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Abstract

Background: Antidepressants are known to show heterogeneous effects across individuals and conditions, posing challenges
to understanding their efficacy in mental health treatment. Social media platforms enable individuals to share their day-to-day
concerns with others and thereby can function as unabtrusive, large-scale, and naturalistic data sources to study the longitudinal
behavior of individual s taking antidepressants.

Objective: We aim to understand the side effects of antidepressants from naturalistic expressions of individuals on social media.

Methods: On alarge-scale Twitter data set of individuals who self-reported using antidepressants, a quasi-experimental study
using unsupervised language analysis was conducted to extract keywords that distinguish individual s who improved and who did
not improve following the use of antidepressants. The net data set consists of over 8 million Twitter posts made by over 300,000
usersin a4-year period between January 1, 2014, and February 15, 2018.

Results: Five mgor side effects of antidepressants were studied: sleep, weight, eating, pain, and sexual issues. Social media
language revealed keywords related to these side effects. In particular, antidepressants were found to show a spectrum of effects
from decrease to increase in each of these side effects.

Conclusions: This work enhances the understanding of the side effects of antidepressants by identifying distinct linguistic
markersin the longitudinal social media data of individual s showing the most and least improvement following the self-reported
intake of antidepressants. Oneimplication of thiswork concernsthe potential of social mediadataas an effective meansto support
digital pharmacovigilance and digital therapeutics. Theseresultscaninform cliniciansin tailoring their discussion and assessment
of side effects and inform patients about what to potentially expect and what may or may not be within the realm of normal
aftereffects of antidepressants.

(IMIR Ment Health 2021;8(3):€26589) doi: 10.2196/26589
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Introduction

As mental health concerns continue to surge as an epidemic,
arguably exacerbated in the present and the near future due to
the ongoing COVID-19 pandemic [1], there is a growing need
to better understand the impact of antidepressantson individuals
with mental illnesses. Typically, the effects of these drugs are

https://mental .jmir.org/2021/3/e26589

maintaining adverse event reports [2,3]. However, these trials
are susceptible to biases [4]. Importantly, antidepressants are
known to show varying effects acrossindividual s and conditions
[5]. Despite severa meta-analyses [6], existing evaluations of
the benefits and harms of antidepressants are based on group
data and can only serve as advisories for individual patients.
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Due to clinical heterogeneity, an individual’s subjective
experience is crucially important to consider but is difficult to
be incorporated. Understanding the effects of a particular
antidepressant on a particular individual is nontrivial, as
emphasized in precision psychiatry and Research Domain
Criteria—informed treatment research [ 7]. Common side effects
related to antidepressants may include those related to
gastrointestinal problems, weight gain or appetite, dry mouth,
sleep, and sexual issues among others [8]. Side effects remain
acommon reason peopl e discontinue these medications[9], yet
it remains difficult to anticipate in which patients they will
occur. Larger sample sizes are often necessary to uncover new
findings about antidepressants [10], and social media offers a
new tool to understand side effects that may otherwise remain
undetected.

This short paper targets the above gap by adopting an
observational study approach using natural language and
machine learning methodologies on large-scale social media
data. Our work draws motivation from the success of using
social media as an effective source of unobtrusive, real-time,
low-cost, and naturalistic datato infer wellbeing. Social media
platforms enable individuals to share and express their
day-to-day psychosocia concerns; therefore, this is a form of
longitudinal verbal and behavioral data, and computational
linguistic approaches have helped reveal naturalistic patterns
of mood, behavior, cognition, psychological state, and social
milieu of individuals and collectives [11-15].

Linguistic cues and social interactions on social media have
enabled theinference of psychopathol ogiesincluding depression,
anxiety, stress, suicidal ideation, and loneliness[11,12,16-19].
In particular, the public-facing and microbl ogging-based design
of Twitter (which is also the primary data set of our study) is
known to enable candid self-disclosure and sel f-expressions of
individuals, including on sensitive topics such as mental health
and behavioral symptoms [20,21]. Twitter data were aso
recently leveraged to measure the psychosocial effects of
COVID-19 [20]. Recent data and meta-reviews suggest that
peopl e are often more honest and may self-disclose more about
mental health concerns and medications on social media than
on other mediums [22].

