
ABSTRACT

DAS, PRAACHI. Mathematical and Statistical Models of Infectious Disease Dynamics.
(Under the direction of Alun Lloyd).

This dissertation explores three approaches to modeling infectious diseases: a statisti-

cal regression model, a deterministic compartmental model and a stochastic branching

process theory based model. The regression analysis is used to study geographic disparities

in COVID-19 incidence risk in the greater St. Louis area of Missouri and investigate sociode-

mographic, chronic condition and population movement determinants of the identified

disparities. A negative binomial model is fit to ZCTA (Zip Code Tabulated Area) level data

and a final multivariable model is obtained. We find significant associations between inci-

dence risk and the percentage of the population with a bachelor’s degree as well as obesity

hospitalization risk. We also find that per capita movements between ZCTAs may have a

more profound impact on COVID-19 risk in the more rural communities (which have more

individuals engaged in agriculture) than in urban locales. The association between inci-

dence risk and these predictors is important in revealing communities at highest risk and

guiding local health policies. The compartmental model, which is discussed next, describes

county-level COVID-19 transmission in the St. Louis area and investigates challenges in

fitting such a model to a non-stationary process. This model considers a time-varying trans-

mission parameter and is fit to confirmed case and hospital discharge data using weighted

least squares parameter estimation. Uncertainties in the parameter estimates are calculated

using asymptotic theory and parameter identifiability is explored using a correlation based

analysis. This work highlights the importance of investigating these uncertainties and how

they impact the faith that one can have in the parameter estimates. Lastly, a branching pro-

cess theory based model is discussed in the context of vector-borne infection transmission

to calculate the probability of successful invasion into a fully susceptible population. The

stochastic formulation allows us to account for the discrete numbers of individuals during

the initial stages of an outbreak. We find that mutation events in the context of a two-step

transmission process can lead to the possibility of a non-zero probability of emergence

even as the type reproduction number of the wild-type pathogen approaches zero. There

are also differences seen in emergence probabilities following the introduction of infection

by an infectious host compared to an infectious vector which highlights the importance of

modeling the dynamics of both types of individuals to understand the consequences of

each scenario.
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CHAPTER

1

INTRODUCTION

Mathematical and statistical models have long been used to study the epidemiology of

infectious diseases. These have included compartment, agent-based and machine learn-

ing based models as well as statistical regression and spatial models. In this dissertation,

three of these approaches are discussed: a statistical regression model, a deterministic

compartmental model and a stochastic branching process theory based model.

Regression analyses have been used to study the relationship between a quantity of

interest and one or more explanatory variables. One of the early uses of such an approach

in an epidemiological context was seen as part of the Framingham Heart Study which was

started to investigate cardiovascular risk factors of coronary heart disease. In 1967, Turrett

et al published their work on using the data from this study for a multivariate analysis

investigating various risk factors such as cholestrol and blood pressure (1; 2; 3).

One of the most notable early descriptions of the use of compartmental models was

presented by Ronald Ross in 1910 which depicted the dynamics of malaria transmission

within human and mosquito populations ( 4; 5). This work was later expanded upon by

Macdonald in 1952 ( 6). Another prominent study was that of Kermack and McKendrick

in 1927 where they put forth the framework of the well-known standard the standard SIR

(Susceptible-Infectious-Recovered) model ( 7). Over the years various studies have further
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developed these compartmental models, such as the work of Diekmann et al (8; 9).

A drawback of these deterministic models is that they are not ideal for studying the

initial stages of an outbreak where the number of infectives is still small and infection

transmission is more in�uenced by stochastic (random) events. One of the approaches to

modeling this stochasticity uses branching process theory ( 10), which is what we discuss

in Chapter 4 in the context of a vector-borne infections. A notable early work that used

this theory to study the probability of outbreaks during the initial stages of infection in a

host-vector setting was that of Bartlett in 1964 (11).

1.1 Chapter breakdown

Following the �rst reported case of COVID-19 in Wuhan, China in December 2019 and

its subsequent worldwide spread, various mathematical models have been brought to

the forefront and used to study different features of this disease, such as the dynamics of

transmission, the design and effectiveness of public health interventions and the varied

impact of infection in different regions and populations. Chapters 2 and 3 describe the

use of a statistical model and mechanistic model to investigate two different aspects of

COVID-19: predictors of incidence risk and population-level transmission of infection

respectively.

