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Abstract

According to the latest video consumption statistics in 2022, 92.7 percent of global

Internet users worldwide visits online video-sharing platforms, such as YouTube and

TikTok, every week. These users share their videos and exchange image/text com-

ments to establish crucial social network interactions. Based on the existing research,

users’ likes and comments are evidence commonly used to quantify the popularity of

videos and social media creators. However, it remains largely unclear if the sentiment

of comments, e.g., negative comments, will also affect the video or video creators’

popularity.

In this thesis, we take initial steps to explore YouTube video comments via sen-

timent analysis. We present an in-depth measurement study of commenting and

user’s comment behaviors on a sample of more than 7 million comments on 4 million

YouTube videos. Our measurement indicates that Music and Gaming videos attract

more feedback and are more likely to be affected by the sentiment of comments. To

better understand this, we utilize three popular machine learning models and two

deep learning models to analyze the sentiment of video comments. Unlike Twitter

and Facebook-based research, our study proves that negative comments do not signifi-

cantly impact the popularity of YouTube videos. This means the online video-sharing

platforms are more robust against unhealthy comments or rumors.
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1 Introduction

The rise of social networking websites has brought about a lot of famous social

media companies, such as Meta, Instagram, YouTube and LinkedIn. Many social

scenes in daily life have been transferred to the online world, where people can make

friends, listen to music, play games, and apply for jobs. Social networking websites

have reshaped people’s daily lives, redefined popular trends, and changed the way

people surf the Internet. For example, according to data statistics 1, the number of

YouTube users has reached 1.3 billion. In the past two years, due to the outbreak of

the COVID-19, people were forced to live in isolation at home. Eight out of every 10

adults used YouTube. There is no doubt that YouTube is the No.1 in the video field.

With the development of information interaction forms, it has become a very

common behavior to leave messages in the comment area of social media. YouTube

users express their emotions or views through comments, interact with video creators

or other users, and as a result, create a sense of connection with others. For video

creators, the comment area is an important source of inspiration. They can mine

interesting UGC (user generated content) in the comment area and create more pop-

ular works. For social media platforms, the comment function does not only meet

the needs of users but also increases their sense of participation, which is helpful to

increase the users’ stickiness. However, at the same time, some studies showed that

if the comment area is filled with negative comments, other users, especially video

creators, will feel excluded, which could lead to some creators delete user comments,

1https://fortunelords.com/youtube-statistics/
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close the comment area or even leave the platform. Although diversity and openness

may be the original intention and charm of the Internet platform, it seems that set-

ting up comment barriers and clearing the comment area have become the consensus

of social media.

The purpose of this research project is to discuss whether too many negative com-

ments will affect the popularity of the video and thus affect the income of the video

creators. To be able to answer this question, we used the YouTube API and crawled

three datasets, namely 100 YouTubers, 400,000 videos, and 700,000 comments. Also,

we conducted statistical analysis on the YouTuber dataset and video dataset. After

that, we utilized three popular machine learning models, namely SVM, NB, RF, and

two deep learning models, LSTM and CNN to analyze the sentiment of comments.

All these five models performed well and got over 80% accuracy. The correlation co-

efficient of positive ratio and like ratio was less than 0.4, indicating a weak correlation

relationship. Moreover, the correlation coefficient between the positive ratio and the

number of views was less than 0.2. We can conclude that negative comments did not

affect the popularity of the videos. When we calculated it using video categories, we

found that different video categories presented different characteristics. The correla-

tion for Entertainment was 0.4, while the correlation for Science & Technology was

only 0.2. We assumed that Science & Technology comments are more neutral and

objective, and that’s why sentiment analysis cannot effectively mine user opinions.

This research paper includes five chapters. Chapter 1 is Introduction. Chapter

2 briefly introduces the YouTube website, the statistics theory, the programming li-

brary, and the algorithms. Chapter 3 focuses on how we collect the YouTube data

includes channel list, video data and video comments, and the measurement of ob-

servations. Chapter 4 presents our analysis results for the user comments. Finally,

Chapter 5 discusses the specific conclusions of our research.
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2 Background

2.1 Online Video Sharing

The progress of video compression technology makes the application of online

video hosting and video streaming possible. The world’s first online video hosting

platform is ShareYourWorld, which was founded in 1997 and allows users to upload

videos in different formats. However, the bandwidth technology was limited at that

time, and the transcoding technology of video was not yet mature. When the growth

of user scale brought more video content, ShareYourWorld finally closed its service in

2001 because of serious budget problems. After that, Pandora TV, an online video

hosting platform established in South Korea, officially began its service in October

2004. Although it also provides video hosting services for users, Pandora TV provides

users with unlimited storage space for uploading videos. And it is the first online video

platform in the world to add advertisements to videos, so as to ensure its continuous

operation.

Founded in 2005, YouTube is the first video streaming platform. Users can up-

load their videos in various formats to YouTube platform. Based on YouTube’s own

video transcoding technology, these user generated content can be streamed anywhere

on the Internet. By 2006, YouTube had accounted for more than half of the online

video market share, far surpassing its competitors in the same period. Such excellent

performance contributed to Google’s sky high purchase of YouTube in 2006. Then

YouTube found a perfect advertising form to achieve a balance between user experi-
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ence and advertising effect. After years of exploration, 5 seconds can skip the plug-in

advertisement, which can appear in the beginning, middle, or end of the video, pro-

viding the possibility to increase the density of advertisements. Users can decide

whether to finish watching the advertisement or skip it according to their prefer-

ences. Five seconds is a very short time, which has little impact on users’ movie

viewing experience. This kind of advertisement benefits advertisers, users and plat-

forms. YouTube’s revenue is close to $20 billion by 2020, accounting for about 13%

of Google’s total advertising revenue. However, YouTube’s growth rate was faster

than that of Google’s other major advertising sources, with advertising revenue of an

increase of 49% year-on-year.

2.1.1 The Development of YouTube

The development of Web 2.0 technology gave birth to the new generation of so-

cial networking websites. The user is no longer just a information receiver, but a

producer of website content, and can communicate and interact with other users.

Therefore, social networking sites are also called user generated content (UGC) sites.

For example, Facebook, Twitter and YouTube are well known.

YouTube was founded in 2005. After 16 years of development, YouTube has

already become a part of people’s daily life. According to the statistics of Internet

traffic1 , YouTube has become the second most visited website after Google, ahead

of Facebook, Wikipedia and Twitter. YouTube has more than 30 million visitors

every day. On average, about 300 hours of videos are uploaded to the YouTube

website every minute, and more than 5 billion videos are viewed by users every day.

Especially during the COVID-19, more and more people choose to become full-time or

part-time YouTubers to make money by making videos. More excellent video content

1https://www.semrush.com/website/top/
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will continue to improve the user experience and enhance user stickiness. In the video

field, YouTube stands out as a leader in the Internet video platform.

