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Abstract 

Searching and watching videos on YouTube has become a part of our daily lives. By understanding the 

popularity of online videos and predicting the popularity of future videos is of great importance to 

organizations as well as individuals who are looking forward to publishing their videos. This research 

aims to predict the popularity of video with help of Classification Algorithms and suggestion of 

trending and frequently used tags in the form of word cloud. Here, the researcher has used Decision 

Tree, Support Vector Machines and Naïve Bayes algorithms for training the prediction model. The 

results provide a good accuracy of popularity prediction which were compared using percentage split 

test method. 
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Chapter 1: Introduction 

YouTube is one of the great platforms to promote or represent your company. Video is 

influential if it’s done right but can be negative if it’s done wrong. It is a great platform to exhibit your 

talent as an individual or to showcase product and services for an organisation within just a few 

minutes. The latest statistics from YouTube indicate that YouTube has over a billion users which 

consist of one-third of internet users, generating over a billion hours of video that are watched every 

day by the users (YouTube For Press, no date). Predicting how much popular your video will be, is of 

great importance as it can affect your promotional and marketing strategies. It can help to predict the 

demand of an upcoming product according to the current market situation. 

To predict the popularity of a video, data mining of existing popular videos is important for 

creating a predictive model which will act as training set for the model. For carrying out this activity, 

qualitative data is important factor rather than quantitative data. According to Kotu and Deshpande 

(2014, pp. 3-4), data mining is process of building model that fits the observational data which can be 

used to identify the relation between input and output variables, and it can predict the output based 

on input variables. Figure 1.1 represents basic understanding of the predictive model. 

 

         Figure 1.1 : Model for Predictive Analysis 

 

Objective 

This aim of this research is to predict the popularity of a video before uploading it on YouTube 

and would also suggest some trending tags which can lead to increase in video view count. Popularity 

in this model is measured in terms of rating scale from 1 to 3, where 1 is least popular video and 3 

being the most popular. Along with the predictive model, popular tags word cloud is produced 

according to the category chosen to improve the search ranking of the video. 

This predictive model will be useful for both companies and individuals who are going to upload 

their videos either for promotion of product or to boost the company image, as there is no easier, 

direct way to showcase their services and products. This predictive model will help to determine how 

impactful their video can be as gaining early popularity is critical for any video. 
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        YouTube provides reporting API which retrieves bulk reports of channels subscribed or content 

owner, generates custom reports in response to user interaction but does not help in predicting your 

video’s popularity (Analytics and Reporting APIs). Some models are there which predict popularity of 

videos based on early view patterns whereas this model will predict the popularity before uploading 

to YouTube. 
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Chapter 2: Literature Review  

2.1 Introduction 

Literature review of this proposal presents a simplified overview of the basic concepts involved, their 

working and how it is used in Predictive model building. Followed by analysis of some researches 

carried out on predictive model for videos in related work section, describing about the parameters 

used in the research, what was the technique used to build the model and outlining if there is any 

limitation or advantage which can be used in this model building process. 

 

2.2 Why Predictive Analytics? 

According to Subramanyan,2013, Predictive analytics uses technology to predict the future by 

analysing previous historic data and make predictions about future through some representative 

model. It helps in recognising patterns in data to understand situation and identify opportunities to 

enhance capabilities of what organisations are doing. With the help of predictive model, customer 

loyalty can also be improved by analysing data on their changing buying behaviour and help the 

marketers to build strong relations with the customers. One more benefit of using predictive model is 

that they are consistent as compared to human decision-making. The model will generate the same 

output without any bias which human are liable consciously or unconsciously (Finlay, 2014, pp. 7-8). 

However, the models are predictive but not precise.  

 

2.3 Value of Data 

The most basic and important thing about Predictive analytics is that, it cannot be done without data. 

Also, the quality of analysis depends on quality of data. Doubling the amount of data will not increase 

the accuracy of models (Finlay, 2014, p. 65). Choosing subset of data among large data is critical task 

followed by preparation of data by removing missing value records, punctuation and stop words. 

Hair et al.(2006, pp. 3-5) explains that for improved decision making, sometimes information analysed 

with simple statistics is not enough and hence it requires more complex, multivariate statistical 

techniques to convert these data into knowledge. The objective is to avoid use of a single variable to 

represent a concept and instead to use several variables that represent different facets of the concept. 

The elementary unit of multivariate analysis is Variate, it is linear combination of variables with 

empirically determined weights. A variate of n weighted variables can be defined as: 

Variate value = w1X1+w2X2+...+wnXn 

https://www.business2community.com/author/vignesh-subramanyan
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where wn is weight and Xn is observed variable. The result represents a combination of the entire set 

of variables that describes the objective of the specific multivariate analysis (Hair et al.,2006, p. 5). 

Kotu and Deshpande (2014, pp. 40-42) explains, data involved in predictive analytics comes in 

different types and understanding these types helps in deciding the operations and processing to be 

performed on the data.  

 

Attribute 
Type 

Description Example 

Nominal or 
Categorical 

These are distinct values or symbols used for labelling 
variables and are mutually exclusive. ID number, zip codes 

Ordinal 
These attributes provide information for ranking or 
ordering objects Ranking, Grades 

Interval 
These are the scales which provide exact difference 
between values as well as order Calendar dates 

Table 2.1:Types of Attributes 

2.4 Machine Learning for Predictive Data Analytics 

Kelleher, J.D (2015, p. 3) describes Machine Learning as a process of learning from experience and it 

is present all around us in many forms for example getting relevant product recommendations when 

we use amazon shopping site. It finds natural patterns in data that can be further used to make better 

decisions and predictions. This can be used in making many day-to-day critical decisions. Its real-world 

applications include credit scoring used in banking domain, detecting tumour in medical domain, 

natural language processing and so on. The data used while building predictive model for which the 

target answer is already known is called as labelled data.  

 For learning to happen, the model is provided with data that has the correct answers to train the 

machine learning algorithm, this data is known as training data. This data helps the model to find 

patterns and once the model is trained, test data is fed into the model for which prediction is 

performed based on the training provided (Kotu and Deshpande, 2014, p. 28). 

 

2.4.1 Supervised Machine Learning 

Supervised machine learning technique trains a model based on known input and output data to 

predict output of target instance. In machine learning terms, each row of dataset is known as training 

instance and the overall dataset is known as training dataset (Kelleher, J.D, 2015, pp. 4 -5). Each 

instance of dataset is represented with the same set of features which can be continuous, binary or 

based on category and is referred to as supervised learning (Kotsiantis et al., 2007, pp. 3).  

Supervised learning can be further grouped into regression and classification problems. Classification 

technique is used to predict discrete response where it classifies input data into categories (Sharda et 
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al., 2018, pp. 226). Regression technique predicts continuous responses or when the output variable 

is a real value (Sharda et al., 2018, pp. 241). In this predictive model, classification technique is used 

to predict under what category of rating the video will belong. Below is brief description of the 

different algorithms being used in the model building process. 

 

2.4.2 Naïve Bayes Classifier 

Naïve Bayes classifier is based on Bayes theorem which is probability-based prediction stating 

P(event for given set of evidence) = P(evidence given the event) x P(event) 

where P indicates probability and evidence indicates a factor or attribute. The naïve bayes algorithm 

assumes that the attributes have independent distributions. But usually this assumption is not true, 

yet the resulting model performs well (Kotu and Deshpande, 2014, pp. 111-114). One example of this 

classifier algorithm is used in filtering and detecting spam emails, where an email is flagged as spam 

based on all the words in the email which are checked for probability of being in spam or regular email 

(Zdziarski, 2005). The response variable of this algorithm can be numeric or nominal attribute. Naïve 

Bayes can be trained even with small dataset and also it is not sensitive to irrelevant attributes, making 

its processing fast as compared to other classification techniques. The algorithm is named as “Naïve” 

as it assumes independent features. 

The prediction model for Naïve Bayes is given as (Kotu and Deshpande, 2014, pp. 256-267), 

𝑃(𝑞) = arg  max
𝑙∈𝑙𝑒𝑣𝑒𝑙𝑠(𝑡)

 (( ∏ 𝑃(𝑞[𝑖]|𝑡 = 𝑙))  × 𝑃(𝑡 = 𝑙)

𝑚

𝑖=1

 

where q is query instance having set of features as q[1], q[2] .... q[m] and t represents target features 

with set of levels (levels(t)). Here, the different set of probabilities used in the above equation can be 

described as, 

1. 𝑃(𝑡 = 𝑙) represents probability of target feature at level 𝑙. 

2. 𝑃(𝑞[𝑖]) represents joint probability of query instance having m features. 

3. 𝑃(𝑞[𝑖]|𝑡 = 𝑙) represents the conditional probability of descriptive features given target 

feature at level 𝑙. The probability can be calculated by finding the relative frequency of the 

event q[1]...q[m] where 𝑡 = 𝑙. 

 

2.4.3 Decision Tree 

When using decision tree for classification, it determines a set of logical if-then conditions to classify 

problems. The input variables to decision tree model are known as attributes and resulting output is 

known as class label (Sharda et al.,2018, pp. 247). As shown in figure 2.1, a tree consists of branch 

which represents the outcome of a test condition during the classification process, root node, child 
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nodes and leaf nodes or final class where these nodes are connected by branches (Kelleher, J.D, 2015, 

pp. 121). Sharda et al.(2018, pp. 248) explains that the decision tree recursively divides the data until 

each division contains data with same class. On every non-leaf node there is a test condition on one 

or more attributes to determine the next level of class for the input data which is also known as split 

point. The data is split into mutually exclusive (non-overlapping) subsets. 

 

 
Figure 2.1: Decision Tree 

Many decision tree algorithms have been developed which primarily differs in the way they determine 

the split values, the number of branches coming out from a node and the stopping criteria. ID3 is the 

most widely known algorithm, classification and regression trees(CART) algorithm from statistics and 

chi-squared automatic interaction detector (CHAID) algorithm (Sharda et al.,2018, pp. 248).  

With decision tree, overfitting of the predictive model can happen on the training dataset if there is 

some noise in the training set and also if the distribution of target feature is different among training 

dataset and the dataset as a whole. Hence, due to overfit the predictive model splits the data on 

irrelevant features which are limited to those noisy datasets only. To overcome this, tree pruning can 

be done to identify and remove the subtree which is likely to occur due to the noisy data. Although, 

pruning results in a decision tree which is not consistent with the training data, but it makes the model 

more generalised to new data (Kelleher, J.D, 2015, pp. 157 - 159).  

 

2.4.5 Support Vector Machines 

Support vector machines (SVM) is an error-based learning approach, data is classified among 

different classes where a clear distinction is made by a linear hyperplane (Rebentrost, Mohseni and 

Lloyd, 2014, pp. 1). In cases where the data is not linearly separable, a loss function is used to 

penalise the data points which are on the wrong side of the boundary.  
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Figure 2.2: Concepts in SVM 

Figure 2.2 represents a sample dataset with two features. Here, boundary depicts the separating 

hyperplane which clearly distinguishes between the two target features whereas the dashed lines on 

either side depicts as margin which is distance from boundary to the nearest training data. The most 

important instances are the support vectors which helps in defining the decision boundary and these 

are the points which fall along the margin extents. Sometimes a few of the instances are misclassified 

and a penalty is charged for every misclassification denoted by ᶓ. The sum of all the ᶓ are calculated 

associated with each hyperplane and then best hyperplane is chosen with minimum penalty cost (Kotu 

and Deshpande, 2014, pp. 134-140). 