Chapter 2 discusses a statistical regression model used to investigate the relationship

between COVID-19 incidence risk and various predictors of sociodemographics, economics

and movement in the St. Louis area. This chapter is an extension of the paper titled Ge-

ographic disparities and determinants of COVID-19 incidence risk in the greater St. Louis

Area, Missouri (United States) which was published in PLoS One in September 2022. The

paper was co-authored by myself and Drs. Morganne Igoe, Agricola Odoi (corresponding

author), Suzanne Lenhart, Luan Luong, Cristina Lanzas and Alun L. Lloyd. The majority

of this chapter is identical to the published version of the manuscript. Minor modi�ca-

tions were made to the following sections to address comments from committee members.

Section 2.2.5.1 has additional information about the equations underlying the statistical

model, the end of section 2.3.2.1 discusses an additional goodness of �t analysis of the �nal

multivariable model and section 2.4.1 has some additional information highlighting the

strengths and limitations of the SafeGraph movement data used in this study. This work

was conducted alongside that presented in a similar paper by Dr. Igoe (as well as myself

and the aforementioned co-authors) on COVID-19 hospitalization risk published in BMC
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Public Health in February 2022 (94).

The next chapter presents a county-level mechanistic compartmental model used to

describe COVID-19 transmission within the same area of interest, i.e., the greater St. Louis

area. This study has been conducted in collaboration with the same individuals who worked

on the manuscript in Chapter 2. We discuss �tting the model to con�rmed case and hospital

discharge data from this region and investigate uncertainties in parameter estimates and

issues of parameter identi�ability. A manuscript for this work is currently in preparation.

As mentioned above, both these studies are modeled around the greater St. Louis area

of Missouri which consists of six counties - St. Louis City, St. Louis, St. Charles, Franklin,

Jefferson and Warren (Figure 1.1 ). The statistical analysis of determinants of COVID-19

incidence risk was conducted at the ZCTA (Zip Code Tabulated Area) level for 103 ZCTAs

which fall into these six counties. The mechanistic model uses county level data from

all counties excluding Warren. The study area has a total population of approximately 2

million people comprised of about 20 % Black, 3% Hispanic or Latino, 3 % Asian and 74%

white individuals. Forty-eight percent of the population was male, while 52 % was female.

The ZCTA-level population density ranged from 10 people per square mile in St. Charles

County to 9,368 in St. Louis City County. The county-level population density varied from

a population density of 82.9 / sq mi in Warren county to 4885 / sq mi for St. Louis City ( 12),

allowing us to categorize three as rural (Franklin, Jefferson and Warren) and the remaining

as relatively urban (St. Louis City, St. Louis and St. Charles) (see Fig. 1.2). Speci�cs on the

ZCTA and county level datasets used for each of the models can be found in their respective

sections (Chapters 2 and 3 ).
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Figure 1.1: Study region: greater St. Louis area of Missouri . County borders are shown in
black and ZCTAs (Zip Code Tabulate Areas) are shaded blue.

Figure 1.2: County level population density mapped across the six counties. The values
vary from a minimum of 82.9 people per sq mile in Warren county to 4885 per sq mile in St.
Louis City county.
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Chapter 4 discusses a third type of modeling approach: a stochastic branching process

theory based model. This model investigates pathogen evolution and the emergence of

vector-borne infections. We use a multi-type host-vector model framework where the

branching process theory is applied to calculate the probability of successful invasion into

a fully susceptible population while also taking into account the probability of pathogen

mutation. Given that we are considering the introduction of infection into a population and

mutational processes, numbers of infected individuals of one or more types are often small.

