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Abstract. Social media platforms play an important role in commerce, entertainment, marketing, 
education, media and communication. YouTube has a large and active user base, making it the 
center of corporate digital marketing efforts. There are always videos that attract a lot of attention in 
a short period of time and become trending videos on YouTube, and these videos can be displayed 
as trending videos on YouTube and updated daily. In this article, we analyzed data on YouTube 
trending videos in the US region and analyzed the targets that captured the attention of users in a 
relatively short period of time. We conduct exploratory data analysis on each aspect to gain data 
insights and find statistical similarities between them to understand viewing patterns across video 
categories. We present our analysis by measuring, mining, analyzing, and doing ANOVA 
comparisons of four scales of different categories of likes, dislikes, opinions, and comments. In 
addition, the study compared the accuracy of three machine learning methods on YouTube data, 
which counts the number of views and viewer reactions of popular videos on YouTube. 

Keywords: machine learning, Video Trending Analysis, exploratory data analysis. 

1. Introduction  

Social media platforms play an important role in business, entertainment, marketing, education, 

media and communication. Since its inception in early 2005, YouTube has become the most 

successful Internet site, offering a new generation of short video-sharing services. Users can share 

their lives and watch content uploaded by youtube users around the world. It offers a wide variety of 

user-generated and corporate media videos. Available content includes entertainment videos, TV 

show clips, music videos, and educational videos ..... .  

There are always videos that catch the attention of many people and become trendy in a short 

period of time. This dataset records the most popular videos on YouTube and is updated daily. The 

rules for determining whether a video is popular or not depend not only on the number of views but 

also on how fast the number of views increases, how long the video has been uploaded, user feedback, 

etc. Popular videos are important information for both the company and the users (i.e. YouTubers.) 

Youtube can monitor user engagement and usage by looking at popular videos to get a visual idea of 

where the company is going. When companies increase user engagement and create an environment 

conducive to participation, they can greatly increase their chances of business success (Kim et al., 

361). Therefore, the total number of daily trending video views will reflect fluctuations in user 

engagement and the future of Youtube in the industry. 

Users who upload videos can refer to the Trending video list to improve their content and make 

their videos go viral. Many YouTubers upload their game videos, edited vlogs, and self-created shows 

to build their unique channels. They use Youtube as one of their social media platforms to disseminate 

their interesting and insightful content to viewers and subscribers in the form of a variety of videos. 

Sharing everyday life experiences on social media creates a sense of belonging and creates a sense of 

community online. (McCay - Peet). In order to feel a sense of belonging on the Youtube platform, 

video creators are eager to discover the secret technology that makes their videos trendy so they can 

gain more subscribers and viewers to watch their high-quality content. 
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2. Data & methods  

2.1. Data 

The Youtube Trending dataset originates from the Kaggle dataset, which is composed of detailed 

information on daily trending videos from August 2020 to March 2022.This dataset contains 22 

columns with 116033 observations. The columns contain the unique id of each video, the date, time, 

and country of a video published, the id of the video category and the id of the video channel, the date 

and time when the video shows on the trending page, the number of views, likes, dislikes and 

comments, description, tags, title and channel of a certain video, the link for thumbnails and if the 

video can be commented and rated by viewers. 

In this project, we mainly analyze the trending video in the United States region. Since some videos 

are trending for more than one day, they may appear more than one time in this dataset with a unique 

video ID. Hence, we change the date to the date-time format so that it is more convenient to analyze 

and visualize data. After that, we eliminate the missing values, delete unusual cases that have more 

likes than view counts, and prepare two versions of data as validation to proceed with our analysis. 

To understand the distribution, the dataset is right-skewed with some of the data lying far right 

compared to the rest of the samples, this illustrates that there are some hot videos way more popular 

than others based on their views, likes, dislikes, and the number of comments.  Since some statistical 

techniques require data normalization, it is important to do the transformation of the data by applying 

logarithmic functions to make most of the dataset normalized. 

