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Abstract

Background: Anxiety symptoms during public health crises are associated with adverse psychiatric outcomes and impaired
health decision-making. Theinteraction between real-time social mediause patternsand clinical anxiety during infectiousdisease
outbreaks is underexpl ored.

Objective:  We aimed to evaluate the usage pattern of 2 types of social media apps (communication and socia networking)
among patientsin outpatient psychiatric treatment during the COV1D-19 surge and lockdown in Madrid, Spain and their short-term
anxiety symptoms (7-item General Anxiety Disorder scale) at clinical follow-up.

Methods: The individual-level shifts in median social media usage behavior from February 1 through May 3, 2020 were
summarized using repeated measures analysis of variance that accounted for the fixed effects of the lockdown (prelockdown
versus postlockdown), group (clinical anxiety group versus nonclinical anxiety group), the interaction of lockdown and group,
and random effects of users. A machine learning—based approach that combined a hidden Markov model and logistic regression
was applied to predict clinical anxiety (n=44) and nonclinical anxiety (n=51), based on longitudinal time-series datathat comprised
communication and social networking app usage (in seconds) as well as anxiety-associated clinical survey variables, including
the presence of an essential worker in the household, worries about lifeinstability, changesin social interaction frequency during
the lockdown, cohabitation status, and health status.

Results: Individual-level analysis of daily social media usage showed that the increase in communication app usage from
prel ockdown to lockdown period was significantly smaller in the clinical anxiety group than that in the nonclinical anxiety group
(Fy7,=3.84, P=.05). The machine learning mode! achieved a mean accuracy of 62.30% (SD 16%) and area under the receiver

operating curve 0.70 (SD 0.19) in 10-fold cross-validation in identifying the clinical anxiety group.

Conclusions:  Patients who reported severe anxiety symptoms were less active in communication apps after the mandated
lockdown and more engaged in social networking apps in the overall period, which suggested that there was a different pattern
of digital social behavior for adapting to the crisis. Predictive modeling using digital biomarkers—passive-sensing of shiftsin
category-based social media app usage during the lockdown—can identify individuals at risk for psychiatric sequelae.
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Introduction

During the early peaks of casualties from the first wave of the
COVID-19 pandemic, government | ockdown measuresin urban
centers drastically diminished in-person communication and
forced individuals to turn to the digital world to connect with
others [1]. Physical isolation has been linked with suicidal
ideation, depression, and posttraumatic stress disorder during
infectious disease outbreaks [2-5]; it can increase the intensity
and perception of threat, especially with theinherent uncertainty
of ahigh-mortality novel virus outbreak [6,7]. Anxiety further
causes maladaptive coping behavior, such as substance use,
which can, in turn, lead to adverse mental health outcomesin
a negative feedback loop [8]. Anxiety can also compromise
effective social decision-making, which was evident in panic
buying, hoarding, and excessive internet searching for
information during the COVID-19 pandemic [9,10].

In contrast, positive public health outcomes are driven by
individuals' sound health decisions made based on accurate
perceptions of the costs and benefits to self and society [11].
Therefore, remotely identifying the severity of short-term
anxiety symptomsin the population during lockdown measures
is an important public health agenda. It may lead to early
detection of those who are at risk for impaired decision-making,
mal adaptive coping, and psychiatric sequelae [8].

In recent years, passive smartphone sensor data have been
utilized in empirical studies to identify various psychiatric
presentations and mental health-related behaviors, including
socia anxiety severity [12,13]. Current literature on social media
and its impact on mental health outcomes provides conflicting
perspectives about the role of social media use in the
development of anxiety during crises [14,15]. For example,
excessive time spent searching for news on social media has
been linked with higher anxiety during COVID-19 and Ebola
outbreaks [16-18]. In contrast, ready exposure to public health
information through social media during the Middle East
respiratory syndrome—related coronavirus outbreak was
positively related to the formation of appropriaterisk perceptions
in the population [19]. A previous report [20] from our group
suggested that increased usage of social mediapredictsincreased
physical activity, possibly promoting healthy behavior during
COVID-19—~elated lockdown. In other words, identifying
fine-grained frameworks to describe user behavior on socia
media platforms, as opposed to simply verifying social media
usage, appears to be relevant to gathering important public
health information in real time.

In this study, we focused on analyzing daily time spent on apps
in 2 social media categories (communication and social
networking) in a sample of psychiatric outpatients in Madrid,
Spain, before and during the mandatory COV1D-19 lockdown.
Communication apps allow direct messaging activity, and social
networking apps enable interactions on social networking sites
in heterogeneous forms. We hypothesized that differential forms
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of social media app activity can represent the distinct user
behaviors that interplay with the manifestation of anxiety.
Specifically, we aimed to employ a machine learning model
and individual app usage patterns during this period to predict
who would report clinical anxiety symptoms at follow-up.

Methods

Study Participants

Datawere drawn from 2 ongoing studies[21,22] of psychiatric
outpatients (n=142) in Madrid, Spain, that involve remote
smartphone monitoring. Both studies received approval from
the Ingtitutional Review Board at the Psychiatry Department of
Fundacién Jimenez Diaz Hospital, and all participants provided
written informed consent. Participants were required to be aged
18 years or older, fluent in Spanish, and possess a smartphone
with internet access.

Data

Sociodemographic and clinical information were collected from
all participants at baseline before the onset of the pandemic via
an electronic health tool (M Emind [21,23]). Sociodemographic
dataincluded age, gender, household composition, marital status,
and employment status. Clinical data entailed International
Classification of Diseases, tenth revision, psychiatric diagnoses
grouped into the following categories: (1) anxiety, stress, and
trauma-related disorders; (2) unipolar or bipolar mood disorders;
(3) personality disorders; (4) substance use disorders; (5)
psychotic disorders, and (6) other disorders.

From February 1 through May 3, 2020, passive smartphone
usage data were collected using eB2 Mindcare [24-26], a
clinicaly validated eHealth platform. On March 14, a
country-wide state of emergency was declared due to rising
mortality rates from the coronavirus pandemic, and the
government mandated a lockdown of all individuals who were
not essential workers (ie, they wererestricted to their residences,
except when purchasing food and medicines or atending
emergencies). On May 4, Madrid entered the first step in a
de-escal ation of the lockdown, which allowed the reopening of
small businesses and walking outside within set time slots[27].
Daily time (in seconds) automatically logged on communication
apps and socia networking apps were extracted and analyzed
in the prelockdown (ie, February 1 through March 13) and the
lockdown periods (ie, March 14 through May 3). Socia media
app categories—communication and socia networking—were
based on the labels designated in the Google App store.
Communication apps included messaging, chat/IM, dialer, and
browser apps such as WhatsApp, Telegram, Facebook
Messenger, and Gmail; social networking apps were primarily
those for sites such as Instagram, Twitter, and TikTok [28].

A clinica psychologist collected short-term mental health
outcomes, including self-reported intensity of psychosocial
stressors during thelockdown and Generalized Anxiety Disorder
7-item scale (GAD-7), by phone follow-up between May 12
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and June 3 after the initial lockdown measures had been lifted.
Clinical anxiety was defined asa GAD-7 score of 10 or greater,
given its diagnostic value in screening for severe GAD, panic
disorder, and social phobia[29,30]. COVID-19 exposures, risk
perception, and social behaviors during the lockdown period
were also assessed during the phone call.

