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Introduction |

A Over the last few years, RIS ITTATFE
there has been a growi .‘
public and enterprise
Interest in sociamedia

A Interests: the ability for & et
users tocreate and shar¢ <
content via a variety of
social media platforms AL
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A Theunprecedented volume and variety of
usergenerated contentas well as theiser
Interaction network

A Newopportunities for understanding social
behavior and building socialBware systems.
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What i1s a Social Network

A ASOCIAL STRUCTUREe up of
I a setof actors (such as individuals or organizatiafas)
I the relationships/interactions betweethese actors

A Social network perspective: to model the structure of a
social group

I howthis structure influencesother variables
I how structures changever time




Social media platforms and their characteristics:

<lelolzIg[Ee10 G A social networking website allows the user to build a we MySpace Facebook,
page and connect with a friend or other acquaintance in LinkedIn, Meetup, Google Plus+
order to share usegenerated content.

Blog and Blog A blog is an online journal where the blogger can create i Huffington Post, Business
Comments content and display it in reverse chronological order. Blog Insider,Engadgetind online journals
are generally maintained by a person or a community.

Blogcomments are posts by users attached to blogs or

online newspaper posts.

Microblogging A microblog is similar to a blog with a limited post in the Twitter, Tumblr,
form of multimedia and other content. Plurk

Forums An online forum is a place for members to discuss a topic Online Discussion Community, phpBI
posting messages. Developer Forums, Raising Children

- forum

Social Services that allow users to save, organize and search lir Delicious, Pinterest, Google Bookmal

Bookmarking to various websites, and to share their bookmarks of wek
pages.

Wikis These websites allow people to collaborate and add cont Wikipedia, Wikitravel\Wikihow
or edit the information on communitpaseddatabase.

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

VEhIERSE Y A Web site that enables users to capture videos and pictt YouTube, Flickr, Snapchat, Instagram
or upload and share with others vine



Natural Language Processimiethods

A Exemple ofext analysis:
I an articlein the financial section of a newspaper

A Exemples of NLP techniques:

I Information extraction €.g9. person, location,
organizatior)

| categorizatiorandclustering

| automatic summarization

| semanticsearchengine

| statisticalmachinetranslation i




Semantic analysis in socialedia <<~ """

A NLP foisocial media content
i Definition of Semanti@nalysisin SJciaIMedia
(SASM): Linguistprocessing ofocialmedia

messages enhanced wigemantics and mete | NATURAL
datafrom the sociahetworks. LANGUAGE
_ PROCESSING
A Book:Natural Language Processingf,  for
Social Medigupcoming book bytefeh /| -=SOCIAL=:..
Farzindarand Diana Inkperylorgan & " MEDIA-
Claypool Publishers, 20115 .

A WorkshopsEACL 2012,NAACL/HLT 2013, .
EACI2014 i
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CNNMoney 2 CNNMoney - 59m
JUST IN: @ Starbucks is offering free college tuition to its employees. Details:
cnnmon.ie/11E33IU By @ben_rooney
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Semantic Analysis i&ocial Media

A NLP and Social Media (SM)

A Understandstrategic, operational and tactical
intelligence uses of socialedia.

A Developmeniof automated tools and
algorithms for monitoring, capturing, and

analysing big data collected from social medie
for behaviour prediction




- o~
o 4

From Big Data to Intelligence ¢ A

Sharewith users
or Decision
makers

Semantic
Analysis in social
media (SASM)

\

Social Social
media media
Information intelligence

CollectSocial
Media Data

Social
media data

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

[
uOttawa
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Properties ofSocial Mediadata

A Social media datas the collection of Open source
information that can be obtainedublicly 53909

A Key properties: Biie iy %

I Social, Reaime, Geaospatially coded, Emotlor %a
Neologisms, Credibility/rumors

A Nonstructured text in many formats

A Written by different people in many languages and
styles

A Written in everyday language

A Authorsare not professional writers

A Pocketof sources in thousands of places on tinerwv
I

uOttawa




LinguisticPre-processing of Social Medigexts (Ch?2)

