Emotion Analysis in Natural
Language




What and why Emotion?
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What is Emotion?

« emotion Is a reaction to
events

changes in multiple
organismic subsystems

 emotion leads to @

(o))
~

Emotion is the conduit that connects our mind to our body







Why Emotion Matters?




My son in law booked us in here and we were very pleased with his
choice.

Check in was smooth and easy.

The hotel is smart, trendy and very well situated for exploring the
city. We went into town virtually every day and most of the town
is walkable even to the castle on the far side of town..

Our rooms were very large with a spacious bathroom complete
with hair dryer. Basic soap and shampoo are provided.

The wardrobe space is a bit limited but we managed.

The room was serviced daily and was kept very clean. There is a
fridge stocked with the hotels items, all chargeable.

There is no facility in the room to make tea or coffee but we
always pack a mini kettle and put some milk in the fridge.

We had breakfast only which was OK but at the peak time on the
weekends, 8.30 ish it was a bit chaotic and they could do with a
second coffee maker.

All in all I would recommend this hotel and would stay there
again.



My son in law booked us in here and we were very with
his choice.

Check in was and :

The hotel is , and for exploring
the city. We went into town virtually every day and most of the
town is even to the castle on the far side of town..
Our rooms were with a bathroom

with hair dryer. The bed is and so are the

The wardrobe space is a bit limited but we managed.

The room was serviced daily and was kept very . There is a
fridge stocked with the hotels items, all chargeable.

There is no facility in the room to make tea or coffee but we
always pack a mini kettle and put some milk in the fridge.

We had breakfast only which was OK but at the peak time on the
weekends, 8.30 ish it was a bit chaotic and they could do with a
second coffee maker.

All in all | would this hotel and would stay there
again.



How to model emotions?

Dimensional

arousal

valence
dominance

Pros

* More universal
* Can describe any experience

Cons

 Difficult to express states
linguistically

Categorical

L |Happiness
L Irritation [ Sadness
o

L Fear
L] Anxiety -

L lInterest

Pros

» Provides linguistic labels
» Allows variety of applications

Cons
* No agreement on the unique set

10



Categorical - Ekman

Happy
Fear
Surprise
Sad
“?;' 'qk | Anger
(kt . | Disgust

Ekman, An argument for basic emotions, 1992 "



Plutchik's Wheel of Emotions

[three-dimensional circumplex model ]

[two-dimensional circumplex model |
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Geneva Emotion Wheel
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How to model emotions?

Dimensional

arousal

valence
dominance

Pros

* More universal
* Can describe any experience

Cons

 Difficult to express states
linguistically

Categorical

L |Happiness
L Irritation [ Sadness
o

L Fear
L] Anxiety -

L lInterest

Pros

» Provides linguistic labels
» Allows variety of applications

Cons
* No agreement on the unique set
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How to Detect Emotions?

facial expression
voice
galvanic skin response (GSR)
skin temperature
electrocardiogram (ECG)
electroencephalogram (EEQG)
gesture
text



Emotion Recognition in Natural
Language

.~ Which emotions are
4 expressed?

As a mother | know the pride in one’s child,
as an American | know the pride in one’s Pride
country. | feel a little both for you.
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Emotion Lexicons



Gabby should only feel immense pride in her accomplishments
at Rio. Ignore the jealous haters. (Pride/Elation, strong)

Have you seen Chinese swimmer #Fu Yuanhui? Her reactions are
infectious, hysterical and really authentic. #Rio2016. (Happiness/
Joy, strong)

#realDonaldTrump first president in a long time that has the
American people and their interests at heart. Thank you Mr.
President. (Love/tenderness, worry/fear, sadness/despair,
embarrassment/shame)

Speaker and audience emotions are not the same




Emotion Lexicons

General Inquirer
ANEW

Bing Liu’s
Lexicon

OpinionFinder
WordNet Affect

e NRC

e GALC (geneva
affect label
coder)

o LIWC (linguistic
inquiry and word
count)
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412 characters with heart in it, the most complex one has 28 strokes
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OlympLex 2013 (EPFL)

Create an emotion lexicon dedicated to
sport events

Distinguish up to 20 categories of
emotions

Develop a novel method for crowd worker

22



Crowdsourcing by Darwin

Watch Video




Darwin’s Letters - a Visualisation




Our Human Computation Task

Task: Annotate this tweet with emotions [ Instructions

1. Read this tweet and imagine you were the author of it:

Really enjoying watching team GB in the #Gymnastics. They actually doing really good. Impressive moves.