Statistical Analysis

Group-level differences were evaluated using the 2-sided z
score, for sample proportions (ICD-10 diagnosis, gender,
cohabitation status, coronavirus exposure risk items); the
chi-square test, for categorical clinical variables (family,
employment, physical health status, worries about lifeinstability,
modes of contact and social interaction frequency during the
lockdown); or the 2-sided t test, for continuous variables (age,
GAD-7), with a type | error of 5%. After logarithmically
transforming usage data (seconds) spent on communication and
social networking appsto normal distributions, individual-level
differences in median sociad media usage during the
prelockdown and lockdown periods were summarized using
repeated measures analysis of variance that accounted for the
fixed effects of the lockdown (prelockdown versus
postlockdown), group (clinical anxiety group versus nonclinical
anxiety group), the interaction of lockdown and group, and
random effects of users. The median was chosen asthe estimate
of central tendency (instead of the mean) because the distribution
of app usage was such that the mean was sensitive to extremely
low values and significantly correlated with the number of
logged days, which varied among users. To ensure stability
when using the point estimate representing the time series
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variablesin prelockdown vs. lockdown, analyseswere restricted
to the patients whose total logged days in both communication
and social networking apps was more than half the total days
in the lockdown (=26 out of 51 days) and prelockdown period
(=22 out of 42 days), and whose median usage was within 2.5
SD of al available users' data in each period. This filtering
resulted in 74 communication app users and 42 social
networking app users availablefor analysis. Missing userswere
separately analyzed. To investigate the dose-rel ated association
of social media app usage with the intensity of anxiety
symptoms|ater reported, Pearson correlations, of GAD-7 scores
with median app usage time in the prelockdown and lockdown
period, were calculated; we controlled for age given its
significant correlation with social mediaapp usage. Differences
in the dependent correlations between prelockdown and
lockdown periods were analyzed using the Steiger Z test [31].

Machine L earning Models

We designed a 2-step approach that combined a probabilistic
generativemodel, namely ahidden Markov model (HMM) [32]
for tempora data processing and aggregation, with logistic
regression to predict the binary outcome (clinical anxiety versus
nonclinical anxiety) by dichotomized GAD-7. Nonclinical
anxiety outcome (n=51) was encoded as the negative label and
clinical anxiety outcome (n=44) was encoded as the positive
label. The class imbalance problem was insignificant.
Continuous longitudinal daily communication and social
networking app usage in seconds were chosen as independent
variables, with anxiety-associated clinical variables asadditional
predictors (Figure 1).

Figurel. Theproposed anxiety prediction pipeline. LR: logistic regression; HMM; hidden Markov model; S1, S2, S3; the 3 states of the hidden Markov
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HMMs are commonly used for time-series anaysis. HMMs
model generative sequences, which are characterized by a set
of observable sequences. A first-order Markov chain process
generates the states of the HMM. The following components
specify an HMM: S=s;5,...S\, a set of N states; A=ay;...an, &
transition probability matrix; 0=0,0,...01, a sequence of T
observations; B=b,(0;), emission probabilities, expressing the
probability of an observation o, being generated from state i;
and T=TY... T, an initial probability distribution over states.

The state space of the applied HMM is discrete, while the
observations can be discrete or continuous. In this study,
communication and social networking app usage are treated as
continuous variables from a Gaussian distribution. The
parameters of an HMM can be trained with the Baum-Welch
algorithm, a variation of the expectation-maximization
algorithm. The model can deal with missing data using
marginalization without requiring imputation before training.
To select the optimal number of hidden states, we computed
the Akaike information criterion and the Bayesian information
criterion [33] after training HMMswith 2-19 numbers of states.

Once the optimal HMM was selected for each sequence, we
computed the state posterior probabilities P(s = k | X) (the
probability of being in state k at position i of the sequence x)
for each time point and aggregated them by summing over time
for each patient. This feature vector of length N was then
concatenated with nontemporal clinical features of length Ny;pica
to form the feature vector of length N + Ng;ica- HENce the data
set of sizefor thelogistic regression was Nygienis X (N + Nyinica)-
Age, gender, self-reported worries about life instability during
the lockdown, health status, presence of an essential worker in
the household, changes in the frequency of social interactions
during quarantine, and current employment status were chosen
as nontemporal features for the model training. These features
were selected because of the differences between the clinical
anxiety and nonclinical anxiety groups and correlations with
GAD-7 (Figure S3 in Multimedia Appendix 1). Given the
clinical association between social isolation and anxiety disorder
in theliterature [34] and theimpact of the lockdown differently
impacting the social media app usage for those living alone in
our sample (Table S1 in Multimedia Appendix 1), we
additionally included cohabitation status.

https://mental .jmir.org/2021/9/e30833
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The evaluation was performed using k-fold cross-validation
[34,35], dueto thelimited data sample. 10 train-test splitswere
created from the dataset. Similarly, 10 logistic regression models
were created and trained for evaluation. Since we had 95
patients, thismeansthat in thefirst 5 splits, we trained the model
on data from 85 patients and tested the model on data from 10
patients, while in the last 5 splits trained the model on 86
patients and tested the model on 9 patients. The results are
summarized with a mean and standard deviation of the model
accuracy, and areaunder the receiver operating curve (AUROC)
SCOres.

Finally, we performed feature importance analysis by computing
Shapley additive explanations (SHAP) values [36], which
provide an overview of important features in the machine
learning models by designating the weight of predictability of
each feature positively or negatively to the target variable. We
averaged the SHAP values over the 10-fold cross-validation for
every feature for each patient.

Results

Study Participants

Of 142 participants (Table 1) 99 (70%) were female, and the
mean age was 45 years (SD 14). The most commonly
represented psychiatric diagnostic category was anxiety, trauma,
or stress-rel ated disorder, followed by unipolar or bipolar mood
disorder. At the postlockdown phone follow-up, the mean
anxiety symptom score (GAD-7) was 9.6 (range 0-21, SD 5.5).
Of the 142 patients, 1 (1%) tested positive for SARS-CoV-2
(with a polymerase chain reaction test), 16 (11%) were living
with peoplewith COVID-19 infections, 6 (4%) wereliving with
the older adults, 43 (30%) lived with essential workers, and 43
(30%) personally knew individuals who died of COVID-19.
On agroup level, the clinical anxiety group had an 18% higher
likelihood of having an essential worker in the household (z=2.3,
P=.02; 95% CI 0.03-0.34) and reported higher intensity of

worries about life instability ()(42:12, P=.01), more negative
self-ratings of hedlth status (x,°=6.4, P=.04), and lower

frequency of social interactions (X,°=6.8, P=.03) than those
reported by the nonclinical anxiety group.
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Table 1. Demographic and clinical information.

