3 Labelling Video

Input:
Number of likes (likes)
Number of dislikes (dislikes)
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Number of comments (comment_count)
Number of views (views)

Output: label (0,1,2,3)

Begin

-Calculate the score using the following formula:
score = (likes — 1.5 * dislikes) *x comment_count / views
-Determine Label:
If views are less than 100,000:
Set label to 0.
Else
If score is less than O:
Set label to 1.
Else
if 0 < score < 300:
Set label to 2.
Else
Set label to 3.
-Return label
End

3.2.2.3Handling Missing Value of Video Description

There are very few missing values in one of the features used, specifically the
video description. The method employed to handle these missing values is
imputation. The imputation methods used include replacing missing values
with a constant value, in this case, 'N/A." This allows the dataset to indicate
that description information for these videos is not available or has not been

provided, and the specific steps are outlined in Algorithm 3.4.

Overall, these imputation methods help maintain the integrity of the dataset by
properly handling missing information and enabling subsequent analyses and

modelling to be conducted accurately.
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Algorithm 3.4 The Missing value in Description feature

Input: Feature with null values

Output: Feature without null values

Begin:
- For each value in specific feature: // Iterate over the feature
- IF value is null: // Check if the value is missing
- value = filling specific value based on feature // Impute the missing value with
specific value (for example not available, unknown)
End

3.2.2.4Text Data Cleaning

Process text data, specifically video descriptions, video titles, and channel
titles by removing any unnecessary characters. Cleaned and pre-processed text
data will yield better sentiment analysis results. This study employs a variety

of preprocessing techniques, The following steps are implemented:
Convert to lowercase: This step converts all characters in the text to lowercase.

Remove URLSs from the text: This step uses regular expressions to remove any

URLSs that start with "http’, ‘www"', or 'https' from the text.

Remove punctuation marks: This step removes all punctuation marks (e.g., :
I!I’ IIII’ l#l’ |$I’ I%l’ I&I’ lllll’ |(|’ l)l’ I*l’ |+l1 l’l’ l_l’ '_|’ l/l' I:I’ l;l’ I<l’ I=l1 l>l’ |?l’ I@I’ l[l’
I\\l, |]|’ l/\l' I_I’ |‘|' |{|1 |||’ I}I’ |~|’ etc) from the teXt

Remove Symbols: This step uses regular expressions to remove any characters

that are not letters (a-z, A-Z) or whitespace from the text, for example(€% "=
DOI¥RG APV 400t Qe d1e Netc).
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Remove words containing digits and individual digits: This step uses regular
expressions to remove words that contain digits or individual digits from the

text.

Split the text using the provided delimiters: This step splits the text into a list

of words using specified delimiters: ', "', ", '>', '<', and whitespace. It converts

the text into individual words, which will be further processed.

Remove empty elements from the list: This step removes any empty elements

from the list of words.

Merage the cleaned words back into a single string: This step joins the cleaned

words from the list back into a single string using a space (* ') as the separator.

3.2.2.5Features Encoding

After cleaning text data and handling missing values, the next step
transforming non numerical features into numerical features for ease of use in
data analysis and machine learning algorithms. In the used dataset, the
‘comment disable' feature can be transformed into a binary representation
where True' indicates that comments are disabled, and it is replaced with '1;'

while 'False' indicates that comments are enabled and is replaced with '0.’

The steps to perform this coding are outlined in Algorithm 3.5, which provides
a systematic approach to convert the non-numerical feature into the desired

numerical representation.

Algorithm 3.5 Convert Non numerical Feature into numerical Feature

Input: Non numerical feature (True, False)

Output: Numerical feature (1,0)

Begin:
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-ldentify the non-numerical feature in the dataset that needs to be converted into a
numerical feature.

-For each value in non-numerical: // Iterate over the instances

- If value is True, replace it with 1.

-Else , replace it with 0.

End

3.2.2.6 Processing Text Data Using Sentiment Analysis
When choosing the text features to work with, such as the video description,
tags, video title, and channel title, these texts undergo a bit of cleanup and

preparation.

