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Abstract
Background Neighborhood characteristics have been linked to community incidence of COVID-19, but the modifying effect
of age has not been examined.
Objective We adapted a neighborhood-wide analysis study (NWAS) design to systematically examine associations between
neighborhood characteristics and COVID-19 incidence among different age groups.
Methods The number of daily cumulative cases of COVID-19 by zip code area in Illinois has been made publicly available
by the Illinois Department of Public Health. The number of COVID-19 cases was reported for eight age groups (under 20,
20–29, 30–39, 40–49, 50–59, 60–69, 70–79, and 80+). We reviewed this data published from May 23 through June 17,
2020 with complete data for all eight age groups and linked the data to neighborhood characteristics measured by the
American Community Survey (ACS). Geographic age-specific cumulative incidence (cases per 1000 people) of COVID-19
was calculated by dividing the number of daily cumulative cases by the population of the same age group at each zip code
area. The association between individual characteristics and COVID-19 incidence was examined using Poisson regression
models.
Results At the zip code level, neighborhood socioeconomic status was a more important risk factor of COVID-19 incidence
in children and working-age adults than in seniors. Social demographics and housing conditions were important risk factors
of COVID-19 incidence in older age groups. We additionally observed significant associations between transportation-
related variables and COVID-19 incidences in multiple age groups.
Significance We concluded that age modified the association between neighborhood characteristics and COVID-19
incidence.

Keywords Children’s health ● Environmental justice ● Geospatial analyses

Introduction

The Coronavirus Disease 2019 (COVID-19) pandemic has
created unprecedented disruptions of public health systems

globally, affecting people of all ages. Epidemiologic studies
from multiple countries have reported that people over 60
years old are at substantially higher risk of severe COVID-
19 disease than other age groups [1–3]. Notably, although
children are generally quite vulnerable to viral infections,
symptomatic COVID-19 had unexpectedly low prevalence
in children and teenagers under 20 years old [1–4] during
the early stages of the pandemic. It was at first unclear if
children were more likely to experience asymptomatic
infections, or simply have a lower infection rate.
Population-wide screening conducted in Iceland found no
positive infections with SARS-CoV-2, the virus that causes
COVID-19, among children under ten years old, whereas
people older than 10 years had a 0.8% positive infection
rate [5]. In the United States, although population screening
was not widely implemented, the low asymptomatic rate
(1.5%) in a representative pediatric population suggested
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evidence of low rates of infection with SARS-CoV-2
among American children [6]. Though the SARS-CoV-2
infection rate in this age group increased with school re-
opening, the pediatric COVID-19 incidence (10%) remains
low compared to the proportion of this age group in the
general population (20%) [7]. Reasons for disparities in
SARS-CoV-2 infection among age groups are unclear.
While differing immunological and physiological suscept-
ibilities exist [8, 9], children and adults also experience
different levels of environmental exposure to SARS-CoV2
that raise the risk of COVID-19 in adult populations due to
differences in daily activities and behaviors [10], indicating
that neighborhood environment might contribute to differ-
ences in COVID-19 incidence among children and adults.

In addition to the differing infection rates of COVID-19
across age groups, the unequal distribution of COVID-19
cases in neighborhoods with different socioeconomic status
(SES) has also been noted, especially in U.S. metropolitan
areas [11–16]. The neighborhood characteristics examined
in those studies were identified using the American Com-
munity Survey (ACS), a tool widely used in epidemiology
to investigate disparities among adverse health outcomes
[18]. For each study, researchers selected ACS variables as
representatives of area-level SES, then linked the selected
variables to COVID-19 incidence through geographic units,
commonly zip code areas. Results of these studies sug-
gested that neighborhoods marked by lower SES had rela-
tively higher COVID-19 incidence. One multi-city study
created an index of neighborhood disadvantage based on six
neighborhood characteristics from the ACS [14]. Epide-
miological evidence of the link between exposure to lower
SES neighborhood characteristics and multiple adverse
health outcomes, including COVID-19, has been incon-
sistent, since different studies select different variables to
represent neighborhood SES. Moreover, given that COVID-
19 is a new disease, selecting neighborhood characteristics
to study using traditional epidemiological approaches risks
missing other neighborhood risks of COVID-19 dis-
ease which may not have been recognized a priori. We
considered that transmission of the SARS-CoV-2 virus and
associated COVID-19 disease could be related to neigh-
borhood characteristics not previously investigated, and
sought a novel approach to identify neighborhood char-
acteristics important for further study.

