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A B S T R A C T
IMPLICATIONS AND
Purpose: Adolescence is characterized by dramatic physical, social, and emotional changes,
making teens particularly vulnerable to the mental health effects of the COVID-19 pandemic. This
longitudinal study identifies young adolescents who are most vulnerable to the psychological toll
of the pandemic and provides insights to inform strategies to help adolescents cope better in times
of crisis.
Methods: A data-driven approach was applied to a longitudinal, demographically diverse cohort of
more than 3,000 young adolescents (11e14 years) participating in the ongoing Adolescent Brain
Cognitive Development Study in the United States, including multiple prepandemic visits and
three assessments during the COVID-19 pandemic (MayeAugust 2020). We fitted machine
learning models and provided a comprehensive list of predictors of psychological distress in
individuals.
Results: Positive affect, stress, anxiety, and depressive symptoms were accurately detected with
our classifiers. Female sex and prepandemic internalizing symptoms and sleep problems were
strong predictors of psychological distress. Parent- and youth-reported pandemic-related psy-
chosocial factors, including poorer quality and functioning of family relationships, more screen
time, and witnessing discrimination in relation to the pandemic further predicted youth distress.
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Positive affect, perceived
stress, anxiety, and
depressive symptoms
were accurately detected
by a data-driven classifi-
cation scheme. Findings
highlight the importance
of social connectedness
and healthy lifestyle be-
haviors, such as sleep and
physical activity, as buff-
ering factors against the
deleterious effects of the
pandemic on adolescents’
mental health.
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However, better social support, regular physical activities, coping strategies, and healthy behaviors
predicted better emotional well-being.
Discussion: Findings highlight the importance of social connectedness and healthy behaviors, such
as sleep and physical activity, as buffering factors against the deleterious effects of the pandemic
on adolescents’ mental health. They also point to the need for greater attention toward coping
strategies that help the most vulnerable adolescents, particularly girls and those with prepandemic
psychological problems.

� 2021 Published by Elsevier Inc. on behalf of Society for Adolescent Health and Medicine.
Coronavirus disease (COVID-19) emerged in late 2019 and
rapidly escalated into a global pandemic, leading to uncertainty,
widespread restrictions, school and business closures, social
isolation, financial loss, and drastic life changes [1]. These major
stressors contributed to psychological distress in the general pop-
ulation [2,3], children and adolescents [4,5] (for review see [6]).

Early adolescence (11e14 years) is a sensitive period in life,
characterized by dramatic cognitive and physical changes, as
well as changes in social and emotional development [7],
including shifts in social and emotional support from parents to
peers, which leads to a greater autonomy [8]. These develop-
mental shifts could make young adolescents vulnerable to the
mental health effects of the pandemic, particularly girls, who are
at increased risk for emotional problems [9]. The COVID-19
pandemic has curtailed in-person peer-to-peer social connec-
tions, in addition to inducing other stresses such as worry about
health and future uncertainty, which can impact emotional
wellbeing, especially for adolescents whowere already at risk for
experiencing emotional difficulties when the pandemic started
[10]. Adverse effects of the pandemic on adolescent mental
health are likely, particularly among those at high risk for
developing sleep disorders or mental health problems, and in
relation to dramatic pandemic-related changes, such as the rapid
transition to remote learning practices, decrease in routines, and
loss of in-person activities and peer relationships [11]. However,
adolescents may leverage adaptive coping strategies to buffer the
effect of stressors and enhance adaptation following stressful
encounters [12]. Maintenance of daily routines, healthy behav-
iors, and engaging in social exchange are advocated to help ad-
olescents cope with stress during the pandemic [13] but there is
little research showing what behaviors are most effective.
Maintaining digital social connections with peers is also
encouraged; however, findings linking more digital media use
with poor mental health have led to uncertainty about the pos-
itive or negative effects of specific components of screen time
[14]. Most studies rely on convenience samples and cross-
sectional designs [4,14] with limited longitudinal evidence of
the psychological effects of the pandemic in adolescents. Recent
longitudinal studies reported elevated rates of anxiety, depres-
sion, and stress among adolescents [15], especially in girls [16,17]
and highlighted the risk effects of school-related concerns [17]
and the importance of social connectedness (parent-child dis-
cussions and peer support) [16,17].

