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Abstract— YouTube, with millions of content creators, has 

become the preferred destination for watching videos online. 

Through the Partner program, YouTube allows content 

creators to monetize their popular videos. Of significant 

importance for content creators is which meta-level features 

(e.g. title, tag, thumbnail) are most sensitive for promoting 

video popularity. The popularity of videos also depends on 

the social dynamics, i.e. the interaction of the content creators 

(or channels) with YouTube users. Using real-world data 

consisting of about 6 million videos spread over 25 thousand 

channels, we empirically examine the sensitivity of YouTube 

meta-level features and social dynamics. The key meta-level 

features that impact the view counts of a video include: first 

day view count , number of subscribers, contrast of the video 

thumbnail, Google hits, number of keywords, video category, 

title length, and number of upper-case letters in the title 

respectively and illustrate that these meta-level features can 

be used to estimate the popularity of a video. In addition, 

optimizing the meta-level features after a video is posted 

increases the popularity of videos. In the context of social 

dynamics, we discover that there is a causal relationship 

between views to a channel and the associated number of 

subscribers. Additionally, insights into the effects of 

scheduling and video play through in a channel are also 

provided. Our findings provide a useful understanding of user 

engagement in YouTube. 
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I. INTRODUCTION 

The YouTube social network contains over 1 billion users 

who collectively watch millions of hours of YouTube videos 

and generate billions of views every day. Additionally, users 

upload over 300 hours of video content every minute. 

YouTube generates billions in revenue through advertising 

and through the Partner program shares the revenue with the 

content creators. The video view count is a key metric of the 

measure of popularity or “user engagement” of a video and 

the metric by which YouTube pays the content providers. A 

key question is: How do meta-level features of a posted video 

(e.g. thumbnail, title, tags, and description) drive user 

engagement in the YouTube social network? However, the 

content alone does not influence the popularity of a video. 

YouTube also has a social network layer on top of 

its media content. The main social component is how the 

content creators (also called “channels”) interact with the 

users. So another key question is: How does the interaction of 

the YouTube channel with the user affect popularity of 

videos? In this paper, we study both the above questions. In 

particular, our aim is to examine how the individual video 

features (through the meta-level data) and the social 

dynamics contribute to the popularity of a video. 

The study of popularity of YouTube videos based on 

meta-level features is a challenging problem given the 

diversity of users and content providers. Several models on 

characterizing the popularity of YouTube videos are 

parametric in form, where the view count time series is used 

to estimate the model parameters. For example, ARMA time 

series models, multivariate linear regression models, 

modified models, have been utilized to estimate the future 

video view counts given past view count time series. Using 

only the title of the video (one of the meta-level features) 

considers the problem of predicting whether the view count 

will be high or low. In a related context, studied the 

importance of tags for Flicker data. Aside from text based 

meta-level features (title and tags), in Support Vector 

Regression (SVR) is proposed to predict the popularity using 

features of the video frames (e.g. face present, rigidity, 

colour, clutter). It is illustrated in that using the combination 

of visual features and temporal dynamics results in improved 

performance of the SVR for predicting view count compared 

to using only visual features or temporal dynamics alone. In 

the social context, the uploading behaviour of YouTube 

content creators was studied in.  Specifically, the paper finds 

that YouTube users within a social network are more popular 

compare to other users. 

A mathematical model (for example a climate 

model, an economic model, or a finite element model in 

engineering etc.) can be highly complex, and as a result its 

relationships between inputs and outputs may be poorly 

understood. In such cases, the model can be viewed as a black 

box, i.e. the output is an "opaque" function of its inputs. Quite 

often, some or all of the model inputs are subject to sources 

of uncertainty, including errors of measurement, absence of 

information and poor or partial understanding of the driving 

forces and mechanisms. This uncertainty imposes a limit on 

our confidence in the response or output of the model. 

Further, models may have to cope with the natural intrinsic 

variability of the system (alienator), such as the occurrence 

of stochastic events. or temporal dynamics alone. In the 

social context, the uploading behavior of YouTube content 

creators Partner program shares the revenue with the content 

creators. 

II. RELATED WORKS 

1) Describing & Forecasting Video Acess Patterns.  

