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Social Media Derived Behavioral and Affective Markers
Predict Postpartum Changes

(De Choudhury, Counts, Horvitz, CSCW 2013; CHI 2013)



Social Media Derived Behavioral and
Affective Markers Predict Postpartum
Changes
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(Saha and De Choudhury, PACM/CSCW 2018)

Measuring Levels of Acute Stress in College
Campuses with Social Media
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Temporal and Linguistic
Patterns of Stress
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(De Choudhury, Counts, Horvitz, ICWSM 2013; WebSci 2013)
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Multi-Task Learning for Mental Health
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Abstract

‘We introduce initial groundwork for esti-
mating suicide risk and mental health in
a deep learning framework. By model-
ing multiple conditions, the system learns
to make predictions about suicide risk and
mental health at a low false positive rate.
Conditions are modeled as tasks in a multi-
task learning (MTL) framework, with gen-
der prediction as an additional auxiliary
task. We demonstrate the effectiveness
of multi-task learning by comparison to
a well-tuned single-task baseline with the

same number of paramelers

using Social Media Text
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Detecting depression and mental
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the past few decades, many cases remain undetected.
Symptoms associated with mental iliness are observable on
Twitter, Facebook, and web forums, and automated methods
are increasingly able to detect depression and other mental
ilinesses. In this paper, recent studies that aimed to predict
mental liness using social media are reviewed. Mentally il
their public
sharing of a diagnosis on Twitter, or by their membership in an
online forum, and they were distinguishable from control users
by pattems in their language and online activity. Automated
may help to identify dep otherwise

social media, and in the future may complement existing

d analysis of social media potentially provides
methods for early detection. If an automated process
could detect elevated depression scores in a user, that
individual could be targeted for a more thorough assess-
ment, and provided with further resources, support, and
treatment. Studies to date have either examined how the
use of social media sites correlates with mental illness in
users [3] or attempted to detect mental illness through
analysis of the content created by users. This review
focuses on the latrer: studies aimed at predicting mental
illness using social media. We first consider methods used
to predict depression, and then consider four approaches
that have been used in the literature. We compare the
different approaches, provide direction for future studies,
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Facebook language predicts depression in

medical records
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Depression, and
undersreated, highighting the need to extend the scope of current

Y
by 683 patients visiting 3 large urban academic de-
partment, 114 of whom had a disgnosis of depression in their
medical records, Using only the language prececing their first

suicides are often not adequ:

“Now at Google Research.
"https://www.nami.org/Learn-
More/Mental-Health-Condition:

shop (Hollingshead, 2016).

of a diagrasis of depression, we could identify

pressed patieets with fair accuracy [ares under the curve
(AUQ 0.69]. approximately matching the accuracy of screening
surveys benchmarked against medical records. Restricting Face-
bock data to anly the & months immediately preceding the first
documented disgranis of depression yiekded o Higher prediction ac-

curacy (AUC = 072)
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camplerment to exising scening and menitoring procedures
big dta | depresion | sacial medha | Facebook | screening

ach year, 7-26% of the US population expericnces de-
peession (1, 2), of whom oaly 13-49% recewe minimally
adequate treatment (3). By 2030, unipolsr depressive disoeders.
are predicted 1o be the keading cause of disability in high-income
countries (4). The US Preventive Services Task Force recom-
mends screening adults for depression in circumstances in which
accurste diagnoss, treatment, and follow-up can be offered (5),
These high rates of underdiagnosis and undertreatment suggest
that existing procedures for screening and dentifying depressed
patients are inadequate. Novel methods ane needed to icentify
and treat patients with depeession.
ing Fasebook langsage data from 2 saewple of consenting
patients who presented 10 a single emergency department, we
built a method to predict the first documentation of & diagnesis
of depression in the electronic medical record (EMR). Previous.
research his demosstzated the feasibility of using Twitter (6, 7)
and Facebook language and activity data to predict depres-
sion (8), postpastum depression (9), suicidality (10), and post-
traumatic stress disorder (11), relying on self-report of diagnoses
on Twitter (12, 13) or the participants’ respanses to screening
sarveys (6, 7, 9) to establish participants’ mental health status. In
contrast 10 this prioe work relving on self-report, we established &
depression disgnosis by using medical codes from an EMR,

