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ABSTRACT 

  

Analysis of structured data has seen tremendous success in the past. However, 

analysis of large-scale unstructured data in the form of video format remains a 

challenging area. YouTube, a Google company, has over a billion users and generates 

billions of views. Since YouTube data is getting created in a very huge amount and 

with an equally great speed, there is a huge demand to store, process and carefully 

study this large amount of data to make it usable. The project utilizes the YouTube 

Data API (Application Programming Interface) that allows the applications/websites to 

incorporate functions that are used by YouTube application to fetch and view 

information. The Google Developers Console is used to generate a unique access key 

which is further required to fetch YouTube public channel data. This project extracts 

the meaningful output of which can be used by the management for analysis.  
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INTRODUCTION 

 

Social media analytics is the process of gathering and analyzing data 

from social networks such as YouTube, Facebook, Instagram, LinkedIn and Twitter. It 

is commonly used by marketers to track online conversations about products and 

companies. One author defined it as "the art and science of extracting valuable hidden 

insights from vast amounts of semi-structured and unstructured social media data to 

enable informed and insightful decision making. 

 

Similarly, in this project going to scarp and analysis the YouTube data using 

google API. YouTube as a user generated content is one of the largest and most 

popular video sharing websites. It hosts over four billion views a day. YouTube 

provides public statistics regarding its uploaded videos, most notably the number of 

views, which shows the aggregate number of times a video has been watched up to 

that point. Naturally, the number of views for a video indicates the level of popularity 

of that video; and it takes a varying amount of time for a video to become popular (if it 

becomes popular). Meanwhile, there are some videos that can attract users’ attention 

in a relatively short time.  

 

YouTube also supports a feature called trending, which represents content that 

has the potential of becoming popular in a relatively short time. Consequently, 

although trending videos are usually not popular (yet) when declared as trending by 

YouTube, they have the potential of becoming popular (eventually). For example, 

some videos are labeled trending while having only few hundreds in viewership 

numbers. From another perspective, through trending videos, YouTube tries to 

highlight emerging trends developing within different viewership communities. 

 

 Meanwhile, the general attributes of the viewership of trending videos have not 

been studied thoroughly. To the best of our knowledge, basic statistics about YouTube 

trending videos have not been studied, analyzed, or even received any adequate 

attention. Considering the fact that more than one billion unique users visit YouTube 

each month and they upload 72 hours of video every minute, YouTube is the best 

place for e.g. brand engagement or advertising, but it is genuinely difficult and 

competitive to get the attention of users.  

https://en.wikipedia.org/wiki/Social_network_service
https://en.wikipedia.org/wiki/Facebook
https://en.wikipedia.org/wiki/Instagram
https://en.wikipedia.org/wiki/LinkedIn
https://en.wikipedia.org/wiki/Twitter
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Therefore, when a video becomes popular, it is exposed to millions of users for 

free and has the opportunity of keeping their attention for a while. Finding these trends 

are significantly important that many different websites have been emerged just to pick 

up on the latest trends on the web, such as “BuzzFeed” or “WhatTheTrend”. There are 

other kinds of websites such as “channel Factory” that tries to build an audience on 

YouTube for content owners or advertisers.  

 

Understanding of YouTube trending videos and their statistics, and a deeper 

insight about their lifecycles, can greatly affect the strategies for marketing, target 

advertising, recommendation systems and search engines, as was suggested by prior 

YouTube measurement studies. This represents a key motivation for our effort. 

 

In this paper, we present our findings for measuring, analyzing, and comparing 

key aspects of YouTube trending videos. Our study is based on collecting and 

monitoring high-resolution time-series of the viewership and related statistics of more 

than 8,000 YouTube videos over an aggregate period. To put this number into 

perspective, YouTube declares only tens of videos as trending on a daily basis. This 

number is highly selective when compared to the thousands of videos uploaded on 

YouTube every minute. 

 

 Furthermore, and from the onset of our study, our goal has been to collect data 

viewership time-series of trending videos to achieve robust analysis of their entire 

lifecycles. Since trending videos are declared as such just several hours after they are 

uploaded, we are able to analyze trending videos across their lifecycle; this provides 

an invaluable insight into their viewership time-series over a critical period of their 

lifetime. 

