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This study examines the effectiveness of public health infrastructure, specifically hospital and Intensive Care
Unit (ICU) capacities, in mitigating the spread of COVID-19 in various US counties. We use the air transporta-
tion network to quantify the risk of importing COVID-19-infected passengers to a given county in the United
States. Utilizing a dataset that encompasses COVID-19 case rates, healthcare resources, and socioeconomic and
transportation-related variables across multiple destination counties, we found that increased availability of hos-

pital and ICU beds is statistically significantly associated with a reduced risk of COVID-19 spread, after controlling
for origin county infection rates, travel patterns, and socioeconomic factors. These findings underline the critical
role of robust healthcare infrastructure in public health crisis management and suggest targeted policy interven-
tions to bolster healthcare capacity as a viable strategy for mitigating pandemic impacts.

1. Introduction

The coronavirus disease 2019 (COVID-19), caused by the severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2), was first iden-
tified in December 2019 in Wuhan, China, and rapidly escalated into a
global pandemic (Huang et al., 2020). This pandemic profoundly im-
pacted public health, economies, and daily life globally. The World
Health Organization (WHO) declared COVID-19 a pandemic on March
11, 2020, recognizing its extensive spread across continents, accelerated
by global mobility and travel (WHO, 2020a).

COVID-19 primarily transmits through respiratory droplets, with
symptoms ranging from mild flu-like signs to severe respiratory dis-
tress and death. The pandemic has severely strained global healthcare
systems, overwhelming hospitals with patient surges and exacerbating
shortages in medical supplies and healthcare personnel (WHO, 2020Db).
Economically, it triggered the worst downturn since the Great Depres-
sion, massively disrupting travel, hospitality, and retail sectors, and re-
sulting in widespread job losses and financial insecurity (IMF, 2020).

Given the pandemic’s rapid evolution, studying its epidemiological
characteristics is crucial for optimizing public health responses in emer-
gencies (Park et al., 2020; Tredennick et al., 2022). Epidemiological
data, paired with hospitalization and transportation data, plays a vital
role in shaping effective infection control and public health strategies
(Combs and Pardo, 2021; Rees et al., 2020).

Transportation networks, significant vectors for disease transmis-
sion, have historically facilitated the spread of epidemics globally
(Liu et al., 2021; Russell et al., 2021). In response to COVID-19, strin-
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gent measures like travel restrictions, lockdowns, and health screenings
at transport hubs were implemented worldwide to curb virus transmis-
sion (Grépin et al., 2021; Lasco, 2020; Murray and Kras, 2020). These
measures, though critical for public health, have profound social and
economic implications, stressing the need for balanced policy-making
that ensures both public health safety and economic stability (Chu et al.,
2020; Yeyati and Filippini, 2021).

The pandemic emphasized the importance of robust healthcare in-
frastructure and preparedness in managing infectious diseases. Effective
healthcare systems are crucial not only for treating the afflicted but also
for controlling disease spread and protecting public health during global
health crises (Filip et al., 2022). Hospital capacity, particularly the avail-
ability of intensive care unit (ICU) facilities and adequately equipped
hospital beds, has proven essential in managing patient surges. Stud-
ies indicate that regions with better healthcare infrastructure, including
higher ratios of hospital beds to population, tend to experience lower
mortality rates during pandemics (Mustapha et al., 2022).

The critical role of ICUs, equipped to perform life-saving procedures
like mechanical ventilation, has been particularly underscored during
the COVID-19 pandemic (Armstrong et al., 2020; Chang et al., 2021).
Furthermore, the availability of trained healthcare personnel and ef-
ficient logistical support for medical supplies are fundamental for an
effective pandemic response.

Our study focuses on how healthcare resources, particularly hospi-
tal and ICU beds, influence COVID-19 outcomes across US counties. We
assess the domestic risk of COVID-19 transmission within the United
States during the initial period of the pandemic based on domestic pas-
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senger air traffic. We develop an airline network model that allows us
to measure the relative likelihood of the spread of COVID-19 across en-
demic US counties based on passenger travel patterns. More precisely,
the model quantifies the relative risk posed to each destination county
based on the likelihood of a given air travel itinerary transporting con-
taminated passengers.