The stochastic formulation allows us to account for this discrete numbers of individuals.
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CHAPTER

2

GEOGRAPHIC DISPARITIES AND

DETERMINANTS OF COVID-19

INCIDENCE RISK

2.1 Introduction

Since the �rst reported case in Wuhan (China) in December 2019, Coronavirus Disease

2019 (COVID-19) has spread worldwide with over 273 million con�rmed cases and over

5.3 million deaths as of December 18, 2021 ( 13). Within the United States, there have been

over 50 million con�rmed cases and over 805,000 reported deaths with Missouri reporting

over 961,000 con�rmed cases and 15,000 deaths (14; 15).

There is evidence of varying COVID-19 risk across populations and that these differences

are determined, at least in part, by population characteristics and movement behavior that

if identi�ed may guide disease control. For instance, some studies have reported higher

prevalence of COVID-19 in regions with high densities of Black and / or Hispanic populations

(16; 17). There have also been reports of associations between COVID-19 incidence risk
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and both healthcare and non-healthcare related occupations ( 18; 19; 20). During the initial

stages of the COVID-19 pandemic, stay-at-home and social distancing measures were

implemented to minimize contacts between infected or potentially infected and susceptible

individuals so as to curb disease transmission ( 21; 72). These measures were based on the

understanding that more interactions between infected and susceptible individuals in

the population would lead to more cases, re�ecting the potential association between

COVID-19 incidence risk and the movement of individuals. Chang and co-workers used

population mobility, derived from SafeGraph mobile phone data, and susceptible-exposed-

infectious-removed (SEIR) model and predicted high infection rates among disadvantaged

racial and socioeconomic groups ( 58). The study noted that the identi�ed differences were

solely due to differences in mobility since disadvantaged groups were not able to reduce

their mobility as much as their non-disadvantaged counterparts and that they tended to

visit crowded places that were inherently associated with higher infection / disease risks

(58).

Understanding the geographic disparities in the distribution of COVID-19 risk and the

association of this risk with the determinants / predictors of these disparities at the local

level is critically important in identifying communities at highest risk. This information

is important in guiding local health policies as well as resource allocation for targeting

interventions such as distribution of testing kits and vaccines. Thus, the objective of this

study was to identify geographic disparities in COVID-19 incidence risk in the greater

St. Louis area of Missouri and to simultaneously investigate sociodemographic, chronic

condition and population movement determinants of the identi�ed disparities.

2.2 Methods

2.2.1 Ethics Approval

This study was approved by the North Carolina State University Institutional Review

Board (IRB number: 22342) and all study methods were carried out in accordance with

relevant guidelines and regulations. The study used anonymized secondary data provided

to the investigators, by the Hospital Industry Data Institute, in such a manner that the

identity of human subjects cannot be ascertained directly or through identi�ers linked to

the subjects. The investigators did not contact the subjects and did not re-identify subjects.
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2.2.2 Study Area

This retrospective ecological study was conducted in Missouri in an area that included

a total of 108 ZIP Code Tabulation Areas (ZCTAs) located in 6 counties: Franklin, Jefferson,

St. Charles, St. Louis City, St. Louis, and Warren counties. The area has a total population of

approximately 2 million people comprised of about 20 % Black, 3% Hispanic or Latino, 3 %

Asian and 74% white individuals. Forty-eight percent of the population was male, while

52% was female. The ZCTA-level population density ranged from 10 people per square mile

in St. Charles County to 9,368 in St. Louis City County.

2.2.3 Data

2.2.3.1 Con�rmed COVID-19 data

Data on con�rmed cases of COVID-19 reported in the study area between March 23rd

and October 8th, 2020 were obtained from the county Departments of Health. These data

were aggregated to the ZCTA-level to obtain cumulative incidence risks of con�rmed COVID-

19 cases over the study period for each ZCTA.

2.2.3.2 Sociodemographic and base map data

Data on ZCTA-level sociodemographic factors, including age, sex, racial composition,

population density, household size, education level, employment industry (occupation),

and median income were obtained from the U.S. Census Bureau 2018 American Community

Survey (ACS) 5-year estimates (24). Cartographic boundary �les used as base maps for all

cartographic displays were obtained from the US Census Bureau Website (25).

2.2.3.3 Chronic disease data

Data on hospitalizations attributed to chronic conditions, by ZCTA of residence, were

obtained from the Hospital Industry Data Institute, a not-for-pro�t organization founded

by the Missouri Hospital Association that summarizes state-level hospital discharge data.

