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ARTICLE INFO ABSTRACT

Keywords: Extant literature investigates the impact of COVID-19 on mental health outcomes, however there is a paucity of work
Income inequality examining mental health distress as a risk factor for COVID-19 outcomes. While systemic variables like income in-
Mental health distress

equality relate to both mental health and COVID-19, more work is needed to test theoretically informed models includ-
ing such variables. Using a social-ecological framework, we aimed to address these gaps in the literature by conducting
a neighborhood-level analysis of potential mental health distress and systemic- (income inequality) level predictors of
reported COVID-19 infection and mortality over time in Chicago. Neighborhood-level comparisons revealed differ-
ences in mental health distress, income inequality, and reported COVID-19 mortality, but not reported COVID-19 in-
fection. Specifically, Westside and Southside neighborhoods generally reported higher levels of mental health distress
and greater concentration of poverty. The Central neighborhood showed a decline in reported mortality rates over
time. Multi-level negative binomial models established that Zip-codes with greater mental health distress were at in-
creased reported COVID-19 infection risk, yet lower mortality risk; Zip-codes with more poverty were at increased re-
ported COVID-19 infection risk, yet lower mortality risk; and Zip-codes with the highest percentage of People of Color
were at decreased risk of reported COVID-19 mortality. Taken together, these findings substantiate Chicago
neighborhood-level disparities in mental health distress, income inequality, and reported COVID-19 mortality; identify
unique differential associations of mental health distress and income inequality to reported COVID-19 infection
and reported mortality risk; and, offer an alternative lens towards understanding COVID-19 outcomes in terms of
race/ethnicity.

COVID-19 infection
COVID-19 mortality
Neighborhood-level analysis

1. Introduction deaths were accounted for by individuals in primarily Black U.S. counties,

despite these counties representing only 20% of the sample [10].

The coronavirus disease 2019 (COVID-19) has escalated into a devastat-
ing pandemic, with over 615 million confirmed cases and over 6.5 million
deaths reported to the World Health Organization as of October 4, 2022
[1]. However, it is not universal to either acquire or die from COVID-19.
Variable infection and mortality rates have yielded a call to action: to better
understand risk and protective factors of these COVID-19 outcomes [2]. Ex-
tant research has identified a number of risk factors for reported COVID-19
mortality, including male sex, older age, obesity, and underlying health
conditions [3-7]. Communities of color are at increased risk for reported
COVID-19 mortality [8,9]. At the national level, nearly 60% of COVID-19
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Early narratives seeking to explain these trends fail to account for some
of the systemic and multi-level factors that may contribute to disparities in
reported COVID-19 infection and mortality for many historically
disenfranchised communities [11,12]. An adaptation of the County Health
Ranking Framework offers a lens to understand the multi-level socio-
systemic factors that may relate to COVID-19 outcomes, see Fig. 1. Unequal
distribution of income is a specific social determinant of health (SDOH)
with strong links to reported COVID-19 infection and mortality [13,14]. It
is consistent with Bronfenbrenner's Social-Ecological Model [15] that indi-
viduals with low income living in high-income inequality areas would
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Fig. 1. Adapted theoretical framework based on the county health rankings model.

report low healthcare access and utilization [16], crowded housing, and
continued in-person work as essential workers amid the COVID-19 pan-
demic [17,18]. Empirically, income inequality has been associated with
premature mortality at multiple levels of spatial-health investigation,
even after controlling for socioeconomic status, age, and sex [19-21]. In
the context of the pandemic, income inequality has been related to
increased associations with reported COVID-19 mortality, however these
associations have yet to be assessed at neighborhood levels [13,14,21].
Additionally, some international research suggests that economic
deprivation may be associated with COVID-19 infection, but not
COVID-19 mortality [22]. Additional investigation would provide useful in-
sight into social-ecological conditions and COVID-19 outcomes.

While the County Health Ranking Framework [23] offers insight into
health behaviors, clinical care, physical environment, and social/economic
factors that relate to health outcomes, many applications of the model do
not delineate an important factor highlighted in social-ecological literature
— mental health [23-25]. Mental health distress, defined as a state of emo-
tional suffering associated with daily stressors [26], relates to poor mental
and physical health outcomes [27,28] and may be another risk of COVID-
19 infection and mortality. Since the start of the pandemic, much literature
has examined COVID-19s impact on mental health, [29-31], and generally
suggests that mental health difficulties both spiked and persisted since the
pandemic onset [32] — potentially exacerbating mental health difficulties
for individuals with pre-existing mental illness [33]. However, much less
work has examined the inverse — mental health distress as a risk factor for
reported COVID-19 outcomes. Researchers theorized that individuals
with serious mental illness (SMI) may be at higher risk of COVID-19 expo-
sure, infection, and mortality due to lower health literacy, negative health-
related behaviors, lower treatment adherence, and greater obstacles to
quarantine adherence (e.g., homelessness) [34]. Related empirical findings
are mixed, showing that having a mental illness diagnosis was not associ-
ated with likelihood of testing positive for COVID-19 [35]; however,
other research suggests that communities with elevated COVID-19 infec-
tion rates also showed elevated levels of pre-pandemic mental health dis-
tress [36]. In one study, individuals with SMI were at higher risk for
severe clinical outcomes of COVID-19 than those with no history of mental
illness [35]. In another study, adults diagnosed with schizophrenia spec-
trum disorder had higher increased risk for reported COVID-19 mortality
than those without such diagnosis. However, those with mood and anxiety
disorders were no more at risk for reported COVID-19 mortality than those

without a diagnosis [37]. Among individuals with a mental health disorder,
those who were African American had higher odds of COVID-19 infection
than those who were White, and women had higher odds of reported
COVID-19 infection than men [38].

