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Abstract - YouTube is one of the largest leading preferred 

destinations for watching videos in online. YouTube allows 

channel creators to monetize their popular videos. The 

popularity of the videos depends on the meta-level features 

and social dynamics, i.e. the interaction of the channel 

creators with YouTube users. The key meta-level features 

are number of subscribers, first day view count, numbers of 

keywords used, category of video, title length, Google hits. 

Optimization of meta-level features after a video is posted 
increases the popularity of videos. In social dynamics, we 

discover the causal relationship between views to a channel 

and subscribers count. 

 

I. INTRODUCTION 

The YouTube with 1 billion users who collectively watch 

millions of hours of YouTube videos and generates billions 

of views everyday and users upload over 300 hours of video 

content every minute. 

The key metric measure for popularity of videos is view 

count. A key statement is, How do meta level features of a 
posted video drive the user engagement in the YouTube 

social network. Our main aim is to examine how the 

individual video features contribute to the popularity of a 

video. The study of popularity of YouTube videos based on 

meta-level features is the key challenging problem given the 

diversity of users and channel providers. 

The first five key meta-level-features that affect the 

popularity of a video are: first day view count, number of 

subscribers, contrast of the video thumbnail, keywords 

count and Google hits. Optimization of meta-level features 

after a video has been posted increases the popularity of the 

video and by optimizing the title increases the traffic due to 
YouTube search, optimizing the keywords increases the 

traffic from promoted and related videos  and optimizing the 

thumbnail increases the traffic from related works. 

 

II. PROPOSED SYSTEM                                            

We conducted a data-driven study of YouTube based on a 

large dataset. By  using several machine learning methods, 

we investigated the sensitivity of the videos meta-level 

features on the videos view count. The key meta-level 

features include: first day view count, number of 

subscribers, Google hits, Keywords count, video category, 
contrast of video thumbnail, title length and number of 

upper-case letters in the title respectively. Optimizing the 

meta-data after the video is posted improves the popularity 

of the video. The social dynamics i.e, the interaction of the 

channel also affects the popularity of the channel.  

Architecture diagram: 

 
  

III. METHODOLOGY 

We apply machine learning methods i.e, Extreme learning 

machine to study how video view count impacted by meta-

level features of YouTube videos. 

We analyse  changing of meta-level features, after a video is 

posted, impacts the user engagement of the video. We study 
how optimizing the title, thumbnail or keywords affect the 

view count of YouTube videos. Let ti be the time at which 

the meta-level optimization was performed on video i and 

let si, denote the corresponding sensitivity. We characterize 

the sensitivity to meta-level optimization as follows: 

 
The numerator  is the mean value of the view count 7 days 

after optimization. Similarly, the denominator is the mean 

value of the view count 7 days before optimization. 
 

IV. RESULTS AND DISCUSSIONS 

The results are shown in the form of a statistical form and 

graphs  like a bar graph, pie chart, line graph, scatter plot, 

histogram etc. The graph is generated using js chart of 

predefined libraries, which we can install and execute our 

graph. 
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Results for Categorizing: 

 
 

  

Results for Optimizing: 

 
 

Results for Popularity of distribution: 

 
 

  

V. CONCLUSION 

We conducted a data-driven study of YouTube data using 

dataset. First, by using several methods(machine learning), 
we investigated on the view counts of videos for the 

sensitivity of the videos meta-level feature.It was found that 

the key meta-level features include: first day view count , 

Google hits, number of subscribers, contrast of the video 

thumbnail,  keywords count, video category, title length, 

and number of upper-case letters in the title respectively. 

We are optimizing the meta-data after the video is posted 

improves the popularity of the video. The interaction with 

the YouTube users also affects the popularity of the 

channel. The final results of the paper was to categorize , to 

optimize and to know the popularity of YouTube videos. 
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