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A B S T R A C T   

Our study characterized associations between three indicators of COVID-19’s community-level impact in 20 
geographically diverse metropolitan regions and how worried youth and their caregivers in the Adolescent Brain 
Cognitive Development℠ Study have been about COVID-19. County-level COVID-19 case/death rates and 
monthly unemployment rates were geocoded to participants’ addresses. Caregivers’ (vs. youths’) COVID-19- 
related worry was more strongly associated with COVID-19’s community impact, independent of sociodemo
graphics and pre-pandemic anxiety levels, with these associations varying by location. Public-health agencies 
and healthcare providers should avoid adopting uniform “one-size-fits-all” approaches to addressing COVID-19- 
related emotional distress and must consider specific communities’ needs, challenges, and strengths.   

1. Introduction 

The SARS-CoV-2 (COVID-19) pandemic has more strongly impacted 
the physical and mental health of lower-than higher-income populations 
in the United States (Karmakar et al., 2021), likely due to the social 
determinants of and inequities in risk of exposure, healthcare access, 
and abilities to engage in COVID-19-preventative behaviors (Okonkwo 
et al., 2021). Nonetheless, we have shown that despite greater risks of 
COVID-19 exposure, lower-income populations (and/or those living in 
lower-income neighborhoods) report engaging in more preventative 
behaviors to combat its spread (Marshall et al., 2022). 

Beyond the influence of family- and neighborhood-level socioeco
nomic status on COVID-19-related health outcomes, behaviors, and 
perceptions, different U.S. regions and metropolitan areas have been 

differentially affected by COVID-19. For example, COVID-19 infection/ 
death rates and the concurrent economic impact has varied widely 
across the US (Udalova, 2021), partially due to disparate responses to 
the pandemic (e.g., stay-at-home policies/behaviors, mask mandates, 
vaccination rates) (Zang et al., 2021; Lyu and Wehby, 2020). Further, 
individuals’ worry about COVID-19 was related to self-reported com
munity factors (general perceived sense-of-community, strictness of 
COVID-19 lockdown policies) (Zhou and Guo, 2021), and anxiety levels 
in adults in China were greater if they knew of more COVID-19-related 
deaths and cases among friends/family or in their neighborhood (Zhong 
et al., 2020; Liu et al., 2020a). 

Although adult’s COVID-19-related emotional distress and children’s 
caregiver-reported intra-pandemic behavioral health differ across U.S. 
census regions (Fitzpatrick et al., 2020; Patrick et al., 2020), little is 
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known as to (1) whether COVID-19’s community-level impact on health 
and unemployment is associated with the pandemic’s evolving 
emotional toll on caregivers and children, independently of families’ 
characteristics or risk of COVID-19 exposure and (2) whether such as
sociations differ by region. Collectively considering the severity of 
COVID-19’s regional impact and how such impact is associated with the 
behavioral/emotional responses within the region’s population may 
promote regionally specific practices to better address the potential 
impact of community health and economic conditions (Hackman et al., 
2021). 

In May 2020, the Adolescent Brain Cognitive Development℠ Study 
(ABCD Study®, hereafter “ABCD”) began surveying its participants on 
how COVID-19 has influenced daily life (Marshall et al., 2022; Pelham 
et al., 2021). Here, we report on caregivers’ and youths’ 
COVID-19-related worry levels. Using county-level geocoded data of 
COVID-19 incidence and unemployment, we report, for the first time, 
the extent to which several community-level variables at 21 
data-collection sites in 20 geographically diverse metropolitan regions 
are associated with caregivers’ and youths’ COVID-19-related emotional 
well-being. Given our past research suggesting that caregivers may be 
serving as buffers for youth’s COVID-19-related worry (Marshall et al., 
2022), we hypothesized that caregiver (vs. youth) COVID-19-related 
worry would be more strongly influenced by community-level vari
ables. Further, given regional differences in COVID-19-related burden 
(Udalova, 2021), we hypothesized that these associations would differ 
by region. Lastly, we hypothesized that if an immediate-household 
member was at greater risk of exposure to COVID-19 given their job 
or public-transit use, then the associations between community burden 
and COVID-19-related worry would be more pronounced (i.e., 
COVID-19-related community burden would be more strongly associ
ated with COVID-19-related worry given a family member’s greater 
exposure to the community). 

2. Methods 

2.1. Participants 

ABCD is a 10-year longitudinal study incorporating identical pro
tocols across 21 U.S. study sites (Fig. 1A; Tables A1-A2). Primarily using 
school-based enrollment (Garavan et al., 2018), ABCD enrolled 11,878 
9- and 10-year-old children from 22 initial sites. Recruitment processes 
and derivation of the demographically and geographically diverse target 
sample are described elsewhere (Garavan et al., 2018). In May 2020, 
ABCD began collecting data via questionnaires on COVID-19’s impact on 
youths’ and caregivers’ lives. Data from the questionnaires (dissemi
nated by email at each of five timepoints: May 16–22, 2020, June 24–27, 
2020, August 4–5, 2020, October 8, 2020, and December 13, 2020, via 
unique links from ABCD, with email/text-message reminders) are 
available through the National Institute of Mental Health Data Archive. 
Analyses incorporated additional data on participant characteristics and 
anxiety that were collected pre-pandemic as part of the ongoing 
main-study protocol (November 2020 ABCD 3.0 data release (The ABCD 
Consortium, 2020)). 