The recent development of exposome-based approaches
permits agnostic exploration of neighborhood-wide risk
factors to diseases [19, 20]. The neighborhood-wide asso-
ciation study (NWAS) framework, inspired by the genome-
wide association study (GWAS) approach, is one such
approach [21]. While GWAS examines associations
between large panels of genes and diseases, NWAS
examines associations between all available neighborhood
characteristics and disease. For example, two studies

applied the NWAS approach to study neighborhood risk
factors associated with prostate cancer and poor physical
activity, respectively [19, 20]. Lynch et al. [19] developed a
multi-phase approach that identified 17 new ACS variables
that had not been previously linked to prostate cancer.
Mooney et al. [20] used both linear regression and machine
learning to identify specific characteristics of extreme
poverty associated with a reduced amount of physical
activity among residents in the same census tract. The
NWAS approaches in Lynch et al. [19] and Mooney et al.
[20] both consisted of two major steps. The first step was a
pairwise analysis to examine the associations between
individual ACS variables and the study outcome. The sec-
ond step used multivariable analysis to examine the selected
variables’ adjusted effect on the outcome of interest.

We adapted an NWAS approach to systematically
examine associations between neighborhood characteristics
and COVID-19 incidence among different age groups. We
used the Illinois COVID-19 data and 392 ACS measures to
identify neighborhood characteristics associated with
COVID-19 in eight age groups ranging from children to
seniors. We hypothesized that neighborhood characteristics
highly associated with the incidence of COVID-19 vary by
age groups. We also hypothesized that in addition to vari-
ables widely regarded as representatives of SES, we could
identify other neighborhood characteristics related to age-
specific COVID-19 incidence.

Methods

COVID-19 data

The cumulative number of COVID-19 laboratory-confirmed
cases by zip code areas in Illinois was published and
updated daily by the Illinois Department of Public Health
(IDPH). The compiled dataset was made available by the
Chicago Reporter [22]. We retrospectively reviewed the
daily cumulative cases for 26 days, May 23 through June
17, 2020. The published COVID-19 data were reported by
eight age groups (under 20, 20–29, 30–39, 40–49, 50–59,
60–69, 70–79, and 80+). Due to patient privacy concerns,
the age groups with less than six cumulative cases were
coded as zero cases by IDPH in the downloaded data. Our
analysis was conducted based on zip code areas with
available data for all of the eight age groups. To maximize
the number of zip code areas included in this study, we
followed a multi-step approach. First, for each zip code
area, we estimated the sum of confirmed cases in all eight
age groups. Second, we calculated the difference between
the total numbers of confirmed cases reported by IDPH and
the estimated sum of all eight age groups. Third, we
selected zip code areas in which the reported total confirmed
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cases and the estimated sum of age-specific cases were
same. For the remaining zip code areas, if the difference
was less than six and only one age group’s case number was
0 (indicating missing) then the zip code areas with case
numbers coded as zero were filled with the difference.
These zip code areas were also included in our analysis. We
focused on the same group of zip code areas with repeated
estimates of daily cumulative cases for each of the 26 study
days in the analysis. The age-specific incidence of COVID-
19 at individual zip code areas were calculated using the
daily cumulative number of cases divided by the population
at the same age. Population data was downloaded from the
latest ACS five-year data (2014–2018 version). Calculated
cumulative incidences were scaled to cases/1000 population
in the subsequent analyses. The age-specific cumulative
incidence (cases/1000 population) was the outcomes of
interest in our analyses.