Clinical anxiety? Nonclinical zscore, t test statistic
Variable All (n=142) (n=66) anxiety® (n=76) (dfC, or chi-square (df)d P value
Baseline sociodemogr aphic and clinical infor mation

Age (years), mean (SD) 45 (14.2) 43 (13.6) 47 (14.6) -1.8(139)° .07
Gender, n (%) 0.36 72

Mae 43 (30) 19 (29) 24(32)

Female 99 (70) 47 (71) 52 (68)
Cohabitating, n (%) 0.83 40

No 21 (15) 8(12) 13 (17)

Yes 121 (85) 58 (88) 63 (83)
Family status, n (%) 35 (3)d 32

Single 46 (32) 21(32) 25(33)

Separated 26 (18) 11 (17) 15 (20)

Widowed 6 (4) 5(8) 1(1)

Married or cohabitating for >6 64 (45) 29 (44) 35 (46)

months
Employment status, n (%) 75 (5) 18

Employed, student or homemaker 51 (36) 23 (35) 28 (37)

Unemployed without subsidy 28 (20) 9(14) 19 (25)

Unemployed with subsidy 17 (12) 8(12) 9(12)

Long-term disability 11(8) 7(11) 4(5)

Temporarily incapacitated 26 (18) 16 (25) 10 (13)

Retired 8(6) 2(3) 6 (8)
Anxiety, stress, or traumadisorder®, n (%) 79 (58) 41(63) 38 (%4) 11 26
Mood disorder®, n (%) 50 (37) 28 (43) 22 (31) 15 14
Personality disorder®, n (%) 30(22) 14 (22) 16 (23) -0.14 89
Substance use disorder®, n (%) 8(6) 5(8) 3(4 0.86 39
Psychotic disorder®, n (%) 3(2 2(3 1) 0.66 1
Other psychiatric disorder®, n (%) 21 (15) 10(15) 11(19) —0.02 99

Risk perception and social behaviors during the pandemic lockdown

Worries about lifeinstability during lockdown, n (%) 12 (4)d .01
Not at all 21 (15) 8(12) 13 (18)
Slightly 32(23) 9(14) 23(31)
Moderately 37 (26) 19 (29) 18 (24)
Alot 35 (25) 18 (27) 17 (23)
Extremely 15 (11) 12 (18) 3(4)
Self-ratings of physical health, n (%) 6.4 (2)d .04
Positive 66 (46) 23(35) 43 (57)
Regular 56 (40) 32(49) 24(32)
Negative 19 (13) 10 (15) 9(12)
Modes of contact with outside, n (%) 32 (2 21
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(page number not for citation purposes)

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH

Ryu et a

Clinical anxiety? Nonclinical zscore, t test statistic
Variable All (n=142) (n=66) anxiety® (n=76) (dfC, or chi-square (df)d P value
Phone calls 66 (46) 34 (52) 32 (43)
Video calls 45 (32) 16 (24) 29 (39)
Messengers (WhatsApp, Telegram, 29 (20) 15 (23) 14 (19)
€tc)
Changesin frequency of social interactions during lockdown, n (%) 6.8 (2)d .03
Less frequent than prepandemic 63 (44) 36 (55) 63 (36)
More or less the same 48 (34) 21 (32) 48 (36)
More frequent than prepandemic 31(22) 9(14) 31(29)
Tested positive on SARS-Cov-2 PCRT (1) 0(0) 1() -0.94 34
test, n (%)
Living with peoplewith COVID-19,n (%) 16 (11) 9 (14) 7(10) 0.75 45
Living with older adult, n (%) 6 (4) 3(5) 3(4) 0.20 .84
Essential workers in household, n (%) 43 (30) 27 (41) 16 (23) 2.3 .02
Knew people who died of COVID-19,n 43 (30) 25(38) 18 (24) 17 .08
(%)
Generalized Anxiety Disorder-7 score 9.6 (5.5) 146 (3.1) 5.2(2.8) 19 (133)° <.001

postlockdown (mean, SD)

8Generalized Anxiety Disorder-7 score 210.

PGeneralized Anxiety Disorder-7 score <10.

A 2-sided t test was used.

da chi-sguare independence test was used.

®psychiatric diagnosis categories are not mutually exclusive.
fPCR: polymerase chain reaction.

Active users (n=42; Table S1 in Multimedia Appendix 1) of
socia networking apps whose usage was consistent during the
analysis period had 21% higher likelihood of carrying anxiety,
stress, or trauma-rel ated disorder diagnoses (z=2.2, P=.03; 95%
Cl 0.03-0.37); were approximately 8 years younger (t;5=—3.2,
P=.002; 95% CI 3.0-14); had 14% higher likelihood of
cohabitation (z=—2.2, P=.03; 95% CI 0.04-0.24); and had a
higher likelihood of being employed, students, or homemakers
(x22=13, P=.02), than missing or inconsistent users (n=100).
However, there was no significant difference in GAD-7
(tgg=0.75, P=.46), which was our primary outcomefor labeling
the clinical anxiety group in the prediction model. Missing or
inconsistent users (n=68; Table S1 in Multimedia Appendix 1)
in the communication appswere not significantly different from
the active users (n=74) in anxiety, stress, or trauma-related
disorder diagnoses (P=.50), age (P=.41), cohabitation status
(P=.36), employment status (P=.29), or GAD-7 (P=.34).

Statistical Analysisof Social MediaUse AcrossAnxiety
Groups and Periods

From prelockdown to lockdown period, the mean of individual
median usage on communication app (in both anxiety groups)

https://mental .jmir.org/2021/9/e30833

increased from 29 minutes (95% CI 25-35) to 41 minutes (95%
Cl 35-49; F, ;,=26; P<.001), and usage on social networking
app increased from 19 minutes (95% Cl 14-25) to 25 minutes
(95% CI 20-32; F;40=13; P<.001) (Figure 2; Table S2 in
Multimedia Appendix 1). There was a significant interaction
of group and lockdown period, such that communication app
usage was not significantly different between groups
prelockdown but increased significantly morein the nonclinical
anxiety group during the lockdown (from 29 minutes to 46
minutes, 95% Cl 37-57) than that in the clinical anxiety group
(from 30 minutes to 37 minutes, 95% Cl 29-46; F, ;,=3.8,
P=.05). There was no main effect of group on communication
app usage in the entire period. There was atrend in the main
effect of group on social networking app in the entire period
such that the clinical anxiety group had higher median usage at
27 minutes (95% CI 22-33) than that of the nonclinical anxiety
group at 17 minutes (95% CI 13-23), but it was not significant
(F140=3.4, P=.07).
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Figure 2. Theeffect of lockdown on theincrease in communication app usage was lower in the clinical anxiety group. Error barsindicate 95% standard

error of the mean.
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No significant correlations were found between GAD-7 and
median communication or social networking app usage during
prelockdown (communication: P=.59; social networking:
P=.24), lockdown (communication: P=.14; socia networking:
P=.11), and the entire period (communication: P=.27; socid
networking: P=.14) (Figure $4 and Table S3 in Multimedia
Appendix 1). There was no statistically significant impact of
the period on dependent correlations in the patients (Table S3
in Multimedia Appendix 1, Steiger Z test; P=.25 in
communication app; P=.47 in social networking app).