#london2012

2. What emotion did you feel? 9 3. Copy textual indicators of your emotion: )

(Choose a circle of corresponding category. Different circle size means different emotion strength) & (Place each expression on a new line, it can be a word or a phrase) H

Irritation Involvement Really enjoying
Contempt AIEED Wb Amusement really good

Scorn O Q Laughter impressive )
Disgust Q Pride 4. How else would you express this emotion??

Repulsion Q O O O O Q Elation (Please, be creative! and place each expression on a new line) 8

® O amazing

i Q @ Hopples: fantastic job
Jealousy Joy

O @® /\ O O awesome moment )
Disappointment O O O Enjoyment

Regret O O No emotion O O Pleasure
Guilt O O Other emotion O O Tenderness
Remorse O O Q Feeling love

QO o ) o OO
Feeling awe

Worry Q Q O Q O Feeling disburned
2™~ @ 8 o0

Sadness Astonishment
Despair Pity Longing Surprise
Compassion Nostalgia

Embarrassment Wonderment

Shame




Human Computation Task

Task: Annotate this tweet with emotions | Instructions |

1. Read this tweet and imagine you were the author of it:

Really enjoying watching team GB in the #Gymnastics. They actually doing really good. Impressive moves.

#london2012
2. What emotion did you feel? 9 3. Copy textual indicators of your emotion: )
(Choose a circle of corresponding category. Different circle size means different emotion strength) B (Place each expression on a new line, it can be a word or a phrase) n
Irritation Involvement Really enjoying
Contempt AIEED Wb Amusement really QQOd

Scorn Q Q Laughter Impressive
Disgust O Q Pride 4. How else would you express this emotlon”'?
Repulsion Q Q Q O Q Elation (Please, be creative! and place each expression on a new line)

® O o amazing

J Envy O Happiness fantastic job
ealousy Joy
Q @ /—\ Q Q awesome moment

O
Disappointmen njoymen °
i l;egre: O O Noemotlon O O IEDIéaZure t\» EmOtlon Label
: > Happiness, Anger, Fear, No
OO0 [oeamn] OO QNN | PRinC "N8Eh TE0

QQ %/ OQOQ e "\ Emotion Strength
o)

Shame

O O Q O Feeling disburned LOW’ Medium, i E
= @ O O Ol Emotion Polarity

Sadness Astonishment

Despair Longing | | Surprise Positive, Negative, Neutral

Compassion Nostalgia
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Human Computation Task

Task: Annotate this tweet with emotions

1. Read this tweet and imagine you were the author of it:

#london2012

Really enjoying watching team GB in the #Gymnastics. They actually doing really good. Impressive moves.

2. What emotion did you feel?

(Choose a circle of corresponding category. Different circle size means different emotion strength) g

Irritation

Contempt
Scorn

Anger

Involvement

?

Interest

Disgust
Repulsion

Envy
Jealousy

Disappointment
Regret

Guilt
Remorse

Embarrassment
Shame

O @

O
So 5
QOQQ

No emotion

Amusement
Laughter

®

Other emotion

input name

ON

<o

O
OQQ
0

0% O
SNO

Pride
Elation

O

Happiness
Joy

Enjoyment
Pleasure

0<

Tenderness
Feeling love

Wonderment
Feeling awe

Feeling disburned
Relief

o O

Worry
Fear O
Sadness O
Despair Pity
Compassion

Longing

Astonishment
Surprise

Nostalgia

3. Copy textual indicators of your emotion:

(Place each expression on a new line, it can be a word or a phrase)

?

really good
impressive

Really enjoying

4. How elseI Ilould you express this emotion??

(Please, be creativ

amazing
fantastic job
awesome mo

S

nd place each expression on a new line)

pnt

V'

Tweet Emotion Indicators
n-grams expressing or revealing
the chosen emotion in the text
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Human Computation Task

Task: Annotate this tweet with emotions

1. Read this tweet and imagine you were the author of it:

#london2012

Really enjoying watching team GB in the #Gymnastics. They actually doing really good. Impressive moves.