 

Social Media Monitoring is the second term most often confused for Social 

Media Analytics. It’s also thought to be synonymous with Social Listening, but the two 

are very different. Social Monitoring focuses on following social audiences to be 

alerted to spikes in activity that present either an opportunity you wouldn’t want to 

miss, or a potential disaster you want to avoid. It’s about seeing posts like this in time 

to respond and avoid a viral crisis. 

 

https://www.netbase.com/blog/what-is-social-media-monitoring-sma-guide-part-2/
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CHAPTER 2 

SOCIAL MEDIA ANALYTICS 

 

Social Media Analytics is an emerging interdisciplinary research field that aims 

on combining, extending, and adapting methods for analysis of social media data. On 

the one hand it can support IS and other research disciplines to answer their research 

questions and on the other hand it helps to provide architectural designs as well as 

solution frameworks for new social media-based applications and information 

systems. 

 

2.1. Analysis 

This is where you go beyond simply reporting the numbers to analyse what the 

data actually means. For example, rather than simply reporting the number of 

engagements, you might want to analyse the number of engagements per post or per 

follower. And rather than simply reporting the number of clicks you drove to your 

website; you might want to analyse how much of total website traffic is coming from 

social campaigns. 

Again, make sure to provide context by comparing your results to previous 

campaigns, or to what you know about competitor campaigns. If you can, try to analyse 

your data to determine why you got the results you did. The facts are interesting, sure, 

but the reasons behind the data are what can help you tweak your strategy and 

set meaningful social media goals. 

2.2.The Era Of Big Data And Social Media Analytics 

The era of Big Data is underway, computer scientists, physicists, economists, 

mathematicians, political scientists, bio-informaticists, sociologists, and other scholars 

are clamoring for access to the massive quantities of information produced by and 

about people, things, and their interactions (Boyd et al., 2012). Parliamentary office of 

science and technology in its journal Houses of parliament, number 460 March 2014 

write an article and brought some truths about social media and big data: 57% of over-

16s in the UK use social media, generating vast amounts of accessible data. Analyzing 

social media data can help organizations understand behaviors and target products 

and services more effectively. Key applications include profiling voters and 

https://blog.hootsuite.com/smart-social-media-goals/
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complementing traditional polling, targeting adverts at consumers, credit scoring and 

informing policing decisions. There is a debate about how to analyze social media 

data, including which methods to use and how to control for biases.  

 

Personal data can be shared or sold with 146 users’ consent as long as they 

are anonymized. There are concerns that users are not fully aware of how their data 

are being used and that it is often possible to identify individuals from linking 

anonymized datasets. Analyzing large quantities of readily available data from social 

media has created new opportunities to understand and influence how people think 

and act. The rate of unstructured data production on social media makes it difficult to 

analyze using traditional methods that rely on human analysts. Social media analytics 

is a new field of study that is developing automated or semi-automated methods for 

analyzing data. Some advocates of big data argue that the sheer size of the datasets 

reduces, or even eliminates, the need for established statistical methods such as 

random sampling, because all the data can be analyzed. 

 

 However, in the case of social media data, it only contains data about people 

that use social media. In the UK, around 49% of the population use Facebook and 

24% use Twitter and not all users create content. There are concerns that social media 

data may not represent vulnerable groups in society, such as the elderly or those from 

lower income backgrounds. This means that there are significant gaps in the data, and 

there are not yet accepted methods for controlling for biases. This paper presents an 

overview on studies associated with big data in social media. The study uses Scopus 

database as a primary search engine and analyzes the data. 
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CHAPTER 3 

 

CHALLENGES OF SOCIAL MEDIA ANALYTICS 

 

3.1. Getting social media metrics to the right people 

Often, social media is treated like the ugly stepchild within the marketing 

department and real-time social media analytics are either absent or ignored. Real-

time social media analytics creates serious challenges for many organizations. Often, 

organizations are married to an old paradigm — a vestige of by-gone days when data 

was hard to get, taking months of data gathering and analysis. These organizations 

didn’t integrate data gathering into tactical and strategic decision-making because they 

couldn’t. Incorporating real-time analytics just isn’t possible with their existing 

bureaucracy. 

For one thing, real-time analytics requires moving analysts closer to decision-

makers and enabling decision-makers with analytic skills for ad hoc data analysis. But, 

that’s not what most businesses look like. Many decision-makers lack analytics skills 

necessary for ad hoc analysis. 

