SPATIO-TEMPORAL MODEL FOR MAPPING COVID-19 RISK

by
LIA AMELIA

JOHN HIGGINBOTHAM, COMMITTEE CHAIR
ABBEY GREGG
RANDI HENDERSON-MITCHELL
JOHN MCDONALD
JASON PARTON

A THESIS

Submitted in partial fulfillment of the requirements
for the degree of Master of Science
in the Department of Community Medicine and Population Health
in the Graduate School of
The University of Alabama

TUSCALOOSA, ALABAMA

2021



Copyright Lia Amelia 2021
ALL RIGHTS RESERVED



ABSTRACT

The COVID-19 was a major threat to public health around the world from the beginning
of COVID-19 pandemic. The U.S. was one of the countries with the most COVID-19 cases.
Despite the mitigation efforts to control the disease at both local and national levels, the number
of COVID-19 cases in the U.S. remained high throughout the pandemic. This study focused on
Cook County in Illinois. During the COVID-19 pandemic, Cook County was one of the counties
with the highest COVID-19 cases in the U.S. This study described the spatial and temporal
dynamics of COVID-19 risk in two-week periods from August 2020 to December 2020 in Cook
County. This study also assessed the impact of neighborhood socioeconomic and demographic

on COVID-19 incidence.

The Bayesian spatio-temporal model was used to produce COVID-19 risk maps and to
evaluate covariates' effects. The results show the spatial heterogeneity in COVID-19 risk from
time to time, with the risk peaked in the first weeks of November. Over different time points,
some parts of the county exhibited constant COVID-19 high-risk levels. Among these high-risk
areas, many of them were majority-Hispanic neighborhoods in Chicago (i.e., Chicago west side)
and Cook County suburbs (i.e., Franklin Park and Elgin). The model summary shows that the
percentage of Hispanic population, health insurance coverage, and public transit commuters were
associated with COVID-19 incidence. The posterior median and the 95% credible interval for the
relative risk of a 1% increase in the percentage of Hispanic population was 1.009 (1.007, 1.011),

indicating that a 1% increase in the percentage of Hispanic population corresponds to an increase



in COVID-19 risk of 0.9%. The corresponding relative risk for a 1% increase in health insurance
was 1.015 (1.006, 1.025), while for a 1% increase in the percentage of public transit commuters,

the relative risk was 0.991 (0.987, 0.995).

This study's findings highlight the importance of integrating the geographical information
system into disease routine surveillance programs and transforming routinely collected health
data into critical information. This information can be used to identify risk factors that could be

addressed by allocating resources or implementing health policies.
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CHAPTER 1

INTRODUCTION

Coronavirus disease 2019 (COVID-19) is an infectious disease caused by SARS-CoV-2
virus (WHO, 2020a). The first reported cluster of cases of COVID-19 occurred in Wuhan, Hubei
Province, China, in December 2019. COVID-19 spread rapidly to almost every country, and on
March 11, 2020, the World Health Organization declared COVID-19 as a pandemic. In the U.S.,
the first case of COVID-19 was reported on January 21, 2020, from a patient in Washington
State who just returned from Wuhan on January 15, 2020 (CDC, 2020b). Since late March 2020,
the number of COVID-19 confirmed cases in the U.S. had risen sharply and made the U.S. one
of the countries with the most COVID-19 cases. Based on the U.S. COVID-19 county-level data
(The New York Times, 2020), in March 2020, the virus started to hit hardest in the counties that
laid within the nation’s metropolitan areas, for example, New York City, Westchester, Nassau,
and Suffolk County in New York, Cook County in Illinois, and Los Angeles County in
California.

This study focused on Cook County. Cook County, located in the state of Illinois, is the
second-most populous county in the U.S. It is the home of one of the largest cities in the nation,
Chicago. In September 2020, Cook County remained one of the top counties by the number of
confirmed COVID-19 cases, after Los Angeles (California), Miami-Dade (Florida), and
Maricopa (Arizona). By mid-September 2020, more than half of positive cases and nearly two-

thirds of the deaths due to COVID-19 in Illinois took place in Cook County (Szalinski, 2020).



Several restriction measures to slow the spread of COVID-19 had been considered in
Cook County. In March 2020, the governor of Illinois issued executive orders to stay at home,
close the schools, and restrict bars and restaurants to serve only for delivery and pick-up orders
(State of Illinois, 2020). The mayor of Chicago ordered the closure of public areas such as
lakefront trails and bike paths (Cauguiran et al., 2020). At the beginning of May 2020, the
governor mandated masks in public places whenever social distancing was not possible. All the
measures’ success depended on various factors, including when the restrictions began, public
compliance, and other socioeconomic related aspects, such as the number of workers who could
not perform remote working and the number of people covered by health insurance.

Despite all efforts to prevent the wider spread of COVID-19 in the county, controlling
COVID-19 remained a major challenge. Based on COVID-19 data collected by the Illinois
Department of Public Health (IDPH), the number of COVID-19 new cases in the county
fluctuated from time to time (lllinois Dept. of Public Health, 2020). When the county
experienced a decline in the overall number of new cases in a particular period, the decrease may
not be uniform across the regions as the number of cases remained high in some parts of the
county. Utilizing regularly collected disease data and applying proper analysis and interpretation
to the data can improve the current disease control measures. Through this study, using
periodically collected COVID-19 data, we aimed to estimate COVID-19 risk and visualize the
dynamics of the risk in maps over different periods in Cook County. These estimates can help
state and local governments make better decisions in mitigation planning and improve the
existing disease surveillance program.

