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General and Flexible Framework

Volunteer or Public Data

social media
messages

linguistic
feature
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extraversion -- sociable, assertive, active, energetic, talkative, outgoing
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Explicit Language Warning...
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Neuroticism
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Proportions of users' messages

1.3m status updates
from
4,833 Participants

(3,240 AG Stratified)

Schwartz, H. A., Park, G., Sap, M., Weingarten, E., Eichstaedt, J., Kern, M., Stillwell, D., Kosinski, M., Berger, J., Seligman, M., &
Ungar, L. (2015). Extracting Human Temporal Orientation from Facebook Language. NAACL-2015: Conference of the North

American Chapter of the Association for Computational Linguistics.



- past - present - future :>Language

—>  Questionnaire
IPIP 100 item domains




I past | present [ future

complete tasks successfully

avoid philosophical discussions
carry out my plans

finish what | start

make plans and stick to them

Park, G., Schwartz, H.A., Sap, M., Kern, M.L., Weingarten, E., Eichstaedt, J.C., Berger, J., Stillwell, D.J., Kosinski, M., Ungar, L.H. &
Seligman, M.E. (2015). Living in the Past, Present, and Future: Measuring Temporal Orientation with Language. Journal of
personality.
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I past | present [ future

do not like art
would describe my experiences as somewhat dull
am easy to satisfy

rarely lose my composure

don’t like to draw attention to myself

Park, G., Schwartz, H.A., Sap, M., Kern, M.L., Weingarten, E., Eichstaedt, J.C., Berger, J., Stillwell, D.J., Kosinski, M., Ungar, L.H. &
Seligman, M.E. (2015). Living in the Past, Present, and Future: Measuring Temporal Orientation with Language. Journal of
personality.
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I past | present [ future

cut others to pieces
can say things beautifully

don’t put my mind on the task at hand

have frequent mood swings

am hard to get to know

Park, G., Schwartz, H.A., Sap, M., Kern, M.L., Weingarten, E., Eichstaedt, J.C., Berger, J., Stillwell, D.J., Kosinski, M., Ungar, L.H. &
Seligman, M.E. (2015). Living in the Past, Present, and Future: Measuring Temporal Orientation with Language. Journal of
personality.
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Is it accurate? (Personality)

Predictive Accuracy

Openness

Conscientiousness

Extraversion

Agreeableness

Neuroticism

correlation with questionnaire

Park, G., Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Stillwell, D. J., Kosinski, M., Ungar, L. H., & Seligman, M. E. (in press). Automatic
personality assessment through social media language. Journal of Personality and Social Psychology, Nov 3 , 2014.



Is it accurate?

Predictive Accuracy
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Park, G., Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Stillwell, D. J., Kosinski, M., Ungar, L. H., & Seligman, M. E. (in press). Automatic
personality assessment through social media language. Journal of Personality and Social Psychology, Nov 3 , 2014.



Is it accurate?

Predictive Accuracy
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Park, G., Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Stillwell, D. J., Kosinski, M., Ungar, L. H., & Seligman, M. E. (in press). Automatic
personality assessment through social media language. Journal of Personality and Social Psychology, Nov 3 , 2014.



Is it reliable and stable over time?

January-June July-December January-June July-December
Year | Year | Year 2 Year 2

Correlations between
predictions made at
different time points:

Park, G., Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Stillwell, D. J., Kosinski, M., Ungar, L. H., & Seligman, M. E. (in press). Automatic
personality assessment through social media language. Journal of Personality and Social Psychology, Nov 3 , 2014.



Does it generalize to other outcomes?

Example: extraversion

n questionnaire extraversion

Satisfactio
YL RiZM language extraversion

Number of questionnaire extraversion
Facebook friends QeI U I

correlation between outcome and extraversion

Park, G., Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Stillwell, D. J., Kosinski, M., Ungar, L. H., & Seligman, M. E. (in press). Automatic
personality assessment through social media language. Journal of Personality and Social Psychology, Nov 3 , 2014.
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Community Feature Extraction
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Heart Disease Rates as

Reported on Death Certificates ¥ Predicted By Twitter

Heart Disease Rates as

Less Deaths More Deaths
Eichstaedt, Schwartz, et al., 2015, Psych Science



y Predicting heart disease: Accuracy @P@Hﬂ

Only Twitter —i J
All Predictors Except Twitter J
Income and Education

Smoking

Diabetes

Hypertension

Obesity

Black (%)

