Wherever there are sensations, ideas, emotions,
there must be words.

Swami Vivekananda

This is a talk on ‘Sentiment Analysis’ by Aditya Joshi
All images in this presentation are from Wikimedia Commons.
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Smile of Mona Lisa

Is she smiling at all?

Is she happy?

What is she smiling about?

What is she happy about?

Mona Lisa

16th century
Artist: Leonardo da Vinci



Sentiment analysis (SA)

Task of tagging text with orientation of opinion

—

This is a good movie. ‘

—Subjective

This is a bad movie. ‘

—

The movie is set in —

Australia. —Qbjective
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Turing Test & Sentiment-aware
computers

be able to identify if (s)he
is talking to a human or a

computer LJQ = -pJ

2
Goal: The human must not @ 4
. Q
A B

Sentiment-aware computers Q

are a step towards a -
Human: “My pet died last night.”

successful Turing test. Agent:

Piccard (2000) “Okay. Thank you for your
information.”

“Oh, that’s sad to know.”



Terminology/Jargon

Sentiment Analysis
Opinion Mining
Sentiment detection

Emotion Analysis
Affective computing
Affect analysis

Positive / negative

Happy/Sad/Angry/Surprise
d/Afraid...



Challenges of SA

Domain dependent
Sarcasm

Thwarted expressions
Negation

Implicit polarity
Time-bounded

“This phone allows me to send
\Y7A Y

“This phone has a touch-screen.”



Flavours of SA

Subjective/Objective
Emotion analysis

SA with magnitude
Entity-specific SA
Aspect-specific SA
Perspectivization

“The Leftists were arrested

yesterday by the police.”




Opinion on the Web

Does web really contain sentiment-related
information?

Where?
How much?
What?




User-generated content

Web 2.0 empowers the user of the internet

They are most likely to express their opinion
there

Temporal nature of UGC: ‘Live Web’
Can SA tap it?



Where?
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Conversations between

e User conversations users on one of the above




Reference : www.technorati.com/state-of-the-blogosphere/

How much?

Size of blogosphere
— Through the ‘eyes’ of the blog trackers

Technorati : 112.8 million blogs (excluding 72.82
million blogs in Chinese as counted by a
corresponding Chinese Center)

A blog crawler could extract 88 million blog URLs
from blogger.com alone

12,000 new weblogs daily



Reference : http://www.ebizmba.com/articles/social-networking-websites

How much?

e 12,22,20,617 unique visitors to facebook in

December 2009
 Twitter:
2,35,79,044

Content of Tweets

174 2 .

B News
B Spam

Self-
Promaotion

B Pointless
Babble

B Controversial

751

M Fass Along
Value

Kelly, Ryan, ed. (2009-08-12), "Twitter Study - August 2009" (PDF),
Twitter Study Reveals Interesting ResultsAbout Usage, San Antonio,
Texas: Pear Analytics. http://www.pearanalytics.com/wp-content/
uploads/2009/08/Twitter-Study-August-2009. pdf



What? Reviews

Restaurant reviews (now, for a
variety of ‘lifestyle’
products/services)

www.burrrp.com

www.mouthshut.com

A wide variety of reviews

www.justdial.com

www.yelp.com

Professionals: Well-formed

WWW.zagat.com User: More mistakes

www.bollywoodhungama.com /‘

WWW. | ndya .Com \ Movie reviews by professional

critics, users. Links to external
reviews also present



http://www.burrrp.com/
http://www.mouthshut.com/
http://www.justdial.com/
http://www.yelp.com/
http://www.zagat.com/
http://www.bollywoodhungama.com/
http://www.indya.com/

A typical Review website

== houthShut India w Select Your City w Help | Invite Friends | Sign Up |Log In
&

. .
M (iE)UTHSHUTCﬂH Search: |Type the name of product / memt| | Product b |:|

Automobiles ~ | Books | Computers | Electronics -~ | Entertainment - | Fashion ~| Food & Orinks - | Health & Beauty - | Personal Finance = | Travel ~| More -

