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https://www.washingtonpost.com/news/monkey-cage/wp/2016/02/24/these-6-charts-show-how-much-sexism-hillary-clinton-faces-on-twitter/

Sexism in Politics
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Bamman et al. (2012)

Censorship
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Saeidi et al., 2017

Nelghbornoods

Q: What area of
L ondon should |
livein?

A: Cool areasto
livein at the
moment are: /
Clapham / Balham
| Battersea/
Hoxton / Camden

(a) Posh
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(c) Well Connected

(b) Nightlife

(d) Cultured



Kulkarni et al., 2014
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Hovy/Johannsen (2016)

easurina Lanauaoe Variation

Your search for traels found 2,794 results
Note that we don’t have the same amou
not be enough information to compute a

Age and gender

background distribution

query po—

Total records with NUTS information: 1,048
The map shows the percentage of records for each NUTS region that use the term traels.
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The term is used more frequently than average in following regions: Byen Kebenhavn (DK011), Fyn (DK031), Nordjylland (DK050), Sydjylland (DK032), Vestjylland (DK041), Ostjyliand

(DK042) (the ratio of term in the vocabulary of these regions is larger than the average ratio across regions).
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Plank & Hovy (EMNLP 2015)

Personality
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Ihe Transparent User

Rosenthal and McKeown, 2011:
Nguyen et al., 2011

Alowibdi et al., 2013: Ciot et al.,
2013; Liu and Ruths, 2013:; Volkova et

age

gender

profession Preotiuc-Pietro et al., 2015

iIncome Preotiuc-Pietro et al., 20150

personality Plank and Hovy, 2015

psfm\gézt al., 2014

. et al., 2013; Rahimi et al., _
location 2016
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That's it, NLP can help
soclal science and business

All Is great!
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Ok, so maybe
there's one thing



I'he Assumption
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“All language is i.i.d
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Shannon Game
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Nguyen et al., 2011; Alowibdi et al., 2013; Ciot et
al., 2013; Liu and Ruths, 2013; Volkova et al.,
2014; Volkova et al., 2015; Plank and Hovy, 2015;

Preotiuc-Pietro et al., 2015a/b
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Jorgensen/Hovy/Sagaard, 2015
Hovy & Sggaard, 2015

NLP
performance The Problem
(g A[l)v A[l)v A[l)J AIDV
& ot definitely sure yet
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The Conseqguences

L NLP WORKS
WE/L/L

populaftion







Improving NLP
With
Demographic Information
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Example 1.

Hovy (ACL 2015)

Text Classification
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This is a tiny little example text written by someone.

This is a tiny little example text written by someone.
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This is a tiny little example text written by someone.

This is a tiny little example text written by someone.
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DEVE!

Hovy (2015)

H= (B &= B8 E=, 2 genders, 2 age groL
task labels train test
topic . /39K 493k
classification 126k 34k
sentiment 3 345k 2610] 7
analysis 72K 48K
age/gender 5 301k 201k
classification 301k 201k

30
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This is a tiny little example text written by someone.

\

This is a tiny little example text written by someone.

This is a tiny little example text written by someone.

J

This is a tinysésasgxample text written by someone.

eddings

Hovy (2015)
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AGNOSTIC
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. This is a ti.ny little ex%mple text written by someone.

. TQtia;Ena.xt written by someone.
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Systems

Hovy (2015)
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Hovy (2015)

~ Results for Age (avg)

B agnostic
E aware

sentiment topic gender classification
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Hovy (2015)
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Benton, Mitchell & Hovy (EACL 2017)

i a Example 2:
‘A

Multitask Learning
for Mental Health Conditions

m |
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Mental Health

Risk Prediction

R, IS
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¢, stigma
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accuracy/FN



Comorbidity and Correlation
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Motivation from
“The Karate K|d”
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ntfy Data

Task N

Neurotypicality 4791

Anxiety 2407 +&E NDPFEF
Depression 1400

Suicide attempt 1208 //0/
Eating disorder 749

Schizophrenia 349

Panic disorder 263

PTSD 248

Bipolar disorder 191

All 9611 PP

UNIVERSITET
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Results ROC

TPR Suicide Attempt - Non- Neurotyplcallty

04 06 08
FPR
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Results: TPR@FPR=0.1

0.8 Bl | ogistic Regression
B Feed Forward
8 MTL no gender

. "’/La /A’F'K/SK I MTL w/ gender
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NNT Depression ==1ilgle Panic Bipolar
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So then all is good, right?
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..right?
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Hovy & Spruit (ACL 2016)

Ethics and NLP

35 malé?’}ﬁ?@ép’)wgb education

Exclusion Exposure

Overgeneralization Dual Use
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Jorgensen/Hovy/Sggaard (ACL-WNUT 2015)

Exclusion
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brother -> brotha
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Hovy/Sggaard (ACL 2015)

Scouracy Exclusion

100 Male World - 2014 Female

100+
95 - 99
| 90 - 94
85 - 89
B 80 - 84 |
75 -79
B 70 - 74
65 - 69
I 50 - 64
55 - 59
I 50 - 54
45 - 49
40 - 44

| | | |
400 300 200 200 300 400

Population (in millions) Age Group Population (in millions)
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Hovy/Spruit, 2016

Overgeneralization
F ALSE FOSHLES

Aug 6 2016
Dear { M5 )Hovy,

Congratul ati ons on reachi ng
retirenent age!

Al so, you' re on a no-fly |1 st
because of your political
views and religious bellefs.
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The Signal and the Noise

(c) Average House Price

Saeidi et al., 2017
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Waseem/Hovy, 2016

Hate Speech Detection

Abusive Language Workshop
ACL Vancouver, Aug 4 2017
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Hovy/Spruit, 2016

EXposure

Underexposure Overexposure

@ available
© not available

treebanks

sentiment
B analysis

discourse
parsing

evaluation blas
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Hovy/Spruit, 2016

Dual Use

Pro Con

authors.mp historical documents | dissenter anonymity
attribution
text classification sentiment analysis censorship

personalization |better user experience taillored ads
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Hovy/Spruit, 2016

What can we do?

Problem Source Countermeasures
data regularization, priors, sampling
selection ’ ’
dummy labels, error weighting,
models y . J J
confidence thresholds
B 75
research . . .
Exposure . consider possible impact
s design

community | educate users, keep discussion
goals ofeligle
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Wrapping up
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Conclusion

* social media + NLP = new methods for CSS
* pbut: NLP Is more than engineering
* language = information, reflects demographics
* accounting for demographics affects performance

* Work on social media has social impact and responsibility
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Open questions

 how do we retlect ever-changing language”
 how do we account for demographic variation”

e how do we ensure fairness?



T hanks!



Questions?

www. di r khovy. com




Workshop on NLP and
Computational Social Sciences

@ACL
Aug 3, 2017
Vancouver, Canada

y@mpandcss