Female (%)

Married (%)

Hispanic (%)

0 05 0 05 2 2 3 3B M 4
Pearson r

Eichstaedt, Schwartz, et al., 2015, Psych Science




y Predicting heart disease: Accuracy @Penn

Twitter and All Predictors
Only Twitter — ] .
All Predictors Except Twitter }
Income and Education
Smoking
Diabetes
Hypertension
Obesity
Black (%)
Female (%)
Married (%)
Hispanic (%)
0 05 10 15 20 25 30 35 40 45
Pearson r

Eichstaedt, Schwartz, et al., 2015, Psych Science




Associated with Heart Disease
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Community Real Estate

socioeconomics || demographics || socioeconomics + demographics
Fe Ip Fe Ip Fe Ip
no lang 0.34 0.42 0.24 0.44 0.37 0.50
with lang 0.41 0.56 0.39 | 0.57 0.42 0.59

Zamani M, Schwartz HA. Using Twitter Language to Predict the Real Estate Market. EACL 2017. 2017 Apr 3:28.
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Two Examples:

1. Community Real Estate

2. Message Temporal Orientation



PART Ill: How?

Volunteer or Public Data
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Language Feature Space

automatic content analysis

hand-driven data-driven



Language Feature Space

automatic content analysis
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Language Feature Space

automatic content analysis

closed-vocabulary open-vocabulary
manual manual crowdsourced derived _ words &
coding dictionaries dictionaries dictionaries topics phrases

hand-driven data-driven



automatic content analysis

closed-vocabulary open-vocabulary
manual manual crowdsourced derived ] words &
coding dictionaries dictionaries dictionaries topics phrases
hand-driven data-driven
Example:
Linguistic Inquiry and
Word Count

(LIWC; Pennebaker et al., 2007)



automatic content analysis

closed-vocabulary open-vocabulary
manual manual crowdsourced derived ] words &
coding dictionaries dictionaries dictionaries topics phrases
hand-driven data-driven

Examples:
e ANEW
(Bradley & Lang, 1996)
e Hedonometer
(Dodds et al., 2011)

+ often weighted
+ fuller coverage



automatic content analysis

closed-vocabulary open-vocabulary
manual manual crowdsourced derived ] words &
coding dictionaries dictionaries dictionaries topics phrases
hand-driven data-driven
Examples:

e Sentiment
(Pang & Lee, 2002)

e Affect & Intensity
(Preotiuc et al., 2016)

+ real world distributions
(still hypothesis driven)



automatic content analysis

closed-vocabulary open-vocabulary

manual manual crowdsourced derived - words &

coding dictionaries dictionaries dictionaries [tOPICS J phrases
hand-driven data-driven

Topic Modeling:

+ completely data-driven
+ “digestable”
(still losing some information)



automatic content analysis

closed-vocabulary open-vocabulary

manual manual crowdsourced derived - words &

coding dictionaries dictionaries dictionaries [tOPICS J phrases
hand-driven data-driven

Topic Modeling:

+ completely data-driven
+ “digestable”
(still losing some information)

p(topic|tweet) = Z p(topic|term)p(term|tweet)

termetopic



automatic content analysis

closed-vocabulary open-vocabulary

manual manual crowdsourced derived - words &

coding dictionaries dictionaries dictionaries [tOPICS J phrases
hand-driven data-driven

Topic Modeling:

+ completely data-driven
+ “digestable”
(still losing some information)

p(topicluser) = Z p(topic|term)p(term|user)

termé&topic



automatic content analysis

closed-vocabulary

manual manual crowdsourced
coding dictionaries dictionaries

hand-driven

open-vocabulary

derived ) words &
dictionaries topics phrases

data-driven

+ wide coverage
+ fine-grained information
phrases: capture some context

(not as “digestable”)
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What about context?

1st person singular pronoun use

thank, celebrate, welcome, greet, applaud

shake, freeze, melt, collect, bend, twist

hate, fear, regret, dislike, despise, dread, tolerate

write, draw, type, print, scratch, plot, skeich

B st person singular pronoun use
B st person singular nominal subject
[ Ist person singular direct object

hate, fear, regret, dislike, despise, dread

bore, worry, scare, bother, annoy

-0.09 0.00

| as subject of <verb> me as direct object of <verb>

Rouhizadeh, M., Ungar, L., Buffone, A. & Schwartz, H.A (2016). Using Syntactic and Semantic Context to Explore

Psychodemographic Differences in Self-reference. Proceedings of the 2016 Conference on Empirical Methods in
Natural Language Processing

0.09



What about context?