New arrival, Uber, which runs a ride-sharing program that competes with taxi 

companies and car services, uses real-time analytics to show how people move 

around a city at any give time, allowing Uber to optimize their customer service. 

Placing cars nearby reduces competition with local cab companies and real-time 

analytics provide insights necessary to do that. To do this, Uber uses real-time data to 

incentivize more drivers to provide services by raising the price of a ride. 

Others such as Samsung and NASCAR do a great job of providing real-time 

social media analytics to guide decision-makers. Take a look at this command centre 

NASCAR uses to monitor chatter surrounding their events. 

http://www.evergage.com/blog/real-time-marketing-isnt-what-you-think-it-is
http://www.psfk.com/2013/11/psfk-san-francisco-uber-bradley-voytek.html#!bhJlaH
https://www.hausmanmarketingletter.com/finding-good-content-marketing-agency/


15 

 

3.2. Visualization 

Visualizing real-time social media analytics is another key element involved in 

developing insights that matter. Face it, human beings don’t do a great job of 

processing long tables of numbers. Notice on NASCAR’s command centre, much of 

the date is displayed visually. 

Simply displaying values graphically helps in making the kinds of fast 

interpretations necessary for making decisions with real-time data, but adding more 

complex algorithms and using models provides deeper insights, especially when 

visualized. 

3.3. Unstructured data is challenging 

Unlike the survey data firms are used to dealing with, most (IBM estimates 80%) 

is unstructured — meaning it consists of words rather than numbers. And, text 

analytics lags seriously behind numeric analysis. 

While unstructured data tends to muck-up any kind of analysis, it’s especially 

challenging in the context of real-time analytics, because you want interpretations IN 

REAL TIME. Handling text in real time often means using computer-generated 

translations of the written word. However, no computer can effectively categorize 

much of what’s written in social media where “bad” might mean bad or it might mean 

good, depending on context, relationship, and other variables. 

 3.4. Increasing signal to noise 

Social media data is inherently noisy. Reducing noise to even detect signal is 

challenging — especially in real time. Sure, with enough time, new analytics tools can 

ferret out the few meaningful comments across various social networks, but few can 

handle this in realtime. 

https://www.hausmanmarketingletter.com/voice-consumer-text-analytics-finally-growing/
https://www.hausmanmarketingletter.com/voice-consumer-text-analytics-finally-growing/
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 3.5. A wait and see attitude 

Again, businesses are used to a certain operational model that makes real-time 

social media analytics challenging. For instance, we listed to a presentation by an 

analyst from NPR. He showed complex A/B testing used to determine the 

effectiveness of headlines, even whole articles online. As a statistician, he’s concerned 

about achieving statistical significance in his testing before making decisions. 

That’s great if you’re talking about putting $100 million into building and 

marketing a product, but doesn’t make much sense in the fast-paced world of social 

media. Real-time analytics require real-time decisions. Period. 

If it’ll take you several days to gather enough data for statistical significance, 

forget it. Especially if you’re only trying to determine which headline does better, by 

the time you have a statistically significant answer, no one cares anymore. The news 

trend has moved to another topic. 
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CHAPTER 4 

 

TERMINOLOGY  

Start with definitions of some of the key techniques related to analyzing 

unstructured textual data:  

 

4.1 Natural language processing 

(NLP) is a field of computer science, artificial intelligence and linguistics 

concerned with the interactions between computers and human (natural) languages. 

Specifically, it is the process of a computer extracting meaningful information from 

natural language input and/or producing natural language output.  

 

4.2 News analytics 

The measurement of the various qualitative and quantitative attributes of textual 

(unstructured data) news stories. Some of these attributes are: sentiment, relevance 

and novelty.  

 

4.3 Opinion mining 

Opinion mining (sentiment mining, opinion/sentiment extraction) is the area of 

research that attempts to make automatic systems to determine human opinion from 

text written in natural language.  

 

4.4 Scraping 

Collecting online data from social media and other Web sites in the form of 

unstructured text and also known as site scraping, web harvesting and web data 

extraction. 

