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Introduction 

ÅOver the last few years, 
there has been a growing 
public and enterprise 
interest in social media 

 

ÅInterests: the ability for 
users to create and share 
content via a variety of 
social media platforms 
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ÅThe unprecedented volume and variety of 
user-generated content as well as the user 
interaction network  

ÅNew opportunities for understanding social 
behavior and building socially-aware systems.  
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What is a Social Network 

ÅA SOCIAL STRUCTURE made up of  

ïa set of actors (such as individuals or organizations) & 

ïthe relationships/interactions between these actors  

 

ÅSocial network perspective: to model the structure of a 
social group 

ïhow this structure influences other variables 

ïhow structures change over time 
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Social media platforms and their characteristics 
Type Characteristics Examples 

Social networks A social networking website allows the user to build a web 
page and connect with a friend or other acquaintance in 
order to share user-generated content. 

MySpace, Facebook, 
LinkedIn,  Meetup, Google Plus+ 

Blog and Blog 
Comments 

A blog is an online journal where the blogger can create the 
content and display it in reverse chronological order. Blogs 
are generally maintained by a person or a community. 
Blog comments are posts by users attached to blogs or 
online newspaper posts. 

Huffington Post, Business 
Insider, Engadget and online journals 

  

Microblogging 
  

A microblog is similar to a blog with a limited post in the 
form of multimedia and other content. 

Twitter, Tumblr, 
Plurk 

Forums An online forum is a place for members to discuss a topic by 
posting messages. 

Online Discussion Community, phpBB, 
Developer Forums, Raising Children 
forum 

Social 
Bookmarking 

Services that allow users to save, organize and search links 
to various websites, and to share their bookmarks of web 
pages. 

Delicious, Pinterest, Google Bookmarks 

Wikis These websites allow people to collaborate and add content 
or edit the information on community-based database. 

Wikipedia, Wikitravel, Wikihow 

Social News  Social news encourage their community to submit news 
stories, or to vote on the contents and share them. 

Digg, Slashdot, Reddit 

Media Sharing  A Web site that enables users to capture videos and picture 
or upload and share with others. 

YouTube, Flickr, Snapchat, Instagram, 
vine 
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Natural Language Processing methods 

ÅExemple of text analysis:  

ïan article in the financial section of a newspaper 

ÅExemples of NLP techniques: 

ïInformation extraction (e.g. person, location, 
organization)  

ïcategorization and clustering 

ïautomatic summarization 

ïsemantic search engine 

ïstatistical machine translation 
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Semantic analysis in social media 

ÅNLP for social media content 
ïDefinition of Semantic Analysis in Social Media 

(SASM): Linguistic processing of social media 
messages enhanced with semantics and meta-
data from the social networks. 

 

ÅBook: Natural Language Processing for 
Social Media (upcoming book by Atefeh 
Farzindar and Diana Inkpen, Morgan & 
Claypool Publishers, 2015) 

 

ÅWorkshops EACL 2012,NAACL/HLT 2013, 
EACL 2014 
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Semantic Analysis in Social Media 

ÅNLP and Social Media (SM) 

 

ÅUnderstand strategic, operational and tactical 
intelligence uses of social media. 

 

ÅDevelopment of automated tools and 
algorithms for monitoring, capturing, and 
analysing big data collected from social media 
for behaviour prediction. 



© 2015 Atefeh Farzindar & Diana Inkpen © 2015 Atefeh Farzindar & Diana Inkpen 

 From Big Data to Intelligence 

Collect Social 
Media Data 

Semantic 
Analysis in social 
media (SASM) 

Share with users 
or Decision 

makers  

Social 
media data 

Social 
media  

information 

Social 
media  

intelligence 

A framework for semantic analysis in social media, 
where NLP tools transform the data into intelligence. 
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Properties of Social Media data 

ÅSocial media data is the collection of Open source 
information that can be obtained publicly 

ÅKey properties: 
ïSocial, Real-time, Geo-spatially coded, Emotion, 

Neologisms, Credibility/rumors 

ÅNon-structured text in many formats 

ÅWritten by different people in many languages and 
styles  

ÅWritten in everyday language 

ÅAuthors are not professional writers 

ÅPockets of sources in thousands of places on the www 
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Linguistic Pre-processing of Social Media Texts (Ch2) 

ÅNatural Language Processing tools 
ï Tokenizers  
ï Part-of-speech taggers 
ï Chunkers and parsers  
ï Named entity recognizers   