Machine L earning Pipdine for Predicting Clinical
Anxiety Group

Only the patients with communication and socia networking
app usage dataduring both the prelockdown (=1 out of 42 days)
and lockdown period (=1 out of 51 days) were considered for
the model training. This resulted in 95 patients in the model
with varying sequences of individua app usage data. In these
sequences, 8.76% (655/7476) of the communication app and
30.26% (2262/7476) of the social networking app usage data
were missing in the data set. Figure S4in Multimedia A ppendix
1 shows the overall data distribution grouped by the anxiety

type.
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An HMM with 3 hidden states (Figure 3A and Figure 3B)
proved to capture the underlying data patterns the best according
to the Akaike information criterion and Bayesian information
criterion analysis and also led to the most interpretable states.
State 2 was the most stabl e (self-transition probability of 0.88),
while transitioning between states 1 and 3 was more likely.
State 3 captured days with relatively low communication app
usage and average social networking usagein the sample, while
states 1 and 2 captured days with lower and higher app usage,
respectively. When applied to individual observation sequences,
state 3 preferentially represented the missing observations (ie,
daysthe appswere not consistently used). State 2 preferentially
represented the days of active and consistent social mediausage,
and state 1 preferentially represented the days of till active (but
less so) and volatile usage (Figure 3C). For example, for patient
7053 with clinical anxiety, most dayswerein state 2, punctuated
with 3 missing/inactive days (state 3), and after the lockdown
social networking app usage increased. In the case of patient
9105 with nonclinical anxiety, days after the lockdown were
marked with increased communication app usage (state 2), but
during the overall period socia networking app usage wasless,
capturing missing (state 3) and inactive or volatile (state 1) days.
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Figure 3. The 3-state hidden Markov model parameters used for temporal data modeling and most probable hidden Markov model states applied to
daily communication and socia media app usage of example individuals with clinical and nonclinical anxiety. Temporal variables were normalized
before model training, providing the negative means. Large state transition probabilities suggest that the states were relatively stable.
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Our model achieved amean accuracy of 62.30% (SD 16%) and
an AUROC of 0.70 (SD 0.19) in predicting the clinical anxiety
group on the test sets (Table 4 in Multimedia Appendix 1).
Performance metrics show that the model performswell on the
majority of the splits; however, it underperforms on splits 6, 7,
and 10, due in part to the nonrepresentative demographic
featuresfor the clinical anxiety group (Figure S5in Multimedia
Appendix 1). For example, in split 10, which had the lowest
predictability with an AUROC of 0.40, clinical anxiety
individuals had atypical risk perception (only 1 individual
reported the presence of essential workersin the household) or
self-report patterns (reported clinical anxiety despite having
relatively good health and few worries about life instability
during the lockdown) (Figure S6 in Multimedia Appendix 1).
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The mgjority of nontemporal features, led by the presence of
essential workers in the household, outweighed the aggregated
representation of the temporal features in importance. Among
temporal features, the aggregated posterior probability of state
2 (higher socia networking app use) was the most important
predictor of the clinical anxiety group (Figure 4), consistent
with our missing user analysis, where active social networking
app users had a higher burden of anxiety-related diagnoses
(Table S1 in Multimedia Appendix 1). Despite their lower
featureimportance, states 1 and 3 till provided important insight
into users longitudinal behavior such that inactive and/or
volatile social media usage patterns, specificaly in lower
communi cation app usage, predicted the clinical anxiety group.
This is aso consistent with our finding that clinical anxiety
group communication app use was significantly lower during
the lockdown period (P=.05; Figure 2).
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Figure 4. Feature importance (Shapley additive explanation [SHAP] value) for the logistic regression model trained for the anxiety prediction task in
the order of descending importance (colored by value, from low to high). Each point isfor afeature and an instance, and overlapping points arejittered
in the y-axis direction. SHAP values encode the feature's predictability for classifying the participant (positive, in the clinical anxiety group; negative,
in the nonclinical anxiety group). For explanation of the encoded feature values see Table S5 in Multimedia Appendix 1.
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Discussion

Principal Findings

Our findings demonstrate that among active social mediausers,
those who reported clinical levels of anxiety symptoms after
the mandatory lockdown spent less time on communication
apps during the lockdown. Active social-networking app users,
biased toward younger patients, additionally had a higher
likelihood of having an anxiety disorder diagnosis. Our machine
learning—based model, trained on the temporal series of
communication and social networking app usage and clinically
important features of self-report and demographic variables,
accurately predicted which individuals were in the clinical
anxiety group from higher social networking app usage and
lower communication app usage. Our machine learning—based
model results suggest that passive tracking of decreased
communication app usage and increased social networking app
usage through the lockdown period can predict users reporting
clinical anxiety symptomes, at risk for impaired decision-making,
maladaptive coping, and psychiatric sequelae during public
health crises and lockdown periods [8]. Early remote detection
of at-risk individuals would alow limited mental health
resources to be allocated to serve those with the highest need
and prevent or reduce negative mental health outcomes.

Weinterpret the findings from the perspective that patientswho
reported fewer anxiety symptoms proactively harnessed their
digital social environment by using communication apps (eg,
WhatsApp and Telegram) toinitiate contact or respond to others
direct messages during this highly anxiogenic period (ie, during
the COVID-19 pandemic and related lockdown). Our analysis
is consistent with the clinical anxiety group’s self-reports that

https://mental .jmir.org/2021/9/e30833
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they had lessfrequent social interactionswith others during the
lockdown. Social support systems, either in-person or online,
are well-known protective factors against physiological and
psychological stressorsand can mitigate theimpact of loneliness
in times of uncertainty, including during infectious disease
outbresks[37-41]. Decreased socia support has been associated
with a higher menta health burden in COVID-19 literature
[42,43]. Especially during mandated quarantine, when in-person
contact is significantly limited, social media engagement can
be viewed as a potentially heathy adaptive mechanism to
regulate negative affect [44,45].

Conversely, users in our sample who were highly active on
social networking apps were more likely to be diagnosed with
anxiety disorder and report clinical anxiety symptoms. Socia
networking apps, such as Facebook, Twitter, TikTok, and
Instagram, are examples of web 2.0 technology apps that have
shifted the recent web-based environment of health
communications, from traditionally one-way communication
to interactive and iterative, characterized by passive sharing,
active collaboration, and amplification of information [46,47].
However, public digital space can expose users to unfiltered or
anonymousinformation that promotesfear during ahedlth crisis
[48] and has been linked, as a source of COVID-19 conspiracy
theoriesand asign of complex social and medical needs among
patients, with anumber of high emergency room visits[49,50].
Our analysis suggests that active engagement on social
networking appsis a marker of anxiety that may be associated
withindividual behavioral traits, perhaps activated by increasing
risk perceptions of the virus and psychosocia stressors of the
lockdown period.

Our passively sensed user-driven data were prospectively
collected within users' natural environment and under no
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influence of perceived experimental manipulation. They also
contained clearly divided timeframes, followed by timely
clinical surveys, which alowed our model of human behavior
during the national lockdown to have high interpretability, which
iscritical for trandating digital phenotyping research toreal-life
application [51]. User-driven passive data collection also
reduced sampling bias and web-based activity measurement
bias, particularly in self-reported scales [52]. The machine
learning model utilized a data-driven algorithm to predict the
clinical anxiety group, addressing missing observations and
changes in social media usage after the lockdown. Although
social networking app users were younger and had a higher
burden of anxiety disorder diagnosis, there was no sampling
bias of clinical or demographic variablesin the communication
app users. Our sample overall wasadiverse cohort of psychiatric
patients with varying ages, diagnoses, health, employment, and
marital status. Therefore, our data are highly generalizable to
populations of psychiatry outpatientsand provideclinical utility
by elucidating the link between digital behavior and public
mental health outcomesin the real world [53].