This work uses natural language and causal inference analytic
techniques on self-initiated social media expressions of
antidepressant users to study the heterogeneity of individual
and drug-specific outcomes. Our rationale is situated in the
emergent body of empirical evidence in “digita
pharmacovigilance” [23]. Digita pharmacovigilance hasenabled
understanding effects (and side effects) of prescription drugs

Textbox 1. List of antidepressants considered in this work.
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by employing data mining techniques on large-scale social
media data[24]. In recent studies leveraging publicly available
Twitter data, Nikfarjam et a studied the mentions of side effects
of 81 drugs[25], and Sahaet a conducted aquasi-experimental
study to explorethe effects of 49 generic psychiatric medications
[26]. These works reveded that Twitter data are an effective
source to study digital pharmacovigilance, including that of
antidepressants. This work extends the existing body of work
by examining a set of clinically grounded side effects of
antidepressants through identifying distinct linguistic markers
inthelongitudinal Twitter data; these data comprise 112,025,496
posts from 34,518 individuals showing the most and the least
improvement in symptoms following the self-reported intake
of antidepressants.

Methods

Data

To beginwith, alist of Food and Drug Administration—approved
antidepressants and antidepressant augmentation drugs was
developed in consultation with the psychiatrist coauthor (JT).
Thislistincluded 297 brand names mapped to 49 generic names
across the four major drug families: serotonin-norepinephrine
reuptake inhibitors (SNRIs), selective serotonin reuptake
inhibitors (SSRIs), tricyclic antidepressants, and tetracylic
antidepressants. Next, the Twitter application programming
interface was queried for public English posts containing the
brand name or generic name of these drugs between January 1,
2015, and December 21, 2016, to obtain 601,134 posts by
230,573 unique users. Because a mention of a drug does not
necessarily indicate a self-intake, a personal medication intake
classifier built in prior work [27] was used to identify
self-intakes of these medications. This classifier used a support
vector machine model and could distinguish if a Twitter post
corresponded to aself-report about apersonal medication intake
with an accuracy and F1 score of 0.82 [26]. The persona
medication intake classifier identified 93,275 posts from our
initial data set to indicate a persona intake. After pruning the
datato only typical Twitter users, the entirelongitudinal Twitter
data sets of 23,191 users were collected, amounting to
112,052,496 Twitter posts made in the 4-year period between
January 1, 2014, and February 15, 2018. These users
self-disclosed the persona intake of 297 brand names (mapping
to 49 generic names) of psychiatric medications (Textbox 1).
A control data set was also built including 707,475,862 Twitter
posts from the same period in the longitudinal timelines of
283,374 random userswho did not disclose any medicineintake
(also referred to as the control users).

agomelatine, amineptine, amitriptyline, amoxapine, bupropion, butriptyline, citalopram, clomipramine, desipramine, desvenlafaxine, dibenzepin,
dosulepin, doxepin, duloxetine, escitalopram, etoperidone, fluoxetine, fluvoxamine, hydroxynefazodone, imipramine, iprindole, levomilnacipran,
lofepramine, maprotiline, mazindol, meta-chlorophenylpiperazine, mianserin, mirtazapine, nefazodone, nisoxetine, nomifensine, norclomipramine,
northiaden, nortriptyline, opipramol, oxaprotiline, paroxetine, protriptyline, reboxetine, sertraline, setiptiline, trazodone, triazoledione, trimipramine,

venlafaxine, vilazodone, viloxazine, vortioxetine, zimelidine
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Study Design

This work aimed to obtain individuals who most and least
improved in mental health symptomatic outcomes after the use
of antidepressants. Replicating prior work [26], the study was
designed by adopting aquasi-experimental approach to measure
the relative treatment effect (RTE) of antidepressants of
self-disclosed users of these drugs on social media. This
approach draws motivation from the potential outcomes
framework [28], where counterfactual outcomes are estimated
based on the outcomes of similar (matched) individuals. A
stratified propensity score analysis was conducted to match
treatment and control, conditioned on aset of covariates. These
covariates were computed on the pretreatment data of each user
and included socia media structural features (number of
followersand Twitter posts, duration on platform) and linguistic
features such as psycholinguistic use [2], 2000 raw unigrams,
and baseline mental health symptomatic outcomes [26]. A
logistic regression model predicting a user’s treatment status
based on the covariates estimated the propensity scores, and
then the propensity scoreswere stratified into 100 strata of equal
length. Thereby, each stratum contained matched treatment and
control users who exhibited similar propensity scores. Then,
the RTE was quantified for each drug in each strata of matched
individual sastheratio of thelikelihood of an outcome measure
inthetreatment group to that in the control group. The outcome
measures consisted of mental health symptomatic expressions
of depression, anxiety, stress, suicidal ideation, and psychosis,
as quantified via binary transfer learning classifiers of these
expressions [26]. Accordingly, for each drug, after sorting the
stratain descending order of RTEs, the top 10 strata contained

https://mental .jmir.org/2021/3/e26589
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users with the most improvement, and the bottom 10 strata
contained users with the least improvement.