In our view, this endeavor is relevant for the following reasons. First,
due to the close proximity of passengers and the fact that they spend ex-
tended lengths of time in a confined space, air travel may be viewed as a
high-risk setting for the transmission of COVID-19. It is possible for the
virus to spread through the respiratory droplets that are created when-
ever an infected person breathes, sneezes, coughs, or talks. Therefore,
close quarters, the proximity of other passengers, and the duration of
flights all contribute to an increased risk of disease transmission during
air travel. Second, recirculated air indicates that the risk of transmis-
sion on flights is potentially higher than on public transit like buses and
trains. Third, air travel enables the rapid movement of people and goods
across geographic locations, which can contribute to the transmission of
the virus to new locations.

Finally, understanding the role of air travel networks in the spread
of COVID-19 is critical for designing effective public health policies and
pandemic-control methods. Hence, understanding changes in travel be-
havior during the spread of pandemic diseases like COVID-19 is crucial
to the development of a resilient transportation infrastructure.

Based on our analysis, we provide a list of the top 20 US counties at-
risk of importing a COVID-19 infected passenger from an active county,
and corresponding relative risk to the destination county. Among our
findings, in 2020, the highest COVID-19 travel risks in the US were pre-
dominantly in major metropolitan areas with significant air travel hubs,
like Dallas, Texas, and Clark, Nevada. These counties, characterized by
high population densities and substantial travel activities, faced height-
ened risks. In 2021, the risk landscape shifted, with Los Angeles, Cali-
fornia becoming the most at-risk, and new areas like Queens, New York,
emerging as high-risk zones, indicating the pandemic’s evolving nature.
Contrastingly, less populated counties like Klamath, Oregon, and remote
Alaskan counties reported the lowest risks, owing to limited air travel.

A regression model exploring these risk factors revealed that greater
inbound passenger volume, and larger household sizes significantly in-
creased travel-related COVID-19 risk. Additionally, wealthier destina-
tions showed a slightly higher risk. Notably, regions with more robust
healthcare infrastructure, specifically in hospital and ICU bed availabil-
ity, exhibited lower risks, stressing the importance of healthcare capac-
ity in mitigating pandemic impacts. Regional analyses uncover signifi-
cant disparities in resource effectiveness between coastal and inland ar-
eas, emphasizing the necessity for geographically specific strategies in
health policy planning. The differences observed in responses to iden-
tical health metrics between these regions indicate that a universal ap-
proach to public health policy is inadequate. Therefore, tailored strate-
gies that consider the unique demographic and socio-economic land-
scapes of each region are crucial for effective disease control and pre-
vention.

The rest of the paper is structured as follows: Section 2 provides
an overview of the related literature. Section 3 presents the empirical
model used for analysis and details the data sources utilized in the study.
Our findings are reported in Section 4. This section includes choro-
pleths and a regression model. Moreover, we perform robustness tests
and estimate a two-stage Least Squares model to address simultane-
ity. Section 5 discusses endogeneity and omitted variable bias, while
Section 6 covers policy implications. Concluding remarks are provided
in Section 7.

2. Review of related work
Previous work on infectious diseases spans a wide range of dis-

ciplines, encompassing retrospective analyses of infected cases to ex-
plore the clinical spectrum and pathophysiology of infectious diseases
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(Castanares-Zapatero et al., 2022; Datta et al., 2020; Kunal et al.,
2022; Zaki et al., 1995). Studies have also extensively investigated
the reproductive interval, incubation period, and transmission mech-
anisms of infectious diseases (Antonovics et al., 2017; Biggerstaff et al.,
2014; Mehraeen et al., 2021; Nishiura, 2007; Rahman et al., 2020;
Thompson et al., 2019; Xin et al., 2021). In the following section, we
will concentrate on studies that assess the influence of healthcare ca-
pacity on disease outcomes, healthcare responses to COVID-19 spread
dynamics, and the role of air transportation in the potential spread and
risk of contagion of infectious diseases.