Limitations

Our analysiswas based on observing asmall number of patients
and should be interpreted with the following limitations. First,
the data cannot explain the causal link between app usage and
the severity of anxiety. For example, we do not know if
decreased engagement in communication apps contributed to
the reporting of higher anxiety symptoms, or if the former was
a characteristic of the group that devel oped short-term clinical
anxiety symptoms during the crisis (ie, a smaller volume of
socia support for communication to begin with). Second,
besides general worries about life instability during the
lockdown, there were no other independent variables that may
reflect the evolution of subjective emotions included in the
model to predict the anxiety states at clinical follow-up. Study
participants had a daily mood self-reporting option on their
smartphones, but such reporting was entirely voluntary, and
mood data were largely missing during the lockdown. We
acknowledge that our study participants were in an
unprecedented and anxiogenic natural circumstance at thetime.
The lockdown likely increased the anxiety and stress levels of
all users (mean GAD-7 was 9.6, with aclinical cut-off of 10),
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and we had not collected their baseline GAD-7 before the
lockdown, in order to make acomparison. Therefore, the utility
of our model islimited to detecting those with clinical severity
anxiety symptoms (ie, GAD-7>10). We suggest that future
data-based anxiety prediction research should include
self-reports of anxiety at multipletime pointsto improve model
accuracy. Third, our assumption of user behavior was limited
to the descriptive nature of the app category (communication
apps require direct messaging activity and are generally used
within a known social circle; social networking apps allow
simple browsing of the others' contents and provides ready
exposure to anonymous content). However, the extent of the
complex interplay between social media behavior and user
intention is unlikely to be captured via passive sensing of total
time spent on app categories. For example, although our study
participants confirmed at the clinical interview that they used
communication apps such as WhatsApp to stay in touch with
others during the lockdown, there are reported benefits of
actively using social networking sites, such as Instagram and
TikTok to keep in touch or even to promote mental health
awareness [54]. Further quantitative and qualitative analyses
are needed to understand the mental health implications of these
2 app categories. We believe that analyzing multimedia input
and output by emotional valence of content, types (text, audio,
and video messages), the direction of messaging (is the user
initiating or receiving social media activity), and the audience
(isthe user interacting with one person or multiple anonymous)
will be relevant to test our behavioral hypothesis of the
anxiety-relieving and anxiety-promoting effects of social media
use. The privacy and patient confidentiality termsin our research
protocol and data sharing protocol by third app parties prohibited
collecting such information in this study.

Conclusions

To the best of our knowledge, our empirical data are the first
to suggest that category-based passive sensing of a shift in
smartphone usage patterns can be markers of clinical anxiety
symptoms. Further studies, to digitally phenotype short-term
reports of anxiety using granular behaviors on social media, are
necessary for public health research when in-person psychiatric
evaluations are limited during mandated physical isolation.

JR was supported by the American Psychiatric Association 2021 Junior Psychiatrist Research Colloguium (NIDA R-13 grant).
ES received funding from the European Union Horizon 2020 research and innovation program (Marie Sklodowska-Curie grant
813533). AA is supported by the Spanish Ministerio de Ciencia, Innovacion y Universidades (RT12018-099655-B-100), the
Comunidad de Madrid (Y 2018/TCS-4705 PRACTICO-CM), and the BBVA Foundation (Deep-DARWIN grant).

Authors Contributions

JR conceived the work, analyzed data, and wrote the manuscript. ES analyzed data, devel oped the machine learning models, and
wrote the manuscript. AN, SL, EB, MMP-R, and AA contributed to the critical review of the draft for important intellectual
content. JC acquired and interpreted data for the work. MMP-R mentored JR through the conception of the study, supervised
data analysis and interpretation of results, and ensured that questions related to any part of the work’s accuracy or integrity were
appropriately investigated and resolved.

https://mental.jmir.org/2021/9/e30833 JMIR Ment Health 2021 | vol. 8 | iss. 9 | €30833 | p. 10

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Ryu et d

Conflictsof Interest

AA and JC are cofounders of eB2. MMP-R has received research grant funding from Neurocrine Biosciences, Millennium
Pharmaceuticals, Takeda, Merck, and Al Cure; sheisan Advisory Board member for Neurocrine Biosciences Inc and aconsultant
on an American Foundation for Suicide Prevention (grant L SRG-1-005-16, principal investigator: EB-G).

Multimedia Appendix 1

Supplementary tables and figures for statistical data analysis and the 10-fold cross-validation of our hidden Markov + logistic
regression model.
[PDF File (Adobe PDF File), 2967 KB-Multimedia Appendix 1]

References

1.  KoezeE, Popper N. The virus changed the way we internet. The New York Times. 2020 Apr 07. URL: https.//www.
nyti mes.com/interactive/2020/04/07/technol ogy/coronavirus-internet-use.html [accessed 2021-08-03]

2. Henley J. Lockdown living: how Europeans are avoiding going stir crazy. The Guardian. 2020 Mar 28. URL: http://www.
theguardian.com/worl d/2020/mar/28/l ockdown-living-europe-activities-coronavirus-isol ation [accessed 2021-08-03]

3. StyraR, Hawryluck L, Gold W. SARS control and psychological effects of quarantine, Toronto, Canada. Emerg Infect Dis
2005 Feb;11(2):354-355 [FREE Full text] [doi: 10.3201/eid1102.040978] [Medline: 15759346]

4. ReynoldsDL, Garay JR, Deamond SL, Moran MK, Gold W, StyraR. Understanding, compliance and psychological impact
of the SARS quarantine experience. Epidemiol Infect 2008 Jul;136(7):997-1007. [doi: 10.1017/S0950268807009156)]
[Medline: 17662167]

5. XinM, Luo S, SheR, YuY, Li L, Wang S, et al. Negative cognitive and psychological correlates of mandatory quarantine
during the initial COVID-19 outbreak in China. Am Psychol 2020;75(5):607-617. [doi: 10.1037/amp0000692] [Medline:
32673008]

6. Gangemi A, Tenore K, Mancini F. Two reasoning strategies in patients with psychological illnesses. Front Psychol
2019;10:2335 [FREE Full text] [doi: 10.3389/fpsy.2019.02335] [Medline: 31695641]

7. ReumanL, Jacoby RJ, Fabricant LE, Herring B, Abramowitz JS. Uncertainty as an anxiety cue at high and low levels of
threat. J Behav Ther Exp Psychiatry 2015 Jun;47:111-119. [doi: 10.1016/j.jbtep.2014.12.002] [Medline: 25562749]

8.  Rogers AH, Shepherd JM, Garey L, Zvolensky MJ. Psychological factors associated with substance use initiation during
the COVID-19 pandemic. Psychiatry Res 2020 Nov;293:113407 [FREE Full text] [doi: 10.1016/j.psychres.2020.113407]
[Medline: 32827993]