This data included the number of unique patient hospitalizations with ICD-10 codes for

obesity, tobacco use, cancer, chronic obstructive pulmonary disease (COPD), chronic kidney

disease, heart failure, and diabetes. These variables were selected due to their hypothesized

potential associations with COVID-19 risk. Risks of hospitalization with each of the above
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conditions were computed and used in subsequent analyses to investigate their associations

with COVID-19 risk.

2.2.3.4 Movement data

Data on daily movement patterns of individuals into and within the study area from

March 23rd to October 8th 2020 were obtained from SafeGraph, a company which collects

anonymous cell phone data on the location of devices at the Census Block Group (CBG)

level via partnerships with smartphone applications that have opt-in location tracking ( 26).

A CBG is a U.S. Census Bureau de�ned geographical unit which represents a cluster of

neighborhood blocks. For this model, the Social Distancing Metrics Dataset was used which

reports the home (origin) CBG of a device and any destination CBG (which may be the same

as the origin CBG) within the country. To allow for ZCTA-level analysis, point-in-polygon

joins were used to link CBGs to ZCTAs using CBG geographic centroids and ZCTA polygon

data obtained from the U.S. Census Bureau ( 25). A total of 5 CBGs did not match any ZCTA

and could not be linked to the ZCTA polygon �le. Thus, the �nal dataset had a total of

103 of the original 108 ZCTAs in the study area and all subsequent analyses included 103

ZCTAs. This modi�ed data was then �ltered by home (origin) ZCTA of a device (individual)

to obtain information on the number of visits made by a device within its home ZCTA and

to the other ZCTAs in the study area. These data modi�cations were made using RStudio

and executed on a high performance computing (HPC) cluster to ef�ciently handle the

large amounts of data.

Population movement metrics were de�ned to describe the different types of move-

ments observed in the study area. Travel from outside the study area into one of the 103

study area ZCTAs was called an “outside visit”. Travel from one study area ZCTA to another

study area ZCTA was referred to as a “between visit” while travel within a study area ZCTA

was called a “within visit”. Each of these movement metrics was expressed either as: (a) raw

values: total number of visits in a ZCTA or (b) per capita (population-adjusted) values: total

number of visits in a ZCTA divided by the population of the ZCTA. The per capita values

were particularly important in situations where there were disproportionate numbers of

movements in a ZCTA relative to the size of the ZCTA's population (e.g. a large number of

visits to sparsely populated ZCTAs).
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2.2.4 Descriptive analysis and identi�cation of geographic disparities in

COVID-19 risk

Descriptive analyses were performed in R version 4.1.0 and implemented in RStudio

version 1.4.1103 (27). The Shapiro-Wilk test was used to assess for normality of distribution

of continuous variables. Medians as well as 1st and 3rd quartiles were reported for each

variable since all were non-normally distributed ( Table 2.1). To investigate geographic

disparities in COVID-19 incidence risk, choropleth maps were generated in QGIS ( 28) using

Jenk's optimization classi�cation scheme ( 29) to determine the break-points. This scheme

involves a variance-based separation of data into classes used to create the maps. That is,

break points are determined such that the differences in data within a class are minimized

and differences between classes is maximized.

Table 2.1: Summary statistics of ZCTA-level potential predictors of COVID-19 risk in the
greater St. Louis area of Missouri.

Type of Variable Variable Median 1st quartile 3rd quartile

Demographic

% male population 48.6 47.4 50.3

% Black population 3.7 0.9 34.2

% Hispanic / Latino popu-

lation

2.2 1.0 3.2

% over 65 15.0 12.3 17.8

% average household size 2.5 2.3 2.7

Economic
% below poverty level 9.5 5.8 16.8

median household

income

59,769 46,005 77,504

Educational

% with � high school ed-

ucation

38.2 23.9 47.6

% with some college edu-

cation

2.30 19.8 25.6

% with associate's degree 8.6 6.6 10.6

% with bachelor's degree 18.0 9.4 25.9

Occupational
% in construction 5.2 3.38 9.5

% in retail 10.8 8.3 12.0
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Table 2.1: (continued)