 

4.5 Sentiment analysis 

Sentiment analysis refers to the application of natural language processing, 

computational linguistics and text analytics to identify and extract subjective 

information in source materials.  
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4.6 Text analytics 

involves information retrieval (IR), lexical analysis to study word frequency 

distributions, pattern recognition, tagging/annotation, information extraction, data 

mining techniques including link and association analysis, visualization and predictive 

analytics 

 

4.7 Figures 

 4.7.1 I/O Diagram 

  Input design is the process of converting user-originated inputs to a 

computer-based format. Input design is one of the most expensive phases of the 

operation of computerized system and is often the major problem of a system 

 

 

 

 4.7.2 Usecase Diagram 

  A use case diagram at its simplest is a representation of a user's 

interaction with the system that shows the relationship between the user and the 

different use cases in which the user is involved. A use case diagram can identify the 

different types of users of a system and the different use cases and will often be 

accompanied by other types of diagrams as well. 
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4.7.3 Activity Diagram 

  Activity diagram is another important diagram in UML to describe 

the dynamic aspects of the system. Activity diagram is basically a flowchart to 

represent the flow from one activity to another activity. The activity can be described 

as an operation of the system. The control flow is drawn from one operation to 

another.  
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4.7.4 data Diagram 

  Data design is the first design activity, which results in less complex, 

modular and efficient program structure. The information domain model developed 

during analysis phase is transformed into data structures needed for implementing the 

software. 

 

 

 

4.7.5 Sequential Diagram 

  Sequence diagram is the most common kind of interaction 

diagram, which focuses on the message interchange between a number of lifelines. 

Sequence diagram describes an interaction by focusing on the sequence of messages 

that are exchanged, along with their corresponding occurrence specifications on the 

lifelines. UML sequence diagrams are used to show how objects interact in a given 

situation.  
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4.7.6 Architecture Diagram 

               The design process for identifying the sub-systems making up a system and 

the framework for sub-system control and communication is architectural design. The 

output of this design process is a description of the software architecture. 

 

➢ It defines an abstraction level at which the designers can specify the functional 

and performance behaviors of the system.  

➢ It evaluates all top-level designs  

➢ It develops and documents top-level designs for the external and internal 

interface  

➢ It develops all preliminary versions of users’ documentation  

➢ It defines and documents preliminary test requirements and the schedule for 

software integration.  

 

            System architecture is a conceptual model that defines the structure, 

behaviors, and more views of a system. An architecture description is a formal 

description and representation of a system, organized in a way that supports 

reasoning about the structure and behavior of the system. 
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CHAPTER 5 

Social Media Overview 

 For this paper, we group social media tools into:  

5.1 Social media data 

Social media data types (e.g., social network media, wikis, blogs, RSS feeds 

and news, etc.) and formats (e.g., XML and JSON). This includes data sets and 

increasingly important real-time data feeds, such as financial data, customer 

transaction data, telecoms and spatial data.  

 

5.2 Social media programmatic access 

Data services and tools for sourcing and scraping (textual) data from social 

networking media, wikis, RSS feeds, news, etc. These can be usefully subdivided into:  

 

5.3 Data sources, services and tools 

Where data is accessed by tools which protect the raw data or provide simple 

analytics. Examples include: Google Trends, Social Mention, Social Pointer and Social 

Seek, which provide a stream of information that aggregates various social media 

feeds. 

 

5.4 Data feeds via APIS 

Where data sets and feeds are accessible via programmable HTTP-based APIs 

and return tagged data using XML or JSON, etc. Examples include Wikipedia, Twitter 

and Facebook.  

• Text cleaning and storage tools 

Tools for cleaning and storing textual data. Google Refine and Data Wrangler 

are examples for data cleaning.  

• Text analysis tools 

Individual or libraries of tools for analyzing social media data once it has been 

scraped and cleaned. These are mainly natural language processing, analysis and 

classification tools, which are explained below.  

• Transformation tools 

Simple tools that can transform textual input data into tables, maps, charts (line, 

pie, scatter, bar, etc.), timeline or even motion (animation over timeline), such as 

Google Fusion Tables, Zoho Reports, Tableau Public or IBM’s Many Eyes.  
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• Analysis tools 

More advanced analytics tools for analyzing social data, identifying connections 

and building networks, such as Gephi (open source) or the Excel plug-in NodeXL.  