Here, we took advantage of the population-based, demo-
graphically, and geographically diverse Adolescent Brain Cogni-
tive Development (ABCD) study (https://abcdstudy.org/), which
has been following US youth before and during the COVID-19
pandemic. We fitted machine learning models to identify
potentially modifiable psychosocial and lifestyle risk factors for
psychological distress (anxiety, depression, and stress symp-
toms) and emotional wellbeing (represented by positive affect)
during the pandemic. Machine learning tools offer a unique [18]
and integrative approach to identify the independent risk and
protective factors, to optimize early recognition and treatment
for high-risk groups.

Methods

Participants

Data were obtained from the US-based, multisite ABCD study
(21 research sites from 17 states; https://abcdstudy.org/study-
sites/), that is, tracking >11,000 children, aged 9e10 years at
baseline [19].We included data from adolescents who completed
the ABCD protocol (ABCD 3.0 data release) at prepandemic visits
and online COVID-19 surveys [20] (MayeAugust 2020).

ABCD data from the 3.0 data release included all participants
who had completed the Year 2 assessment by February 2020
(Year 2 data from 5,500 participants were not yet available).
Appendix A provides details of inclusion/exclusion criteria and
Figure A1 provides an overview of the study design and mea-
sures included in the analysis.

Written informed consent and assent were obtained from a
parent/guardian and the child, respectively. Procedures were
approved by a centralized Institutional Review Board (University
of California, San Diego, protocol number: #160091AW). Sample
demographics are described in Table 1. Compared to the full
ABCD study sample at study entry, youth completing surveys
during the pandemic were less likely to be Hispanic/Latino (16%
vs. 20%), less likely to be Black (7% vs. 15%), more likely to be
Asian (5% vs. 4%), and their parents were more likely to have
higher education (e.g., having postgraduate degree 42% vs. 34%).

Shelter-in-place orders were put into place by the majority of
US states, starting in mid-March 2020, resulting in school and
business closures. In MayeAugust 2020 (the period of survey
administration), infection/deaths due to COVID-19 and the
associated economic impact persisted, although varied across
regions of the United States. For a more detailed description of
the COVID-19 pandemic in the period of May-August 2020, see
Gold et al. [21].

Predictor variables: measures included in the models

Demographics. Sex, race, ethnicity, number of siblings, research
site, educational attainment of parents/caregiver, and number of
people living at the same address, reported at the prepandemic
baseline year, were included. Age in months was based on the
respective survey (Table 1).

https://abcdstudy.org/
https://abcdstudy.org/study-sites/
https://abcdstudy.org/study-sites/


Table 1
Demographics of ABCD study participants and the subset included in the current analysis

Variable Release 3.0 baseline data (N ¼ 11,878) Survey 1 (N ¼ 3,091) Survey 2 (N ¼ 3,193) Survey 3 (N ¼ 2,934)

Age (years), mean (range) 9.91 (9e11) 12.86 (11e14) 12.94 (11e14) 13.05 (11e14)
Sex
Female 5,682 (47.8%) 1,530 (49.3%) 1,562 (48.9%) 1,435 (48.9%)
Male 6,196 (52.1%) 1,561 (50.6%) 1,631 (51.0%) 1,499 (51.1%)

Racea

White 8,244 (69.4%) 2,481 (80.2%) 2,521 (78.9%) 2,365 (80.6%)
Black 1,895 (15.9%) 213 (6.8%) 267 (8.3%) 216 (7.36%)
Asian 498 (4.1%) 170 (5.4%) 172 (5.3%) 168 (5.7%)
Multiracial/Multiethnic 184 (1.5%) 27 (0.8%) 32 (1%) 26 (0.8%)
Other 852 (7.1%) 167 (5.4%) 168 (5.2%) 128 (4.36%)
Unknown/Not reported 205 (1.7%) 34 (1.0%) 33 (1.0%) 29 (0.9%)