Neighborhood characteristics

Neighborhood characteristics were examined using the lat-
est ACS five-year data (2014–2018 version). We used all
ACS variables included in ACS profiles tables, which
consist of more than four hundred ACS variables in four
categories (Social, Economic, Housing, and Demographic)
to give a broad statistical depiction of a geographic unit
ranging from nation to census block group [23]. We
downloaded the ACS profile table in the geographic unit of
ZIP Code Tabulation Areas (ZCTAs) via the R 3.6.0 [24]
package tidycensus [25]. ZCTA has been extensively used
as a geographic unit for measuring ACS estimates in epi-
demiologic studies because it overlaps with the postal zip
code [5]. The downloaded data consisted of number esti-
mates and percentage estimates. Only percentage estimates
were kept, scaled by one standard deviation (SD), and then
linked to age-specific COVID-19 incidences by zip code
areas. Those scaled percentage estimates are referred to as
“ACS variables” throughout this report.

Neighborhood-wide association study (NWAS)

Pairwise analysis

Pairwise analysis was conducted to measure associations
between individual ACS variables and age-specific COVID-
19 cumulative incidence in a multi-step process. First,
Pearson correlation analysis was used to examine bivariate
relationships between (a) any two ACS variables and (b)
individual ACS variables and the average age-specific
COVID-19 cumulative incidence for the 26-day study per-
iod. Second, the association between individual ACS vari-
ables and daily age-specific COVID-19 cumulative
incidence was examined using Poisson mixed-effects

regression modeling. Poisson regression was used because
disease incidence generally follow a Poisson distribution
[26]. We included a random intercept by zip code area to
account for repeated daily measurements in the 26-day
study period within a zip code area. To adjust the varied
association between social variables and population health
between urban and rural areas, Poisson models were
adjusted with a binary variable indicating whether the zip
code area was identified as “urban” by the Census Bureau
[17]. The Census Bureau defined urban areas as cities with a
population of more than 50,000 residents and adjacent
satellite cities/towns with more than 2500 residents [17]. In
these analyses, we considered a zip code area to be an urban
zip code area if fully covered by a Census-defined urban
area. This cutoff categorized half of our study zip code areas
as urban zip codes. We conducted Poisson regression for
every pair of ACS variables and age-specific COVID-19
cumulative incidence. A cutoff of 2-tailed P= 0.05 after
Bonferroni correction for multiple comparisons was used to
indicate significance.

We illustrated pairwise analyses results using several
visualization strategies that have been widely used to depict
results after multiple comparisons. Since we were interested
in identifying patterns of ACS variables associated with
age-specific COVID-19 cumulative incidence, we con-
structed network maps of ACS variables based on both
correlations with other ACS variables and on association
with COVID-19 incidence in the Poisson regression ana-
lyses. The developed approach included two steps. First, we
built a full network using the correlation matrix of all ACS
variables. Pairs of ACS variables included in the full net-
work had an absolute value of Pearson correlation coeffi-
cient >0.5 and Pearson correlation P < 0.05 after Bonferroni
correction. Second, we built age-specific networks with the
twenty ACS variables with the smallest coefficient P values
in Poisson regression models. For two ACS variables with
total percent estimates always equal to 100 (e.g., percent of
insurance population and percent of uninsured population),
we only kept the one positively associated with the COVID-
19 incidence (e.g., percent of the uninsured population) to
avoid double-counting the same effect. The twenty ACS
variables served as nodes in the networks and were linked
through their bivariate relationship in the full network.
Those ACS variables not included in the full network were
disconnected and presented in a table in the graph. Net-
works were constructed using the R packages tidygraph
[27] and ggraph [28]. The estimates and P values of the
incidence ratios representing the change in COVID-19
cumulative incidences per one standard deviation increase
of ACS variable for age-specific COVID-19 cumulative
incidences as well as the direction of correlation (negative
or positive) between ACS variables themselves were shown
using specific colors and symbol sizes in each network.
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Multivariate analysis

