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Majority of Americans now use Facebook, YouTube

% of U'S. adulls who say they use the following social media sifes online or
on their cellphone

80
O YouTube 73%
Facebhook 62
60
a0
Instagram 35
Pinterest 29
o Snapchat 27
Linkedln 25
O - Twitter 24
20 /’ WhatsApp 22

ﬂ I T T T T T 1
2012 2013 2014 2015 2016 2017 2018

Mote: Pre-2015 telephone polldata is notavailable forYouTube, Snapchat or WhatsApp.

Source: Survey conducted Jan. 3-10, 2018, Trend data from previous Pew Research Center

SUMVEYS.
“Gocial Media Use in 2015°
PEW RESEARCH CENTER

Social platforms like Snapchat and Instagram are
especially popular among those ages 18 to 24
% of U.S. adulis in each age group who say they use ...

50+ 30-49 2529 18524

YouTube BE% @ ® 94%
20
Facebook 55 e 4
Snapchat Te 75
Instagram 16 e ® 71
Twitter i4 » ® 45
o 20 40 B0 a0 100

Source: Survey conducted Jan. 310, 2015,
“Social Media Use in 20157

PEW RESEARCH CENTER

A majority of Facebook, Snapchat and Instagram users
visit these platforms on a daily basis

Among U.S. adulfs who say they use ___, the % who use each sife ...

NET
Several timesa day  Aboutonceaday Lessoften  Daily

Facebook 26% T4%
Smapchat 49 14 36 63
Instagram 39 B0
Twitter 53 46
YouTube 29 17 55 45

Mote: Respondents who did not give answer are notshown. “Less often” category includes
users who visitthese sites a few times a week, everyfew weeks or less often.

Source: Survey conducted Jan. 3-10, 2018,

“Bacial Madia Use in 20157

PEW RESEARCH CENTER
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Social media as
a data source
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Treatment/care

«— Time (in days

[CSCW’13; CHI'13; ICWSM’13;
WebSci’13; CSCW’14; CHI'16]
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[PH’13; CSCW’16; CHI'17;
IMWUT]
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[ICWSM’14; WWW’15;
ICWSM’17; PACM]

Why does no one like me? (self.depression)
9 submitted 13 hours ago by |

-

[ feel invisible so often; like an extra in a movie,
always on the sidelines. I don't have any genuine
friends, just acquaintances. And not even just
friends, I haven't had a genuine conversation with
anyone of the opposite gender in years. The worst
part is that I delude myself into thinking I have a
chance with people who are out of my league. I
just feel so alone.

6 comments share

[JMIR; Psych Services;
PACM; CHI'17]




Diagnosis and Detection



Social Media Derived Behavioral and Affective
Markers Predict Postpartum Changes

volume replies NA auwalion

(-ve change) «— New mothers — (+ve change)

«— Time (1n days) —
376 users (new mothers); 40,426 posts between March 2011 and July 2012



(De Choudhury, Counts, Horvitz, CSCW 2013)

Greedy Differencing Analysis

O determine the number of
unigrams whose change in
usage frequencies renders the
mothers with large effects
significantly different

O the deviations for certain new
mothers captured by a rather
small number of unigrams:

1.16% compared to mothers with
small effects

10.73% with respect to the
background cohort

Unigram freq. distance after vs. before childbirth

10‘3‘ -
| -~ Mothers with
10~ ' ae S . small effect size
By - o 0, Background
10" F - \cohort
10 10 oo
10"
lO_H \1 ; "1‘5:\.’ P Lot ; Lo iiis ; AR .
10 10 107 10 10 10

Number of unigrams eliminated



(De Choudhury, Counts, Horvitz, Hoff, CSCW 2014)

Model Fitting/Prediction

Penalized logistic regression:

___lprenatal |+10d |+20d _ |+30d _ |Postnatal |
Dev.

61.32 57.39 52.58 46.61 58.15

-30.668 -26.3 -20.34 -17.24 -28.84

psd. R? 0.355 0.383 0.439 0.484 0.372
0.72 0.68 0.62 0.57 0.703

156 156 156 156 156

Error df 100 100 100 100 100

 The prenatal period does provide PPD-predictive information together
with a brief period of postnatal observations.

e Aligns with findings in the clinical literature where prepartum depression
is known to be a good indicator of PPD (Beck 2001).



(De Choudhury, Counts, Horvitz, WebSci 2013)

Social media depression index

n)—mp, n(t)—p, standardized difference between frequencies
_ s S

of depression-indicative and standard posts,

compared to a period before between k and t-

1 (1<k<t-1)

SMDI(t) =

predlcted (SMDI)
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least squares regression fit yields correlation of 0.52



(De Choudhury, Counts, Horvitz, WebSci 2013)
Social Media Language Predicts Prevalence of
Depression in the U.S.
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Beyond correlational methods...