Ethnicity
Hispanic/Latino 2,411 (20.3%) 512 (16.5%) 523 (16.3%) 457 (15.5%)
Not Hispanic 9,314 (78.4%) 2,545 (82.3%) 2,638 (82.5%) 2,446 (8.36%)
Unknown/Not reported 143 (1.2%) 33 (1%) 34 (1%) 31 (1%)

Parental education
<High school diploma 1,395 (11.7%) 40 (1.2%) 32 (1.0%) 32 (1.0%)
High school diploma/GED 330 (2.7%) 174 (5.6%) 182 (5.5%) 160 (5.4%)
Some college 3,080 (25.9%) 615 (19.8%) 673 (21.0%) 587 (20.0%)
Bachelor’s degree 3,015 (25.3%) 934 (30.2%) 978 (30.6%) 923 (31.4%)
Postgraduate degree 4,044 (34.0%) 1,325 (42.8%) 1,323 (41.4%) 1,230 (42.1%)
Unknown/not reported 14 (0.1%) 3 (<0.1%) 5 (<0.1%) 2 (<0.1%)

ABCD ¼ Adolescent Brain Cognitive Development; GED ¼ General Educational Development Test.
a Categories for race for the ABCD cohort were defined as in Goldstone et al. 2020.
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Prepandemic measures

Internalizing and externalizing symptoms. From the most
recent prepandemic assessment of the ABCD study (Year 2), we
used parent/caregiver reports of externalizing problems
(aggressive, rule-breaking behavior) from the Child Behavioral
Checklist [22] and youth reports of internalizing problems (e.g.,
anxious, depressive) from the Achenbach System of Empirically
Based Assessment Brief Problem Monitor [23].

Sleep. From the most recent ABCD assessment (Year 2), we used
parent/caregiver reports of sleep disturbance (Sleep Disturbance
Scale for Children [24]) with six subscales, including difficulty
initiating and maintaining sleep and sleep breathing disorders.
We also considered the importance of changes over time in these
subscales, by including difference scores (%) between consecu-
tive years (i.e., from Baseline to Year 1, and Year 1 to Year 2). For
youth report, we used variables from the Munich Chronotype
questionnaire [25] (Year 2). Variables included sleep timing,
duration, sleep onset latency, sleep inertia (time taken to get out
of bed) on school and free days, and chronotype-proxy.

Pandemic measures. Youth and parents were separately invited
to complete three online surveys between May and August 2020,
approximately 40 days apart. Surveys assessed effects of the
COVID-19 pandemic on youth and their families and included
>200 items across psychosocial and lifestyle domains (See
Appendix B for details).

Outcome measures: pandemic mental health. In the COVID-19
survey, adolescents completed four scales about psychological
distress and wellbeing (see Appendix B for details). National
Institutes of Health (NIH) toolbox measures designed for those
aged 8e17 years were used to assess emotional wellbeing (Sur-
vey 2: Positive affect, nine items about feelings that reflect
pleasurable engagement with the environment [26]) and
negative affect (Survey 1 and 3: Depressive symptoms: eight
items about symptoms that are affective and cognitive indicators
of depression; Survey 2: Anxiety: eight items about symptoms of
anxiety and perceptions of threat) during the past week [27,28].
The 4-item Perceived Stress Scale (Survey 2: PSS) provides a brief
measure of stress perceptions during the last month [29]. We
developed classification models for positive affect, anxiety, and
stress from Survey 2, and depressive symptoms from Survey 1
and 3 (Figure A2). For NIH toolbox batteries and scoring in-
structions, see https://www.healthmeasures.net/explore-
measurement-systems/nih-toolbox/intro-to-nih-toolbox/emotion.

Since we assessed depressive scores at two timepoints, we
also compared the potential change in the number of partici-
pants who scored above the cutoff using a McNemar chi-squared
test.