A NaturalLanguage Processitampls
I Tokenizers

I Partof-speech taggers
I Chunkersand parsers
I Namedentity recognizers
A Adaptationto social media text
I Textnormalization
I RetrainingNLP tools for social media texts

I Existing\NLP tools for English and their adaptation to social
mediatext

A Multi-lingualityand adaptation to social media texts
I Languagedentification
I Dialectidentification




General NLP toolkits

StanfordCoreNLRJava) include®kenization,PO3agging, named entity
recognition, parsingand careference. http//nlp.stanford.edu/downloads/

Open NLRJava) includes tokenizatiosgntence segmentation, padf-speech
tagging, named entity extraction, chunking, parsing, andeferenceresolution.
http://opennlp.apache.org/

FreeLingncludes tools for English and several other languages: text tokeniza
sentence splitting, morphological analysis, phonetic encoding, named entity
recognition,POSagging, charbased shallow parsing, rulsased dependency
parsing, nominal coeference resolution, etc. http://nlp.Isi.upc.edu/freeling/

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

GATE includes componergschparsers, morphology, PQ&yging, and
Informationretrievaland extraction component®r variouslanguages
Information extraction system (ANNIE) includes a named entity de@n
http://gate.ac.uk uOttawa



NLP tools for social media

Some components of these toolkits weretrained for social media texts, such
as the Stanford POS tagder Derczynski et al. (2012d theOpenNLP
chunkerby Ritter et al. (2011).

GATBwas fully adapted to social mediext. A new module or plugin called
TwitlEhttps:// gate.ac.uk/wiki/twitie.htmlis available(Derczynski et al., 2013)
for tokenization of Twitter textsplus PO$agging, hame entities recognition,
etc.

Two new toolkits were built especially for social media texts

A

TweetNLHs a Javdasedtokenizerand POSagger for Twitter text Qwoputiet
al., 2013)It includes training data of manually labeled POS annotated tweets
(that we noted above), a Webased annotation tool, and hierarchical word
clusters from unlabeletiveets. http://www.ark.cs.cmu.edu/TweetNLP/. dtso
Includes theTweeboParsementioned above

The UW Twitter NLP TodRitter et al., 2011gontain the POS taggengthe
annotated Twitterdata. https// github.com/aritter/twitter_nlp juinng

uOttawa



https://gate.ac.uk/wiki/twitie.html
https://gate.ac.uk/wiki/twitie.html
https://gate.ac.uk/wiki/twitie.html

SemanticAnalysis of Social Medidexts (Ch3)

A Geclocationdetection

A Opinion mining and emotion analysis
A Event and topic detection

A Entity linking and disambiguation

A Summarization in social media

A Machine translation in social media

We will discuss some of these in the context of the applications that
follow. P

P

I

uOttawa
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Applications of social mediaGh4)

A Healthcare applications

A Financiabpplications

A Predictingvoting intentions

A Securityand defence applications
A Disasterresponse applications

A NLPRbasedusermodelling

A NLPRbased information visualisation for SM

A Applicationdor entertainment
A Mediamonitoring

uOttawa



Health care applications

A Manyonline platforms where people discuss the&alth:

I specializedorums, for various topics. The language is ofter
Informal and medicalerms canbe found, but most of the
language is lay. Various kinds of information ban
extractedautomatically from such postings adgscussions.

I Opinions and arguments pro and cons topics such as:
vaccinationsmammographiesnew born genetic screening.

A Need privacy protectiordetection of personal health
Information (PHJsuch as names, dates of birth, addresses,
health insurancenumbers




Financial applications

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

A Recentstudies show that using social medfwitter, Sina
weibo, SeekingAlpha) data to automatically measure public
mood (rather than using expensive traditional polls) ban
useful in financiahpplications.

I EXxperiments were run on predicting stock market fluctuations

for NASDAQNew York Stockxchange, DOW Jones, S&P 500,
Shanghai Stock Exchangerkish Stock Exchange, etc.




Predicting voting intentions

A Need todetect messagesbout thedesiredtopic orpolitical

entities ofinterest (using keyword seardr text classification
methods).