Computer systems are increasingly driven by workloads that 

reflect large-scale social behaviour, such as rapid changes in 

the popularity of media items like videos. Capacity planners 

and system designers must plan for rapid, massive changes in 

workloads when such social behaviour is a factor. In this 

paper we make two contributions intended to assist in the 

design and provisioning of such systems. We analyse an 

extensive dataset consisting of the daily access counts of 

hundreds of thousands of YouTube videos. In this dataset, we 

find that there are two types of videos: those that show rapid 

changes in popularity, and those that are consistently popular 

over long time periods. We call these two types rarely-
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accessed and frequently-accessed videos, respectively. We 

observe that most of the videos in our data set clearly fall in 

one of these two types. In this work, we study the frequently-

accessed videos by asking two questions: first, is there a 

relatively simple model that can describe its daily access 

patterns? And second, can we use this simple model to predict 

the number of accesses that a video will have in the near 

future, as a tool for capacity planning? To answer these 

questions we develop a framework for characterization and 

forecasting of access patterns. We show that for frequently-

accessed videos, daily access patterns can be extracted via 

principal component analysis, and used efficiently for 

forecasting 

2) Using Early View Patterns To Predict The Popularity Of 

YouTube Videos 

Predicting Web content popularity is an important task for 

supporting the design and evaluation of a wide range of 

systems, from targeted advertising to effective search and 

recommendation services. We here present two simple 

models for predicting the future popularity of Web content 

based on historical information given by early popularity 

measures. Our approach is validated on datasets consisting of 

videos from the widely used YouTube video-sharing portal. 

Our experimental results show that, compared to a state-of-

the-art baseline model, our proposed models lead to 

significant decreases in relative squared errors, reaching up 

to 20% reduction on average, and larger reductions (of up to 

71%) for videos that experience a high peak in popularity in 

their early days followed by a sharp decrease in popularity. 

3) Bio-Inspiried Models For Characterizing YouTube 

Viewcount 

The goal of this paper is to study the behaviour of view count 

in YouTube. the first proposal several bio-inspired models for 

the evolution of the view count of YouTube videos. We show, 

using a large set of empirical data, that the view count for 

90% of videos in YouTube can indeed be associated to at least 

one of these models, with a Mean Error which does not 

exceed 5%. We derive automatic ways of classifying the view 

count curve into one of these models and of extracting the 

most suitable parameters of the model. We study empirically 

the impact of videos' popularity and category on the evolution 

of its view count. We finally use the above classification 

along with the automatic parameters extraction in order to 

predict the evolution of videos view count. 

4) Forecasting Online Contents Popularity 

Multimedia traffic over the Internet has boosted in the recent 

years and more media is watched and shared online. While 

being impactful from many perspectives, predicting the 

interest generated by an online content is heterogeneous and 

constitutes a challenging task. Based on popularity patterns 

classification we suggest methods to improve any prediction 

model which uses training datasets. Through data driven 

evaluation on YouTube videos, we show that our methods 

perform promising results. These two types’ rarely-accessed 

and frequently-accessed videos, respectively. We observe 

that most of the videos in our data set clearly fall in one of 

these two types. In this work, we study the frequently-

accessed videos by asking two points first, is there a relatively 

simple model that can describe its daily access patterns and 

second, can we use this simple model to predict the number 

of accesses that a video. 

5) Judging YouTube By Its Covers 

In this new age of digital multimedia content and internet 

audiences, the entertainment industry and the path to stardom 

is slowly evolving. Many aspiring musicians can now achieve 

fame by performing the works of other famous artists, and 

sharing their performances on sites such as you tube. Aspiring 

artists and other content generators on you tube are always 

advised by marketing experts to include keywords in their 

video titles, descriptions and tags. In this paper, we show that 

this advice is sound. Using only the title of the video and the 

Bernoulli Naive Bayes model, we predict whether a video 

receives many or few views with 65.83% accuracy. We also 

show that the Bernoulli Naive Bayes model performs better 

than SVMs and k-NN on this data set of music cover videos. 

6) Social Popularity Score: Predicting Number of Views, 

Comments, & Favourites of Social Photos Using Only 

Annotations.  