 

5.5 Social media platforms 

Environments that provide comprehensive social media data and libraries of 

tools for analytics. Examples include: Thomson Reuters Machine Readable News, 

Radian 6 and Lexalytics. Social network media platforms: Platforms that provide 

data mining and analytics on Twitter, Facebook and a wide range of other social 

network media sources. • News platforms—platforms such as Thomson Reuters 

providing commercial news archives/feeds and associated analytics. 
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CHAPTER 6 

SOCIAL MEDIA DATA  

Clearly, there is a large and increasing number of (commercial) services 

providing access to social networking media (e.g., Twitter, Facebook and Wikipedia) 

and news services (e.g., Thomson Reuters Machine Readable News). Equivalent 

major academic services are scarce. We start by discussing types of data and formats 

produced by these services.  

 

6.1 Types of data 

 Although we focus on social media, as discussed, researchers are continually 

finding new and innovative sources of data to bring together and analyze. So, when 

considering textual data analysis, we should consider multiple sources (e.g., social 

networking media, RSS feeds, blogs and news) supplemented by numeric (financial) 

data, telecoms data, geospatial data and potentially speech and video data. Using 

multiple data sources is certainly the future of analytics. Broadly, data subdivides into:  

• Historic data sets—previously accumulated and stored social/news, financial 

and economic data.  

• Real-time feeds—live data feeds from streamed social media, news services, 

financial exchanges, telecoms services, GPS devices and speech. And into:  

• Raw data—unprocessed computer data straight from source that may contain 

errors or may be unanalyzed.  

• Cleaned data—correction or removal of erroneous (dirty) data caused by 

disparities, keying mistakes, missing bits, outliers, etc.  

• Value-added data—data that has been cleaned, analyzed, tagged and 

augmented with knowledge.  

 

6.2 Text data formats  

The four most common formats used to markup text are: HTML, XML, JSON 

and CSV.  

• HTML—Hypertext Markup Language (HTML) as well-known is the markup 

language for web pages and other information that can be viewed in a web browser. 

HTML consists of HTML elements, which include tags enclosed in angle brackets 

(e.g., \div[), within the content of the web page.  
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• XML—Extensible Markup Language (XML)—the markup language for 

structuring textual data using \tag[…\\tag[ to define elements.  

• JSON—JavaScript Object Notation (JSON) is a textbased open standard 

designed for human-readable data interchange and is derived from JavaScript.  

• CSV—a comma-separated values (CSV) file contains the values in a table as 

a series of ASCII text lines organized such that each column value is separated by a 

comma from the next column’s value and each row starts a new line. For 

completeness, HTML and XML are so-called markup languages (markup and content) 

that define a set of simple syntactic rules for encoding documents in a format both 

human readable and machine readable. A markup comprises start-tags (e.g., \tag[), 

content text and endtags (e.g., \/tag[).  

Many feeds use JavaScript Object Notation (JSON), the lightweight data-

interchange format, based on a subset of the JavaScript Programming Language. 

JSON is a language-independent text format that uses conventions that are familiar to 

programmers of the C-family of languages, including C, C??, C#, Java, JavaScript, 

Perl, Python, and many others. JSON’s basic types are: Number, String, Boolean, 

Array (an ordered sequence of values, comma separated and enclosed in square 

brackets) and Object (an unordered collection of key: value pairs). The JSON format 

is illustrated in Fig. 1 for a query on the Twitter API on the string ‘UCL,’ which returns 

two ‘text’ results from the Twitter user ‘uclnews.’ Comma-separated values are not a 

single, well-defined format but rather refer to any text file that:  

(a) is plain text using a character set such as ASCII, Unicode or EBCDIC. 

(b) consists of text records (e.g., one record per line)  

(c) with records divided into fields separated by delimiters 

4 Social media providers 

 Social media data resources broadly subdivide into those providing: • Freely 

available databases—repositories that can be freely downloaded, e.g., Wikipedia 

(http://dumps. wikimedia.org) and the Enron e-mail data set available via 

http://www.cs.cmu.edu/*enron/.  

• Data access via tools—sources that provide controlled access to their social 

media data via dedicated tools, both to facilitate easy interrogation and also to stop 

users ‘sucking’ all the data from the repository. An example is Google’s Trends. These 

further subdivided into:  

http://www.cs.cmu.edu/*enron/
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(1) Free sources—repositories that are freely accessible, but the tools protect 

or may limit access to the ‘raw’ data in the repository, such as the range of tools 

provided by Google.  