 

The equation for choosing best decision boundary is given by  

𝑑𝑖𝑠𝑡(𝑑) =
𝑎𝑏𝑠(𝑤0 + 𝑤. 𝑑)

‖𝑤‖
 

where d is a set of descriptive features for an instance, 𝑤0 is the first weight of decision boundary, w 

is set of weights in the model and  ‖𝑤‖ is the Euclidean norm of w calculated as (Kelleher, J.D, 2015, 

pp. 376 - 383), 

‖𝑤‖ =  √𝑤[12] + 𝑤[22] + ⋯ + 𝑤[𝑚2] 

 

SVM is suitable for data with two classes but it can be used for multi-class as well with the use 

of classification technique called as kernels (Li et al., 2017, pp. 1-2). However, for large datasets kernel 

SVM has computational limitations, to overcome this Clustered SVM was introduced which uses divide 

and conquer strategy to classify the data in different clusters and then trains using linear support 

vector to divide the data in each cluster (Gu and Han, 2013). 

 

Prediction model for linear kernel is given as, 

𝑃(𝑥) = 𝐵(0) + 𝑠𝑢𝑚(𝑎𝑖 ∗ (𝑥, 𝑥𝑖)) 
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Where B(0) and 𝑎𝑖  coefficients are determined from training data and (𝑥, 𝑥𝑖) is dot product between 

input (x) and each support vector(𝑥𝑖). 

 

Prediction model for polynomial kernel is given as, 

𝑃(𝑥) = 1 + 𝑠𝑢𝑚(𝑥 ∗ 𝑥𝑖)𝑑 

Where d is degree of polynomial. Polynomial kernel allows curved lines in the input space. 

 

Prediction model for radial kernel SVM is given as, 

𝑃(𝑥) = exp (−𝛾 ∗ 𝑠𝑢𝑚(𝑥 − 𝑥𝑖
2)) 

Where gamma(𝛾) parameter is specified to the learning algorithm value ranging from 0 < 𝛾 < 1. Lower 

the value of 𝛾, the algorithm considers near as well as far away points from the hyperplane for 

calculation. 

 

2.5 Data Analytics with R  

R is an effective programming language mainly used by data scientists for performing statistical 

analysis on data and also has various built-in as well as extended functions for statistical, machine 

learning and visualisation tasks (Prajapati, 2013, pp. 18). With the use of R packages, it can also be 

connected to data stores(MySQL, MongoDB). One of the most popular ways to run R is through 

RStudio, a free open source integrated development platform for R (Adler, 2012, p.15).  

 

Predictive analytics can be implemented using R packages and the packages which are not loaded in 

R by default can be accessed using library() command. If the required package is not present in the 

local repository provided by R then it can be downloaded from other repositories such as CRAN (Adler, 

2012, pp. 37-47). For importing data from external files, R provides easy to use built-in function to 

import data from text files, spreadsheets or even from delimited files. For example, to read a csv file 

from R, we can use command read.csv(filename,header,separator) where we can specify whether the 

first row of file contains variable names and also the character acting as separating fields. Similarly, R 

has provided functions for exporting data (data frames and matrices) to text files(function: write.table) 

or comma-separated values (function: write.csv) as well. 

 

R provides facility to plot various types of data visualisations using graphics, lattice and ggplot2 

package. The graphics can be shown on screen as well as saved in many different formats by specifying 

the format in output method. 
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2.6 Creation of Word Cloud using Python  

Python is an interpreted programming language and is considered as popular language due to its high-

level interactive nature and vast library support (Pedregosa et al., 2012, pp. 2-4). Python library is an 

in-built collection of functions and methods that allows us to perform actions without writing code for 

some functions. Pandas library is preferred to work with structured data set and includes array-

computing features of NumPy library providing indexing functionality to perform aggregations, 

reshape and select subsets of data (McKinney, p. 4). Two-dimensional data can be visualised by 

providing interactive environment for plotting and exploring data (zoom in a section of plot) by using 

matplotlib library (McKinney, p. 5). Using wordcloud library in python word cloud can be generated 

for the input text provided using it along with pyplot function of matplotlib library.  

Word Cloud is a data visualisation technique for presenting text data on the basis of its occurrence in 

the input text provided. The word with highest number of occurrences is depicted in bigger size as 

compared to the other words with low frequency. 

 

2.7 Related Work 

Analysis by Rowe (2011, pp. 4-8) explore the correlation between the subscriber counts and several 

behaviour features of contents shared by user on their YouTube profile. For this analysis, Multiple 

Linear Regression model was used to forecast the audience levels of individual users at different time 

intervals. Data for this analysis was collected using YouTube API and queried for most recent 100 

uploaded videos over a period of 10 days with subsequent query on statistical features associated 

with video and its uploader. Two models were developed for predicting subscribed users i.e. user-in 

degree at a final time step, first model combined all the behavioural features (Ψall) into a single 

Multiple Linear Regression Model where as in second model videos posted features were considered 

without the view count of the user (Ψbest) and statistically significant performance was shown by 

Ψbest which is post feature selection model. This research explored only features related to the 

YouTube user profile for predicting the subscription of the user. 

 

A research by Trzciński and Rokita (2017, pp. 4-7) proposed a regression model to predict the 

popularity of the video based on its early view patterns by using Support Vector Regression. The model 

predicted the popularity of video using some of visual features of the video such as face, scene 

dynamics, clutter, text within the video and temporal feature as views, likes and shares related to 

video after its publication on YouTube. During the research, they were able to find a negative 

correlation (page -7) for text and rigidity features which say that a video containing too much of 

subtitles or videos with too much of rigidity are less popular. This study concluded that only visual 
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features were helpful to predict future popularity. One of the limitation of this research was that the 

visual features can be computed before the publication of video whereas the temporal features 

cannot be obtained until the video is published and due to which video content cannot be modified 

as video is already published. 

 

According to Pinto, H., Almeida, J.M. and Gonçalves (2013, pp. 1-5), proposed two models to predict 

the total number of views on a video published for a specific target date. First model was based on 

multivariate linear regression(ML) model which contained historical information about the early view 

counts up to a reference date and thereby assigning different weights to each day monitored to easily 

differentiate popularity curves. The second model is an extension of the ML model which predicts the 

popularity based on similar pattern followed by some training set data. This research establishes 

relation between early view patterns with respect to days there by predicting popularity. 

 

2.8 Uploading Video on YouTube 

To familiarise with the various steps involved in the process and the information need to be provided 

while publishing a video on YouTube, this section provides a brief description regarding the same. 

1. Login in to your YouTube account, on top of every page there is an Upload button, click on it 

and you will get an option to select file to upload or simply drag and drop your file. 

2. After selecting your file or video, below screen is populated (Figure 2.3) containing three tabs 

for filling basic information, translations and advanced settings related to video. 

3. While filling in basic info tab, title and tags are the most important thing as your video appears 

in the search list based on these. Next is the description of the video. 

 
Figure 2.3: Upload Status and Fill Information 

4. Translations tab give option if you want the video to be shown in other language as well. 
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5. Advanced Settings tab (refer to Figure 2.4) provides a drop-down 

6.  field to select category of the video with some other settings as to whether allow audience 

to comment or not, to view ratings of the video or not. 

 
Figure 2.4: Advanced Settings 

2.9 Literature Conclusion 

Due to exponential increase in the internet users and availability of information online, prediction of 

online content is receiving attention from the research point of view (Trzciński and Rokita, p-3). After 

reviewing some of existing researches carried out for predicting the popularity of video on YouTube, 

prediction is done using the early view pattern of the videos published and hence in such models there 

is no scope for any kind of modification related with the video content or title tags, description 

associated with it. In this research, a model is built which helps to overcome this limitation by 

predicting the popularity of video before its published-on YouTube and considering the parameters as 

user YouTube profile and also extracting YouTube video data related to category in which user is going 

to upload its video for enhancing the accuracy level of the model. Furthermore, trending tags will be 

provided in the form of word cloud to improve the video view count and ultimately improving the 

video ranking in the YouTube search list. 
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Chapter 3: Data Analytics and Interpretation 

This chapter reflects the action plan involved, choosing the right algorithm based on the required 

output type and attributes available, how the data was collected and prepared, the steps involved in 

the implementation of various supervised classification algorithms.  

 

3.1 Research Approach 

The first step towards building the prediction model was to prepare dataset having enough records 

and also each record to be provided with a rating score on the basis of which the model was trained. 

The initial proposal of having a user table and related category table was narrowed down to only one 

table having all the fields mentioned in section 3.3 and the final dataset was called as 

“YouTubeVideos”. The machine learning technique chosen for this model is supervised learning as 

both input and desired output data are provided for building predictive model and the value to be 

predicted is in the form of a probability for a class label which is Rating, hence classification algorithm 

was used.   

Next step was to implement the various classification algorithms, compare the prediction accuracy 

rate and chose the algorithm which had best precision rate. The performance of various algorithms 

was visualised using Tableau through visual aids such as graphs and histograms .It gives easy 

understanding of the result obtained. To improve the visibility and search rank of the video, word 

cloud was built for popular and most frequent words used in tags attached to a video, using python 

packages based on the category of the video. 

 

3.2 Understanding and Data Preparation 

After the first initial meeting with supervisor, the target set was preparation of dataset with at least 

3000 records containing all the information (based on structure in section 3.2.1) about existing 

YouTube videos which will be helpful in building the proposed predictive model. 

Suitable dataset was found on open data analytics platform known as Kaggle (Risdal, 2016). The 

dataset consists of 16 attributes and 38,950 records which is a good number of records for building 

the model. Out of these 16 attributes, only 14 attributes were useful in the predictive model building 

process which are listed in section 3.2.1.  The records are dated between 17/12/1 to 18/05/31 where 

each date contains 200 records. Along with the dataset, a Jason file is there which contains information 

about the categories on YouTube along with id used.  

Source: https://www.kaggle.com/datasnaek/youtube-new/data 

3.2.1 Structure of Data 

The dataset obtained has the below fields along with brief description of each attribute. 

https://www.kaggle.com/datasnaek/youtube-new/data
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• Video_id: This field represents unique identification code of YouTube video.  

• Trending_date: It is a date field showing when the video become trending. 

• Publish_date: The date on which the video was uploaded on YouTube. 

• Difference: This field is calculated field showing the difference of days between publish and 

trending date. 

• Title: Video title which appears below the video, an important factor responsible for bringing 

up the video in the search list. 

• Channel_title: Name of the YouTube channel under which the videos are uploaded. 

• Category_id: The categoryId parameter specifies a YouTube guide category associated with 

the video. 

• Tags: Keywords that are added to YouTube videos to describe and highlight the contents in 

the video. 

• Views: This parameter gives the total view count of the video. 

• Likes: The number of likes on the video. 

• Dislikes: The number of dislikes on the video. 

• Comment_count: The number of comments on the video. 

• Rating: This is a calculated field which depicts the rating of the video ranging from 0 to 5. 

• Description: This parameter contains the description of the video which appears to the 

viewers. 

The calculated fields in the dataset were calculated as per below logic. 

1. To calculate the number of days between the trending date and publish date. 

a. As trending_date column was not in date format, the text string was further divided into 

DAY, MONTH and YEAR by using MID, RIGHT and LEFT function respectively.  

 
Figure 3.1: Dataset screenshot 

b. DATE function in excel was used to get the proper date providing input as DAY, MONTH 

and YEAR obtained through above step. After converting to date format, the year was 

defaulted to 1917 by Microsoft excel, hence 2000 was added to the year field to get 

correct result. 

c. The difference between the trending date and publish date was calculated with the help 

of built-in DAYS function and parameters end_date and start_date was provided with 
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values trending_date and published_date thereby providing count of number of days 

between the two dates. 

2. To differentiate the popularity of the videos, an extra calculated column was added to the 

existing dataset as “rating” against each video record, based on the number of views it had. 

Randomly range of number of views was decided and accordingly rating was provided with 

the use of built-in IFS function which acts as nested IF condition and was much easier to read 

with multiple conditions.  