Together, this suggests an unclear understanding of mental health in re-
lation to COVID-19 infection and mortality. Additionally, little work con-
siders these associations in the context of systemic-level variables such as
income inequality. Income inequality is related to reporting mental health
distress, experiencing an increased risk for and incidence of mental illness,
and worsening health outcomes among those affected by poor mental
health. These findings have been reported at individual [39], county
[40], and state levels [41]. More broadly, income inequality and mental
health distress often simultaneously relate to health outcomes [42-44]. De-
spite this, investigations at the Zip-code level examining how strongly each
of these factors relate to COVID-19 are only recently emerging [45]. This
parallels the concept of social vulnerability, which asserts that social, eco-
nomic, demographic, and geographic characteristics determine risk expo-
sure of a community and their ability to respond to and recover from
adversity [46]. That is, vulnerability is a socially constructed condition of
a system that exists before it is faced with a threat that intensifies its effects
[46-51]. Testing models consistent with this social-ecological and social
vulnerability perspective that focus on COVID-19 outcomes would make
an important contribution to literature [52-54].

Chicago is a relevant place to investigate such socio-structural risk fac-
tors of reported COVID-19 infection and mortality. As of November 2022,
Chicago had 718,355 positive COVID-19 cases, and Illinois itself had the
fifth-most cases of any U.S. state [55]. Chicago also demonstrates signifi-
cant racial/ethnic disparities in its COVID-19 outcomes, thus providing a lo-
cation where researchers can investigate COVID-19 as a potential
microcosm for broader racial/ethnic health disparities. Of all reported
COVID-19 cases in Chicago, White individuals showed an infection rate of
6118.7 and death rate of 569.9 per 100,000 individuals [56]. Black individ-
uals showed an infection rate of 6950.9 and a death rate of 1604.6 per
100,000 individuals [56]. Latino or Hispanic individuals showed an infec-
tion rate of 12,248.8 and a death rate of 1042.7 rate per 100,000 individ-
uals [56]. These numbers starkly contrast the racial/ethnic makeup of
Chicago, which is 50% White, 29.6% Black, and 28.8% Latino or Hispanic
[55,57]. More broadly, Chicago has a deep history of systemic racism, mak-
ing Chicago and its four prominent neighborhoods (Northside, Central or
“Loop”, Westside, and Southside) some of the most racially-segregated
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geographic spaces in the U.S [46,58]. Racial segregation in Chicago has had
long-lasting impacts, particularly on health for individuals in marginalized
neighborhoods [58,59]. A recent study found that life expectancy was 90
years old for those living in Streeterville, a predominantly White neighbor-
hood in Central Chicago, but just 60 years old for those living in Engle-
wood, a predominantly Black community in the Southside neighborhood
just nine miles away [60].

The present study aims to assess associations between these socio-
structural variables in relation to COVID-19 infection and mortality in the
historically segregated city of Chicago, using neighborhood-level data.
First, we conduct neighborhood-level comparisons of income inequality
and mental health distress, hypothesizing higher rates of each in neighbor-
hoods that literature identifies as those occupied primarily by racial/ethnic
minority individuals (i.e., Westside and Southside). Next, we conduct
neighborhood-level comparisons of reported COVID-19 infection and mor-
tality risk rates over time using multi-level linear growth modeling. We hy-
pothesize that these same racial/ethnic-majority neighborhoods will show
increased risk for these COVID outcomes. Then, we test whether Zip-code
level income inequality and mental health distress serve as significant expo-
sures to risk of reported COVID-19 infection and mortality over time, via
multilevel negative binomial regression modeling, while controlling for
several key covariates. We hypothesize that neighborhoods with increased
mental health distress and higher concentrations of poverty experience in-
creased risk for COVID-19 infections and mortality across neighborhoods.
We also hypothesize that neighborhoods with higher proportions of people
of color (PoC) will demonstrate increased risk for COVID-19 outcomes com-
pared to neighborhoods with lower proportions of PoC within Zip-codes.

2. Methods

All data were obtained through the City of Chicago Coronavirus Re-
sponse Center Data Portal (CRCDP), City Health Dashboard (CHD), and
Chicago Health Atlas (CHA). The CRCDP was created in part by the Depart-
ment of Public Health and has been used in several emerging COVID-
related publications in Chicago [46,61,62]. CRCDP data includes reports
from the Illinois National Electronic Disease Surveillance System, Cook
County Medical Examiner's Office, Illinois Vital Records, and the US Census
Bureau 2018 American Community Survey (ACS). The CHD is a national
data resource of health-related measures for over 750 cities across the
U.S. and is a frequently cited data source in the established literature
[54,63]. Similarly, the CHA is a community health data resource of aggre-
gated data from several sources, including the ACS. Key study variables in-
cluded in the CHD and CHA were obtained from the US Census Bureau
2018 ACS and the CDC's PLACES Project. Present study data were extracted
from these two sources at the Zip-code level. To align with a quasi-
longitudinal approach, we used mental health distress- and income
inequality-predicted estimates and related estimates for our control vari-
ables for 2018 — the most recent shared year-point of all variables. Both
COVID-19 infection and mortality reflect respective cumulative reported
cases as of July 17, 2021.