Furthermore, we also evaluated the impact of socioeconomic and demographic factors on

COVID-19 incidence. Economic and social aspects are potential determinants of a wide range of



health problems in the U.S., including chronic disease, infectious disease, and injuries (Pamuk E
et al., 1998). In the U.S., the benefits of a good health care system are not fairly distributed
across different races, income levels, gender, sexual orientations, and other group identities,
leading to different health outcomes. Recent studies have found that disparity in social and
economic aspects could cause differences in risk for COVID-19 infection within and between
societies (Abedi et al., 2020; Khatana & Groeneveld, 2020; Moore et al., 2020). Hence,
demographic and socioeconomic factors like race, ethnicity, unemployment rate, and health
insurance coverage were included in the analysis to assess if specific subgroups and
characteristics were affected disproportionately by COVID-19. The study’s findings may help
policymakers formulate strategies to lower the transmission rate in high-risk communities and

design programs to reduce health inequity.



CHAPTER 2

LITERATURE REVIEW

2.1. Spatial epidemiology

Spatial epidemiology focuses on analyzing the geographical variation of health outcomes
and its association with potential risk factors. John Snow, a physician in 19th century London,
pioneered the implementation of spatial epidemiology by mapping and identifying the death due
to cholera during cholera outbreak in London in 1854 (Begum, 2016). Snow demonstrated that
the epidemic source was contaminated water rather than bad air, which was previously
suspected. He mapped the deaths and found that the people who died mostly lived and clustered
around the Broad Street water pump. He showed his investigation results and convinced local
authorities about the findings, which led to the removal of the water pump handle. John Snow’s
map is depicted in Figure 1. In the map, Snow used bars to represent deaths attributed to cholera
in a household. Snow’s cholera map made a significant contribution in containing cholera. His

work inspires how people today find and prevent the spread of the disease.



Figure 1. John Snow’s map of cholera in Soho, London (Snow, 1854)

According to Elliot and Wartenberg (2004), there are three branches of spatial
epidemiology: (1) Disease clustering, (2) Disease mapping, and (3) Geographic correlation
studies. They defined disease clustering as a significantly high number of health-related
incidences in specific periods and places. It shows clusters or the hot spots of cases. An example
of a disease clustering-related study is Hodgin’s disease study in parts of the United Kingdom
from 1984 to 1986 (Alexander et al., 1989). This study found some evidence of spatial
clustering of Hodgin’s disease among younger individuals aged 0 to 34 in the electoral ward
level in the United Kingdom.

As Elliot and Wartenberg described, disease maps visualize the representation of
complex geographical information, which may identify discernible patterns in disease incidence.
Disease maps usually use standardized incidence ratio (SIR) or standardized mortality ratios

(SMR) for geographic areas like countries, states, counties, or cities (Bivand et al., 2013). The



SIR or SMR is usually used to measure disease risk. The SIR or SMR is obtained by dividing the
observed number of cases/deaths by the expected number of cases/deaths in the area. A study
involving small-area mapping studies may present an additional source of variability in the map.
For example, areas with fewer people where there are almost zero disease cases can have
extreme SIR values and cause large variability in disease estimated rates (Anderson & Ryan,
2017). The disease risk estimation in this area can be smoothed by implementing Bayesian
methods. Bayesian methods to estimate the disease relative risk have been widely used.
Martinez-Bello et al. (2017) used disease mapping techniques for dengue surveillance in
Colombia. In this study, the researchers estimated the relative risk of dengue disease per census
geographical unit. The relative risk was estimated using Bayesian areal models for disease
mapping. Covariates like vegetation index and land surface temperature were included in the
models to quantify their impact to high dengue risk. This study's results emphasized the
importance of using relative risk maps of dengue for public health planning. This study also
found that vegetation index was associated with a high risk of dengue in Colombia.

According to Elliot and Wartenberg, the purpose of geographic correlation studies is to
investigate geographic discrepancy across population groups regarding socioeconomic,
demographic, lifestyle, and environmental factors to health outcomes, measured on a geographic
scale. For example, Maheswaran et al. (1999) investigated magnesium's role in drinking water in
the association with mortality from acute myocardial infarction at a small area geographical level
in northwest England. This study found no relation between magnesium in drinking water and
mortality from myocardial infarction. A study conducted by Neuberger et al. (2009) studied the
impact of heavy metal exposures at the Tar Creek Superfund site, Ottawa County, Oklahoma, on

the health problem (e.g., excess mortality, low birth weight, and children's blood lead levels) of



the people near the site. The study's result suggested an association between heavy metal

exposure and children’s health and adults’ chronic disease.

2.2. Spatial analysis in COVID-19 related studies

Spatial epidemiology has been one of the topics of interest in COVID-19 related studies.
Disease maps have been used in studies to analyze the spread of COVID-19 and assess the
disease’s burden. Spatial models have been widely used to create disease maps. Spatial models
can provide more accurate risk estimation as the models consider the structure of spatial
autocorrelation. For example, a study conducted by Azevedo et al. (2020) used a direct block
sequential simulation method to model and predicted the geographical distribution of COVID-19
infection risk in Portugal. The direct block sequential simulation method was expected to
account for the error by spatial uncertainty as a function of population size in each municipality
in this study.

A study by Cordes et al. (2020) performed a spatial analysis to identify COVID-19
clusters of high testing rates and the high proportion of positive tests and investigate
determinants associated with the clusters across New York City. This study's findings suggested
high testing rates and high positive rates occurred more in predominantly black neighborhoods
and without health care insurance. At a country level, Mollalo et al. (2020) explored the
relationship between 35 socioeconomic, demographic, and environmental variables with
COVID-19 incidence in the U.S. using global models (ordinary least squares, spatial lag model,
and spatial error model) and local models (geographically weighted regression (GWR) and
Multiscale GWR). This study found that multiscale GWR had the highest goodness-of-fit among

other models. The result from modeling suggested that median income, income inequality,



percentage of nurse practitioners, and percentage of the black female population were significant

variables on spatial variability of COVID-19 incidence rates in the U.S.