2.1. The impact of healthcare capacity on disease outcomes

Extensive research has established a direct correlation between
healthcare capacity and disease outcomes, particularly in pandemic sce-
narios. The World Health Organization (WHO) has consistently empha-
sized the critical role that healthcare infrastructure plays in mitigating
mortality rates during infectious disease outbreaks (WHO, 2018). Spe-
cific to hospital capacity, Schilling et al. (2010) discuss the impact of
high hospital occupancy on in-hospital mortality risk, showing that high
occupancy is associated with increased mortality in US hospitals. Simi-
larly, Fusco et al. (2006) illustrate the significant strain on healthcare fa-
cilities during influenza outbreaks, where hospital bed occupancy rates
increased substantially.

Moreover, the availability and accessibility of Intensive Care Units
(ICUs) have been directly linked to survival rates in severe cases of
infectious diseases. Ahmed et al. (2020) provides understanding into
the long-term outcomes of survivors of severe acute respiratory syn-
drome (SARS) and Middle East respiratory syndrome (MERS) who
were admitted to ICUs, finding persistent respiratory abnormalities
in a significant portion of patients. Recent studies have expanded
on these findings within the context of the COVID-19 pandemic.
Gibbons et al. (2023) found that increases in ICU capacity were corre-
lated with higher weekly COVID-19 mortality rates, particularly during
caseload surges, manifesting the challenges faced by healthcare systems
during peak pandemic phases.

The global context of healthcare resource shortages has also been ex-
plored, with Sen-Crowe et al. (2021) investigating hospital bed capacity
across 183 countries during the COVID-19 pandemic. They found sig-
nificant disparities in ICU and hospital bed capacities, with high-income
regions having greater resources, which correlated with lower mortality
rates. These findings suggest that disparities in healthcare resources are
critical determinants of COVID-19 outcomes on a global scale.

Furthermore, Janke et al. (2021) analyzed hospital resource avail-
ability across the United States, revealing that regions with fewer ICU
beds per COVID-19 case experienced higher mortality rates. Similarly,
Park et al. (2023) investigated the spatial accessibility of ICU beds in
Texas, finding that areas with reduced access, particularly rural regions,
faced higher case-fatality ratios. These findings are echoed in interna-
tional contexts, with Bauer et al. (2020) demonstrating that limited
access to ICU beds in European countries was associated with higher
COVID-19 case fatality ratios. Wilcox et al. (2022) also emphasized
the impact of ICU capacity strain on patient outcomes, reporting in-
creased mortality rates in UK ICUs during periods of extreme capacity
strain.

Ohbe et al. (2024) extended this analysis to Japan, demonstrating
that regions with more ICU beds and intensivists had higher incidences
of invasive mechanical ventilation among COVID-19 patients, underlin-
ing the importance of critical care capacity in pandemic response.

The association between demographic factors and disease out-
comes has also been critical in understanding the impact of COVID-19.
Pijls et al. (2021) conducted a meta-analysis of 59 studies, revealing that
men and older adults (aged 70 and above) were at significantly higher
risk for severe COVID-19 outcomes, including ICU admission and death.
These findings lend support to the need for tailored healthcare strategies
to protect vulnerable populations during pandemics.



J. Yimga
2.2. COVID-19 spread dynamics and healthcare response

The spread dynamics of COVID-19 have been extensively analyzed,
with a significant focus on how travel patterns and social mobility influ-
ence transmission rates. Russell et al. (2021) found a strong correlation
between international travel volumes and the rate of spread in the early
stages of the pandemic. Additionally, local mobility restrictions, often
facilitated by healthcare advisories, have been shown to curb the spread
of the virus effectively (Zhou et al., 2020). For example, Zhou et al.
demonstrated that without mobility restrictions, external transmission
in China would have continued unabated.

The importance of healthcare response in managing the spread of
COVID-19 has been further featured in studies examining healthcare re-
source allocation during the pandemic. Neupane et al. (2024) conducted
a systematic review of caseload surge measures and their impact on
mortality, finding that healthcare systems across various jurisdictions
struggled with the surges, leading to increased mortality rates. Simi-
larly, Lavrentieva et al. (2023) presented key factors associated with
ICU mortality in COVID-19 patients, noting that variables such as the
sequence of pandemic waves and specific clinical interventions played
critical roles in patient outcomes. This illustrates the critical need for
efficient resource allocation during pandemics to mitigate adverse out-
comes.

