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Abstract

YouTube is a mainstream media that is popular with the general public. It has a powerful yet special force that
attracts almost all young people who come into contact with it. YouTube permeates every aspect of people’s lives,
education, daily life, work, leisure, and entertainment. Everyone can be a professional uploader. It is very
important to know how to be a good uploader and what the important elements are related to generating revenue
from YouTube. This article uses the top 1000 channels and the top 200 daily YouTube video’s data from
September 2020 to January 2022 in the United States to analyze popular categories of channels, and use the
YouTube videos and their related data from September 2020 to January 2022 from Ken Jee to analyze uploader
characteristics. The dataset of this article is based on YouTube API and the uploader’s release. CRISP-DM
method is applicated to exploring the data in Jupyter using Python. In addition, Pearson correlation analysis is
used to analyze revenue-related metrics. This paper contains both qualitative and quantitative analyses. In this
paper, we found that among the top 1000 most popular uploaders, Entertainment, and Music types are the most
popular, with 241 and 222 respectively. The Autos & Vehicles and Travel & Events categories are the least
represented, with only 1 on the list. This article also finds out Entertainment, Music, People & Blogs and
Gaming type of videos users are most attracted to, the core audience, and their interests. Have strong positive
relation with revenue. In addition, watch time (hours), subscribers lost, likes, shares, and dislikes are strongly
positively correlated with revenues. Comments are moderately positively correlated with revenues. RPM and
CPM almost have no correlation with revenue. This study offers a statistical analysis of the content genre based
on a number of categories and details of YouTube users’ interests. This study also demonstrates the variables that
might have an impact on YouTube uploaders’ revenue. So that uploaders, researchers, and investors can acquire
a rough idea of the impact on YouTube.
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1. Background

Social networking sites, e-commerce, search engines, and other Internet industries are penetrating each other,
integrating and growing together, and having a relatively stable scale of users (Sara Fraccastoroa, Mika
Gabrielssona, Ellen, & Bolman Pullinsb, 2021). According to an article published by Statista in 2022, Facebook,
YouTube, WhatsApp, Instagram, WeChat, and TikTok are some of the most popular social networking platforms
today (S. Dixon, 2022). In this paper, we will focus on YouTube because it is stable and young enough, with a
wide variety of channels and user data. YouTube is a video-sharing website of Google, registered on February 14,
2005. It is a huge online social platform based on a combination of various interpersonal elements such as
interests, education, beliefs, and professions. The slogan of the site is “Broadcast Yourself” (Wikipedia,
YouTube). They have indeed done so. There is a new wave of collaborative studies emerging from various
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disciplines, ranging from computer science to behavioral sciences (Giglietto, Rossi, & Bennato, 2012). YouTube
is not only a sharing platform but also an effective search engine. YouTube has many crazy fans, such as Green
and Burgess. They stated in their book, “YouTube is considered to be part of the mainstream media landscape,
and a force to be reckoned with in contemporary popular culture.” Due to COVID-19, many people are staying
home, and the number of people on YouTube has increased dramatically (Yuksel bahar & Cakmak Kubra, 2020).
As of July 2022, YouTube has 2.475 billion users worldwide, which means that about 31% of the people on the
planet use YouTube, with the most active users from India at 225 million, followed by the U.S. at 197 million.
The largest user group is 25-34 years old, with 20.5%, followed by 35~44 years old, accounting for 15.5%.
(Source: datareportal.com). YouTube uploaders are the primary players in the YouTube universe (Ding, et al.,
2011). It is obvious that YouTube uploaders in the United States have a great opportunity to grow and compete
globally in content creation. The data source for this article has three parts. One is the top two hundred daily
YouTube videos and their related data from September 2020 to January 2022 in the United States from YouTube
API. Another is the YouTube videos and their related data from September 2020 to January 2022 from Ken Jee,
an uploader in data science and sports analytics. He released his channel’s data on Kaggle. Both have the same
duration and the same countries. The third part is the top 1000 accounts with the highest number of followers in
2021 from YouTube API. This article will use python as a tool to explore the elements that will drive traffic and
the relationship between elements and revenue.

