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ABSTRACT 

This paper suggests a method to provide useful 

information for public, private and commercial use by 

refining data gathered from roughly one hundred 

YouTube channels in total to those individuals or 

corporations considering YouTube as a future platform to 

utilize. It mainly focuses on analyzing relationships 

among comparatively rookie YouTubers and analyzing the 

contents and contexts of their videos. The research 

showed that music genre channels brought in great video 

view counts, and gaming & kid focused channels had 2nd 

viewers in many of the experiments consistently. And 

entertainment channels played a critical role when it 

came to trending videos, which is effective for maximizing 

the sponsor and advertising profits of companies. As well, 

new starting YouTubers may consider the genre 

mentioned above to increase their view and subscription 

counts. 

The research would contribute YouTubers to choose their 

contents, to consider which manners to practice when 

uploading videos, and to set their standards for the video 

to successfully trend in the market, utilizing the YouTube 

database system implemented to process data. 

Keywords: YouTube, Rookie YouTuber, Channel, 

Trending Video, Database System 

 

1. INTRODUCTION 

There are more than 47 million people who have a 

YouTube application installed on their personal devices in 

South Korea, and ‘being a popular YouTuber’ in the 

future is one of the most common dreams Korean 

elementary school students have in mind [1, 2]. Also, 

YouTube contents are still being rapidly flushed to the 

public and the number of rookie YouTubers is rising; 

people’s interest on YouTube becomes at its peak these 

days [3, 4, 5]. Useful YouTube data analyzed from 

gathered information will not only help individuals 

interested in creating their own channel but also provide 

marketing and development insights for corporations [6, 

7, 8, 9]. 

There have been many studies which analyzed YouTube 

as their topic. A study found on Kaggle [1] focuses on 

trending videos’ statistics, taking the category as the main 

key in analyzing data. This research also focuses on the 

actual titles and the release dates of the trending videos, 

and the category for further in-depth comparison. 

YouTube is continuously limiting the amount of public 

data released to the public; even numbers of the 

subscribers are not revealed properly [2, 10, 11, 12]. As 

well, it has been found that resources from Kaggle had 

major defections and did not meet the standards of 

information to analyze YouTube in this study [13, 14, 15]. 

It also has acted on gathering data by crawling directly 

from the YouTube application. Thus, the study has 

gathered its own data from scratching, managing to gather 

information from at least 100 online YouTube channels 

[16]. 

This paper suggests a method to provide useful 

information for public, private and commercial use by 

refining data gathered from roughly one hundred 

YouTube channels in total to those individuals or 

corporations considering YouTube as a future platform to 

utilize. It mainly focuses on analyzing relationships 

among comparatively rookie YouTubers and analyzing 

the contents and contexts of their videos. 
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This paper is organized as follows: Section 2 describes 

system architecture of this research including E-R (Entity-

Relation) Model. Section 3 provides representative 

examples of utilization plans. Finally, discussions and 

conclusions are described in Section 4. 

2. SYSTEM ARCHITECTURE 

2.1 Entity-Relation (E-R) Diagram of the 

Database System 

The research goal is to identify if the rookie YouTubers 

had the tendency to choose the contents which were 

trending [17], or if the contents of rookie YouTubers 

affected the video trends by analyzing several factors such 

as video number of views, genre number of views, likes, 

dislikes, number of subscribers, and number of uploads 

with similar trending contents [18]. In other words, the 

research has set the ‘Popularity_rel’ as the relation 

between the entities ‘Creator’ and ‘Video’ to recognize 

YouTube’s recommendation algorithms and trending 

sources, as illustrated in Fig. 1.  

 

 Fig. 1: E-R Diagram for YouTubers and Trending 

The ‘Creator’ entity in the E-R Diagram had the ‘serial 

number_c’ as the primary key, including attributes such as 

‘channel title’, ‘video upload’, ‘number of subscribers’, 

‘total view’, ‘channel create date’, and ‘channel tags’. The 

‘Video’ entity had the primary key of ‘serial number_v’ & 

‘genre’, and attributes including ‘channel tags’, the titles 

of top 3 most viewed videos, their number of views and 

their published date. The primary key was set to the ‘serial 

number of video’, which was set as a foreign key of the 

‘Popularity_rel’ relation. 