YouTube has designed many functions to facilitate users to interact with others.

On the one hand, users can directly comment on the video to express their views. On

the other hand, users can also subscribe to the channel of YouTuber or send private

messages to YouTuber. The website also provides sharing, rating and favoriting

functions. For YouTuber, the website allows content providers to easily upload videos

they have made, and provides the tag function to extract keywords for easy retrieval

by users. The above functions can record user behaviors, constitute the analysis data

source of this article, and can directly crawl the metadata provided by the website

through the YouTube API. The attributes of the video itself, such as publish time,

video length, video category and country, can also be obtained directly through the

YouTube API, which is convenient for us to compare different short video websites.

2.2 Statistical Analysis Methods

2.2.1 Pearson Correlation

Pearson correlation coefficient is usually used to measure the linear correlation

between variables (Benesty et al. 2009), and its formula is as follows:

ρX,Y = corr(X, Y ) =
cov(X, Y )

σXσY

=
E[(X − µX)(Y − µY )]

σXσY

where numerator refers to the covariance of variable X and variable Y, which

reflects the correlation of two random variables. Specifically, if a variable increases or

decreases with another variable, the covariance of the two variables is positive, and

vice versa.
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According to the formula, the Pearson correlation coefficient is obtained by di-

viding the covariance by the standard deviation of the two variables. Although the

covariance can reflect the correlation of the two random variables, when the covariance

is greater than 0, it means the two are positively correlated, and when the covariance

is less than 0, it means the two are negatively correlated, the covariance value can

not well measure the correlation of the two random variables. Pearson correlation

coefficient divides the standard deviation of two random variables on the basis of

covariance, thus limiting Pearson’s value between -1 and 1. Specifically, when the

linear relationship between the two variables is enhanced, the correlation coefficient

tends to 1 or -1. When one variable increases and the other variable also increases, it

indicates that there is a positive correlation between them, and the correlation coeffi-

cient is greater than 0. If one variable increases while the other decreases, it indicates

that there is a negative correlation between them, and the correlation coefficient is

less than 0. If the correlation coefficient is equal to 0, there is no linear correlation

between them.

2.2.2 Standard Deviation

The standard deviation is the square root of the arithmetic mean of the square of

the difference between each individual in the sample and its mean, which reflects the

dispersion of a dataset. The greater the value, the more discrete, that is, the greater

the difference between individuals (Wan et al. 2014). The formula is as follows:

std = σ =

√∑n
i=1(xi − µ)2

n
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where µ represents the mean value of the data, and:

µ =

∑n
i=1 xi

n

2.2.3 Mean Squared Error

Mean squared error reflects the relationship between the estimated value and the

real value of the data, and can be used to measure the average squared difference

between the estimated value and the real value. Mean squared error is the average of

the sum of squares of the difference between the data and the actual value, that is,

the average of the sum of squares of errors (Wang and Bovik 2009). It is formulated

as:

MSE =
1

n

n∑
i=1

(Yi − Ŷi)
2

where Yi is the actual value, and Ŷi is the predicted value. When the predicted value

is completely consistent with the real value, it is equal to 0, that is, the perfect model;

the greater the MSE value, the greater the error, that is, the bad model.

2.3 Programming Library

We used Scikit-learn library for implementing machine learning algorithms and

Keras library for implementing deep learning algorithms. Scikit-learn is an open

source Python library, we can access its interface to implement all kinds of machine

learning algorithms such as Support Vector Machine, Random Forest, and Naive

Bayes, etc; it also provides some data preprocessing methods, evaluation methods

for machine learning (Bisong 2019). Keras is an open source Python library which
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uses TensorFlow as its backend, we can access its interface to build the deep learning

networks such as Recurrent Neural Network, Long short-term memory, and Convo-

lutional Neural Network, etc (Gulli and Pal 2017). We also used the NumPy and

Pandas library for data processing and Matplotlib library for data visualization.

2.4 Supervised Machine Learning Algorithms

2.4.1 Support Vector Machine

Sentiment analysis in this paper needs to divide comments into positive comments

and negative comments, which belongs to a binary classification problem. Support

Vector Machine (SVM) is a binary classification model, which can be constructed by

training set, so as to divide the new data into two categories. Moreover, a comment

often contains multiple words, so it belongs to high-dimensional problems, and SVM

can also solve high-dimensional problems. So SVM model can meet our needs.

Support Vector Machine (SVM) is a supervised classification algorithm. An ordi-

nary SVM is just a straight line in two dimensions, which is used to perfectly divide

two linearly separable categories. It is the most perfect straight line among countless

separable lines, which is the same distance from the points of the two classes. The

SVM architecture is as Figure 2.1. The SVM selects a hyperplane that seperates the

two classes with maximum margin (X. Zhang 2017). However, if the two classes can

not be separated in the dimension, then you can use the kernel function, it can map

the data to an additional dimension, that is to say, we can project the data from

lower dimension to higher dimension, then we can separate the classes (Noble 2006).

The SVM model is widely used for sentiment analysis of user comments on so-

cial media platforms. Li used the SVM model to mine consumer opinions on the

8



Figure 2.1: Support Vector Machine Architecture(Gorguluarslan and Choi 2013)

Microblogs website, effectively discovering market intelligence to support market de-

cision makers (Y.-M. Li and T.-Y. Li 2013). Eleonora D’Andrea and Pietro Ducange

demonstrated that SVM classification results yielded the highest accuracy when mon-

itoring user attitudes towards vaccination using Twitter comments (D’Andrea et al.

2019).

2.4.2 Random Forest

The SVM algorithm is difficult to implement for large-scale training samples, and

the calculation will consume a lot of memory and computing time. While Random

Forest is easy to implement, have low computational overhead, and show strong

performance in many real-world tasks. It can handle very high-dimensional data

without feature selection.

Random Forest (RF) is a classification and regression method that integrates many

decision trees into a forest and it is used to predict the final result. RF builds bagging

9



Figure 2.2: Random Forest Architecture(Allehaibi, Y. Khan, and S. a. Khan 2021)

integration with decision tree, but add a random selection of features during the

decision tree training process (Breiman 2001). The RF architecture is as Figure 2.2.

And RF gets the final results based on all the decision trees result, for example

by majority voting or averaging all the decision trees results (Oshiro, Perez, and

Baranauskas 2012). Gupte found that there are many experimental results for opinion

mining showed good accuracy in different data sets when do the classification problem

(Gupte et al. 2014). Karthika and Murugeswari demonstrated that both the RF model

and the SVM model can be used to classify user reviews (positive, negative, neutral)

on the online shopping website flipkart.com, but the RF model performed better with

97% accuracy (Karthika, Murugeswari, and Manoranjithem 2019).
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2.4.3 Naive Bayes

Naive Bayes classifier is another widely used algorithm based on Bayes’ theorem,

which can classify data (Pang, Lee, and Vaithyanathan 2002). Naive Bayes model

combines prior probability and posterior probability, and assumes that features are

independent of each other. Feature independence means that the probabilities of

different words in the text are not affected by each other, that is, the occurrence of one

word will not affect the occurrence of another word. Although this condition is often

not true in the real world, Naive Bayes classifier still shows high accuracy. Moreover,

the algorithm is very simple, insensitive to missing data, and has good robustness.