9. Jungmann SM, Witthoft M. Health anxiety, cyberchondria, and coping in the current COVID-19 pandemic: which factors
arerelated to coronavirus anxiety? J Anxiety Disord 2020 Jun;73:102239 [FREE Full text] [doi:
10.1016/j.janxdis.2020.102239] [Medline: 32502806]

10. Yuen KF, Wang X, MaF, Li KX. The psychological causes of panic buying following a health crisis. Int J Environ Res
Public Health 2020 May 18;17(10):3513 [FREE Full text] [doi: 10.3390/ijerph17103513] [Medline: 32443427)

11. Bavel JIV, Baicker K, Boggio PS, Capraro V, CichockaA, CikaraM, et a. Using socia and behavioural science to support
COVID-19 pandemic response. Nat Hum Behav 2020 Apr 30;4:460-471. [doi: 10.1038/s41562-020-0884-7] [Medline:
32355299]

12. GillanCM, Rutledge RB. Smartphones and the neuroscience of mental health. Annu Rev Neurosci 2021 Jul 08;44:129-151.
[doi: 10.1146/annurev-neuro-101220-014053] [Medline: 33556250]

13. Jacobson NC, Summers B, Wilhelm S. Digital biomarkers of social anxiety severity: digital phenotyping using passive
smartphone sensors. JMed Internet Res 2020 May 29;22(5):e16875 [EREE Full text] [doi: 10.2196/16875] [Medline:
32348284]

14. Vannucci A, Flannery KM, Ohannessian CM. Social media use and anxiety in emerging adults. J Affect Disord 2017 Jan
01;207:163-166. [doi: 10.1016/j.jad.2016.08.040] [Medline: 27723539]

15. KrossE, Verduyn P, Sheppes G, Costello CK, Jonides J, Ybarra O. Social media and well-being: pitfalls, progress, and
next steps. Trends Cogn Sci 2021 Jan; 25(1):55-66 [ FREE Full text] [doi: 10.1016/].tics.2020.10.005] [Medline: 33187873]

16. Ni MY, YangL, Leung CMC, Li N, Yao XI, Wang Y, et al. Mental health, risk factors, and social media use during the
COVI1D-19 epidemic and cordon sanitaire among the community and health professionalsin Wuhan, China: cross-sectional
survey. IMIR Ment Health 2020 May 12;7(5):€19009 [FREE Full text] [doi: 10.2196/19009] [Medline: 32365044]

17. GaoJ, ZhengP JiaY, ChenH, Mao Y, Chen S, et al. Mental health problems and social media exposure during COVID-19
outbreak. PLoS One 2020;15(4):€0231924 [FREE Full text] [doi: 10.1371/journal.pone.0231924] [Medline: 32298385]

18. FungIC, Tse ZTH, Cheung C, Miu AS, Fu K. Ebola and the social media. Lancet 2014 Dec;384(9961):2207. [doi:
10.1016/s0140-6736(14)62418-1]

19. Choi D, Yoo W, Noh G, Park K. Theimpact of social mediaon risk perceptions during the MERS outbreak in South Korea.
Comput Human Behav 2017 Jul;72:422-431 [EREE Full text] [doi: 10.1016/j.chb.2017.03.004] [Medline: 32288176]

https://mental.jmir.org/2021/9/e30833 JMIR Ment Health 2021 | vol. 8 | iss. 9| €30833 | p. 11
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=mental_v8i9e30833_app1.pdf&filename=570a083457483c5d934e8c191eeef8eb.pdf
https://jmir.org/api/download?alt_name=mental_v8i9e30833_app1.pdf&filename=570a083457483c5d934e8c191eeef8eb.pdf
https://www.nytimes.com/interactive/2020/04/07/technology/coronavirus-internet-use.html
https://www.nytimes.com/interactive/2020/04/07/technology/coronavirus-internet-use.html
http://www.theguardian.com/world/2020/mar/28/lockdown-living-europe-activities-coronavirus-isolation
http://www.theguardian.com/world/2020/mar/28/lockdown-living-europe-activities-coronavirus-isolation
http://europepmc.org/abstract/MED/15759346
http://dx.doi.org/10.3201/eid1102.040978
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15759346&dopt=Abstract
http://dx.doi.org/10.1017/S0950268807009156
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17662167&dopt=Abstract
http://dx.doi.org/10.1037/amp0000692
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32673008&dopt=Abstract
https://doi.org/10.3389/fpsyg.2019.02335
http://dx.doi.org/10.3389/fpsyg.2019.02335
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31695641&dopt=Abstract
http://dx.doi.org/10.1016/j.jbtep.2014.12.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25562749&dopt=Abstract
http://europepmc.org/abstract/MED/32827993
http://dx.doi.org/10.1016/j.psychres.2020.113407
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32827993&dopt=Abstract
http://europepmc.org/abstract/MED/32502806
http://dx.doi.org/10.1016/j.janxdis.2020.102239
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32502806&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph17103513
http://dx.doi.org/10.3390/ijerph17103513
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32443427&dopt=Abstract
http://dx.doi.org/10.1038/s41562-020-0884-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32355299&dopt=Abstract
http://dx.doi.org/10.1146/annurev-neuro-101220-014053
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33556250&dopt=Abstract
https://www.jmir.org/2020/5/e16875/
http://dx.doi.org/10.2196/16875
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32348284&dopt=Abstract
http://dx.doi.org/10.1016/j.jad.2016.08.040
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27723539&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1364-6613(20)30251-5
http://dx.doi.org/10.1016/j.tics.2020.10.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33187873&dopt=Abstract
https://mental.jmir.org/2020/5/e19009/
http://dx.doi.org/10.2196/19009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32365044&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0231924
http://dx.doi.org/10.1371/journal.pone.0231924
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32298385&dopt=Abstract
http://dx.doi.org/10.1016/s0140-6736(14)62418-1
http://europepmc.org/abstract/MED/32288176
http://dx.doi.org/10.1016/j.chb.2017.03.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32288176&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Ryu et d

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Norbury A, Liu SH, Campafia-Montes JJ, Romero-Medrano L, Barrigdn ML, Smith E, MEmind Study Group, et a. Social
media and smartphone app use predicts maintenance of physical activity during Covid-19 enforced isolation in psychiatric
outpatients. Mol Psychiatry 2020 Dec 14:1-11 [FREE Full text] [doi: 10.1038/s41380-020-00963-5] [Medline: 33318619]
Barrigobn ML, Berrouiguet S, Carballo JJ, Bonal-Giménez C, Fernandez-Navarro P, Pfang B, MEmind study group. User
profiles of an electronic mental health tool for ecological momentary assessment: MEmind. Int J Methods Psychiatr Res
2017 Mar;26(1):e1554. [doi: 10.1002/mpr.1554] [Medline: 28276176]

Berrouiguet S, Ramirez D, Barrigon ML, Moreno-Mufioz P, Carmona Camacho R, Baca-Garcia E, et a. Combining
continuous smartphone native sensors data capture and unsupervised data mining techniques for behavioral changes
detection: acase series of the evidence-based behavior (eB2) study. IMIR Mhealth Uhealth 2018 Dec 10;6(12):€197 [FREE
Full text] [doi: 10.2196/mhealth.9472] [Medline: 30530465]