< FREE SIGN UP CATEGORIES (=l REVIEWS DIARIES = pHOTOS 1 POST A DIARY '-L. FRIENDS = WRITE A REVIEW
Home = Education = Colleges: By State = Maharashtra Colleges = Bombay Colleges = 1T - Bombay = buntyQ07's reviews
Ads by Google Jobs Bangalore India Mit s LT PG Diploma Pune Bangalore Girls Cheap Car Rentals

IIT - Bombay Review

T e cument Review Read All 5 Reviews | Compare All Engineering Colleges | Corporate Blog

Great place to be in... About bunty007
By bunty007 | Jun 22, 2006 04:50 PM
Hame: ‘ivek Sharma
Academic Programs: sHEmEmEms Mermber's Rating: 0 90 % W X . views complete profile &
Administration: i —— ] Member's Recammendation: No
Extracurricular Programs; s s sim EFWE?ES- .
Alurmni Metwork: e Read 802 fimes e b
. 5 hers Trusted by: 11 members
Fated by 5 mem
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80% rmermbers 2 2 i'g' Alert on newy revieny by this member
Write your own review £3 SHARE THIS REVIEW
ST e TS T T T TS S e e e B e e e e e momsiznent my fabulous 4 years of ife T T
in there and | assure one and all of you this is the place to be in. Rate this review
Let's start with how it feels to be in there. Far this | would like to describe my first week in there. (Earn 5 M3-Points™ by rating reviews)
Ads by Google This was the first time | was in Bombay. . date: 16th July 2001, My heart was

beating like anything when | reached the main gate and s@qﬁ\pﬁ@gﬁssmmwomouthsh ut.com

Fhawvrnlot ©nark fate with the motto Gyaanam Param Dhavaam. | was entice t



Sample Review 1
(ThIS, Y PR E S [ 1) Ji- D |

‘Touch screen’ today signifies

FLY E300 is a good mobile which i purc a positive feature. this Brand

is not familiar in Market as well kno Will it be the same in the future? EUEEls
of features

he feature of came
is not apt for you.. £

Sony ericssoRwas excellent wit

lease excuse. .
P The confused conclusion

Audio is not bad, infact better than Sony Ericss

FLY is not user frighdly probably sinc

e have just started to use this Brand.

From: www.mouthshut.com



Sample Review 2

| have Haier phone.. It was good when i was buing this
phone vented A lot of bad features by this phone

is very bau-,, 0 -
People can’t understand this gy

features in this phone, Desig Lack of punctuation marks,
bad..So I’'m not intrest this si Grammatical errors

it is good. They are giving mc
are also good.They are giving colour screen at display time it
is also good beca hones aren’t this type of
feature.lt is als@ low wait.

Wait.. err.. Come again

F ro n SR



Sample Review 3
(Subject-centric or not?)

| have this personal experience of using this cell phone. | bought it one and half years back. It
had modern features that a normal cell phone has, and the look is excellent. | was very
impressed by the design. | bought it for Rs. 8000. It was a gift for someone. It worked fine for
first one month, and then started the series of multiple faults it has. First the speaker didnt
work, | took it to the service centre (which is like a govt. office with no work). It took 15 days
to repair the handset, moreover they charged me Rs. 500. 1hen atter 15 days again the mike
didnt work, then again same set of time was consumed for the repairs and it continued. Later
the camera didnt work, the speakes were rubbish, it used to hang. It started restarting
automatically. And the govt. office had staff which | doubt have any knoledge of cell
phones??

These multiple faults continued for as long as one year, when the warranty period
ended. In this period of time [ spent a conS|dera5|e amount on the petrol, a lot of time (as
the service centre is a govt. office). And at last the phone is still working, but now it works as
a paper weight. The company who produces such items must be sacked. | understand that it
might be fault with one prticular handset, but the company itself never bothered for
replacement and | have never seen such miserable cust service. For a comman man like me,
Rs. 8000 is a big amount. And_| spent almost the same amount to get it work, if any has a
good suggestion and can gude me how to sue such companies, please guide.

