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Abstract- Nowadays, Big data and Data mining have attracted a great deal of attention in the information industry, due to the wide 

availability of huge amounts of data and the urgent need for turning such data into useful knowledge through predictive models. 

Corporate companies are using social media for improving their businesses, the data mining and analysis are very important in 

these days. Thus, Interaction and review are established with the customers and the concept, characteristics & need for Big Data & 

different offerings available in the market to explore unstructured large data. The paper deals with analysis of YouTube Data. The 

analysis is done using users Sentiments features such as Views, Comments, Likes, and Dislikes. We used the Linear Regression 

classification approach to classify the YouTube Data. The experimental results are given accurate results which illustrated that it is 

influential practice and a key enabler for the social business. The insights gained from the user generated online contents and 

collaboration with customers is critical for success in the age of social media. 

 

I. INTRODUCTION 

With rapid innovations and surge of internet companies like 

Google, Yahoo, Amazon, eBay and a rapidly growing 

internet savvy population, today's advanced systems and 

enterprises are generating data in a very huge volume with 

great velocity and in a multi-structured format including 

videos, images, sensor data, weblogs etc. from different 

sources. This has given birth to a new type of data called 

Big Data which is unstructured sometime semi structured 

and also unpredictable in nature. This data is mostly 

generated in real time from social media websites which is 

increasing exponentially on a daily basis. According to 

Wikipedia, “Big Data is a term for data sets that are so large 

or complex that traditional data processing applications are 

inadequate to deal with them. Analysis of data sets can find 

new correlations to spot business trends, prevent diseases, 

combat crime and so on [1]”. With millions of people using 

Twitter to tweet about their most recent brand experience or 

hundreds of thousands of check-ins on Yelp, thousands of 

people talking about a recently released movie on Facebook 

and millions of views on YouTube for a recently released 

movie trailer, we are at a stage wherein we are heading into 

a social media data explosion. Companies are already facing 

challenges getting useful information from the transactional 

data from their customers for instance, data captured by the 

companies when a customer opens a new account or sign up 

for a credit card or a service. This type of data is structural 

in nature and still manageable. However, social media data 

is primarily unstructured in nature. The very unstructured 

nature of the data makes it very hard to analyze and very 

interesting at the same time. Whereas RDBMS is designed 

to handle structured data and that to only certain limit,  

 

RDBMS fails to handle this kind of unstructured and huge 

amount of data called Big Data. This inability of RDBMS 

has given birth to new database management system called 

NoSQL management system. YouTube is a open source 

platform from google and have billion users that are present 

and everyday people watch hundreds of millions of hours on 

YouTube and that generate billions of views. Every day, 

people across the world are uploading 1.2 million videos to 

YouTube, or over 100 hours per minute and this number is 

ever increasing [3]. To analyze and understand the activity 

occurring on such a massive scale, a relational SQL 

database is not enough. Such kind of data is well suited to a 

massively parallel and distributed system like Hadoop.. 

 

II. LITERATURE REVIEW 

 

Social media has generated a wealth of data. Billions of 

people tweet, sharing, post, and discuss every day. Due to 

this increased activity, social media platforms provide new 

opportunities for research about human behavior, 

information diffusion, and influence propagation at a scale 

that is otherwise impossible. Social media data is a new 

treasure trove for data mining and predictive analytics. 

Since social media data differs from conventional data, it is 

imperative to study its unique characteristics. Big Data in 

technology has contributed much toward marketing 

practitioners to search for new patterns when faced with 

assessing brand performance during brand equity appraisal. 

Some challenges of current practices are that these methods 

rely heavily on data collection and analysis methods such as 

question, which have a significant time lag. In the paper, 

authors (Jai Prakash Verma and Giaglis, 2017) has defined a 

computational model that add up the topic and sentiment 
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classification subjects from consumer point of view in social 

media network. Their model devises a novel algorithm to 

improve clustering of post in semantically related groups, 

which is an essential prerequisite when searching for related 

topics and sentiment in pools of big data. To define the 

validity of their algorithm, they apply it to the other 

transportation network, from data collected through Twitter 

or any other social media. Results obtained present 

consumer sentiment towards data and produce insights for 

fundamental brand equity dimensions. The authors in the 

work (Morstatter and Liu, 2017) propose computational 

methods to assess if there is bias due to the way a social 

media site makes its data available, to detect bias from data 

samples without access to the full data, and to mitigate bias 

by designing data collection strategies that maximize 

coverage to minimize bias. They also present a new kind of 

data bias stemming from API attacks with both algorithms, 

data, and validation results. This work demonstrates how 

some characteristics of social media data can be extensively 

studied and verified and how corresponding intervention 

mechanisms can be designed to overcome negative effects. 