Mufioz-Navarro R, Cano-Vindel A, Moriana JA, Medrano LA, Ruiz-Rodriguez P, Agiiero-Gento L, et al. Screening for
generalized anxiety disorder in Spanish primary care centers with the GAD-7. Psychiatry Res 2017 Oct;256:312-317. [doi:
10.1016/].psychres.2017.06.023] [Medline: 28666201]

Home page. eB2. URL: https://eb?2.tech/ang=en [accessed 2021-08-03]

Bonilla-Escribano P, Ramirez D, Sedano-Capdevila A, Campana-Montes JJ, Baca-Garcia E, Courtet P, et al. Assessment
of e-social activity in psychiatric patients. |EEE J Biomed Health Inform 2019 Nov;23(6):2247-2256. [doi:
10.1109/JBHI.2019.2918687] [Medline: 31135374]

Carretero P, Campana-Montes JJ, Artes-Rodriguez A. Ecological momentary assessment for monitoring risk of suicide
behavior. Curr Top Behav Neurosci 2020;46:229-245. [doi: 10.1007/7854 2020 170] [Medline: 32797403]

Spitzer RL, Kroenke K, Williams JBW, Léwe B. A brief measure for assessing generalized anxiety disorder: the GAD-7.
Arch Intern Med 2006 May 22;166(10):1092-1097. [doi: 10.1001/archinte.166.10.1092] [Medline: 16717171]

Kroenke K, Spitzer RL, Williams JBW, Monahan PO, Lowe B. Anxiety disordersin primary care: prevalence, impairment,
comorbidity, and detection. Ann Intern Med 2007 Mar 06;146(5):317-325. [doi: 10.7326/0003-4819-146-5-200703060-00004]
[Medline: 17339617]

Dolan C. Lifting of lockdown in Spain - full details of all phasesfor all regions. Spainin English. 2020. URL: https://www.
spainenglish.com/2020/06/18/lifting-lockdown-spain-full-detail s-phases/ [accessed 2021-08-03]

Choose a category and tags for your app or game. Google Support. URL : https://support.google.com/googleplay/
android-devel oper/answer/9859673?hl=en& visit_id=637404551129521641-377005271& rd=1 [accessed 2021-08-03]
Steiger JH. Tests for comparing elements of a correlation matrix. Psychol Bull 1980;87(2):245-251. [doi:
10.1037/0033-2909.87.2.245]

Rabiner L. A tutorial on hidden Markov models and selected applications in speech recognition. In: Waibel A, Lee KF,
editors. Readings in Speech Recognition. San Mateo, California: Morgan Kaufmann Publishers; 1990:267-296.

Pohle J, Langrock R, van Beest FM, Schmidt NM. Selecting the number of states in hidden Markov models: pragmatic
solutions illustrated using animal movement. J Agric Biol Environ Stat 2017 Jun 5;22(3):270-293. [doi:
10.1007/s13253-017-0283-8]

Teo AR, Lerrigo R, Rogers MAM. Therole of socia isolation in social anxiety disorder: a systematic review and
meta-analysis. J Anxiety Disord 2013 May;27(4):353-364. [doi: 10.1016/].janxdis.2013.03.010] [Medline: 23746493]
Trevor H, Robert T, Jerome F. The Elements of Statistical Learning: Data Mining, Inference, and Prediction. New York,
New York: Springer-Verlag; Apr 21, 2017.

Scott L, Su-InL. A unified approach to interpreting model predictions. arXiv. Preprint posted online on Nov 22, 2017 2021
[EREE Full text]

Chen FS, Kumsta R, von Dawans B, Monakhov M, Ebstein RP, Heinrichs M. Common oxytocin receptor gene (OXTR)
polymorphism and socia support interact to reduce stress in humans. Proc Natl Acad Sci U S A 2011 Dec
13;108(50):19937-19942 [FREE Full text] [doi: 10.1073/pnas.1113079108] [Medline: 22123970]

Brooks SK, Webster RK, Smith LE, Woodland L, Wessely S, Greenberg N, et al. The psychological impact of quarantine
and how to reduce it: rapid review of the evidence. Lancet 2020 Mar 14;395(10227):912-920. [doi:
10.1016/S0140-6736(20)30460-8] [Medline: 32112714]

Uchino BN. Social support and health: areview of physiological processes potentially underlying linksto disease outcomes.
JBehav Med 2006 Aug;29(4):377-387 [FREE Full text] [doi: 10.1007/s10865-006-9056-5] [Medline: 16758315]

Lin S, Faust L, Robles-Granda P, Kagjdanowicz T, ChawlaNV. Social network structureis predictive of health and wellness.
PL0OS One 2019;14(6):€0217264 [FREE Full text] [doi: 10.1371/journal.pone.0217264] [Medline: 31170181]

Blackman D, Falkner AL. Balancing anxiety and social desire. Nat Neurosci 2021 Apr;24(4):453-454. [doi:
10.1038/s41593-021-00812-w] [Medline: 33674751]

Benke C, Autenrieth LK, Asselmann E, Pané-Farré CA. Lockdown, quarantine measures, and socia distancing: associations
with depression, anxiety and distress at the beginning of the COV1D-19 pandemic among adults from Germany. Psychiatry
Res 2020 Nov;293:113462 [FREE Full text] [doi: 10.1016/j.psychres.2020.113462] [Medline: 32987222]

Wathelet M, Duhem S, Vaiva G, Baubet T, Habran E, VeerapaE, et a. Factors associated with mental health disorders
among university students in france confined during the COVID-19 pandemic. JAMA Netw Open 2020 Oct
01,3(10):€2025591 [FREE Full text] [doi: 10.1001/jamanetworkopen.2020.25591] [Medline: 33095252]

https://mental.jmir.org/2021/9/e30833 JMIR Ment Health 2021 | vol. 8 | iss. 9 | €30833 | p. 12

(page number not for citation purposes)


http://europepmc.org/abstract/MED/33318619
http://dx.doi.org/10.1038/s41380-020-00963-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33318619&dopt=Abstract
http://dx.doi.org/10.1002/mpr.1554
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28276176&dopt=Abstract
https://mhealth.jmir.org/2018/12/e197/
https://mhealth.jmir.org/2018/12/e197/
http://dx.doi.org/10.2196/mhealth.9472
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30530465&dopt=Abstract
http://dx.doi.org/10.1016/j.psychres.2017.06.023
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28666201&dopt=Abstract
https://eb2.tech/?lang=en
http://dx.doi.org/10.1109/JBHI.2019.2918687
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31135374&dopt=Abstract
http://dx.doi.org/10.1007/7854_2020_170
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32797403&dopt=Abstract
http://dx.doi.org/10.1001/archinte.166.10.1092
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16717171&dopt=Abstract
http://dx.doi.org/10.7326/0003-4819-146-5-200703060-00004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17339617&dopt=Abstract
https://www.spainenglish.com/2020/06/18/lifting-lockdown-spain-full-details-phases/
https://www.spainenglish.com/2020/06/18/lifting-lockdown-spain-full-details-phases/
https://support.google.com/googleplay/android-developer/answer/9859673?hl=en&visit_id=637404551129521641-377005271&rd=1
https://support.google.com/googleplay/android-developer/answer/9859673?hl=en&visit_id=637404551129521641-377005271&rd=1
http://dx.doi.org/10.1037/0033-2909.87.2.245
http://dx.doi.org/10.1007/s13253-017-0283-8
http://dx.doi.org/10.1016/j.janxdis.2013.03.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23746493&dopt=Abstract
http://arxiv.org/abs/1705.07874
http://www.pnas.org/cgi/pmidlookup?view=long&pmid=22123970
http://dx.doi.org/10.1073/pnas.1113079108
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22123970&dopt=Abstract
http://dx.doi.org/10.1016/S0140-6736(20)30460-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32112714&dopt=Abstract
http://paperpile.com/b/M3TsPr/mO4V
http://dx.doi.org/10.1007/s10865-006-9056-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16758315&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0217264
http://dx.doi.org/10.1371/journal.pone.0217264
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31170181&dopt=Abstract
http://dx.doi.org/10.1038/s41593-021-00812-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33674751&dopt=Abstract
http://europepmc.org/abstract/MED/32987222
http://dx.doi.org/10.1016/j.psychres.2020.113462
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32987222&dopt=Abstract
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2020.25591
http://dx.doi.org/10.1001/jamanetworkopen.2020.25591
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33095252&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Ryu et d