For this the quality team is faulty, the cust service is really miserable and the worst
condition of any organisation | have ever seen is with the service centre for Fly and Sony
Erricson, (it’s near Sancheti hospital, Pune). | dont have any thing else to say.

From: www.mouthshut.com



Sample Review 4
(Good old sarcasm)

“I've seen movies where there was practically no
plot besides explosion, explosion,
catchphrase, explosion. I've even seen a movie
where nothing happens. But White on Rice
was new on me: a collection of really
wonderful and appealing characters doing
completely baffling and uncharacteristic
things.”

Review from: www.pajiba.com




What? Comments

* Two types of comments:

— Comments about the article/ blogpost:
* Very well-written indeed...

— Comments about the topic of the article:

* | agree with you.. | used to love **’s movies at a point of time
but these days all he comes out with is trash. <Often leads to
a conversation>

( - Comments about the blogger:

* If you think Shahid Kapoor is ugly, go buy glasses. While you
are at it, buy yourself a brain too

)
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Lexicons

e SentiWordnet (SWN)
 Linguistic Inquiry and Word Count (LIWC)

excellent extravagance
Over-the-top

poor pathetic

blunder
fabulous

worthwhile
functional

illegal disaster



SentiWordnet (SWN)

 Maximum of triple score (for labeling)

* Difference of polarity score (for semantic
orientation)

.
Sl Diff(P,N) = - 0.625
N = O’.625, Negative

O0=0.375




Construction of SWN

ced words

The sets at the end of kth step are called Tr(k,p) and Tr(k,n)
Tr(k,0) is the set that is not present in Tr(k,p) and Tr(k,n)



Building SentiWordnet

e Classifier combination used: Rocchio (BowPackage) &

SVM(LibSVM)
* Different training data based on expansion
* POS —NOPOS and NEG-NONEG classification

e Total eight classifiers

* Score Normalization



Linguistic Inquiry &Word Count
(LIWC)

Core dictionary of 4500 words and word stems (e.g.

happ™*) organized in 4 categories
Psychological

processes

Words dealing with
affect and opinion

713 words \ 915 words
Cognitive processes Affective processes

Linguistic processes

Pronouns
Prepositions
Conjunctions

Speaking processes

Interjections Tentative (possible) Positive emotion
Fillers (“hmm”, “oh”) Certainty (definitely) Negative emotion
Inhibition (prevented) Anxiety
Anger
Personal concerns
Sadness

Words related to work,
home, etc.




Creation of LIWC

Define
Category Scales

Populate
\ERIVELILY,

e Determine categories

e Determine how they can be grouped
into a hierarchy

J

e Manual evaluation by three judges

e For each word, decide whether or not a
word should be placed in this category
or moved higher up in the hierarchy

~

J




LIWC

ANEW &
ANEW for
Spanish

EmolLexi

WordnetAff
ect

Chinese
emotion
lexicon

Trends of Lexicons
S [approsch | Labels | Keytakeaway

Manual

Manual

Manual

Semi-
supervised
Semi-
supervised

Hierarchy of
categories

Valence,
Arousal,
Dominance

Five emotions

Affective labels

Five emotions

Decide hierarchy of categories; have
judges interacting with each other

ScanSAM lists; have a set of annotators
annotating in parallel

Use crowd-sourcing. Attention to quality
control.

Annotate a seed set. Expand using
Wordnet relations.

Annotate a seed set. Expand using
similarity matrices
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A rule-based SA engine

C-Feel-IT

¢ how thev feel abt 1t!