Type of Variable Variable Median 1st quartile 3rd quartile

Occupational

% in agriculture 1 0.5 0.2 1.0

% in transportation 4.45 3.1 6.05

% in manufacturing 11.0 8.7 13.0

% in education or health-

care

23.6 20.6 27.7

Health behavior % tobacco2 10.4 6.8 14.5

Co-morbidities

% obesity3 7.0 5.6 8.0

% cancer 3.8 3.3 4.3

% COPD4 4.0 3.1 4.9

% CKD5 7.6 6.4 8.9

% heart failure 3.2 2.6 3.8

% diabetes 7.5 6.5 9.2

Movement

outside visits 44,501 16,974 71,724

within visits 181,031 78,776 401,433

between visits 163,655 71,337 298,681

per capita outside visits 2.4 1.5 4.3

per capita within visits 13.2 9.0 18.8

per capita between visits 9.7 6.8 1.4

2.2.5 Investigation of predictors of the geographic disparities of COVID-

19 risk

2.2.5.1 Global models

Univariable global Poisson regression models were used to investigate associations

between each of the predictors and COVID-19 incidence risk. These models are often used

to model count data, such as the number of COVID-19 cases in the data set being used in

1Percent of the population employed in agriculture, forestry, �shery and mining.
2ZCTA-level percent hospitalized patients that were tobacco users
3ZCTA-level number of hospitalized patients with obesity per 100 persons; all co-morbidities are de�ned

in this way
4Chronic Obstructive Pulmonary Disease
5Chronic Kidney Disease
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this analysis. The response variable of interest for this model was the ZCTA-level number

of con�rmed COVID-19 cases offset by the population size in each ZCTA. The predictors

investigated were ZCTA-level sociodemographic factors, chronic condition risks, and move-

ment patterns between and within ZCTAs. The models were �t using the Generalized Linear

Model framework (glm function) in R ( 27), specifying a Poisson distribution and log link.

This model can be represented mathematically as follows. Letting the response variable

be denoted by y , it was assumed that the distribution of y j� � Poisson(� ), where � = E[y ]

is the average expected response. A linear predictor, � , which captures the effects of the

predictors of the response variable was de�ned as

� = � 0 + � 1x1 + � 2x2 + ...+ � n xn . (2.1)

where x1, ...,xn were the n different covariates / predictors. A link function was then used

to connect � to � and hence express the response variable in terms of its predictors. As

mentioned earlier, a log link was chosen for this model framework. This resulted in log(� ) =

� =) � = e � . The linear model was then be written as

� = e � 0+� 1x1+...+ � n xn , (2.2)

where the coef�cients represent the amount that the log of the response is expected to

change with a unit change in the predictor. Including an offset for the ZCTA population

size, Equation 2.2 was re-written as

log � = log(population ) + � 0 + � 1x1 + ...+ � n xn (2.3)

=) log(I ) = � 0 + � 1x1 + ...+ � n xn (2.4)

where I = �
population which allowed for the interpretation of the response variable in terms of

incidence risk.

Univariable regression models (i.e., n = 1 corresponding to one predictor) were �t using

the framework described above, and variables with a p-value less than 0.15 were considered

potentially associated with the outcome and investigated further. The linear relationships

between the log of the incidence risk and the potential predictors were assessed graphically.

Bivariate Spearman rank correlation analyses were used to identify pairs of highly correlated

(r� 0.7) potential predictors. To avoid multicollinearity during the subsequent multivariable

modeling, only one of a pair of highly correlated variables were assessed in the multivariable

model. Backwards elimination process was then used to build a multivariable Poisson model
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using an alpha of 0.05 to assess statistical signi�cance. The �nal Poisson model showed

evidence of overdispersion based on the fact that the ratio of residual deviance to residual

degrees of freedom was much greater than 1, implying that this model was not appropriate

for the data.

To account for the observed overdispersion, a negative binomial (NB) model was �t to

the data using the same approach described above for Poisson model. The NB model was

�t using the glm.nb function of the MASS package in R ( 27) specifying negative binomial

distribution and log link. The equation representation of this model is the same as that given

by Eq. 2.4, the only difference being the assumption of a negative binomial distribution

instead of Poisson.

