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a friend

- measures non-objective outcomes
- many developed over decades
- a gold-standard

a foe

- hard to administer at scale
- spatially
- temporally

- not exactly "ground truth”

- limited to preconceived theory
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goal: accurate prediction goal: human insights

method: data-driven method: closed-vocabulary
(large data) (typically "small" samples)




N=75,000 users... ...20M statuses.
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Interdisciplinary
Research Questions



Can we predict disease risk and
recovery from language use’



What psychological factors emerge in
language as drivers of health and well-being?’
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To what extent can language analyses
replace and extend traditional
psychological asessement
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Differential Language Analysis

(Goal: succinct accessible method

"Simplicity is the ultimate sophistication" -da Vinci




oal: succinct accessible metho

Volunteer Data
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"Simplicity is the ultimate sophistication” -da Vinci
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latent Dirichlet allocation

e S B T : Uil el =T e T Ry -

wordetopic

topics

- 2000 social media topics

- derived over 14m status updates

- status update = document

- status updates are shorter than news articles

=> lower alpha hyperparameter
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p(topic | subject) = Z p(topic | word) = p(word | subject)

worde topic

topics

- 2000 social media topics



alialyoids

adjust for other variables via ordinary least squares
linear regression over standardized variables

€.8. 3y + Fi(ngram) + 3a(age) + 33(gender) = extraversion

feature 1 gy fit w—mllp  correlation
feature 2 —, fit —} correlation

featuren  e————lp fitf =——]p correlation
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Science Shows Men and Women Are Both Awful

BGAWEKER Stereotypes on Facebook

Punk Band Shoots Porn Film on Front Lawn of
Westboro Baptist Church

Everyone Needs to Read Sinead 0'Connor's
Open Letter to Miley Cyrus

What's Happening at Layoff-Shaken Fab.com
Right Now

Silk Road's Downfall Killed the Dream of the Dark

Net
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for Uncle Terry [NSFW] ™
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for Shutdown

gender cliches warning

National Weather Service Office Has a Secret
Message for Congress
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Undercover Cop Stood By While Biker Crowd
Beat SUV Driver

GOP Rep Defends Keeping Salary During
Shutdown: "l Need My Paycheck”

Kimmel Asks Americans to Choose: Obamacare
or the Affordable Care Act
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Epic
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Openness

Conscientiousness

Extraversion

Agreeableness

Neuroticism

Predictive Accuracy

correlation with questionnaire




Openness

Conscientiousness

Extraversion

Agreeableness

Neuroticism

Predictive Accuracy

correlation with questionnaire




extraversion

January-June July-December January-June July-December

Year | Year | Year 2 Year 2

Correlations between
predictions made at
different time points:

61




Satisfaction questionnaire extraversion

Wil MMl language extraversion

Number of questionnaire extraversion
Tl ele A {a =Y language extraversion

correlation between outcome and extraversion



Model Comparison for Gender Prediction Across Test Sets

W FB_rlk mFB_stratified mblogs rik mTwt rik
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Model Comparison for Age Prediction Across Test Sets
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Work in Progress:
Social Media + Medical Record

Screened and
approached for
enrollment

n=3706

Did not use Facebook or
—> | Twitter (exclusion criteria)

n=1595 (43%)

h 4
Asked to participate in the
study
n=2111 (57%)

Declined any participation
R in the study

n=923 (44%)

hJ

Total study participants
N=1176 (56%)

v v
Non-sharers EMR and social media
N=370 sharers
(31%) N=806 (69%)