1st person singular pronoun use

thank, celebrate, welcome, greet, applaud

shake, freeze, melt, collect, bend, twist

hate, fear, regret, dislike, despise, dread, tolerate

write, draw, type, print, scratch, plot, skeich

join, pool, merge
B st person singular pronoun use
B st person singular nominal subject deny, suspect

B et persaiEmpdlan disct ol hate, fear, regret, dislike, despise, dread

bore, worry, scare, bother, annoy

-0.09 0.00 0.09

For human-level prediction, extent of benefit is open question.

Rouhizadeh, M., Ungar, L., Buffone, A. & Schwartz, H.A (2016). Using Syntactic and Semantic Context to Explore
Psychodemographic Differences in Self-reference. Proceedings of the 2016 Conference on Empirical Methods in
Natural Language Processing



Language Feature Space

automatic content analysis

closed-vocabulary open-vocabulary
manual manual crowdsourced derived _ words &
coding dictionaries dictionaries dictionaries topics phrases

hand-driven data-driven



county id, feature1, value
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Method: County-Mapping

Rule-Based Mapping

94% map to
human-judged
intended city, state

tokenize

location string

Aeo-coordfnates%

\ city with > 90% Is large
chance of being on-Us ci
in one state
not mapped yes
no

if tweet has coordinates (< 2% of tweets), then map directly to county

map to most-
probable county

contains

94% accurate map to human-judged intended city, state pair.



Large Data

Distributed Feature Extraction

e approximate 1 billion tweets
o for a single computer system to read the data is very time-consuming

e Utilize map-reduce in a "Hadoop” style cluster:

The overall MapReduce word count process

Input Splitting Mapping Shuffling Reducing Final result
Bear, 1 » Bear, 2
Deer, 1 » Bear, 1
Deer Bear River » Bear, 1
River, 1
/ Car, 1
Car, 1 » Car, 3 » Bear, 2
Deer Bear River Car, 1 Car, 1 Car, 3
Car Car River » Car Car River » Car, 1 Deer, 2
Deer Car Bear River, 1 River, 2
Deer, 1 » Deer, 2 -
Deer, 1
Deer, 1
Deer Car Bear » Car, 1 /
Bear, 1 River, 1 » River, 2
River, 1

image: http://xiaochongzhang.me



Volunteer or Public Data

social media personality —age

gender health

messages well-being county
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Volunteer or Public Data

social media el e visualization or
gender health predictive model
messages well-being county :
.thanksgivingggg|mamaz|ng
) love dayerenoe, o for
: christmaswonderfull d farcil
| - priodey Sraaf blessed pa
tomorrowgr%?.esomgud.s beautiful
a) words gnd : frie"dShappythankaayefS ctllurgh
phraset | ", TN praygood g
linguistic correlation —
feature wel | b) topick 0 el — O
extraction | model ' = %
learning |

"\ )




Volunteer or Public Data

social media Fglzazoenra"r% altr?ge
fLzsiaid = well-being county
B)iims f/PenaIized )
phrase .
S Regression or
inguistic -
fostie R Classication
extraction for example,
) Ridge Regression

|

. kSupport Vector Machine /

visualization or
predictive model

) praiggankagwinegyg'mamazing
. |UVB Yeveryone : for
t:hristmalsW(:)nderI:u||l]?()j(cl:|§r%i(ljy

rfaéjna%(!%wgre at blessed peayfifu
friendsh awesomegﬂdschumh

ne?h ; I«ral":l pythankprayervsveekend
ankiul“fj prayg()[ld tonight

o



Challenge

Topics
~2K



Challenge

Poisson Distrib utions for Lambdas 1-10
0.40
0.35 T—% .
\ TN
0.30 1 _r; N
0.25 / \ / l'“
'
P 0.20 ‘ f
'l
T 75 i
T S /
= g I
0.0s - e e -
0.00 == = . ‘u
0 2 4 53 8 10 12 14 15
X

NGrams Topics
~20k after frequency filter ~2k



Challenge

NGrams
~20k after frequency filter



Challenge: Even Worse

Language:
High-dimensional,
sparse, and noisy.