Once the text is cleaned, it is broken down into individual words. A sentiment
dictionary, like the AFINN Dictionary, is used to rate words in English as
positive, negative, or neutral. These ratings range from super negative to very

positive, with zero meaning totally neutral.

After assigning sentiment scores to each word in the text based on the AFINN
sentiment list, calculate an overall sentiment score for the entire text. This can
be done by adding up all the individual scores or by determining a weighted

average.

Finally, categorize the overall sentiment score into different sentiment
categories, such as positive, negative, or neutral. This classification depends
on specific thresholds or rules that have been set. For example, if the score
goes above a certain threshold, call it positive; if it drops below, consider it

negative.
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3.2.2.7 Time Interval Features Extraction

In the context of video analysis, the feature " time interval " captures the
duration it took for a video to attract significant attention or engagement from
users. The time interval is calculated by subtracting the publication date from
the trending date, as denoted in algorithm 3.6. This calculation yields a time
duration, typically measured in hours, days, or weeks, which represents how

long it took for the video to gather significant attention or become trending.

This calculated time interval is then incorporated as feature in the dataset,
enabling its use alongside other features to analyse patterns, correlations, or
predictive relationships. By utilizing the ™ time interval " analysts can gain
insights into the time dynamics and popularity growth of videos. It becomes a
valuable tool for understanding the factors that contribute to a video's success

and for predicting future trends or user engagement patterns.

Algorithm 3.6 Time Interval Feature Extraction

Input: published date, trending date.

Output: time interval value in days

Begin:

-Convert publish date to suitable format.

- Convert trending date to suitable format.

-For each instance:
Subtract the trending date value from the corresponding publish date value.
Store the result in the time interval feature

- Return time interval features and add them to the dataset

End
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3.2.3 Machine Learning Models
Machine learning models were used to predict the popularity of YouTube
videos by classifying them into four categories. To do this, firstly a set of
features are extracted from the thumbnail video images using the pre-trained

Yolo model.

Additionally, textual features were extracted and processed, along with the
time interval feature, and the statistical features that are originally present in
the data set are also used, such as the number of likes, comments, dislikes,
video disabling, and video category. The total number of features used is 16.
After processing the data, an appropriate classifier was applied, and

predictions were made in multiple stages, depending on the features used.

The total dataset was divided into a training set (70%) and a testing set (30%).

Four classifiers were applied to find the best, these are:

a. Support Vector Machine
b. K-Nearest Neighbor Classifier

c. Random Forest Classifier

o

. Extreme Gradient Boosting Classifier

After applying the four classifiers, the Random Forest and XGBoost
algorithms demonstrated superior performance, achieving the highest

accuracy and outperforming other classifiers.

3.2.4 Evaluating the Performance of the Proposed Model
Different separate measures were employed to assess the effectiveness of a
specific categorization system. Accuracy, fl-score, precision, and recall are all
included. These measurements are calculated using a confusion matrix, which

IS a matrix that represents the number of cases that are correctly or incorrectly
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predicted by a classification model. In this thesis, the predicted classes are

four, so the form of the confusion matrix would be as follows (see Figure 3.3)

Predicted Class
0 1 2 3
0 TP FP FP FP
Actual 1 FN TP FP FP
Class 2 FN FN TP FP
3 FN FN FN TP

Figure 3.3: The Confusion Matrix of a Four Class
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CHAPTER FOUR

Results and Discussion

4.1 Introduction

This chapter presents the outcomes of the various stages of the proposed
system, as discussed in Chapter three. It provides a comprehensive overview
of the results obtained from each stage, including feature extraction from
images, text cleaning and processing, and the performance of the machine

learning models employed.

4.2 Research Environment

Hardware: Processor Intel ci7, RAM 16GB.

Operating System: Windows10 (64) bit.

The system was implemented using Python 3.11 and the PyCharm.
4.3 Proposed System Results

In this section, after applying the selected classifiers to the dataset, the
proposed system exhibited promising outcomes at each stage, showcasing its

effectiveness in predicting YouTube video popularity.