% with dx % without dx

and used and used a
Terms searched Have dx a term term
abdominal pain&tomach pain&belly pain&tummy

pain&stomach hurts&belly hurts&ummy

hurts&tum myache&stomachache&bellyache 383 21% 8% *¥*
nausea&vomiting&vomit&throwing up&spitting

up&threw up&puke&puked&vomited 348 29% 22%*
headache&migraine&head hurts 237 59% 46% **
leg hurts&arm hurts&finger hurts&toe hurts 194 3% 1%
uti&urinary tract infection 160 1% 1%
back pain&backache&back hurts 190 15% 11%
cough&coughing&coughed 156 26% 22%
giving birth&gave birth 188 33% 1 0% ***
anemia 160 2% 0% **
dizzy&dizziness&vertigo 127 22% 15%
asthmaé&hard to breathe 128 28% 7 Yo *¥*
caught a cold&have a cold 101 7% 4%
sore throat&throat hurts 110 24% 11 % ***
depression&depressed 92 38% 30%



Clinically Diagnosed Depression

PMH depression

1.0
W 0.8
s
g+)
(s
(b
> 0.6
=
v
O
Q. 0.4/
Q
-
-
-

0.2

Chance
—  Text ROC (area=0.736)
0.0 ® Screener AND
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate



Discovering Psychological and Health
Insights from Social Media Langugae

H. Andrew Schwartz
f / October 16, 2015 -
@ SBEU SUNYK Seminar
x 1bil.
2. Community Analyses

x 20mil.
1. Individual Analyses

[ | ]
'

- = B - =
| HE

Introduction

8]

n



Well-Being

Life Satisfaction (Diener, 1987)
In general, how satisfied are you with your life?



Why?
UK Survey: greatest happiness or greatest wealth?
- =>81% - greatest happiness OECD Gurdoines

éy on Measuring

\"‘"l-.

Subjective
Well-being

around the world...
- OECD set guidelines (2013)
=> UK, France, Bhutan,
Australia, Canada, Mexico, ...

in the US...
- Gallup Well-Being Index
- CDC Life Satistaction




Prediction

lexica by county

train life satisfaction

county-mapped Tokenize model

tweets sclal media extract features Lper
wvees T

controls

- tweet language featutes:
- Lexica: LIWC, PERMA Well-Being e

()()() 1cebhook de




lexica by county
(LIWC, PERMA dictionary (WE

train

county-mapped Tokenize

tweets extract features

topics by county

controls
fermographics, Io-searamic)

life satisfaction

- tweet language featutes:
- Lexica: LIWC, PERMA Well-Being
- LDA Topics: 2000 (Facebook derived)
- controls:
- demographics (ethnicity, gender, age)
« socio-economics (income, education)




lexica by county
(LIWC, PERMA sonary (WEBJ)

county-mapped Tokenize

extract features
tweets e

~ topics by county

life satisfaction
by county
a3 surveyed by CDC )

- tweet language featutes:
- Lexica: LIWC, PERMA Well-Being
- LDA Topics: 2000 (Facebook derived)
- controls:
- demographics (ethnicity, gender, age)
. socio-economics (income, education)

train life satisfaction

model

controls

A35




controls

controls, topics & lexica 335




lexica by county
(LIWC, PERMA sonary (WEBJ)

county-mapped Tokenize

extract features
tweets e

~ topics by county

life satisfaction
by county
a3 surveyed by CDC )

- tweet language featutes:
- Lexica: LIWC, PERMA Well-Being
- LDA Topics: 2000 (Facebook derived)
- controls:
- demographics (ethnicity, gender, age)
. socio-economics (income, education)

train life satisfaction

model

controls

A35
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Objective Outcomes: Causes of Death

(hc
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“ridge
regression”




Prediction

County Data

attributes

Tweets heart disease rates
demographics, SES

linguistic
feature regression

extraction model




Only Twitter
All Predictors (except Twitter)

Income and Education

0 0.1 0.2 03 04

Accuracy of County-Level ACHD Predictions (Pearson r with CDC-reported ACHD)
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work in progress: Predicting America's top Killers

top causes of death, 2010

1. Diseases of heart 6. Alzheimer’s disease

2. Malignant neoplasms (cancers) 7. Diabetes mellitus

3. Chronic lower respiratory diseases 8. Nephritis (kidney diseases)

4. Cerebrovascular diseases (strokes) 9. Influenza and pneumonia

5. Accidents, unintentional 10. Intentional self-harm (suicide)

demographics: percentage female, black, Hispanic, foreign
born, and married residents, as well as the population density
socioeconomics: percentage completed high school / a
bachelors, unemployed, log median income