As described by Padrez ot al (14), paticnts in & single usban
academic emengency depactment (ED) were sskad 10 share acoess.
%o their medical records and the statuscs trom mm Facebook
timelines. We used o
of Diseases (ICD) codes in patienss’ mndlnl mm»a praxy for
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the dagnoss of depeession, which peioe rescareh has shown is fea
sible with moderate accuracy (15). Of the patients enrolled in the
study, 114 had a diagnosss of depecssion in their modical recoeds, Foe
these paticnts, we determuncd the date at whach the fisst docy-
meetstion of & disgnosis of depression was recorded i the EMR o
the hospital system, We amalyaed the Facebook data gencrated)
by cach user before this date, We sought 10 simulste a realistic]
screening sensno, &0 50, for cach of these 114 paticats, we ilen]
tified S random control paticts without a diagaoss of depression inf
the EMR, examining only the Facebook data they crested befiore they
corresponcing depresed patient's first date of 3 recorded g
of depresion. This allowed us % compere Gepresed and contrul]
patiensy’ data across the same time span and to model the peev
lence of depression in the lamger population (~16.7%

Results
Prediction of Depression, To predict the future diagnoss of de-

pressin in the mecdal reo0rd, we bl prodition Mo by ey — ———
the teatusl content of the Facebook posts, post lengeh, frequency of

pasting, tempocal posting pattemms, nd demographics (Maserialy
and Meshods). We then evalusted the performsance of this model by
comparing the probability of depressian estimated by our algorithm
against the actual prescace of abserke of depression foe cach pa-
tient in the medical record (using 10-fold crossvalication 10 #oid
owerfitting). Vasying the threshoid of this peobability for disgnosis

significance

Depression Is disabling and trestable, but underdiagnosed. in
this study, we show that the content shared by
a future occurrence of de-

data could be used to sareen
pression. Further, sockal media content may point clinicans to
speciic symatoms of depression.
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Automated analysis of social media is accomplished by
building predictive models, which use ‘features,’ o
variables that have been extracted from social media data.
For example, commonly used features include users’
language encoded as frequencies of cach word, time of
nosts and other variables (see Fionre 2) Featnres are
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Predicting Depression via Social Media



Summary

* (Cansocial media activities and connectedness predict risk to
major depressive disorder?

* Recruitment of a sample of Twitter users through a survey
methodology over Amazon’s Mechanical Turk
* ~40% provided access to Twitter data

reported onset
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Summary

* Social engagement

e  “Insomniaindex” — mean z-score of an individual’s volume of
Twitter activity per hour

 Ego-centric social graph — nodal properties (inlinks, outlinks);
dyadic properties (reciprocity, interpersonal exchange);
neighborhood properties (density, clustering coefficient, two-
hop neighborhood, embeddedness, number of ego components)

* Language

 Depression lexicon — top uni- and bigrams compiled from Yahoo! Answers
category on mental health

e Linguistic style



Summary
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Summary

Egonetwork measures Non-depres. class

#followers/inlinks 26.9 (6=78.3) | 45.32 (6=90.74)
#followees/outlinks 19.2 (6=52.4) | 40.06 (6=63.25)
Reciprocity 0.77 (6=0.09) | 1.364 (6=0.186)
Prestige ratio 0.98 (6=0.13) | 0.613 (6=0.277)
Graph density 0.01 (6=0.03) | 0.019 (6=0.051)
Clustering coefficient 0.02 (6=0.05) | 0.011 (6=0.072)
2-hop neighborhood 104 (6=82.42) | 198.4 (6=110.3)

Embeddedness 0.38 (6=0.14) | 0.226 (6=0.192)
#ego components 15.3 (6=3.25) | 7.851 (6=6.294)




Discussion Point |

In this paper, the ground truth was obtained
from Amazon mechanical turk workers.
Anything unique about this population that
may have affected the findings? What would
be alternative ways of recruiting people or
gathering high quality ground truth?