2.3. Space and time elements in disease data

One of the objectives of this study was to characterize the spatial distribution of COVID-
19 risk from different periods. Considering both space and time aspects can be important as it
may identify the disease’s trend and reveal unusual patterns. The interaction term of time-space
in the model can show that different locations may have different temporal trends in the number
of cases. Numerous studies have investigated the evolution of health outcomes in both space and
time simultaneously. From a non-related COVID-19 study, a study evaluated the change in
ischemic heart disease (IHD) risk in New South Wales, Australia, from an eight-year-period
between 2006 and 2013 (Anderson & Ryan, 2017). In this study, the authors compared seven
spatio-temporal models. The final model was selected based on the Moran’s | statistic test score
and the computing time. A spatio-temporal model using within-cluster smoothing proposed by
Lee and Lawson was selected as the best model for the IHD dataset. This model helped to
describe the variation in the temporal trend across the area. Using the final model, the results
suggested the risk of IHD in the region dropped from 2006 to 2013 but not all the areas in New
South Wales experienced the decreasing IHD risk. The risk of IHD remained constant and even
higher in more isolated areas.

A recent COVID-19 related study by Gayawan et al. (2020) used a two-component
hurdle Poisson model to investigate the spatial and temporal distribution of COVID-19 cases and
healthcare capacities in Africa a few weeks after the first COVID-19 case was identified in the

continent. The results from a spatio-temporal model indicated that COVID-19 cases varied



geographically across Africa. In particular, a high number of cases were found in neighboring
countries in the western and northern parts of the continent. In terms of the burden of healthcare
capacities, the study found that countries with higher healthcare capacity had more cases. It
suggested that countries with greater healthcare capacity were more likely to identify cases.
Based on the study's purposes and the method used in previous research, this study
implemented Bayesian spatio-temporal modeling to estimate COVID-19 risk. The risk was

evaluated for each zip code in the county.

2.4. Spatio-temporal modeling

The disease risk in maps is not represented by the observed number of cases alone,
considering that cases are mainly distributed based on the underlying population. One way to
measure disease risk in an area is by using the SIR. According to Bivand et al. (2013), for area
i,i = 1,2,3,...,n, SIR can be defined as the ratio between the observed number of cases (Y;)

and the expected number of cases (E;) as

Y;
SIR; = ¢ (1)
The expected number of cases is obtained based on the data from a larger reference
population, like country, state, or county. If SIR equals 1, then there are no differences between

the two groups. The SIR that is more than 1 indicates an excess disease incidence compared to

what is expected.

SIR calculation in disease maps considers each area independent of others and does not
assume any spatial structure in the data. It can also be unstable in areas consist of a smaller

number of populations. Consequently, an extremely small SIR may be found in these areas.



Therefore, a generalized linear model is commonly used to estimate the risk. Incorporating
spatial elements in the model can be an essential step to improve local risk estimates due to
spatial autocorrelation. To assess the presence of spatial autocorrelation, Moran’s | statistic
(Moran, 1950) can be applied. Moran’s | is formulated as

_ n Yit1 X wij =) (v =9)
Z?=1Z?=1Wij Z?zl(yi_:)—/)z

I 2)

where n is the number of spatial units denoted by i and j, y is the variable of interest with mean

y, and wy; is the spatial weight of the link between i and ;.

In the case of a spatio-temporal model, space and time elements are considered in the
model. Just like a spatial model, the number of observed cases in location i at time k in a spatio-
temporal model is assumed to be drawn from a Poisson distribution with mean E;;6;,. The
formula of a spatio-temporal model is the expansion of a spatial model, which is defined as the

following

log(0ix) =s; +xuP + tx + qix (3)

where s; denotes the spatial correlation function, S is the set of coefficients for variable X, t;
indicates the temporal correlation, and g;;, refers to the time-space interaction term (Anderson &

Ryan, 2017).

2.5. Bayesian disease mapping

The use of Bayesian methods in the areas of disease mapping has been well known.
Bayesian approaches can process complex spatial information consisting of data points near each

other that share similar characteristics, like socioeconomic and demographic (DiMaggio, 2014).
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The Bayesian inference multiplies the prior distribution on model parameters and the data
likelihood to obtain the posterior distribution that summarizes the parameters given observed
data (Lawson, 2018). The Bayesian hierarchical model can improve the risk estimation as it
manages to work with the variables simultaneously as borrowing strength from neighboring
areas (Bivand et al., 2013). The model is fitted using the Markov Chain Monte Carlo (MCMC)
techniques. The MCMC techniques are commonly used to obtain posterior distributions. These
techniques can be very time-consuming and computationally intensive. Principally, MCMC
techniques run simulations of the model’s parameters to obtain samples that are more likely

realizations of the targeted distribution.

2.6. Social determinants of health and COVID-19

Social determinants of health, including socioeconomic and demographic status like race,
ethnicity, education, employment, and living condition, may significantly affect COVID-19
outcomes. Therefore, this study included some of these variables in the analysis to measure their
impact on COVID-19 incidence.