Training and evaluation of classification models. Respondents
with insufficient survey completion (below 65% completion rate
for both youth and parent report) were removed. Using these
criteria w20% of youth data and w7% of parent data were
excluded (see Appendix A for more details). During the feature
selection process, we removed features having missing records
above 98% and dropped quasi-constant (>99%) features from the
dataset. To identify redundant features and reduce collinearity
among variables, we calculated the Spearman’s rho (r) correla-
tion matrix and identified pairs of variables with large correla-
tion values (jrj>0.6). We compared these features with the
outcome variable and kept in the model the feature that showed
a higher correlation with the outcome.

To predict mental health risk, we used classification predic-
tion, which requires that outcomes be classified into one of two
or more classes. Outcomes were, therefore, coded into binary
values where 1 represents high scores and 0 represents scores
under the cutoff. Optimal thresholds were determined from the
distribution of the normalized T-scores (Figure A2). T-scores are
standard scores with a mean of 50 and standard deviation of 10

https://www.healthmeasures.net/explore-measurement-systems/nih-toolbox/intro-to-nih-toolbox/emotion
https://www.healthmeasures.net/explore-measurement-systems/nih-toolbox/intro-to-nih-toolbox/emotion
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in the US general population. A T-score (standard score) of 60 for
positive affect, depressive symptoms, and anxiety was used as a
cutoff, representing one standard deviation above the mean of
the US general population of adolescents [26]. For the Perceived
Stress Score (PSS), the cutoff point was defined based on the
distribution of the values in our sample (raw scores >10).

Model performance depends on the selection of their hyper-
parameters (e.g., learning rate). To find the best-performing hy-
per-parameter configuration, we performed a grid search by
evaluating all possible configurations in a predefined range. The
aim was to obtain a model with high interpretability, therefore,
keeping model complexity low. We trained regularized logistic
regression (LogReg) [30] and XGBoost models (GBT) separately
with several possible parameters to find the best fitting model
targeting positive affect, depressive symptoms, stress, and anx-
iety. Extreme gradient boosting (XGBoost) is a relatively new
gradient boosting implementation that has been successfully
applied for the prediction of diabetes risk [31], risk of mortality
from COVID-19 [32], and insomnia [33]. Formodel evaluation, we
used area under the receiver operating characteristic curve (AUC)
metrics.

For model comparison we used nested cross-validation (see
Figure A3 for details). We fitted the final model on the entire
dataset using the implementation in scikit-learn [34] (version
18.2) and Python 3.6.8. Results of the nested cross-validation
indicated acceptable prediction performance (mean AUC �
0.70) for both GBT and LogReg models (Table A1). Since we
achieved higher, or roughly equal, performance using gradient
boosting than with logistic regression in all four models, we
chose to present the decision tree based GBT algorithm to
explore feature importance, given that it is a powerful, widely
recognized nonlinear tool [35] that inherently incorporates in-
teractions among independent variables, which is appropriate
here since features from the high-dimensional survey data likely
interact. Furthermore, GBT has high generalization ability
considering that the training data are sparse.

Feature importance in final models. We analyzed the feature
importance values of the fine-tuned GBT models that we trained
on the entire datasetwith the best hyperparameters identified. To
interpret these nonlinear models, we relied on SHapley Additive
exPlanations (SHAP) values (4) [36]. For XGBoost models, the
SHAP algorithm computes the contribution of the individual
variables in log odds values, providing an overall ranking of fea-
tures according to their importance (mean absolute SHAP value).
For the sake of interpretability, we categorized the top features
into eight domains: demographics (e.g., age, sex); coping behav-
iors (e.g., having a regular meal time); physical activities (e.g.,
outdoor activities); relationships (e.g., relationship quality with
friends, family); resources (e.g., unable toafford food), screen time
(e.g., time spent on social media); sleep (e.g., prepandemic sleep
disturbances); and other (e.g., prepandemic psychological
problems).