Kang and Yoo used SVM algorithm and NB algorithm when doing sentiment analysis

on restaurant reviews, and the improved NB algorithm, which improved the recall and

precision of the performance (Kang, Yoo, and Han 2012). The formula is:

P (Y |X) =
P (Y )P (X|Y )

P (X)

where P (Y |X) is posterior probability, P (Y ) is prior probability.

2.5 Supervised Deep Learning Algorithms

2.5.1 Long short-term memory

Recurrent Neural Network (RNN) is a kind of neural network used to process

sequence data. For example, RNN can solve the meaning of a word having different

meanings in different context (Medsker and Jain 2001). Long short-term memory

(LSTM) is a special RNN, which is mainly used to solve the gradient vanishing and

gradient explosion in the process of long sequence training. That is to say, LSTM can

11



Figure 2.3: LSTM Architecture(Olah 2015)

perform better in longer sequences (Sherstinsky 2020). The LSTM architecture is as

Figure 2.3. Basically there are three gates in LSTM, the “forget gate” decides what

information should be deleted, that is to say not all information can be used in the

next layer; the ”memory gate” decides what new information should be added to the

cell; the ”output gate” decides what value should be outputed (Olah 2015). Many

papers have used LSTM for sentiment analysis, for example Li and Qian’s paper has

conducted several experiments show that the LSTM can produce good accuracy and

recall rate on comments sentiment analysis (D. Li and Qian 2016). And Dr.Murthy

used the LSTM to do sentiment analysis on raw text and achieved good success on

sentiment classification (Murthy et al. 2020).

2.5.2 Convolutional Neural Network

Convolutional Neural Network (CNN) is a kind of neural network. The model

structure of CNN is relatively simpler than that of LSTM, and training is more time-

saving than LSTM. The structure of CNN can be divided into 3 layers. The CNN

basic architecture is as Figure 2.4. The first layer is Convolutional Layer which is

mainly used to extract feature. The second layer is Max Pooling Layer which is used

to do downsampling. The third layer is Fully Connected Layer which is used to do the

12



Figure 2.4: CNN Basic Architecture(Gu et al. 2019)

classification (O’Shea and Nash 2015). CNN is mainly used for image classification

and voice recognition, while CNN can also work good for sentiment analysis since we

can extract text data piece by piece (Liao et al. 2017). CNN is being used to extract

opinions by Ishaq, he implemented CNN to do the sentiment analysis and get a better

result than the state-of-the-art techniques (Ishaq, S. Asghar, and Gillani 2020).

2.6 Related Work

2.6.1 Comment Related Studies

Compared with the traditional media, social media allows people to easily share

opinions, experiences and views with each other. Antonis and Samuel compared the

performance of users on traditional news websites and social media platforms, and

found that people who used social platforms to access news were more willing to

comment or share news (Kalogeropoulos et al. 2017). As the most popular video

sharing platform, YouTube has gathered many users. Users can express their views

on video content, express their emotions, and communicate with each other, which

constitutes a large amount of text data that can be used for sentiment analysis. At

present, the research on YouTube comments is mainly divided into three categories:

Event Classification, which analyzes video titles and descriptions, and classifies videos
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into music, movies, sports, etc; The second is to detect the Sentiment Polarity, that

is, to divide user comments into positive comments or negative comments; The third

type is Comment Prediction, which predicts the polarity of the video through all the

comments and to get a high polarity video (M. Z. Asghar et al. 2015).

Paying attention to the comment area can bring direct benefits to the YouTu-

bers. First, video creators can get more traffic on the platform. According to

YouTube Search Engine Optimization (SEO) algorithm, several metrics are used to

determine the ranking of videos, including completion rate, like rate, comment rate,

click-through rate, audience retention, etc. Therefore, increasing the comment rate

helps creators get more traffic on the platform. Second, creators can get creative

inspiration in the comment area. User comments are often an intuitive reflection of

user needs. When making videos, by checking comments, counting the topics and

hot words with many responses, finding out user interests, it helps to enhance the

appeal of the video and inspire resonance. Hanif and Jinat’s research validates that

sentiment analysis of user comments on YouTube can help users retrieve the most

relevant and popular videos (Bhuiyan et al. 2017).

It has been confirmed by many studies that comments influence the opinions

and judgments of others. For example, investors’ perceptions of negative news are

influenced by the comments of others, and if the majority of comments are positive,

investors will not be extremely pessimistic about bad news (Trinkle, Crossler, and

Bélanger 2015). However, the comment area has both advantages and disadvantages.

One study shows that negative comments can make video creators feel excluded and

even quit social interaction (Lutz and Schneider 2021). This also explains why some

YouTubers close video comments.

To be sure, negative comments can frustrate video creators. The more negative

comments a video creator receives, the harder it is for them to have fun. Our research
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interest is whether the ratio of positive and negative comments and the number of

positive and negative comments affect the popularity and ranking of videos. Previous

studies have shown that the ratio of positive and negative comments(positive/positive

+ negative) has nothing to do with the like ratio (like/like + dislike) (Lorentz and

Singh 2021). Lisette and Sonja analyzed 355 brand posts from 11 international brands

and found that the rate of positive comments on brand posts was positively correlated

with the number of likes (De Vries, Gensler, and Leeflang 2012). Our research com-

prehensively examines the popularity and ranking of videos, including views, likes,

comments, and the number of positive comments, like ratio, positive ratio. In addi-

tion, we also analyzed different video categories to explore the different performances

between them.

2.6.2 Sentiment Analysis

Sentiment analysis is the process of using algorithms to analyse people’s emotions,

attitudes and opinions expressed in the text. Now we are in the explosive growth of

social media era, which has produced a huge amount of text data to express people’s

emotions and opinions (Liu and L. Zhang 2012). So it is necessary to use computer

to do the sentiment analysis which will save a lot of time.

There are mainly three methods for the sentiment analysis. The first one is lexicon

based approach, we can indicate positive, negative or neutral sentiment(or polarity)

with a sentiment score to each word in the lexicon, then to calculate the sentence

sentiment score (Kiritchenko, Zhu, and Mohammad 2014). The second one is machine

learning based approach, we can process the text to extract the feature, then use

machine learning algorithms to train our model and predict the new sentence polarity.

And there are also some deep learning algorithms have applied into the sentiment
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analysis tasks. The third one is the combination of machine learning and lexicon-

based methods (Wankhade, Rao, and Kulkarni 2022).