Developed by CFILT, IIT Bombay

O Wersion 1
) Version 2

0 Version 3

C how they feel

Aditya Joshi, Balamurali A.R>, Pushpak Bhattacharyya and Rajat Mohanty, C-Feel-it:
A Sentiment Analyzer for Micro-blogs (demo paper), Annual Meeting of the
Association of Computational Linguistics (ACL 2011), Oregon, USA, June 2011.



http://www.cse.iitb.ac.in/~pb/papers/acl11-demo-cfeelit.pdf
http://www.cse.iitb.ac.in/~pb/papers/acl11-demo-cfeelit.pdf
http://www.cse.iitb.ac.in/~pb/papers/acl11-demo-cfeelit.pdf
http://www.cse.iitb.ac.in/~pb/papers/acl11-demo-cfeelit.pdf
http://www.cse.iitb.ac.in/~pb/papers/acl11-demo-cfeelit.pdf
http://www.cse.iitb.ac.in/~pb/papers/acl11-demo-cfeelit.pdf
http://www.cse.iitb.ac.in/~pb/papers/acl11-demo-cfeelit.pdf
http://www.cse.iitb.ac.in/~pb/papers/acl11-demo-cfeelit.pdf

Challenges with tweets

Tweets as opposed to blog posts/reviews:
e Short: Unstructured/grammatically incorrect
* Links, smileys

e Extensions of words (‘haapppyy’ for ‘happy’)
e Contractions of words (‘abt’ for ‘about’)



Architecture

I::_JI> Word extension

Sentiment
Lexicon-hased |:>pred‘|ct‘|on
sentiment

handler predictor

if no emoticon

Sentiment

I i = - .
Chatlingo |I> Emoticon-based |:>pred|ct|0n

e sentiment
normalization *
predictor

Tweet Preprocessing



Resources used

eSentiWordNet (Andrea & Sebastani,2006)
eSubjectivity clues (Weibi et al, 2004)
eTaboada (Taboada & Grieve, 2004)
e|nquirer (Stone et al, 1966)



A ML-based SA engine

Pang, Bo, Lillian Lee, and Shivakumar Vaithyanathan. "Thumbs up?: sentiment
classification using machine learning techniques." Proceedings of the ACL-
02 conference on Empirical methods in natural language processing-
Volume 10. Association for Computational Linguistics, 2002.



Goal

* Predicting reviews as positive or negative on
the document level

* Simple ML-based classifiers
— Term presence/Term frequency
— Unigram/bigram
— Adjectives



Results

Features # of frequency or NB ME
features presence?

(1) unigrams 16165 freq. 78.7 | N/A
(2) unigrams " pres. 81.0 80.4
(3) | unigrams+bigrams | 32330 pres. 80.6 80.8
(4) bigrams 16165 pres. 7T. TT.4
(5) unigrams+POS 16695 pres. 81.5 80.4
(6) adjectives 2633 pres. 77. TT.T
(7) | top 2633 unigrams 2633 pres. 80.3 81.0
(8) | unigrams+position | 22430 pres. 81.0 80.1




Reference : [Pang-Lee,2004]

Subjectivity detection

* Aim: To extract subjective portions of text
e Algorithm used: Minimum cut algorithm

sitbjective
n—sentence review sentence? m-—sentence extract
(m<=n)

positive or negative
review?

sl

.5

3 @ —— no = ge
EEg—=+-

“ o g 283

yes

subjectivi
detector

-

\— subjectivity extraction J




Reference : [Pang-Lee,2004]

Constructing the graph

ndividual Scores Prediction whether two

e Association scores sentences should have

the same subjeqIEARA€TY

sub

(e a e [ fG =) e i (j—i) < T
assoc(si, 55) = { 0 otherwise.
: : -
T : Threshold — maximum distance upto
which sentences may be considered
proximal
f. The decaying function

I, ] - Position numbers



Reference : [Pang-Lee,2004]

Constructing the graph

Build an undirected graph G with vertices {v1,
v2...s, t} (sentences and s, t)

Add edges (s, v;) each with weight ind,(x;)
Add edges (t, v;) each with weight ind,(x,)

Add edges (v, v,) with weight assoc (v, v,)

Partition cost:

Z indy(x)4+ Z indy (x)4+ Z assoc(x;, Ty ).