2.3. Air transportation as a conduit for COVID-19 spread

Over the past decade, researchers have identified air travel as a
significant pathway for the transmission of infectious diseases, includ-
ing Ebola, SARS/MERS, influenza, and vector-borne diseases such as
malaria and dengue fever (Apolloni et al., 2013; Browne et al., 2016;
Errett et al., 2020; Jelinek, 2010; Pigott et al., 2015). This realization has
spurred the development of various research tools aimed at assessing the
role of airports and airlines in disease spread. Notable models include
the vector-borne disease airline importation risk model and the Global
epidemic and mobility computational model, among others, utilizing
Susceptible-Exposed-Infectious-Recovered frameworks with airline data
(Balcan, et al., 2010; Wilta et al., 2022).

The COVID-19 pandemic has accentuated the pivotal role of air
transport networks in spreading pandemics, given their ability to con-
nect distant populations quickly. Sun, Wandelt, and Zhang (2021) in-
vestigated the synchronization between air transport connectivity and
COVID-19 cases globally, finding that delays in restricting air travel
significantly contributed to the global spread of the virus. Further,
Wandelt, Sun, and Zhang (2023) examined China’s aviation policies,
such as the Circuit Breaker mechanism, which aimed to control cross-
border transmission via incoming flights, illustrating the challenges of
containing a global health threat through strict aviation policies.

The impact of air travel on the domestic spread of COVID-19 has
also been explored. Sun, Wandelt, and Zhang (2022) reviewed recent
research on the effects of the pandemic on the aviation industry, dis-
cussing how reductions in flight numbers and changes in travel behav-
ior influenced the spread of the virus. Their review supports the need
for more pandemic-resilient aviation policies and infrastructure. Addi-
tionally, Kim et al. (2021) focused on spatial accessibility to ICU beds in
Florida, United States, emphasizing the potential healthcare shortages
that could arise from high levels of air travel and uneven geographi-
cal distribution of healthcare resources, which are critical for managing
COVID-19 mortality.

Li et al. (2020) further explored the demand for ICU beds in US cities,
drawing lessons from the experiences of Chinese cities during the pan-
demic’s early stages. Their findings suggest that cities with higher preva-
lence of vulnerable populations may face greater challenges in manag-
ing healthcare resources during surges, particularly when air travel con-
tributes to the rapid spread of the virus.

Unlike much of the existing literature, which focuses on the role of
air transportation systems in the spread of COVID-19 at the interna-
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tional level, our study targets the US domestic market. Furthermore,
we develop an air transport network modeling framework in the spirit
of Gardner et al. (2016) to quantify the risk of COVID-19 spreading
domestically via air passengers. This methodology evaluates the risk of
COVID-19 importation to destination counties from origin counties with
prior reported cases, ranking these counties according to their relative
risk levels of virus importation.

While the existing literature provides extensive insights into the re-
lationship between healthcare capacity and pandemic outcomes, sev-
eral gaps remain. First, there is a lack of comprehensive studies that
integrate both healthcare infrastructure and socio-economic factors to
understand their combined impact on COVID-19 outcomes. This study
aims to fill this gap by examining how factors such as income levels
and household sizes interact with healthcare resources to affect disease
spread. Moreover, most current research focuses on aggregate national
or regional data, often overlooking the granular impacts at the county
level. This study seeks to address this by providing a detailed analy-
sis of county-specific data, offering a granular investigation into local
healthcare capacities and their effectiveness in pandemic management.

3. Empirical approach and data sample

This section presents the empirical model used in our analysis. It out-
lines the sources of our data, identifies the key variables, and describes
the statistical methods applied to examine the relationships being stud-
ied.

3.1. Empirical model

Here, we delineate the empirical model we developed to quantify
the risk of COVID-19 transmission through air travel within the United
States. Infected passengers traveling to and from airports across the
United States, can potentially facilitate the spread of infections. Airports
are conceptualized as nodes within a network, connected by directional
air travel routes, or links, between pairs of airports. The model calcu-
lates the transmission risk of COVID-19 between an originating county
(1) and a destination county (j) as r;;, defined by the following equation:

rip =0 % @ % (D
Here, r;; is specific to the origin-destination (O-D) pair (i, j) and depends

on three primary factors:

¢ ¢; abinary indicator that identifies whether COVID-19 is active in the
origin county. It is set to one if the virus is active, and zero otherwise,
indicating the potential for airports in that county to export the virus.
¢ ; which represents the intensity of the outbreak at the origin county
relative to the worst outbreak in any origin county within the same
period. It is calculated as the ratio of the number of cases in county
i to the maximum observed in any county, making it a unitless mea-
sure of relative outbreak severity.
v;; the total volume of passengers traveling from origin county i to
destination county j over a month, capturing the scale of potential
disease spread along this route.