2.1. Measures

A total of 60 Zip-codes are captured within the city of Chicago. Given
that many Zip-codes are often colloquially categorized with a multi-
neighborhood spatiality (e.g., Southwest, Northcenter) and data sources
themselves list individual Zip-codes in multiple broader neighborhoods
and higher-level amalgamations of neighborhood clusters, we categorized
the data gathered from CRCDP and City Health Dashboard into four catego-
ries — Northside, Southside, Westside, and Central. This was done via com-
prehensive comparison of community areas identified within existing data
available from the CHA [64] and 2014-2016 Community Health Needs As-
sessment [65]. While no method of categorization is without error, we ap-
proach this categorization through a synthetization of two existing
classification systems for Chicago to achieve a more standardized
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categorization. Each of the following variables are aggregated and analyzed
at the Zip-code level.

2.1.1. Outcomes

2.1.1.1. COVID-19 infection and mortality. Cumulative COVID-19 infection
and mortality reported counts were obtained from the CRCDP. For these
data, Chicago residents are included based on the home Zip-code provided
by the medical provider of each reporting entity. Cases with a positive mo-
lecular or antigen test are included in this dataset and are counted based on
the week in which the specimen was collected, to account for variability in
testing time lapse from receiving initial COVID-19 testing. Two separate
variables are included, where values represent cumulative infection cases
and cumulative mortality cases in Chicago, by Zip-code, among Chicago
residents. Reported COVID-19 infection and mortality variables are up-
dated weekly on the CRCDP, and we use data gathered across 72 consecu-
tive weeks, spanning from March 1, 2020 to July 17, 2021 to reflect initial
outcomes to this public health threat.

2.2. Risk factors

2.2.1. Mental health distress

Frequency of mental health distress was obtained from the CHD, using
2018 1-year modeled estimates from the CDC PLACES project. This mental
health distress frequency index was calculated as a percentage of adult re-
spondents who reported poor mental health =14 days in the past month
per total Zip-code level population and represents a mental health-related
quality of life within each Zip-code. This operationalization is consistent
with clinical criteria for select mental health disorders [66], functional im-
pairment [67], public health surveys [64,68], and related extant research
[69-76]. With that said, this current method of assessment allows variable
conceptualization of “distress” and thus may also capture distress on a
broader level that is sub-clinical threshold.

2.2.2. Income inequality

The Index of Concentration at the Extremes (ICE) is a measure of income
inequality obtained from the CHD and is calculated though the following
formula applying income distributions for each respective geographical
area or concentration [77]:

Households < 20th% of Income— Households = 80th% of Income

100
Total Households in Geographic Area *

Specifically, we used the 2018 5-year ACS estimates, representing
pooled estimates across multiple years of data, and scores range from
—100 (all households are financially deprived) through + 100 (all house-
holds are financially privileged; [59]). As such, ICE allows for a description
of size and direction of income inequality within geographic areas and is ar-
gued to be a more robust measure than the popular Gini index of income in-
equality at the census tract [77]. While race/ethnicity itself is not explicitly
measured in this variable, income inequality is often expressed as a proxy
for and product of systematic racism and has racial implications. In fact,
there is growing support for ICE as an indicator of historical structural rac-
ism, particularly for marginalized communities [78]. Therefore, we use and
interpret findings from this variable in both the context of income inequal-
ity and race/ethnicity as a function of the city of Chicago itself, though we
address race/ethnicity specifically through a designated assessment of PoC
concentration.

2.3. Covariates

Other than the inclusion of Race/Ethnicity as a covariate, we focus on
modifiable health behaviors available from our publicly assessable data
sources as covariates for inclusion in our models. This is because health be-
haviors relate to health outcomes, within the context of other social deter-
minants of health, including socio-structural and environmental drivers of
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health [79,80]. As such, we include health behaviors highlighted in the
County Health Ranking Framework as covariates in our analyses. We also
provide supporting literature surrounding their specific associations to
COVID-19 below.

2.3.1. Race/Ethnicity

Race/Ethnicity are obtained from the CHA, using 2018 5-year moving
averages from the ACS. Racial/ethnic categories include Non-Hispanic
White, Non-Hispanic Black, Asian or Pacific Islander, Hispanic or Latino,
Native American, or two or more races. Here, we obtained the total esti-
mated number of Non-Hispanic White individuals within each respective
Zip-code and created a ratio to the estimated total population within each
Zip-code. We then categorized each ratio into one of three broader group-
ings based on the mean ratio of reported Non-Hispanic White concentra-
tion. Ratios that fell above one standard deviation of the mean represent
higher concentration of Non-Hispanic White identities and were labeled
“low PoC” density Zip-codes. Ratios that fell below one standard deviation
of the mean represented lower concentration of Non-Hispanic White iden-
tities and were labeled “high PoC” density Zip-codes.

2.3.2. Binge drinking

Binge drinking among adults aged =18 years was obtained using CDC
PLACES project 2018 1-year modeled estimates. Binge drinking is defined
as women who reported consuming = four alcoholic drinks on one occa-
sion and men who reported consuming = five alcoholic drinks on one oc-
casion in the past 30 days [81]. These benchmarks parallel several
standardized measures of hazardous drinking [82,83], a behavior known
to compromise immunological functioning and place individuals at higher
risk for COVID-19 [84]. Excessive alcohol use is also known to associate
with lung damage and increase susceptibility to respiratory illness and
COVID-19 susceptibility and severity [85]. As bring drinking is a modifi-
able behavior, we include neighborhood level of binge drinking as a
percentage-based covariate at the Zip-code level.