2. Materials and Methods

This article uses CRISP-DM as the main guidance step from collecting data to getting results. Clean and analyze
data using the Python programming language through the Jupyter notebook code editor. Also, using Pearson
correlation analysis to calculate the correlation of different indicators, focus on those elements that have a strong
correlation with revenue. There are four steps. Data collection, data preparation, data analysis, and getting results.
The data for this article came from the open-source Kaggle. The data on the Kaggle come from YouTube API, an
official tool deployed by YouTube to scrap data on YouTube.

Data Collection —( Data Preparation }—( Data analyzing )7 iiﬁ;?sg
| |

Data cleaning

YouTube API Describe data

Open source Bar charts

Asking question Pearson correlation analysis

Data understanding

Figure 1. The step of dealing with data

Source: author’s analysis

2.1 CRISP-DM

CRISP-DM was published in 1999 to standardize data mining processes across industries and has since become
the most common methodology for data mining, analytics, and data science projects (NICK HOTZ, 2022).
CRISP-DM is an industry-independent process model for data mining. It is the de-facto standard and an
industry-independent process model for applying data mining projects. (Schroeer Christoph, Kruse Felix, &
Gomez Jorge Marx, 2021). It has six sequential phases, from business understanding to deployment. (Nick Hotz
last, 2022)

Table 1. The step of CRISP-DM

Sequential phases Main work of this step Tasks

Determine business objectives, assess situation,
determine data mining goals, produce project
plan

Understand the objectives and

Business understandin, . .
& requirements of the project

Identify, collect, and analyze the | Collect initial data, describe data, explore data,

Data understanding data sets verify data quality

Data preparation Prepare the final data set(s) for | Select data, clean data, construct data, integrate
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modeling data, format data

Build and assess various models
Modeling based on several different modeling
techniques

Select modeling techniques, generate test
design, build model, assess model

Evaluation phase looks more
Evaluation broadly at which model best meets
the business and what to do next

Evaluate results, review process, determine
next steps

Plan deployment, plan monitoring and
Deployment Access its results maintenance, produce final report, review
project

Source: https://www.datascience-pm.com/crisp-dm-2/

From the KDnuggets polls in 2002, 2004, 2007, 2014, and 2022, the question “What is the main methodology
you are using for data mining?” CRISP-DM is the most popular method used in data mining. The percentage is
49% in 2022. (Jeff Saltz, 2022)

Poll Result Comparison
Most popular methodologies

CRISP-DM N ——
Scrum
Kanban ~—
m 2020
My Own I ———
Other, not domain-specific W=
None N 2007
SEMMA I
KDD Process 2004
My organization's e
’ i 2002
A domain-specific methodology M

0% 10% 20% 30% 40% KO% 60%

Figure 2. Poll result comparison

Source: https://www.datascience-pm.com/crisp-dm-still-most-popular/

2.2 YouTube API

Twitter and YouTube, for example, provide a plethora of datasets that can be accessed via APIs for research
purposes (Joseph Kready, Shishila Awung Shimray, Muhammad Nihal Hussain, & Nitin Agarwal, 2017). To
conduct data mining for this article, the data from the YouTube API was downloaded as a CSV file and imported
into Jupyter Notebook.

2.3 Pearson Correlation Analysis

Pearson’s Correlation is a measure of the linear relationship between two random variables - X and Y. It can be
computed in Python using a method from numpy (Mehreen Saeed, 2022). This article uses Pearson correlation
analysis to explore the correlation among variables.

3. Results and Discussion
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methodology and using Jupyter Notebook as a tool exploring data to find user’s preferences and the factors
related to. This article uses three datasets, data from the top 1000 most popular uploaders’ channels, the top 200
daily YouTube video data from September 2020 to January 2022 in the United States, and data from September
2020 to January 2022 from Ken Jee’s channel. Using CRISP-DM as the main o the uploader’s income.

3.1 The Analysis of Top 1000 Channels

Exploring features of the top 1000 channels can help us to know the key category of channels that drives more
traffic.

Firstly, analyzing the number of different categories of channels, can help us understand what most people are
doing.