ÅAdaptation to social media text   
ïText normalization   
ï Re-training NLP tools for social media texts   
ï Existing NLP tools for English and their adaptation to social 

media text  

ÅMulti-linguality and adaptation to social media texts  
ïLanguage identification  
ïDialect identification  
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     General NLP toolkits 

Å Stanford CoreNLP (Java) includes tokenization, POS tagging, named entity 
recognition, parsing, and co-reference. http://nlp.stanford.edu/downloads/ 

Å Open NLP (Java) includes tokenization, sentence segmentation, part-of-speech 
tagging, named entity extraction, chunking, parsing, and co-reference resolution.   
http://opennlp.apache.org/ 

Å FreeLing includes tools for English and several other languages: text tokenization, 
sentence splitting, morphological analysis, phonetic encoding, named entity 
recognition, POS tagging, chart-based shallow parsing, rule-based dependency 
parsing, nominal co-reference resolution, etc. http://nlp.lsi.upc.edu/freeling/ 

Å NLTK is a suite of text processing libraries in Python for classification, 
tokenization, stemming, POS tagging, parsing, and semantic reasoning. 
http://nltk.org/  

Å GATE includes components such parsers, morphology, POS tagging, and 
information retrieval and extraction components for various languages. The 
information extraction system (ANNIE) includes a named entity detector. 
http://gate.ac.uk/  
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     NLP tools for social media 

Å Some components of these toolkits were re-trained for social media texts, such 
as the Stanford POS tagger by Derczynski et al. (2013), and the OpenNLP 
chunker by Ritter et al. (2011).  

Å GATE was fully adapted to social media text. A new module or plugin called 
TwitIE https:// gate.ac.uk/wiki/twitie.html is available (Derczynski et al., 2013)  
for tokenization of Twitter texts, plus POS tagging, name entities recognition, 
etc. 

Two new toolkits were built especially for social media texts: 

Å TweetNLP is a Java-based tokenizer and POS tagger for Twitter text (Owoputi et 
al., 2013). It includes training data of manually labeled POS annotated tweets 
(that we noted above), a Web-based annotation tool, and hierarchical word 
clusters from unlabeled tweets. http://www.ark.cs.cmu.edu/TweetNLP/. It also 
includes the TweeboParser mentioned above. 

Å The UW Twitter NLP Tools (Ritter et al., 2011) contain the POS tagger and the 
annotated Twitter data. https:// github.com/aritter/twitter_nlp 

https://gate.ac.uk/wiki/twitie.html
https://gate.ac.uk/wiki/twitie.html
https://gate.ac.uk/wiki/twitie.html
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Semantic Analysis of Social Media Texts (Ch3) 

ÅGeo-location detection  

ÅOpinion mining and emotion analysis 

ÅEvent and topic detection 

ÅEntity linking and disambiguation 

ÅSummarization in social media  

ÅMachine translation in social media   
 

We will discuss some of these in the context of the applications that 
follow. 
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Applications of social media (Ch 4) 

ÅHealth care applications  

ÅFinancial applications 

ÅPredicting voting intentions 

ÅSecurity and defence applications 

ÅDisaster response applications  

ÅNLP-based user modelling 

ÅNLP-based information visualisation for SM  

ÅApplications for entertainment 

ÅMedia monitoring  
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Health care applications  

ÅMany online platforms where people discuss their health: 

ïspecialized forums, for various topics. The language is often 
informal and medical terms can be found, but most of the 
language is lay. Various kinds of information can be 
extracted automatically from such postings and discussions.  

ïOpinions and arguments pro and cons topics such as: 
vaccinations, mammographies, new born genetic screening. 

ÅNeed privacy protection: detection of personal health 
information (PHI) such as names, dates of birth, addresses, 
health insurance numbers.  
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Financial applications 

ÅBehavioral economics studies the correlation between  
public mood and economic indicators, and between 
financial news / rumors and stock exchange fluctuations.   

ÅRecent studies show that  using social media (Twitter, Sina 
weibo, Seeking Alpha) data to automatically measure public 
mood (rather than using expensive traditional polls) can be 
useful in financial applications.  

ïExperiments were run on predicting stock market fluctuations 
for NASDAQ,  New York Stock Exchange, DOW Jones, S&P 500, 
Shanghai Stock Exchange, Turkish Stock Exchange, etc. 
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Predicting voting intentions 

ÅNeed to detect  messages about the desired topic or political 
entities of interest (using keyword search or text classification 
methods). 