Socio-economics:
few and well estimated




PART Ill: How?

Volunteer or Public Data

cocialmeds personality  age visualization or
gender health predictive model
messages well-being county :
.thanksgivingogg|mamaz|ng
praise P
;) love OaYererors iy dfor
christmaswonderfull d - famil
pitodsy oreat blessed oo
tomorrowgr%%mmlegt}d.s beautiful
phraseg 04 tharkfu 1 rovs00d et
linguistic correlation —
feature b) topids o ——:_

extraction model

_ P
learning %

"\ /




Prediction

Human or Community Data

Outcomes / Controls

' edia i
social m oy Tares 3) Regression
messages demographics Modeling

2) Dimensionality reduction

univariate

words and freq feature SVD
phrases L selection
1) Linguistic f R
. req
leatlre topics e
extraction
fre univariate
4 feature SVvD

filter selection



Marginal gain from Socioeconomics:

Foreclosure | Increased-price

language .38 0.48

combined 0.40 0.49

Out of sample Pearson r




Residualized Control Model

* Effectively use both low dimensional control features and
high-dimensional, noisy language features:
* Train a control model using the control values

e Calculate the residual error and consider it as the new label

* Train a language model over the new labels



Residualized Control Model

/ Data

'rr'fmt ol

Control Model

3 | =
-
e e '_. .
2 22 L.
1 al 1
o
b 1 2 i 4 5
Lrontrol

y:ﬂxxr?mtimi‘l'.ﬁ‘l'f
a=]1g=0

error

Language Model

"l g
Dl4&1: .

02 |

@ =] |
s 9 1 .:}' 1 4 §
{\.;‘; '. ®
06

Llanguage

€ =% X Tlanguage +A
¥=03,A=-0.7

=

Y=o X Ieontrol - o

7 X Tlanguage F B + A

B+A=-0T

Zamani M, Schwartz HA. Using Twitter Language to Predict the Real Estate Market. EACL 2017. 2017 Apr 3:28.



Residualized Control vs. Combined Model

Y =axi+Pro+e€

Both learn same linear model.

e Different learning algorithm per variable
e As if different penalization.



Marginal gain from Socioeconomics:

Foreclosure | Increased-price

language .38 0.48

combined 0.40 0.49

Out of sample Pearson r




Marginal gain from Residulaized Control

Foreclosure | Increased-price

language 0.38 0.48
combined 0.40 0.49
residualized control 0.42 0.59

o

Out of sample Pearson r
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Building a model

Training Data L
ol Model @

tweets+ statuses

Application Data
1.3m statuses



Building a model

message

did nothing this morning but watch TV and it was fantastic =)

dislikes being sick.... and misses her bf

pancake day tomorrow pancake day tomorrow xxxxx

Training Data
4.3k

tweets+ statuses

Learn
Model

Application Data
1.3m statuses

R1

-.67

.50

R2 R3I m

-50 -560 -.55

.50 1 .67

class
past
present

future



Building a model

message R1 R2 R3 m class
did nothing this morning but watch TV and it was fantastic =) -67 -50 -50 -55 |past
dislikes being sick.... and misses her bf 0 0 0 0 present
pancake day tomorrow pancake day tomorrow xxxxx S50 .50 1 .67  future

<

[ Linguistic Feature Extraction




Building a model

[ Linguistic Feature Extraction

™\

¥
lexica words and
phrases




Building a model

parts-of-speech time

(covers tense) expressions
Linguistic Feature Extraction

™\

r'd
lexica words and
phrases




Building a model

“today” “in two weeks”
time
expressions
“January 15"

‘last year”



Building a model

parts-of-speech time

(covers tense) expressions
Linguistic Feature Extraction

™\

r'd
lexica words and
phrases




Building a model

message R1 R2 R3 m class
did nothing this morning but watch TV and it was fantastic =) -67 -.50 -50 -55 past
dislikes being sick.... and misses her bf 0 0 0 0 present
pancake day tomorrow pancake day tomorrow xxxxx .50 .50 1 .67  future

<

Linguistic Feature Extraction

L

Learn Message-Level Model



Building a model

/

More than 5
?

legs'