Number of different category of channels

Entertainment
Music

People & Blogs
Gaming

Comedy

Film & Animation
Education

Howto & Style
News & Politics

Science & Technology

category

Shows

Sports

Pets & Animals
Trailers

Nonprofits & Activism
Movies

Travel & Events

Autos & Vehicles

100 150 200 250
number

8

Figure 3. Number of different category of channels

Source: author’s analysis using Jupyter Notebook

From the top 1000 channels on the planet, the top three categories with the highest numbers are entertainment,
music, and people & blogs. While the movies, travel & events, and auto & vehicles categories have nearly no
uploaders. It can be figured that most uploaders are attracted to entertainment, music, and people & blogs but
dislike movies, travel & Events, anto & vehicles. However, it doesn’t mean the entertainment, Music, and People
& Blogs categories are more popular. It still needs more analysis to explore whether people are attracted to these
types of videos.

In addition, exploring the most subscribers of different categories of channels to see whether people are attracted
by Entertainment, Music, and People & Blogs.
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Subscribers of different category of channels
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Figure 4. Subscribers of different category of channels

Source: author’s analysis using Jupyter Notebook

The image above shows the top three categories: music, entertainment, and people & blogs. Entertainment has
fewer subscribers than music, although it has the most subscribers in the top 1000 channels. People prefer music
channels to entertainment. Movies, travel & events, auto & vehicles have few subscribers. Anyway, we can
conclude that music, entertainment, and people & blogs are done by more uploaders and have more subscribers
than other categories. Movies, travel and events, and automobiles and vehicles with little traffic fail to attract
both uploaders and subscribers.

3.2 The Analysis of the Top Two Hundred Daily YouTube Videos in the US

This part of the analysis shows aggregated indicators for American users. Likes, dislikes, view counts, and
comment counts are the indicators to evaluate traffic and people’s interests. When people live a video, they will
click the Like button, or share it with their friends. If they have something to say, they will leave their comments.
The table below shows those indicators’ summary of the top two hundred daily YouTube videos from September
2020 to January 2022 in the US group by likes because likes best reflect people’s liking for videos.
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category likes dislikes view_count comment_count

7 Music 5095894520 86056709 77026145111 547567356
3 Entertainment 3502764383 58686590 68403068887 218820718
5 Gaming 2239901239 36285457 40681510077 174611388
10 People&Blogs 1146370100 29225129 19732837611 74154895
1 Comedy 839350171 10739690 11837321488 39725815
13 Sports 567147897 15083534 22521923660 47169634
4 Film&Animation 449340970 6348743 9599775434 32362873
12 Science&Technology 431037164 8980967 10004393834 25047438
2 Education 255490798 3941896 4339407580 16325845
6 Howto&Style 239846169 5936099 4721449662 17099981
0 Autos&Vehicles 92813182 1347517 2059134786 8016841
8 News&Politics 76768666 9184985 6008435218 21776410
14 Travel&Events 34774667 438087 584621450 1616071
1 Pets&Animals 31097428 381531 657660334 2152685
9 Nonprofits&Activism 10395697 110185 126806653 374099

Figure 5. The summary indicators of different categories

Source: author’s analysis using Jupyter Notebook

From this table, we can see that music, entertainment, and gaming have more likes, dislikes, views, and
comments than other categories. While people’s & blogs’ indicators are lower than gaming’s. Music is more
popular than entertainment, and gaming is more popular than people & blogs. Travel & Events, Pets & Animals,
and Nonprofits & Activism have few likes, dislikes, views, and comments. I love pets & animals very much. I
thought many people would like this category. Anyway, data mining always reveals the truth. This is the charm
of data science. From the table above, we can claim, there is a correlation between different factors.

This article uses Pearson correlation analysis to explore data. The Pearson correlation coefficient varies from -1
to 1. A coefficient value of one indicates that X and Y can be well described by a linear equation and that all data
points fall well on a straight line. A coefficient greater than 0 indicates that Y grows as X grows. A coefficient
value of -1 indicates that all of the data points fall on a straight line and decrease as the coefficient increases. A
coefficient less than 0 indicates that as X increases, Y decreases. A value of 0 indicates that no linear relationship
exists between the two variables. A positive correlation exists when the absolute value of the coefficient is
greater than 0.75. In general, it is between 0.25 and 0.75 when the absolute value of the coefficient is between
0.25 and 0.75.