ÅThen use opinion detection / sentiment analysis techniques. 

ÅExperiments: 

ïAutomatic opinion polling given a comments written after 
voting, on the SodaHead social polling website. 

ïTjong Kim Sang and Bos (2012) used Twitter data to predict the 
2011 Dutch Senate Election Results.  

ïBermingham and Smeaton (2011) used social media for 
prediction of the 2011 Irish General Election. 

ïSeveral studies on US elections using congress debates,  

    political blogs and their comments, Twitter data, etc. 
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Security and defence applications 

ÅHumans can read only a small part of the user-generated content in 
social media in order to detect possible threats to security and public 
safety (mentions of terrorist activities or extremist/radical texts). 
Automatic methods can detect messages that should be flagged as 
possible threats and forwarded to a human for further analysis. 

ÅForensic data mining for intrusion detection (Mohay et al., 2003) 

ÅMilitary image classification based on text captions and tags. 

Å Information extraction from text. Key phrase search or classification 
of a text as being about a terrorism-related topic or not. 

ÅSituation awareness. CRF classifiers on large amounts of textual 
maritime incident reports, to extract: vessel type, risk type, risk 
associates, a maritime general location, a maritime absolute    
location (latitude/longitude), date and time (Razavi et al., 2014). 
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Security and defence applications (cont.) 

ÅTopic detection in social media texts, Friendsfeed data, using 
multi-level LDA features (Razavi et al., 2013). 

ÅLocation detection from social media texts: Twitter user 
location (Li and Inkpen , 2015)  

ÅEmotion detection from social media texts. Anger and 
sadness detection are of particular interest. Emotion 
classifiers (including anger and sadness) were tested on blog 
data (Ghazi et al., 2010), on LiveJournal data (Keshtkar and 
Inkpen, 2012) and other kinds of social media postings. 
Messages that express anger at high intensity levels could be 
flagged as possible terrorist threats.  

ÅCombine the three aspects! 
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Disaster response applications  

ÅA sudden change in the topics discussed in social media in a region 
can indicate a possible emergency situation, for example a natural 
disaster such as an earthquake, fire, tsunami, or flooding.  

ÅSocial media messages can be used for spreading information 
about the evolution of the situation.  

ÅNew event detection or information about existing events. 

ÅExperiments on tweets:  

ïExtracted info about disaster response actions (Imran et al., 2013) 

ïdeveloped an earthquake detector for Australia and New Zealand 
(Robinson et al., 2013) 

ïdetected reported fires (Power et al., 2013) 
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NLP-based user modelling 

ÅLearn user profiles based on their social media behaviour (all 
the postings of a user). 

ÅModelling ǳǎŜǊΩǎ ǇŜǊǎƻƴŀƭƛǘȅΦ 

ïACL Joint Workshop on Social Dynamics and Personal Attributes 
in Social Media and the hared tasks on Computational Personality 
Recognition 2014 and 2013. 

ïBig Five model: extraversion, emotional stability, agreeableness, 
conscientiousness and openness to experience. 

ÅModelling ǳǎŜǊΩǎ health profile. 

ÅModelling gender and ethnicity. Nationality. Race. 

ÅModelling ǳǎŜǊΩǎ political orientation. 

ÅModelling user's life events. 

ÅaƻŘŜƭƭƛƴƎ ǳǎŜǊΩǎ ƭƻŎŀǘƛƻƴΦ 
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Estimating UserΨǎ Location 
based on the tweets of a user (Li and Inkpen, 2105) 

Å Two objectives: 

1.Classify a user into a state (out of 49) or one of the 4 regions in 
the country.  

2.Produce a pair of latitude/longitude. 

 

Method: 

Å Deep neural models: feedforward neural nets with 3 hidden layers; 
the output layer is different for the two objectives. 

Å Pre-training each hidden layer by treating them as denoising auto-
encoders. 
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Estimating User Locations Dataset 

Å A publically-available dataset from Eisenstein et al. (2010) 

Å 380,000 tweets from 9,500 users, with geographic coordinates in 
the contiguous United States. 
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Estimating User Location Models  
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Estimating User Locations 
Experiments 

Å Baseline models: 

Å Obj. 1: SVM, Naive Bayes. 