4.3.1 Extract Visual Features from Images
After using pre-trained YOLOV5 to process images and extract objects, as in
figure 4.1.
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person 0.67

»

Figure 4.1: The Result of Using Pre-Trained Yolo V5 Model

The result of this step is a group of objects and related information. The three
largest objects are selected based on their size in the image (boundary box),
and a weight is assigned to each object depending on its size in the image.
Each object is represented by a number belonging to 80 classes with a weight

for each object, as shown in the Table 4.3.

Table 4.1: Feature Set Extracted from Images (Before Processing Step)

video _id ObjectCategory 1| ObjectCategory 2| ObjectCategory 3 ObjectWeight 1 | ObjectWeight 2 ObjectWeight 3
0dBIKQ4Mz1M 0 0 0.2400 0.3793
d380meDoWol 0 0 0 ] 0.517 0.296 0.186
2Vv-BfVog4g 16 74 0.945 0.054
0ylWz1XEeyc 0 0 0 0.5519 0.2490 0.1989
6ylgz1gWeyu 16 32 | 4 [0.329 0.094 \ 0.502

There are missing values in the extracted features, likely due to the absence of
three objects in some images, as previously discussed in Section 3.2.1 Which

were processed, (Table 4.1: illustrates the data before processing step).

When there are missing values in object category 2 or object category 3, the
dataset will be searched for videos that are similar to object category 1. From
the found videos, one will be randomly selected to fill the missing values in
object category 2 or object category 3, along with their respective weights. and

the (Table 4.2: shows the results after processing the empty values).
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Table 4.2: Feature Set Extracted from Images (After Processing Step)

video_id ObjectCategory 1| ObjectCategory 2| ObjectCategory 3 ObjectWeight 1 | ObjectWeight 2 ObjectWeight 3
0dBIKQ4Mz 1M 0 0 0 0.2400 0.3793 0.1989
d380meDoWoM 0 0 0 0.517 0.296 0.186

2Vv-BiVog4g 16 74 4 0.945 0.054 0.502
OylwWz1XEeyc 0 0 0 0.5619 0.2490 0.1989
Bylgz1gWeyu 16 32 0 0.329 0.094 0.502

Subsequently, the extracted features are integrated with the original features
using the Image ID, which corresponds to the Video ID in the original dataset.
This integration is a crucial step as it allows for the combination of both sets

of features for further analysis and modeling.

It is important to note that each value in the first three columns represent a
category(classes), with the number 0 denoting a person and the number 27
representing a tie (To find out more, see Table 4.3), the other three columns
are the weights for each object, its importance according to its size in the

image, as indicated in Table 4.1.

Table 4.3 Shows the Number and What It Represents (Category)

~r Number 7 Class2 ~ Number ~ | Class

1 person 41 wine glass
2 bicycle 42 cup

3 car 43 fork

4 motorbike 44 knife

=) aeroplane 45 spoon

5 bus 46 bowl

rl train AT banana

8 truck 48 apple

9 boat 49 sandwich
10 traffic light 50 oranges

11 fire hydrant 51 broccoli

12 stop sign 52 carrot

13 parking meter 53 hot dog

14 bench 54 pizza

15 bird 55 donut

16 cat 56 cake

17 dog 57 chair

18 horse 58 sofa

19 sheep 59 pottedplant
20 COwW 60 bed
21 elephant 61 diningtable
22 bear 62 toilet
23 zebra 63 tvmonitor
24 giraffe 64 laptop
25 backpack (1) mouse
26 umbrella 66 remote
27 handbag 67 keyboard
28 tie 68 cell phone
29 suitcase 65 microwave
30 frisbee 7o oven

31 skis 71 toaster

32 snowboard s sink

33 sports ball 73 refrigerator
34 kite 74 book

35 baseball bat s clock

36 baseball glove 75 vase

37 skateboard T Scissors
38 surfboard T8 teddy bear
39 tennis racket 79 hair drier
40 bottle a0 toothbrush
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4.3.2 Data Preparation Results
The results of the data preparation phase are pivotal to the success of the
proposed system, being influenced by the quality and reliability of subsequent
predictions. In this section, the results of the data preparation process are
delved into, with key observations and decisions that shaped the dataset for

optimal model training and evaluation being highlighted.

4.3.2.1 Dataset Labelling
The result of labeling the data into four classes, as mentioned in the proposed

system, explain in table 4.4.