To quantify the cumulative risk to a destination county j from all
connected origins over a month, we sum the individual risks from all
relevant O-D pairs:

WY @

This aggregation results in 7/, the total risk-weighted passenger vol-
ume entering county j, expressed in “passengers per month.” We further
refine this by normalizing the risk to each destination county j relative
to the highest risk observed across all destinations:

Ri=—" ©)
max; (rJ )
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This normalization renders R’/ a unitless ratio, illustrating the rel-
ative risk to county j compared to the most at-risk destination within
that month. This approach, akin to those used in vector-borne disease
studies, effectively contextualizes the importation risks associated with
air travel (Gardner and Sarkar, 2013).

3.2. Data source and summary statistics

To assess the impact of public health infrastructure—specifically hos-
pital and Intensive Care Unit (ICU) capacities—on the spread of COVID-
19 via the air transportation network in various US counties, we com-
piled diverse datasets spanning from January 2020 to December 2021.
This critical period provides a comprehensive range of data reflective of
the evolving dynamics of the COVID-19 pandemic.

A key component of our analysis is the COVID-19 case data sourced
from the Johns Hopkins GitHub repository, which offers detailed time-
series data at the county level. The granularity and consistency of this
data are crucial for calculating the study’s dependent variable—the rela-
tive COVID-19 risk associated with air travel to US county destinations.

We measure healthcare capacity by focusing on the total number of
staffed hospital and ICU beds per thousand residents. Data from Covid-
CareMap, captured on November 27, 2020, sheds light on the prepared-
ness and capacity of healthcare systems in each county, supporting our
understanding of potential healthcare responses across regions. We col-
lected 2021 data from various state health departments and annual re-
ports from local health networks. The bed capacity data we used repre-
sent snapshots at specific points in 2020 and 2021.

Although these snapshots reflect the healthcare system’s prepared-
ness at those times, they may not fully capture the dynamic changes
in bed availability that occurred throughout the year. The pandemic’s
evolution, marked by critical phases such as surges in cases and fluctu-
ating demand for hospital and ICU beds, likely influenced bed capacity
in ways that our data may not completely reflect.

Another major data source is the T100 Market database from the
US Department of Transportation’s Bureau of Transportation Statistics
(BTS). Updated monthly, this database provides detailed insights into
airline passenger and cargo traffic, including information on flight seg-
ments such as the operating airline, departure and arrival airports, pas-
senger volume, and flight distances. Notably, the dataset treats nonstop
flights distinctly. For instance, a direct flight from Phoenix to Boston
with a stop in Chicago, without requiring a plane change, is reported as
two segments: Phoenix to Chicago and Chicago to Boston. The dataset
primarily covers commercial airports, focusing on scheduled commer-
cial passenger and cargo air services.

To further enrich our analysis, we included socio-economic and de-
mographic data from the Bureau of Economic Analysis (BEA) and the

Journal of the Air Transport Research Society 3 (2024) 100040

Census Bureau, encompassing metrics such as per capita income, and
average household size. This data helps contextualize how economic
status and living conditions may influence travel behaviors and the sub-
sequent spread of COVID-19.

Our study encompasses several relevant variables aimed at under-
standing the nature of COVID-19 spread through air travel. The key
variables in the analysis include county inbound passenger volumes per
capita, destination per capita income, average household size, and the
network strength of the destination county. This latter metric quantifies
the total number of distinct origin counties connected to each destina-
tion county on a monthly basis, thereby providing a measure of connec-
tivity. Additionally, we consider the number of staffed hospital beds and
ICU beds per 1000 people, freight movement, flight distances, and sea-
sonality as variables. Each of these factors is hypothesized to influence
the risk of COVID-19 spread.