2.2. Models 

In this project, after finding the dataset, this study investigates the background and does the 

literature review. Then, the exploratory data analysis (EDA) is carried out for this dataset, including 

the ANOVA, ANCOVA, and machine learning to calculate the accuracy. Below is the formula for 

this project. 

ANOVA is used to determine the difference between the means of two or more populations by 

testing the amount of within-sample variation consistent with the amount of between-sample variation. 

In this dataset, where each trend video has a category, we will use one-way ANOVA for the study of 

one factor. ANCOVA, or analysis of covariance, is an extended form of ANOVA in which the effect 

of one or more interval-scale uncorrelated variables is removed from the dependent variable prior to 

conducting the study. It is the midpoint between ANOVA and regression analysis, allowing for the 

comparison of one variable across two or more populations while taking into account the variability 

of other variables. It is used in this paper to quantify the differences between different categories of 

opinions, likes, dislikes, and comments.[11] 

Then we use three machine learning methods, decision tree, Lasso, and ridge, to compare the best 

accuracy for predicting the number of views of each trending video. Decision trees are decision 

support tools that use tree-like decision models and their possible outcomes, including chance event 

outcomes, resource costs, and utilities. Lasso and ridge are two  regularization techniques used in 

feature selection as the shrinkage method for penalization. 

Below is the formula that used for this paper: 

        Z=
𝑥−𝑚𝑖𝑛(𝑥)

𝑚𝑎𝑥(𝑥) − 𝑚𝑖𝑛(𝑥)
                               (1) 

To calculate the accuracy for the machine learning models, following expression is used: 

  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
                                      (2)   
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3. Results & Discussion 

Exploratory Data analysis (EDA) is a method of manipulating data and summarizing its key 

characteristics by exploring and understanding relationships and trends between variables. We'll use 

the visualization package in Python to study the distribution and properties of the data. 

If people want to be a video creators and look for a head start on Youtube, it would be better to 

check which category is most popular among all with respect to the view count. 

 

Figure 1. Number of Views in each Category 

The graph shows the total view counts for each category. It is easy to find from figure 1 that the 

music and entertainment categories have the highest number of views and autos & vehicles have the 

smallest number of views. 

 

Figure 2. Histogram of 4 variables in each category 

From figure 2, we classify each category into 2 parts. For the number of views, we separate the 

data into above one million and below one million, for likes, we separate into above 20,000 or not, 

for both dislikes and comments, we separate by 1,000. It is easy to find that with more views, there 

are more likes and comments and fewer dislikes. Also, the category of 10,20, and 24 are the most 

popular one figure 1, which are music, gaming, and entertainment. 

ANOVA is a very useful tool to test if there are significant differences between groups. In this 

dataset, every trending video is marked with its category, we will first try One-Way ANOVA on 

categories with likes, dislikes, and view count and all F observed values are very large with p-values 

less than 0.05. Therefore, we can conclude that different groups marked with different categories have 

significant differences among them.   
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Table1. One Way ANOVA 

index sum of square df F 

view_count~category 

Residual 

likes~category 

Residual 

dislikes~category 

3.4607216564772982 

88.08900809837485 

87.63139676319422 

377.03322364290415 

153.06010365163078 

14.0 

94723.0 

14.0 

94723.0 

14.0 

265.8106390206175 

NaN 

1572.5610740231316 

NaN 

341.09693148239154 

Residual 3036.0687325498493 94732.0 NaN 

 

Checking assumptions for ANOVA:  

The normality of data has been checked in the previous part. 

Since we have a large dataset, we can apply CLT to this dataset and we treat the condition satisfied 

as n is large enough 

ANCOVA is a strategy that combines linear regression and ANOVA. We have proved that there 

are significant differences between each category with different features including view counts, likes, 

and dislikes. Therefore, to quantify the differences between them, we use ANCOVA to adjust the 

mean for every feature with respect to their categories. 