Table 4.4 The Result of Labelling the Data into Four Classes

video_id trending_date category id | ... likes |Label
n1WpPTiowlc 17.14.11 23| 127794 1
0dBIkQ4Mz1M 17.14.1 23 | e 146035 1
5qpjK5DgCt4 17.14.11 24 132239 1
d380meDOWOM 17.14.11 10 | 1634130 1

At this stage of pre-processing, duplicate records in the video dataset have
been successfully removed based on duplicate video IDs. The dataset now
contains only unique records (see table 4.5,4,6), ensuring that each video is

represented by a single entry without any redundant observations.

Table 4.5: The Results Before of Removing Duplicate Records
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video_id trending_date category id | @ ............ likes
n1WpPT7iowLc 17.14.1 23| 127794
0dBlkQ4Mz1M 17.14.11 23 | 146035
5qpjK5DgCtd 17.14.1 24 | 132239
d380meDOWOM 17.14.1 10 | 1634130
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Table 4.6: The Result After of Removing Duplicate Records

video_id trending_date category id |  ............ likes
n1WpPTiowLc 17.14.11 23| 127794
0dBIkQ4Mz1M 17.14.1 23| 146035
5qpjK5DgCt4 17.14.11 24 | 132239
d380meDOWOM 17.14.11 Ll e — 1634130

4.3.2.2Missing Value in Video Description

For some videos, the description field contains missing values, which are
processed by assigning the value 'Not available' This allows the dataset to
indicate that the description information for those videos is not available or
not provided. The table (4.7,4.8) shows the results of this step.

Table 4.7: Description Feature Before Handling the Missing Values

video id description

n1WpP7iowL{Eminem's new track Walk on Water ft. Beyoncé i...

oasncos v [

SqpjKSDgCt4/1I know it's been a while since we did this sho...

seevurnise (R

Table 4.8: Description Feature After Handling the Missing Values

video id description

n1WpP7iowL{Eminem's new track Walk on Water ft. Beyoncé i...
0dBIkQ4Mz1!Not available

SqpjKSDgCt41 know it's been a while since we did this sho...
SHNuRNi8t7( Not available
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4.3.2.3 Cleaning text features

The results of the pre-processing stage are shown, where textual features

such as video descriptions, video titles, and video channel titles are cleaned

by removing irrelevant information. Table 4.9 shows the results of the pre-

processing steps for the textual features within its dataset.

Table 4.9: The Results of Each Step on the Sample Video Description

Original text

Ending Explained for the latest from master Guillermo
Del Toro, the moving romantic monster movie2 THE
SHAPE OF WATER starring Sally Hawkins and
Doug Jones. Plus, analyzing the films bigger meaning
and themes.

Subscribe! B P http://bit.ly/2jrstgM

Support FoundFlix on Patreon! » b
http://www.patreon.com/foundflix

=== Connect with us on Social Media! ===
FACEBOOK » » www.facebook.com/foundflix
TWITTER » » www.twitter.com/foundflix
INSTAGRAM » » www.instagram.com/foundflix

Step 1: After
Convert to

lowercase

ending explained for the latest from master guillermo
del toro, the moving romantic monster movie2 the
shape of water starring sally hawkins and doug jones.
plus, analyzing the films bigger meaning and themes.
subscribe! B P http://bit.ly/2jrstgm

support foundflix on patreon! » »
http://www.patreon.com/foundflix

=== connect with us on social media! ===
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facebook P P www.facebook.com/foundflix
twitter P P www.twitter.com/foundflix

instagram P P www.instagram.com/foundflix

Step 2: After ending explained for the latest from master guillermo
Remove URLs del toro, the moving romantic monster movie2 the
from the text shape of water starring sally hawkins and doug jones.
plus, analyzing the films bigger meaning and themes.
subscribe! » >

support foundflix on patreon! » »

=== connect with us on social media! ===

facebook » »

twitter > »

instagram » »

Step 3: After ending explained for the latest from master guillermo
Remove del toro the moving romantic monster movie2 the
punctuation shape of water starring sally hawkins and doug jones
marks plus analyzing the films bigger meaning and themes

subscribe » >

support foundflix on patreon » b
connect with us on social media

facebook » »

twitter »

instagram » »