Potential confounding variables were investigated by assessing if removal of a suspected

confounding variable from the model resulted in a change of at least 20 % of the coef�cients

of any of the variables still in the model. If this happened, then the suspected confounding

variable would be retained in the model regardless of its statistical signi�cance, otherwise,

it would be removed from the model unless it had a signi�cant p-value in which case it

would be retained in the model as an important predictor. Two-way biologically meaningful

interaction terms between predictors in the �nal main effects multivariable model were

assessed and signi�cant ones retained in the model.

Goodness-of-�t of the �nal multivariable negative binomial model was assessed using

Pearson and Deviance chi-square goodness-of-�t tests in STATA 16.1 ( 30). The �t was also

ivestigated using plots of model residuals vs. �tted model values and Q-Q plots. Ideally, it

is expected that when plotted against �tted values the model residuals will be randomly

scatted about the mean (0) which validates the assumption of constant variance of the

residual errors. These errors are also assumed to be normally distributed, which is validated

using Q-Q plots.

2.2.5.2 Local models

A geographically weighted negative binomial (GWNB) model, proposed by Silva and

Rodrigues (31), was �t to the data to assess if the association between each of the predictors

and COVID incidence risks varied by geographic location. The same outcome, offset, distri-

bution, link function, and predictors used in the �nal global multivariable NB model were

used for this model. The GWNB theoretically estimates as many regression coef�cients as

the number of ZCTAs in the study area. This is unlike the global multivariable model which

estimates one regression coef�cient for each predictor and assumes that the strength of
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association with the outcome remains constant across all ZCTAs in the study area.

SAS/ IML macro ( 32) of SAS version 9.4 (33) was used to �t the local GWNB model. The

estimation of local regression coef�cients was based on a biquadratic kernel weighting

function ( 32), while the bandwidth was estimated using the adaptive method which allows

the size of the bandwidth to vary based on the density of observations. Bias-corrected

Akaike Information Criteria (AICc) was used to determine the optimum kernel bandwidth

and compare the goodness-of-�t of the global NB and GWNB models. A lower AICc value

indicated a better �tting model.

Stationarity of the GWNB coef�cients were assessed using: (a) randomization non-

stationarity test based on 999 replications ( 34); (b) comparison of the interquartile range

of the local GWNB model coef�cients with the standard error estimates of the global NB

model. Local coef�cients with interquartile ranges larger than twice the standard error

of the regression coef�cient from the global NB model were considered non-stationary

(35; 36).

2.3 Results

2.3.1 Descriptive statistics

The median percentages of male, Black, and Hispanic populations across ZCTAs were

48.6%, 3.7% and 2.2% of the study population, respectively, while the median percentage of

individuals aged � 65 years was 15% (Table 1). The median average household size was 2.5

and the median household income was $59,769 with 9.5% of the population living below

the poverty line. Regarding education, individuals with a high school or lower education

comprised the highest percentage (38.2%) of the population followed by those with some

college education (23 %). As for occupation, most of the population worked in education

or healthcare (23.6%), followed by manufacturing (11 %) and the least were employed in

agriculture (0.5%) ( Table 2.1).

Of the chronic conditions assessed for potential association with COVID-19, chronic

kidney disease (CKD) had the highest median hospitalization risk (7.6 %) while heart failure

had the lowest (3.2 %). Regarding movement of the population, the largest median number

of movements across all study ZCTAs were within ZCTA visits (median: 181,031) while the

fewest number of visits were outside visits (median: 44,501). The values of the per capita

(population adjusted) visits followed the same ordering as the above raw (unadjusted) visits
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with the highest median number of per capita visits being within ZCTA visits (median: 13.2)

and the lowest being visits from outside the ZCTA (median: 2.4).