2.3.3. Physical inactivity

Physical inactivity among adults aged =18 years was obtained using
CDC PLACES project 2018 1-year modeled estimates, specifically by deny-
ing all past month physical activities or exercises such as running, calisthen-
ics, golf, gardening, or walking for exercise [81]. Physical inactivity itself is
a known correlate of increased risk for COVID-19 outcomes [86], and is a
known protective factor against several other health conditions that in-
crease risk for COVID-19 susceptibility and severity (i.e., diabetes, cardio-
vascular disease, obesity) [87]. As physical inactivity is a modifiable
behavior, we include physical inactivity as a as percentage-based covariate
at the Zip-code level.

2.3.4. Smoking

Smoking among adults aged =18 years was obtained using CDC
PLACES project 2018 1-year modeled estimates, representing respondents
reporting having smoked =100 cigarettes in their lifetime and current
daily or near-daily smoking [81]. Smoking appears to have a somewhat par-
adoxical and not well understood association to severity of COVID-19 out-
comes, yet is also associated with several disease factors that promote
poorer COVID-19 outcomes [88,89]. As smoking is a modifiable behavior,
we included smoking as a percentage-based covariate at the Zip-code
level to account for potential variance explained by this construct.

2.4. Analytic plan

We used Stata version 15 for all central study analyses. All data were
screened for normality. Reliability ratings for each variable are not reported
due to each exposure index being a single-item, Zip-code-level index. Sam-
ple characteristics were calculated using univariate descriptive and fre-
quency statistics. Neighborhood-level differences of the variables of
interest were tested using one-way between-groups ANOVA in SPSS version
28 and multi-level linear growth models. Predictive margins were
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estimated to further probe differences of conditional effects. Aligning
with statistical methods of existent COVID-19 literature, multi-level nega-
tive binomial regression was used to calculate incidence rate ratios to mea-
sure the effects of Zip-code level income inequality and mental health
distress on reported COVID-19 infection (cumulative cases, controlling for
population within Zip-code) and mortality (cumulative deaths, controlling
for population within Zip-code), respectively [22,90-93]. Negative bino-
mial distribution was used to account for overdispersion in each dependent
variable. Likelihood ratio chi-square tests were performed to test the insuf-
ficiency of a more parsimonious Poisson model.

To identify whether there is spatial variation between income inequal-
ity, people of color, and mental health distress with cumulative COVID-19
case and mortality rates, we conducted geographically weighted regression
(GWR) using the final timepoint of data. The GWR model creates a separate
regression equation for each identified location, allowing the association to
vary across Chicago. The GWR models used the golden search neighbor-
hood selection method to identify the optimal distance band. All GWR
models were adjusted for income inequality, people of color, and mental
health distress. The coefficients were mapped. Geospatial autocorrelation,
geographic weighted regression, and maps were generated in ArcGIS Pro
version 2.18.

3. Results
3.1. Descriptive statistics

Our sample reflects available data from Zip-codes that comprise
Northside (n = 17; 15.3%), Southside (n = 19; 28.8%), Westside (n =
14; 23.7%), and Central (n = 9; 32.2%) neighborhoods. In aggregate,
12.92% (2.87) of the adults = 18 years old in our sample reported =14
days of poor mental health within the past month prior to data collection.
Our sample's level of income inequality (—5.53) showed higher concentra-
tion of poverty than the CHD average (—1.1) [94]. At the final timepoint
the data used in this study, our sample had a reported average cumulative
COVID-19 infection of 9841.31(SD = 2631.52) cases, and mortality of
178.05 (SD = 95.13) cases, per 100,000 residents.

3.2. Neighborhood-level comparison

A one-way between-groups ANOVA was conducted to explore
neighborhood-level differences in income inequality and mental health dis-
tress. Results indicated significant between-group differences for both var-
iables. Levene's test for income inequality suggested that using the Tukey
HSD approach was an appropriate probe for multiple post-hoc compari-
sons. Data for mental health distress violated the assumptions of homogene-
ity of variance per the Levene's test; therefore, Dunnett's T3 approach was
used to probe for multiple post-hoc comparisons. Post-hoc analysis of the
income inequality variable indicated that the Westside neighborhoods
had a higher concentration of individuals at the lower end of the income ex-
treme than the Central neighborhoods. Additionally, the Southside neigh-
borhoods had a higher concentration of individuals at the lower end of
the income extreme than both the Central and Northside neighborhoods.
Post-hoc analysis of the mental health variable indicated that the Westside
and Southside neighborhoods had more frequent days of mental health dis-
tress compared to the Central and Northside neighborhoods. Spatial auto-
correlation analysis of key variables of interest revealed significant
clustering similarities for Income Inequality (Moran's I = 0.47, p < .001)
and Mental Health Distress (Moran's I = 0.41, p < .001) (See Fig. 2).

Multi-level linear growth models were conducted to explore differences
at the neighborhood-level in reported COVID-19 infection and mortality,
controlling for population density. For reported COVID-19 infection rates
comparing the Central neighborhoods to more distal neighborhoods, differ-
ences were not significant (North: b = 12.142, SE = 6.803,p = .07; West:
b = 7.182, SE = 6.976,p = .30; South: b = 6.221, SE = 6.609, p = .35).
Margins analysis comparing Central neighborhoods to North, West, and
South indicated that mortality rates stabilized only for the Central
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Neighborhood Level Differences in Key Study Predictor Variables

Mental Health
Distress

100.00 mncome Inequality
(ICE)