Step 4: After ending explained for the latest from master guillermo
Remove special | del toro the moving romantic monster movie2 the
characters, shape of water starring sally hawkins and doug jones

plus analyzing the films bigger meaning and themes
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numbers, and subscribe
extra spaces support foundflix on patreon

connect with us on social media

facebook

twitter

instagram
Step 5: After ending explained for the latest from master guillermo
remove words del toro the moving romantic monster movie the

containing digits | shape of water starring sally hawkins and doug jones
and individual plus analyzing the films bigger meaning and themes
digits subscribe

support foundflix on patreon

connect with us on social media

facebook
twitter
instagram
Step 6: After [, 'ending’, 'explained’, 'for', 'the’, 'latest’, ‘from’,
split the text 'master’, ‘guillermo’, 'del’, 'toro', ", 'the’, 'moving’,
using the 'romantic’, ‘monster’, 'movie’, 'the’, 'shape’, 'of', ‘'water’,
provided ‘'starring’, 'sally’, 'hawkins', ‘and’, 'doug’, ‘jones’, ",
delimiters ‘plus’, ", 'analyzing', 'the', ‘films', 'bigger’, ‘'meaning’,
‘and’, 'themes', ", ", 'subscribe’, ", ", ", 'support’,
‘foundflix’, 'on’, 'patreon’, ", ", ", ", ", ", ", ", ‘connect’,
'with', 'us', 'on’, 'social’, 'media’, ", ", ", ", ", 'facebook’,
" twitter', " linstagram’, ]
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Step 7: After
remove empty

element in list

['ending’, ‘explained’, ‘for', 'the', 'latest’, ‘from’,
'master’, 'guillermo’, 'del’, 'toro’, 'the’, 'moving’,
'romantic’, ‘monster’, 'movie’, 'the’, 'shape’, 'of', ‘'water’,
'starring’, 'sally’, 'hawkins', 'and’, 'doug’, ‘jones', 'plus’,
‘analyzing', 'the', 'films', 'bigger’, 'meaning’, ‘and’,
'themes', 'subscribe’, 'support’, ‘foundflix’, ‘on’,
‘patreon’, ‘connect’, ‘with', 'us', ‘on’, 'social’, ‘'media’,

‘facebook’, 'twitter’, 'instagram’]

Step 8: After
Join the cleaned
words back into

a single string

ending explained for the latest from master guillermo
del toro the moving romantic monster movie the shape
of water starring sally hawkins and doug jones plus
analyzing the films bigger meaning and themes
subscribe support foundflix on patreon connect with

us on social media facebook twitter instagram

4.3.2.4Encoding Features

In this step, the comment disable feature is converted from True/False

representation to numerical values (0 or 1). This transformation prepares the

data for machine learning algorithms that require numerical inputs, facilitating

analysis, training, and predictions. Table 4.10,4.11 illustrates the outcome of

this conversion process.

Table 4.10: The Result Before Handling Non-Numerical Features

Video_id Comment_disable
n1WpP7iowLc FALSE
0dBIkQ4Mz1M FALSE

SqpjKSDgCit4 TRUE
SHNuRNi8t70 FALSE
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Table 4.11: The Result After Handling Non-Numerical Features

Video_id Comment_disable
n1WpP7iowLc 0
0dBIkQ4Mz1M 0

SqpjKSDgCt4 1
SHNuRNi8t70 ]

4.3.2.5Processing Text Data Using Sentiment Analysis
The table 4.12 shows the proportion of sentiment conveyed in video

descriptions, titles tags, and channel titles.

Table 4.12: The Textual Features Extraction

Video id Video Description Video Title Channal Title Tags
0dBIkQ4Mz1M 0250000 -0.700000 0.0 0.150000
d380meDOVWOM 0.459091 0.000000 0.0 -0.350000

2\v-Bf\ogdg 0.200000 1.000.000 0.0 0.136364
OyIWz1XEeyc -0.131818 0.000000 0.0 0.000000
ulMskFfkhB8 0.250000 0.136364 0.0 0.056667

Allowing the extraction and analysis of sentiment from textual data provides
valuable insights into the emotions conveyed in the videos' descriptions, titles,
tags and channel titles. The objective was to categorize the overall sentiment
as positive, negative, or neutral, providing a deeper understanding of how
viewers may perceive the videos based on their titles and descriptions.
Understanding the sentiment behind the textual content helps reveal the
emotional impact and tone of the videos. This information is valuable for
influencers, marketers, and researchers, as it can be used to optimize video
titles, descriptions, tags, and channel titles to enhance engagement and

audience response.