To drill into the posttreatment linguistic markers associated
with the symptomatic changes per medication, an unsupervised
language modeling approach, the Sparse Additive Generative
(SAGE) model [29], was employed on the posttreatment Twitter
posts of the most and |east improved users. Given any two data
sets, SAGE selects distinctive keywords from each data set by
comparing the parameters of two logistically parameterized
multinomial models, using aself-tuned regularization parameter
to control the trade-off between frequent and rare terms. SAGE
identified the salient n-grams in the posttreatment data sets of
treatment userswho showed contrasting changesin symptomatic
outcome measures of depression, anxiety, stress, suicidal
ideation, and psychosis. A detailed approach isincluded in the
supplementary information in Multimedia Appendix 1
[2,26,28-30]. This paper compares and reports the analysis for
4 major antidepressants and qualitatively dives deep into the
linguistic markers.

Results

Overview

To understand drug-specific effects, first, the posttreatment
linguistic markers associated with the symptomatic outcomes
of individual swho used antidepressants were compared (Figure
1). Table 1 shows the linguistic markers from the data sets of
those individuals who showed the most improved RTE and
those who showed the least improved RTE in outcomes. Table
2 presentsthe excerpts of five side effectsknown to beclinically
significant for antidepressants, which are explained below.
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Figure 1. Top n-grams (n=1,2,3) with normalized prevalence that co-occur with the named side effects. Blue and red bars represent magnitude of
normalized occurrence in the social media data of individuals showing the most and least improved symptomatic outcomes, respectively.
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Table 1. Top keywords extracted by SAGE [29] in the most and least improved strata of the 4 most popular antidepressants. |mprovement is measured
in terms of relative treatment effect on strata of similar users based on changes in mental health symptomatic outcomes of depression, anxiety, stress,

suicidal ideation, and psychosis.

Antidepressant Most improved in symptomatic outcomes Least improved in symptomatic outcomes

Sertraline fell asleep, fall asleep, good night, hours sleep, makes sad, fucking kidding, stop listening, conspiracy theory, green tea,
asexual, kissing, lips, sex, daddy, honest, fear, love, hair, tonight, math class, times bed, want eat, want sleep, freedom speech,
makeup, excited, kid, conversation, doctor, wannatalk want die, dark souls, dental plan, hell drug, family problems

Escitalopram weight loss, fall asleep, feeling better, stay safe, want eat, swear grad school, parents, health care, health insurance, viagra, pre
god, thank love, making feel, spend time, hours sleep, sleep scription, patient, eye, alcohol, 20 mg, weight gain, cancer,
night, want sleep, lose weight, dreams, want die, best friend ~ weed, sexual, married, anxiety attack, dont want, sex pills

Fluoxetine eating disorder, mental illness, feel good, mental health, fall work today, really hope, big deal, wanna know, health care,
asleep, hungry, hair, scared, smell, loseweight, just feel, anxiety, research, girlfriend, husband, work tomorrow, middle class,
hate people, need help, sleeping, asking friend read book, great day, really bad, trying make, old man

Duloxetine lives matter, chronic pain, pain meds, weight loss, heart attack, today cancer, |et play, better soon, good night, avake, hopefeel

im crying, best friend, hours sleep, mental health, going sleep,

sexual, im excited, self care, lose weight, healthy

better, panic attack, chronic illness, fed sick, pharmacy, weed,
brother, hair, smoke, wake, food, bed, tired, beer, married

Table 2. Excerpts from individuals who improved the most and least.

Side effect Excerpt from most improved (antidepressant used)

Excerpt from least improved (antidepressant used)

Sleep I'mworried | fall asleep literaly anywhere. (sertraline) Badly just want some sleep. It is not happening! (sertraline)
Weight This drug may cause weight loss and hypomaniacool! (duloxe- My body is absolutely starting weight gain. It's terrible (esci-
tine) talopram)
Eating behavior | deal with depression, socia anxiety, obsessional OCD, and i want to eat my body weight in food (dul oxetine)
eating disorders, and that's pretty damn cool (fluoxeting)
Pain Cometo join others dealing with the daily challenges of chronic | suck at sleeping always, acommon chronic pain thing (dulox-
illnessand chronic pain from the comfort of your life (duloxetine)  etine)
Sexual issues Come at me brother. | could have anyone but | chooseto bewith  Even my viagradid not work! (escitalopram)
who | want so I’'m technically asexual until | want intimacy
(sertraline)
Pain
Sleep

Antidepressants are known to affect the circadian rhythms[31].
Sleep-related keywords distinctly occurred in the data sets of
the most and least improved antidepressant users. For instance,
for sertraline, the most improved users distinctly used “fall
adeep,” whereastheleast improved usersused “ sleep paralysis’
and “want sleep.” Similar contrasting patterns were found in
duloxetine, where the most improved users distinctly used
“going sleep,” whereas the least improved users used “wake’
and “awake” The contrasting effects are also evident in Table
2.