10.00

1.00
0.00
-1.00

Mean

-10.00

-106.0 Central North Side  West Side  South Side

Neighborhood

Fig. 2. Neighborhood-level differences in key study predictor variables. Logarithmic transformation of Y-axis was used to ease visual graphing interpretability of mental
health distress and ICE in a single figure; however, the data themselves were not transformed. Significant differences exist between neighborhoods and mental health
distress rates: F(3, 51) = 10.40, p < .001. Post-hoc comparison using Dunnet's T3 test indicated that the mean levels of mental health distress were significantly higher
for both Westside (M = 13.88, SD = 3.11) and Southside (M = 14.65, SD = 2.46) when compared to Central (M = 9.93, SD = 1.98) and Northside (M = 11.23, SD =
1.20) neighborhoods independently All other mental health distress paring comparisons were non-significant, ps > 0.05. Significant differences exist between
neighborhoods and income inequality: F(3, 51) = 13.56, p < .001. Post-hoc comparison using Tukey HSD test indicated that the mean ICE index was higher for Central
(M = 31.18,SD = 13.12) compared to Westside (M = —9.43, SD = 16.51) and Southside (M = -24.44, SD = 20.93) neighborhoods. Additionally, Northside (M =
6.57, SD = 16.51) showed significantly higher ICE scores than Southside (M = —24.44, SD = 20.93) neighborhoods. All other ICE comparisons were non-significant,
ps > 0.05 Error Bars: 95% CIL.

neighborhood (North: b = 1.294, SE = 0.348, p <.001; West: b = 1.404, 3.3. Geographic weighted regression
SE = 0.361, p <.001; South: b = 1.388, SE = 0.342, p <.001). See Figs. 3

and 4. Similarly, spatial autocorrelation analysis of variables of interest re- The results of the GWR can are presented in Fig. 5 and Fig. 6. Mental
vealed clustering similarities for the most recent cumulative COVID-19 Health distress had the strongest, positive associations with COVID-19 in-
mortality rate (Moran's I = 0.30, p <.001; however, not for the most recent fection and mortality rates predominantly in the Southside and Westside.
cumulative COVID-19 infection rate (Moran's I = —0.10,p = .15). Mental Health distress was negatively associated with both COVID-19

Differences in COVID-19 Infection Growth Rates by Neighborhood
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Weeks from March 1, 2020 to July 17, 2021
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Fig. 3. Differences in COVID-19 infection growth rates by neighborhood. Margins analysis with Central neighborhood as the reference comparisons showed no significant
differences between neighborhoods regarding COVID-19 infection growth rates across 72 weeks. Descending trajectories represent decline in growth rate, rather than
decline in total infections.
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Differences in COVID-19 Mortality Growth Rates by Neighborhood
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Fig. 4. Differences in COVID-19 mortality growth rates by neighborhood. Margins analysis with Central neighborhood as the reference comparison showed stabilization of
COVID-19 mortality growth rates for only the Central neighborhood across 72 weeks.

Mental Health Distress People of Color Income Inequality
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Fig. 5. Geographic weighted regression of key predictors and COVID-19 infection. “"GWR model was adjusted for mental health distress, people of color, and income
inequality. It used a distance band of 14,951.6 m. R? = 0.57, Adjusted R?> = 0.38, AICc = 1055. Cumulative COVID-19 infection and mortality rates reflect rates as of

the final timepoint in our data — July 17, 2021.

infection and mortality rates in the Northside of Chicago. There only were
negative associations between the density of PoC and COVID-19 Infection
Rates across the city. The strongest, most negative associations were identi-
fied in the Northside. While the least negative associations were identified
in the Southside. COVID-19 mortality was positively associated with den-
sity of PoC in the Northside, but had strong, negative associations in the
Southside. For income inequality, higher concentrations of poverty had
the strongest positive associations with COVID-19 infection and mortality
rates in the Southside of Chicago, with notable strengths of association in
the Westside of Chicago. The strongest negative associations for infection
and mortality rates were predominantly located in the Northside.

3.4. Multivariable models

Two multi-level negative binomial regression models were conducted
to evaluate whether Zip-code level determinants of income inequality,
mental health distress, racial diversity, smoking status, binge drinking,
physical inactivity, and time were associated with increased risk of
COVID-19 infection and mortality, respectively. For the COVID-19 infec-
tion model, the likelihood ratio chi-square test indicated that the negative
binomial distribution had superior fit to the Poisson model (19.95, p <
.0001). There was a significant increased risk over 72 weeks for reported
COVID-19 infection in Zip-codes with a greater proportion of mental health
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Fig. 6. Geographic weighted regression of key predictors and COVID-19 mortality. "GWR model was adjusted for mental health distress, people of color, and income
inequality. It used a distance band of 18,092.1 m. R? = 0.68, Adjusted R?> = 0.57, AICc = 628. Cumulative COVID-19 infection and mortality rates reflect rates as of the

final timepoint in our data — July 17, 2021.

distress (IRR = 1.058, p < .01), greater concentrations of wealth (IRR =
1.006, p < .01), less reported binge drinking (IRR = 0.991, p < .01), less
sedentary behavior (IRR = 0.989, p < .01), less binge drinking (IRR =
0.991, p < .01) and in Zip-codes with larger populations (IRR = 1.006,
p < .001). Smoking, Zip-code density of PoC, and time did not significantly
relate to risk for reported COVID-19 infection; see Table 1. For the COVID-
19 mortality model, the likelihood ratio chi-square test indicated that the
negative binomial distribution had superior fit to the Poisson model
(3447.16, p < .0001), There was a significant increased risk over 72
weeks for reported COVID-19 mortality in Zip-codes with a lower propor-
tion of mental health distress (IRR = 0.732, p < .05), less smoking (IRR
= 0.979, p < .05), higher concentration of poverty (IRR = 0.954, p <
.01), higher physical inactivity (IRR = 1.045, p < .05), and Zip-codes
with larger populations (IRR = 1.029, p < .001). Additionally, Zip-codes
with moderate (IRR = 0.307, p <.01) and high (IRR = 0.293, p <.05) pro-
portions of PoC demonstrated lower risk for COVID-19 mortality, compared
to Zip-codes with lower proportions of PoC. Bing drinking was not signifi-
cantly associated with COVID-19 mortality risk; see Table 1. VIF = 5.1

for our multivariable model. Fig. 7 provides cross-sectional mapping of
key variables at week 72.