To illustrate the distribution of positive, negative, and neutral sentiments

across the textual features, Figures (4.2), (4.3), and (4.4) are presented.
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Additionally, Figures (4.5), (4.6), and (4.7) show the ratio of positive,

negative, and neutral (zero) sentiments in the text features.

Distribution of Sentiment Polarity Of Description

3000

2500 4

20001

Frequency
=
I
[=]
o

1000

500 A

Ll

T T T T T T T t
-1.00 —0.75 —0.50 -0.25 0.00 0.25 0.50 0.75 1.00
Sentiment Polarity Of Description

Figure 4.2: Distribution Sentiments Across the Description Feature

Overall, the figure 4.12 illustrates the diversity of sentiments in video
descriptions, including neutral, moderately positive, very positive, and very

negative sentiments.

The sentiment analysis results provide a nuanced view of the emotional tone
conveyed in the video descriptions, which could be valuable for understanding
the content's overall tone and potentially predicting user engagement or

response based on sentiment
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Distribution of Sentiment Polarity Of Video Title
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-1.00 -0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00
Sentiment Polarity Of Video Title

Figure 4.3: Distribution Sentiments Across the Video Title Feature

The figure 4.3 indicates that a substantial proportion of sentiments in channel
titles is neutral, with a smaller number being highly positive or highly
negative. This suggests the existence of extreme sentiments in both the
positive and negative directions. The presence of such strong sentiments

implies a diversity of emotional tones across various channel titles.

The inclusion of highly positive and highly negative sentiments offers insights
into the emotional characteristics conveyed through channel titles.
Understanding these emotional nuances is valuable for comprehending how
the language employed in titles may influence viewer perception and
engagement.
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10000

BOOO

2000

o — = —r— .
-0.75 -0.50 -0.25 0.00 0.25 050 0.75 Lloo

Sentiment polarity of channel title

Figure 4.4: Distribution Sentiments Across Channel Title Feature

Similarly, concerning the channel title, the figure 4.14 illustrates a significant
proportion of neutral sentiments, accompanied by a few instances of highly

positive and highly negative expressions.
Distribution of Sentiment Polarity( Descriptions )

17.5%

Sentiment
Positive
Negative
Zero

10.7%

71.9%

Figure 4.5: The Ratio of Positive (+), Negative (-), and Neutral (Zero)

Sentiments in the Video Title Feature Description
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Distribution of Sentiment Polarity(Video Title)

25.4%

Sentiment :
Positive
Negative
Zero
60.3%
14.3%

Figure 4.6: The Ratio of Positive (+), Negative (-), And Neutral

(Zero)Sentiments in The Video Title Feature

Distribution of Sentiment Polarity(Channel title)

Negative
Zero

89.9%

Figure 4.7: The Ratio of Positive (+), Negative (-), And Neutral

(Zero)Sentiments in the Channel Title Feature

The figure 4.5,4.6 and 4.7 allows a comprehensive comparison of sentiment
distribution across the mentioned features, providing insights into the

emotional tones associated with each.
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The percentages reveal the relative prevalence of positive, negative, and

neutral sentiments within each feature.

Understanding the sentiment distribution in these features is crucial for
gauging the overall emotional appeal and tone of video content. For example,
positive sentiments may indicate engaging and appealing content, while

negative sentiments might suggest controversial.

4.3.2.6 Time Interval Features Extraction

Time interval feature provides valuable insights into how quickly a video
gained popularity after being published. A smaller Time interval indicates that
a video became popular shortly after its release, while a larger Time interval
suggests that the video took more time to gain traction and trend among
viewers. Table (4.13) displays the calculated Time interval values for each

video in the dataset.