Results

Feature importance in classification models

Positive affect. The final GBT model included 231 features.
Figure 1 shows the top 20 features by mean absolute SHAP value
for predicting positive affect during the pandemic. The top
ranked variables were parent monitoring (4 ¼ 0.28; i.e.,
“talking to a parent/guardian about daily plans”) and
participating in family activities (4 ¼ 0.16), followed by
outdoor activities (4 ¼ 0.11) during the pandemic. As
shown, relationships with family and friends and better
social support (8 of the top 20 features) are strong in-
dicators for adolescents’ positive affect in the pandemic.
Additionally, healthy behaviors during the pandemic (more
physical activities, less screen time), and younger age pre-
dicted high positive affect. Of note, having an Individualized
Education Program or 504 plan, more prepandemic sleep
problems, and higher pre-existing internalizing symptoms
were associated with lower positive affect.

Perceived stress. The final GBT model included 228 features.
Figure 2 shows the top 20 features by mean absolute SHAP
value for predicting stress during the pandemic. Sex was the
most important predictor (4 ¼ 0.22), showing that girls were
more likely than boys to have high stress levels in the pandemic.
Variables reflecting relationships (7 of the top ranked variables)
and prepandemic sleep problems were again strong predictors.
Other important features were “witnessing discrimination in
relation to coronavirus” (4 ¼ 0.10), not having “regular meal
times’ (4 ¼ 0.10), and pre-existing internalizing problems (4 ¼
0.09).

Anxiety. The final GBT model included 228 predictor variables.
Figure 3 shows the top 20 features by mean absolute SHAP value
for predicting anxiety during the pandemic. The top ranked
variables were sex (4 ¼ 0.35) and pre-existing internalizing
problems (4 ¼ 0.25), followed by “parent worry about corona-
virus” (4 ¼ 0.11). Relationship variables were important, with
better quality family relationships and more positive tone of
communication with family predicting less anxiety. Counterin-
tuitively, more positive tone of communication with friends was
associated with anxiety. Several screen time variables appeared
in the top predictors of anxiety, with higher frequency of
“watching news related to coronavirus,” more time “playing
single-player video games,” or “browsing the internet,” predict-
ing anxiety.

Depressive symptoms. The number of participants showing
depressive symptom scores above the cutoff point decreased
(N ¼ 2,080, c2(1) ¼ 9.803, p ¼ .001) fromMay (16.49%) to August
(14.04%) 2020 (Figure 4A).

The final GBT model using predictors and depressive score
from Survey 1 included 240 features. Figure 4B shows the top 20
features by mean absolute SHAP value. The final model based on
data from Survey 3 (see Supplementary Figure A4) included 223
features.

Predictive features largely overlapped between the two
timepoints. Female sex, pre-existing internalizing problems, and
“witnessing racism due to coronavirus,” not having “regular meal
times,” and “listening to music” during the pandemic were in the
top features associated with depressive symptoms at both
timepoints. Family and peer relationships, during the pandemic
and prepandemic sleep indicators were also in the top 20 fea-
tures for both. On the other hand, school-related predictors
(“worried about missing school in person,” “how easy or difficult
it was to complete school work”) ranked high only in Survey 1
(May 2020).



Figure 1. Feature importance of the GBT model trained to predict positive affect in young adolescents during the pandemic (n ¼ 2,896). Top 20 features are sorted by
mean absolute SHAP value. The color of the bars represents the direction of the effect (red: higher values associated with higher SHAP scores). In variable names,
“yr” ¼ youth report; “pr” ¼ parent report.
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Discussion

A broad analysis of psychosocial and lifestyle factors in the
longitudinal ABCD study of adolescents in the United States
found that social connectedness and family relationships were
among the strongest predictors of emotional wellbeing in ado-
lescents during the COVID 19 pandemic. Importantly, our data
consistently showed girls were at higher risk for the negative
effects of the pandemic on mental health. Also, adolescents who
entered the pandemic having pre-existing internalizing
Figure 2. Feature importance of the GBT model trained to predict stress in young ad
absolute SHAP value. The color of the bars represents the direction of the effect (red: h
report; “pr” ¼ parent report.
symptoms and sleep problems were more vulnerable to psy-
chological distress. Results suggest that increased physical ac-
tivity, maintaining routines, and taking breaks from news
storiesdall predictors of emotional wellbeing during the
pandemic, but also modifiable lifestyle factorsdcould be targets
for prevention of mental health problems in youth during a
major life stress, like a pandemic.