Recent studies have shown that COVID-19 has disproportionately affected minority
groups. In the U.S., the COVID-19 infection rate was high among Hispanics, who made up
18.5% of the U.S. population (U.S. Census Bureau) but accounted for 26% of COVID-19 cases
(CDC, 2020a). Although African Americans represented 30% of the Chicago population, they
made up more than half of Chicago’s COVID-19 cases (Yancy, 2020). A similar condition also
occurred in New York City, where the number of cases was high among African Americans and
Hispanics (The Official Website of the City of New York, 2020). Some studies investigating the
association between COVID-19 infection rate and socioeconomic and demographic factors have

found that being COVID-19 positive was associated with the African American race (Mufoz-
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Price et al., 2020). People of low-socioeconomic status have a higher probability of contracting
COVID-19 due to several factors, such as overcrowded housing, limited access to outdoor space,
and working conditions that make it harder for them to work from home, such as supermarket

and warehouse workers (Patel et al., 2020).

2.7. COVID-19 in Cook County

Throughout the pandemic, Cook County remained one of the counties with the most
COVID-19 cases in the U.S. Historically, Cook County experienced a surge of COVID-19 cases
beginning in March 2020 and peaked on May 1 of that same year. The number of new cases
gradually decreased until May 11 and increased again on May 12. After this, the incidence of
COVID-19 had slowly declined until mid-June 2020. However, the number of new cases
resurged until it reached another peak in early September of the same year (USA Facts, 2020).
The demographic characteristics of persons with confirmed cases changed over time. In late
May, according to IDPH COVID-19 data, cases in Cook County occurred predominantly among
people in their 40s to 50s. The composition shifted in early September as there were more cases
among people in their 20s to 30s, indicating that the number of cases rose among younger people
over summer 2020. The number of new cases fluctuated across regions of the county over
different periods.

State and local authorities have worked together to contain COVID-19 in Cook County.
In March 2020, the governor of Illinois issued multiple executive orders to maximize the
containment. At the local level, Chicago west suburb areas like Oak Park, River Forest, and
Forest Park imposed a shelter-in-place order to their community by March 20, 2020 (Schering,

2020). To respond the surge in new cases among Hispanic residents in Chicago, the mayor of

12



Chicago along with the governor of Illinois worked to focus on the mitigation measures in
predominantly Hispanic areas, such as Little Village and Archer Heights by launching a
multilingual digital and video campaign and holding virtual town hall meetings for seniors and

immigrant youth in Hispanic communities (Spielman & Sfondeles, 2020).

13



CHAPTER 3

RESEARCH PROBLEM

This study investigated the spatial and temporal pattern of COVID-19 risk in Cook
County. This study also assessed the impact of neighborhood socioeconomic and demographic
characteristics on COVID-19 incidence as factors like unemployment, race, and ethnicity can
significantly affect COVID-19 outcomes.

To the best of our knowledge, there is limited research investigating the spatial
distribution of COVID-19 risk from different time points using the fine-scale geographical unit,
such as zip codes. This thesis applied spatial analysis to identify the geographical distribution of
COVID-19 risk from time to time specified to 168 zip codes in Cook County. Many COVID-19
related studies concentrated their investigation on the metropolitan area, like New York City and
Chicago (Gottlieb et al., 2020; Maroko et al., 2020). This study extended to the entire county to
account for COVID-19 cases and different restriction measures in Chicago metropolitan area and
its surrounding regions.

The following research questions were used to guide the study:

1. How did the spatial distribution of COVID-19 risk change over time in Cook County?
2. Was the risk of COVID-19 the same across the county from time to time?

3. Did COVID-19 risk decrease? If yes, were the decreases in COVID-19 risk uniform

across the county?

14



4. What areas in the county remained at high risk of COVID-19 over different periods?
5. What were the effects of socioeconomic and demographic factors on COVID-19

incidence in Cook County?

15



CHAPTER 4

METHODS

4.1. Data

This study collected Cook County’s COVID-19 data from the IDPH website (1llinois
Dept. of Public Health, 2020). This public data consists of the cumulative daily counts of
COVID-19 cases in the zip code level. Besides reporting the number of daily cumulative cases,
this data also reports the demographic characteristics of COVID-19 cases, such as age group,
race, and gender. The data were collected daily from August 2020 to December 2020.

A zip-code level of demographic and socioeconomic data was derived from the 2018
five-year-estimates American Community Survey (ACS) (U.S. Census Bureau, 2020). Spatial
data were used to locate COVID-19 new cases in Cook County. These data consist of zip code
level shapefiles obtained from the U.S. Census Bureau (TIGER/Line Shapefile, 2017).

In this study, 168 zip codes in Cook County were included in the analysis. Seven zip
codes with no population information in ACS data, such as total population and number of

populations at specific age groups, were removed from the analysis.
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4.2. Standardized incidence ratio (SIR)

The SIR was used to identify if the number of COVID-19 new cases in a zip code was
higher or lower than the predicted number of new cases. In this study, the SIR was expressed as
the ratio of the number of new cases (observed) and the predicted number of new cases
(expected) per zip code.

The observed case was defined as the number of new positive cases in two weeks (13
days). The expected case was an estimate based on national baseline data. It was calculated by
multiplying the age-specific Illinois COVID-19 incidence rate by the zip code age-specific
population size. The two-week period was chosen to account for the Coronavirus incubation
period (CDC, 2020c). The first two-week period was August 19-31, 2020. This period was
named ‘period 1°. The last two-week period (period 10) was December 14-26, 2020. Figure 2

summarizes the number of new cases in two-week periods.

period 10 (Dec 14-26) —Dji - . . .

period 9 (Dec 1-13) b —El:'—--- e o 8 . . . .

period 8 (Nov 18-30) A _El:li-. . . e . .

period 7 (Nov 5-17) 1 4|:|: [T . . . -
period 6 (Oct 23-Nov 4) —D:li * s m e - .

period 5 (Oct 10-22) b ~|:|:|—o - e . .