It is very useful to do the sentiment analysis on social media user comments. By

doing sentiments analysis on users’ comments, we can evaluate the YouTube video

quality popularity and relevancy (Bhuiyan et al. 2017). We can also do the sentiment

analysis on the particular video to understand people’s opinion on some policies, like

Italian people’s opinion change about vaccination policy (Porreca, Scozzari, and Di

Nicola 2020), etc.
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3 Data Collection and Measure-

ment

3.1 Data Gathering

In order to analyze the statistical properties of YouTube video websites, this

paper uses the YouTube API1 to crawl the relevant data of YouTube videos and

channels. First, we get the top 100 YouTubers from each country, such as the United

States, China, France, Germany, Japan, India, Russia, etc., and get a total of 1,000

YouTubers, and then sort it according to the number of subscriptions, filter out the

top 100, such that get our YouTuber channel table. The second step is to get all the

videos published by each YouTuber through the YouTube API, and a total of about

500,000 videos are collected. The third step is to crawl all user comments under the

video through each video url. Because the average number of video comments is more

than 5,000, we have no way to process the comments of all videos. So when crawling

comments, we only randomly selected 2,000 videos with dislike numbers greater than

0 in the United States, and then collect the corresponding comments of these videos.

In the end, we collected three data sets in total, namely channel table, video table, and

comment table, contains 100 channels, 500,000 videos, 700,000 comments respectively.

1https://developers.google.com/youtube/v3/quickstart/python

17



3.1.1 Crawl the Channel List

The Influencer ranking website provides influencer rankings on internet platforms

such as YouTube, TikTok, and Instagram. By directly crawling and analyzing relevant

web pages, the channel list can be easily obtained, thereby helping us to directly use

the YouTube API to get more needed data. BeautifulSoup, webdriver, requests and

re are packages that are often used by scraping web pages. webdriver is used to drive

chrome browser, request to get all the information of the web page, BeautifulSoup

and re can parse the coding information of the web page, so as to crawl the required

data. The python crawler code is shown below.

1 #Crawler Get ChannelID
2 from bs4 import Beaut i fu lSoup
3 from ap i c l i e n t . d i s cove ry import bu i ld
4 from selenium import webdriver
5 import r eque s t s
6 import re
7 import csv
8
9 d r i v e r = webdriver . Chrome ( )
10
11 de f getChannelID ( page ur l ) :
12 d r i v e r . get ( page ur l )
13 html = dr i v e r . page source
14 page soup = Beaut i fu lSoup ( html , ’ html . pa r s e r ’ )
15
16 l i n k s = page soup . f i n d a l l ( ”a” , {” c l a s s ” : ” l i n k c l e a r f i x ” })
17
18 data = [ ]
19 f o r l i n k in l i n k s :
20 h r e f = l i n k [ ’ h r e f ’ ]
21 ID = re . match ( ’ /youtube/ channel / ( . ∗ ) ’ , h r e f )
22 #pr in t ( ID)
23 i f ID != None :
24 data . append ( ID . group (1) )
25
26 re turn data
27
28 new page = ’ https : //www. nox in f l u enc e r . com/youtube−channel−rank/top−100−

a l l −a l l −youtuber−sorted−by−subs−weekly ’
29 channe l i d s = getChannelID ( new page )
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Figure 3.1: Json File of Channels

3.1.2 Collect Channel and Video Information

Once we have the channel id, it is the most efficient way to get channel information

directly through the YouTube API. Use the api key to send a request to google, and

we will get the json file as shown in Figure 3.1. It contains all channel information

officially provided by YouTube. Our channel dataset selects 6 attributes, namely

Channel name, Channel id, Subscribers, Views, Total videos and Videolist id. The

obtained channel table and video table are shown in Figure 3.2 and Figure 3.3. And

the Python script is shown below.

1 #get channe l da ta
2
3 import reques t s , sys , time , os , a rgparse
4
5 ID = ’UCYLNGLIzMhRTi6ZOLjAPSmw ’
6 r e qu e s t u r l = f ” https : //www. goog l e ap i s . com/youtube/v3/ channe l s ? part=

sn ippet%2CcontentDeta i l s%2C s t a t i s t i c s&id={ID}&key={ap i key }”
7 reque s t = reque s t s . get ( r e q u e s t u r l )
8 r eque s t . j s on ( )

1 de f getChannelData ( items ) :
2 channe l data = [ ]
3 f o r data in items :
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Figure 3.2: Top 100 Channels Table

4 i f bool ( data ) :
5 element = d i c t ( Channel name = data [ ’ sn ippet ’ ] [ ’ t i t l e ’ ] ,
6 Channel id = data [ ’ id ’ ] ,
7 Subs c r i b e r s = data [ ’ s t a t i s t i c s ’ ] [ ’

subscr iberCount ’ ] ,
8 Views = data [ ’ s t a t i s t i c s ’ ] [ ’ viewCount ’ ] ,
9 Tota l v ideo s = data [ ’ s t a t i s t i c s ’ ] [ ’ videoCount ’ ] ,
10 V i d e o l i s t i d = data [ ’ c on t en tDe ta i l s ’ ] [ ’

r e l a t e dP l a y l i s t s ’ ] [ ’ uploads ’ ] )
11
12 channe l data . append ( element )
13
14 e l s e :
15 cont inue
16
17 return channe l data

Regarding scraping video information, we use similar code, and also crawled

through YouTube API. The scraper code is also shown below. For each video, we

collected 10 attributes, namely Video name, Video id, PublishedAt, ChannelId, Cat-

egoryId, Video length, Views, LikeCount, CommentCount and DislikeCount.

1 #Crawler Get VideoInformat ion
2 import reques t s , sys , time , os , a rgparse
3 from go o g l e a p i c l i e n t . d i s cove ry import bu i ld
4 import pandas as pd
5 import seaborn as sns
6 import numpy as np
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7
8 df = pd . r ead c sv ( ”Video IDs . csv ” )

1 de f getVideoData ( items ) :
2 v ideo data = [ ]
3 f o r data in items :
4 i f data :
5 t ry :
6 d i s l i k eCount = data [ ’ s t a t i s t i c s ’ ] [ ’ d i s l i k eCount ’ ]
7 except :
8 d i s l i k eCount = data . get ( ’ d i s l i k eCount ’ , 0)
9
10 try :
11 l ikeCount = data [ ’ s t a t i s t i c s ’ ] [ ’ l ikeCount ’ ]
12 except :
13 l ikeCount = data . get ( ’ l ikeCount ’ , 0)
14
15 try :
16 commentCount = data [ ’ s t a t i s t i c s ’ ] [ ’ commentCount ’ ]
17 except :
18 commentCount = data . get ( ’ commentCount ’ , 0)
19
20
21 element = d i c t ( Video name = data [ ’ sn ippet ’ ] [ ’ t i t l e ’ ] ,
22 Video id = data [ ’ id ’ ] ,
23 PublishedAt = data [ ’ sn ippet ’ ] [ ’ publ ishedAt ’ ] ,
24 ChannelId = data [ ’ sn ippet ’ ] [ ’ channel Id ’ ] ,
25 CategoryId = data [ ’ sn ippet ’ ] [ ’ ca tegoryId ’ ] ,
26 Video length = data [ ’ c on t en tDe ta i l s ’ ] [ ’ durat ion ’