The prediction models for stress, anxiety, and depression
identified sex as an important feature, with girls being more
likely to experience psychological distress during the pandemic.
olescents during the pandemic (n ¼ 3,193). Top 20 features are sorted by mean
igher values associated with higher SHAP scores). In variable names, “yr” ¼ youth



Figure 3. Feature importance of the GBT model trained to predict anxiety in young adolescents during the pandemic (n ¼ 3,193). Top 20 features are sorted by mean
absolute SHAP value. The color of the bars represents the direction of the effect (red: higher values associated with higher SHAP scores). In variable names, “yr” ¼ youth
report; “pr” ¼ parent report.
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Results support emerging studies, including in adolescents [16],
showing greater vulnerability of the female sex to psychological
distress during the pandemic [4,15,16]. Mental health problems
are more prevalent in girls, with this sex difference emerging
after puberty [9]. We did not examine predictors of psychological
distress separately for boys and girls; however, others have
shown that women are more sensitive than men to the depres-
sogenic effects of low levels of social support [37]. Possibly, girls
may bemore affected by social isolation (particularly from peers)
imposed by the pandemic.

Pre-existing internalizing symptoms strongly predicted psy-
chological distress during the pandemic, which could reflect
persistence of internalizing symptoms over time [38] and
increased vulnerability of adolescents with these symptoms to
pandemic-related stressors. Adolescents with mental health
problems are less likely to tolerate lockdown and may have
disruption to psychological services [13].

A concerning finding was that experiencing or witnessing
discrimination in relation to COVID-19 disease predicted stress,
anxiety, and depression. Others reported that Black and Asian
Americans are vulnerable to COVID-19 racial discrimination,
which was associated with poorer mental health in youth [39].
From our analysis we did not identify the context of discrimina-
tion, and work is needed to explore this relationship further.
Public health and educational strategies are needed to decrease
stigmatization of, and discrimination against, vulnerable groups.
Multiple indicators of social connectedness with family and
friends, including quality of relationships, more family activities,
and less isolation from friends, were associatedwith better mental
health, underscoring the social-emotional benefit of turning to
one’s family and friends to cope with stress. Although prediction
does not indicate causality, the results here are in line with other
studies showing that adolescents with high levels of social
connection during COVID-19 had fewer depressive symptoms and
anxiety [16], and prior research linking social connectedness with
adolescent well-being [40]. Although peer social connections have
been dramatically curtailed in the pandemic, companionship in
the family context may protect adolescents’ mental health [14].

Screen time variables were important predictors of anxiety
and depression: greater consumption of pandemic-related news
predicted anxiety, supporting ample evidence linking disaster-
related media exposure, and negative outcomes in youth [41].
Connecting digitally and screen time use predicted anxiety and
depression, similar to findings of others [4], although digital
connections have also been associated with reduced loneliness
[14]. Although interactions online can mimic in-person dy-
namics, they might also bring increased risk of ostracism,
amplification of existing interpersonal struggles, or excessive
rumination on negative emotions, which could increase
depression [14]. On the other hand, screen time activities might
reflect coping or seeking social support for thosewith depression
(for review see [42]). Similarly, greater time spent listening to
music/watching music videos could reflect coping in those with
mental health symptoms. As emphasized elsewhere [14,43],
mindful use of supportive virtual interactions with peers can
enhance adolescent socialization during times of reduced phys-
ical peer-to-peer connections.