Variable selection We applied Elastic Net regression to
select neighborhood characteristics most predictive of the
age-specific COVID-19 cumulative incidence. Elastic Net is
a variable selection approach combining ridge regression
and lasso regression. Both ridge and lasso regression are
widely applied variable selection approaches in predictive
modeling. Lasso regression was used in one of the two
previously cited NWAS studies [20]. Elastic Net’s algo-
rithm combines the advantage of lasso regression in
selecting correlated variables and the advantage of ridge
regression in selecting a greater number of variables [29],
which has led to Elastic Net becoming a top variable
selection approach in environmental health research [30]. In
our study, Elastic Net regression was conducted using the R
package glmnet [31]. During variable selection, the entire
study dataset was randomly divided into a 60% subset for
training and a 40% subset for testing. We set the propor-
tional contribution of lasso regression versus ridge regres-
sion from 0 to 1 and then selected the model with minimal
mean square error (MSE) estimated from the testing subset
with ten-fold cross-validation. Variables included in the
selected model moved forward to the next step of variable
selection.

Estimate the adjusted association After Elastic net
regression, a diagnostic test was performed using variance
inflation factors (VIF) to detect the remaining collinearity
between selected ACS variables. The variable with the
highest VIF was excluded sequentially from the model until
the VIFs of all remaining variables were <2.5. The
remaining ACS variables were modeled with the age-
specific COVID-19 cumulative incidence using Poisson
regression. The coefficient of determination (R2) of each
Poisson regression model was calculated as an indicator of
the (%) variation of COVID-19 cumulative incidence pre-
dicted by the adjusted variables. The incidence ratio (IR)
and 95% confidence interval (CI) of ACS variables esti-
mated from Poisson models were reported. The value of the
IR indicated the change in COVID-19 cumulative incidence
per one standard deviation increase of ACS variable.

Results

Descriptive analysis

Two hundred and fourteen zip code areas in the state of
Illinois were included in this study. The inclusion of zip
code areas were based on the completeness of data in all age
groups as described in the “Method” section. Other Illinois’
zip code areas were excluded in this study due to a small

number of COVID-19 cases—privacy concerns require zip
code areas with fewer than six confirmed cases to be coded
as “0” cases in the downloaded dataset. Table 1 compares
population density and urbanization (percent of urban area)
for all zip code areas in Illinois and for the 214 zip code
areas included in the analysis. The population density or
percentage of the urban area was significantly higher in
study zip code areas than in all the zip code areas in Illinois
(P < 0.0001).

The daily laboratory-confirmed COVID-19 cumulative
incidence (cases per 1000 people) in the 214 study zip code
areas our study period (May 23 to June 17) is available in
the Supplementary material, Figure S1. The cumulative
incidence of COVID-19 during our study period (May
23–June 17) was reported for eight age groups (under 20,
20–29, 30–39, 40–49, 50–59, 60–69, 70–79, and 80+). The
youngest study age group (under 20) had the lowest
COVID-19 cumulative incidence (2.58–3.66 cases per 1000
people, varying by zip code areas), and the most senior
group (80+) had the highest COVID-19 cumulative inci-
dence (23.62–29.93 cases per 1000 people). The difference
in the cumulative incidence between the youngest group
and oldest group was nearly tenfold, while the incidence of
COVID-19 did not differ greatly among the other six age
groups (i.e., 20–29, 30–39, 40–49, 50–59, 60–69, 70–79).

Pairwise analysis

Figure 1 is a heat map showing the Pearson correlation
coefficients between 392 ACS variables (rows) and
COVID-19 incidence by eight age groups (columns). In the
heat map, the color gradient indicates that several ACS
variables were consistently correlated with COVID-19
incidence in age groups under 79 years old. Those vari-
ables represented educational attainment, non-English
speaking status, employment as an “essential worker”,
health insurance status, residential occupants per room, and
Hispanic ethnicity. In contrast, the color gradient for the
very senior age group (80+) was distinctly different from

Table 1 Population density (people/km2) and urbanization (percent of
urban area) of all zip code areas in Illinois and of the 214 zip code
areas included in the analysis. The p value was calculated from the
student t test.