4. Discussion

The present study used Chicago-based data to examine income inequal-
ity and mental health distress as risks for reported COVID-19 infection and
mortality; and, to investigate differences in COVID-19 outcomes for
Chicago-based communities of color. Neighborhood-level comparisons of
key study variables indicated that Westside and Southside neighborhoods
generally showed higher concentration of low income and higher levels
of mental health distress. Zip-codes with higher pre-existing mental health
distress demonstrated increased risk for reported COVID-19 infection, yet
decreased risk for reported COVID-19 mortality. Income inequality was a
risk factor for reported COVID-19 infection for Zip-codes with higher
concentration of wealth, and also was related to a significant increase in
reported COVID-19 mortality risk rates in Zip-codes with higher concentra-
tions of poverty. While some model covariates showed paradoxical

Table 1
Multi-level negative binomial regression models.

Predictor IRR (SE) p-value 95% CI

COVID-19 Infection Income Inequality 0.006 (0.002) <0.01 (1.003, 1.010)
Population 1.006 (0.001) <0.001 (1.003, 1.009)
Binge Drinking 0.991 (0.003) <0.01 (0.985, 0.996)
Physical Inactivity 0.989 (0.003) <0.01 (0.983, 0.995)
Smoking 1.000 (0.001) 0.77 (0.998, 1.003)
PoC moderate 1.083 (0.068) 0.210 (0.957, 1.226)
PoC high 1.013 (0.092) .89 (0.849, 1.210)
Mental Health Distress 1.058 (0.018) <0.01 (1.024,1.093)
Time 1.000 (0.001) 0.92 (0.999, 1.001)

COVID-19 Mortality
Income Inequality 0.956 (0.013) <0.01 (0.930, 0.982)
Population 1.047 (0.010) <0.001 (1.027,1.067)
Binge Drinking 1.002 (0.020) 0.91 (0.963, 1.043)
Physical Inactivity 1.045 (0.023) <0.05 (1.002, 1.090)
Smoking 0.979 (0.009) <0.05 (0.962, 0.996)
PoC moderate 0.307 (0.1347)0 <0.01 (0.131, 0.724)
PoC high .293 (0.1833) <0.05 (0.086, 0.995)
Mental Health Distress 0.732 (0.089) <0.05 (0.577, 0.928)

a Time 1.030 (0.004) <0.001 (1.029, 1.030)

# p <.05 and examination of confidence intervals was used to determine significance in our multi-level negative binomial regression models.
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Fig. 7. Spatial mapping of key variables by zip-code. Cumulative COVID-19 infection and mortality rates reflect rates as of the final timepoint in our data — July 17, 2021. Due
to the nature of the data, maps are structured with color scheme that aid in interpretive nature of variables. Specifically, Income Inequality and People of Color maps are
structured in such that lower values represent higher frequency of the interpreted variable, given the nature of the data used.

associations that are not well understood in existing literature, we included
covariates in our analyses to separate covariate effects from effects of key
variables that were central to this study. Using GWR, we identified that
there was city-wide variability in the associations between mental health
distress, people of color, and income inequality with cumulative COVID-
19 infection and mortality rates. Given that GWR shows several instances
of Southside and Westside neighborhoods strongly relating to neighboring
Zip-code data values, we discuss these findings with a lens underscoring the
phenomenological segregative nature of Chicago and abstain from discus-
sion of endogenous control variables, as recommended by Hiinermund &
Louw [95].

Many of our findings substantiate earlier work indicating that broadly,
Westside and Southside Chicago neighborhoods experience more
systemic- and neighborhood-level distress and systemic challenges than
other Chicago neighborhoods [96]. Exposure to lead, decreased healthcare
access, and higher crime rates are primary examples, with highest exposure
in Southside and Westside neighborhoods compared to other Chicago
neighborhoods [96-98]. Regarding mental health, emergent research ex-
ists supporting the association of increased COVID-19 infection risk with
pre-existing mental health distress [36]; however, a comprehensive

understanding of mental health as a determinant of COVID-19 outcomes,
particularly mortality, remains unknown. Additionally, the income
inequality-mortality link is unsurprising, given that income inequality in-
creases the prevalence of poverty, generates chronic stress, and erodes pro-
tective measures of an individual's health — each of which can both produce
community-level stress and increase an individual's risk for COVID-19
death [94,99]. These multiple and interrelated disparities indicate the
need for effective systemic, neighborhood-level interventions addressing
such factors [100].

Interestingly, several findings emerged that contrast existing literature.
Zip-code level mental health distress was associated with reported COVID-
19 mortality risk rates; however, the directionality of these associations was
not fully consistent with our hypotheses. COVID-19 mortality findings are
inconsistent with findings regarding other illnesses, such as cancer mortal-
ity, cardiovascular disease mortality, and other-cause mortality in extant re-
search [101]. Psychological distress generally, largely relates to disease
progression [102], however this was not the case for our sample with re-
gard to reported COVID-19 mortality. Broadly, individuals with mental ill-
ness have greater physical health morbidity and mortality compared to
general population members [103,104], which may partially explain our
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findings of elevated risk for COVID-19 infection in communities with ele-
vated mental health distress. However, our findings regarding mental
health and COVID-19 mortality contrast those in the existing literature
and may be explained by some version of the habituation effect driven by
resiliency.