Results

Heart disease

Cancers

lower respiratory diseases
Strokes

Accidents, unintentional

significant reduction
in error over
demographics+
socioeconomics
model

*p<.05
*p< .01
=+ <001

Alzheimer’s disease
Diabetes

Kidney diseases
Influenza and pneumonia

Suicide

o Twitter B Demographics

B Socioeconomics

B Demographics+Socioeconomics

e e |

cause of death

@

10 S

ek
1

20% 30% 40% 50%

variance explained

0% 10%



Insight? Disease Classification

no controls SES + Demographic controlled



10 suicides

0.08

0.02

0.00

0.07

0.05

0.06

0.19

0.29

.06

0.01

0.09

0.06

013

0.07

0.10

topic

137

1213

1571

678

351

695

208

1973

916

1906

874

923

1415

01 HD

0.12

0.12

0.10

0.08

0.08

0.04

0.04

0.03

0.03

0.03

0.05

0.06

0.07

02 cancers

0.08

0.01

0.1

0.00

0.03

0.00

0.07

0.00

0.04

03 resp.

0.08

0.20

0.1

0.06

0.06

.06

0.03

0.07

0.06

0.07

.08

04 strokes

0.01

0.13

0.13

0.02

0.09

0.05

£0.06

0.04
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0.08

0.01

0.05
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0.01
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0€ diabetes
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topic

topic
01 heart 03 resp. 09 kidney

diseases 02 cancers diseases 04 strokes 05 accidents 0O6diabetes 07 Alzheimer's 08 flu disease 10 suicides
1213 0.41 0.29 0.16 0.38 0.20 033 0.15 0.28 048 0.08
678 0.3 0.26 0.15 0.35 0.24 0.39 0.16 0.29 0.48 0.02
355 0.3 0.35 0.19 0.33 0.16 0.30 0.15 0.29 0.41 0.00
1405 0.38 0.31 0.23 0.33 0.18 024 0.19 0.27 0.37 0.07
913 0.25 0.19 0.23 024 0.25 027 0.12 0.29 0.34 0.05
523 0.2 0.16 0.2 0.22 0.25 0.28 0.1 0.28 0.32 0.06
599 0.09 0.10 0.09 0.05 0.08 0.06 0.05 0.06 0.10 0.19
1193 -0.03 0.06 -0.14 0.13 -0.25 -0.19 -0.19 -0.19 0.16 0.29
208 -0.13 0.13 -0.19 0.26 -0.25 -0.22 -0.24 -0.13 £.21 0.18
923 -0.28 0.19 -0.20 0.25 -0.25 -0.37 -0.15 -0.28 042 0.06
565 -0.28 0.23 0.2 0.22 -0.22 -0.33 -0.13 -0.23 042 0.01
85 -0.20 0.24 0.7 0.26 -0.30 -0.35 0.17 -0.33 0.38 0.09
1037 -0.20 0.29 -0.23 0.26 -0.21 -0.30 -0.08 -0.27 0.36 0.06
533 -0.32 0.26 -0.28 0.30 -0.30 -0.34 -0.19 -0.31 0.38 £.13
1772 0.3 0.24 025 0.32 -0.28 -0.32 -0.19 -0.29 0.36 0.07

766 -0.34 0.23 -0.27 0.31 -0.31 -0.33 -0.15 -0.30 0.35
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Social Media

W f

350m tweets/day 4b messages/day

...the largest dataset of who we are

in LJ.
@ tumblr.
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Interdisciplinary
Research Questions

n we predict disease risk and

. e’
covery from language us

re

To what extent can language analyses
replace and extend traditional
psychological asessement

b




...the largest dataset of who we are

NLP can foster data-driven human
discovery at unprecedented scale.

Thank You

andrew.schwartz@cs.stonybrook.edu