A Then use opinion detection / sentiment analysis techniques.
A Experiments:

I Automatic opinion pollinggiven acomments written after
voting, on theSodaHeadocial pollingvebsite.

I TjongKim Sang anBos(2012 used Twitter data to predict the
2011Dutch Senatdlection Results

I Berminghamand SmeatonZ011)usedsocial media for
prediction of the2011 IrishGeneral Election.

I Several studies on US elections using congress debat@
political blogs and their comments, Twitter data, etc. yOttawa




Security and defence applications

A Humanscan read only a small part tife usergenerated content in
social media in order tdetect possible threatso securityand public
safety(mentionsof terrorist activities oextremist/radical texts.
Automaticmethodscan detectmessages that should be flagged as
possible threats antbrwarded toa human for further analysis

A Forensic datanining for intrusion detectiorffiMohayet al.,2003)
A Military image classification based on text captions and tags.

A Information extraction frontext. Key phrase search or classification
of a text as being about a terrorismelated topic or not

A Stuation awareness. CRF classifierdarge amounts of textual
maritimeincident reports, to extractvessel typerisk type risk
associates, a maritime general location, a maritime absol

location (latitude/longitude)date andtime (Razavet al., 20145
uOttawa
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Security and defencapplications (cont.) -

A Topicdetectionin social medigexts, Friendsfeediata, using
multi-level LDA featureRazavet al.,2013).

A Location detectiorfrom social medidexts. Twitter user
location (Li and Inkpen , 2015)

A Emotion detectionfrom social medidexts. Anger and
sadness detection are of particular intereStmotion
classifiers (including anger and sadnegsie tested on blog
data(Ghazet al.,2010),0n LiveJournatlata (Keshtkarand
Inkpen,2012)and other kinds of social medmpstings.
Messageshat express anger at hightensity levelcould be
flagged as possible terrorist threats

A Combine the three aspects!

© 2015 Atefeh Farzindar & Diana Inkpen



Disaster response applications

A Asuddenchange in the topics discussed in social mediarégen
canindicate a possible emergency situation, for example a natu
disaster such aan earthquakefire, tsunami, or flooding.

A Sociaimedia messages can be usedd$preading information
about the evolution of the situatian

A Newevent detection or information abouwgxistingevents.
A Experiments on tweets:
I Extracted info aboutlisaster responsactions (Imraret al., 2013)

I developedan earthquakedetector forAustralia and New Zealand
(Robinsoret al., 2013)

I detectedreportedfires (Poweret al., 2013)




NLRbased user modelling

A Learnuser profiles based on their social mebighaviour (all
the postings of a user).

A Modellingdza SNXa LISNARZ2Y I f AGEd

I ACL Joint Workshop on Social Dynamics and Personal Attribute
In Social Media anthe haredtasks onComputationaPersonality
Recognition 2014 an2013.

I BigFive modelextraversion, emotionatability, agreeableness
conscientiousness and opennessierience.

A Modellingdza ShealiEprofile.

A Modelling gender anéthnicity. Nationality. Race.

A Modellingdza Spelfcal orientation.

A Modelling user's lifevents. =
Aaz2RSttAy3d dzaSNXa f 201 (0 Adshud




EstimatingUse™ Bocation
based on the tweets of a user (Li and Inkpen, 2105)

A Two objectives:

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

2.Produce a pair of latitude/longitude.

Method:

A Deep neuramodels: feedforward neural nets with 3 hidden layers;
the output layer is different for the two objectives

A Pretrainingeach hidden layer by treating them denoisingauto-
encoders.




Estimating UsetocationsDataset

A Apublically-availabledataset fromEisenstein et al. (2010)

A 380,000 tweets from 9,500 users, with geographic coordinates in
the contiguous United States.

uOttawa



Estimating UseLocationModels

a4

TECHNOLOGIES
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Estimating User Locations
Experiments

Baseline models:
Obj. 1. SVM, Naive Bayes.