Centralized IRB approval was obtained from the University of Cali
fornia, San Diego. Study sites obtained approval from their local IRBs. 
For the main ABCD protocol, caregivers provided written informed 
consent; children provided written assent. Accessing the COVID-19 
questionnaires (clicking on the secure link) indicated willingness to 
participate. Data collection and analysis complied with all ethical reg
ulations. The numbers of participants in analyses from each site are 
provided in Table A2). Following application of exclusionary criteria 
(Table A3), which generally incorporated excluding data due to missing 
demographic information, delayed returns of COVID-19 questionnaire 
responses, and inconsistency of the caregiver respondent throughout 
data collection, analysis included 18,128 caregiver-worry data points (i. 
e., questionnaire responses) (n = 5143) and 15,840 youth-worry data 

points (n = 5078) across 5 timepoints. 

2.2. COVID-19 questionnaires 

Caregiver and youth participants were compensated $5 for 
completing each questionnaire. Youth questionnaires were provided in 
English; caregiver questionnaires, in English and Spanish. 

Youth and caregiver worry. Youth and caregiver participants rated 
how worried they had been about COVID-19 in the past week (5-point 
Likert scale: Not at All, Slightly, Moderately, Very, Extremely): “How 
worried have you been about coronavirus (COVID-19)?” 

COVID-19 family-exposure risk. COVID-19 family-exposure risk 
was based on caregivers’ responses to, “Was anyone in your household 
at increased risk for COVID-19 due to work in healthcare or other 
essential jobs (such as grocery store, factory, gig economy) or use of 
public transit?” (Responses: No, Yes, Don’t Know). 

2.3. COVID-19 community burden 

County-level metrics of COVID-19-related disease burden (incidence, 
death rates) and economic burden (unemployment change) were geo
coded to the most recent primary residential address. 

Incidence and death rates. Cumulative cases and deaths were ob
tained from Johns Hopkins University’s public repository (Dong et al., 
2020). The calculated 7-day average of new cases and deaths, adjusted 
for the county’s estimated 2019 population (https://www.census.gov/ 
data/datasets/time-series/demo/popest/2010s-counties-total.html), 
was based on the day of and six days prior to survey release (e.g., case 
and death rates per 100,000 people). Negative values (due to potential 
inaccuracies in the database’s raw data, as described in the database’s 
notes) were recoded to equal zero. 

Unemployment. Monthly, non-seasonally-adjusted unemployment 
rates were available from the U.S. Bureau of Labor Statistics (https 
://www.bls.gov/lau/). An intra-pandemic change-in-unemployment- 
rate variable was created by subtracting the 2019 rate from the 2020 
rate for each month of survey dissemination. 

2.4. Participant characteristics 

Caregiver-reported annual household income (before taxes, 
including all wages/benefits and other sources) was a 10-level contin
uous factor (1=<$5000; 2 = $5000-$11,999; 3 = $12,000-$15,999; 4 =
$16,000-$24,999; 5 = $25,000-$34,999; 6 = $35,000-$49,999; 7 =
$50,000-$74,999; 8 = $75,000-$99,999; 9 = $100,000-$199,999; 10 =
≥$200,000). Children’s and caregivers’ race and ethnicity were cate
gorical factors derived from caregivers’ baseline reports. Race had 6 
levels: “White”, “Black”, “Asian”, “American Indian/Alaska Native”, 
“Native Hawaiian/Other Pacific Islander”, or “Other” (e.g., multiracial). 
Ethnicity had 2 levels: “Hispanic/Latino/Latina” or “Not Hispanic/ 
Latino/Latina.” Maximum caregiver education across primary and sec
ondary caregivers was a 5-level continuous factor (1 = ≤12th grade/no 
diploma; 2 = high-school graduate/GED or equivalent; 3 = Some col
lege, no degree/Associate’s degree; 4 = bachelor’s degree; 5 = master’s/ 
professional degree, doctorate). Each participant’s income, education, 
and caregivers’ age (continuous) data were the most recent, non-missing 
data from annual ABCD visits. Youths’ age (continuous) and sex at birth 
(categorical) were available in the COVID-19 data release. 