(2) Commercial sources—data resellers that charge for access to their social 

media data. Gnip and DataSift provide commercial access to Twitter data through a 

partnership, and Thomson Reuters to news data.  

• Data access via APIs—social media data repositories providing 

programmable HTTP-based access to the data via APIs (e.g., Twitter, Facebook and 

Wikipedia).  

 

6.3 Open-source databases 

 A major open source of social media is Wikipedia, which offers free copies of 

all available content to interested users (Wikimedia Foundation 2014). These 

databases can be used for mirroring, database queries and social media analytics. 

They include dumps from any Wikimedia Foundation project: http://dumps. 

wikimedia.org/, English Wikipedia dumps in SQL and XML: 

http://dumps.wikimedia.org/enwiki/, etc.  

Another example of freely available data for research is the World Bank data, 

i.e., the World Bank Databank (http:// databank.worldbank.org/data/databases.aspx), 

which provides over 40 databases, such as Gender Statistics, Health Nutrition and 

Population Statistics, Global Economic Prospects, World Development Indicators and 

Global Development Finance, and many others. Most of the databases can be filtered 

by country/region, series/topics or time (years and quarters). In addition, tools are 

provided to allow reports to be customized and displayed in table, chart or map 

formats.  

 

6.4 Data access via tools 

As discussed, most commercial services provide access to social media data 

via online tools, both to control access to the raw data and increasingly to monetize 

the data.  

 

6.4.1 Freely accessible sources 

  Google with tools such as Trends and Insights is a good example of this 

category. Google is the largest ‘scraper’ in the world, but they do their best to 
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‘discourage’ scraping of their own pages. (For an introduction of how-to surreptitious 

scrape Google—and avoid being ‘banned’—see http://google-scraper. 

squabbel.com.) Google’s strategy is to provide a wide range of packages, such as 

Google Analytics, rather than from a researchers’ viewpoint the more useful 

programmable HTTP-based APIs.  

 

Trends displays a particular search term, in this case ‘libor.’ Using Google 

Trends, you can compare up to five topics at a time and also see how often those 

topics have been mentioned and in which geographic regions the topics have been 

searched for the most. 

 

6.4.2 Commercial sources 

  There is an increasing number of commercial services that scrape social 

networking media and then provide paid-for access via simple analytics tools. (The 

more comprehensive platforms with extensive analytics are reviewed in Sect. 8.) In 

addition, companies such as Twitter are both restricting free access to their data and 

licensing their data to commercial data resellers, such as Gnip and DataSift. Gnip is 

the world’s largest provider of social data. 

 

 Gnip was the first to partner with Twitter to make their social data available, 

and since then, it was the first to work with Tumblr, Foursquare, WordPress, Disqus, 

StockTwits and other leading social platforms. Gnip delivers social data to customers 

in more than 40 countries, and Gnip’s customers deliver social media analytics to more 

than 95 % of the Fortune 500. Real-time data from Gnip can be delivered as a 

‘Firehose’ of every single activity or via PowerTrack, a proprietary filtering tool that 

allows users to build queries around only the data they need.  

 

PowerTrack rules can filter data streams based on keywords, geo boundaries, 

phrase matches and even the type of content or media in the activity. The company 

then offers enrichments to these data streams such as Profile Geo (to add significantly 

more usable geo data for Twitter), URL expansion and language detection to further 

enhance the value of the data delivered. In addition to real-time data access, the 

company also offers Historical PowerTrack and Search API access for Twitter which 

give customers the ability to pull any Tweet since the first message on March 21, 2006. 
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Gnip provides access to premium (Gnip’s ‘Complete Access’ sources are publishers 

that have an agreement with Gnip to resell their data) and free data feeds (Gnip’s 

‘Managed Public API Access’ sources provide access to normalized and consolidated 

free data from their APIs, although it requires Gnip’s paid services for the Data 

Collectors) via its dashboard.  

 

Different types of feeds serve different types of use cases and correspond to 

different types of queries and API endpoints on the publisher’s source API. After 

selecting the feed, the user is assisted by Gnip to configure it with any required 

parameters before it begins collecting data. This includes adding at least one rule. 