= Is hiding under
Delicious? your bed?
More than 5 ‘V yes "‘C’/ yes
o legs’ yes
On back of Star of Star of
More “":" 5 Australian 5- Charlotte’s Makes honey? Charlotte’s
no leg=7 yes cent coin? Web? Web?
Is hiding under
Delicious? your bed?
= Is hiding under 6
Delicious? your bed? / yes no yes More than 5
o legs? yes
no yes no yes On back of Star of Star of
Australian 5- Charlotte’s Makes honey? Charlotte’s
cent coin? Web? Web?
On back of Star of Star of i
Is hid d
Australian 5- Charlotte’s Makes honey? Charlotte’s Delicious? s y(‘;:,:%:é‘v o
cent coin? Web? Web? ‘
y s "f/ jos
More than & On back of Star of Star of
o legs? yes Australian 5- Charlotte’s Makes honey? Charlotte’s
cent coin? Web? Web?
More than 5
o legs? yes
Is hiding under
Delicious? s
More than 5
legs? yes
- Is hiding under no ne
Delicious? e / yes nj/ ves /
no es no On back of Star of Star of
/ ¥ / Jes Australian 5- Charlotte’s Makes honey? Charfotie’s o Is hiding under
cent coin? Web? Web? Delicious? your bed?
On back of Star of Star of
Australian 5- Charlotte’s Makes honey? Charlotte's 16
cent coin? Web? Web? yes L yes
On back of Star of Star of
Australian 5- Charlotte’s Makes honey? Charfotte’s
- % PP Web?
Learn Message-LeveI Model

Accuracy over a held-out set: 72%;

baseline: 53%

Schwartz, H. A., Park, G., Sap, M., ..., & Ungar, L. (2015). Extracting Human Temporal Orientation from Facebook Language. NAACL-2015:
Conference of the North American Chapter of the Association for Computational Linguistics




Building a model

parts-of-speech .
(covers tense)62 4

Linguistic Feature Extraction

<Iexica 68% Qﬁds and s90,
essage-Le el

Accuracy over a held-out set: 72%; baseline: 53%

Schwartz, H. A., Park, G., Sap, M., ..., & Ungar, L. (2015). Extracting Human Temporal Orientation from Facebook Language. NAACL-2015:
Conference of the North American Chapter of the Association for Computational Linguistics

tlme. 599
expressions




past? present? future?

1.3m statuses
from
4,833 Participants

(3,240 AG Stratified)




B past [ present [ future

5

standardized Temporal Odentafion
=]

* - 25,
@ %)
fhc'b ,Qt? ; present
(%' - 50 -
1: female 12 0 0 40 B Eo
User age

0: male



B future

B past [ present

*




B future

B past [ present

*




B future

B past [ present




Volunteer or Public Data

social media
messages

linguistic
feature
extraction

a) words and

b) topics

personality age
gender health
well-being county

correlation
or
model
learning
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Resources

BDLATIK

dlatk.wwbp.org




Resources

#feature extraction:
dlatkInterface.py
-d <data> -t <corpus>

-Cc <group_data_column>
H DLATI( --add_ngrams -n 1 2 3

--combine feat tables
1to3gram

dlatk.wwbp.org




Resources

#feature extraction:
dlatkInterface.py
-d <data> -t <corpus>

-Cc <group_data_column>
n DLATI( --add_ngrams -n 1 2 3

--combine feat tables
1to3gram

dlatk.wwbp.org

#run differential language analysis (linear regression)
dlatkInterface.py -d <data> -t <corus> -c user_id
-f 'feat$cat LIWC2007%$msgs xxx$user _id$l6tol6e' --outcome_table
blog outcomes --group freq thresh 1000 --outcomes extraversion
--controls age gender --output _name xxx_output --make wordcloud



extraversion -- sociable, assertive, active, energetic, talkative, outgoing

much_fun

time_with _tonight Chlllsoothen off
whats partying boutjersey shore ;
$0000  ,doin jaci richt 1y@'p oladies

dont aHwﬁeken(jﬂlnner with S00000
1 1 1a_blast hit_me_up great_ n'ghﬁ

sunday @ cnmln

ecmgn!c!apiwngl at Efzbfeag"cgii: th'ﬂ‘g rl y"g‘on}' ha
I‘!eayd gedEtt - Iove youloves hcﬂ!'qns IE'I!‘SlS
babechlll- idn b bymy lifé an amazmg,. i

pumped big to see _my wanna

excited
i melets @il ioyinGITIS weysy

S000
cﬁfis'fﬁebestleth t tk Oyswn
dance feelin 8Y aythe bEStaln e .
pool |0ve yall Iooklnl Iwa come
guys beautiful I blessed