To account for pre-pandemic anxiety levels, analyses controlled for 
the most recent, non-missing data of the anxious/depressed syndrome 
scale (standardized, norm-based t-scores to facilitate cross-study com
parison) from the caregiver-completed Child Behavior Checklist (CBCL; 
for youth behavior) and Adult Self-Report (ASR; for caregiver’s own 
behavior). (Barch et al., 2018). 
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Fig. 1. Mean COVID-19-related worry levels in caregivers and their children in the Adolescent Brain Cognitive Development Study. (A) United States map of 
the locations of the ABCD Study data-collection/study sites. Each state with an ABCD data-collection site is shaded, and the full name and abbreviation of that site 
accompanies a circular marker of the location of that site within the state. (B) Each data point of mean COVID-19-relatd worry refers to an ABCD study site. Error bars 
are ±1 between-subjects standard error of the means. The dotted-line is the unit diagonal. CHLA = Children’s Hospital Los Angeles (Los Angeles, California). CUB =
University of Colorado Boulder (Boulder, Colorado). FIU = Florida International University (Miami, Florida). LIBR = Laureate Institute for Brain Research (Tulsa, 
Oklahoma). MUSC = Medical University of South Carolina (Charleston, South Carolina). OHSU = Oregon Health & Science University (Portland, Oregon). ROC =
University of Rochester (Rochester, New York). SRI = SRI International (Menlo Park, California). UCLA = University of California, Los Angeles (Los Angeles, Cal
ifornia). UCSD = University of California, San Diego (San Diego, California). UFL = University of Florida (Gainesville, Florida). UMB = University of Maryland, 
Baltimore (Baltimore, Maryland). UMICH = University of Michigan (Ann Arbor, Michigan). UMN = University of Minnesota (Minneapolis, Minnesota). UPMC =
University of Pittsburgh Medical Center (Pittsburgh, Pennsylvania). UTAH = University of Utah (Salt Lake City, Utah). UVM = University of Vermont (Burlington, 
Vermont). UWM = University of Wisconsin – Milwaukee (Milwaukee, Wisconsin). VCU = Virginia Commonwealth University (Richmond, Virginia). WUSTL =
Washington University in St. Louis (St. Louis, Missouri). YALE = Yale University (New Haven, Connecticut). 
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2.5. Statistical analyses 

COVID-19-Related Worry. These analyses employed MATLAB’s 
Statistics and Machine Learning Toolbox 12.1 (R2021a; https://www. 
mathworks.com/products/statistics.html). To account for repeated 
within-participants observations, data were analyzed using general 
linear mixed-effects models via MATLAB’s fitlme function (with random 
initial values for iterative optimization instead of internally defined, 
default initial values), which, for each model, tests the statistical sig
nificance of regression coefficients against a t-distribution; the fixed- 
and random-effects structures for these models are specified below. 
Categorical factors within each model were effect-coded (i.e., dummy- 
coded values within each level sum to 0); continuous factors within 
each model were centered. Effect sizes for the continuous factors (e.g., 
for conveying the strength of the association between the geocoded 
predictors and COVID-19-related worry, while controlling for other 
factors in the model) are represented by partial correlation coefficients 
(rp) (Nakagawa and Cuthill, 2007). Comprehensive details of the full 
model output, effect-coding values, and model-fit characteristics for all 
sets of models are provided in Appendix B (Tables B1-B14). 

For each of caregiver and youth COVID-19-related worry, three sets 
of hierarchical analyses were conducted to determine change in model 
fit given inclusion of each geocoded predictor (i.e., change [Δ] in the 
Akaike information criterion [AIC], with ΔAIC values exceeding 10 
reflecting substantial support for the candidate model (Burnham and 
Anderson, 2004), with lower AIC values reflecting better model fit). 
Thus, for each of the three geocoded predictors, the goal of its analysis 
series was to evaluate whether model fit substantially improved when 
the geocoded predictor was first included solely as a fixed effect (relative 
to a baseline model, described below) and then, whether model fit was 
substantially improved by the inclusion of site-by-site (“SiteXSite”) 
random slopes of the geocoded predictor to the model, while also 
including a fixed effect of that same geocoded predictor. 

First, baseline caregiver/youth worry models included fixed-effects 
structures of caregiver education, household income, questionnaire 
number (continuous; questionnaires 1–5) to account for changes in 
worry through the pandemic (i.e., questionnaires were longitudinally 
administered to participants), pre-pandemic caregiver (or youth) anxi
ety (for the respective models), COVID-19 family-exposure risk, and 
caregiver (or youth) age, race, and ethnicity (for the respective models). 
These models were performed to provide a baseline comparison to 
which the models with each of the three geocoded predictors could be 
compared. Youth-data analyses also included youth sex-at-birth. 
Random-effects structures included random intercepts for participant 
and study site, as well as random slopes for questionnaire number per 
participant to account for participant-specific changes in COVID-19- 
related worry over time. 