The ‘Popularity_rel’ relation between ‘Creator’ and 

‘Video’ was set to the 1:n relation. As the main goal was 

to seek the correlations between rookie YouTubers and 

genre & trending contents, the research has set ‘Video’ to 

a strong entity and ‘Genre_rel’ to a weak entity. And the 

‘Genre_rel’ had genre of Music, Gaming, Sports, Movies, 

News, Fashion, People, and ETC_Genre. And the 

‘Consumer_supporter’ entity represented subscribers of 

the ‘Creator’ entity. 

 All entities and properties were categorized 

according to the genre of conducted test experiments, to 

find useful information. It should be noted that 

‘popularity’ was the only entity that was included in the 

E-R diagram for evaluation. Instead, it was included to 

show a relationship between ‘Creator’ and ‘Video’, which 

will lead to comprehend the research objective to find 

what genre is trending among all the new YouTubers. 

2.2 Big Data for YouTube Channels Selected 

For the experiment conducted by big data situations, R 

was a good tool to use for the research. During the early 

stages, only 50 channel data were used. Later it has 

increased to 100 channels. The research analyzed a pie 

chart of the comparison among each channel’s most 

viewed single video. Whether each channel was 

significant or conclusive, it was done to get a rough sense 

of idea of which channels were leading in terms of genre 

and content styles. The 3 most viewed single video from 

YouTuble channels were JFlaMusic, Korean Englishman, 

and King of the Meal Services. 

 

Fig. 2: Scatter Matrix of 50 YouTube Channels 

The scatter matrix in Fig. 2 was generated to get the 

overview of the 50 channels rising in YouTube. In this 

matrix it is notable that there were two channels which are 

the created imbalance in our research for being 

overwhelmingly high in subscription and viewer counts.  

With the following rendering of data, three general usual 

statistics were found. First, music channels were usually 
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the genre that would get the most views and subscribers, 

where their upload counts were generally low but were 

viewed in high numbers likely from looped viewing. 

Second, gaming and kid focused channels were 2nd in 

overall performance due to toy and child cartoon reviews, 

which would have high viewers and subscribers and the 

most video upload counts. Finally, animation-based genre 

channels were generally clumped together in the lower 

middle of the tier list, where key features were the low 

subscriber numbers with the low video uploads. 

3. SERVICEABLE INFORMATION 

DRAWN FROM THE DATABASE 

SYSTEM 
The database system was implemented for the serviceable 

information from YouTube channels, based on the E-R 

Diagram in Fig. 1. The representative valuable 

information drawn from the database system is as follows. 

3.1 Top 3 Videos’ Average Views and 

Percentage upon Total Views 

 

Fig. 3: SQL query for Top 3 Videos’ Average Views 

and Percentage of Total Views 

 

Fig. 4: Results from Top 3 Videos’ Average Views 

and Percentage of Total Views 

The implemented database system found what percentage 

of the top 3 video views made up of the total number of 

views. The SQL statement in Fig. 3 illustrated whether the 

channel consistently received an effective number of 

views corresponding to the number of images in Fig. 4. 

3.2 Reasons Why New YouTubers Trended 

The research has set a standard for the channels that were 

created within the last two years as new YouTubers. And 

the database system found why the new YouTubers were 

able to be trended. After adding conditional statements to 

filter out channels that had a duration of 

‘channel_create_date’ between 11 November 2017 and 11 

November 2019, it connected the ‘creator's serial number’ 

with the ‘video’s serial number.’  Then it arranged the 

results in the descending order based on the most views as 

in Fig. 5. With the name of the video and channel the 

contents of the list can be analyzed to tell the reason and 

timing of the trending.  

 

Fig. 5: Result from Reasons why New YouTubers 

Trended 

3.3 Whether the YouTuber is Steadily 

Trending 

The database system calculated the difference in the 

number of views among videos of the top 1, 2 and 3 

ranking views on each channel to see which user or genre 

differed by the number of views or trended continuously. 

In Fig. 6, the smaller the number of views of 1st, 2nd and 

3rd ranking videos, the more steadily transmitted. 
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Fig. 6: Result from Whether the YouTuber is 

Steadily Trending 

3.4 The Most Viewed Video for Each Genre 

 

Fig. 7: SQL query for the Most Viewed Video for 

Each Genre 

It was generally considered that if the system showed the 

most viewed video in each genre, it could see what 

channels in each genre had the upper hand and how much 

attention they received. To find out the channel name, 

genre, top 1 image name, top 1 image number, the SQL 

statement in Fig. 7 was performed. 