Te C 1 re C! 2 I - C_:‘_]_ s
rreCs




Reference : [Pang-Lee,2004]

Example

Y |
ind (Y) 8] e indyY) 2]
e .l assoc(Y,M) [1.0 assoc(Y,N) [1]
g ind (M)[.5] M -~ ind (M) [.5]‘"? y
assoc(M,N)[.2] | -
. ) s Sample cuts:
ind(N) [.1] P _ind(N) [9]
N s ' Individual Assoclation Cost
penalties penalties
{Y.M} 24541 14 .2 1.1
(none) S4+54+1 0 1.4
{YMIN} | 24549 0 1.6
{Y} 24+54+.1 104.1 1.9
{N} S8+54+9 14+ .2 2.5
{M} S8+54+1 1.04+.2 2.6
{Y.N} 24+.54+9 104.2 2.8
{M.N} S8+54+9 104.1 3.3




Emotion
classification
of blogs

Rule-based
system that
extracts
“emotion-
evoking”
events

Rule-based
system using
emoticons and
lexicons

Trends

Emotion

classification

SemEval 2007:
Affective text

Statistical
system using
“emotion-
evoking”
events

of news
headlines

Emotion
classification
of emails

Emotion
classification
of tweets
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Branches of SA

Cross-domain SA
Cross-lingual SA
Aspect-specific SA
Opinion Summarization
Sentiment-aware MT

Can SA help MT?

Translate this word:




Applications of EA

Email clients that Chat clients that tell
tell you who the Dialogue systems you how your friend

angry customer is that are more is feeling
“human” because

An Al teacher who they understand
understands mood emotion
of her students

Monitoring emotions
for mental heath
JEHELS




Why mental health?

* Mental health issues pose risk to lives and
wellness of millions of people

* “Everyone is susceptible”. Thompson et al
(2014) talks about suicide risks in military
officials.



Mental health and Emotion Analysis

 Can emotion analysis be used to predict or assess
mental health risks?

* The first confluence of mental health
practitioners and NLP researchers was held in ACL
2014: 1st Workshop on “Computational
Linguistics and Clinical Psychology — From

Linguistic Signals to Clinical Reality” collocated
with ACL 2014



Goal

How do | implement a mental health
monitoring system for some illness X?

Train: A labelled dataset

Test: Predict health risk of illness X for a set of
unlabeled textual units



A Recipe for Implementing Mental
Health Monitors

Step 1: Get data
Step 2: Decide your goal
Step 3: Obtain inputs from clinical psychology

Step 4: Implement the desired classifier/topic
model



Step 1: Get data

 As NLP researchers, we look at forms of
written text that can be used for health risk
signals



Datasets (1/2)

Medical Transcripts

(“Doctor, | had a severe pain in my head when | woke up this morning....”)

Audio transcripts

Thompson et al (2014) use medical transcripts of military officers talking to
therapists as a part of Durkheim Project. Output labels are:
contemplating suicide, attempted suicide and not contemplating
suicide.

Chat transcripts as in Howes et al (2014)

Experience Descriptions

(“l used to be low on Friday evenings. That was strange!..”)
Discussion Forums

Jiet al (2014) use data from Aspies, a discussion forum which is used by
autism patients and their family members and caretakers.




Datasets (2/2)

Written communications

(“Don’t you dare to...”)
Threat notes

Glasgow et al (2014) use datasets containing threat notes sent to judges.

Social media!

(“can’t sleep.. Feeling so low tonight.”)

Tweets
Coppersmith et al (2014) use tweets of people who have “mentioned” their
psychological illness in their tweets.




Step 2: Decide your goal

Do you wish to...

Predict the risk of an individual to a given mental
iliness? Classifier

Analyze aspects of a given illness? Topic Model



Step 3: Obtain inputs from clinical
psychology

 Parameter: What are the typical traits of the
mental health issue being considered?