Discussion Point Il

Depression is not an online condition, but
one that spans both the online and the
offline life. The paper does not take offline
attributes into their models.

Is there a way to that into account? What
would be the most significant offline
attributes to consider?
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Abstract

We present a machine learning-based methodology capable of providing real-time (“now-
cast’) and forecast estimates of influenza activity in the US by leveraging data from multiple
data sources including: Google searches, Twitter microblogs, nearly real-time hospital visit
records, and data from a participatory surveillance system. Our main contribution consists
of combining multiple influenza-like illnesses (ILI) activity estimates, generated indepen-
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Key Points

Question Can real-time streams of secondary information related to suicide be
used to accurately estimate suicide fatalities in the US in real time?



Discussion Point ll|

But are models trained on aggregated
group-level differences useful at the
individual level?



T USED T THINK,
CORRELATION MPUED
CAUSATION.

1

THEN I TOKK A

STATISTICS CLASS.

NOw I DONT.

9

SOUNDS LIKE THE
CI.ASS HELPED.

WELL, MAYBE.

§i

Correlation and causation
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What comes next?




What comes next?

Social Media + Machine Learning for clinical
Interventions




SOCIAL MEDIA + MACHINE LEARNING
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Our vision is that every person with
schizophrenia-related disorders achieves
recovery and a full life in a community free of
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r/depression

About this community
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Share
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Regular Check-In Post

Share

ridepression ®
If YOU feel shitty, help SOMEONE ELSE not feel shitty.

Ground truth label:
clinical assessment

Ground truth label:
Readily available

Proxy ground truth
labels



Construct Validity: Do the proxy diagnostic signals
objectively and accurately measure what they

claim to measure (clinical mental illness diagnosis)




Theoretical/Clinical grounding: Is what is being

measured by the proxy diagnostic signals

valid in itself?




Proxy data sets: diagnostic signals
for schizophrenia on Twitter

Affiliation Data N = 861

Self-reports Data N =412

Appraised Data N =153




Patient’s social media data

Schizophrenia _
Patient Data N =88 : : :
AAh DR
A D B
Northwell
Healthy Control Data | N =55 Health~




Methodology: Triangulation

Affiliation Data

Self-reports Data Affiliation Model -
Appraised g Binary classification task:
Self-reports Data Self-report Model B g
s |3 Distinguishing those with
y Appraised g; g schizophrenia from control
atched Control Data Self-report Model _ g populations
<

|

Schizophrenia

Patient Data .
Patient Model
Healthy Control Data




Affiliation Model
Self-report Model
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Efficacy

High internal validity
Very low external validity

Cross Validation

0.89
0.72
0.80

0.72

Testing on patient data
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Issues with Construct Validity

Affiliation B Appraised p Patient

i'm B -0.825 NegAffect m0.063| cog mech 1-0.003
stigma B 0.665 negation M0.074) present 1-0.002
mhchat B 0.696 present body 1-0.002
body B 0.729 help : verbs 1-0.002
bipolar B 0.774 thought : social 1-0.002
work BN0919 i'm , aux verbs 1-0.002
self BN 0.961 die : help 10.0002
social BN 1.109 alone : feeling  10.001
care BN 1.111 hard : im 10.002
depression @ EE1.116 cry . gonna  010.002
suicide BN 1.133 body . angel 10.002
thanks B 1.445 feeling 523 burning 10.002
illness BN 1.447 verbs . pray 10.003
help Bl 1.632 sorry : lifetime 10.005
mental health #m1.866 gonna : attack  10.006




Main Takeaway

If the broader research agenda is to use social media
data to inform clinical decision-making, such as early
diagnosis, treatment or patient-provider

interventions, (social media) data collection and
machine learning model development should
happen in context




Class Exercise

Describe a design idea where we can use
social media based depression (or other
mental health condition like
schizophrenia) predictors to help people.
How would it negotiate privacy and
ethical issues?