Table 3.1 depicts the ratings assigned to different range of number of views. An 

illustration of the rating table is, rating 1 is given to video with view count greater than or 

equal to 0, rating 2 is for videos with view count greater than 100001 and rating 3 is given to 

video with view count greater than 1000001. 

Formula used for generating Rating values is: 

 =IFS((P2)>1000000,3,(P2)>100000,2,(P2)>0,1) 

where P2 indicates views column. Based on the Rating column values Rating_Scale column or 

attribute was created using switch case in the excel as below:  

   =SWITCH(T2,3,"Popular",2,"Average",1,"Poor") 

 

Rating View_lower_count View_higher_count 

1 0 100000 

2 100001 1000000 

3 1000001 NA 
Table 3.1: Rating Scale 

The various categories on YouTube listed in the file are as below. 

 
Category_ID Title Category_ID Title 

1 Film & Animation 29 
Nonprofits & 
Activism 

2 Autos & Vehicles 30 Movies 

10 Music 31 Anime/Animation 

15 Pets & Animals 32 Action/Adventure 

17 Sports 33 Classics 

18 Short Movies 34 Comedy 

19 Travel & Events 35 Documentary 

20 Gaming 36 Drama 

21 Videoblogging 37 Family 

22 People & Blogs 38 Foreign 

23 Comedy 39 Horror 

24 Entertainment 40 Sci-Fi/Fantasy 

25 News & Politics 41 Thriller 

26 Howto & Style 42 Shorts 
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27 Education 43 Shows 

28 Science & Technology 44 Trailers 
Table 3.2: Category Details 

3.2.2 Descriptive Analytics 

After exporting and reading the dataset in R using read.csv function, the total number of attributes 

or labels contained in the dataset were 22 which was fetched using dim function.  

> YTdata <- read.csv(file="YTvideos.csv",header= TRUE) 

> dim(YTdata) 

[1] 38949    22 

Here is an example of a record from the YouTubeVideos dataset containing the column name and 

value associated with it. 

(video_id = “1ZAPwfrtAFY”, trending_date = “14-11-2017”, publish_date=”13-11-2017”, 

title = ” The Trump Presidency: Last Week Tonight with John Oliver (HBO)”, 

channel_title =”LastWeekTonight”, category_id =”24”, tags =”last week tonight trump 

presidency|"last week tonight donald trump"|"john oliver trump"|"donald trump"”, 

views =”2418783”,likes =”97185”,dislikes =”6146”,comment_count =”6146”,Rating 

=”5”,description =”One year after the presidential election, John Oliver discusses 

what we've learned so far and enlists our catheter cowboy to teach Donald Trump what 

he hasn't.\n\nConnect with Last Week Tonight online...\n\nSubscribe to the Last Week 

Tonight YouTube channel for more almost news as it almost happens: 

www.youtube.com/user/LastWeekTonight\n\nFind Last Week Tonight on Facebook like your 

mom would: http://Facebook.com/LastWeekTonight\n\nFollow us on Twitter for news about 

jokes and jokes about news: http://Twitter.com/LastWeekTonight\n\nVisit our official 

site for all that other stuff at once: http://www.hbo.com/lastweektonight”) 

 
Out of these 22 labels, only 9 labels which are shown below in the summary of labels, were used for 

building predictive model and the remaining labels were not relevant for the classification techniques 

as they were nominal attributes which provides information to distinguish one record from another. 

Based on the summary of the data it can be seen that there was no attribute containing null or NA 

values which are supposed to be removed from the dataset. 

> dim(YTdata) 
[1] 38949     9 

> summary(YTdata) 

     views            category_id       trending_date       publish_date     difference      

 Min.   :      549   Min.   : 1.00   01-01-2018:  200   22-12-2017:  452   Min.   :   0.00   

 1st Qu.:   227226   1st Qu.:17.00   01-03-2018:  200   20-12-2017:  420   1st Qu.:   3.00   

 Median :   632302   Median :24.00   01-04-2018:  200   05-02-2018:  413   Median :   5.00   

 Mean   :  2217792   Mean   :20.06   01-05-2018:  200   10-05-2018:  377   Mean   :  17.03   

 3rd Qu.:  1693989   3rd Qu.:25.00   01-06-2018:  200   08-05-2018:  371   3rd Qu.:   8.00   

 Max.   :225211923   Max.   :43.00   01-12-2017:  200   21-12-2017:  344   Max.   :4215.00   

                                     (Other)   :37749   (Other)   :36572                     

     likes            dislikes       comment_count         Rating      

 Min.   :      0   Min.   :      0   Min.   :      0   Min.   :1.000   

 1st Qu.:   5079   1st Qu.:    190   1st Qu.:    583   1st Qu.:2.000   

 Median :  16856   Median :    595   Median :   1746   Median :2.000   

 Mean   :  69890   Mean   :   3486   Mean   :   8045   Mean   :2.244   

 3rd Qu.:  51231   3rd Qu.:   1801   3rd Qu.:   5360   3rd Qu.:3.000   

 Max.   :5613827   Max.   :1674420   Max.   :1361580   Max.   :3.000  
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To identify the various hidden patterns in the data set collected, WEKA tool was used to see the 

association between different attributes. Scatter plot of each attribute against all other attributes 

contained in the data set was created and visualised. 

In figure 4(a), attribute Likes (on Y-axis) was plotted against Comment_Count (on X-axis) and we can 

see that liked videos does not have large number of comments on them whereas from figure 4(b), we 

see that there is strong correlation between videos that are disliked (on Y-axis) have more number of 

comments (on X-axis) as compared to videos that are liked. Similar pattern is seen between attribute 

Views (on X-axis) plotted against attributes Likes (on Y-axis) and Dislikes (on Y-axis) in figure 4(c). 

 
Figure 3.2: Likes Vs Comment Count 

 
Figure 3.3: Dislikes Vs Comment Count 
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Figure 3.4: Views Vs Dislikes and Likes 

 

3.3 Proposed Research Methodology and Implementation of Classification Algorithms in R 

Among the four different types of machine learning tasks, the researcher chose supervised learning 

technique for training the model as the data used for building predictive model was labelled training 

data on the basis of which target label for test data was calculated. As the target attribute is in the 

form of class or labels, classification algorithms were chosen, as it can categorise the data into 

different classes/categories and identify the class to which new data belongs to. Below are the steps 

followed for implementation of the different classification algorithms. 

 

3.3.1 Decision Tree for Ordinal Response variable 

This algorithm produces rules based on the attributes where a rule at each split is formed on the basis 

of only one feature or attribute. This algorithm is simple to understand and visualise whereas it is also 

prone to overfitting, even a small change in data can affect the tree being generated. 

Implementation of Decision tree requires predictor variable as a ordinal response variable and in the 

existing dataset, attribute Rating which is numeric variable was converted to an ordinal variable 

having 6 levels with use of “as.factor” function in R. This algorithm was implemented through use of 

package party with the ctree function. 

1. The first step involved installing the package “party” which is responsible for implementing 

condition inference trees algorithm with the help of ctree function. 

2. After loading the required package, dataset is imported from the csv file and checked for the 

structure of the attributes as response variable in this algorithm is ordinal type. Along with this the 

dataset was also checked for any NULL or NA values. 
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3. In next step, training and test data was created using the dataset. The data was split into 80 percent 

of the dataset as training data and the remaining 20 percent as test data. The training data has 

31159 records while the test data has 7790 records. 

trainDT = sample(1:nrow(YTdata), 0.8*nrow(YTdata), replace=FALSE) 

trainData <- YTdata[trainDT,] 

testData <- YTdata[-trainDT,] 

4. After splitting the dataset, using ctree function predictive model is built where Rating is the 

predicted variable. The first argument in the function depicts symbolic description of the model to 

fit and sign (~.) means to train model using all the attributes present in the dataset provided. The 

data argument is to pass a data frame containing all the variables in the model. 

ctree_model <- ctree(Rating ~., data = trainData) 

5. The model built in step 4 is visualised using plot function. 

plot(ctree_model,type = "simple") 

6. Prediction on the test data is made using the predict() function where arguments passed were the 

trained model and test data. 

predctree <- predict(ctree_model,testData) 

The prediction result was printed using table function. Result is explained in detail in section 5.1. 

 > table(predctree) 

 predctree 

 Poor Average Popular 

 1061    3786    2943 

 
Problems faced while implementing decision tree model and their solution. 

1. While trying to generate tree model with all the 9 variables fetched form the csv file, got error: 

Error in ctree(popular ~ ., train_data) :  

factor predictors must have at most 32 levels 

2. To resolve this error, checked all the variables for their data types and then levels using below 

command and removed video_id, trending_date, publish_time and publish_date columns from the 

input predictor variables. 

 levels(YTdata$variable) 

3. While building tree model, the predictor variables considered were likes, dislikes, comment_count, 

Rating and difference. But the model was built completely on Rating variable as shown in figure 

3.5. This was due to the response variable Popularity was based on Rating variable. Hence, decided 

to build model by removing Rating from the predictor variable list.  
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Figure 3.5: Decision Tree Plot based on Rating variable 

 
3.3.2 Support Vector Machines 

In an SVM model, the data points in space are separated into categories by a hyperplane and hence 

effective in handling high dimensional spaces. Once the support vectors are identified then the 

model remains unaffected by the number of features in the training data. The target value in this 

model is of  categorial type. 

For implementation of multi-category (C-SVM) classification, formed a new categorial field in the 

existing dataset which is “Rating_Scale”, as a categorial field is required for implementation of this 

algorithm.  Rating_Scale attribute is derived on the basis of Rating attribute where each type of 

rating is given a name according to its value, no calculations were performed for creation of 

Rating_Scale attribute. Below is the step by step approach followed for implementing C-SVM. 

1. Loaded CRAN package e1071 which contains all the functions for SVM. 

2. Working directory was set to location where the input csv file is stored. 

setwd("C:/Users/admin/Desktop/Study/Research Methods/Dissertation") 

3. Created variable as YTdata to store the required attributes from the input file as all the 

attributes are not required for prediction like video_id, description, title and tags. 

YTdata <- read.csv (file="YTvideos.csv",header=TRUE)    

[,c('views','category_id','likes','comment_count','Rating_Scale')] 

 
With the use of summary function, inspected the data to find whether any of the field contains NA 

data or not. If found, we need to remove such data, but NA was found in this case. 

 
Figure 3.6: Summary of the variables chosen for SVM 
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4. To proceed with model creation, divided the whole dataset into 80% as training data and rest 

20% as test data with replace option as false so that no record is repeated in either of the data 

created. 

trainDT = sample(1:nrow(YTdata), 0.8*nrow(YTdata), replace=FALSE) 

 

5. Estimated SVM model with the default parameter values of kernel, gamma and cost on the 

training data and below is the outcome where the number of support vectors created are 

12315 for kernel type radial. 

The cost parameter deals between training error and the flatness of the solution, if value of 

cost is larger then training error will be low and if the cost value is less then the classifier is 

flat which means the derivatives are small even close to zero. Hence, the value of cost should 

be moderate which keeps the error low, but also generalises well. 

The gamma value represents how far the influence of training points reaches, low value means 

the algorithm considers farthest points from the hyperplane for training and high value of 

gamma indicates only points close to hyperplane are considered.  

Call: 

svm(formula = Rating_Scale ~ ., data = trainData) 

 

 

Parameters: 

   SVM-Type:  C-classification  

 SVM-Kernel:  radial  

       cost:  1  

      gamma:  0.25  

 

Number of Support Vectors:  12315 

 

 ( 3962 2269 6084 ) 

Next, changed the kernel type to polynomial and ran the SVM function which provided with 2172

8 support vectors. The number of support vectors is increased with polynomial kernel which indi

cate generalisation performance of the classifier is good as compared to model with kernel radial

. 