Illinois This study P value

Number of zip code areas 1383 214 –

Average Population Density (People
per km2)

543.16 2340.18 <0.0001

Median % Urban Area* in zip
code areas

0 100.00 <0.0001

“Urban Area” is defined by the Census Bureau [17]. Cities with a
population of >50,000 residents and adjacent satellite cities/towns with
>2500 residents were categorized as urban area.
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the other age groups. No clear cluster of variables was
observed for this age group, and the colors also demonstrate
relatively small correlations between neighborhood char-
acteristics and COVID19 incidence. The Pearson Correla-
tion Coefficient tables used to create this heat map are
available on this study’s GitHub site [32].

Figure 2 shows the example network graphs of two age
groups: children under 20 and seniors in 70–79 years old.
The network graphs of other age groups are available in the
Supplementary material, Figure S2–9. In each network
graph, ACS variables are shown by their IR (change in

COVID-19 cumulative incidence per one SD increase of
ACS variable) estimated using Poisson mixed-effect
regression models. ACS variables are linked through their
bivariate relationship with other ACS variables estimated
using Pearson correlation analysis. As shown in Fig. 2 and
S2–9, the percent of people with European ancestries (i.e.,
English, Scottish, Irish, Swedish, and German) was nega-
tively associated with COVID-19 incidence across all age
groups. Besides that, networks differed between age groups.
In the network for children under 20, we observed five
clusters of ACS variables: health insurance, race/ethnicity,

Fig. 1 Workflow of the Neighborhood-Wide Association Study (NWAS) method in this study.
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and educational attainment connecting the former two
clusters, and a detached cluster dominated by employment
as an essential worker. Among them, clusters of health
insurance, race/ethnicity, and education attainment were
found in the networks of age groups under 20 to 59. For two
senior age groups (60–79), ACS variables related to marital
status (percent of unmarried people or percent of people
living with a spouse) were on the networks. The details of
ACS variables significantly associated with age-specific
COVID-19 incidence are available in supplementary
material, Table S1.

The US census bureau categorizes all ACS variables into
43 “subjects”. We identified subjects of ACS variables that
were generally associated or not associated with age-
specific COVID-19 incidence by the proportion of sig-
nificantly associated ACS variables within the subject,
results were available in supplementary material, Table S1.
Variables representing computer access, fertility (number of
children), and residential occupants per room were highly
associated with COVID-19 incidence for age groups under

79. Overall, COVID-19 in adults between 40 and 59 was
associated with a greater number of ACS variables than
other age groups. Only one ACS variable (percent of people
who take public transportation to work) was significantly
associated with COVID-19 incidence in the very senior
group (80+).

Multivariate analysis

Table 2 shows the ACS variables identified as significant
predictors of age-specific COVID-19 cumulative incidence
in each step of variable selection. In the first step, Elastic net
selected zero to 41 ACS variables that were highly pre-
dictive of age-specific COVID-19 cumulative incidence.
The number of selected ACS variables differed by age
group. Among the eight age groups, the 30–40-year-old age
group had the most ACS variables (n= 41) selected by
Elastic net regression, followed by the pediatric age group
(<20) (n= 40). Only one ACS variable (no phone in
household) was selected as a predictor of COVID-19