Since we have over 10 categories, we choose three categories that have similar view counts but 

different genres that may have different audiences. Moreover, since the view count, likes, and dislikes 

are large numbers without normal distribution, we log them to move on to our analysis.  

 

Figure 3. ANCOVA on likes vs. view count 

From the results in figure 3, we can see that they basically have similar slopes with different 

intercepts. The category Film&Animation and Science$Technology have a very close slope 

compared with each other. Therefore, ANCOVA will be a good model for predicting view count by 

likes in different categories with different means. We can also see that there are positive correlations 

between likes and view count. From this result, we observe that likes will increase as view count 

increases, and trending videos generally have very large view counts because more audiences favor 

the content. Comedy with the largest slope shows that more viewers will click likes after watching 

than the trending videos from the other two categories. 
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Figure 4. Dislikes vs View Count 

We can see that Film&Animation and Science&Technology have a close slope shown in figure 4, 

similar to the previous ANCOVA on Likes vs. View count. But we observe that Comedy has a much 

larger slope of 1.2, the largest slope among the three categories. Therefore, we conclude that a larger 

view count will lead to an obvious increase in both likes and dislikes. The Comedy category has more 

significant effects on feedback than the other two categories.  

After a Youtube video is published, it generally trends for several days and fades out gradually. 

We know that if a Youtube video performs well on the trending page, this video will be revealed by 

more people and last longer on the trending list. In this research, the author first extracts the maximum 

values for the other predictor variables and then creates a new variable total_trending_days to 

evaluate the number of trending days for each video. We are still using the 70%-30% split to create 

the training and testing data. We want to find the best regressor for this model to predict the number 

of views. The predictors for machine learning are the categoryId, likes, dislikes, comment_count, 

comments_disabled and ratings_disabled. The three regressors are the decision tree, Lasso, and Ridge. 

For the three machine learning methods, the research uses both the default parameter. To evaluate 

each regressor, the accuracy is a good scale for the performance. Table 2 below is the matric for the 

3 regressors with their corresponding accuracy. It is easy to find that the decision tree regressor is the 

best with the highest accuracy.  

Table 2. Three Machine Learning Method with Accuracy 

Method Accuracy using default parameters 

Ridge 

Decision Tree 

Lasso 

79.51% 

87.77% 

79.60% 

4. Conclusion  

Through this project, we acquire the results of analyzing Youtube trending video data from August 

2020 to March 2022 and thus propose some conclusions and assumptions in our report: 

We successfully use the multi-linear regression model to imply that variables likes, dislikes, 

comment_count, and published_hour have a significant influence on the views of a trending video. 

YouTubers can improve their video quality based on these aspects of their video feedback. We 
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successfully utilize the 3 machine learning methods to compare the best model accuracy in predicting 

the number of views for a Youtube video and the best model is the decision tree method. The top 3 

popular categories of trending videos are Music, Entertainment, and Science&Technology. Users 

could refer to this list to follow the trending content, and YouTube could fund to simulate more high-

quality videos in other categories. Understanding these results will not only help YouTube develop 

better features and algorithms to improve user engagement and earn profits but also benefit 

YouTubers to improve their video quality and content in order to compete for opportunities of having 

more trending videos. 

This project still can have lots of improvements. Like people can use R first to do the forward and 

backward selection to find the best model to predict the quality and then use Python to do the above. 

Also, people can calculate not only the accuracy score to compare the model but the MLE and MAP.  

Since we use likes and dislikes to predict the number of views, for some videos, it occurs some 

people are not objective in evaluating the video, and also there may exist some fans to click a video 

many times to give a better number of views for their celebrities. Also, we only use 10 variables in 

this paper, the factor of influence are more than that mentions in this paper. Moreover, since we use 

the data from 2020 to 2022, covid-19 may influence the youtube video data. 
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