Under ‘Get Data’ –[‘Advanced Settings’ you can also configure how often your feed 

queries the source API for data (the ‘query rate’). Choose between the publisher’s 

native data format and Gnip’s Activity Streams format (XML for Enterprise Data 

Collector feeds).  

 

6.4.3 Data feed access via APIs 

  For researchers, arguably the most useful sources of social media data 

are those that provide programmable access. Google Trends AI & Soc (2015) 30:89–

116 95 123 APIs, typically using HTTP-based protocols. Given their importance to 

academics, here, we review individually wikis, social networking media, RSS feeds, 

news, etc.  

 

6.4.4 Wiki media  

          Wikipedia (and wikis in general) provides academics with large open-

source repositories of user-generated (crowdsourced) content. What is not widely 

known is that Wikipedia provides HTTP-based APIs that allows programmable access 

and searching (i.e., scraping) that returns data in a variety of formats including XML. 

In fact, the API is not unique to Wikipedia but part of MediaWiki’s (http://www. 

mediawiki.org/) open-source toolkit and hence can be used with any MediaWiki-based 

wikis. The wiki HTTP-based API works by accepting requests containing one or more 

input arguments and returning strings, often in XML format, that can be parsed and 

used by the requesting client. Other formats supported include JSON, WDDX, YAML, 

or PHP serialized. Details can be found at: http://en.wikipedia.org/w/api.php?action= 
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query&list=allcategories&acprop=size&acprefix=hollywood &format=xml. The HTTP 

request must contain: 

 a) the requested ‘action,’ such as query, edit or delete operation;  

 b) an authentication request; and  

 c) any other supported actions. For example, the above request returns an 

XML string listing the first 10 Wikipedia categories with the prefix ‘hollywood.’ Vaswani 

(2011) provides a detailed description of how to scrape Wikipedia using an 

Apache/PHP development environment and an HTTP client capable of transmitting 

GET and PUT requests and handling responses.  

 

6.4.5 Social networking media 

            As with Wikipedia, popular social networks, such as Facebook, Twitter 

and Foursquare, make a proportion of their data accessible via APIs. Although many 

social networking media sites provide APIs, not all sites (e.g., Bing, LinkedIn and 

Skype) provide API access for scraping data. While more and more social Fig. 3 Gnip 

Dashboard, Publishers and Feeds 96 AI & Soc (2015) 30:89–116 123 networks are 

shifting to publicly available content, many leading networks are restricting free 

access, even to academics. For example, Foursquare announced in December 2013 

that it will no longer allow private check-ins on iOS 7, and has now partnered with Gnip 

to provide a continuous stream of anonymized check-in data. The data is available in 

two packages: the full Firehose access level and a filtered version via Gnip’s 

PowerTrack service. Here, we briefly discuss the APIs provided by Twitter and 

Facebook.  
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CHAPTER 7 

FETCHING YOUTUBE DATA USING API  

7.1 Google API 

Google APIs are application programming interfaces (APIs) developed 

by Google which allow communication with Google Services and their integration to 

other services. Examples of these include Search, Gmail, Translate or Google Maps. 

Third-party apps can use these APIs to take advantage of or extend the functionality 

of the existing services. 

The APIs provide functionality like analytics, machine learning as a service (the 

Prediction API) or access to user data (when permission to read the data is given). 

Another important example is an embedded Google map on a website, which can be 

achieved using the Static maps API, Places API or Google Earth API.  

Google APIs are application programming interfaces developed by Google 

which allow communication with Google Services and their integration to other 

services. Examples of these include Search, Gmail, Translate or Google Maps. 

Google Apps Script is a cloud-based JavaScript platform which allows 

developers to write scripts only owner can manipulate API services such as 

Calendar, Docs, Drive, Gmail, and Sheets and easily create Add-Ons for these 

services with chromium-based applications. 

Some Google APIs charge for usage, and you need to enable billing before 

you can start using these APIs. Some APIs allow free usage up to a courtesy usage 

limit, and in some cases this free limit is increased when you enable billing. 

 

7.2 Getting API and Scrapping Data 

1.Go to https://developers.google.com/ and log in or create an account, if 

necessary. 

 

2.After logging in go to this link https://console.developers.google.com/project 

and click on the blue CREATE PROJECT button as depicted in the photo below. Wait 

a moment as google prepares your project. 

https://en.wikipedia.org/wiki/API
https://en.wikipedia.org/wiki/Google
https://en.wikipedia.org/wiki/Google_Services
https://en.wikipedia.org/wiki/Machine_learning
https://console.developers.google.com/project
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3. Fill in whatever Project Name you want. 