* How it helps: Engineering features on the basis of
these traits

Orimeye et al (2014) predict Alzheimer’s disease using medical
transcript data. Morphemes are used as features. Why?

Caines et al (2014) aim to identify linguistic impairments using
disfluency features.



Step 4: Implement the desired system

We discuss in detail two works:

1) A classifier that predicts linguistic
impairments due to progressive aphasia

2) Assessment of discussion forums about
autism using an author-topic model



Step 4: Implement the desired system

We discuss in detail two works:

1) A classifier that predicts linguistic
impairments due to progressive aphasia

2) Assessment of discussion forums about
autism using an author-topic model



Classifier that predicts progressive
aphasia Fraser et al (2014)

* Primary progressive aphasia (PPA) is
characterized by linguistic impairment without
other notable impairments.

* Two subtypes of PPA:

— Semantic dementia: Fluent but spared grammar and
syntax, etc.

— Progressive non-fluent aphasia: Reduced syntactic
complexity, word-finding difficulties, etc.

* Output labels: SD, PNFA, Typical



Dataset

* 24 patients with PPA and 16 typical individuals
were selected.

* Given a topic, say, describe the story of
Cinderella, and their speech was recorded and
later transcripted



Features in the classifier

POS features: # adjectives, nouns, etc.
Complexity features: Depth of parse tree, etc.
CFG Features: Average phrase length, etc.

Fluency features: Indicators for “umm’”s, etc.

Psycholinguistic features: Age of language
acquisition, etc.

Acoustic features: Jitters, pause, etc.
Vocabulary richness features



Results

, SD vs. PNFA vs.  SD vs.
Feature set controls  controls PNFA
All 963 931 708
Acoustic 78 862 167
Psycholinguistic ~ .963 124 708
POS 963 .690 375
Complexity .852 621 667
Fluency 667 828 500
Vocab. richness 481 586 583
CFG .630 .690 .792




Step 4: Implement the desired system

We discuss in detail two works:

1) A classifier that predicts linguistic
impairments due to progressive aphasia

2) Assessment of discussion forums about
autism using a author-topic model



Assessment of topics in Autism
communities Ji et al (2014)

* Aspies Central Forum is a discussion forum
where individuals with autism and their
family, practitioners write on these forumes.

* Goal: Discover topics that these users talk
about on the forum

* A topic model based on LDA was proposed



Proposed topic model




Qualitative Evaluation

Following topics were discovered:
— weed marijuana pot smoking fishing
— empathy smells compassion emotions emotional
— relationship women relationships sexual sexually
— classroom campus tag numbers exams
— yah supervisor behavior taboo phone
— depression beleive christianity buddhism becouse



Some web applications

* Spans blogs, social media, news media reports

&

43% Positive + 50% Neutral + 7% Negative

Age Demographics Gender Demographics Country Demographics

Snapshot: Sysomos



Conversation analysis

* Tracking conversation on social networking
sites

bathYDP People Alerts Connect  Subscriptions

Search Results for "satanic kittens' S satanic kittens A
Comments
Displaying 1 - 7 of 7 comments: CREATE AN ALERT
) How often
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.
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forces managed to surround the Satanic Legion, they were stymied by swarms [...] conquer the somewhat

less-wel-defended Plane of Unicoms, Kittens, and Puppies, _Youf o-n_yall_

Reply Original | Permalink - Share | Twoet
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Yary ) a ¢ Sirou u v -3 eess 200 (Crute \
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Israell ProduceNaz IDF [...] Phosporous25,000 Flee To UN Schools, Homes DestroyedStomping Kittens -
Trapped In A Boxlsraeli Bioodiust Genocide In GazaFire [...] FEEDS

Roply Original | Pormatnk | Share | Twoot
& Search Results

J.T. Wilson on Cheap Stingy Bargains 13 woeks ago @
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the kittens. (3 Install Search Piugin

L T

~ Snapshots: Backtype



Mood analysis

Real-time updation of moods w. r. t. a topic

Changes in “"hopeful” over the last 16 days

(c) MoodYiews.con
9 = —~ 350

“7 \; LEM ey
dh) A W | .