period 4 (Sept 27-0ct 9) 1 *“:l—'-""

period 3 (Sept 14-26) A ~|:|:|——- e »

period 2 (Sept 1-13) b ~|]:|»— s @

period 1 (Aug 19-31) A ~|:|:|— - e

0 500 1000 1500 2000
New cases in two weeks

Figure 2. The summary of the number of new cases in two-week periods
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Indirect standardization was used in the SIR calculation as the state’s rates were applied

to each zip code’s population weights. Before calculating SIR for each zip code, the Illinois age-

specific COVID-19 incidence rate was calculated. The calculation started with the count of

[llinois COVID-19 new cases in two weeks by the end of November 2020 for each of the eight

age groups. The number of new cases for each age group was divided by each age-group

estimated population to calculate crude rates. The crude rate was expressed as the number of new

cases per 100,000 population at risk. The age group distribution from the U.S. 2000 standard

population was used (Klein & Schoenborn, 2001). Each age group crude rate was multiplied by

the standard population's proportion to obtain the age-specific Illinois COVID-19 incidence

rates. Table 1 shows the age-specific COVID-19 incidence rates in Illinois.

Table 1. The age-specific Illinois COVID-19 incidence rates

Age Total COVID-19 Illinois ACS Crude rate Proportion | Age-specific
new cases in two | 2018 Estimated | (per 100,000 of U.S. state rate (per
weeks (by population population) 2000 100,000
November 2020) standard population)
population
Oto 19 8,128 3,263,837 249.03 0.29 71.44
20t0 29 9,684 1,773,113 546.16 0.13 71.55
30to 39 8,991 1,723,062 521.80 0.15 79.21
40 to 49 8,480 1,645,914 515.22 0.15 79.33
50 to 59 7,910 1,739,885 454.63 0.11 50.54
60 to 69 5,868 1,400,062 419.12 0.07 30.62
70to 79 3,615 786,166 459.83 0.06 27.02
80+ 2,692 489,458 550.00 0.03 18.34
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The details of SIR calculation for a zip code in a particular two-week period are
illustrated in Table 2. Figure 3 presents the spatial distribution of average SIR over all ten two-

week periods.

Table 2. Calculating SIR of a zip code in a two-week period

Age Age-specific Zip code’s Expected number of | Observed number
state rate population size new cases of new cases
0to 19 0.000714 18,367 13.12 117
20to 29 0.000716 10,683 7.64 109
30to 39 0.000792 8,451 6.69 94
40 to 49 0.000793 7,324 5.80 110
50 to 59 0.000505 7,061 3.56 85
60 to 69 0.000306 5,176 1.58 53
70to 79 0.00027 3,378 0.91 25
80+ 0.000183 1,055 0.19 18
Total 39.49 611
Zip code’s SIR in a period 611/39.49 = 15.47
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Figure 3. Average SIR over all ten two-week periods from August to December 2020

4.3. Statistical analysis
4.3.1. Assessing spatial and temporal autocorrelation

The presence of spatial autocorrelation in the COVID-19 data was assessed using
residuals from a simple over-dispersed Poisson log-linear model. This model included some
independent variables. These independent variables were selected through a variable selection
process.

Variables in the model were selected using a process that considered the combination of
background knowledge from relevant studies and statistical assessments. The minority racial and
ethnic groups were among variables of interest after several studies showed that these groups
were more severely affected by the COVID-19. This study was also interested in examining the
effect of low-socioeconomic status variables, such as poverty, education attainment, and

Supplemental Nutrition Assistance Program (SNAP) participation to COVID-19 incidence.
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Using the correlation matrix, one of the variables from highly correlated variables was removed
from the analysis. For example, the unemployment rate was highly and positively correlated with
the percentage of African American population, the percentage of households with SNAP
participation was also highly and positively correlated with unemployment rate, and the
percentage of population with college degree was highly and negatively correlated with SNAP
participation. In this case, the unemployment rate was selected to be in the model, while the
percentage of African American, SNAP participation, and population with college degree were
removed. Although the poverty rate was one of the interest variables, it was excluded due to
missing data. In the end, four covariates were selected to be in the model. These covariates were
the percentage of Hispanic population, the percentage of population that use public
transportation, the percentage of people with insurance coverage, and the unemployment rate.
Figure 4 visualizes the spatial distribution of four independent variables in the model.
The model is formulated in equation 4 and 5, with the number of COVID-19 new cases within a

zip code i at period k, Y, as the response variable.

Yix = Poisson(E;6;x) 4)
log(6;x) = Bo + B1Hispanicy, + ByInsurance;, + BsUnemployment;, +
BsPublicTransit;, (5)
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Figure 4. Socioeconomic and demographic characteristics in Cook County

Moran’s | statistic for each two-week period was computed to identify the presence of
spatial autocorrelation from the model’s residuals. The estimated Moran’s | values from period 1
to 10 ranging from 0.21 to 0.37, with the p-value for each period was less than 0.05, as shown in
Table 3. These results indicate strong evidence of unexplained spatial autocorrelation in the

residuals.
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Table 3. Moran’s | statistic

Period Moran’s | P-value
1 0.33693 0.000099*
2 0.37281 0.000099*
3 0.32613 0.000099*
4 0.30535 0.000099*
5 0.25533 0.000099*
6 0.28683 0.000099*
7 0.30905 0.000099*
8 0.21619 0.000099*
9 0.30844 0.000099*
10 0.25695 0.000099*

The temporal autocorrelation for each zip code was assessed using the Durbin-Watson
test. There were ten time points per zip code. As shown in randomly selected zip codes in Table

4, the test results indicate temporal autocorrelation in some zip codes
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Table 4. Durbin-Watson statistic