Table 4.13: Time interval Feature for Each Video in the Dataset

video_id publish_time trending_date Time interval{in day)
0dBIkQ4Mz1M 131172017 17:00 14/111/2017 0.291667
d380meDOWOIM 1211172017 18:01 1411172017 1.248.831
2Vv-BfVogdg 091172017 11:04 1471172017 4.538.727
OylWz1XEeyc 131172017 07:37 1471172017 0.682049
_uM5kFikhBa 1211172017 23:52 1471172017 1.005.405

4.3.3 Results of the Classification Methods
In this thesis, a detailed comparison of video classification techniques was
conducted, employing various machine learning algorithms and combinations
of features. To evaluate the models, a dataset comprising 24,427 categorized
videos was employed, which was divided into 70% for training and 30% for

testing, as illustrated in Figure 4.8.
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Dataset Split

16000 +

14000 +

12000 4

10000 +

8000

Number of Videos

6000

4000

2000

T T
Training Set Testing Set
Sets

Figure 4.8: Separation of Data into Training and Testing Data
Types of features used:

e Metadata (Statistic ,5 features): such Like, Dislike, Comment,
Comment Disable, Category ID which exist in dataset.

e Extracted Features:
Extracted Text Features using Sentiment Analysis (4 features): Video
Description, tags, Video Title, Video Channel Title.
Time Interval (1 features): The time between when a video was
published and when it became popular.
Visual or Extracted Features from Images (6 features): Object

Category, Object Weights.

Now, a brief overview of the key findings from my evaluations will be

provided:
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4.3.3.1 Evaluation Using All Features

Following the preprocessing phases, the stages of feature extraction,
classification, and performance evaluation are implemented. The prediction
accuracy is obtained in the first phase based on all extracted and existing

features in the dataset.

Table 4.14 summarizes the findings. The results indicates that Random Forest
and XGBoost demonstrated superior performance compared to other
algorithms, suggesting their efficacy in managing the dataset's intricacies and
patterns. This effectiveness may be attributed to their capacity to capture
nonlinear relationships, address feature interactions, and mitigate overfitting.
Furthermore, the selection of attributes for analysis appears to align well with
these algorithms. Notably, these algorithms are recognized for their capability
to evaluate feature importance, offering valuable insights into the attributes
that substantially influence the predictive capability of the model. In terms of
performance, K-Nearest Neighbor sit in between RF/XGB and SVC. They
outperform SVC but fall short of RF and XGB, seen figure 4.9.

a. Random Forest accuracy reaching to 96.94.

b. Extreme Gradient Boosting accuracy reaching to 96.33%.
c. K-Nearest Neighbor accuracy to reaching 91.26%.

d. Support Vector Machine accuracy reaching to 87.55%.

Table 4.14: Accuracy Comparison of Classifiers Using all features

Algorithms | Accuracy | Precision | Recall f-score
KNN 91.26 91.61 91.02 90.92
RF 96.94 97.00 96.86 96.89
SVvC 87.55 87.77 87.37 87.40
XGB 96.33 96.38 96.24 96.27
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Accuracy Comparison of Classifiers Using All Features.
1001  96.94 96.33

91.26
87.55

80 +

60

Accuracy

40

20

RF XGB KNN SVM
Models

Figure 4.9 Accuracy Comparison of Classifiers Using all features

4.3.3.2 Evaluation Using Extracted Features Only

The initial assessment revealed that the Random Forest (RF) algorithm
achieved a baseline accuracy of 90.95%, surpassing the slightly lower
accuracy of 79.98% attained by XGBoost (XGB). This initial performance sets

the stage as a reference point for subsequent enhancements.

The next phase involved integrating visual features extracted from images into
the models. As a result, the Random Forest accuracy saw a notable
improvement to 93.00%, and XGBoost also benefited from the inclusion of
visual features, reaching an accuracy of 84.48%. This indicates the
effectiveness of these algorithms for video classification tasks, as shown in
Table 4.15.
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Table 4.15: Shows That Random Forest (RF) And XGBoost (XGB)
Outperformed the Previous Research on the Same Dataset Using Extracted

Features Only.