{ i
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Semantic search

e Sentiment search API by Evri
e Claims to allow deeper answers like “who”, “why”

l Vibology Meter Sending vibes >> Receiving vibes <<
Barack Obama sending 42% positive vibes and 58% negative vibes.
58(y0 Explore sentiments
by Barack Obama

Positive vibes about Negative vibes about about other things.
[Anything] [Anything] .
ObamaGiri GOP Explore sentiments
France Rush Limbaugh by other things about
Bo ACLU Barack Obama.
Michele Obama Al Zawahiri
Gary Locke Israel




A zeitgeist

Understanding the ‘climate’

Buzzing right now I

13:13:34
ate benefits billion boot buddy cal camp cbs cent c?\ance channel
conrad covers cream crew cross culs dangerous david deals

dow duke eyes failedfaz freezing fry
gad get graduate guilty heaven hun intense

interactive Intel'est jealous jones joumey klndle mentioned

mistake msn msnbc nlghtS oprah organized passed peep pet

plug pOIItlcal prayers professor quiet realized remix robert

rocking r Udd save stuffed stupid sum tempted tongue

toxic tumed miters voling  wire

Snapshot: Twitscoop



... and many more

m. 'I'ttE.-!r tieets within of

Zimple. It's atwitter rmonitor, it lets yvou "maonitter the twitter
world for a set of keywards and watch what people are saying.
Caal huh?

PO oy | [,
& runuuw

#omgfacts

L anywhere | By

RT @0OMGFacts Whispering is mare wearing on Your voice
than speaking in a normal tone. #Fomgfacts

KellyAPottebaom 12:01

#0mgFacts ImWwatch Home Alone On TBE Who Else Watchin
This Lol | Fkin Love This Movie #realtalk

chrisiinawaiia i2:

ACY STATEMENT

Just type three wards into the three search boxes below

#TigerWoodsWife

. anywhene iy

ok im done Shout out 1o #TigenvoodsWife far my
followers lal

ADLovelace 12:01

RT &@THEREALD|CLUE: #Tigertoodsiife is starring
sequel "Obssessed 2" Alongside Bevonce.

aiiyricemariin iZ:




Standard datasets for SA

— Congressional floor-debate transcripts

http://www.cs.cornell.edu/home/llee/data/convote.html

— Cornell movie-review datasets

http://www.cs.cornell.edu/people/pabo/movie-review-data/

— Customer review datasets

http://www.cs.uic.edu/~liub/FBS/CustomerReviewData.zip

— Economining

http://economining.stern.nyu.edu/datasets.html

— MPQA Corpus
http://www.cs.pitt.edu/mpqga/databaserelease

— Multiple-aspect restaurant reviews

http://people.csail.mit.edu/bsnyder/naacl07

— Review-search results sets

http://www.cs.cornell.edu/home/llee/data/search-subj.html

— Saif Mohammed'’s lexicons

http//www.saifmohammed.com
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SA-aware IR

Controversy detection
Mood monitoring

Opinion Spam

Sarcasm detection
Mental health applications

Opinion Summarization

Summari
zation

Comparative
sentences

Implicit sentiment

Lexicon
generation

Aspect-specific SA

Automatic
Aspect-sentiment
discovery

Automatic

Semi-Automatic

SA: The World Within

Yet only a subset

Sentence-specific SA

Cross-domain SA

Sentiment-
aware
translation

SA approaches

Feature
Engineering
Conditional

sentences
Indian lang. SA

Goal-specific SA

Cross-lingual SA

thank you.

Aditya Joshi
adityaj@cse.iitb.ac.in
WWW.cse.iitb.ac.in/~adityaj
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