] ,
27 Views = data [ ’ s t a t i s t i c s ’ ] [ ’ viewCount ’ ] ,
28 LikeCount = likeCount ,
29 CommentCount = commentCount ,
30 Dis l ikeCount = d i s l i k eCount )
31
32 v ideo data . append ( element )
33 re turn v ideo data

1 import reques t s , sys , time , os , a rgparse
2
3 v ideo data = [ ]
4 f o r ID in df :
5 #pr in t ( ID)
6 r e qu e s t u r l = f ” https : //www. goog l e ap i s . com/youtube/v3/ v ideos ? part=

s t a t i s t i c s , sn ippet , c on t en tDe ta i l s&id={ID}&key={ap i key }”
7 #pr in t ( r e q u e s t u r l )
8 r eque s t = reque s t s . get ( r e q u e s t u r l )
9 page = reques t . j son ( )
10 items = page . get ( ’ i tems ’ , [ ] )
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Figure 3.3: Videos Information

Figure 3.4: Video Comments

11 element = getVideoData ( items )
12
13 v ideo data +=element

3.1.3 Crawl Video Comments

Before crawling video comments, we first filter the videos, and select those videos

published in the United States with dislikes >0, so that likes/(likes + dislikes) can be

calculated. At the same time, we ensure that most of the comments are in English,

so as to simplify the word processing process. Using 2,000 randomly selected video

ids, we finally get 700,000 video comments. The dataset is shown in Figure 3.4.
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3.2 Data Cleaning

As we all know, it is necessary to preprocess the YouTube comments before doing

the sentiment analysis. Firstly, according to the language characteristics, in most

cases, valuable comments from different users will not be completely the same. If

the comments from different users are completely repeated, then these comments are

generally meaningless. Obviously, only the earliest of these comments are meaningful,

that is, only the first one works. Some comments are very similar, but there are

differences in the use of same words. If the comments with similar words are deleted,

they will be deleted by mistake. As there is a lot of useful information in similar

comments, it is obviously inappropriate to remove such comments. Therefore, we

only focus on deleting the completely repeated comments to ensure that the useful

comments information is retained. We used the drop duplicates() methods in pandas,

the Python data analysis library, to drop exactly the same comments.

Then, we preprocess the comment sentences crawled from Youtube so that they

can be easily learned by various classifiers. Since there are many URL links and

various random symbols in user comments on social media, we use regular expressions

to remove them. Because we only need the alphanumeric character to do the sentiment

analysis, so this will not affect our results. Next because there are a lot of stop words

in English usually include adverbs, prepositions and interjections, such as ”the”, ”is”

and ”and” etc, those words have no sentiment meaning, we need to delete them too.

The python code is shown below.

1 import n l tk
2 import re
3
4 de f p r ep roce s s ( data ) :
5 n l tk . download ( ’ stopwords ’ )
6 stop words = s e t ( stopwords . words ( ’ e n g l i s h ’ ) )
7
8 data = re . sub ( r ’ ( ( https ? : / / [ \ S]+) ) ’ , ’ ’ , data )
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9 data = re . sub ( r ’<.∗?> ’ , ’ ’ , data )
10 data = re . sub ( r ’ [ ˆ a−zA−Z0−9\s ] ’ , ’ ’ , data )
11 data = data . apply ( lambda x : [w f o r w in x . s p l i t ( ) i f w not in

stop words ] )
12
13 re turn data

3.3 Measurement Observations

In this subsection, we have made statistical analysis on the YouTuber dataset, the

video dataset and comment dataset respectively, so as to have a basic understanding

of the YouTube website.

3.3.1 YouTuber Statistics

The YouTuber dataset selects the top 100 channels of the YouTube website based

on the number of channel subscriptions, and captures 9 channel-related attributes,

namely ’Youtuber’, ’subscribers’, ’views’, ’total videos’, ’category’, ’start year’, ”Coun-

try”, ”Category ID”, and ”Channel ID”.

The distribution diagram drawn according to YouTuber’s category is shown in

Figure 3.5. As can be seen from Figure 3.5, the top 100 Youtubers mainly focus on

music and entertainment, accounting for more than half of users’ attention. Educa-

tion ranks third, while sports, News&Politics, Style, Trailers and Science rank last,

indicating that YouTube users pay less attention to these topics.

For numerical attributes, such as ’subscribers’, ’views’, ’total Videos’, and ’Start

Year’, we calculated their mean and variance, as shown in Figure 3.6, and drew their

boxplots respectively, see Figure 3.8. According to the principle of boxplot, the purple

rectangle part gathers 50% of the data. Through observation, it is found that the

distribution of subscribers and views are very similar, However, total videos data is
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Figure 3.5: Category distribution

Figure 3.6: Numerical attributes analysis

too concentrated near the mean value. The distribution of year is very scattered and

has no outliers.

Next, we did pairplot and heatmap to compare the correlation between different

attributes. The scatter diagram in Figure 3.9 shows the correlation between each two

attributes. Generally, if the scatter points are arranged in a straight line, it indicates

that there is obvious correlation between the two attributes. The graph in the second

row and the first column has obvious linear distribution characteristics, indicating

that there is a strong correlation between views and subscribers. The figures in the

third and fourth rows do not show obvious linear relationship, indicating that total

videos has a very weak linear correlation with other attributes. The same is true for
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Figure 3.7: Boxplot

Figure 3.8: Boxplot of numerical attributes

start year.

The heatmap confirms our observations. In Figure 3.10, the closer the color is

to red, the stronger the correlation of attributes. It can be seen that there is a high

correlation between views and subscribers. After calculation, the Pearson correlation

reaches 0.84. while the Pearson value between other variables is close to 0. It can be

concluded that there is no linear correlation between them. The results of heatmap

are consistent with those of pairplot.
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Figure 3.9: Correlations between numerical columns

3.3.2 Video Statistics

For video data, we focused on analyzing its seven attributes, namely category,

publish year, video length, view count, likes, dislikes and comment count.

As can be seen from Figure 3.11, about 50% of the views belongs to Music, followed

by Film&Animation and Entertainment, Science received the least amount of views.

This indicates that the main purpose of YouTube users using the website is for music

and entertainment.

Next, we count the publish year of videos and get the distribution as shown in

Figure 3.12. It can be seen that although the number of videos released in 2011
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Figure 3.10: Heatmap of correlations

Figure 3.11: Video category distribution

and 2019 increased substantially compared to the previous year, the total number of

videos released continued to grow over time. It can be predicted that the popularity

of the YouTube website will continue to increase.