Call: 

svm(formula = Rating_Scale ~ ., data = trainData, kernel = "polynomial") 

 

 

Parameters: 

   SVM-Type:  C-classification  

 SVM-Kernel:  polynomial  

       cost:  1  

     degree:  3  

      gamma:  0.25  

     coef.0:  0  

 

Number of Support Vectors:  21728 
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 ( 4267 7079 10382 ) 

 

 

Number of Classes:  3  

 

Levels:  

 Average Poor Popular 

Further changed the kernel to linear and ran SVM function with input as training data which 

was 80% of the dataset. 

 Call: 
svm(formula = Rating_Scale ~ ., data = trainData, kernel = "linear") 

 

 

Parameters: 

   SVM-Type:  C-classification  

 SVM-Kernel:  linear  

       cost:  1  

      gamma:  0.25  

 

Number of Support Vectors:  8938 

 

 ( 2937 1532 4469 ) 

 

 

Number of Classes:  3  

 

Levels:  

 Average Poor Popular 

 
 

6. Ran tune.svm function with 10-fold cross validation method provided input as train data, ran

ge of values specified for gamma was set  from 0.01 to 1 incremented by 0.40 and value rang

e for cost was set between 1 to 200 and incremented by 50. Tuning was done to get the best 

possible values for gamma and cost for enhancing the prediction model. 

> #tuning for better estimation 

> tune_radial <- tune.svm(Rating_Scale~., data = trainData, gamma = 

seq(0.01,1,by=0.40), cost = seq(10,200,by=50)) 

> summary(tune_radial) 

 

Parameter tuning of ‘svm’: 

 

- sampling method: 10-fold cross validation  

 

- best parameters: 

 gamma cost 

  0.81  160 

 

- best performance: 0.005488001  

 

- Detailed performance results: 

   gamma cost       error   dispersion 

1   0.01   10 0.103918326 0.0130895862 

2   0.41   10 0.021406390 0.0020752702 

3   0.81   10 0.018004500 0.0016194560 

4   0.01   60 0.033955044 0.0030424311 

5   0.41   60 0.010109454 0.0007138662 
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6   0.81   60 0.008729459 0.0008401144 

7   0.01  110 0.027600496 0.0025105039 

8   0.41  110 0.007734532 0.0007007827 

9   0.81  110 0.006547061 0.0007743295 

10  0.01  160 0.024359058 0.0024053491 

11  0.41  160 0.006290332 0.0010719859 

12  0.81  160 0.005488001 0.0010422395 

 
7. Using the new tuned values for gamma(0.81) and cost(160) parameters, built a new model w

ith linear kernel as performance of linear model was better as compared to model with radia

l and polynomial kernel . The vectors identified were 1868, indicating a performance improve

ment. 

8. Result obtained after the prediction performed on test data is explained in section 5.2 

> model_tuned <- svm(Rating_Scale~., data = trainData, kernel = "li

near", cost = 160, gamma = 0.81) 

> summary(model_tuned) 

 

Call: 

svm(formula = Rating_Scale ~ ., data = trainData, kernel = "linear"

, cost = 160,  

    gamma = 0.81) 

 

 

Parameters: 

   SVM-Type:  C-classification  

 SVM-Kernel:  linear  

       cost:  160  

      gamma:  0.81  

 

Number of Support Vectors:  1868 

 

 ( 639 295 934 ) 

 
3.3.4 Naïve Bayes Classifier 

This classification algorithm which is based on Bayes theorem, requires small amount of data to 

estimate the required parameters and train a model. It is fast as compared to other algorithms. 

As mentioned in the literature review section naïve bayes assumes conditional independence, all the 

predictor values are assumed to be independent of each other, hence the result of this algorithm will 

be based on relation of each predictor variable with response variable and not as a combined 

relationship. Below are the steps which were followed for the implementation.  

1. Installed and loaded package “caret” which contains naiveBayes() function for building the 

model. 

2. After reading the dataset, used createDataPartition function from caret package to split the 

data into balanced set of 70% as training and 30% as testing data. 

 

YTdata <-read.csv(file="YTvideos.csv", header= TRUE) [,c('views','l

ikes' , 'comment_count','Rating_Scale')] 
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trainDT = createDataPartition(YTdata$Rating_Scale, p =0.7,list = FA

LSE) 

            
Below is the distribution of the dataset according the Rating_Scale variable in training and 

testing data. 

> print(table(trainData$Rating_Scale)) 

Average    Poor Popular 

13158    3731   10377 

#to see the distribution of Rating_Scale in the testing data 
> print(table(testData$Rating_Scale)) 

Average    Poor Popular  

   5638    1599    4446  

 

3. The classifier was made using e1071 package and naiveBayes() function. 

> NB_model = naiveBayes(Rating_Scale~likes+views+comment_count, data=

trainData) 

> print(NB_model) 

 

Naive Bayes Classifier for Discrete Predictors 

Call: 

naiveBayes.default(x = X, y = Y, laplace = laplace) 

 

A-priori probabilities: 

Y 

  Average      Poor   Popular  

0.4825790 0.1368371 0.3805839  

 

Conditional probabilities: 

         likes 

Y               [,1]       [,2] 

  Average  15443.130  15378.899 

  Poor      1438.555   1811.115 

  Popular 162061.369 343700.933 

 

         views 

Y               [,1]        [,2] 

  Average  447092.06   249024.05 

  Poor      44469.17    28869.46 

  Popular 5199917.41 11300021.51 

 

         comment_count 

Y               [,1]       [,2] 

  Average  1919.5250  2868.8440 

  Poor      247.8081   344.8744 

  Popular 18413.2645 58390.4324 

 

In the above result produced, the classifier calculated prior probabilities of different values o

f the predictor variables (views, likes, comment_counts) provided different values of the res

ponse variables. With this training data, 48.25% of data belongs to class Average, 13.68% to 

poor class and 38.05% to Popular class. 

4. Using the classifier built above, prediction was made for the test data and result was printed 

in the form of confusion matrix which is described in section 5.3. 
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3.4 Percentage Split Test Method 

For comparing the algorithms percentage split test method was used. In every algorithm 

implementation a for loop was used which contained a counter from 1 to 9 incrementing by 1. 

According to this counter, the dataset was divided into test data and training data in terms of 

percentage and model was trained in each loop along with prediction made on test data. At the end 

of each loop printing the percentage of correctly placed instances and incorrectly placed instances 

which was manually taken into an excel sheet for visualisation purpose. 

3.5 YouTube Profile Extraction  

In the process of finding best way to extract a user’s profile statistics from YouTube, found that R 

provides Tuber package which includes a function get_all_channel_video_stats() for getting statistics 

on all the videos in a YouTube channel using channel id (Sood, 2018, p. 6). The procedure followed for 

fetching the details from YouTube is as follows: 

 
1. First step involved setting up authorization on Google Developer Console. From the apps 

section on  Developer Console, enabled YouTube APIs access. Then in APIs and Services 

section, created credentials which provides a client id and client secret code for it. Figure 3.7 

is screenshot of the screen where client id and secret code is obtained.   

 
Figure 3.7: API Key Access Using Google Console 

 
2. Using the client id and client secret, YouTube OAuth was set using yt_oauth function. This 

function authorised the use of the application by launching a browser and google_token 

option was set.  

yt_oauth("client_id","client_secret",token="") 

 

**Note- For credential security reason, the original client_id and 

client_secret is scratched in the above screenshot attached. 

3. Called the function get_all_channel_video_stats() with input as channel id of the user. The 

value returned by the function was in the form of a nested named list containing details of 

the channel which included channel id, title, publication date, url and total number of views, 
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likes, dislikes, favourites and comments. Here, channel id used in the formula is a random id 

from YouTube to check the working of the model built. 

Channel_vdo_stats <-get_all_channel_video_stats("UCHex1VE3jk31CfJJiGciG9w")  
 

3.6 Word Cloud Generation 

As mentioned by Cheng, Dale, and Liu (2008, p. 231), when uploading a video on Youtube, the user 

has an option to select a category under which the video will be uploaded. Using the dataset, a plot 

has been built to see which category has higghest number of records using Tableau. Figure 3.8 shows 

the distribution of category ID on X-axis and number of records on Y-axis where Category_ID 24 

represents Entertainment category having highest number of videos. 

 
Figure 3.8: Records Vs Category ID 

Word Cloud was generated for tags associated with the videos, filtering the tags based on the category 

ID to give most frequent and trending tags used. Python was used for the generation and plotting of 

the word cloud. The procedure and steps followed are given below: 

1. As the dataset is a csv file, imported csv library for accessing and reading data from the csv 

file. 

2. Imported matplotlib library for plotting in which pyplot module is used for simple 2D plotting 

and controlling axes properties, font properties and line styles.  

3. For creating the word cloud imported wordcloud library, responsible for creating key value 

pair of each word in text string passed and their frequency as value. 

4. Created variable to pass the category id for which the word cloud is to be formed. 

5. Using with open() function, read the YTvideo csv file in read mode with delimiter as “,” 
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6. Created for loop to read the file row by row, checked if the category_id is equal to the 

required category keyed in at step 4. If the value is equal, then associated tags are fetched 

and appended in the tags variable as the return type is list. 

7. Before passing the tags list to wordcloud generate function, list type was converted to string 

type using .join function, as the input data type for generate function is string. 

#convert list to string 

makeasString = ''.join(tags) 

 

8. Using wordclound.generate() function, tags contained in a string is passed to generate 

function and other specification fields like background colour, height, weight and colour 

mode are assigned values. Wordcloud is generated by the function and it is plotted using 

pyplot model. 

wordcloud = WordCloud(background_color='black',mode="RGB",width=2000,

height=1000).generate(makeasString) 

plt.imshow(wordcloud) 

 
 Result obtained using the above code is presented in section 5.5. 
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Chapter 4: Artefact Design & Development  

Introduction 

In this section, the focus is on understanding the overall approach, design and development of the 

prediction model. It also explains the basis of selecting the attributes as predictor values in the model 

and overall functioning with the help of a basic flow chart in section 4.1. The details about the 

development platforms and programming languages used to achieve the objective are described in 

section 4.2. 

 

4.1 Conceptual Design 

The focus of our dissertation is to predict the popularity of a video on the basis of rating scale 1 to 3 

where rating 1 is considered to be poor popularity, rating 2 being average and rating 3 as popular 

video. Along with popularity prediction, the second objective is to form word cloud for popular tags 

based on the desired category of the video. It was achieved through two types of learning techniques 

used for binary and multi-class classification. The flow of the process is shown in figure 4.1 and detailed 

explanation as below.  

 

4.1.1 Data Collection 

To achieve the above aim, the initial step in the process was to collect the data containing descriptive 

as well as the statistical attributes related to videos on YouTube. After searching on many open source 

websites, the required data was found on reliable data science platform known as Kaggle which 

provides datasets in the form of challenges (Usmani, 2018). 

 

4.1.2 Data Pre-processing 

The data pre-processing is an essential and important stage involved in model building as model is 

built based on the data, which involves data cleaning, attribute selection and data transformation. 

After the data was collected, it was in the comma separated value(csv) file format which was read 

using Microsoft Excel. In this stage of model development, the data was checked for any missing 

values, NA values or inconsistencies in the data like integer variable containing character value. The 

data was checked for missing and NA values using the filter and find Excel functions and for the 

inconsistencies the data was checked in RStudio using the srt()  function which gives the structure of 

the data and also indicates if any NA value is present. 
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Figure 3.1: Artefact 

 

There were 16 attributes originally in the dataset obtained through Kaggle. The dataset contained four   

irrelevant attributes (thumbnail_link, comments_disabled, ratings_disabled, 

video_error_or_removed) which were removed from the dataset and five new attributes were created 

by combining and transforming data from the existing attributes to enhance the existing attribute 

subset. The new attributes were decomposed into year, month and day separately considering 

trending_date and publication_date as original attributes, number of days difference between 

trending and publication date, rating (1 to 3) and rating_scale (Poor, Average, Popular). To cope with 

the imbalanced dataset problem, the dataset was divided into 3 classes only whereas previously it was 

divided into 5 classes. 