2. What emotion did you feel?

(Choose a circle of corresponding category. Different circle size means different emotion strength) g

Irritation

Contempt

Involvement

Interest

Scorn

- @
0%

OQC;O

Disgust
Repulsion

Envy
Jealousy

O@
QQ

Amusement

Laughter

O

?

Pride

Elation

O

Disappointment
Regret

Guilt
Remorse

O
QO

Embarrassment
Shame

Q

o)

Worry
Fear

Sadness
Despair

O
O

@)

No emotion

Other emotion

O

QOQ

O
o O

O

OQO

OOO
O®
OQ

Happiness
Joy

3. Copy textual indicators of your emotion:

(Place each expression on a new line, it can be a word or a phrase)

?

Really enjoying
really good
impressive

4. How else would you express this emotlon"'?

(Please, be creative! and place each expression on a new line)

amazing
fantastic job

awesome moment

Enjoyment
Pleasure

Tenderness
Feeling love

Wonderment
Feeling awe

O

Feeling disburned

Relief

Compassion

O
O

Longing
Nostalgia

Surprise

Astonishment

Additional Emotion

Indicators

other n-grams expressing or
indicating

the chosen emotion

28



SREC (Sport-related Emotion Corpus)
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Figure 4.3: Distribution of emotion labels in crowdsourced workers’ answers comprising the
SREC data (i.e. after the application of posterior quality control).



Quality of Labels

Observed agreement: A ‘ g iA=2/6=O.33

A— A,
1-A,

Kappa: k =

where AC - chance agreement

Agreement Kappa

Emotion category  29.3% 0.24
Polarity  75.7% 0.52
Strength  43.8% 0.13
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Additi-

How did we aggregate results?

Emotion distributions for

the tweets with the

Additional indicators

Averaging
distributions

emotion
distribution

using the same term

Tweets

onal

Example term:

Hopefully she can smash it and bring home medal

They are now watching the #TeamGB boys hopefully get medal

#TeamGB will get an #Olympic Gold Soon!

4

hopefully

31



OlympLex 2013 (EPFL)

e Number of annotation ~2000 tweets

e (Contains 3,193 terms

e Examples (per quadrant)

Anger, Disgust, Scorn, ...

unfair, mad, ugh, annoyed, ticked
off, idiots, slap, offended, epicfail,

Pride, Happiness, Interest, ...

bravo, champions, my girl, hero,
woohoo, sohappy, good job, yessss,

ouch, noooo, eek, tough to watch,
heartbroken, feel so bad, fearful, ...

Sadness, Fear, Pity, ...

astounded, luv u, incredible talent,
omg, marry me, desiring, amaze, ...

Love, Surprise, Awe, ...




Lessons Learned

Crowdsourcing is a viable approach to collect
annotated data

Distinguish speaker’s emotions from the audience’
emotion

Online inexpert workers require training
Provide context for emotion labelling

Consider diversity as an advantage rather than
noise
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Lexicons -> Classifiers



Why classifiers?

e Scalability
¢ Domain dependent words

¢ Fine-grained detection

Classifiers are more suitable for machines, more adapted

to big data, capable of integrating the nuances of how
humans collectively express emotions.

36



Supervised learning

EHEE oy
g/__] g/__] g/__] Pride
- EVE) [F Anger

Semi-supervised learning

Distant Learning

37



How does our method work?

GALC Scherer, 2005

Interest/
Involvemen Disappo-
Happiness Joy t Surprise Anger Sadness Disgust Fear intment
cheer* ecstat* absor* amaze* anger chagrin* abhor* afraid* comedown
bliss* elat* alert astonish*® angr* deject® avers® aghast® disappoint*
delect* euphor* animat* dumbfound*  cross* dole* detest* alarm* discontent*
delight* exalt* ardor* startl* enrag* gloom* disgust* dread* disenchant*
enchant® exhilar® attenti* stunn® furious glum* dislik* fear* disgruntl®
enjoy* exult* curi* surpris* fury grie* disrelish fright* disillusion*
felicit* flush* eager® aback incens® hopeles* distast* horr* frustrat®
happ* glee* enrapt* thunderstruck infuriat* melancho*  loath* panic* jilt*
merr* joy* engross® wonder* irate mourn* nause* scare* letdown
jubil* enthusias* ire* sad* queas* terror* resign®
overjoyed ferv* mad* SOrrow® repugn* sour®
ravish* interes* rag* tear* repuls® thwart*
rejoic* zeal* resent* weep* revolt*
temper sicken®
wrath*

GALC as the initial classifier
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How does our method work?