44.  Orben A, Przybylski AK. The association between adol escent well-being and digital technology use. Nat Hum Behav 2019
Feb 14;3(2):173-182. [doi: 10.1038/s41562-018-0506-1] [Medline: 30944443]

45. Zhao X, Fan J, Basnyat |, Hu B. Online health information seeking using "#COVID-19 patient seeking help" on Weibo in
Wuhan, China: Descriptive Study. J Med Internet Res 2020 Oct 15;22(10):€22910 [FREE Full text] [doi: 10.2196/22910]
[Medline: 33001838]

46. Yoo W, Choi D, Park K. The effects of SNS communication: how expressing and receiving information predict
MERS-preventive behavioral intentionsin South Korea. Comput Human Behav 2016 Sep;62:34-43 [FREE Full text] [doi:
10.1016/j.chb.2016.03.058] [Medline: 32288174]

47. Andrglevic M. Public service media utilities: rethinking search engines and social networking as public goods. Media Int
Aus 2013 Feb 01;146(1):123-132. [doi: 10.1177/1329878x1314600116]

48. MERSfor one month: SNS's mention declines. SBS News. 2015 Jun 19. URL: https://news.sbs.co.kr/news/endPage.
do?news_id=N1003033638 [accessed 2021-08-03]

49. Ahmed W, Vidal-Alaball J, Downing J, Lépez Segui F. COVID-19 and the 5G conspiracy theory: social network anaysis
of Twitter data. JMed Internet Res 2020 May 06;22(5):€19458 [ FREE Full text] [doi: 10.2196/19458] [Medline: 32352383]

50. Guntuku SC, Klinger EV, McCalpin HJ, Ungar LH, Asch DA, Merchant RM. Social media language of healthcare
super-utilizers. NPJ Digit Med 2021 Mar 25;4(1):55 [FREE Full text] [doi: 10.1038/s41746-021-00419-2] [Medline:
33767336]

51. OnnelaJ. Opportunities and challengesin the collection and analysis of digital phenotyping data. Neuropsychopharmacol ogy
2021 Jan;46(1):45-54. [doi: 10.1038/s41386-020-0771-3] [Medline: 32679583]

52. PierceM, McManus S, Jessop C, John A, Hotopf M, Ford T, et al. Says who? the significance of sampling in mental health
surveysduring COVID-19. Lancet Psychiatry 2020 Jul; 7(7):567-568 [ FREE Full text] [doi: 10.1016/S2215-0366(20)30237-6]
[Medline: 32502467]

53. HBIrk R, Samuel G. Can digital data diagnose mental health problems? a sociological exploration of ‘digital phenotyping'.
Sociol Health I1In 2020 Nov;42(8):1873-1887. [doi: 10.1111/1467-9566.13175] [Medline: 32914445]

54. LathaK, MeenaKS, Pravitha MR, Dasgupta M, Chaturvedi SK. Effective use of social media platforms for promotion of
mental health awareness. J Educ Health Promot 2020;9:124 [FREE Full text] [doi: 10.4103/jehp.jehp 90 20] [Medline:
32642480]

Abbreviations

AUROC: areaunder the receiver operating characteristics curve
GAD-7: Generalized Anxiety Disorder scale

HMM: hidden Markov model

SHAP: Shapley additive explanation

Edited by J Torous; submitted 03.06.21; peer-reviewed by J YU, Y Li, | Shubina; commentsto author 01.07.21; revised version received
22.07.21; accepted 29.07.21; published 15.09.21

Please cite as:

Ryu J, Sikel E, Norbury A, H Liu S, Campafia-Montes JJ, Baca-Garcia E, Artés A, Perez-Rodriguez MM

Shift in Social Media App Usage During COVID-19 Lockdown and Clinical Anxiety Symptoms: Machine Learning—Based Ecological
Momentary Assessment Study

JMIR Ment Health 2021;8(9):€30833

URL: https://mental.jmir.org/2021/9/€30833

doi: 10.2196/30833

PMID:

©Jihan Ryu, Emese Siikei, Agnes Norbury, Shelley H Liu, Juan José Campafia-Montes, Enrique Baca-Garcia, Antonio Artés, M
Mercedes Perez-Rodriguez. Originally published in IMIR Mental Health (https:.//mental.jmir.org), 15.09.2021. This is an
open-access  article  distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in IMIR Mental Health, is properly cited. The complete bibliographic information, a
link to the original publication on https://mental .jmir.org/, aswell as this copyright and license information must be included.

https://mental.jmir.org/2021/9/e30833 JMIR Ment Health 2021 | vol. 8 | iss. 9 | €30833 | p. 13
(page number not for citation purposes)

RenderX


http://dx.doi.org/10.1038/s41562-018-0506-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30944443&dopt=Abstract
https://www.jmir.org/2020/10/e22910/
http://dx.doi.org/10.2196/22910
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33001838&dopt=Abstract
http://europepmc.org/abstract/MED/32288174
http://dx.doi.org/10.1016/j.chb.2016.03.058
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32288174&dopt=Abstract
http://dx.doi.org/10.1177/1329878x1314600116
https://news.sbs.co.kr/news/endPage.do?news_id=N1003033638
https://news.sbs.co.kr/news/endPage.do?news_id=N1003033638
https://www.jmir.org/2020/5/e19458/
http://dx.doi.org/10.2196/19458
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32352383&dopt=Abstract
https://doi.org/10.1038/s41746-021-00419-2
http://dx.doi.org/10.1038/s41746-021-00419-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33767336&dopt=Abstract
http://dx.doi.org/10.1038/s41386-020-0771-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32679583&dopt=Abstract
http://europepmc.org/abstract/MED/32502467
http://dx.doi.org/10.1016/S2215-0366(20)30237-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32502467&dopt=Abstract
http://dx.doi.org/10.1111/1467-9566.13175
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32914445&dopt=Abstract
http://europepmc.org/abstract/MED/32642480
http://dx.doi.org/10.4103/jehp.jehp_90_20
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32642480&dopt=Abstract
https://mental.jmir.org/2021/9/e30833
http://dx.doi.org/10.2196/30833
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