In  this  paper,  The  proposed  algorithm  to  predict  the  

social  popularity  (i.e.,  the  numbers  of views, comments, 

and favourites) of content on social networking services using 

only text annotations. Instead of analysing image/video 

content, they try to estimate social popularity by a 

combination of weight vectors obtained from a support vector 

regression (SVR) and tag frequency. Since our proposed 

algorithm uses text annotations instead of image/video 

features, its computational cost is small. As a result, I can 

estimate social popularity   more   efficiently than previously 

proposed methods. Furthermore, tags that significantly affect 

social popularity can be extracted using our algorithm. Our 

experiments involved using one million photos on the social 

networking website Flickr, and the results showed  a  high  

correlation  between  actual  social  popularity and  the  

determination  thereof  using  our algorithm. Moreover, the 

proposed algorithm can achieve high classification accuracy 

with regard to a classification between popular and unpopular 

content. Through data driven evaluation on YouTube videos, 

7) Predicting Popularity 0f Social Media In Geo-Spatial 

Generating  multimedia  content  and  sharing  them  in  social  

networks  has  become  one  of  our daily-life  activities.  

Although  a  lot  of  people  care  about  the  quality of  the  

content  itself,  much  less attention is paid to the text 

annotations. In our previous work, They have shown that the 

popularity of the  content  in  social  media  is  strongly  

affected  by  its  annotated  tags,  and  proposed  a  TF-IDF-

like algorithm to analyse which tags are more potentially 

important to earn more popularity. We derive automatic ways 

of classifying the view count curve into one of these models 

and of extracting the most suitable parameters of the model. 

We study empirically the impact of videos popularity and 

category on the evolution of its view count 

8) Predicting Popularity Of Online Videos 

In this work, a regression method to predict the popularity of 

an online video based on temporal and visual cues. Our 

method uses Support Vector Regression with Gaussian 

Radial Basis Functions.  They  have  shown  that  modelling  

popularity  patterns  with  this  approach  provides higher and 

more stable prediction results, mainly thanks to the non-

linearity character of the proposed method as well as its 

resistance against over fitting compare our method with the 

state of the art on datasets containing over 14,000 videos from 

YouTube and Facebook. Further, more details show that 
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results obtained relying only on the early distribution 

patterns, can be improved by adding social and visual 

metadata. 

9) Closer Look at Viral Videos on YouTube. 

YouTube  up  loaders  are  the  central  agents  in  the  

YouTube  phenomenon. They conduct extensive 

measurement and analysis of YouTube up loaders. They have 

estimate YouTube scale and examine the uploading 

behaviour of YouTube users. They demonstrate the positive 

reinforcement between on-line social behaviour and 

uploading behaviour.  Furthermore, Will examine whether 

YouTube users are truly broadcasting themselves, via 

characterizing and classifying videos of provides higher and 

more stable prediction results. 

10) Extreme Learning Machine: Theory & Applications 

Regression is one of the most basic problems in data mining. 

For regression problem, extreme learning machine  (ELM)  

can  get  better  generalization  performance  at  a  much  faster  

learning speed. However, the enlarging volume of datasets 

makes regression by ELM on very large scale datasets a 

challenging task. Through analysing the mechanism of ELM 

algorithm, an efficient parallel ELM for regression  is  

designed  and  implemented  based  on  Map  Reduce  

framework,  which  is  a  simple  but powerful  parallel  

programming  technique  currently.  The  experimental  

results  demonstrate  that  the proposed  parallel  ELM  for  

regression  can  efficiently  handle  very  large  datasets  on  

commodity hardware with a good performance on different 

evaluation criterions, including speedup, scale up and size up. 

Parallel extreme learning machine for regression based on 

Map Reduce. 

11) Deep Learning In Neural Networks 

Optimizing   the meta-level features (e.g.  Thumbnail, title, 

tags, description) after a video has been posted increases the 

popularity of the video. In addition, optimizing the title 

increases the traffic due  to  YouTube  search,  optimizing  the  

thumbnail  increases  the  traffic  from  related  videos  and 

optimizing the keywords increases the traffic from related and 

promoted videos.   Provides details on this analysis.  Insight 

into the causal relationship between the subscribers and view 

count for YouTube channels is also explored.  For  popular  

YouTube  channels,  They  found  that  the  channel  view  

count affects the subscriber count.  New insights into the 

scheduling dynamics in YouTube gaming channels are also 

found. For channels with a dominant   periodic uploading 

schedule, going “off the schedule” increases the popularity of 

the channel. 

12) An Iterative Co-Ordinate  Descent  Algorithm 

The proposed work for  a  study  for  new  iterative  coordinate  

descent  algorithm  (QICD)  for solving non convex penalized 

quintile regression in high dimension. By permitting different 

subsets of covariates  to  be  relevant  for  modelling  the  

response  variable  at  different  quintiles,  non-convex 

penalized quintile regression provides a flexible approach  for  

modelling high-dimensional data with heterogeneity.  