48



STUDIES IN SOCIAL SCIENCE & HUMANITIES JAN. 2023 VOL.2, NO.1

-10
14
b |
Q
UI
z -09
@
>
” 0.8
2

0.7
w
2
B 0.6
h-l
£
=
8‘ 05
=
(7}
£

0.4
8

view_count likes dislikes comment_count

Figure 6. Pearson Correlation of each variable of US data

Source: author’s analysis using Jupyter Notebook

From the picture above, we can see some of those indicators have a correlation with each other while some don’t
have any correlation. View count and likes have a strong positive correlation, the correlation coefficient is 0.84.
Dislike and view count have an intermediate correlation, the correlation coefficient is 0.69. The correlation
coefficient between likes and dislikes is 0.62. They are all related to view count. Comment count has a positive
coefficient with likes and view count, the coefficients are 0.64 and 0.47. Therefore, the view count is important
to attracting traffic. Uploaders should try to add view count. The more view count, the more traffic.

The following figure shows the correlation between the two variables.
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Figure 7. The correlation between two variables

Source: author’s analysis using Jupyter Notebook

View counts have a clear positive correlation with likes and comments counts. Likes are strongly related to the
number of views and comments. Likes and dislikes have a positive correlation with each other too, but it’s not

very obvious. The number of views, likes, and dislikes grows as the comment count grows.
3.3 The Analysis of Ken Jee's Channel

From Ken Jee’s channel’s data, we can see the mean value, the standard deviation, the minimum value, and the
maximum value.

Table 2. Description of each variable

Comments added Shares Dislikes Likes Views Estimated revenue (USD)
mean 63.65470852 177.7533632 | 17.49775785 | 1008.865471 24968.6009 130.3485785
std 91.55962003 733.3311735 | 69.57851709 | 3577.895609 | 89609.56137 554.5035156
min 0 0 0 1 60 0
max 907 9583 942 46903 1253559 7959.533

Source: author’s analysis using Jupyter Notebook

The mean value of like in each video is 1008.87; the mean revenue of each video is $130.34; the mean value of
shares is 177.75; the mean value of comments is 63.65; the mean value of dislike is 17.50; and the mean value of
views is 24968.60. If we only consider the metrics after the video is sent, those descriptive values mean if an
uploader wants to earn 130 dollars in a video, this video almost needs 24969 people to view it, the video needs to
obtain 1009 likes, and 178 people need to share it to their account. Also, maybe there will be 18 people who

click the “dislike” button when they view the video.

We know some of those indicators are correlation in the previous analyse of daily YouTube videos in the US.
Let’s explore the correlation between revenue and other elements.

There are some variables that cannot be seen directly, so here are some explanations.

® RPM (USD) means Revenue Per Mille - Amount earned per 1000 views.

® CPM (USD) means Cost Per Mille - Amount charged to advertisers by 1000 views.

® Impression means count of impressions per video.

® [mpressions click-through rate (%) means percent of the time impressions are clicked

From this chart, we can see RPM, CPM, average percentage viewed (%) and impression click-through rate (%)
has a small correlation with other elements while other elements are correlation.
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Figure 8. Pearson Correlation of each variable of Ken Jee’s channel’s data

Source: author’s analysis using Jupyter Notebook
The correlation coefficients of these variables with income are shown in the following table:

Table 3. The correlation coefficient of different indicator and revenue

Indicators Correlation coefficient of revenue

Views 0.990389214
Subscribers gained 0.982537125
Subscribers 0.982360169
Impressions 0.980933365
Watch time (hours) 0.979735466
Subscribers lost 0.952500139
Likes 0.951989776
Shares 0.944897697
Dislikes 0.93660882