Å Obj. 2: Multivariate linear regression (equivalent to our model without 
hidden layers). 

 

Å Pre-training each layer of auto-encoders. 

Å Training the whole neural net by back-propagation. 

Å Updating the parameters by gradient descent. 

 

Å Dataset: 380,000 tweets from 9,500 users:  

60% for training, 20% for validation, 20% for testing. 
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Estimating User Locations 
Results 

Å Objective 1: 
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Estimating User Locations 
Results  

Å Objective 2: 
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Estimating User Locations:  
More experiments: Roller 2014 dataset 

ÅContains 38 million tweets from 449,694 users, all from North 
America.  

Å60% for training, 20% for validation and 20% for testing.   
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NLP-based information visualisation 

Å Information visualisation for social media analysis has become 
important to explore the potential of social media data.  
ïChallenges with the growing availability of big social data. 

ï  Data analytics and visualization tools are needed to represent the 
extracted topics and draw relationships between these elements.  

ÅApplying NLP techniques on social media data give us the 
power of transforming the noisy data to structured 
information  
ïbut it is still difficult to discern meaning by extracting information 

piece by piece.  

ÅThe link inference and visualizing content would make the 
analysed information more apparent and meaningful to 
present to users and decision makers.  
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Visualisation ς Ex. Geo-location detection  

 

Å Geo-location detection from 
social content, such as blog posts 
or tweets, is possible thanks to 
NLP methods. 

Å But the location itself is 
irrelevant. But the projection of 
location on the map, tracking the 
events on specific timeline and 
connecting with other name 
entity and sentiment analysis 
ōǊƛƴƎ ƻǘƘŜǊ ŘƛƳŜƴǎƛƻƴ ŀǎ άōƛƎ 
ǇƛŎǘǳǊŜέ ǾƛǎǳŀƭƛȊŀǘƛƻƴΦ  

Å However, visualization provides 
an intuitive way to summarize the 
information in order to make it 
easier to understand and 
interaction. 
 
 

MediaQ is an online media 
management framework that includes 
functions to collect, organize, share, 
search, and trade user-generated 
mobile images and videos using 
automatically tagged geo-spatial 
metadata.  (Kim et al. 2014) 
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Visualisation ς Big Picture 

ÅKotval and Burns (2013) studied the visualization of 
entities within social media by analysing user needs.  

ÅTo understand user needs and preferences, authors 
developed fourteen social media data visualization 
concepts and conducted a user evaluation of these 
concepts by measuring the usefulness of the 
underlying data relationships and the usability of each 
data visualization concept.  

ÅHowever, they reported a divergence and preferences 
ŦƻǊ άōƛƎ ǇƛŎǘǳǊŜέ ǾƛǎǳŀƭƛȊŀǘƛƻƴ ŀƳƻƴƎ ǳǎŜǊǎ. 
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Applications for entertainment 

ÅMedia and entertainment industry has a big challenge 
facing social media 

ÅSocial media are changing ǳǎŜǊǎΨ ŜȄǇŜŎǘŀǘƛƻƴǎ and their 
behaviour 

ÅNew approaches toward content creation, distribution, 
operations, technology, and user interaction 
ïby online video, social media and mobile media to bring 

the information to the user and interact with them 

ÅSerious issue: Since advertisers spend less on 
traditional paid media and require more resources for 
digital social media and e-marketing. 
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ÅIŀǊǊȅ tƻǘǘŜǊΩǎ 
Facebook page 
recorded nearly 29 
Ƴƛƭƭƛƻƴ άƭƛƪŜǎέ ŘǳǊƛƴƎ 
the run up to 
unveiling of the last 
film in the series.  
 
ÅIn the week leading 

to the July premiere, 
IŀǊǊȅ tƻǘǘŜǊΩǎ 
Facebook page 
gained nearly 
100,000 Facebook 
friends per day.  

 
http:// www.mediaweek.co.uk/article/1082526/sector-
analysis-cinema-gears-social-networks 
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Entertainment - Social gaming, PR 

ÅSocial gaming: Microsoft and Sony have made 
integrated video sharing a focus point of their next 
generation consoles.  
ÅPublic relations agencies: The traditional methods of 

sending out press releases and waiting for the media to 
write about their event  
ÅSocial sharing press releases and creating social 

campaigns around customer case studies, publishing 
short videos on YouTube and choosing the best quotes 
to share on Twitter or Facebook 
ÅJournalists rely heavily on Twitter, Facebook and other 

social media platforms to source and research stories. 
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Entertainment - Sentiment analysis 