2.3.2 Predictors of COVID-19 incidence risk

2.3.2.1 Global model

Using a relaxed p-value of 0.15, several variables had potential univariable associations

with COVID-19 incidence risk ( Table 2.2). These included: (a) socioeconomic and demo-

graphic variables: percentage of male and Black populations, average household size and

median household income; (b) all education and occupation variables, with the exception

of the percentage of the population with an associate's degree and those employed in retail

and transportation; (c) all chronic disease and movement variables (except risks of hospi-

talizations attributable to tobacco use and COPD, within ZCTA visits and between ZCTA

visits) (Table 2.2).

Table 2.2: Univariable associations between ZCTA-level COVID-19 risk and potential pre-
dictors. Predictors (variables) with a relaxed p-value < 0.15 are considered signi�cant and
used as variable in the multivariable regression model.

Type of Variable Variable Coef�cient 95% CI p-value

Demographic

% male population 0.014 [-0.002, 0.030] 0.110

% Black population 0.003 [0.001, 0.005] 0.007

% Hispanic / Latino popu-

lation

0.020 [-0.009, 0.050] 0.168

% over 65 -0.007 [-0.019, 0.005] 0.245

% average household size -0.150 [-0.330, 0.030] 0.114

Economic
% below poverty level 0.002 [-0.004,0.008] 0.595

median household

income

0.017 [-0.002,0.037] 0.091

Educational

% with � high school edu-

cation

-0.003 [-0.007,0.001] 0.147

% with some college edu-

cation

-0.01 [-.022,0.001] 0.079

% with associate's degree -0.007 [-0.028, 0.013] 0.482

% with bachelor's degree 0.007 [0.001,0.013] 0.024
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Table 2.2: (continued)

Type of Variable Variable Coef�cient 95% CI p-value

Occupational

% in agriculture -0.055 [-0.10,-0.005] 0.030

% in construction -0.035 [-0.048, -0.021] � 0.0001

% in retail 0.001 [-0.010,0.030] 0.308

% in transportation 0.009 [-0.015, 0.033]] 0.478

% in manufacturing -0.019 [-0.032,-0.006] 0.003

% in education or health-

care

0.011 [0.001, 0.022] 0.032

Health behavior % tobacco 0.007 [-0.004, 0.018] 0.245

Co-morbidities

% obesity 0.047 [0.017, 0.078] 0.004

% cancer 0.059 [0.024, 0.094] 0.002

% COPD 0.009 [-0.036, 0.053] 0.692

% CKD 0.046 [0.021, 0.072] 0.001

% heart failure 0.080 [0.022, 0.140] 0.007

% diabetes 0.035 [0.010, 0.060] 0.006

Movement

outside visits 0.980 [-0.099, 2.100] 0.074

within visits 0.082 [-0.120, 0.290] 0.427

between visits 0.230 [-0.110, 0.570] 0.171

per capita outside visits 0.016 [0.005, 0.028] 0.004

per capita within visits 0.008 [0.003, 0.014] 0.008

per capita between visits 0.016 [0.010, 0.022] � 0.0001

Based on the �nal global multivariable negative binomial model, the incidence risk of

COVID-19 tended to be higher in ZCTAs that had high percentages of the population with

bachelor's degrees (p<0.0001) and those hospitalized due to obesity (p <0.0001) (Table 2.3).

In contrast, COVID-19 risks tended to be lower in ZCTAs which had high percentages of the

population employed in agriculture if the ZCTAs had zero per capita between ZCTA visits

(Table 2.3). The signi�cant (p <0.0001) interaction between percentage of the population in

agriculture and the per capita between ZCTA visits implies that the latter was a signi�cant

effect modi�er of the relationship between COVID-19 risk and percentage of the population

employed in agriculture.
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Table 2.3: Final global negative binomial model with signi�cant predictors of COVID-19
risk.

Variable Coef�cient 95% CI6 p-value

% with bachelor's degree 0.018 [0.011, 0.025] � 0.0001

% obesity 0.121 [0.087, 0.155] � 0.0001

% in agriculture -0.181 [-0.245, -0.117] � 0.0001

per capita between visits 0.002 [-0.0.005, 0.009] 0.600

% in agriculture*per capita between visits 0.008 [0.005, 0.011] � 0.0001

Thus, although COVID-19 risk tended to be lower in ZCTAs that had a high percentage of

the population employed in agriculture but no between ZCTA per capita visits, the risk was

higher in ZCTAs that had both high percentage of the population employed in agriculture

and high per capita between ZCTA visits.