Although  its  theory  has  been  investigated  recently,  its  

computation  remains  highly challenging  when p is  large  

due  to  the  no  smoothness  of  the  quintile  loss  function  

and  the  non-convexity of the penalty function. Existing 

coordinate descent algorithms for penalized least-squares 

regression cannot be directly applied.  They  establish  the  

convergence  property  of  the  proposed algorithm  under  

some  regularity  conditions  for  a  general  class  of  non-

convex  penalty  functions including popular choices such as 

SCAD (smoothly clipped absolute deviation) and MCP  

(minimal concave   penalty).   Our   Monte   Carlo   study   

confirms   that   QICD   substantially   improves   

computational speed in the p ≫ n setting using the setting. 

13) Model-Based Boosting 2.0. 

In  this  paper,  The work has gone through  how  the  meta-

level  features  and  the  interaction  of  the YouTube  channel  

with  the  users  affect  the  popularity  of  videos.  For 

convenience in this we will summarize the main empirical 

conclusions of this paper. The five dominant meta-level 

features that affect the popularity of a video are: first day view 

count,  number of subscribers, contrast of the video 

thumbnail,  Google  hits,  and  number  of  keywords  

discusses  this  further.  New  insights  into  the scheduling  

dynamics  in  YouTube  gaming  channels  are  also  found.  

For channels with a dominant periodic uploading schedule, 

going “off the schedule” increases the popularity of the 

channel.

 

III. MACHINE LEARNING TECHNIQUE 

Technical basis for data mining: algorithms for acquiring 

structural descriptions from examples Structural descriptions 

represent patterns explicitly Can be used to predict outcome 

in new situation Can be used to understand and explain how 

prediction is derived (maybe even more important)Methods 

originate from artificial intelligence, statistics, and research 

on databases Machine learning is employed in a range of 

computing tasks where designing and programming explicit 

algorithms with good performance is difficult or infeasible; 

example applications include email filtering, detection of 

network intruders or malicious insiders working towards a 

data breach, optical character recognition (OCR), learning to 

rank, and computer vision.

 

Machine learning is closely related to (and often 

overlaps with) computational statistics, which also focuses on 

prediction-making through the use of computers. It has strong 

ties to mathematical optimization, which delivers methods, 

theory and application domains to the field. Machine learning 

is sometimes conflated with data mining, where the latter 

subfield focuses more on exploratory data analysis and is 

known as unsupervised learning.  Machine learning can also 

be unsupervised and be used to learn and establish baseline 

behavioral profiles for various entities and then used to find 

meaningful anomalies. Within the field of data analytics, 

machine learning is a method used to devise complex models 

and algorithms that lend themselves to prediction; in 

commercial use, this is known as predictive analytics. These 

analytical models allow researchers, data scientists, 

engineers, and analysts to "produce reliable, repeatable 

decisions and results" and uncover "hidden insights" through 

learning from historical relationships and trends in the data. 

IV. CONCLUSION 

In this project, conducted a data-driven study of YouTube 

based on a large dataset. First, by using several machine 

learning methods, we investigated the sensitivity of the 

videos meta-level features on the view counts of videos. It 
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was found that the most important meta-level features 

include: first day view count , number of subscribers, contrast 

of the video thumbnail, Google hits, number of keywords, 

video category, title length, and number of upper-case letters 

in the title respectively. Additionally, optimizing the meta-

data after the video is posted improves the popularity of the 

video. The social dynamics also affects the popularity of the 

channel. Using the Granger causality test, we showed that the 

view count has a casual effect on the subscriber count of the 

channel. A generalized Gompers model was also presented 

which can allow the classification of a videos view count 

dynamics which results from subscribers, migration, and 

exogenous events. This is an important model as it allows the 

views to be categorized as resulting from the video or from 

exogenous events which bring viewers to the video. The final 

result of the paper was to study the upload scheduling 

dynamics of gaming channels in YouTube. It was found that 

going “off schedule” can actually increase the popularity of a 

channel. Our conclusions are based on the BBTV dataset. 

Extrapolating these results to other YouTube datasets is an 

important problem worth addressing in future work. Another 

extension of the current work could involve studying the 

effect of video characteristics on different traffic sources, for 

example the effect of tweets or posts of videos on Twitter or 

Facebook. 
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