Zip code Durbin-Watson statistic P- value
60458 1.152676 0.02385190*
60606 1.494530 0.09542648
60655 2.039615 0.36220985
60623 1.131449 0.02140756*
60402 1.421792 0.07436258
60714 1.140752 0.02245555*

4.3.2. Bayesian spatio-temporal modeling

Now that Moran’s | and Durbin-Watson test results suggest the presence of non-
independent space and time structure in the data, a model that accounts for spatio-temporal
random effects should be allowed. For this purpose, a model proposed by Rushworth et al.
(2014) was used in the analysis. This model introduces a single set of random effects(¢;).
These random effects account for both spatial and temporal autocorrelation. The random effects
include spatial autocorrelation by imposing a function that depends on the neighborhood matrix
(W). The neighborhood matrix is defined as 1 when area unit i shares common borders with area
unit I, W;; = 1, or otherwise 0, and W;;= 0. A Gaussian Markov Random Field (GMRF) model is
used in the model to represent temporal autocorrelation, where the distribution of random effects
at time k depends on random effects at time k — 1 using Gaussian normal distribution. The
model with random effects is formulated as

log(0) = Bo + B1Hispanicy, + ByInsurance;, + BsUnemployment;, +
BsPublicTransit;, + ¢ (6)
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The random effects at one point depend on the value of random effects at the previous
time as described in equation 7. ¢ represents the vector of random effect for period k. It
changes from time to time via a, a multivariate first-order autoregressive process with temporal
autoregressive parameter. The temporal and spatial autocorrelation is induced via mean
ag_,and variance 72Q (p, W) ™1, respectively. The precision matrix Q (p, W) was previously
proposed by Leroux et al. (2000). The joint prior distribution for ¢, is defined in equation 10

where the spatial autocorrelation is induced by matrix Q (p, W) .

bilpr-1 = N(@gr_1, 7°Q (0, W)™)  k=2,...,N (7
72— Inverse-Gamma (a, b) (8)
a, p -~ Uniform(0, 1) 9
¢1 ~N(O, 72Q (o, W) ™) (10)

The spatio-temporal model was fitted using the ST.CARar() function from CARBayesST
R package (Lee et al., 2020). The model was run for 550,000 MCMC samples with a burn-in
period of 50,000. To minimize the autocorrelation of the Markov chain, the samples were

thinned by 10. As a result, there were 50,000 samples for inference.
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CHAPTER 5

RESULTS

5.1. Temporal and spatial trends

The average COVID-109 fitted risk in each two-week period was always above 1, as

shown in Figure 5. It indicates that, on average, Cook County had a higher than expected

number of new cases in each period.
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Figure 5. Average COVID-19 fitted risks

Figure 5 shows that the average fitted risk was relatively similar from period 1 to 4,
with a slight shift between periods. On average, the risk kept increasing from period 5 to 7.

Period 7 had the highest mean of COVID-19 risk. The average risk in this period was 23.34,
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suggesting that the average number of new cases between November 5-17, 2020 was 23
times the expected number of new cases. On average, the risk declined in period 8. However,
the decreases were not uniform across the county as some areas remained at high risk, as

shown in the map of period 8 in Figure 6.
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Figure 6. The progression of COVID-19 fitted risks from period 1 (August 19" to 31%, 2020)

to period 10 (December 14" to 26", 2020)

Figure 6 shows COVID-19 risks in period 1 were uniform across the county, with
risks ranged from above 1.0 to 6.0 in every zip code. Two and four weeks later, although
almost all zip code risks were the same as period 1, few zip codes in southside Chicago
experienced lower risk (less than or equal to 1), as shown in period 2 and period 3.

The risks started to elevate to above 6.0 in some areas, particularly in Chicago west
side, Chicago northwestern side, west Cook County suburbs, northwestern and southwestern

parts of the county, as seen in the map of period 5. Two weeks later, the risk of COVID-19
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appeared to be higher than 6.0 in almost all areas in the county, except few zip codes in
Chicago north suburbs, like Evanston and Wilmette, and some zip codes in Chicago south
side area like Hyde Park and South Shore.

By period 7, COVID-19 risks increased to above 20 in most of the zip codes in the
county's western part. Some zip codes in the eastern part of the county also experienced
elevated risk in the same period, but the risk was lower than 20. The risks in zip codes
decreased gradually in period 8. At this period, the risk in some zip codes in the northern part
of the county decreased at a faster rate. However, the risk in Chicago west side, west Cook
County suburbs, and southwest Cook County suburbs decreased at a slower pace, as shown
in period 8.

Despite the growing concern that Thanksgiving gathering could spread the virus, the
risk of COVID-19 post-Thanksgiving in period 9 declined, as shown in both Figure 5 and
Figure 6. Period 9 map shows that some zip codes in Chicago southwest side and the
northwestern and southern parts of the county experienced a decrease in risk from period 8.

The spatial evolution of COVID-19 risk from period 1 to 10 shows that some zip
codes in the county had a relatively lower risk. The lower risk zip codes located in Chicago
north side area (e.g., Uptown and Ravenswood), Chicago west suburbs (e.g., Oak Park and
River Forest), Chicago west side neighborhoods near Oak Park, like Austin, Chicago north
suburbs (i.e., Evanston), downtown Chicago, and Chicago south side neighborhoods, like
Hyde Park. However, some zip codes constantly experienced high risk and were more
negatively impacted by COVID-19.