References | Algorithms | F1 score using Extracted features (Gap, text features)
[1] RF 70%
XGB 74%

Algorithms | F1 score using text and | F1 score using text features,

time interval features time interval and visual
This study features
RF 90.95% 93.00 %
XGB 79.98% 84.48 %

These outcomes strongly suggest that incorporating visual features played a
pivotal role in elevating the performance of both Random Forest and
XGBoost. The consistent trend of accuracy improvement with the inclusion of
visual features emphasizes the significance of a comprehensive feature set in

achieving enhanced model performance.

In summary, the initial findings underscore the effectiveness of text and time-
lapse features, with a substantial accuracy boost observed upon integrating
visual features. This discussion sheds light on the iterative nature of feature
engineering and model enhancement, offering valuable insights for informed

decision-making in future analyses or applications.

Random Forest consistently achieved well across all evaluations, indicating its
reliability and making it an appropriate option across different feature sets. In
contrast, Extreme Gradient Boosting performed well in the first two

evaluations but fell short in the third evaluation when only extracted features

67



Chapter Four Results and Discussion

were used. Carefully chosen features extracted from video thumbnails,
descriptions, tags, and titles can benefit marketers and influencers by
providing insights into the nature of the video, ultimately helping them make
their videos more popular, figure 4.10 Explain Confusion Matrix of Random Forest

Classifier.

Confusion Matrix - RandomForestClassifier

True
Class 1 Class 0

Class 2

Class 3

1 I I
Class 0 Class 1 Class 2 Class 3

Predicted

Figure 4.10 Confusion Matrix of Random Forest Classifier
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CHAPTER FIVE

Conclusions and Future Works

5.1 Conclusions

In summary, valuable insights into the effective strategies for predicting video
popularity on social media platforms are provided by the findings of the study.
The following conclusions highlight key approaches and outcomes that

contribute to understanding influential factors and model performance.

1. A highly effective approach is employed when the prediction model
combines various features.

2. An effective strategy has been demonstrated through the extraction
of additional features, including those related to video thumbnails.

3. Enhanced insights are achieved through the utilization of sentiment
analysis, assisting in the better understanding of emotions and
feelings in textual features.

4. Remarkable accuracy levels of nearly 96.94% and 96.33%,
respectively, were achieved through the utilization of robust
classification algorithms like Random Forest and Extreme Gradient
Boosting.

5. Lower accuracy levels are observed for SVM compared to Random
Forest and XGBoost, indicating that these models may not be the
best choices for this specific dataset and feature set.

6. The real value of analysis is found in gaining insights into the factors
influencing video popularity like Thumbnail-related Features, video
description.
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Finally, the opportunity to customize video content for increased appeal to the
target audience is offered by understanding the impact of titles, tags,
descriptions, and thumbnails on viewer engagement. This, in turn, increases

the likelihood of video success on social media platforms.
5.2 Future Work

Building upon the findings and methodologies presented in this thesis offers
numerous opportunities for future work aimed at enhancing the prediction of
video popularity on social media platforms. Potential areas for exploration

include:

1. Explore and scrutinize the intricate relationship between video
thumbnails and the corresponding video content in more detail.
Investigate how specific elements in thumbnails contribute to viewer
engagement and popularity.

2. Examine images using models trained on a broader array of classes to
extract supplementary features that demonstrate enhanced effectiveness
and accuracy. Evaluate the impact of diverse training data on the
model's ability to capture nuanced visual information.

3. Refine and optimize the prediction model by exploring additional
combinations of features using APl (Application Programming
Interface). Investigate the incorporation of real-time data and evolving
trends to improve the model's predictive capabilities.

4. Extend the research beyond YouTube and include other social media
platforms, such as TikTok. Analyse the platform-specific factors
influencing video popularity, providing a comprehensive understanding

of the diverse dynamics across platforms.
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5. Compare and contrast the factors influencing video popularity on
different platforms. This comparative analysis will enable influencers
and marketers to tailor their strategies based on the unique

characteristics and preferences of each platform's audience.

By addressing these areas of future work, researchers can contribute to the
advancement of the video popularity prediction field. This, in turn, will
facilitate the development of more effective content marketing and user

engagement strategies on a variety of social media platforms.
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