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

To To o

Pretraining each layer of autencoders.
Training the whole neural net yackpropagation
Updating the parameters byradient descent

To Io o

A Dataset:380,000 tweets from 9,500sers:
60% for training, 20% for validation, 20% for testing.

uOttawa
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Estimating User Locations __ .
Results v

A Obijective 1:

Classification Accuracy(%)
Model Region State
(4-way) (49-way)
Geographical topic model 58 24
Mixture of unigrams 53 19
Eisenstein et al. (2010) | Supervised LDA 39 4
Text regression 41 4
K-nearest neighbors 37 2
SDA-1 61.1 34.8
Our models Baseline-Naive Bayes 04.8 30.1
Baseline-SVM 56.4 27.5
P
[

uOttawa
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Estimating User Locations
Results

TECHNOLOGIES

A Obijective 2:

Model Mean Error Distance(km)
Eisenstein et al. (2011) 845
SDA-2 8595.9
Priedhorsky et al. (2014) 870
Roller et al. (2012) 897
Eisenstein et al. (2010) 900
Wing and Baldridge (2011) 967
Baseline-MLR 1268
':,:\\L
[T

uOttawa
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Estimating User Locations:
More experiments: Roller 2014 dataset

A Contains38 million tweets from 449,694 users, all from North
America.

A 60%for training,20%for validation and20%for testing.

© 2015 Atefeh Farzindar & Diana Inkpen

Model Mean Median Acc.
error (km) | error (km) G
Roller et al. (2012) R60 463 34.6
Han et al. (2014) NA 260 45
Han et al. (2014)
using top 3%
features (6420) NA NA 10
SDA-2 733 377 24.2
N
m

uOttawa



NLRbased informationvisualisation

A Informationvisualisation for social media analysis has become
Important to explore the potential of social media data.
I Challengesvith the growing availability of big social data
I Data analytics and visualization tools are needed to represent the
extracted topics and draw relationships between these elements.
A ApplyingNLP techniques on social media data give us the
power of transforming the noisy data to structured
iInformation
I butit is still difficult to discern meaning by extracting information
piece by piece.
A Thelink inference and visualizing content would make the
analysed information more apparent and meaningful g

present to users and decision makers. =
uOttawa




Visualisationc Ex.Gecolocationdetection <. » "o

A Geolocationdetection from
social content, such as blog posts
or tweets, is possible thanks to
NLP methods

A Butthe 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 )
ONAY3I Z2ZU0KSNJI RAYS
LIA Ou dzNBk € ©OAadz f A

Tasks Inquiries  Pending Tasks

A However visualization provides | Screenshots of ez Androld AP
an intuitive way to summarize the MediaQisan onlinemedia
Information in order to make it management framework that includes
easier to understand and functions to collect, organize, share,
Interaction search, andrade usergenerated 2>

mobileimagesand videos using |1
automatically tagged gespatial ;(Ottawa
o205 aeren FAM@tadatac-(Kimet al. 2014)




Visualisationc Big Picture

A KotvalandBurns (2013studied the visualization of
entities within social media by analysing user needs.

A Tounderstand 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 concepit.

A However they reported a divergence and preferences
F2NJ doAT LIAOGdzZNBE . OA & dzl f




Applications for entertainment

A Mediaandentertainmentindustry has a big challenge
facingsocial media

A Social mediarechangingdzd S NE ¥ S Bndi®ed (i |
behaviour

A New approaches toward content creation, distribution,
operations, technology, and useteraction

I by online video, social media and mobile media to bring
the information to the user and interact witihem

A Serious issue: Sincadvertisers spend less on
traditional paid media and require more resources for
digital social media and-marketing.




Al I NNB t 2¢C
Facebook page
recorded nearly 29
YATTAZ2ZY ¢
the run up to
unveiling of the lasi
film In the series.

A Inthe week leading
to the July premiere
| F NNk t 20
Facebook page
gained nearly
100,000 Facebook
friends per day.

RON, | THINK
WE'RE BEING
FOLLOWED...

YEAH I KNOW, [T'S \g
FOLLOW-FOR-FOLLOW F
FRIDAY...