Weight

Changeinweight isaprominent behavioral side effect of many
psychiatric medications[9]. The keywords of “weight loss” and
“lose weight” dominated in the data set of the improved users

of escitalopram, fluoxetine, and duloxetine, whereas “weight
gain” dominated in the least improved users of escitalopram.

Eating Behavior

Keywords related to eating occurred saliently in both the most
and least improved users. For instance, keywords such as* eating
disorder” and “hungry” dominated in the posts by theimproved
users of fluoxetine, whereas “want eat” dominated in the least
improved users of sertraline, and “food” dominated in the | east
improved users of duloxetine.

https://mental .jmir.org/2021/3/e26589

Neuropathic pain is a symptom in depression [32] and is also
often comorbid with many depressive disorders. Additionally,
antidepressants such as duloxetine are prescribed for chronic
pain—elated complications[32,33]. Thesefactors could explain
the salience in related keywords such as “chronic pain” and
“chronicillness’ in response to reactions to dul oxetine.

Sexual | ssues

Antidepressants are likely to affect sexual issues [34]. In this
regard, our data set reveal s varying findings, keywords such as
“sex,” “love” “kissing,” and “asexual” dominate in the most
improved users of sertraline, whereas “viagra’ and “sexual”
dominate in the least improved users of escitalopram.

Discussion

Summarily, our linguistic analysis reveals many keywords
potentially related to prominent side effects of the
antidepressants. Thereisalack of simple and systematic means
to understand side effects of antidepressants [4,5]. It is known
that many side effects remain underreported in clinical care,
and this study offers a new means to better assess what the
actual burden and lived experience of patients may be. A major
takeaway of our work is that examining social media data
corresponding to self-reported medi cation use and symptomatic
outcomes, can enable the discovery of drug-specific effectsand
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adverse effects, including personal accounts of how these effects
can impact the lives of individuals. For instance, mentions of
sleep were found to be largely associated with improvements
following reported use of certain medications. In the context of
weight, self-experiences of gaining weight following medication
intake, as well as using antidepressants to target weight loss,
werefound. These potential effects of antidepressants are known
in the literature [35], especially a recent finding related to the
last observation, which is that certain antidepressants contain
glucose-lowering agents that lead to weight loss [35,36].
However, in some cases, the same keyword appeared in both
most and least improved outcomes, such as*“sleep” for sertraline
and “pain” for duloxetine. This observation aso aligns with
clinical studiesthat report many psychiatric medicationsto have
both sleep-disturbing and sleep-promoting effects [37].

Our knowledge about the etiopathogenesis of mental diseases
continues to be “top to bottom” instead of being “bottom up”
[7]. Considering that the efficacy of all antidepressants is
roughly the same and that prescribing is often done based on
the side effect profiles of these medications [5], there is an
urgent need to better understand the common effects of
antidepressants. These observations of effects are able to
produce observable data reflecting an individual’s perceived
effect and, at the same time, provide scalable population level
insights. While there remain many concerns in using social

Sahaet al

media data in clinical care, recognizing value in social media
data and how they may help inform decision making is an
important step. Consequently, trand ating the potential promised
by this brief research into impacting real world outcomes and
decisions needs engaging conversations between computational
and clinical researchers and practitioners, as well as
policymakers. This work can be used to inform algorithmsin
theclinical decision support modules of medical recordsto help
ensure that prescribing is more tailored to actual side effects of
antidepressants. This study can also help inform patients about
the full range of side effects and be used as a tool for more
standard decision making around medication selection. In
addition, thiswork bearsimplications toward drug repurposing
and in developing new drugs that target treatments with fewer
side effects.

Finally, this study adopts a quasi-experimental study design,
which cannot establish a “true causality.” However, it is more
robust than more simple correlational analysis because of
minimizing the confounders. This work motivates future
computational study designs that combine the power of
complementary digital data sources, including social media,
and other ubiquitous data streams to obtain a more holistic
understanding of an individual’s behavior with respect to the
use of antidepressants.
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