The notion of psychophysiological habituation to stress parallels find-
ings of childhood adversity and cortisol response to stress in adulthood
[105], cardiovascular responses to stress [106], and amygdala response to
threatening stimuli [107]. In the context of this study, it is possible that
communities that experience more frequent mental health distress have de-
veloped emergent resilience, defined as an adaptation to chronic difficul-
ties. Emergent resilience thus may contribute to an overall balanced
psychophysiological response to new stressors [108]. Research shows that
mental health disturbances such as anxiety, depression, and loneliness
may have been experienced strongest at the start of the COVID-19 pan-
demic; however, symptoms either stabilized (i.e., habituated) or declined
overall [109]. Symptoms among groups more vulnerable to poorer mental
health during the COVID-19 pandemic experienced small decreases [109],
and may suggest that on an aggregate level, communities that experienced
increased mental health distress prior to COVID-19 may have habituated to
the emergent stressor over time and countered the traditional associations
of mental health distress and poor physical health.

That said, it is possible that pre-existing mental health distress may have
manifested as anxiety or depression amid the COVID-19 pandemic. Anxiety
is associated with increased healthcare utilization across multiple care set-
tings [110], and individuals living with depression have displayed in-
creased healthcare utilization amid the pandemic [111]. Thus,
communities with pre-existing elevations in mental health distress may
have increased utilization of healthcare services at the community-level
in response to increased COVID-19 infections. Increased engagement in
mental health services may have reduced parallel barriers towards engage-
ment in healthcare broadly, such as though telehealth services.

However, the finding of higher concentrations of wealth positively asso-
ciating to reported COVID-19 infection is unexpected, indicating that
higher concentrations of lower income may disproportionately associate
with COVID-19 disease progression and prognosis despite a heightened
risk of reported COVID-19 infection among more affluent Zip-codes. It is
possible that more affluent Zip-codes may have greater resources aiding
in the ability to disperse, thus increasing exposure to COVID-19 and in-
creased infection rates. Or those of more affluent Zip-codes may me more
likely to report COVID-19 infection than their counterparts, due to in-
creased healthcare access. Related to affluent Zip-code residents having rel-
atively good healthcare, more affluent Zip-codes showed lower risk for
COVID-19 mortality. This may be explained by increased access and ability
to utilize resources in place to protect health.

The recognition that historically Black and Brown low-income neighbor-
hoods endure a disproportionate number of physical health casualties is un-
fortunately familiar [97]. Social deprivation in these neighborhoods has
long been an indicator of compromised health, such as low birth weight,
higher rates of infant mortality, heart disease, and cancer [77,112]. One the-
ory that may explain these findings is Massey's (2004) Biosocial Model of
Stratification, particularly in that environmental stressors generated by in-
come inequality (i.e., unequal access to resources; exposure to violence) pro-
duces allostatic load in the body [113]. This “wear and tear” associated with
life in under-resourced, low-income neighborhoods, in which Black and
Brown Chicagoans disproportionately reside, may elevate rates of physical
and mental health problems, including reported COVID-19 related mortality
[97,114]. Specific to Chicago, the Southside and Westside neighborhoods of
the city endure structural barriers to healthy food [115] and quality
healthcare access [116]. Similarly, due to historical redlining practices, res-
idents of these neighborhoods are more likely to live in areas with lead poi-
soning [97] and toxic air pollution exposure compared to residents in the
North and Central areas of Chicago [117]. The combination of these factors,
among others, may both contribute to the allostatic load that neighborhood
residents experience and explain the higher rates of reported COVID-19
related mortality in our findings.
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However, the Cultural Armamentarium Hypothesis may also be used to
explain our findings, in that individuals of specific cultures may retain
culture-based practices (e.g., shared norms, family support, alcohol absti-
nence) that may protect these communities from negative health outcomes.
These benefits may exist above and beyond the associations of mental
health distress and poorer health outcomes established in research. Perti-
nent to this study, neighborhoods that endorsed higher rates of mental
health distress in aggregate (i.e., historically Black and Brown communi-
ties) may represent cultures that possess adaptive eco-developmental and
interpersonal factors that promote health despite experiencing health risk
[118,119]. Given that the Zip-code level concentration of PoC was associ-
ated with decreased COVID-19 mortality rates, yet Black and Brown indi-
viduals demonstrated elevated rates COVID-19 mortality, it is likely that
segregation acts synergistically with other socio-structural factors not mea-
sured in this study that may ultimately relate to race/ethnicity-based
COVID-19 mortality rates [23].