For video length, we can intuitively see from the box diagram and probability

density diagram in Figure 3.13 that most video lengths are between 200 seconds and
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Figure 3.12: Video year distribution

300 seconds. Therefore, YouTube is a short video based platform. Moreover, the video

length has an obvious long tail distribution, that is, the duration of a few videos on

the website is very long, which can reach more than 1,000 seconds.

Next, we analyze views, like count, dislike count and comment count. As can be

seen in Figure 3.14 and Figure 3.15, the four attributes have similar distributions.

And Figure 3.16 shows that most of the data are concentrated on the left side of

the median value, with a long tail distribution on the right and many outliers on the

right.

Figure 3.17 shows the results of Figure 3.16 more intuitively. The diagonal bar

chart shows the distribution of each attribute. It can be seen that most videos can

only get few views, likes, dislikes and comments, and only a few videos can get more

attention.

The calculation results of Pearson correlation are shown in Figure 3.22. There is

correlation between each two attributes, indicating the consistency of user behavior.

A very interesting finding is that comment and likes have a strong association, and the
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Figure 3.13: Distribution of video length

Pearson value reaches 0.82. Moreover, likes and views also have a strong association,

and the correlation coefficient is 0.76. If a video has a high number of likes, its views

will be correspondingly high. Because the high number of likes indicates that the

video is popular with other users. And more views have a strong impact on platform

revenue because more people watch advertisements. Therefore, the YouTube platform

will give higher rankings to videos with high likes. Moreover, studies have shown

that more positive comments correspond to more likes, and the increase of inferior

comments will lead to more dislikes(Schultes, Dorner, and Lehner 2013).

We are interested in whether the YouTube platform has this quality. And in order

to reduce malicious negative comments and help videos get more views, YouTube hid
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Figure 3.14: PDF

Figure 3.15: CDF

the number of dislikes in 2022. Therefore, if the relationship between the positive and

negative of comments and like-dislike can be proved, it can be used to predict the

number of dislikes. And users could save their time by taking a look at the comments.
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Figure 3.16: Boxplot of Views, likeCount, dislikeCount and commentCount

Figure 3.17: Pairplot of Views, likeCount, dislikeCount and commentCount
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Figure 3.18: Heatmap of correlation

3.3.3 YouTube Comments Statistics

Sorting the comment data by year and category yields the distribution shown in

the following figures. As can be seen from Figure 3.19, the number of comments

shows an increasing trend year by year, and peaked in 2019, followed by a downward

trend. However, after calculating the average of comments, it is found that except for

2018, the average number of comments is high, and the average number of comments

in other years shows a steady trend.

When the comments are calculated by video category, it is found that Entertain-

ment has the largest number of comments, followed by Music and Gaming, and these

three categories have far more comments than other categories. While the peak of

the average number of comments occurs in Comedy, the average number of comments

for Music is relatively low.

33



Figure 3.19: Comments by Year

Figure 3.20: Average comments by Year

Figure 3.21: Comments by Category

Figure 3.22: Average Comments by Category
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4 Sentiment Analysis and Corre-

lations on YouTube Comments

4.1 Models Configuration and Training

Since we’re going to analyze YouTube comments, we need to train our classifiers

using comments with positive or negative labels. The dataset we used to train our

different classifiers are the IMDB dataset and the Reddit dataset. There are 50,000

highly polar movie reviews in the IMDB dataset with positve or negative labels(Maas

et al. 2011), and there are 37,000 comments with its sentimental label in Reddit

dataset(Gowda et al. 2019). We applied the Scikit-learn machine learning package

train test split() method to randomly split our data, and we took 80% of the data as

the training set and the remaining 20% of the data as the test set.

Before inputed our data to train our model, we needed to do the word embeddings,

and we needed to use a corresponding number to replace each word in the sentence

and transform each comment sentence into number sequence. We did this using

CountVectorizer() from Scikit-learn Python machine learning package or Tokenizer()

and pad sequeces() from Keras Python deep learning package. After that, we used

the sequences of numbers to train our models to do the sentiment analysis task.
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4.1.1 Machine Learning Classifiers

We implemented the Support Vector Machine, Random Forest and Naive Bayes

using Scikit-learn package methods. For the Support Vector Machine, we used Lin-

earSVC method from Scikit-learn package, and set the loss to the square of the hinge

loss and let it run 1,000 iterations. For the Random Forest, we set the depth of the

tree to 20. For the Naive Bayes, we used the MultinomialNB method from Scikit-

learn package and let our models to learn the class prior probabilities. The code is as

follows.

1 from sk l ea rn . svm import LinearSVC
2 from sk l ea rn . ensemble import RandomForestClass i f i e r
3 from sk l ea rn . na ive bayes import MultinomialNB
4
5 de f SVM() :
6 LinearSVC ( l o s s=’ squared h inge ’ , t o l=t o l=1e−4, max i ter =1000)
7
8 de f RandomForest ( ) :
9 RandomForestClass i f i e r ( n e s t imato r s =100 , max depth=20, random state

=0)
10
11 de f NB( ) :
12 MultinomialNB ( alpha =1.0 , f i t p r i o r=True )

4.1.2 Deep Learning Classifiers

For the deep learning classifier, we implemented the LSTM and CNN using Keras

as the frontend and TensorFlow as the backend. There were 4 layers of our LSTM

model and total 33,148,200 parameters in our LSTM model need to be trained.

Also,there were 10 layers of CNN model and total 62,095,200 parameters need to

be trained.

1 from ten so r f l ow . keras . models import Sequent i a l
2 from ten so r f l ow . keras . l a y e r s import Embedding , LSTM, Dense , Dropout
3 from ten so r f l ow . keras . l a y e r s import Flatten , Conv1D , MaxPooling1D
4
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5 dim = 300
6 de f LSTM( totalWords ) :
7 model = Sequent i a l ( )
8 model . add (Embedding ( totalWords , dim , input l eng th = 150) )
9 model . add (LSTM(128) )
10 model . add (Dense (32) )
11 model . add (Dense (1 , a c t i v a t i o n=’ s igmoid ’ ) )
12 model . compi le ( opt imize r = ’adam ’ , l o s s = ’ b ina ry c ro s s en t ropy ’ ,

met r i c s = [ ’ accuracy ’ ] )
13
14 de f CNN( totalWords ) :
15 model = Sequent i a l ( )
16 model . add (Embedding ( totalWords , dim , input l eng th =1000) )
17 model . add (Conv1D( f i l t e r s =128 , k e r n e l s i z e =4, padding=’ same ’ ,

a c t i v a t i o n=’ r e l u ’ ) )
18 model . add (MaxPooling1D ( p o o l s i z e =2) )
19 model . add (Conv1D( f i l t e r s =64, k e r n e l s i z e =4, padding=’ same ’ ,

a c t i v a t i o n=’ r e l u ’ ) )
20 model . add (MaxPooling1D ( p o o l s i z e =2) )
21 model . add (Conv1D( f i l t e r s =32, k e r n e l s i z e =4, padding=’ same ’ ,

a c t i v a t i o n=’ r e l u ’ ) )
22 model . add (MaxPooling1D ( p o o l s i z e =2) )
23 model . add ( Flat ten ( ) )
24 model . add (Dense (256 , a c t i v a t i o n=’ r e l u ’ ) )
25 model . add (Dense (1 , a c t i v a t i o n=’ s igmoid ’ ) )
26 model . compi le ( l o s s=’ b ina ry c ro s s en t ropy ’ , opt imize r=’adam ’ , met r i c s