13:6 V. Sintsova and P. Pu

GIVEN LEARNING PROCESS EVALUATION

motion Model Pseudo-Labeled Annotation Refinement Large automatic
Emotion Lexicon Data . ground-truth data
emotlon categories) -
Joy E] @ @ Text Preprocessing tweets with emotional hashtags +
=) (=] Emotion Labeler
g initial emotion classifier

pseudo-neutral tweets
Pride

Feature Selection 1
: ; patra“.“eter Small manually
Unlabeled Data s happy = Supervised Learner o d”?e‘;%ng annotated data
input tweets

=\ [=\[= Balanced Weighted Voting: teStingt
gg ggg Neutral Labeler Neutral[V__] [V__] L/_] 1. Rebalancing Resultant Emotion

= <URL> = L——_] [V__—] L—=_] 2. Weighted Voting Classifier

Fig. 1. The framework for our distant supervision method.

Valentina Sintsova and Pearl Pu. Dystemo: Distant Supervision Method for
Multi-Category Emotion Recognition in Tweets. ACM Transactions on
Intelligent Systems and Technology (TIST). (forthcoming) 2016
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Balanced Weighted Voting

Pseudo-Labeled
Tweets

A 4

Text Preprocessing

h 4

Feature Extraction & Selection

b, 4

Supervised Learner

Balanced Weighted Voting:

1.Rebalancing
2.Weighted Voting

W

[ Resultant Emotion Classifier

So 2 be British massive

Prid
well done 2 all of Team GB! :D Hae

so proud <int> be british massive
well done <int> all of team gb ! <emot59>

proud, so proud, proud <int>, massive,
well, massive well, done, well done,
done <int>, <emot59>

Learn from all tweets with “well done”

= il  love X% C_ .

- Nost. x CNostalgia
—— (Pride’) x Cpige

i (Pride’ x Cp4e

well done —>» |, ,,
Pride
40



13:14 V. Sintsova and P. Pu
Table |. Evaluating Distant Supervision Algorithms on Automatic Test Data Sr
Emotion macro micro ! —’é—
Labeler | Algorithm P R F1 A P R F1 £
- Random 2.5 1.3 1.7 41.6 8.7 4.4 5.8 [ |
Initial 20.6 3.6 4.8 52.2 23.6 5.1 8.4 |
mcl-MNB 21.4 12.2** 10.3** + | 62.0" 1 | 30.6™ 28.1* 29.3** + 1
mcl-LogReg = 7.5** 23.9** 8.9* 4+ 43.1%* | | 9.6* 30.4* 14.6* ¢ 6
GALC |1vR-MNB | 11.8* 17.1* 9.7** 4 | 57.0"™ 4 |16.9* 34.6** 227 ¢+ 4
1vR-LogReg  12.1** 8.8** 8.1** + | 54.4* 4 | 22.0* 20.9* 21.5* ¢+ b
PMI-based @ 12.7** 10.2** 9.3** 4+ |53.1* ¢ | 28.0* 26.4** 27.2** + 3
BWV 16.8** 11.5* 9.8** 4 |57.8%* 4 |27.2F 29.1* 28.2* ¢+ 2
Initial 114 9.7 7.1 47.4 19.3 19.3 19.3 [ |
mcl-MNB 19.7** 11.2* 6.8 | |58.5"™ ¢t |26.3* 27.0* 26.7"* + 3
mcl-LogReg = 9.1** 12.4* 7.6 4+ 429 | |16.1* 21.6** 184*= | ' 6
Olﬁ’:;p‘ 1vR-MNB | 19.4*  12.3* 73 4+ |589* 4 (233" 283" | 256 4 4
1vR-LogReg  11.1* 16.5** 9.8 4+ |51.3* 4 | 17.1% 27.9** 21.2** & ' b
PMI-based @ 15.8** 9.6 73 4 |58.8** 4 |28.3* 26.0** 27.1% ¢+ 2
BWV 17.8** 94 6.7 | |59.4* ¢+ |29.9* 29.2** 29.5" ¢+ 1
Initial 12.1 17.0 11.5 23.7 21.8 42.0 28.7 [ |
mcl-MNB 22.8** 15.9** 13.1** 4 64.4* ¢t |37.6™ 43.0** 40.1** + 3
mcl-LogReg | 14.4** 18.7** 14.8** 4 | 52.7* 4 | 30.9* 41.8 35.5* 4+ 6
o |WRMNB 199" 167 14.2% 4 | 64.6™ 1 37.5%  43.3% | 402~ 1 |2
1vR-LogReg  17.6** 18.9** 16.2** + 60.6* 1 | 35.4* 42.2 38.5* + 5
PMI-based @ 22.3** 15.6** 14.4* 4+ 63.8" 1+ | 38.6™ 4 sSats S ‘
BWV 29.3* 155 131 4 641 4 |37.3% 4
All performance scores are percentages. The results of learned classifiers are compared wi ose of