 

III. PROPOSED APPROACH 

 

The approach focuses on how data generated from YouTube 

can be mined and utilized by different companies to make 

targeted, real time and informed decisions about their 

product that can increase their market share. The approach 

uses Hadoop concepts. The approach has multiple 

applications. Industries utilize the approach to understand 

the effectiveness of marketing. In addition to the view 

counts, subscribers and shares, audience retention count, 

companies can also evaluate views according to date range. 

This can tell the industries when the slow period or spike in 

viewership is and attribute the same to certain marketing 

campaign. Applications for YouTube data can be endless. 

For example, industries can analyze how much a product is 

liked by people. The application helps in analyzing new 

emerging trends and knowing about people's changing 

behavior with time. Also, people in different countries have 

different preferences. By analyzing the 

comments/feedbacks/likes/view counts etc.  

The approach uses several steps and techniques to identify 

the optimized algorithm for classification of YouTube Data. 

The following are listed below:  

• Fetching YouTube Data Using Google API 

• Storing Data to Hadoop Distributed File System 

(HDFS) 

• Indexing Data  

• Cleaning Data  

• Creating Model for Data  

• Analysis of Data  

• Training Data  

• Classification of Data by selecting best Fitting 

Algorithm for Social media Analysis: YouTube 

 

3.1  Fetching YouTube Data Using Google API 

The Fig 1 below presents YouTube Extracted Data Using 

Google API. 

 
Fig 1. YouTube Extracted Data Using Google API 

3.2 Storing Data to Hadoop Distributed File System 

(HDFS) 

The following steps are followed to store data to Hadoop 

Distributed File System (HDFS). First, we need to login to 

Cloudera cluster with the login credentials provided by 

Cloudera.com. Next FTS server is used to upload dataset to 

Local drive so it will be available all the time if anything 

goes wrong in future, that requires only upload features to 

upload the dataset to local file system of Cloudera. Later, 

once file has been uploaded successfully, need to store data 

to HDFS so that MapReduce job to Hadoop cluster can be 

done. Hadoop commands are used to copy the dataset stored 

at local server to Hadoop cluster as shown below. 

$hadoop fs -put youtube.txt youtube.txt 

Or, can be copied data directly to HDFS using Hue 

Framework provided by Cloudera just like Upload and 

download the data. This completes uploading dataset to 

HDFS for future analysis. 

 

3.3 Indexing Data  

Hive Query is used for Indexing as follows and represented 

in Fig 2.  

create table YouTube (VideoId string, Trending_Date Date, 

title string, channel_title string,category_id 

int,Category_name string, publish_time int, views bigint, 

likes bigint, dislikes bigint, comment 
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bigint,comment_disable boolean, ratings_disable 

boolean,video_error_or_removed boolean, country 

string,likes_prop float, dislikes_prop float,like_ratio float 

row format delimited fields terminated by '\t' location 

'hdfs://nameservice1 /user /edureka_ 359332 /Youtubbe'; 

 
Fig 2. Indexed Data created from YouTube Dataset 

 

Finding other Insights in data Using MapReduce Java 

Program and Hive Query for better understanding of data 

for Machine Learning section is used and is represented in 

Table 1 and 2 and Fig 3 and 4.  

 

Hive Query1 

select videoid, uploader, category, rating from youtube 

ORDER BY rating desc limit 10; 

 

 
Table 1: You tube data order by Rating 

  

 
Fig 3. Hive Query Output for Top 10 Rated videos on 

Youtube 

Hive Query2 

select videoid, uploader, category, views from youtube order 

by views desc limit 10; 

 
Table 2: You tube data order by Views 

 format = "%Y/%m/%d") 

• Now check the missing data in dataset using Model if there 

is any missing value in the data it will represent using 

yellow color in Heatmap of data.  

 sns.heatmap(youtube.isnull(),yticklabels=False,cba

r=False,cmap='viridis') 

The missing data from data set is represented in Fig 5 which 

is processed for cleaning as shown in Fig 5. 

 

• Next, cleaning is performed on missing data, some data are 

neglected as it consist of redundant and has noisy values. 

These data cause much impact. 

 Youtube = youtube.dropna() 
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Fig 4. Hive Query output for top 10 categorical views on 

video. 