 

 

4.Then click GoogleAPIs link in the top left corner and then click the link option called 

“YouTube Data API.” It’s under YouTube API’s. You can see it highlighted in the photo 

below, bottom right. 

 

http://www.slickremix.com/wp-content/uploads/2015/04/Screen-Shot-2016-08-06-at-4.12.36-PM.png
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5.Now click on the “ENABLE” button. 

 

 

 

 

 

6.Next click on the blue ‘Go to Credentials’ button to the right. 

 

http://www.slickremix.com/wp-content/uploads/2015/04/Screen-Shot-2016-08-06-at-4.16.25-PM.png
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7. Choose the select option YouTube Data API v3 for the first select option and Web 

server(e.g. node js. Tomcat) for the second selection. Then choose Public data. Now 

click the blue button, “What credentials do I need?.” 
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8. Almost done, wait for google to create your new project and you should see the 

screen below where you can copy your API Key. 

 

 

 

9. Paste the API Key in our YouTube Options menu page as depicted below. 

 

 

10 Store it in a secure file (api.text). Call the text file in the python program then run 

the program now we get the some of the countries YouTube trending videos data. For 

getting these data, first ensure the country code no saved in separate text file. 



35 

 

CHAPTER 8 

YOUTUBE DATA ANALYSIS 

 Analysis the YouTube trending videos data (India) by using jupyter notebook. 

8.1 Occurrence of Words in Video Titles 

 

 

 

8.2 Trending video by channel 

Histogram for number of channels vs number of trending videos below 20 
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SOURCE CODE 
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PRIVACY/ETHICS CONSIDERATION 

 

This Trending YouTube Video Statistics dataset is a public dataset from Kaggle 

built using YouTube’s API Services. Developers have permission to use data collected 

from YouTube’s API Services as long as they follow the policies listed in the YouTube 

API Services Policies document. Overall, online video research does raise valid ethical 

and data privacy concerns regarding informed consent. However, the unique potential 

of such a dataset outweighs the cost since this report is not for a commercial purpose 

and in our analysis, we have minimized the use of unique identifiers of the YouTube 

Video by using a bag-of-word model to analyse common terms in the title, tags, and 

description. 

 

CONCLUSIONS AND DISCUSSION 

 

Do find a positive correlation between controversial of a video and viewer 

engagement in categories concerning politics and social issues. However, there are 

limitations of this project due to the incompleteness of dataset, confounding variables 

in real world scenario, and assumptions to simplify a complicated problem. We will 

handle this potential issue by recognizing the impact of the bias in the conclusion and 

discussion of our results. 

As for keywords in video titles. Although we found that there are some 

correlations between keywords and the number of views, the impact is not completely 

clear. We observed that in some category some words dominate the context of video 

title, but videos whose title contains some of those top words does not mercenarily 

become more popular than those who do not. 

Since the Trending YouTube Video dataset includes only top trending videos, 

there is a potential for survivor bias in the results. Videos with similar characteristics, 

that did not trend, are not included in the dataset and thus will not be studied. 

We assume that video statistics such as views are independent of category, 

title, and many other variables presented in this dataset. Each view count is assumed 

to have equal weights. However, we do not consider the replay ability of a video 

because it cannot be distinguished from the dataset. In addition, we assume that there 
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is no underlying association between individual ratings of a video. However, ratings in 

this dataset can inaccurately reflect the hidden distribution as comment and rating bots 

might be involved. 

For convenience, we assume that frequent words in each category has higher 

impact on the number of views. However, some less frequent words that appear in 

only a few videos might also have great impact (by the assumption of tf-idf). In our 

study, we only focus on more general cases that covers the majority videos of the 

category. 

Regarding future work, our group will try more advanced techniques on video 

statistics analysis, such as regression models and learning algorithms. We will also 

employ more language models in the realm of Natural Language Processing, such as 

word2vec, topic models and tied. Besides working on numerical and string-based data, 

we will extend this analysis to image data by encoding thumbnails. As for content-

based analysis, we could obtain newspaper headlines from other dataset or using 

topic model to study the effect of trending news on trending videos. 
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