 

The prediction output is in the form of predefined class or labels which is Rating_Scale, hence 

classification algorithms were used for building predictive model. The predictor variables chosen for 

the model were numeric type which were number of likes, dislikes, category_id, views and 

comment_count associated with a video. 
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4.1.3 Implementing Classification Algorithms 

The approach for predicting the rating of a video involved a deeper analysis where the records were 

classified into three class labels which was achieved by multi-class classification algorithms named as 

Naïve Bayes, Decision Trees and Support Vector Machines. The predictor variables used for all the 

three classification algorithms were same which are views, category_id, likes and comment_count. 

The aim of the multi-class classification algorithm was to predict whether video belongs to which class 

(Popular, Average, Poor) based on the training dataset used for building the model. 

  

For testing the prediction model, percentage split method was used. In this method, the model was 

built in a certain percentage of training data and then model was tested on the remaining percentage 

of the testing data. The split percentage on training data varied from 10 percent to 90 percent 

incrementing by 10 percent with each iteration of learning and vice versa for percentage split on 

testing data. The predicted result was checked against the test data for whom the rating scale was 

already know and a confusion matrix was built for the same. This result was visualised using graphs in 

the form of correctly classified instances versus test data percentage which is described in section 5. 

 
4.1.4 Extracting YouTube User Profile 

With the use of Tuber package in R, statistical data of user’s profile which inculded video_id, title of 

the video, publication_date, view count, like count, dislike count, comment count and the url was 

extracted based on channed id of the user. Taking the average of the measures (view count, like 

count and comment count) used in predictive model rating of the video was predicted. 

 

4.1.5 Word Cloud Generation 

Using the dataset, tags and category ID attributes associated with a video were read based on the 

category desired. The tags fetched were stored in a list and before passing this list of tags to wordcloud 

generate function, it was converted to string. From this string, frequency of each word was counted 

and stored as key value pair. Based on the frequency, tags with highest count are plotted on the graph 

with variation in size and colour according to the frequency count. For example, word with highest 

count is displayed in biggest font size and slowly decreasing the font size for words with low counts. 

 

4.2 Implementation Platforms 

The development platforms used for this analysis and implementation of algorithms are as below: 

• Weka (Waikato Environment Knowledge Analysis Version 3.8) – This was used to visualise 

and identify the association between different variables. The plot of each variable against all 
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other variables in contained in the data set was visualised (refer to Figure 6 as an example) 

which helped in determining the variables to be used as predictor variable for the algorithms. 

• RStudio – Implementation of binary classification and multi-class classification algorithms was 

done using RStudio. It makes easier to write R scripts and a console where we can write script 

and simultaneously see the results when we run the script. The R packages and tools for 

machine learning in RStudio made implementation simpler and easy to understand. 

• Tableau Version 10.5 – The algorithm results obtained were plotted and visualised using 

Tableau. 

• JetBrains PyCharm (Community Edition) – Using python as programming language and 

PyCharm as development environment, word cloud generator was implemented using the 

packages provided by PyCharm for efficiently generating and plotting of the word cloud. 
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Chapter 5: Data Visualisation and Findings 

This chapter provides brief description about the prediction results obtained and compared in terms 

of accuracy and error rate of the algorithms implemented along with graphical representation of the 

classifier output. 

 

5.1 Decision Tree Algorithm 

This model was implemented using ctree (conditional trees, as explained in section 3.5.1). Plot of the 

decision tree model built is shown in figure 5.1 which shows the hierarchy of decisions and 

consequences in the form of logical structures. 

Predictor Variables: views, category_id, likes, comment_count 

Response Variable: Rating 

 
Figure 5.1: Decision Tree Model Plot 

The bar plots at the bottom of the plot represents the leaf nodes depicting predicted outcome 

classified as Poor, Average and Popular and variable ‘n’ showing the number of instances belonging to 

that class. For example, at Node 4 the total number of instances are 3442 which are predicted to Poor 

class. It is evident from the plot that, for every instance the first decision is made based on the number 

of likes and then further decision based on number of likes and number of views. 

 

Using Caret package, performance of the decision model was calculated where the model was trained 

by using 80% of the dataset as training data and 20% as test data. The result obtained is: 

> result <- confusionMatrix(ctree_cof_mat) 

> result 

Confusion Matrix and Statistics 

 

          

predctree Poor Average Popular 

  Poor    1061       0       0 
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  Average    2    3784       0 

  Popular    0       1    2942 

 

Overall Statistics 

                                           

               Accuracy : 0.9996           

                 95% CI : (0.9989, 0.9999) 

    No Information Rate : 0.4859           

    P-Value [Acc > NIR] : < 2.2e-16        

                                           

                  Kappa : 0.9994           

 Mcnemar's Test P-Value : NA               

 

Statistics by Class: 

 

                     Class: Poor Class: Average Class: Popular 

Sensitivity               0.9981         0.9997         1.0000 

Specificity               1.0000         0.9995         0.9998 

Pos Pred Value            1.0000         0.9995         0.9997 

Neg Pred Value            0.9997         0.9998         1.0000 

Prevalence                0.1365         0.4859         0.3777 

Detection Rate            0.1362         0.4858         0.3777 

Detection Prevalence      0.1362         0.4860         0.3778 

Balanced Accuracy         0.9991         0.9996         0.9999 

 
From the confusion matrix we can see that,  

Correctly placed instances (1061 + 3784 + 2942) = 7787 

Incorrectly placed instances (2 + 1) = 3 

Classification accuracy = (7787 / 7790) *100 = 99.961% 

Misclassification Error Rate = (1 - (correct predictions / total predictions)) * 100 = 0.038% 

 
Statistics by class section provides statistics for performance of each class. Sensitivity and specificity 

measures true positive and true negative performance respectively. In above statistics, the classifier 

correctly classified class Average 99.97% of the time whereas 99.95% times the classifier did not 

predict instance as Average when it was not supposed to predict which indicated true negative 

performance. 

 

Prevalence measure tells, out of all the instances what number of instances belonged to that particular 

class. Prevalence detection rate for class Average and Popular is good as compared to that of class 

Poor and same in case of balanced accuracy measure.  
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5.2 Support Vector Machine Algorithm         

SVM model implementation is explained in section 3.5.2 in which four SVM models were built using 

different kernels and the output of prediction on test data is listed below along with the predictor and 

response variables used in the models: 

Predictor Variables: views, category_id, likes, comment_count 

Response Variable: Rating_Scale 

 
1. Radial Kernel - Using radial kernel with default values of gamma and cost, the model built had 

identified 12315 support vectors out of which 3962 support vectors were for Poor class, 2269 

support vectors for Average class and 6084 support vectors for Popular class. 

 

Performance of the radial SVM model was calculated with confusion matrix using CARET package, 

where model was trained on 80% of the dataset as training data and the remaining 20% as test data.  

Prediction was made on the test data with results as below: 

> pred_rad <- table(predict_radial,testData$Rating_Scale) 

> result <- confusionMatrix(pred_rad) 

> result 

Confusion Matrix and Statistics 

 

               

predict_radial Average Poor Popular 

       Average    3581   88      99 

       Poor        180  975       0 

       Popular      24    0    2843 

 

Overall Statistics 

                                                   

               Accuracy : 0.9498074                

                 95% CI : (0.9447237, 0.9545512)   

    No Information Rate : 0.4858793                

    P-Value [Acc > NIR] : < 0.00000000000000022204 

                                                   

                  Kappa : 0.9171406                

 Mcnemar's Test P-Value : NA                       

 

Statistics by Class: 

 

                     Class: Average Class: Poor Class: Popular 

Sensitivity               0.9461030   0.9172154      0.9663494 

Specificity               0.9533084   0.9732422      0.9950495 

Pos Pred Value            0.9503715   0.8441558      0.9916289 

Neg Pred Value            0.9492790   0.9867370      0.9798903 

Prevalence                0.4858793   0.1364570      0.3776637 

Detection Rate            0.4596919   0.1251605      0.3649551 

Detection Prevalence      0.4836970   0.1482670      0.3680359 

Balanced Accuracy         0.9497057   0.9452288      0.9806995 

 
From the confusion matrix we can see that,  

Correctly placed instances (3581 + 975 + 2843) = 7399 
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Incorrectly placed instances (180 + 24 + 88 + 99) = 391 

Classification accuracy = (7399 / 7790) *100 = 94.98% 

Misclassification Error Rate = (1 - (correct predictions / total predictions)) * 100 = 5.019% 

 

For this model, the sensitivity (true positive measure) and specificity (true negative measure) is highest 

for “Popular” class as compared to the other two classes. This model is able to correctly classify 

Popular class instances 96.63% of the times whereas for class Average and Poor correct classification 

rate is 94.61% and 91.72%.  

 

2. Polynomial Kernel - Model built with default values and kernel as polynomial, identified 21728 

support vectors where 4267 support vectors were for class average, 7079 for Poor and 10382 for 

Popular class. After performing prediction on the test data, the result of the confusion matrix and 

other statistics is given below: 

> pred_poly <-table(predict_poly,testData$Rating_Scale) 

> result_poly<- confusionMatrix(pred_poly) 

> result_poly 

Confusion Matrix and Statistics 

 

             

predict_poly Average Poor Popular 

     Average    3691 1063     691 

     Poor          0    0       0 

     Popular      94    0    2251 

 

Overall Statistics 

                                                   

               Accuracy : 0.7627728                

                 95% CI : (0.7531651, 0.7721835)   

    No Information Rate : 0.4858793                

    P-Value [Acc > NIR] : < 0.00000000000000022204 

                                                   

                  Kappa : 0.5660715                

 Mcnemar's Test P-Value : NA                       

 

Statistics by Class: 

 

                     Class: Average Class: Poor Class: Popular 

Sensitivity               0.9751651    0.000000      0.7651258 

Specificity               0.5620474    1.000000      0.9806106 

Pos Pred Value            0.6778696         NaN      0.9599147 

Neg Pred Value            0.9599147    0.863543      0.8730946 

Prevalence                0.4858793    0.136457      0.3776637 

Detection Rate            0.4738126    0.000000      0.2889602 

Detection Prevalence      0.6989730    0.000000      0.3010270 

Balanced Accuracy         0.7686063    0.500000      0.8728682 

 
Accuracy = (3691 + 2251)/ (3691 + 2251 + 94 + 1063 + 691) = 76.27% 

Misclassification Error = (94 + 1063 + 691)/ (3691 + 2251 + 94 + 1063 + 691) = 23.72% 
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In this model with kernel as polynomial, an unusual scenario was identified where correct 

classification rate for class Poor was 0% which means the model did not classify any instance as 

class Poor. Hence making this model a less reliable as compared to other SVM models 

implemented. 

 

3. Linear Kernel - Using linear kernel, model built was based on 8938 support vectors and the 

prediction results made on test data using confusionMatrix function is as below: 

Confusion Matrix and Statistics 

 

            

predict_lin Average Poor Popular 

    Average    3607   52      57 

    Poor        172 1011       0 

    Popular       6    0    2885 

 

Overall Statistics 

                                                   

               Accuracy : 0.9631579                

                 95% CI : (0.9587336, 0.9672311)   

    No Information Rate : 0.4858793                

    P-Value [Acc > NIR] : < 0.00000000000000022204 

                                                   

                  Kappa : 0.9393391                

 Mcnemar's Test P-Value : NA                       

 

Statistics by Class: 

 

                     Class: Average Class: Poor Class: Popular 

Sensitivity               0.9529723   0.9510818      0.9806254 

Specificity               0.9727840   0.9744314      0.9987624 

Pos Pred Value            0.9706674   0.8546069      0.9979246 

Neg Pred Value            0.9563083   0.9921296      0.9883650 

Prevalence                0.4858793   0.1364570      0.3776637 

Detection Rate            0.4630295   0.1297818      0.3703466 

Detection Prevalence      0.4770218   0.1518614      0.3711168 

Balanced Accuracy         0.9628781   0.9627566      0.9896939 

 
Accuracy = (3607 + 1011 + 2885)/ (3607 + 1011 + 2885 + 172 + 6 + 52 + 57) = 96.31% 

Misclassification Error = (172 + 6 + 52 + 57)/ (3607 + 1011 + 2885 + 172 + 6 + 52 + 57) = 3.68% 

                

Overall accuracy of the model is over 96%, rate of sensitivity and specificity for all the classes is 

above 95% which is good rate when compared with the other two SVM models having different 

kernels. Due to this reason, the tuned parameter values obtained were used with the linear kernel 

model for improving the prediction accuracy. 