The second set of models (hereafter, “fixed-effects models”) deter
mined change in model fit (ΔAICBaseline-Fixed) when adding fixed effects 
of each geocoded predictor (case rates, death rates, and changes in un
employment) and the interaction between that geocoded predictor and 
family-exposure risk to the baseline model. Specifically, these models 
were performed to evaluate both whether inclusion of geocoded pre
dictors provided a significant improvement in model fit of COVID-19- 
related worry relative to the baseline models (i.e., did inclusion of the 
geocoded predictors substantially reduce model AIC?) and whether each 
geocoded predictor was significantly associated with COVID-19-related 
worry. To minimize multicollinearity, the geocoded predictors were 
analyzed separately, such that there were three different fixed-effects 
models (i.e., one per geocoded predictor). As in the caregiver and 
youth baseline models, random-effects structures included random in
tercepts for participant and study site and random slopes for question
naire number per participant. 

The third and final set of models (i.e., those reported below; here
after, “site-specific random-slopes models”) added random study-site- 
specific slopes of each geocoded predictor to the corresponding fixed- 

effects model to determine if there was evidence that model fit 
improved when allowing the parameters for COVID-19 geocoded pre
dictors to vary by site (ΔAICFixed-SiteXSiteRandom). In other words, these 
models were performed to evaluate whether there were meaningful 
differences between sites (i.e., whether they would differ by region) with 
respect to associations between the geocoded predictors and COVID-19- 
related worry (i.e., did allowing associations between COVID-19-related 
worry and geocoded predictors to differ by study site substantially 
reduce model AIC?). As in the fixed-effects models, the geocoded pre
dictors were analyzed separately, such that there were three different 
site-specific random-slopes models (i.e., one per geocoded predictor) for 
both caregiver and youth worry. As in the baseline and fixed-effects 
models, the site-specific random-slope models’ random-effects struc
tures also included random intercepts for participant and study site and 
random slopes for questionnaire number per participant. 

Site-by-site differences. To further explore site-by-site differences, 
we performed dominance analyses for each site (Azen and Budescu, 
2003). Intuitively, dominance analyses measure the relative importance 
of predictors to a model by determining the added variance accounted 
for by each predictor within the full model and all lower-level models. 
Accordingly, dominance analyses permit within-model comparison of 
predictors’ predictive abilities by parsing the variance accounted for by 
individual predictors, even when the predictors are intercorrelated 
(Azen and Budescu, 2003). Here, predictor importance of the three 
geocoded factors (here, all in the same model) within each site was 
assessed relative to the baseline model (described above, except for 
random effects of study site, as well as some site-specific adjustments 
described below) using the R v3.6.3 package dominanceanalysis 
(Version 2.0). The fit index for each geocoded factor was the change in 
marginal R2 (Nakagawa and Schielzeth, 2013). The directions and 
p-values of geocoded-factor associations in the full mixed-effects model 
(baseline + geocoded data) were derived using the R package lmerTest 
(Version 3.1–3). 

3. Results 

3.1. Sample demographics 

Compared to the ABCD cohort, our current sample was more likely to 
have higher incomes, identify the youth’s race as white, and identify the 
youth’s ethnicity as non-Hispanic/Latino/Latina (Table A1). At the first 
questionnaire, youth participants were ~12.7 years old (range: 
10.6–15.1). 

3.2. COVID-19-related worry 

3.2.1. Caregiver-youth differences 
While caregiver worry covaried with youth worry (Fig. 1), as re

ported previously (Marshall et al., 2022), caregivers were generally 
more worried than youth about COVID-19 (Caregivers: M = 2.94, SEM 
= 0.01; Youth: M = 2.31, SEM = 0.01). 

3.2.2. Baseline models 
Caregiver worry decreased with questionnaire number (i.e., time), t 

(18,115) = − 8.95, p < .001, rp = − 0.07, increased with education level, 
t (18,115) = 3.09, p = .002, rp = .02, increased with age, t (18,115) =
4.88, p < .001, rp = .04, decreased with household income, t (18,115) =
− 2.53, p = .011, rp = − 0.02, and was higher given family-exposure risk 
(No/Yes), t (18,115) = 4.42, p < .001. Caregiver COVID-19 related 
worry was elevated in those with greater levels of pre-pandemic anxiety 
(ASR), t (18,115) = 8.25, p < .001, rp = .06. 

Youth worry also decreased over time, as the pandemic continued (i. 
e., questionnaire number), t (15,826) = − 4.23, p < .001, rp = − 0.03, 
and increased with caregiver education level, t (15,826) = 2.68, p =
.007, rp = .02. Youth COVID-19-related worry was greater in those with 
higher levels of pre-pandemic anxiety (CBCL), t (15,826) = 6.65, p <
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.001, rp = .05. 