Porna :
-:_.-1---.-- F

Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., D2|urzynsk| L., Ramones, S. M., Agrawal, M., Shah, A., Kosinski, M., Stillwell, D., Seligman, M.
EFE P &Unaar | H (2013) Personalitv. Gender and Aade in the | anauaae of Social Media* The Onen-Vocabularv Aboroach /'n Pl OS



Resources

#feature extraction:
dlatkInterface.py
-d <data> -t <corpus>

-Cc <group_data_column>
n DLATI( --add_ngrams -n 1 2 3

--combine feat tables
1to3gram

dlatk.wwbp.org

#run differential language analysis (linear regression)
dlatkInterface.py -d <data> -t <corus> -c user_id

-f 'feat$cat LIWC2007%$msgs xxx$user _id$l6tol6e' --outcome_table
blog outcomes --group freq thresh 1000 --outcomes extraversion
--controls age gender --output _name xxx_output --make wordcloud

--[logistic_reg|AUC|IDP]



Resources

#feature extraction:
dlatkInterface.py
-d <data> -t <corpus>

-Cc <group_data_column>
n DLATI( --add_ngrams -n 1 2 3

--combine feat tables
1to3gram

dlatk.wwbp.org

#run differential language analysis (linear regression)
dlatkInterface.py -d <data> -t <corus> -c user_id
-f 'feat$cat LIWC2007%$msgs xxx$user _id$l6tol6e' --outcome_table
blog outcomes --group freq thresh 1000 --outcomes extraversion
--controls age gender --output _name xxx _output --make_wordcloud



Resources

#feature extraction:
dlatkInterface.py
-d <data> -t <corpus>

-Cc <group_data_column>
n DLATI( --add_ngrams -n 1 2 3

--combine feat tables
1to3gram

dlatk.wwbp.org

#create and cross validate a predictive model

dlatkInterface.py -d <data> -t <corus> -c user_id
-f 'feat$cat LIWC2007%$msgs xxx$user _id$l6tol6e' --outcome_table
blog outcomes --group freq thresh 1000 --outcomes extraversion
--controls age gender --model ridge --combo_test _regression



Resources

BDLATIK

dlatk.wwbp.org
Intended for anyone LE U B
(still under develoment) LANGUAGE ANALYSIS X SOCIAL SCIENCE

lexhub.org



Thank You! n

...the largest data set of who we are.

The most interesting results may never be hypothesized.

has@cs.stonybrook.edu

q\\\‘ Stony Brook University



* Thank You! n

The most

thesized.

q\\\‘ Stony Brook University



Supplemental Material
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Predicting based on a different sample




Predicting based on a different sample



Predicting based on a different sample



Representative Sample?

Surveyed well-being
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Representative Sample?
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Surveyed well-being



Representative Sample?

fit model ,'@
=

Surveyed well-being
----- #om - O .
representative sample.




Representative Sample?

fit model ,'@
=

Surveyed well-being
----- #om - O .
representative sample.







Kevin A Padrez, L Ungar, HA Schwartz, RJ Smith, S Hill, T
Antanavicius, DM Brown, P Crutchley, D Asch, Merchant. Linking
social media and medical record data: a study of adults presenting to an

academic, urban emergency department. BMJ Quality & Safety | 2015

Screened and approached for

enrollment
N=5256
e

A 4

Did not use Facebook or
Twitter (exclusion criteria)
N=2539 (48%)

study
N=2717 (52%)

Asked to participate in the

\J

Declined any participation in
research study
N= 1284 (47%)

Total study participants
N=1433 (53%)

v

v

Non-sharers
N=425
(29%)