Comments added 0.711200907
RPM (USD) 0.171507294
Impressions click-through rate (%) 0.090718499
CPM (USD) 0.068262096
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Source: author’s analysis using Jupyter Notebook

The element that is most correlative with Estimated revenue (USD) is Views, the correlation coefficient is 0.99.
Subscribers gained, Subscribers, Impressions followed, the correlation coefficient is 0.98. Other strong positive
correlation elements are Watch time (hours), Subscribers lost, Likes, Shares, and Dislikes. While Comments
added and Estimated revenue (USD) have an intermediate correlation. Therefore, if uploaders want to have more
revenue, they should pay attention to the number of Views, the number of subscribers, the new subscribers, likes,
dislikes, shares, and watch time.

From the analysis result above, we can conclude that people are more like the category of channel that can make
them feel relaxed, such as entertainment, music, gaming, and people & blog. Those categories have some same
features. They are output items and do not require people to think, and they make people happy. People are
generally willing to accept videos that will give them short-term pleasure. Some other ones about vehicles, travel,
and pets are the hobbies of a small number of people. Views, the number of subscribers, new subscriber,
subscriber lost, impressions, watch time, likes, shares, dislikes, and comment all have a strong positive
correlation with revenue. When these indicators grow, revenue grows.

4. Conclusion
4.1 Conclusion of This Article

This article uses three datasets to explore users’ preferences and the indicators that have a strong correlation with
revenue. CRISP-DM is the guiding idea, while Jupyter Notebook is the analysis tool. Using the histogram to
display engaging video types with sorted bar charts. Using Pearson correlation analysis to show the correlation
coefficient between two variables and describing them through a correlation matrix (few variables) and
correlation triangle array (many variables).

From the analysis of the top 1000 channels and daily US treading videos, the most attractive category for all
users and Americans is the same. They are entertainment, music, people & blogs, and gaming, which have the
most subscribers, views, comments, likes, and dislikes. While gaming has fewer subscribers and uploaders than
people & blogs, it has better aggregate indicators. From the analysis of Ken Jee’s channel, views whose
correlation coefficient with revenue is 0.99 has the strongest correlation with estimated revenue. Watch time
(hours), subscribers lost, likes, shares, and dislikes are followed. While impressions’ click-through rate (%),
RPM, and CPM have weak correlations with revenue, their correlation coefficients are 0.09, 0.17, and 0.06. Why
are entertainment channels popular? What are the drivers, and what makes people go to an entertainment channel
and click the like button, leave comments, and share with friends? These will serve as future research.

5. Contribution

YouTube provides an open platform on which everyone can post content and share their daily routine.
Researchers and teachers post a tutorial on it to guide their students. Celebrities use it to promote themselves and
increase their influence by posting their works and trips. Commercial companies use uploader videos to promote
their products or post videos themselves to sell their products. Everyone can view videos posted by others that
are of interest to them and post their own videos on this free and equal content-rich platform. Therefore, this
article mainly contributes to three kinds of people. First, uploaders can find the type of content that people
engage with the most, the estimated revenue, and its aggregate indicator of a video. Also, the elements which
have a strong positive correlation with revenue. In addition, through scientific digital analysis, users can also see
the signs that the YouTube platform plays in their daily lives. Which could satisfy their curiosity about the
platforms they use. Finally, marketing companies can smell the business opportunity to put ads in videos related
to their products, which can have good sales revenue.

Ethics Approval and Consent to Participate

Not applicable.

Availability of Data and Materials

The datasets analyzed during the current study are available on the Kaggle.
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Appendix A
The Datasets
Introduction of the
Dataset Link
dataset

Kn e | e £ b
YouTube https://www.kaggle.com/datasets/kenjee/ken-jee-youtube-data

Channel. Data by
Data . .

video and over time
YouTube
Trending .
Video YouTube Trending
Dataset Video data-set which | https://www.kaggle.com/datasets/rsrishav/youtube-trending-video-dataset
(updated gets updated daily.
daily)
Most
Subscribed | Analysis of ~ Top https://www.kaggle.com/datasets/surajjhal01/top-youtube-channels-data
YouTube YouTube channels
Channels
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