Improving “Blanket” Interventions
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Everything okay?

USERS HASHTAGS If you or someone you know is struggling
with thoughts of suicide, the Lifeline is
here to help: call 1-800-273-8255

If you are experiencing any other type of
CONTENT ADVISORY crisis, consider chatting confidentially
with a volunteer trained in crisis
Please be advised: These posts may contain intervention at ‘.“Jv\lw.imalive.oro. or
graphic content - TS : : :
anonymously with a trained active listener

For information and support with eating from 7 Cu pPS of Tea.
disorders, visit

http:// And, if you could use some inspiration
help.instagram.com/252214974954612 and comfort in your dashboard you

should consider following the Lifeline on
Tumblr.

Cancel Show Posts

Go back

View search results




(50 gle suicide
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About 214,000,000 results (0.44 seconds)

Need help? United States:

1 (800) 273-8255

National Suicide Prevention Lifeline

Hours: 24 hours, 7 days a week
Languages: English, Spanish
Website: www.suicidepreventionlifeline.org
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Hi Gerald, a friend thinks you might

be going through something difficult

and asked us to look at your recent
post.

Only you can see this. Anything you do there will
be kept private.

See Post
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ABSTRACT

Powered by machine learning techniques, social media provides
an unobtrusive lens into individual behaviors, emotions, and psy-
chological states. Recent research has successfully employed social
media data to predict mental health states of individuals, ranging
from the presence and severity of mental disorders like depres-
sion to the risk of suicide. These algorithmic inferences hold great
potential in supporting early detection and treatment of mental
disorders and in the design of interventions. At the same time, the
outcomes of this research can pose great risks to individuals, such
as issues of incorrect, opaque algorithmic predictions, involvement
of bad or unaccountable actors, and potential biases from inten-
tional or inadvertent misuse of insights. Amplifying these tensions,
there are also divergent and sometimes inconsistent methodologi-
cal gaps and under-explored ethics and privacy dimensions. This
paper presents a taxonomy of these concerns and ethical challenges,
drawing from existing literature, and poses questions to be resolved
as this research gains traction. We identify three areas of tension:
ethics committees and the gap of social media research; questions
of validity, data, and machine learning; and implications of this
research for key stakeholders. We conclude with calls to action to
begin resolving these interdisciplinary dilemmas.
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1 INTRODUCTION

Last year, Facebook unveiled automated tools to identify individuals
contemplating suicide or self-injury [75, 62]. The company claims
that they “use pattern recognition technology to help identify posts
and live streams as likely to be expressing thoughts of suicide,”
which then can deploy resources to assist the person in crisis [75].
Reactions to Facebook’s suicide prevention artificial intelligence
(AI) are mixed, with some concerned about the use of Al to detect
suicidal ideation as well as potential privacy violations [86]. Other
suicide prevention Als, however, have been met with stronger public
backlash. Samaritan’s Radar, an app that scanned a person’s friends
for concerning Twitter posts, was pulled from production, citing
concerns for data collection without user permission [54], as well as
enabling harassers to intervene when someone was vulnerable [4].

Since 2013, a new area of research has incorporated techniques
from machine learning, natural language processing, and clini-
cal psychology to categorize individuals’ moods and expressed
well-being from social media data. These algorithms are powerful
enough to infer with high accuracy whether an individual might
be suffering from disorders such as major depression [28, 19, 84,
73, 78], postpartum depression [26, 27], post-traumatic stress [21],
schizophrenia [60, 6], and suicidality [15, 22]. These algorithms
can also reveal symptomatology linked to psychiatric challenges,