Fig. 2 Heatmap of Correlation
Analysis Results. The Pearson
correlation coefficients between
392 neighborhood
characteristics measured by the
American Community
Survey and age-specific
COVID-19 cumulative
incidence.
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cumulative incidence in the 70–79 age group. No ACS
variable was identified as a significant predictor in the oldest
group (80+). In the second step of multivariate analysis,
after removing the ACS variables with higher VIF (>2.5),
between one and 11 ACS variables were selected as pre-
dictors of COVID-19 incidence in different age groups. The
relative number of ACS variables in the final model cor-
responded to the number of variables selected by Elastic
Net regression, where the 30–40 age group had the most
ACS predictors of COVID-19 cumulative incidence. This
age group also had the highest coefficient of determination
(R2) (0.80), which indicates that the 11 ACS variables
adjusted in the final model explained 80% of the variation in
COVID-19 incidence among people 30–40 years old. Based
on R2, the ability of ACS variables to explain the variation
of COVID-19 cumulative incidence increased from the
<20-year-old to the 30–40 age group, then decreased as age
increased. The estimated IRs and 95% CIs of ACS variables
in the final models are shown in Fig. 3. The oldest age
group (80+) results were not included in Fig. 3 because no
ACS variables were retained after variable selection.

We observed several common ACS variables in the final
models across different age groups (Table 2 and Fig. 3). For
example, from the youngest to the 40–50-year-old age
group, the percentage of people who carpool to get to work
was the most important predictor of COVID-19 cumulative
incidence. Older housing (built 1950–1959) and crowded
housing (e.g., multiple units in a building, more than one
resident per room) were also significant predictors of
COVID-19 cumulative incidence in adult groups (>20 years
old). Several protective factors were also identified. ACS
variables related to European-ancestry were associated with
a lower incidence of COVID-19, ranging from the youngest
age group to the 60–70-year-old age group. In addition,
multiple ACS variables related to low housing cost com-
pared to income (e.g., housing <25% of income) were
associated with lower COVID-19 cumulative incidence in
the 30–40-year-old age group.

We compared the results of pairwise analysis and mul-
tivariate analysis of the ACS variables and their associations
with age-specific COVID-19 cumulative incidence. We
identified several factors in common between the results of

Fig. 3 Network of two age groups (<20 and 70–79). Each graph
consisted of the twenty American Community Survey (ACS) variables
most significantly associated with the age-specific COVID-19 inci-
dence. The associations between each ACS variable and the age-spe-
cific COVID-19 cumulative incidence were presented as specific color

and size of node. Network was built based on the correlation between
ACS variable. The network graphs of two age groups (A) <20 and (B)
70–79 were shown here. The networks for all age groups were
available in the supplementary material (Figure S2-S9).
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pairwise analysis and multivariate analysis results: (a)
Hispanic ethnicity was significantly associated with inci-
dence of COVID-19 disease; (b) Population-level marital
status was significantly associated with COVID-19 inci-
dence in older ages (e.g., older than 50) but not in younger
ages; (c) ACS variables directly related to neighborhood
socioeconomic status (e.g., family in poverty) had a stron-
ger association with COVID-19 incidence in children (<20)
than in older adults. Several inconsistencies were also
observed: (a) variables related to health insurance status and
educational attainment were strongly associated with
COVID-19 incidence in the pairwise analysis and in the
preliminary variable selection by Elastic net regression, but
were excluded by VIF-based selection in the multivariate
analysis; (b) the pairwise analysis and multivariable analy-
sis identified different significant ACS factors related to
income — housing cost as a percentage of income was
highly associated with COVID-19 incidence in multi-
variable analysis, while the family income variables, which
also represent the family financial situation, were associated
with COVID-19 cumulative incidence in pairwise analysis.

Discussion

Using a NWAS method and zip code-level COVID-19 and
neighborhood characteristics data, we found that the inci-
dence of COVID-19 disease early in the pandemic was
unequally distributed among neighborhoods based on dif-
fering social, economic, demographic, and housing factors.
This finding contributes to the evidence that SES-
disadvantaged neighborhoods are associated with
increased risk of a number of health problems, including
COVID-19 [11, 14]. Second, age modified the associations
between neighborhood characteristics and the COVID-19
incidence. To our knowledge, this is the first study to
examine the cross-sectional association between neighbor-
hood characteristics and COVID-19 incidence by age
groups.