(De Choudhury, Kiciman, Dredze, Coppersmith, Kumar CHI 2016)
Media Health Discourse in Social Media Predicts Shifts

to Suicidal Ideation

&« & | & https://www.reddit.com/r/SuicideWatch/new/

@ 9 e o

MY SUBREDDITS w  FRONT - ALL - RANDOM | ASKREDDIT - FUNNY - TODAYILEARNED - PICS - GIFS - VIDEOQS - GAMING - WORLDNEWS - NEWS - AWW - SHOWERTHOUGHTS - MOVIES - TELEVISION - MILDLYINTERESTING - JOKEE MORE »

S‘W hot | new | rising controversial top gilded wiki

Want to joIn? Log In or sign up In seconds. | English

From the SW Mods | If you see pissssminsilissmsy quideline violations, click here to message us!

How often is too often to think about killing yourself? (seir.suicdewarcn)
submitted 8 minutes ago by thy RO

1 comment share

Please will someone talk with me? (ser.suicidewatcn)
submitted 17 minutes ago by _

2 comments share

What's the point? (seir.suicidewatch)
submitted 26 minutes ago S 5

1 comment share

Finally think I'm ready to just do it (sef.suicdewatch)
submitted an hour ago by ussgag

2 comments share

the life story (seff.suicdewatch)
submitted an hour ago by Iry

1 comment share

I don't know how much longer I can resist. (ser.suicdewarcn)
submitted an hour ago * eSS

3 comments share

I can't keep doing this... (seif.suicidewatch)
submitted an hour ago by “

1 comment share

Best friend is suicidal, and I don't know what to do. (serr.suicidewatch)
submitted an hour ago by J

1 comment share

Help me (ser.suicidewatch)
submitted 2 hours ago by helpmepleaseg
7 comments share

| search Q ‘

username | | password ‘

[T remember me  reset password login

Submit a new text post

SuicideWatch
[EIEEEER] 45,442 readers

() ~56 users here now

Resources

The SW Mod team also maintains
fr/SWResources.

If you need help for yourself, we've got a
directory of voice and chat/text hotline
services and FAQs about hotlines, plus
selected online resources.

If you're concerned about someone else,
you're welcome to post, also check out our
talking tips and risk assessment guide. If
you're new here and want to help, please read
these two posts before diving in.

If you've lost someone to suicide,
/r/SuicideBereavement is there for you, or
you can check out our shared list of
bereavement resources.

Guidelines



(De Choudhury, Kiciman, Dredze, Coppersmith, Kumar CHI 2016)
Patterns of Mental Health Discourse on Social

Media Predict Future Suicidal Ideation

depression +30% | differences -57%
useless +51% | always a -56%

suicidal +34% | be working -56%
medicine  +52% | keep your -56%
locked +51% | preferred -56%
no friends +51% | awesome | -56%

loneliness +50% | and enjoy -55%
alone | +34% | it work -55%




Treatment and Care



(Birnbaum, Ernala, Rizvi, De Choudhury, and Kane, IMIR)

Reducing DUP (Duration of Untreated
Psychosis) with Social Media
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(Ernala, Rizvi, Birnbaum, De Choudhury, and Kane, Ongoing Work)

Social Media for Relapse Prevention

* Facebook and Google data of young adult early psychosis
patients (so far N =86).

* Relapse events/hospitalization information.

e Psychosis vs. healthy control — 5-fold cross validation

e Average Precision (= 0.86), Recall (=0.83), Accuracy (=0.77), AUROC
(0.81)

 Significant predictors (PA, Sadness, Conjunction, 1st person plural, 2nd
person etc.)

e Psychosis vs. mood disorder — 5-fold cross validation

e Average Precision (= 0.78), Recall (=0.72), Accuracy (=0.75), AUROC
(0.82)



(Ernala, Rizvi, Birnbaum, De Choudhury, and Kane, Ongoing Work)

Social Media for Relapse Prevention

Hl Post onset
[ Pre relapse
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Some Open Challenges

e Platforms’ Terms of Service and other policies

e Data challenges
e Different platforms, different affordances
e Different usage
e Usage evolves over time

 Modeling challenges
e “Black box” models
* Sensitive inferences from otherwise benign information
e Usability/transparency/trust

e User expectations of privacy

e Challenges of public data/consent/IRB
e Who owns the data?
e Data not created for health use



Thanks!

munmund@gatech.edu
http://www.munmund.net
@munmunlO
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