 

4. Tuned Linear Kernel- 
Confusion Matrix and Statistics 
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predict_tuned Average Poor Popular 

      Average    3762    8       7 

      Poor         23 1055       0 

      Popular       0    0    2935 

 

Overall Statistics 

                                           

               Accuracy : 0.9951           

                 95% CI : (0.9933, 0.9965) 

    No Information Rate : 0.4859           

    P-Value [Acc > NIR] : < 2.2e-16        

                                           

                  Kappa : 0.9919           

 Mcnemar's Test P-Value : NA               

 

Statistics by Class: 

 

                     Class: Average Class: Poor Class: Popular 

Sensitivity                  0.9939      0.9925         0.9976 

Specificity                  0.9963      0.9966         1.0000 

Pos Pred Value               0.9960      0.9787         1.0000 

Neg Pred Value               0.9943      0.9988         0.9986 

Prevalence                   0.4859      0.1365         0.3777 

Detection Rate               0.4829      0.1354         0.3768 

Detection Prevalence         0.4849      0.1384         0.3768 

Balanced Accuracy            0.9951      0.9945         0.9988 

 
    Accuracy = (3762 + 1055 + 2935)/ (3762 + 1055 + 2935+ 8 + 7 + 23) = 99.51% 

    Misclassification Error = (8 + 7 + 23)/ (3762 + 1055 + 2935+ 8 + 7 + 23) = 0.48% 

 

   Using tuned parameter values of gamma and cost with linear kernel, the overall accuracy of the  

model was increased by 3%. The sensitivity and specificity rate measures for all the three classes was 

above 99% which makes this as ideal model  

 
5.2.1 SVM Classification Algorithms Comparison 

A comparison of all the four models built using SVM having different kernel functions made using 

confusionMatrix function giving statistic measure values which are tabulated and presented in the 

table 5.1 as below. Among all the models, accuracy for Linear kernel SVM model was very high, so 

decided to use the tuned parameter values with it. The accuracy was improved thus giving a more 

accurate model which is named as Tuned Linear model having accuracy of 99.51%. The kappa value 

compares an observed accuracy  with an expected accuracy and models with kappa greater than 0.75 

are excellent. Here, tuned linear model has the highest kappa measure of 0.99.  

Kernel Type Accuracy(%) Misclassification(%) Kappa 

Radial 94.98 5.01 0.91 

Polynomial 76.27 23.72 0.56 

Linear 96.31 3.68 0.93 

Tuned Linear 99.51 0.48 0.99 
Table 5.1: SVM Models Comparison 
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5.3 Naïve Bayes Algorithm 

After the model was built (as explained in section 3.5.3), using test data prediction was made and the 

prediction result was calculated using confusionMatrix function from caret package as given below. 

  
Confusion Matrix and Statistics 

 

          

predNB    Average Poor Popular 

  Average    5259   48    1004 

  Poor        284 1551    1312 

  Popular      95    0    2130 

 

Overall Statistics 

                                           

               Accuracy : 0.7652           

                 95% CI : (0.7574, 0.7729) 

    No Information Rate : 0.4826           

    P-Value [Acc > NIR] : < 2.2e-16        

                                           

                  Kappa : 0.6273           

 Mcnemar's Test P-Value : < 2.2e-16        

 

Statistics by Class: 

 

                     Class: Average Class: Poor Class: Popular 

Sensitivity                  0.9328      0.9700         0.4791 

Specificity                  0.8260      0.8417         0.9869 

Pos Pred Value               0.8333      0.4929         0.9573 

Neg Pred Value               0.9294      0.9944         0.7551 

Prevalence                   0.4826      0.1369         0.3806 

Detection Rate               0.4501      0.1328         0.1823 

Detection Prevalence         0.5402      0.2694         0.1904 

Balanced Accuracy            0.8794      0.9059         0.7330 

   Based on the above results, calculating accuracy and misclassification rate as following. 

    Accuracy = (5259 + 1551 + 2130)/ (5259 + 1551 + 2130+ 284 + 95 + 48 +1004 +1312) = 76.52% 

    Misclassification Error = (284 + 95 + 48 +1004 +1312)/ (5259 + 1551 + 2130+ 284 + 95 + 48 +1004 

+1312) = 23.47% 

  The sensitivity rate of class Popular is less than 50% indicating a low correct classification of an 

instance belonging to the Popular class on the contrary specificity of the class is above 98% which is 

higher than other two classes. Overall accuracy of the model is 76.52%. 

5.4 Comparison of Multi-Class Classification Algorithms 

Using the percentage split test method, result was obtained for above mentioned classifier algorithms 

which involved splitting the whole dataset into training and test data ranging from 10% to 90% in an 

increment manner and simultaneously calculated correctly classified instances and misclassification 

rate.  

Algorithm  
Train 

Data(%) 
Test 

Data(%) 
Correclty 

Classified(%) 
Incorrectly 

Classified(%) 
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Tuned 
Linear 
SVM 

90 10 99.58 0.41 

80 20 99.51 0.48 

70 30 99.41 0.58 

60 40 99.43 0.56 

50 50 99.46 0.53 

40 60 99.37 0.62 

30 70 99.3 0.69 

20 80 99.23 0.76 

10 90 98.81 1.18 

          

Decision 
Tree 

90 10 99.97 0.02 

80 20 99.96 0.03 

70 30 99.94 0.05 

60 40 99.93 0.06 

50 50 99.94 0.05 

40 60 99.94 0.05 

30 70 99.97 0.02 

20 80 99.92 0.07 

10 90 99.97 0.02 

          

Naïve 
Bayes 

90 10 76.65 23.34 

80 20 76.18 23.81 

70 30 76.52 23.47 

60 40 76.75 23.34 

50 50 77.43 22.56 

40 60 76.67 23.32 

30 70 77.14 22.85 

20 80 76.61 23.38 

10 90 76.63 23.36 
Table 5.2: Result of Classifiers using percentage split test 

The result was extracted in an excel sheet and used as an input to the tableau. The above comparison 

of classifiers is visually presented using Tableau in Figure 5.2, where the x-axis presents the percentage 

split of test data incrementing from 10% to 90% having origin as 0 and along the Y-axis is percentage 

of correctly placed instances by the classifier having origin as 70. 

The result of Decision Tree algorithm is represented by blue colour line in the graph, Naïve Bayes 

results is represented in red colour and Tuned Linear SVM is represented by name SVM and yellow 

colour line. From Figure 5.2 indicate that performance of Decision Tree and Tuned Linear SVM is 

identical. When the test data percentage is less results are more accurate for Decision Tree and SVM  

and as the test data percentage increases, the percentage of correctly classified instances decreases 

for SVM whereas performance of Decision Tree remains constant. 
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Figure 5.2: Test Data vs Correctly Classified Instances 

5.5 Results for YouTube User Profile and Trending Tags Word Cloud  

Using the Tuber package in R(explained in section 3.5), the statistics related to all the videos in a 

channel were extracted by providing the user’s channel id as input. The result returned is in the form 

of a list, which was passed in a variable Channel_vdo_stats and written to csv file, screenshot of the 

profile extracted is shown in figure 5.3. 

 
Figure 5.3: Extracted User Profile Statistics 

 
Figure number 5.4 and 5.5 is the result of word cloud generator implementation which helps in 

identifying words that are trending and frequently used. Figure 5.4 is word cloud for tags related 

to category ID 10 and figure 5.5 represents word cloud for category ID 26. 
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Figure 5.4: WordCloud for Music category(CategoryID:10) 

 

 
Figure  5.5: WordCloud for Howto & Style category(CategoryID:26) 

5.6 Summary 

The above results are from the implementation of the different machine learning algorithms. The 

selection of the best model along with other findings is explained in the next chapter. 
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Chapter 6: Discussion of Research 

6.1 Introduction 

The main objective of this section is to provide a detailed interpretation of the results generated and 

effectively answer the main objective of the research. This section also summarises about the 

limitations which can be achieved in future to further enhance the results obtained. 

6.2 Model Selection 

In order to find the best possible predictive model based on the accuracy, percentage split test criteria 

was used to compare and evaluate the different classifiers. Table 5.1 depicts the classifier outputs 

using the percentage split test method. The result is visualised using line graph comparing all the three 

classifier outputs as depicted in figure 5.1.  

From the figure 5.1 we can see that all the three classifiers have performed identically but the range 

of correctly classified instance is between 76% to 78% for Naïve Bayes classifier while the correctly 

classified instances for decision Tree and SVM is above 97%. The results of decision tree are more 

stable and accurate as compared to that of Tuned Linear SVM classifier. As with the increase in the  

number of test data, the correct classification percentage of Tuned Linear SVM decreases slightly, this 

might be due to decrease in the number of training data. 

Now, it was evident form the figure 5.2 that best model had to be between Decision Tree and Tuned 

Linear SVM classifier due to high rate of accuracy. By considering kappa measure as another factor in 

determining the best model, the value of kappa for Tuned Linear SVM is 0.9919 and for Decision Tree 

is 0.9994. It is evident from the analysis that Decision Tree classifier out-performed the other two 

classifiers with accuracy of 99.96% and kappa of 0.9994, exhibiting accurate predictions. The main 

objective of the research, building a predictive model is successfully implemented along with testing 

performed on the test data providing accuracy of 99.96%. 

6.3 Limitations of Research 

There numerous possible alternate approaches to carry out the objective of this research by 

considering different measures and techniques. A few limitations for this proposal are listed below 

along with the measures that can be taken care of: 

• While considering a user’s profile as input to the model for prediction of a video, comments 

which are already present with uploaded videos is not analysed in this model. 

• The visual features of video such as detecting faces or colours variations, are not analysed due 

to which the popularity prediction can vary.  

• Exploring the root of video traffic origination for having deep analysis of popularity prediction. 

The listed limitations require more time and effort for consideration in building model. 



42 
 

Chapter 7:  Conclusions and Recommendations 

7.1 Research Conclusion 

With growing popularity of Machine Learning techniques as vital part of organization’s strategic 

planning process, had motivated the researcher to choose predictive analytics as the focus of research. 

In this research, the literature review section provides basic understanding involved in predictive 

analytics, working of the classification algorithms used in this research and steps involved in uploading 

a video on YouTube. 

 This research has analysed the implementation and performance of three different supervised 

classification algorithms which are Decision Tree, Naïve Bayes and Support Vector Machines to 

predict the popularity rating of a video based on the dataset containing information of 38950 videos 

and for building model considered measures as view count, like count and category of the video. 

Results obtained in this research indicate the use of Decision Tree classifier model for prediction as it 

was successful in correctly classifying the greatest number of instances i.e. 7787 instances whereas 

the least number of instances i.e. 476847 instances were classified correctly by Naïve Bayes classifier  

out of 7790 test instances for which the researcher used confusion matrix table to describe the 

performance of the classifier models. Based on the confusion matrix table, accuracy of the model was 

calculated as another performance measurement and results fetched are Naïve Bayes classifier with 

76.18% accuracy, Tuned Linear SVM classifier with 99.51% and Decision Tree classifier with 99.96% 

accuracy rate. 