corresponding initial classifiers. One asterisk * indicates a p-value < 0.05; two asterisks ** indicate a
p-value < 0.01.



Lessons Learned for
Emotion Recognition in Tweets

e Distant learning is a viable approach to
build emotion classifiers across domains

¢ |ncluding pseudo-neutral documents
avoids over-classifying emotional content

e (Can be applied to dialogs, food & mood
data, etc.

42



Food & Mood
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Modifiers: emotion shifts



Examples

| am not ashamed: the emotion has shifted from to pride

| feel so relieved now: intensifier to increase the degree of relief
| feel a little sad: it diminishes the degree of

| know i should be happy: shift from happy to

I’ll be sad if you leave: for event that may happen

Do you love her?

| was happy then:

46



Novelty

e treat 6 modifiers simultaneously
¢ data-driven method

® re-mapping

47



Irritation i Involvement
Anger | | Interest

Contempt Amusement

- ScornQ % g OLaughter -
09350

®.0%850 O

Envy O Q Happiness
Jealousy QQ O /\ O OQ Joy
N Hi
igh
O
Disappointment Eni +
Regret Q O O No emotlon O PT;:ZLT:n ContrOl

Guilt Q O Other emotion O O Tenderness
Remorse Feeling love LOW

OOOO \\/ OéQQ Wonderment v ContrOl
00

Embarrassment
Shame

O
O

Feeling awe

Worry O Q Feeling disburned
Fear Q Q Q O Relief

O
O

Sadness Astonishment

Despair Pity Longing Surprise
Compassion | ! Nostalgia

Negative € > Positive
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1. Collect tweets with emotional hashtags

Aggregate
e #hﬂppy | — Happ baseline

= #proud 1 — Pride emotion

a0 ]
]
ve[ [ 1

1de
ness——

. QN O o 2 34 i e b
o 4 o . EE 2 VA =Dy _§>
e — BSESH | distribution 'gga_as%aaoegﬁ S BEs
=2 Q =ES TRL O <ol
>E %' mg 8 ==
ES B 8

2. Detect lexicon emotional terms and their modifiers

TERM DETECTED HASHTAG
EMOTION MODIFIER EMOTION

(a) I am happy you are here #joy Happiness No modifier Happiness
(b) Not ashamed to admit it #proud Shame Negation Pride
(c) Ilove you so much #love Love Intensifier Love

3. Aggregate distributions of hashtag emotions
for each term emotion and modifier class

No modifier Negation Intensifier

Happiness ° ﬂ I

JLH _ LL.J i
saaness | |l an 1 nL

Love

0

0

49



Pride, non-modified Pride, negated
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Shifts of Emotions under
Negation
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All 6 Modifiers

Modified to

Modifier nor;:/rg?:;zed C‘:\ﬁ;?r%tey Em/)o?ifon
distance Coefficient Shift
Intensifiers 0.14 1.32 17%
Past Tense 0.17 0.75 6%
Modality 0.19 0.74 19%
Conditionality 0.27 0.82 36%
Diminishers 0.30 1.17 38%
Interrogation 0.41 1.51 53%

Negation 0.80 0.56 75%
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Conclusion



EmotionWatch Video

http://ijcai13.org/video/05
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Thank You!