3.2.3. Geocoded predictors: fixed-effects and site-specific random-slopes 
models 

3.2.3.1. COVID-19 cases. Caregivers. Across sites and time, COVID-19 

case rates ranged 0.00–161.71 per 100,000 people per day (Mdn =
10.07). Caregiver-worry model fit improved with inclusion of case-rate 
data at both the population (ΔAICBaseline-Fixed = 255.48) and site-by-site 
levels (ΔAICFixed-SiteXSiteRandom = 56.49). Caregiver worry was positively 
associated with case rates, t (18,113) = 8.70, p < .001, rp = .06 (Fig. 2A 
and B), which was more pronounced given family-exposure risk (Case 

Fig. 2. Mean COVID-19-related worry levels and COVID-19 case rates. (A, C) Caregiver and youth worry levels as a function of new daily county-level COVID-19 
cases per 100,000 people (case rates). The size of the data marker refers to the number of data points used to compute the corresponding mean. (B, D) Site-specific 
random slopes of case rates with 95% confidence intervals of the mixed-effects models of caregiver and youth COVID-19-related worry. (A, C) The thick line refers to 
the best fit simple regression line, not controlling for other fixed effects. For graphing, the abscissa is log-scaled for ease of interpretation. (B, D) The thin, gray, dotted 
line refers to x = 0. The thicker dashed line refers to the population-level estimate from the mixed-effects model. 
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Rates × Family-Exposure Risk), t (18,113) = 2.24, p = .025. Regression 
coefficients indicated that caregiver worry would increase by 1 unit for 
every 163.0 new daily cases (per 100,000) given family-exposure risk 
and for every 193.6 new daily cases given no family-exposure risk. 

Youth. Youth-worry model fit also improved with inclusion of case- 
rate data at the population (ΔAICBaseline-Fixed = 11.64) and site-by-site 

levels (ΔAICFixed-SiteXSiteRandom = 17.29), as youth worry was positively 
associated with increased case rates, t (15,824) = 3.08, p = .002, rp =

.02 (Fig. 2C and D). Model estimates indicated that youth worry would 
increase by 1 unit given an additional 616.3 new daily cases (per 
100,000). Family-exposure risk did not moderate this association, t 
(15,824) = 0.15, p = .879. 

Fig. 3. Mean COVID-19-related worry levels and COVID-19 death rates. (A, C) Caregiver and youth worry levels as a function of new daily county-level COVID- 
19 deaths per 100,000 people (death rates). The size of the data marker refers to the number of data points used to compute the corresponding mean. (B, D) Site- 
specific random slopes of death rates with 95% confidence intervals of the mixed-effects models of caregiver and youth COVID-19-related worry. (A, C) The thick line 
refers to the best fit simple regression line, not controlling for other fixed effects. (B, D) The thin, gray, dotted line refers to x = 0. The thicker dashed line refers to the 
population-level estimate from the mixed-effects model. 
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3.2.3.2. COVID-19 deaths. Caregivers. Across sites and time, COVID-19 
death rates ranged 0.00–6.56 per 100,000 people per day (Mdn = 0.17), 
the inclusion of which improved caregiver-worry model fit at the pop
ulation (ΔAICBaseline-Fixed = 72.93) and site-by-site levels (ΔAICFixed- 

SiteXSiteRandom = 66.57). Caregiver worry increased with death rates, t 
(18,113) = 4.28, p < .001, rp = .03 (Fig. 3A and B), which was more 

pronounced given family-exposure risk (Death Rates × Family-Exposure 
Risk), t (18,113) = 2.30, p = .022. Given family-exposure risk, a 1-unit 
increase in worry would be predicted given an additional 3.8 deaths per 
day (per 100,000); without family-exposure risk, 5.0 additional deaths 
per day. 

Youth. Inclusion of COVID-19 death rates improved model fit at the 

Fig. 4. Mean COVID-19-related worry levels and change in unemployment rates during the COVID-19 pandemic. (A, C) Caregiver and youth worry levels as a 
function of the county-level change in monthly unemployment rates from 2019 to 2020. The size of the data marker refers to the number of data points used to 
compute the corresponding mean. (B, D) Site-specific random slopes of unemployment change with 95% confidence intervals of the mixed-effects models of caregiver 
and youth COVID-19-related worry. (A, C) The thick line refers to the best fit simple regression line, not controlling for other fixed effects. (B, D) The thin, gray, 
dotted line refers to x = 0. The thicker dashed line refers to the population-level estimate from the mixed-effects model. 
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population (ΔAICBaseline-Fixed = 11.80) and site-by-site levels (ΔAICFixed- 

SiteXSiteRandom = 20.41), with youth worry being associated with 
increased death rates, t (15,824) = 2.04, p = .042, rp = .02 (Fig. 3C and 
D). A 1-unit increase in youth worry would be predicted given an 
additional 14.8 COVID-19 deaths per day (per 100,000). There was no 
Death Rates × Family-Exposure Risk interaction, t (15,824) = 1.55, p =
.121. 

3.2.3.3. Unemployment. Caregivers. Across sites and time, median un
employment change was +4.8% (i.e., an additional 4.8% of individuals 
were unemployed in 2020; range = − 2.1% to +24.8%). For caregivers, 
including unemployment change improved model fit at the population 
(ΔAICBaseline-Fixed = 86.46) and site-by-site levels (ΔAICFixed-SiteXSiteRan

dom = 18.72). Increased unemployment was positively associated with 
increased worry, t (18,113) = 8.06, p < .001, rp = .06 (Fig. 4A and B). 
Here, a 1-unit increase in caregiver worry would be expected given a 
+27.1% change in unemployment. There was no Unemployment- 
Change × Family-Exposure Risk interaction, t (18,113) = − 1.27, p =
.204. 