The age composition of the COVID-19 cases found in
our study zip code areas was similar to that reported in
China [2] and elsewhere in the U.S. [33] early in the pan-
demic. Among all COVID-19 cases, the proportion of
people under 20 years old ranged from 1% to 10%, which
was disproportionally lower compared to the proportion of
people in this age range in the general population [7, 34]. In
addition to the biological mechanisms highlighted in pre-
vious studies (e.g., ACE receptor expression [8]) our find-
ings suggested that neighborhood environment might also
contribute to differing COVID-19 incidences between
children and other ages. In our study, COVID-19-associated
neighborhood characteristics were more diverse and more
significant in middle-aged adults than in children and young

adults. This might be explained by greater exposure to
certain neighborhood factors among middle-aged adults
compared to younger people after social “lockdown” mea-
sures were enacted. Children’s daily activities are usually
restricted to their local community and school district,
and became even more restricted after schools and com-
munity activities closed. Middle-aged adults’ daily activities
were more diverse before pandemic closures than those of
children, including commuting, working, grocery shopping,
etc., and many of these persisted by necessity despite broad
lockdown orders.

Our study further confirmed that disadvantaged neigh-
borhoods and older age jointly contribute to the elevated
incidences of COVID-19 disease. In our study, zip code
areas characterized by lower educational attainment (less
than high school) and Hispanic ethnicity had a dis-
proportionately higher incidence of COVID-19. These
influences were more significant for children and middle-
aged adults compared to older adults. Fewer ACS-measured
neighborhood characteristics were associated with COVID-
19 in adults older than 70, suggesting that older age remains
the most important risk factor for COVID-19 [33, 35, 36].
Although fewer ACS variables were associated with
COVID-19 in seniors than in younger ages, more than one-
third of study neighborhood characteristics were still sta-
tistically significantly associated with COVID-19 incidence
in people aged 60–79 years in the pairwise analysis. In
multivariate analysis, neighborhood characteristics selected
from an objective, multi-step approach contributed 66% and
24% of the variation in COVID-19 incidences in the 60–70
and 79–80 age groups, respectively. Considering the mor-
tality risk of senior COVID-19 patients, the impact of this
group’s neighborhood environment cannot be ignored.

Our study identified several neighborhood characteristics
that have not been linked with COVID-19 in previous
studies. For example, in both pairwise analysis and multi-
variable analysis, residents’ marital status was a significant
neighborhood characteristic associated with the COVID-19
incidence early in the pandemic among people older than
50. COVID-19 incidence was positively associated with the
percent of unmarried people and percent of people living
alone at zip code levels. Likewise, COVID-19 incidence
was inversely associated with the percentage of people
living with a spouse. Notably, as depicted in the network
graphs, zip codes with a higher percentage of married
people also had a greater white population, which has been
widely used as an indicator of neighborhood SES [37] and
has been previously noted as a protective factor of COVID-
19 [13, 14]. We originally thought that the effect of zip-
code-level marriage rate might be instead due to the effect
of SES. However, no marital variables were found in the
networks of highly associated neighborhood characteristics
of age groups younger than 50 years old in the pairwise
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analysis. Also, the multivariate analysis suggested a sig-
nificant association between zip-code-level marriage rates
and COVID-19 incidence in the 50–60-year-old age group
after adjusting for other selected SES variables. These
results suggest that the effect of marriage on COVID-19
incidence was distinct from SES among older adults. This is
particularly interesting considering the infection risk con-
ferred by the reduced possibility of social distancing among
married couples cohabitating compared to unmarried indi-
viduals. A possible explanation is that locations with higher
rates of older adults living with their spouses would likely
have fewer people living in nursing homes, where residents
are at high risk of highly infectious diseases like COVID-
19. In Illinois, about half of counties reported COVID-19
outbreaks in long-term care facilities [38]. Living with a

spouse might be a marker of not living in a long-term care
facility, which may be why the zip code areas with more
married seniors have lower COVID-19 incidence. Future
analysis could include the determination of housing type
(group living situation or not), which was not possible in the
present study.