MOST OF THEM
ARE SPAM ACCOUNTS,
THOUGH.

http:// www.mediaweek.co.uk/article/1082526/sector

analysiscinemagearssociainetworks
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Entertainment- Social gaming, PR

A Socialgaming:Microsoft and Sony have made
integrated video sharing a focus point of their next
generation consoles.

A Public relationsagenciesThetraditional methods of
sending out press releases and waiting for the media to
write about their eventg

a

A Sociakharing press refeases and creating social
campaigns around customer case studies, publishing
short videos on YouTube and choosing the best quotes
to share on Twitter oFacebook

A Journalistsely heavily on Twitter, Facebook and other
social media platforms to source and research storjes.

I

uOttawa




Entertainment- Sentiment analysis

A Sentimentanalysis oMajor eventssuch as thé@scars
A Sentimentrelated to the movies premium

A Sinhaet al. (2014 studiedthe Sentiment Analysis of
Wimbledon Tweet$®y analysing a set of tweets of the
wz23ISNJ CSRSNB I Y R2 b2@* @
match at Wimbledon 2012.

I Inthe absence of textual metadata for annotating videos,
they assumed that the live video coverage of an event anc
the time correlated textual microblog streams about the
same event can act as an important source for such
annotation.

I Theintensity of sentiment is used to detect peaks of

sentiments towards players as well, and can tag best
moments in the game m

uOttawa



Entertainment- movie and TVprogranking

A The trusted measurement
of movieand TVprogramminganking is one of the
Important indicator regarding the popularity of a program
or a movie in the entertainment industry.

Forexample, Netflixusesthe popularity of a
N E T FL I x movieon Facebook as a proposed feature for
consumers

A PredictingTV audienceatings(Hsiehet al.,2013) , using
the backpropagation 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.

A Theirresult showed that using Facebook fan page data to

N\

perform ratings forecasts for nebroadcast programs [

_ i
should be feasible.
uOttawa
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Privacyin socialmedia (Chb)

A Socialmedia plays an important role in

Interactive relationships between
iIndividuals, organizations and societies.

I Content shared in social media has an impact on
privacy for eneusers.

Publishednformation can also present
some difficulties when circumstances
change

Discussions and concerns about privacy
regarding user misunderstandings, the b
on development of social media platform
allowing unauthorized access, or lack of
ethicsin marketing.

I Some privacy research focuses on concerns about data

protection by establishing metrics, such as privacy scales, for

evaluating those concern¥\fang et al., 2013

I However there is little guidance or research study on how to [

protect information (ex. privacy in healthcare)

8

P

IN CASE OF FIRE

EXIT BUILDING

BEFORE TWEETING

ABOUT IT

=

J
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Democracyin socialmedia (Ch5)

A Sociamedia revolutionize liberal democracies and human rights.

I politicalcommunity and express democratic values for liberals, progressives,
moderates and independents.

A In 2009, the Washingtofime$namedL N} y Qa4 ¢ oA 0G0 SNJ NBE@2f d
the rigged election in Iran and required permissions and news coveragéranian
election protests waa series of protests following tH#09 Iranian presidential
electionagainst the disputed victory dfanian PresideniMahmoud
Ahmadinejadand in support of opposition candidatésir-Hossein
Mousaviand Mehdi Karroubi#iranelection

i Afterresident KY I RA Y S 2 linRr@sdy diff:feidd dit:d\Naokind the world, Iranian
LNEGSaGSR FaAtAyald GKS aatz2tSy St SO4A2Y d¢

Americans were not even eligible to yote, changed their Facebook profile picture to
42 KSNB A& ae +20SK¢é

A Inview of recent mobilizations, social media has played a key role in the Arab Sprin

(20102012), which referred to the larggcale conflicts in Middle East and North
Africa

A in CanadaPrintempserable(Maple Spring) 2012, which was a series of protest and
widespread student strikes against the provmmal government in Quebec. Many
researchers study the loAgrm evolution of US and European political systems via

social media networks
Al http://www.washingtontimes.com/news/2009/jun/16/iran$witter -revolution/ TIII0




Automatic Event Detection Tracking,
and Monitoring in Social Media
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