ÅSentiment analysis of Major events such as the Oscars 
ÅSentiment related to the movies premium  
ÅSinha et al. (2014) studied the Sentiment Analysis of 

Wimbledon Tweets by analysing a set of tweets of the 
wƻƎŜǊ CŜŘŜǊŜǊ ŀƴŘ bƻǾŀƪ άNoleέ 5ƧƻƪƻǾƛŎ ǎŜƳƛŦƛƴŀƭǎ 
match at Wimbledon 2012.  
ïIn the absence of textual metadata for annotating videos, 

they assumed that the live video coverage of an event and 
the time correlated textual microblog streams about the 
same event can act as an important source for such 
annotation.  
ïThe intensity of sentiment is used to detect peaks of 

sentiments towards players as well, and can tag best 
moments in the game. 
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Entertainment - movie and TV prog ranking  

ÅThe trusted measurement 
of movie and TV programming ranking is one of the 
important indicator regarding the popularity of a program 
or a movie in the entertainment industry.  

  For example, Netflix, uses the popularity of a  
  movie on Facebook as a proposed feature for  
  consumers.  

ÅPredicting TV audience ratings (Hsieh et al., 2013) , using 
the back-propagation Network and the number of posts, 
likes, comments and shares on the fan pages of various TV 
dramas to try to find their relationships to ratings.  

ÅTheir result showed that using Facebook fan page data to 
perform ratings forecasts for non-broadcast programs 
should be feasible. 
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Privacy in social media (Ch5) 

ÅSocial media plays an important role in 
interactive relationships between 
individuals, organizations and societies.  
ï Content shared in social media has an impact on 

privacy for end-users.  

ÅPublished information can also present 
some difficulties when circumstances 
change. 

ÅDiscussions and concerns about privacy 
regarding user misunderstandings, the bugs 
on development of social media platforms 
allowing unauthorized access, or lack of 
ethics in marketing.  
ï Some privacy research focuses on concerns about data 

protection by establishing metrics, such as privacy scales, for 
evaluating those concerns (Wang et al., 2013).  

ï However, there is little guidance or research study on how to 
protect information (ex. privacy in healthcare) 
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Democracy in social media (Ch5) 

Å Social media revolutionize liberal democracies and human rights.  
ï political community and express democratic values for liberals, progressives, 

moderates and independents. 

Å In 2009, the Washington Times[1]named LǊŀƴΩǎ ¢ǿƛǘǘŜǊ ǊŜǾƻƭǳǘƛƻƴ ǘƻ ǇǊƻǘŜǎǘ ŀƎŀƛƴǎǘ 
the rigged election in Iran and required permissions and news coverage. The Iranian 
election protests was a series of protests following the 2009 Iranian presidential 
election against the disputed victory of Iranian President Mahmoud 
Ahmadinejad and in support of opposition candidates Mir-Hossein 
Mousavi and Mehdi Karroubi. #iranelection.  
ï After resident !ƘƳŀŘƛƴŜƧŀŘΩǎ ǾƛŎǘƻǊȅΣ in many different cities around the world, Iranian 
ǇǊƻǘŜǎǘŜŘ ŀƎŀƛƴǎǘ ǘƘŜ άǎǘƻƭŜƴ ŜƭŜŎǘƛƻƴΦέ !ƭǘƘƻǳƎƘ Ƴŀƴȅ ǎǳǇǇƻǊǘŜǊǎ ƛƴŎƭǳŘƛƴƎ LǊŀƴƛŀƴ-
Americans were not even eligible to vote, changed their Facebook profile picture to 
ά²ƘŜǊŜ ƛǎ aȅ ±ƻǘŜΚέ 

Å In view of recent mobilizations, social media has played a key role in the Arab Spring 
(2010-2012), which referred to the large-scale conflicts in Middle East and North 
Africa 

Å in Canada Printemps érable (Maple Spring) 2012, which was a series of protest and 
widespread student strikes against the provincial government in Quebec. Many 
researchers study the long-term evolution of US and European political systems via 
social media networks. 

[1] http://www.washingtontimes.com/news/2009/jun/16/irans-twitter -revolution/ 
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Automatic Event Detection, Tracking, 
and Monitoring in Social Media 