=[ ’ accuracy ’ ] )

The accuracy of different classifiers is as shown in Figure 4.1. The accuracy of

CNN is the highest, which is 86.13%, SVM’s accuracy is in the second place which is

84.28%, LSTM’s accuracy is the third one, which is 83.46%, followed by Naive Bayes

which is 81.37%, and the accuracy of Random Forest is in the last place which is

79.97%.

4.2 Results and Correlations

In this section, we used different machine learning models such as: Support Vec-

tor Machine, Random Forest, Naive Bayes and different deep learning models such as

Long short-term memory, Convolutional Neural Network to do the sentiment analy-

sis on 700,000 comments from 2,000 videos. These 2,000 videos belong to different
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Figure 4.1: The Accuracy of Different Classifiers for Sentiment Analysis

YouTube video categories such as Film & Animation, Entertainment, News & Politics,

Science & Technology etc. First we did the sentiment analysis on all the comments,

then we chose 3 categories to further analysis the comments. We applied the PR as

the abbreviation of positive ratio (PR = positive comments / positive comments +

negative comments), and LR refers to like ratio (LR = likes / likes + dislikes), and

VN refers to view number, and PN refers to positive number in this section.

4.2.1 Support Vector Machine

We trained our Support Vector Machine model on 50,000 comments, and got an

accuracy of 84.28%. Then we used our trained model to do the sentiment analysis of

our crawled comments, the results are as Figure 4.2 and Table 4.1. We can see that

our predicted positive ratio has some correlation with the actual like ratio since the

Pearson correlation value is 0.429, and the MSE is 0.07 which means the predicted
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Figure 4.2: Correlation between predicted positive comments with other factors using
Support Vector Machines

positive ratio is close to the actual like ratio. That is to say, we can use SVM to

predict the actual like ratio from user comments. But we can also get that the

predict positive ratio has weak correlation with the view numbers since the absolute

Pearson correlation value is -0.004 and the MSE is 0.488. The same as the relationship

of the predict positive number, actual view number and actual like number since the

Pearson value is less than 0.2, we conclude that there is no linear relationship between

them. The Pearson correlation value is the highest using SVM model among all the

5 models.
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Category Pearson correlation Mean squared error Standard error
PR&LR 0.429 0.070 0.133
PR&V N -0.004 0.488 0.123
NN&V N 0.188 NA NA
NN&LN 0.111 NA NA

Table 4.1: Predicted positive comments statistics using Support Vector Machines

Category Pearson correlation Mean squared error Standard error
PR&LR 0.314 0.132 0.114
PR&V N 0.003 0.721 0.076
NN&V N 0.173 NA NA
NN&LN 0.102 NA NA

Table 4.2: Predicted positive comments statistics using Random Forest

4.2.2 Random Forest

We trained our Random Forest model on 50,000 comments, and get an accuracy

of 79.97%. Then we used our trained model to do the sentiment analysis of our

crawled comments, the results are as Figure 4.3 and Table 4.2. We can see that

our predicted positive ratio has weak correlation with the actual like ratio since the

Pearson correlation value is 0.314 and the MSE is 0.132 close to 0, which means the

predicted positive ratio is close to the actual like ratio. And we can also get that

the predict positive ratio has no linear relationship with the view numbers since the

Pearson correlation value is 0.003 and MSE is 0.721. The same as the relationship

of the predict positive number, actual view number and actual like number since the

Pearson value is less than 0.2. As a result, there is weak correlation between them.

4.2.3 Naive Bayes

The Naive Bayes model got an accuracy of 81.37%. We used our trained model

to do the sentiment analysis of our crawled comments. The results are as Figure 4.4
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Figure 4.3: Correlation between predicted positive comments with other factors using
Random Forest

and Table 4.3. We can see that our predicted positive ratio has some correlation with

the actual like ratio since the Pearson correlation value is 0.276 and MSE is 0.206.

The Pearson correlation is smaller than SVM’s maybe because the accuracy is smaller

than SVM’s. And we can also get that the predict positive ratio has weak correlation

with the view numbers since the Pearson correlation value is -0.006. The same as

the relationship of the predict positive number, actual view number and actual like

number since the Pearson value is less than 0.2, we can think there is weak linear

correlation between them. The Pearson correlation of PR & LR is the lowest the the

MSE is the highest using Naive Bayes in the 5 models.
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Figure 4.4: Correlation between predicted positive comments with other factors using
Naive Bayes

Category Pearson correlation Mean squared error Standard error
PR&LR 0.276 0.206 0.167
PR&V N -0.006 0.273 0.151
NN&V N 0.158 NA NA
NN&LN 0.084 NA NA

Table 4.3: Predicted positive comments statistics using Naive Bayes

4.2.4 Long Short-term Memory

LSTMmodel was trained on 75,000 comments, and reached an accuracy of 83.46%.

Then we used our trained model to do the sentiment analysis of our crawled comments,
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Figure 4.5: Correlation between predicted positive comments with other factors using
LSTM

the results are as Figure 4.5 and Table 4.4. We get that our predicted positive ratio

has some correlation with the actual like ratio as the Pearson correlation value is 0.355

and MSE is 0.039 which means the predicted positive ratio is close to the actual like

ratio. And we can also get that the predict positive ratio has weak correlation with

the view numbers since the absolute Pearson correlation value is 0.024. The same

as the relationship of the predict positive number, actual view number and actual

like number since the Pearson value is less than 0.2, we can think there is no linear

relationship between them.
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Category Pearson correlation Mean squared error Standard error
PR&LR 0.355 0.039 0.136
PR&V N 0.024 0.227 0.089
NN&V N 0.171 NA NA
NN&LN 0.105 NA NA

Table 4.4: Predicted positive comments statistics using LSTM

Category Pearson correlation Mean squared error Standard error
PR&LR 0.372 0.073 0.159
PR&V N 0.049 0.509 0.127
NN&V N 0.183 NA NA
NN&LN 0.117 NA NA

Table 4.5: Predicted positive comments statistics using CNN

4.2.5 Convolutional Neural Network

We trained our CNN model on 75,000 comments, and got an accuracy of 86.13%.