The zip codes where COVID-19 risk was persistently high located in north Cook

County suburbs (e.g., Rolling Meadows and Elgin), inner suburbs of north Chicago, (e.g.,
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Lincolnwood), southwest Cook County suburbs, (e.g., Palos Heights and Orland Park),
Chicago west side, Chicago southeast side (e.g., South Deering), and west Cook County
suburbs (e.g., Franklin Park). Many of these areas, such as Chicago west side, Franklin Park,

Elgin, and South Deering are places with a high percentage of Hispanic populations.

5.2. COVID-19 in high-risk areas
Figure 7 plots the minimum, the maximum, and the average fitted risk of each Cook
County’s zip code. The blue dot represents the average fitted risk. Zip codes with average

fitted risk above 13 are highlighted in a dashed red line.
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Figure 7. The minimum, the maximum, and the average fitted risk of each zip code
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Figure 8 describes further the evolution of COVID-19 fitted risk in four selected
high-risk zip codes. The selected zip codes are located in different areas across the county.

Zip code 60629 is the only zip code located in Chicago. Zip code 60164, 60464, and 60712

are located in Cook County’s suburbs.

40
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Figure 8. The trend of COVID-19 fitted risk in selected high-risk zip codes

In general, the risk trend in Figure 8 shows an identical pattern. However, individual
zip code shows more heterogenous pattern after period 7. Zip code 60464 and 60629 show a
consistent decline in risk after the risk peaked in period 7. But, the risk in zip code 60164 and

60712 remained higher than the other zip codes.
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5.3. Covariates effects on COVID-19 risk

Model summary from posterior distributions is presented in Table 5. The table
consists of the posterior median, the 95% credible intervals (2.5%, 97.5%), and the Geweke’s
convergence diagnostic score (Geweke, 1992). Geweke’s diagnostic with the values between
-1.96 and 1.96 indicate convergence. Besides using the Geweke diagnostic score, the

convergence was also assessed using convergence plots.

Table 5. The summary of posterior distribution

Median 2.5% 97.5% Geweke
diagnostic
(Intercept) 0.4547 -0.5268 1.3458 1.0
Hispanics 0.0090 0.0067 0.0112 -1.5
Unemployment -0.0023 -0.0096 0.0060 -1.3
Health Insurance 0.0147 0.0056 0.0248 -0.9
Public Transit Commuter -0.0091 -0.0134 -0.0051 -0.7
72 0.1810 0.1631 0.2008 -3.6
pS 0.9951 0.9898 0.9981 -1.0
pT 0.6332 0.5758 0.6885 -1.5

The summary of the fitted model above shows that all variables, except
Unemployment, indicate relationships with COVID-19 incidence as their 95% credible
intervals do not contain zero. The spatial (pS) and temporal (oT) dependence parameters
indicate the strength of spatial and temporal autocorrelations. The spatial and temporal
dependence parameters show high values (pS = 0.9951; pT = 0.6332), indicating
neighboring zip codes are more likely to have a similar risk of COVID-19 than zip codes that
are more apart.

Using the exponent of posterior median and the 95% credible interval to obtain the

relative risk, the corresponding relative risk for a 1% increase in the percentage of Hispanic
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population was 1.009 (1.007, 1.011), indicating that such an increase in Hispanic populations
corresponds to a rise in COVID-19 risk by 0.9%. In contrast, a 1% increase in the
unemployment rate had no significant effect on COVID-19 risk. The posterior median and
the 95% credible interval for the relative risk of a 1% increase in the percentage of people
with health insurance coverage was 1.015 (1.006, 1.025), showing that every 1% increase in
the health insurance coverage corresponds to 1.5% additional COVID-19 risk. The relative
risk for the percentage of people using public transportation was 0.991 (0.987, 0.995),

suggesting that such an increase was associated with a decrease in COVID-19 risk by 0.9%.
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CHAPTER 6
DISCUSSION

This study evaluated the spatio-temporal patterns of COVID-19 risk in Cook County.
A Bayesian spatio-temporal model was applied to the zip code level COVID-19 data to
estimate the risk of COVID-19 from different time points between August 2020 to December
2020. The model incorporated socioeconomic and demographic covariates (percent Hispanic
population, unemployment rate, percent health insurance coverage, and percent public
transportation commuters). Furthermore, this study evaluated the impact of the covariates on
COVID-19 incidence.

The risk of COVID-19 gradually increased over time. The spatial patterns of COVID-
19 risk show a growing number of areas experiencing elevated risk during the study. In
period 7 (November 5-17, 2020), the risk of COVID-19 reached its peak in most zip codes of
Cook County. COVID-19 risk during this period increased to above 20 in many zip codes
located in the western part of the county, indicating the number of new cases was more than
20 times the number of expected new cases. Yet, during this same period, the risk remained
lower at 15 at most in some zip codes in Evanston (Chicago north suburb), Chicago north
side near the lakeshore, Oak Park and River Forest (Chicago west suburbs), Chicago west
side (e.g., West Garfield Park and Austin), and Chicago south side (e.g., Bronzeville and

Hyde Park).
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The increasing COVID-19 risk in the county in period 7 may be attributed to multiple
aspects, including eased COVID-19 restrictions, which allowed gathering with a limited
number of people and opening restaurants and other public places. Pandemic fatigue could
also cause a spike in new cases as a public response to prolonged public health emergency
(WHO, Pandemic Fatigue, 2020). In response to the jump of new COVID-19 cases, the state
government announced Tier 3 mitigations on November 20, 2020, to restrict restaurants and
bars to offer indoor services and close other public places, such as museums and casinos
(NBC Chicago, 2020). Furthermore, the mayor of Chicago strongly advised Chicago
residents to stay at home as much as possible and avoid Thanksgiving gatherings (City of
Chicago, 2020).