Also, suggestion of trending and latest tags was made in the form of word cloud where the size of the 

tags varies according to its frequency as compared with other tags. This research is helpful to 

organisations, agencies or individuals aiming to upload their videos on YouTube, by aiding them to 

predict the popularity rating based on which they can analyse/ change their strategies and plans if 

required. 

7.2 Research Recommendations 

Now-a-days many videos are shared through social media platforms as well like Facebook, Twitter and 

LinkedIn which contributes in increasing the popularity of a video. Hence, analysing and exploring 

relationship between social media with YouTube video popularity can add value to the existing 

research.  

More classification algorithms models in R like neural networks, Multinomial logistic regression may 

get better results when used and the results are compared to this research.  

 
 



43 
 

References 
 
Adler, J. (2012). R in a nutshell. 2nd ed. Sebastopol: CA O Reilly Media. Aungier Street Bay 7B 

Awad, M. and Khanna, R., 2015. Efficient learning machines: theories, concepts, and applications for 
engineers and system designers. Apress. Available at: 
https://link.springer.com/content/pdf/10.1007%2F978-1-4302-5990-9.pdf (Accessed: 13 July 2018). 
 
Breiman, L. Machine Learning (2001) 45: 5. Kluwer Academic Publishers. Available at: 
https://doi.org/10.1023/A:1010933404324 . (Accessed: 11 July 2018). 

Cheng, X., Dale, C. and Liu, J., 2008, June. Statistics and social network of youtube videos. In Quality 
of Service, 2008. IWQoS 2008. 16th International Workshop on (pp. 229-238). IEEE. 

Finlay, S. (2014) Predictive Analytics, Data Mining And Big Data. UK: Palgrave Macmillan, Aungier 
Street Bay 1B 

Gu, Q. and Han, J., 2013, April. Clustered support vector machines. In Artificial Intelligence and 
Statistics (pp. 307-315). Available at: http://proceedings.mlr.press/v31/gu13b.pdf (Accessed: 31st 
July 2018). 
 
Hair, J.F., Black, W.C., Babin, B.J., Anderson, R.E. and Tatham, R.L., 2006. Multivariate data analysis. 
Upper Saddle River, NJ: Pearson Education. Aungier Street Bay 7B 

J. Xu, M. van der Schaar, J. Liu, and H. Li, “Forecasting popularity of videos using social media,” CoRR, 
vol. abs/1403.5603, 2014. Available at: https://arxiv.org/pdf/1403.5603.pdf 

Kelleher, J.D., Mac Namee, B. and D'Arcy, A. (2015). Fundamentals Of Machine Learning For Predictive 
Data Analytics: Algorithms, Worked Examples, And Case Studies. MIT Press. Aungier Street Bay 1B 

Kotsiantis, S.B., Zaharakis, I. and Pintelas, P., 2007. Supervised machine learning: A review of 
classification techniques. Emerging artificial intelligence applications in computer engineering, 160, 
pp.3-24. Available at: 
https://books.google.ie/books?hl=en&lr=&id=vLiTXDHr_sYC&oi=fnd&pg=PA3&dq=supervised+machi
ne+learning+classification+techniques&ots=CYnstw_Hnk&sig=owelwO0IcCQyuuPDPfZ_PrduJg4&redi
r_esc=y#v=onepage&q&f=true (Accessed: 08 July 2018) 

Kotu, V. and Deshpande, B. (2014) Predictive Analytics and Data Mining. Morgan Kaufmann Publishers 
Inc, Aungier Street Bay 1B 

Liaw, A. and Wiener, M., 2002. Classification and regression by randomForest. R news, 2(3), pp.18-
22. Available at: 
https://www.researchgate.net/profile/Andy_Liaw/publication/228451484_Classification_and_Regre
ssion_by_RandomForest/links/53fb24cc0cf20a45497047ab/Classification-and-Regression-by-
RandomForest.pdf (Accessed: 11 July 2018). 

Li, N., Xu, Z., Zhao, H. and Deng, K., 2017. Improved support vector machines model based on multi-
spectral parameters. Cluster Computing, 20(2), pp.1271-1280. Available at: 
https://www.researchgate.net/profile/Na_Li85/publication/314233913_Improved_support_vector_
machines_model_based_on_multi-spectral_parameters/links/59cca28d0f7e9bbfdc3fff54/Improved-
support-vector-machines-model-based-on-multi-spectral-parameters.pdf (Accessed: 11 July 2018). 

McKinney, W., 2012. Python for data analysis: Data wrangling with Pandas, NumPy, kotu 

Pinto, H., Almeida, J.M. and Gonçalves, M.A., 2013, February. Using early view patterns to predict the 
popularity of youtube videos. In Proceedings of the sixth ACM international conference on Web 

https://link.springer.com/content/pdf/10.1007%2F978-1-4302-5990-9.pdf
https://doi.org/10.1023/A:1010933404324
http://proceedings.mlr.press/v31/gu13b.pdf
https://arxiv.org/pdf/1403.5603.pdf
https://books.google.ie/books?hl=en&lr=&id=vLiTXDHr_sYC&oi=fnd&pg=PA3&dq=supervised+machine+learning+classification+techniques&ots=CYnstw_Hnk&sig=owelwO0IcCQyuuPDPfZ_PrduJg4&redir_esc=y#v=onepage&q&f=true
https://books.google.ie/books?hl=en&lr=&id=vLiTXDHr_sYC&oi=fnd&pg=PA3&dq=supervised+machine+learning+classification+techniques&ots=CYnstw_Hnk&sig=owelwO0IcCQyuuPDPfZ_PrduJg4&redir_esc=y#v=onepage&q&f=true
https://books.google.ie/books?hl=en&lr=&id=vLiTXDHr_sYC&oi=fnd&pg=PA3&dq=supervised+machine+learning+classification+techniques&ots=CYnstw_Hnk&sig=owelwO0IcCQyuuPDPfZ_PrduJg4&redir_esc=y#v=onepage&q&f=true
https://www.researchgate.net/profile/Andy_Liaw/publication/228451484_Classification_and_Regression_by_RandomForest/links/53fb24cc0cf20a45497047ab/Classification-and-Regression-by-RandomForest.pdf
https://www.researchgate.net/profile/Andy_Liaw/publication/228451484_Classification_and_Regression_by_RandomForest/links/53fb24cc0cf20a45497047ab/Classification-and-Regression-by-RandomForest.pdf
https://www.researchgate.net/profile/Andy_Liaw/publication/228451484_Classification_and_Regression_by_RandomForest/links/53fb24cc0cf20a45497047ab/Classification-and-Regression-by-RandomForest.pdf
https://www.researchgate.net/profile/Na_Li85/publication/314233913_Improved_support_vector_machines_model_based_on_multi-spectral_parameters/links/59cca28d0f7e9bbfdc3fff54/Improved-support-vector-machines-model-based-on-multi-spectral-parameters.pdf
https://www.researchgate.net/profile/Na_Li85/publication/314233913_Improved_support_vector_machines_model_based_on_multi-spectral_parameters/links/59cca28d0f7e9bbfdc3fff54/Improved-support-vector-machines-model-based-on-multi-spectral-parameters.pdf
https://www.researchgate.net/profile/Na_Li85/publication/314233913_Improved_support_vector_machines_model_based_on_multi-spectral_parameters/links/59cca28d0f7e9bbfdc3fff54/Improved-support-vector-machines-model-based-on-multi-spectral-parameters.pdf


44 
 

search and data mining (pp. 365-374). ACM. Available at: 
https://www.researchgate.net/profile/Marcos_Goncalves5/publication/266653405_Using_early_vie
w_patterns_to_predict_the_popularity_of_YouTube_videos/links/54b7a2e30cf2bd04be33b2b3/Usi
ng-early-view-patterns-to-predict-the-popularity-of-YouTube-videos.pdf (Accessed: 19 July 2018) 

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., Blondel, M., 
Prettenhofer, P., Weiss, R., Dubourg, V. and Vanderplas, J., 2011. Scikit-learn: Machine learning in 
Python. Journal of machine learning research, Available at: 
http://www.jmlr.org/papers/volume12/pedregosa11a/pedregosa11a.pdf. (Accessed: 11 June 2018). 

Prajapati, V., 2013. Big data analytics with R and Hadoop. Packt Publishing Ltd. Available at: 
http://103.248.208.114:8080/dspace/bitstream/123456789/348/1/Big%20Data%20Analytics%20wit
h%20and%20Hadoop.pdf (Accessed: 11 July 2018). 
 
Rebentrost, P., Mohseni, M. and Lloyd, S., 2014. Quantum support vector machine for big data 
classification. Physical review letters, 113(13), p.130503. Available at: 
https://arxiv.org/pdf/1307.0471.pdf (Accessed: 11 July 2018). 

Risdal, M. (2016) ‘A Guide to Open Data Publishing & Analytics’. Available At: 
http://blog.kaggle.com/2016/10/21/a-guide-to-open-data-publishing-analytics/ (Accessed: 24th 
June 2018). 

Rowe, M., 2011. Forecasting audience increase on YouTube. Available at: 
http://oro.open.ac.uk/28845/1/mrowe-uweb2011.pdf (Accessed: 11 June 2018) 

Sharda, R., Delen, D., Turban, E. (2018), Business Intelligence, Analytics And Data Science (4th   Ed). 
Pearson. Available at: https://www.dawsonera.com/readonline/9781292220567 (Accessed: 10 July 
2018). 

Sood, G. (2018). ‘Using tuber’ Available at: https://cran.r-
project.org/web/packages/tuber/vignettes/tuber-ex.html. (Accessed: 18th July 2018). 
 
Sood, G. (2018) ‘Package tuber’, Available at: https://cran.r-
project.org/web/packages/tuber/tuber.pdf (Accessed: 2 August 2018). 

Subramanyan, V. (2013) Why is Predictive Analytics Important? Available at: 
https://www.business2community.com/business-intelligence/predictive-analytics-important-
0610132#zyykrb0oQ99IQ4ii.97 (Accessed: 2 July 2018) 

Trifacta’s Unique Approach to Data Cleaning, Available at: https://www.trifacta.com/data-cleansing/ 
(Accessed: 25 June 2018) 

Trzciński, T. and Rokita, P., 2017. Predicting popularity of online videos using support vector 
regression. IEEE Transactions on Multimedia, 19(11), pp.2561-2570. Available at: 
https://pdfs.semanticscholar.org/2c50/7493a92844d300972e6d0914c31aec7f011d.pdf  (Accessed: 
15 July 2018)  

Usmani, Z. (2018) ‘What is Kaggle, Why I Participate, What is the Impact?’, Available at: 
https://www.kaggle.com/getting-started/44916 (Accessed: 31st July 2018). 