Transportation was found to be an influential factor of
COVID-19 incidence in our study. In the pairwise analysis,
the only neighborhood characteristic found to be sig-
nificantly associated with COVID-19 incidence in people
older than 80 was the percent of people who take public
transportation to work in a zip code area. In multivariate
analysis, the percent of people who take carpool to work
was widely associated with increased COVID-19 incidences
in age groups ranging from children to middle age. Public

Fig. 4 Results of multivariate analysis. Incidence ratio and 95% CI
between American Community Survey (ACS) variables and age-spe-
cific COVID-19 cumulative incidence estimated by multivariate
Poisson regression. ACS variables adjusted in each Poisson model
were selected using Elastic net regression and variance inflation factor
(VIF). Unit of incidence ratio: change in the age-specific COVID-19

cumulative incidence (cases/1000 people) per one standard deviation
(SD) of ACS variable. The name of each ACS variable indicates the
percent (%) of people compared to the reference population in the
study area. For example, the “2 units per building” means the percent
(%) of people living in a building with two units among all people
whose housing information was available in the study area.
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transportation could be a hub of transmission for the SARS-
CoV-2 virus. Reduced immune response and existing
chronic diseases could elevate the risk of COVID-19
infection and severe syndromes in older adults [35, 36].
In general, carpools are considered less risky than public
transportation, given people are contacting less frequently
in carpools than in public transportations. But the increased
risk of COVID-19 among zip codes with more people takes
carpools indicated that the reduction of contact at this extent
could not efficiently prevent COVID-19.

Our study has several limitations. First, our ecological
study design cannot make causal inferences between
neighborhood characteristics and COVID-19 disease. Sec-
ond, although ZCTAs have been widely used in public
health studies to estimate sociodemographic status at mat-
ched postal zip code levels [24], this study is subject to
possible minor misclassification because the neighborhood
characteristics in our study were measured by ACS at the
geographic unit ZCTA, while COVID-19 cases were
reported by postal zip codes. Another limitation which uni-
versally exists in studies using the pairwise analysis and
NWAS framework is that the study is an agnostic
hypothesis-generating rather than hypothesis-testing
approach. This limitation is inherent in our exploratory
study design, which was to identify new neighborhood
characteristics whose associations with age-specific
COVID-19 incidence could have been missed by
methodologies.

Despite these limitations, our study applied a novel
method to examine the association between COVID-19
infection rates and neighborhood characteristics and age.
We systematically examined associations between 392 ACS
variables and age-specific COVID-19 incidence. The
visualization tools we used (heatmap and networks) proved
to be powerful ways of exhibiting the association between
neighborhood characteristics and COVID-19 incidence
across age groups. The variable selection and multivariate
regression analysis estimated associations between neigh-
borhood characteristics and age-specific COVID-19 inci-
dence, adjusting for other neighborhood characteristics as
possible confounders. The identified neighborhood char-
acteristics associated with age-specific COVID-19 inci-
dence highlight opportunities for further study of high-risk
populations by their age and living environment.

Conclusion

In the present study, we systematically reviewed the asso-
ciation between 392 ACS-measured neighborhood char-
acteristics and age-specific COVID-19 incidence in 214
Illinois zip code areas. COVID-19 cases were dis-
proportionally distributed in neighborhoods characterized

by lower educational attainment, crowded households, and
higher numbers of essential workers. Lower neighborhood
SES was a significant risk factor for COVID-19 across age
groups, particularly among children. However, neighbor-
hood social characteristics such as marital status and
housing conditions were additional risk factors for COVID-
19 among seniors. Further study to better understand the
epidemiology of COVID-19 should consider both the
neighborhood environment and the populations’ age.

Code availability

The entire analytic procedure is depicted in Fig. 1. R code
and detailed analysis results are available on GitHub [32].
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