After several restriction measures, the risk was lower in period 8, and the risk
continued to decline gradually from period 8 to 10. Although the overall risk in period 8
decreased, the decreases occurred partially as some areas in the county remained at high risk
of COVID-19.

Based on the risk maps, some parts of the county exhibited constant COVID-19 high-
risk from time to time. These high-risk areas, where many of them are areas with a high
percentage of the Hispanic population in Chicago and Cook County’s suburbs, were not
among regions with the highest testing rates, according to IDPH COVID-19 data. During the
pandemic, testing is the most important tool to slow the spread of COVID-19. Tests allow us
to identify cases, recommend medical treatment for the infected individuals, and instruct
close contacts with no symptoms to self-quarantine.

The posterior medians and 95% credible intervals for the relative risks show that a

higher percentage of Hispanic residents was associated with higher COVID-19 risk. These
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findings align with previous studies focusing on the impact of racial segregation on the
COVID-19 infection rate (Hu et al., 2020; Podewils et al., 2020) that minority groups, like
Hispanics, were disproportionately affected by COVID-19. Findings from these studies
identified that Coronavirus was infecting Hispanic populations at a higher rate due to
cultural, socioeconomic, and lifestyle factors. Language barriers and cultural challenges
among Hispanic communities may cause vulnerable populations to be uninformed of
COVID-19 important information, such as how the virus spreads and where to get free
testing. Culturally, many Hispanic households are intergenerational, which creates a larger
household size and could increase the risk of catching the virus. Moreover, many Hispanic
adults worked in essential industries that require physical presence and worked in jobs with
no paid sick leave, making them keep coming to work while sick.

This study found that a higher percentage of population with health insurance
coverage was linked to higher COVID-19 risk, suggesting that people with health insurance
were more likely to participate in testing, hence more likely to identify cases. In contrast,
uninsured individuals may not have a usual place to seek medical treatment and get a referral
for a COVID-19 test. People without health insurance may have limited information on
where to get a free COVID-19 test. Also, they may be reluctant to take the test due to the fear
of paying full out-of-pocket for the test (Tolbert, 2020).

Despite the findings from previous studies that recognized public transportations as
high-risk environments for COVID-19 transmission (Buja et al., 2020), this study found that
a higher percentage of public transportation commuters was associated with lower COVID-
19 risk. In Cook County, according to ACS data, the high percentage of public transportation

commuters was concentrated in Chicago, particularly in Chicago north side and downtown
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Chicago neighborhoods. The unemployment and poverty rate in these neighborhoods were
low. Based on ACS data, many residents in these neighborhoods worked in management,
business, science, and art occupations, suggesting that their work may not require a physical
presence and can be done remotely. As a result, they have the option to work from home
more, avoid using public transport, and minimize the risk of transmission in public places,

unlike workers who engaged in manual labor.

6.1. Limitations

The findings in this study are subject to some limitations. First, this study used
aggregated COVID-19 zip code level with no data on the individual level. Individual-level
data would provide better estimates in risk and more accurately quantify the covariate effects
on COVID-19 incidence. Second, the number of COVID-19 positive cases in this study used
only the cases from known age group cases of IDPH COVID-19 data. The cases from
unknown age groups were excluded from the analysis. Third, IDPH provides the number of
total positive cases and the number of positive cases per age group. However, there are some
discrepancies between the sum of positive cases from all age groups and total positive cases.
For the analysis, this study used only the number of positive cases per age group. Fourth, this
study's socioeconomic and demographic data do not reflect the change in socioeconomic
status that may occur during pandemic; for example, losing job during pandemic may cause
people to no longer have health insurance coverage and reducing bus and train passengers
capacity may lower the percentage of public transportation commuters. It may cause under or

over-estimation of COVID-19 risk. Finally, the period of this study started five months after

36



the first COVID-19 case was identified in the U.S. Consequently, this study does not provide

the whole picture of how COVID-19 risk evolved from the beginning of the pandemic.

6.2. Conclusions

Although the level of COVID-19 risk varied across the county, the risk maps show
that COVID-19 risk remained high in some areas of the county over different periods.
Among these constant high-risk areas, many of them are neighborhoods with a high
percentage of Hispanic residents. Lack of access to health care facilities, like free testing
sites, limited access to culturally responsive health care, and poor living and working
conditions may be attributed to the constant high risk of COVID-19 among Hispanic
communities. These findings can present an opportunity to provide better health care for
vulnerable populations by providing culturally appropriate programs to address health
disparities, opening free testing sites in Hispanic communities, strengthening paid leave
policies among low-income families whose work requires physical presence with lack of paid
sick leave, prioritizing vaccine to Hispanic community, improving health data collection, and
observing disparities in the number of COVID-19 cases among racial and ethnic groups.

The findings in this study provide some insights for future research. There are several
additional areas for further development and application. While this study focused on the
number of new COVID-19 cases, future studies could further investigate the risk and identify
disease patterns using the number of active cases over different time points. This study has
demonstrated the importance of considering socioeconomic and demographic covariates that
may impact the disease's outcome. As convenient access to COVID-19 testing sites is critical

to fighting the pandemic, the future study may look for the effect of access to testing sites
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related variables that are still limited in COVID-19 related study. These variables may
include the average or median travel time to the nearest testing sites and spatial accessibility
to the testing sites that consider the site-to-population ratio.

This study highlights the importance of integrating the geographical information
system into disease routine surveillance programs, creating and updating COVID-19 risk
maps, and transforming routinely collected health data into critical information. This
information can be used to allocate resources in the neighborhoods most impacted by
COVID-19 (i.e., providing more free testing sites and implementing effective vaccine
distribution toward high-risk groups, including people of color) and assess the effectiveness

of health policies.
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