Pre-existing sleep problems predicted greater psychological
distress in adolescents during the pandemic. There is a bidirec-
tional relationship between sleep and mood, although sleep
disturbances more often preceded depression than the reverse
[44], supporting sleep as a modifiable target to reduce risk for
poor mental health [45], including during stressful times like the
pandemic. We also found that getting plenty of sleep, having
regular meal times, and engaging in healthy behaviors during the
pandemic, such as physical or outdoor activities, had a protective
role for adolescent mental health. These data provide evidence of
the benefits of routines, especially maintaining healthy sleep
habits, which have been recommended as ways for adolescents
to cope with stress and potentially prevent mood disorders
during the pandemic [13]. While few prior studies examined the
importance of prepandemic sleep health for psychological



Figure 4. (A) Differences in the number and percentage of participants who exceeded the cutoff for high depressive symptoms (standard T-Score > 60) at COVID-19
Survey 1 and COVID-19 Survey 3. (B) Feature importance of the GBT model trained to predict depressive symptoms based on the dataset from Survey 1 (n ¼ 3,063) in
young adolescents during the pandemic. Top 20 features are sorted by mean absolute SHAP value. The color of the bars represents the direction of the effect (red:
higher values associated with higher SHAP scores). In variable names, “yr” ¼ youth report; “pr” ¼ parent report.
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wellbeing during the pandemic, others reported found that in
adolescents, parent-reported difficulty initiating/maintaining
sleep increased, and sleep/wake behaviors became more
delayed, compared to before the pandemic, with these effects
associated with more sadness/loneliness and COVID-19-related
worries/fears, respectively [46]. Adolescents in that study also
reported less daytime sleepiness and longer school-night sleep
duration during, compared to before, the pandemic, reflecting
some positive changes in sleep [46].

Strengths of the current analysis lie in the ABCD study dataset,
from participants across 21 sites in the United States, which
contributes to the robustness of results, reducing the possibility
that county-specific restrictions, health care resources, or dif-
ferences in educational systems might impact our findings.
However, generalizability is limited by the fact that the sample is
not necessarily representative of the US population, and we only
included a subsample here who had sufficient data from the
prepandemic ABCD assessments and COVID-19 surveys. Results
therefore need to be interpreted with caution. Second, partici-
pants self-reported their mental health during a period charac-
terized by a quickly changing environment. Our results do not
reveal the causal relationship between the predictors and youth’s
mental health, or the temporal relationship between predictors
and the outcomes that were assessed cross-sectionally. We
showed a reduction in risk of depressive symptoms from the first
to the third assessment during the pandemic but further studies
are needed to track longer term changes in mental health of this
group across the course of the pandemic and into the future.

We provided a comprehensive list of independent predictors
for each model; however, low variable importance for other
factors does not necessarily imply that they are weakly related to
the outcome, just that they do not contribute to outcome pre-
diction given all the other variables in the simultaneous model.
Furthermore, in their current form, our prediction models do not
identify the root cause of mental health outcomes and do not test
the causal relationships; some predictors might reflect coping or
behavior induced by the outcome variable.

America’s youth, especially those entering the pandemic with
pre-existingmentalhealthproblems, aswell asgirls, areparticularly
vulnerable to the psychological impact of the COVID-19 pandemic.
To limit the long-term adverse consequences of the pandemic, it is
important that all adolescents receive regularandconvenientaccess
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to mental health care or social/community-based support pro-
grams. Although cognitive behavioral therapies are the first-line
treatment for mental health disorders, they are limited in avail-
ability and affordability, and adolescents with subclinical symp-
toms, in particular, may benefit from alternative services such as
telehealth. Inaddition, it is critical to raiseawarenessof thepotential
psychological long-term sequelae of the COVID-19 pandemic
among at-risk populations. Although social ties may serve as pro-
tective factors for maintaining stable mental wellbeing during the
pandemic, modifiable lifestyle-related factors such as sleep may be
thefirst approach to improvingadolescents’psychologicalwellness,
for example, by promoting regular sleep routines with educational
programs. Collaborative work among scientists, governments,
communities, and clinicians can help provide adolescents and their
families with the tools and support to better cope with major life
crises such as pandemics, environmental stressors (e.g., natural
disasters), or other sources of global trauma.
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