Youth. There was neither an association between unemployment 
change and youth’s worry levels, t (15,824) = 1.64, p = .101, rp = .01 
(Fig. 4C and D), nor an Unemployment-Change × Family-Exposure Risk 
interaction, t (15,824) = 0.54, p = .589. Accordingly, including unem
ployment change did not improve model fit (ΔAICBaseline-Fixed = − 2.40; 
ΔAICFixed-SiteXSiteRandom = 1.83). 

3.3. Site-by-site differences 

Dominance analyses further evaluated site-by-site differences 
(Fig. 5). The most dominant predictor (i.e., the predictor accounting for 
the most variance in caregiver/youth worry within each site with all 
predictors in the model) varied widely across sites and between care
givers and youth. For caregivers, case rates reflected the most dominant 
predictor at 7 sites; death rates, 5 sites; and, unemployment change, 9 
sites. In contrast, for youth, case rates reflected the most dominant 
predictor at 5 sites; death rates, 9 sites; and, unemployment change, 7 
sites. For caregivers, the direction of the association between worry and 
the most dominant predictor at each site matched the population-level 

analyses above. Similar patterns were apparent in the youth analyses 
with some exceptions (e.g., FIU), in which the dominant predictor was 
inversely associated with worry. However, these inverse associations 
were not statistically significant given Bonferroni correction (p < .017); 
those that passed Bonferroni correction within the caregiver-worry an
alyses were not the within-site dominant predictors. Accordingly, 
whether the dominant predictor was significantly associated with worry 
levels was also site-specific. While there were two instances in which a 
site’s dominant predictor of youth worry constituted statistically sig
nificant relationships after Bonferroni correction (OHSU, UMB), there 
were stronger relationships between the dominant predictor and worry 
levels in the caregiver analyses, further corroborating the mixed-effects 
analyses above (Figs. 2–4). 

Post hoc analyses were conducted to determine whether the 
magnitude and distribution of case rates, death rates, and unemploy
ment change impacted the corresponding dominance analyses’ increase- 
in-marginal R2 value for both caregiver and youth worry. First, across 
the 21 study sites, there were no between-site correlations between the 
dominance-analyses values (Fig. 5) and mean case rates, death rates, or 
unemployment change, |r|s ≤ 0.36, ps ≥ .110. Next, to determine 
whether the dominance-analyses results were dependent on how vari
able the corresponding geocoded data were at each site, we correlated 
the within-site standard deviations of case rates, death rates, and un
employment change with the corresponding increase-in-marginal R2 

value for both caregiver and youth worry (Fig. 5). None of these cor
relations were significant either, |r|s ≤ 0.30, ps ≥ .184. 

4. Discussion 

Our goals were twofold: (1) characterize the associations between 
COVID-19-related worry levels and three geocoded indicators of the 
community-level impact of COVID-19, and (2) examine variability in 
these associations between caregivers and youth across U.S. metropol
itan regions. Overall, community-level case rates, death rates, and un
employment were associated with increased worry, independent of 
sociodemographics and general anxiety. As hypothesized, caregiver (vs. 
youth) worry levels were more highly associated with these geocoded 
factors. Further, caregiver associations for case and death rates were 

Fig. 5. Site-by-site dominance analyses for the 
three geocoded factors predicting COVID-19- 
related worry in caregivers and youth. With all 
three factors (case rates, death rates, unemployment 
change) entered into the same model, each numerical 
value refers to the increase in marginal R2 by that 
factor in the model. The bolded value on each line 
refers to the relatively most dominant predictor for 
that site in that analysis. The shading of each box 
corresponds to the direction and statistical signifi
cance of the corresponding factor in the full mixed- 
effects model (see color bar on right; blue = inverse 
associations, red = positive associations). Asterisks 
indicate that the statistical significance was main
tained after correction for multiple comparisons (i.e., 
0.05 divided by 3). For 10 of the 42 site-by-site ana
lyses, mixed-effects model structure was modified 
given convergence errors: (1) The caregiver MUSC 
and youth VCU models did not include random slopes 
of questionnaire number, and (2) small cell sizes for 
certain races were collapsed as “Other” in the care
giver SRI, caregiver UMICH, caregiver UPMC, care
giver UWM, caregiver VCU, youth CUB, youth SRI, 
and youth UFL.   

A.T. Marshall et al.                                                                                                                                                                                                                             



Health and Place 77 (2022) 102885

9

more pronounced if an immediate family member was at risk of COVID- 
19 exposure (i.e., job, public transit use), suggesting that caregiver 
COVID-19 worry (statistically adjusting for pre-pandemic general anx
iety) was not only sensitive to COVID-19’s community impact but also 
the extent to which COVID-19 may more directly impact the family. 