In Fig. 8, using ‘Partition By’ similar to ‘Group by’ 

classified group videos between music genres and game 

genres. And it ranked the videos gathered in each genre 

group in the order of the high number of views. A new 

column called RankNo was created, which represented a 

ranking. For example, the top of the music genre was the 

video of a channel called ‘JFla Music’, while the top of 

the game genre was the video of a channel called 

‘NuclearProductions’. 

  

Fig. 8: Result of the Most Viewed Video for Each 

Genre 

By comparing the number of views of top 1 videos in the 

music genre with that in infotainment genre, the music 

genre was about 50 times larger than infotainment. So for 

individual YouTubers, the trending barrier for the 

infotainment genre would be lower than for the music 

genre, but from the corporate perspective, the marketing 

effect in the infotainment genre would be better for the 

top tier genre than in the music genre. 

 

Fig. 9: Result from Selecting only New YouTubers 

from the Most Viewed Videos 

In Fig. 9, only the new YouTubers were selected to see if 

the contents of the new YouTuber is related to that of the 

existing old one, by relating to whether they were opened 

within two years. Nine of the 32 genres showed that New 

YouTubers’ videos received the most views in the genre. 

And so these new YouTubers were considered to attract 

people by producing new contents that had not been in the 

genre for almost two years. 
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3.5 YouTubers Whose Tag Matches with 

‘Asmr’ (autonomous sensory meridian 

respose) 
 

 

Fig. 10: Result from the YouTubers Whose Tag 

Matches with ‘Asmr’ 

When the channel that had a genre called "People" and 

"Asmr" in the tag was examined, the result in Fig. 10 

showed that the new YouTuber was more trended than the 

old one. The result was possible since the new YouTuber 

took an Asmr video with a rare material(ex. Sea Grape). 

As a result, the number of views of the video from the 

channel ‘Yammuu’ was the most 5.14 million, while that 

of views of the new YouTuber ‘Ttiye’ was close to 1.56 

million. As this new YouTuber became popular with 

explosive views, more content imitating that video could 

be found in Fig. 11. 

It was found that tags and keywords were closely related 

to the number of views in that other YouTubers who 

parodied the videos of the new YouTuber ‘Ttiye’ wanted 

to be trending by referring to the ‘Ttiye’ in their video 

names. 

 

Fig. 11: Videos Referring to ‘Ttiye’ 

3.6 Identify the Top 5 Viewed Videos and 

New YouTubers 
As the names of the channel, the video and the genre with 

the most views were searched, the system can make them 

searchable with the date uploaded in 2019, and arrange 

them according to the number of views of the videos. The 

most viewed video in 2019 and its genre were found. 

 

Fig. 12: Result of Identifying the Top 5 Viewed Videos 

In Fig. 12, it could be identified who made the video with 

know-how/style genre in the new YouTuber, which used 

to be the number one genre in 2019. In another example, it 

could be identified who made the video in cooking genre, 

which used to be the number five genre in 2019. 

Finally, it could be identified what kind of videos have 

been trended for a certain period of time, and how many 

of the new YouTubers were trying to create similar 

contents that have recently been trended. 

4. CONCLUSIONS 
Considering the rapidly rising trend of YouTube content 

creators as a job (Dzhanova, 2019), the research was 

conducted with great interests. With objectives to find the 

current 21st century’s trend, it found where people’s 

interest leaned. As well as, it tried to overview which 

genre will likely accumulate to find individual creators 

who are likely to succeed.  

In this research, noteworthy hints were discovered. First, 

music genre channels brought in great video view counts. 

It is predicted that songs are heavily in favor for re-

watches, since consumers are likely to find the video 

again in the mood for the song. Second, gaming & kid 

focused channels had 2nd viewers in many of the 

experiments consistently. For instance, the view count per 

video in the gaming channels was stable on the high 

number side, instead of having high views on certain 

videos and low on the others. Last, entertainment genre as 

a whole was the subcategory within the gaming and 

beyond ranked genres.  

Letting the genre aside, filtering was done to discover new 

YouTubers who started their channels within 2-year span 

from November 2019. Predicted results were concluded as 

9 of the 32 genres were contained by the new YouTubers. 

And entertainment channels played a critical role when it 

came to trending videos, which is proven in that the 

entertainment category of videos could be found for 

maximizing the sponsor and advertising profits of 
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companies. As well, new starting YouTubers may 

consider the genre mentioned above to increase their view 

and subscription counts. 

Among the vast pool of YouTube videos, 100 channels 

were utilized in comparison for the research. Thus, web 

crawling data collection strategies should be considered in 

future for the related projects. The vast YouTube 

collection will increase the accurate data results in the 

consumer’s genre interests. 
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