4.1. Implications

Our findings have implications for future research, healthcare interven-
tions and practice, and policy. Regarding research, while our findings provide
insight into pre-existing systemic- and community-level predictors of COVID-
19 outcomes, we suggest future researchers and agencies collect more recent
neighborhood-level SDOH data to test for these associations. These data
should include robust assessments of core constructs and allow for empirical
model testing. Additionally, qualitative community-based designs will comple-
ment this quantitative work. Regarding implications for healthcare interven-
tions, our findings suggest continued vaccine rollouts that focus on Non-
Central Chicago neighborhoods may help address current COVID-19-related
and broader inequities, particularly for the Southside and Westside neighbor-
hoods. Supporting the need for such interventions, currently fewer vaccines
have been sent to Southside and Westside neighborhoods because of a lack
of pharmacies or physicians in areas where pharmacies have closed or don't
exist, making it relatively hard for residents to adhere to medication schedules
[120]. COVID-19 vaccine hesitancy, rightly rooted in the contexts of systemic
racism, marginalization, and neglect, also may exist for PoC [121]. Regarding
implications for healthcare practice, our findings, as well as the current and po-
tential future resurgences of COVID-19 in Chicago, highlight the need for in-
creased mental healthcare screening and service provision. Given the
ongoing health problems of chronic/long COVID [122], the known mental
health challenges experienced post COVID-19 recovery [123], the rapid na-
tional growth of the Omicron and other emergent subvariants of COVID-19
[124], we believe increased psychological screening services may be particu-
larly timely. Finally, regarding policy implications, our findings suggest poli-
cies affecting both neighborhood and larger systemic-level factors are
needed to address COVID-19 outcomes and inequities more broadly. For ex-
ample, policies allocating extra funding and resources to the less affluent Chi-
cago neighborhoods, particularly Southside and Westside neighborhoods,
would likely help neighborhoods vis-a-vis infrastructure, healthcare access,
public transportation, and community safety. For example, community-
level psychoeducation, vaccine rollouts, COVID-19 testing, and targeted adver-
tising related to vaccines and testing could be implemented to address
neighborhood-level COVID-19 disparities. The current, relative lack of such ef-
forts in the face of this and related study's findings reflects historical and struc-
tural inequities. Broadly, it is imperative for local-, state-, and federal-level
policy to address and correct the disparities reported here and in past research.

4.2. Strengths and limitations

Our study should be interpreted in the context of its strengths and lim-
itations. Regarding strengths, we used a creative and rigorous coding strat-
egy to create neighborhood-level categories for analysis. Data came from
Chicago - a city known for its inequities but relatively under-studied in
terms of COVID-19. We also used publicly available COVID-19 data that
is updated weekly, allowing us essentially real-time data for analyses. Spe-
cifically, our data represents trends across 72 weeks of time-series data,
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allowing for a methodologically stronger multi-level statistical approach
that extends beyond the confines of simpler bivariate analyses. Use of
data from the first 72 weeks of the COVID-19 pandemic allowed us to elu-
cidate a snapshot understanding of these socio-structural associations to
COVID-19 outcomes as the nation adjusted to this experience.

Regarding limitations, our pooled year-based estimates of retrospective
data may be less meaningful than more recent data. Additionally, the
endogeneity of mental health distress itself (e.g., mental health distress as
a predictor and phenomenological outcome) was uninvestigated due to lim-
itations of our data sources; however, such investigations may be beneficial
for future investigation. Concerns exist surrounding differential neighbor-
hood populations; however, we addressed this by including population
size of each Zip-code within the multi-level analyses. Related, our sample
itself (i.e., aggregated metrics for Zip-code and broader neighborhoods)
did not allow us to address multi-level questions about individual or
individual-by-place interactions, and thus may demonstrate ecological fal-
lacy due to ecological regression. However, with this approach we began
to address these questions through the community scope; and our findings
are strengthened with time-series data. As literature suggests, likely our key
variables are highly correlated. Our VIF of 5.1 indicates potential for multi-
collinearity concerns; however, the value is well below the VIF >10 bench-
mark for clear multicollinearity concerns [125-127]. More so, the standard
errors and confidence intervals of each key predictor in the models are sat-
isfactory — showing only a small range of uncertainty and indicating that
multicollinearity is not an issue in these analyses [128]. Lastly, our data
showed spatial autocorrelation for several key variables of interest and
GWR showed spatially based similarities in associations. On one hand,
this supports the theme of Chicago's historical and current segregation cre-
ating disenfranchised communities defined by Zip-code and larger neigh-
borhoods. However, these approaches only allow for a cross-sectional
“snapshot” understanding of our data. As such, we do advocate for addi-
tional spatial and longitudinal methods to be used to better understand
these socio-structural variables regarding COVID-19. Such approaches in-
clude the use of spatial regression, Empirical Bayesian Kringing, spatial in-
terpolation techniques, and other spatial geoprocessing tools.

5. Conclusions

In Chicago - a city with historical segregation and related long-lasting im-
pacts on the health of individuals in marginalized neighborhoods — Westside
and Southside neighborhoods generally showed higher levels of poverty and
mental health distress. Reported mortality rates stabilized only for the Central
neighborhood, with no differences in reported infection rates across time.
There was a significant increased risk of reported COVID-19 infection in Zip-
codes with more mental health distress, but reduced risk for reported COVID-
19 mortality in these Zip-codes. There was a significant increased risk of re-
ported COVID-19 infection in Zip-codes with higher concentrations of wealth;
however, increased risk of reported COVID-19 mortality emerged for Zip-codes
with higher concentration of poverty. When compared to Zip-codes with
higher concentration of Non-Hispanic White individuals, Zip-codes with higher
proportion of PoC demonstrated decreased risk for COVID-19 infection. More
work is needed to test theoretically- and empirically-informed models includ-
ing individual, neighborhood, and systemic-level variables. These models can
best capture the complexity of health phenomenon related to COVID-19, spa-
tial location, and mental health. We advocate for the simultaneous investiga-
tion of all social-ecological levels (i.e., individual, interpersonal, community,
organizational, and policy) to better understand the potential inter-level associ-
ations of SDOH to COVID-19 outcomes.
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