Allowing the associations between worry and geocoded factors to 
vary by site represented substantial improvements in model fit. In short, 
location matters. Given regional differences in COVID-19 incidence and 
response (Udalova, 2021; Zang et al., 2021; Lyu and Wehby, 2020), 
these region-specific associations highlight that although there are 
overall relationships between community burden and caregiver and 
youth worry, the most salient community-level COVID-19-related con
ditions, in terms of worry, differ by location. For example, per the 
population-level random-effects patterns (Figs. 2–4) and the dominant 
predictors that passed Bonferroni correction (Fig. 5), some sites’ care
giver worry levels were primarily associated with case rates (e.g., 
MUSC), whereas other sites’ caregiver worry levels were primarily 
associated with death rates (e.g., UCSD) or unemployment change (e.g., 
SRI). Interestingly, the relative dominance of each geocoded predictor 
on either caregiver or youth worry was not associated with the mean or 
variability of the data of the geocoded predictors, suggesting that the 
neighborhood-level factors that may best predict COVID-19-related 
emotional distress may not be driven by the severity of those factors 
in each region. Indeed, that associations differed with respect to case 
rates and death rates may partially reflect regional differences in 
COVID-19 testing capacity (i.e., more testing, higher case rates) or the 
frequency/extent to which deaths are reported (Balog-Way and McCo
mas, 2020), the extent to which such individuals actually think they will 
contract and/or die from COVID-19,3 and/or the extent to which in
dividuals trust their public health systems (Gopichandran et al., 2020). 
In contrast to caregivers, while youth’s COVID-19-related worry was 
generally less sensitive to COVID-19’s community impact, analysis did 
reveal model improvement when allowing site-by-site variation in these 
associations. Accordingly, it may be disadvantageous for public-health 
agencies and healthcare providers to uniformly adopt the same gen
eral approaches to addressing COVID-19-related emotional distress 
across regions. Ultimately, these results highlight the necessity for future 
research to investigate and consider the needs, challenges, 
COVID-19-related burden, and strengths of specific communities. 

Multiple studies have described the pandemic’s effects on adolescent 
mental health (Racine et al., 2021). However, none have done so with 
respect to the relationship between COVID-19-related community 
burden and caregiver/youth worry, which may have considerable im
plications for mental health. Indeed, worry about COVID-19 infection 
was associated with elevated depressive symptoms in 2nd-6th-graders in 
China (Xie et al., 2020), and COVID-19 worry was associated with 
symptoms of depression, anxiety, distress, and post-traumatic stress 
disorder in U.S. adults (Liu et al., 2020b) and adults in Norway (Blix 
et al., 2021). Further, COVID-19-related worry was shown to be elevated 
in U.S. adults who initiated substance use (e.g., alcohol, stimulants) 
during the pandemic (Rogers et al., 2020). In turn, in individuals in 
China, COVID-19 worry was shown to be positively associated with how 
supportive these individuals were to prevention measures, with worry 
also being positively associated with how much COVID-19-related in
formation they had consumed (Liao and Wang, 2021). Accordingly, with 
respect to such potential benefits of higher COVID-19-related worry 
levels, our results demonstrate that the type of information that is most 
effective at eliciting adherence to preventative measures (i.e., cases, 
deaths, unemployment) may depend on locality; the mechanisms 
driving preventative behavior (e.g., health belief model (Rosenstock, 
1974; Janz and Becker, 1984)) may be regionally dependent. Unfortu
nately, excess emotional distress may then contribute to individuals’ not 
trusting such risk communication (Glik, 2007). Thus, much like how risk 
communication strategies may require modification for vulnerable 
populations or given cultural differences (Vaughan and Tinker, 2009), 
different regions (for any number of reasons) may be more or less 

responsive to different types and sources of COVID-19-related infor
mation. Indeed, past research has suggested that such messaging may, 
for example, need to dynamically account for whether individuals live in 
urban versus rural U.S. communities (Callaghan et al., 2021). In other 
words, different aspects of community COVID-19-related burden may 
translate quite differently into worry depending on region. Therefore, if 
COVID-19-related data (e.g., case rates) are conveyed in order to ulti
mately promote preventative action, then it will be critical to know 
which information is most effective at doing so, while also ensuring that 
such information does not induce excess emotional burden, which may 
then have the inverse effect. 