EMR and social media sharers

N=1008 (71%)



http://qualitysafety.bmj.com/content/early/2015/10/09/bmjqs-2015-004489.short?g=w_qs_ahead_tab
http://qualitysafety.bmj.com/content/early/2015/10/09/bmjqs-2015-004489.short?g=w_qs_ahead_tab
http://qualitysafety.bmj.com/content/early/2015/10/09/bmjqs-2015-004489.short?g=w_qs_ahead_tab
http://qualitysafety.bmj.com/content/early/2015/10/09/bmjqs-2015-004489.short?g=w_qs_ahead_tab
http://qualitysafety.bmj.com/content/early/2015/10/09/bmjqs-2015-004489.short?g=w_qs_ahead_tab

n (%) of patients

n (%) of patients

ICD-9 Diagnosis with diagnosis who |without diagnosis
Code Terms searched used term who used term

abdominal pain, stomach pain, belly pain,
Abdominal Pain  {tummy pain, stomach hurts, belly hurts,
(789) tummy hurts, tummyache, stomachache,

bellyache 81(21) 21 (8)
Nausea/Vomiting [nausea, vomiting, vomit, throwing up,
(787) spitting up, threw up, puke, puked, vomited

101 (29) 69 (22)

Meadacks headache, migraine, head hurts
(339&784.0) ' d 141 (59) 192 (46)°
f;;r;i:}limb leg hurts, arm hurts, finger hurts, toe hurts 503) 5(1)
UTI (599.0) uti, urinary tract infection 1(1) 4 (1)
Back pain
(724.1&724.2&72 |back pain, backache, back hurts
4.3&724.48&724.5) 29 (15) 51(11)
Cough (786.2) cough, coughing, coughed 40 (26) 109 (22)
:l:;;‘ :; s giving birth, gave birth 62 (33) 148 (10)
Anemia
(280&281&282&2 |anemia
B83&284&285) 3(2) 2 (0)
Dizziness (780.4) |dizzy, dizziness, vertigo 28 (22) 79 (15)
Asthma (493) asthma ) 36 (28) 36 (7)
Acute URI (465)  [caught a cold, have a cold 7(7) 24 (4)
Throat Pain
(784.1) sore throat, throat hurts 26 (24) 62 (1)
Depression (311) [depression, depressed 35(38) 169 (30)




Big Data

The Big Data Promise: enabling links with
unprecedented amount of new information.

mm) Better health care ‘

Personalized Health: Patients’ Everyday Lives



Individual Traits in Facebook

Power Analyses

B age

110° B gender
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9 70
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Q
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tonight tomorrow
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Individual Well-Being
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Community Well Being

sailing geep!/2ters brickwalls takes

ship “waveswave gcgustruction. by iijdin
salocean swim sr?cSvsr:::r?guiitBui|dgroundg

k blocks A
Wgéer Er%?gt sin noakh bndgecastle
r=.15 r'=.13

: skiin awsom;;eeps_ I'eat
valley fallst"alcreel 008 B g 8 B Federful
total §rAN k ity Mveran Gichigan holiday fantastic
springs - kpa.r . can(l;;itr:%SWimming ﬁshiﬁg hopeweekendemoY
headedhlkea ehlklng head dwater safehopes 1 d

forest river sade salt fab

r=.12 r=.12 r=.12



Generating Lexica from *most*
Supervised n-gram Models

e Generalize multi-variate regression model into lexica.
e \Works at multiple levels:

Hand annotated messages or users

o OCEAN: User-level Cambridge data set

o PERMA: MTurk-ed mprecosaa S

outcome

!

learning

[_ngram
dim. —> | fit
reduction regression




Multivariate or Univariate for Insights?

|_feature |—>®—>I correlation |
[feature |—><__ fit _>—»[Tcorrelation |

[feature }—C___fit __>—»{ correlation |
Tl T

lord % ._.sara
everyone happydaype Jobycinds

fit
regression
(suppress
covarying
features)

praise beaUtifUIg re;atfun but?'lllll‘rl!llr?l rﬁmeggan I"Ietrc":l?‘lses ous
thanksgiving amazin g:) H

tOdayWonderfulprayer amazing :)handSticked
¥ WIILIL our highest scarymake-upbags

famlly <citedlove sunrise fluffyawesomeg
thank godblessed banana §.,,-everyone

forprayers ashley’ “jick Wow



Individual Well-Being: message to user-level

tonight tomorrow

exc'te wooohooo

super pumped ) — T
stoked 0000 UPeoming

psyched bummed” (mean) .000
lexica: GNH 210
lexica: Hedonometer 108

... _research !
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writing size

sample size / populations

(Gosling 2004; 2010)

self-descriptive variables

Why Social Media and Language?

unobtrusive longitudinal / look back in time

often personal /
potential for real-time everyday concerns