YouTube, Trending on YouTube. Available at: 
https://support.google.com/youtube/answer/7239739?hl=en&ref_topic=4489102 (Accessed: 15 
June 2018) 

YouTube, API’s Explorer, https://developers.google.com/apis-explorer/#p/youtube/v3/ (Accessed: 
29 June 2018) 

https://www.researchgate.net/profile/Marcos_Goncalves5/publication/266653405_Using_early_view_patterns_to_predict_the_popularity_of_YouTube_videos/links/54b7a2e30cf2bd04be33b2b3/Using-early-view-patterns-to-predict-the-popularity-of-YouTube-videos.pdf
https://www.researchgate.net/profile/Marcos_Goncalves5/publication/266653405_Using_early_view_patterns_to_predict_the_popularity_of_YouTube_videos/links/54b7a2e30cf2bd04be33b2b3/Using-early-view-patterns-to-predict-the-popularity-of-YouTube-videos.pdf
https://www.researchgate.net/profile/Marcos_Goncalves5/publication/266653405_Using_early_view_patterns_to_predict_the_popularity_of_YouTube_videos/links/54b7a2e30cf2bd04be33b2b3/Using-early-view-patterns-to-predict-the-popularity-of-YouTube-videos.pdf
http://www.jmlr.org/papers/volume12/pedregosa11a/pedregosa11a.pdf
http://103.248.208.114:8080/dspace/bitstream/123456789/348/1/Big%20Data%20Analytics%20with%20and%20Hadoop.pdf
http://103.248.208.114:8080/dspace/bitstream/123456789/348/1/Big%20Data%20Analytics%20with%20and%20Hadoop.pdf
https://arxiv.org/pdf/1307.0471.pdf
http://blog.kaggle.com/2016/10/21/a-guide-to-open-data-publishing-analytics/
http://oro.open.ac.uk/28845/1/mrowe-uweb2011.pdf
https://www.dawsonera.com/readonline/9781292220567
https://cran.r-project.org/web/packages/tuber/vignettes/tuber-ex.html
https://cran.r-project.org/web/packages/tuber/vignettes/tuber-ex.html
https://cran.r-project.org/web/packages/tuber/tuber.pdf
https://cran.r-project.org/web/packages/tuber/tuber.pdf
https://www.business2community.com/business-intelligence/predictive-analytics-important-0610132
https://www.business2community.com/business-intelligence/predictive-analytics-important-0610132
https://www.trifacta.com/data-cleansing/
https://pdfs.semanticscholar.org/2c50/7493a92844d300972e6d0914c31aec7f011d.pdf
https://www.kaggle.com/getting-started/44916
https://support.google.com/youtube/answer/7239739?hl=en&ref_topic=4489102
https://developers.google.com/apis-explorer/#p/youtube/v3/


45 
 

YouTube, Analytics and Reporting APIs, Available at: 
https://developers.google.com/youtube/analytics/ (Accessed: 30 July 2018) 

‘YouTube For Press’(no date), Available at: https://www.youtube.com/yt/about/press/ (Accessed: 
24th July 2018). 
 
Zdziarski, J.A., 2005. Ending spam: Bayesian content filtering and the art of statistical language 
classification. No Starch Press. 
  

https://developers.google.com/youtube/analytics/
https://www.youtube.com/yt/about/press/


46 
 

Appendices 
 

Correlation Coefficient Coefficient that indicates the association between any two metric variables. 

It can range from -1 to +1 where +1 indicates a perfect positive relationship, 0 indicating no 

relationship and -1 indicates reverse relationship. 

Dependent Variable Variable being predicted by set of other independent variables. 

Regression Variate The linear combination of weighted independent variables collectively formed to 

predict dependent variable. 

Sum of Squared Errors It depicts sum of squared predicted errors across the observations. 

SVM Support Vector Machines  

1. Code for Naïve Bayes Algorithm 
library(caret) 

library(kernlab) 

setwd("C:/Users/admin/Desktop/Study/Research Methods/Dissertation") 

YTdata <- read.csv(file="YTvideos.csv",header= 

TRUE)[,c('views','likes','comment_count','Rating_Scale')] 

dim(YTdata) 

 

#training and test data creation 

set.seed(1000) 

trainDT = createDataPartition(YTdata$Rating_Scale, p =0.8,list = FALSE) 

trainData <- YTdata[trainDT,] 

testData <- YTdata[-trainDT,] 

 

#to see the distribution of Rating_Scale in the training data 

print(table(trainData$Rating_Scale)) 

 

#to see the distribution of Rating_Scale in the testing data 

print(table(testData$Rating_Scale)) 

 

#building classifier 

library(e1071) 

NB_model = naiveBayes(Rating_Scale~likes+views+comment_count, 

data=trainData, cross =10) 

print(NB_model) 

 

#Predicting output 

predNB <- predict(NB_model,testData) 

table(predNB,testData$Rating_Scale) 

 

######################################################## 

#percentage split test method for loop 

for(i in 1:9) { 

  set.seed(1000) 

  m <- i/10 

  print(m*10) 

  trainDT = createDataPartition(YTdata$Rating_Scale, p = m ,list = FALSE) 

  trainData <- YTdata[trainDT,] 

  testData <- YTdata[-trainDT,] 
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  NB_model = naiveBayes(Rating_Scale~likes+views+comment_count, 

data=trainData) 

  predNB <- predict(NB_model,testData) 

  tab <- table(predNB,testData$Rating_Scale) 

  correctclass <- sum(diag(tab))/sum(tab)*100 

  print(correctclass) 

  incorrect <- (1- sum(diag(tab))/sum(tab)) * 100 

  print(incorrect) 

} 

 
2.Code  for  Support Vector Machine Algorithms 
library(e1071) 

setwd("C:/Users/admin/Desktop/Study/Research Methods/Dissertation") 

YTdata <- read.csv(file="YTvideos.csv",header= 

TRUE)[,c('views','category_id','likes','comment_count','Rating_Scale')] 

dim(YTdata) 

#response variable is categorial type 

str(YTdata) 

summary(YTdata) 

 

#creating test and training data 

set.seed(1000) 

trainDT = sample(1:nrow(YTdata), 0.8*nrow(YTdata), replace=FALSE) 

trainData <- YTdata[trainDT,] 

testData <- YTdata[-trainDT,] 

 

#estimating SVM using default values i.e. kernal = radial, degree = 3 

model_radial <- svm(Rating_Scale~., data = trainData, cross=10) 

summary(model_radial) 

#predicting the radial model 

predict_radial <- predict(model_radial,testData,decision.values = TRUE) 

pred_rad <- table(predict_radial,testData$Rating_Scale) 

mean(predict_radial==testData$Rating_Scale) 

 

library(caret) 

#print confusion matrix 

result <- confusionMatrix(pred_rad) 

result 

 

######################################################## 

#svm with default ploynomial  

model_poly <- svm(Rating_Scale~., data = trainData, kernel = "polynomial") 

summary(model_poly) 

#predicting the polynomial model 

predict_poly <- predict(model_poly,testData) 

pred_poly <-table(predict_poly,testData$Rating_Scale)     

 

result_poly<- confusionMatrix(pred_poly) 

result_poly 

 

######################################################## 

#svm with default linear  

model_linear <- svm(Rating_Scale~., data = trainData, kernel = "linear") 

summary(model_linear ) 

#predicting the polynomial model 

predict_lin <- predict(model_linear ,testData) 

pred_lin <-table(predict_lin,testData$Rating_Scale)     

 

result_lin<- confusionMatrix(pred_lin) 
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result_lin 

 

 

######################################################## 

#tuning for better estimation 

tune_radial <- tune.svm(Rating_Scale~., data = trainData, gamma = 

seq(0.01,1,by=0.40), cost = seq(10,200,by=50)) 

summary(tune_radial) 

 

######################################################## 

#using tuned values for gamma and cost parameters 

model_tuned <- svm(Rating_Scale~., data = trainData, kernel = "linear", 

cost = 160, gamma = 0.81) 

summary(model_tuned) 

#predicting the tuned polynomial model 

predict_tuned <- predict(model_tuned,testData) 

pred_tuned <- table(predict_tuned,testData$Rating_Scale)     

result_tuned<- confusionMatrix(pred_tuned) 

result_tuned 

   

######################################################## 

#percentage split test method for loop 

for(i in 1:9) { 

  m <- i/10 

  print(m) 

  set.seed(1000) 

  trainDT = sample(1:nrow(YTdata), m*nrow(YTdata), replace=FALSE) 

  trainData <- YTdata[trainDT,] 

  testData <- YTdata[-trainDT,] 

   

  model_linear <- svm(Rating_Scale~., data = trainData, kernel = "linear", 

cost = 160, gamma = 0.81) 

 

  predctree <- predict(model_linear,testData) 

  tab <- table(predctree,testData$Rating_Scale) 

  correctclass <- sum(diag(tab))/sum(tab)*100 

  print(correctclass) 

  incorrect <- (1- sum(diag(tab))/sum(tab)) * 100 

  print(incorrect) 

} 

 

3.Code for Decision Tree Algorithm 
library(party) 

setwd("C:/Users/admin/Desktop/Study/Research Methods/Dissertation") 

 

YTdata <- read.csv(file="YTvideos.csv",header= 

TRUE)[,c('views','category_id','likes','comment_count','Rating')] 

dim(YTdata) 

summary(YTdata) 

class(YTdata$Rating) #integer 

 

#creating factor variable 

YTdata$Rating <- as.factor(YTdata$Rating) 

levels(YTdata$Rating)<- c("Poor","Average","Popular") 

class(YTdata$Rating) 

summary(YTdata$Rating) 

 

#creating test and training data 

set.seed(1000) 

trainDT = sample(1:nrow(YTdata), 0.8*nrow(YTdata), replace=FALSE) 

trainData <- YTdata[trainDT,] 
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testData <- YTdata[-trainDT,] 

prop.table(table(testData$Rating)) 

ctree_model <- ctree(Rating ~ ., data = trainData) 

summary(ctree_model) 

plot(ctree_model) 

 

#prediction made on test data 

predctree <- predict(ctree_model,testData) 

predctree 

library(caret) 

#print confusion matrix 

ctree_cof_mat <- table(predctree,testData$Rating)  

ctree_cof_mat 

result <- confusionMatrix(ctree_cof_mat) 

result 

 

######################################################## 

#percentage split test method for loop 

for(i in 1:9) { 

  set.seed(1000) 

  m <- i/10 

  print(m*10) 

  trainDT = createDataPartition(YTdata$Rating_Scale, p = m ,list = FALSE) 

  trainData <- YTdata[trainDT,] 

  testData <- YTdata[-trainDT,] 

   

  ctree_model <- ctree(Rating ~ ., data = trainData) 

  predDT <- predict(ctree_model,testData) 

  tab <- table(predDT,testData$Rating_Scale) 

  correctclass <- sum(diag(tab))/sum(tab)*100 

  print(correctclass) 

  incorrect <- (1- sum(diag(tab))/sum(tab)) * 100 

  print(incorrect) 

} 

 

4.YouTube Profile Extraction 
library(tuber) 

 

#Authentication 

yt_oauth("1093930549246-

nbgf146b1rrl6qi4r0641io5r9d4ss1p.apps.googleusercontent.com","3DcNCArWdM8we

qNE7anzu9Q3",token="") 

 

#Get User YouTube Channel videos Statistics using channed id 

Channel_vdo_stats <-get_all_channel_video_stats("UCHex1VE3jk31CfJJiGciG9w") 

Channel_vdo_stats 

#Get total views, subscribers and no. of videos in channel 

channel_stats <- get_channel_stats("UCHex1VE3jk31CfJJiGciG9w") 

 

#write result to csv file 

setwd("C:/Users/admin/Desktop/Study/Research Methods/Dissertation") 

write.csv(Channel_vdo_stats,file="ChannelStats.csv") 

 

5.WordCloud Generation 
import csv 

import matplotlib.pyplot as plt 

from wordcloud import WordCloud 

 

category = '26' 

filename = r'C:\Users\admin\Desktop\Study\Research 

Methods\Dissertation\YTvideos.csv' 
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with open(filename,'r') as csvfile: 

    readCSV = csv.reader(csvfile, delimiter=',') 

    tags = [] 

    trending_date = [] 

    for row in readCSV: 

        if row[13] == category: 

            tag = row[14] 

            tags.append(tag) 

 

#convert list to string 

makeasString = ''.join(tags) 

 

plt.figure(figsize=(20,10)) 

wordcloud = 

WordCloud(background_color='black',mode="RGB",width=2000,height=1000).generate(make

asString) 

plt.title("Tags Word Cloud") 

plt.imshow(wordcloud) 

plt.axis("off") 

plt.show() 
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