While individuals’ intra-pandemic general and COVID-19-specific 
emotional distress may depend on location (as shown here, as well as 
in adolescents and adults in Italy (Lenzo et al., 2020; Buzzi et al., 2020) 
and adults in China (Ren et al., 2020; Lei et al., 2020)), with the po
tential for complex geotemporal patterns (Zhang et al., 2020), it is 
possible that these patterns may also be partially explained by socio
demographic differences of regional populations (Fitzpatrick et al., 
2020; Patrick et al., 2020; McKnight-Eily et al., 2021). Accordingly, as 
done here, it is critical to analytically control for such factors. If research 
can identify how environmental factors correlate with emotional 
distress, then public-health agencies could develop regionally specific 
information campaigns so their constituents can appropriately respond 
to natural disasters (e.g., pandemics) without experiencing excessive 
emotional tolls (Abraham, 2009). Along with regional sociodemo
graphics, such campaigns may depend on what types of 
COVID-19-related information regional populations want to know (e.g., 
total infected vs. how to identify infection) (Kwok et al., 2020) or, more 
generally, social media use (Zhong et al., 2020), cultural environments 
(Abraham, 2009), and local politics (Gollust et al., 2020). Thus, it will be 
critical for research to identify underlying mechanisms of site-specific 
associations with caregivers’ and youths’ worry levels. Future ABCD 
data releases will include data on policy changes across sites and 
counties (e.g., mask mandates, gathering bans) to further inform such 
investigations. 

The consistently weaker associations between geocoded factors and 
worry levels in youth versus caregivers suggests that, at least in relation 
to COVID-19, youth’s worry levels (independent of pre-pandemic anx
iety levels) may be relatively less sensitive to event-related, dynamically 
changing community-level factors. This may be because COVID-19- 
related incidence, death rates, and unemployment change are less 
pertinent to adolescents (e.g., case- and death-rate associations in 
caregivers but not youth were moderated by family-exposure risk). 
Alternatively, adolescents may be more resilient to external COVID-19- 
related stressors, in part because caregivers, teachers, and/or mentors 
may serve as supportive buffers for youth. Indeed, in a previous study, 
we showed that caregivers of families at greater risk of COVID-19 
exposure were engaging in more frequent conversations with their 
children about COVID-19 risk/prevention and reassurance, with these 
youth also engaging in more preventative behaviors (Marshall et al., 
2022). Associations between family-level COVID-19-related stressors 
and youth’s caregiver-reported externalizing and internalizing symp
tomatology were also more pronounced when their caregivers showed 
greater stress and anxiety (Cohodes et al., 2021). Thus, targeted support 
for families and caregivers, especially those at greater risk of experi
encing COVID-19 stressors (Westrupp et al., 2021), may ultimately 
buffer against potential COVID-19-induced detriments on adolescent 
mental health. 

While our results illuminate caregiver-youth and region-specific 
differences in COVID-19-related worry, our data are observational, 
prohibiting establishment of causality. However, it is unlikely that in
dividuals’ COVID-19-related worry directly caused county-level COVID- 
19 case rates, death rates, and unemployment change. While county- 
level data may preclude understanding of more local associations be
tween COVID-19 worry and community-level impact, especially in 
larger counties (e.g., Los Angeles), to our knowledge, such data at 
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greater resolution (e.g., census tract) are not available. However, as 
public-health policy and decisions are frequently managed and imple
mented at the county level (Bryant, 2018), our results offer accessibility 
to policy makers and healthcare providers in informing potential tech
niques to alleviate natural-disaster-induced emotional distress. 

Overall, we highlight that increased COVID-19 community burden is 
associated with increased worry, independent of COVID-19 exposure 
risk and prior anxiety levels, and we provide novel insight into how the 
strength and nature of these associations vary by U.S. region. While 
there are several possibilities for explaining individual differences in 
perceptions of COVID-19 (Boyd, 2021), it is likely that regional varia
tions in associations between COVID-19 community burden and 
COVID-19-related worry (and the extent to which these relationships 
may influence preventative action) could partially account for the 
geographic asymmetries in the plethora of ways that communities have 
been impacted by COVID-19. Properly communicating risk in the wake 
of natural disasters, like disease outbreaks, is essential to minimizing 
both the corresponding health and economic impacts (Smith, 2006; 
Abrams and Greenhawt, 2020). However, the effectiveness of 
well-intended risk messaging, whether in terms of cases, deaths, or 
economic effects (e.g., unemployment), may have inadvertent negative 
side effects (e.g., excessive worry, uncertainty as to proper preventative 
action) (Balog-Way and McComas, 2020), such that the content and 
framing of risk communication may need to account for regional dif
ferences in order to both convey risk while also minimizing excess 
anxiety/worry. In other words, information dissemination that is spe
cifically tailored for targeted ages or regional audiences (e.g., case rates 
in Rochester, New York, but death rates in Boulder, Colorado; Fig. 5) 
may be more effective at encouraging preventative action than generic 
boiler-plate messaging in nationally distributed press releases (Kreuter 
and Wray, 2003). Thus, it may be unwise for public health agencies and 
healthcare providers to endorse a “one-size-fits-all” approach to aiding 
their constituents and patients in coping with traumatic events (e.g., 
natural disasters), like COVID-19 (Lodder et al., 2021). Greater under
standing of how and why regional populations are influenced by 
different event-related data may ultimately promote more optimal in
formation dissemination, intervention, and resilience in adults and 
adolescents. 
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