The geographic distribution of COVID-19 risks and each of the predictors in the �nal

model are shown in Figure 2.1 . Note that the white patches in the maps indicate ZCTAs

with missing data. The risks of COVID-19 were higher in the Eastern region of the study

area, with pockets of high risks in ZCTAs located in St. Louis, St. Louis City and St. Charles

counties while the lowest risks were observed in ZCTAs in Warren, Jefferson and Franklin

counties. The distribution of the percentage of the population with bachelor's degrees

followed similar spatial patterns. The ZCTAs that had high percentages of the population

employed in agriculture tended to have low COVID-19 risks ( Figure 2.1 ).

6Con�dence Interval
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Figure 2.1: Geographic distribution of ZCTA-level COVID-19 risk and its signi�cant predi-
cators in the Greater St. Louis area, Missouri (USA).

The model �t was veri�ed by generating plots of the model residuals as well as Q-Q

plots. Based on the plots shown in Figure 2.2 , it was determined that the model seemed to

be a good �t to the data given that model residuals were reasonably randomly scattered

and nearly all the data points fell on a straight line in the Q-Q plot. However, ZCTA 63357

was identi�ed as a likely outlier. This was inferred from the position of the residual cor-

responding to this data point in Fig. 2.2(a) and the position of the point corresponding

to this ZCTA in the Q-Q plot Figure 2.2(b) . ZCTA 63357 falls largely within Warren county,

with some portion falling into St. Charles. It has a larger percentage of the population

employed in agriculture with a small number of reported cases (6 cases) both of which may

be contributing to its identi�cation as an outlying ZCTA for this model �t.
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(a)

(b)

Figure 2.2: Diagnostic analysis using (a) �nal global model residuals against �tted values
to assess constant variance assumption of residual errors and (b) normal Q-Q plots to
assess the normality assumption of the errors.

2.3.2.2 Local model

The randomization non-stationarity test results indicate that the coef�cients of the

association between percentage of the population employed in agriculture and COVID-19

risk was non-stationary (p =0.049) and, therefore, varied by geographic location ( Table 2.4).
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This is further supported by the fact that the interquartile range of the GWNB model

coef�cient for percentage of the population employed in agriculture (0.1232) is greater than

twice the standard error of the global coef�cient (0.0652) for percentage of the population

employed in agriculture ( Table 2.4).

Table 2.4: Results of assessment of stationarity of the coef�cients of the predictors of the
COVID-19 risks.

Variable NB SE7 2XNB SE GWNB IQR8

% with bachelor's degree 0.0035 0.007 0.0067

% obesity 0.0174 0.0348 0.0255

% in agriculture 0.0326 0.0652 0.1232

per capita between visits 0.0035 0.0007 0.0034

% in agriculture*per capita be-

tween visits

0.005 0.01 0.0043

Variable GWNB IQR - 2x(NB SE) GWNB p-value 9 NS10

% with bachelor's degree -0.003 0.102 No

% obesity -0.0093 0.322 No

% in agriculture 0.058 0.049 Yes11

per capita between visits -0.0036 0.544 No

% in agriculture*per capita be-

tween visits

-0.0057 0.085 No

The strength of the negative association between percentage of the population in agri-

culture and COVID risk varied considerably by geographic location and showed a gradi-

ent increasing from East to West, with the strongest association occurring in the West

(Figure 2.3 ) which also has the highest percentage of the population employed in agricul-

ture ( Figure 2.1 ). When there is no (zero) per capita between ZCTA visits, the direction of

this association stayed consistently negative across all ZCTAs in the study area ( Figure 2.3 ).

However, this association was modi�ed and reversed by the number of per capita between

7Standard error (SE) from the negative binomial (NB) model
8Interquartile range (IQR) of the geographically weighted negative binomial (GWNB) standard error
9p-value of the predictor form the GWNB model

10Is coef�cient non-stationary?
11Coef�cients are non-stationary based on the both the p-value of the stationarity test and IQR-S(SE)

assessment
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