3.4 Cleaning Data 

After indexing of dataset, we need to process the data for 

data cleaning to remove redundancies and to fill up missing 

data. Following are the steps: 

• To load dataset for cleaning the data using libraries  

 %matplotlib inline 

 import pandas as pd 

 import matplotlib.pyplot as plt 

 import numpy as np 

 import seaborn as sns 

 from datetime import datetime 

 

• Then read data as youtube data  

  youtube = 

pd.read_csv("youtubeVid_main.csv",sep = ",") 

  youtube["trending_date"] = 

pd.to_datetime(youtube["trending_date"] \,  

 
Fig 5. YouTube Data after performing cleaning 

 

3.5 Classification of YouTube Data 

Now, data is cleaned and ready for machine learning. We 

used three classification algorithms for classifying YouTube 

data based on users sentiment analysis. 

o Logistic regression  

o Decision Tree 

o Random Forest 

We need to identify how much data is linearly correlated to 

each other hence some analysis is needed to find correlation. 

 

IV. EXPERIMENTAL RESULTS 

 

We correlate the YouTube data depending on Views, Likes 

and Dislikes. To do this we need to know weather data is 

linear. The following code is used to know the correlation.   
 corr = Youtube.corr() 

 plt. Figure (figsize= (12,8)) 

sns. Heatmap (corr, annot=True, 

cmap='rainbow') 

 

Fig 6 represents Correlation generated between data 

attributes. We can visualize that every column is correlated 

to each other. We can also visualize that Views, Likes, 

Dislikes, Comments are correlated with 85% approximately. 

 
Fig 6. Correlation with respect to Data attributes Views, 

Likes, Dislikes, Comments 

 

Top 10 YouTube channels can be extracted using the 

following code and is represented in Fig 7. 

 
topUsers_df=pivotTab_toDF(dataset=youtube,val

ue="views", indices = "channel_title", 

aggregFunct = np.sum)[:10] 

print ("Top 10 Youtube Channels:\n") 

topUsers_df 

 
Fig 7 Top 10 YouTube Channels 
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Top 10 YouTube categories can be extracted using the 

following code and is represented in Fig 8. 

 
topCat_df=pivotTab_toDF (dataset=youtube, 

value="views", \indices="category_name", 

aggregFunct= np.sum) [:5] 

print ("Top 5 Youtube Categories:\n") 

topCat_df 

 

 

Figure 8. Top 5 Youtube Category 

 

The classified data is shown in the form of graph which 

exhibits the trend videos based on Likes and Dislike relation 

to their Views & Comments. 
sns.pairplot(df_videos,x_vars=['comment_count

','views'],y_vars=['likes','dislikes'],size=5

) 

 
Fig 9. Likes and Dislikes based on Comments and Views 

 

Now, we estimated the user trends based on YouTube data 

output which is correlated with Views with their Likes ratio 

and is represented in Fig 10. Below is the following code 

snippet.  
sns.jointplot(x='views',y='likes',data=df_vid

eos,kind='reg') 

 
Fig 10. Relation between Likes and Views 

The data in Fig 10 is linearly related we can further proceed 

with linear regression algorithm for classifying data.    

 

3.5.1 Linear Regression for classifying YouTube data  

After analyzing, it is known that data is linear correlated in a 

greater ratio. This can be represented using pair plot of 

matplotlib. 

 
youtube.columnsIndex(['Avg. Likes', 'Comment 

Ratio', 'Subscrition', 'Avg. Dislike Ratio', 

'Channel Subscribers', 'Likes', 

'Channel'],dtype='object') 

sns.pairplot(youtube) 

 

After the implementation of the above code we can analyze 

the relation between attributes of the data. Here, analysis of 

average Likes, Comment Ratio, Subscrition Avg, Dislike 

Ratio, Channel Subscribers, Likes Channel, for better 

understanding. This is shown in Fig 11. 
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Figure 11 Classification result of Linear Regression 

 

V. CONCLUSION 

 

With the advent of opinion-rich resources such as Social 

Networks via hand-held devices, people across globe speak 

out their opinions more open and often. This development 

has posed us greater opportunities combined with new 

challenges as people now actively use information 

technologies to seek out and understand the opinions of 

others.  The insights gained from the user generated online 

contents and collaboration with customers is critical for 

success in the age of social media. In this paper, we have 

demonstrated how Big Data techniques could be used to 

analyze people’s sentiments based on their feedback on 

YouTube videos. The sample data was extracted using 

Google’s APIs and then was stored into HDFS. Hive was 

then used to store the datasets in columnar format and query 

the same to seek the information that is of interest to us.  
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