Then we used our trained model to do the sentiment analysis of our crawled comments,

the results are as Figure 4.6 and Table 4.5. We can see that our predicted positive

ratio has some correlation with the actual like ratio since the Pearson correlation

value is 0.372 and MSE is 0.073 which means the predicted positive ratio is close

to the actual like ratio. And we can also get that the predict positive ratio has

weak correlation with the view numbers since the absolute Pearson correlation value

is 0.049. The same as the relationship of the predict positive number, actual view

number and actual like number since the Pearson value is less than 0.2, we can think

there is no linear relationship between them.

4.2.6 Video Category

In this part, we further conducted relevant experiments to verify whether posi-

tive comments ratio is related to the video like ratio and video view numbers, and
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Figure 4.6: Correlation between predicted positive comments with other factors using
CNN

whether different video category has different results. So we selected 3 different video

categories from YouTube and used the 5 classifiers respectively to check Pearson cor-

relation between positive comment ratio, actual like ratio and view numbers. The

experiment results is Table 4.6, Table 4.7, Table 4.8. We can see that the Pearson cor-

relation of the News & Politics category is the highest, and Pearson correlation value

of Entertainment category is the second, and that of Science & Technology category

is the lowest. This maybe because the user comments of the News & Politics and

Entertainment usually have strong emotion polarity, and the models are easier to do

sentiment analysis. However, the user comments of Science & Technology category
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Figure 4.7: Correlation of the three video categories

Classifiers PR & LR Pearson correlation PR & VN Pearson correlation
SVM 0.416 -0.070
RF 0.324 0.001
NB 0.354 -0.013
LSTM 0.362 0.011
CNN 0.381 0.129

Table 4.6: Entertainment Pearson Correlation

are often more rational, neutral and objective, and the models are not easy to do

the sentiment analysis. But in a nutshell, we can get the result that the predicted

positive comments ratio has a weak correlation with user actual like ratio.
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Classifiers PR & LR Pearson correlation PR & VN Pearson correlation
SVM 0.436 0.109
RF 0.312 0.011
NB 0.366 -0.101
LSTM 0.342 0.021
CNN 0.374 -0.009

Table 4.7: News & Politics Pearson Correlation

Classifiers PR & LR Pearson correlation PR & VN Pearson correlation
SVM 0.203 0.021
RF 0.106 0.003
NB 0.136 -0.153
LSTM 0.142 0.010
CNN 0.168 -0.029

Table 4.8: Science & Technology Pearson Correlation
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5 Conclusions

This paper deeply and systematically studies the characteristics of YouTube,

crawls the 100 most popular YouTuber data and the corresponding 400,000 video

data and 700,000 comment data, analyzes their statistical characteristics, and uses

the model of machine learning and deep learning to analyze the sentiment of video

comments, so as to obtain the emotional polarity of comments. Our research results

have constructive advice on the website and YouTubers.

First, among the 100 most popular channels, more than half belong to Music and

Entertainment, while the proportion of Science is the smallest. It can be inferred that

the best choice to become a popular YouTuber is to create music and entertainment

related videos and avoid Style, Trailers and Science. Second, the average number of

videos exceeds 16,000, but the median value is only 2,238, and the 75% quantile is

6,714. This shows that most YouTuber upload only a few thousand videos. Moreover,

the correlation coefficient between the number of videos and the views of the channel

and subscribers is close to 0, indicating that the number of videos has weak linear

relationship with the popularity of YouTuber. So to become a popular YouTuber

depends on video quality, not video number. The year of channel establishment

are evenly distributed, and the Pearson correlation coefficient between the year of

establishment and views and subscribers is around 0.2. It can be inferred that whether

the channel is popular has nothing to do with the time of establishment. Therefore,

new YouTuber has no disadvantages. As long as they can make popular videos, their

channel can still become the top of YouTube website. The views of the channel
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are only highly correlated with subscribers, and the Pearson correlation coefficient

reaches 0.84. Therefore, for advertisers, finding YouTuber with the largest number of

subscriptions is enough to ensure more viewing of advertisements and better promote

products.

For the video dataset, we have also obtained many interesting conclusions through

our observation. The number of videos published on YouTube shows an increasing

trend, indicating that the more users accumulated, the more content generated, the

stronger the advantages of the website, and the smaller the living space of competi-

tors. In addition, according to the statistics of views by video category, it is found

that Music contributes about 50% of the views, indicating that users mostly use the

YouTube website to listen to music, and YouTube can increase the proportion of

videos about music recommended to users. Film&Animation ranks second, account-

ing for 22% of the views, but only 4% of the channels is in this category, indicating

that the demand for Film&Animation is far greater than the supply. Considering

that the production of film and animation requires a lot of professional people and

equipment input, for YouTuber, the input-output ratio for the production of this

category of videos is too low. Therefore, it seems that traditional film and animation

companies will not face strong competition from short video websites in the short

term. Regarding the video length, statistics show that 50% of the video length is

between 3 mins and 5 mins, which is consistent with the length of a song. Compared

with another popular short video application TikTok, the average video duration is 47

seconds. Therefore, YouTube and TikTok do not seem to have a strong competitive

relationship.

When users click on a video, they usually rate it or make comments. Therefore,

we put the four numerical data, views, likes, dislikes and comments together for

analysis. The heatmap shows that there is a correlation between every two attributes,
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especially the strong correlation between likes and comments. The Pearson correlation

coefficient reaches 0.82.

At the end of 2021, YouTube announced that it would not disclose the number of

dislikes to the public. Therefore, we intend to analyze the emotional polarity of user

comments to get the positive ratio of comments, and then compare it with the like

ratio of video, so as to see whether we can infer the number of dislikes through user

comments in the future. For sentiment analysis, we selected three popular machine

learning models, namely SVM, NB, RF, and two deep learning models, LSTM and

CNN. All five models performed well, basically all got 80% accuracy. The correlation

coefficients calculated by the five models ranged from 0.3 to 0.4, indicating a weak

correlation between the positive ratio and the like ratio of video comments. Moreover,

the correlation coefficient between the positive ratio and the number of views is less

than 0.2, indicating that there is no linear correlation between them. Therefore, it

can be inferred that the number of views and likes does not seem to be affected by the

positive comments ratio. However, the data will show different characteristics when

subdivided according to the video category. For example, the correlation coefficient

between News & Politics and Entertainment can reach 0.4, while the correlation

coefficient of Science & Technology is only 0.2. this phenomenon can be explained

that user comments of the News & Politics and Entertainment normally have strong

emotion polarity, and the models are easy to do sentiment analysis. However, the

Science & Technology category users comments are often more neutral and objective.

For YouTubers troubled by negative reviews, our conclusions show that nega-

tive reviews do not actually affect a video’s popularity and ranking. Hopefully this

conclusion will ease their sense of exclusion.
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