3.2.1. Summary statistics

Over the course of 24 months, we identified 36,370 unique direc-
tional origin-destination airport pairs and 21,558 unique directional
origin-destination county pairs. In Table 1, we present the descriptive
statistics of key variables related to passenger travel, COVID-19 impacts,
and healthcare resources, positioned within the framework of air trans-
portation. The table offers an overview of various metrics for the sam-
ple period (2020 and 2021) and reflects how wide-ranging disparities in
healthcare infrastructure, population mobility, and socioeconomic con-
ditions have shaped county responses and outcomes.

The dataset comprises specific records pertinent to airline travel in
the United States. For example, one observation details a market oper-
ated by Delta Airlines in January 2020, transporting 91,173 passengers
and significant quantities of freight (95,116 pounds) and mail (24,689
pounds) over a distance of 404 miles from Orlando (MCO), Florida to
Atlanta (ATL), Georgia. Variables such as income per capita, household
size, and the number of hospital and ICU beds are measured annually,
while other variables are recorded on a monthly basis. Additionally, the
integration of various datasets and the occurrence of missing data dur-
ing the merging process account for the observed discrepancies in the
number of observations across different variables.

COVID-19 and mobility data reveal that a significant majority (ap-
proximately 74%) of counties were managing active COVID-19 cases,
emphasizing the widespread nature of the pandemic. The reported
COVID-19 cases per county varied dramatically, with some areas ex-
periencing up to 46 million cases, pointing to intense regional hotspots.
This variability is further stressed by the relative travel risk to desti-
nation (R/), which suggests that travel to certain destinations was per-
ceived as riskier, likely due to higher local case counts or less robust
health responses.

Table 1

Descriptive statistics, 2020-2021.
Variable Obs Mean Std. Dev. Min Max
County COVID-19 cases 370197 3879613.8 6793800.4 0 46751129
COVID-19-active origin county 458605 744 437 0 1
Relative travel risk to destination (R’) 453875 21 .289 0 1
Risk of COVID-19 spread @) 369820 2624.051 9834.798 0 177825
Staffed all hospital beds per 1000 people 435,587 2.92 1.060 0 12.59
Staffed ICU beds per 1000 people 435,587 .33 144 0 2.009
County O-D passengers enplaned 451290 10299.361 18859.409 0 188465
County inbound passengers per capita 400189 3.325 20.496 0 197.184
Freight (pounds) 458605 129415.23 776220.95 0 56068249
Network strength 453875 77.146 54.336 1 209
Distance between airports (miles) 458605 797.24 665.366 0 7607
County household size 402464 2.622 .246 1.34 3.87
County income per capita 404942 67529.095 21250.177 31310 362522
County population density (per square mile) 402,457 2267.673 3577.685 0.1 20553.6

Notes: Except for income per capita, household size and hospital and ICU beds, all variables are measured monthly.
Source: US Bureau of Transportation Statistics, US Census Bureau, US Bureau of Economic Analysis, CovidCareMap, State
Health Departments, the Johns Hopkins GitHub repository, US Centers for Disease Control and Prevention (CDC).
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On the healthcare front, the average availability of hospital beds was
about 2.92 per thousand residents, though this Fig. masked wide varia-
tions that ranged from no beds to over 12 beds per thousand, reflecting
significant disparities in healthcare readiness. Even more critical was
the availability of ICU beds, with an average of only 0.33 per 1000 peo-
ple, essential for treating severe COVID-19 cases. The scarcity in some
areas likely strained local healthcare systems during peak outbreaks.

Travel metrics such as passengers enplaned and county inbound
passengers per capita reveal notable differences in air travel volumes,
which could serve as potential vectors for virus transmission. Moreover,
freight movement, averaging over 129,000 pounds per county with ex-
tremes reaching up to 56 million pounds, illustrates the scale of goods
transportation, a significant shift toward freight transport to make up
lost revenue as passenger travel decreased dramatically (Atems and
Yimga, 2021).

Network Strength, quantified as the total number of distinct ori-
gin counties connected to each destination county on a monthly basis,
and geographic accessibility, measured by the flight distance between
airports, affirms the robustness of transportation and communication
infrastructures, which vary greatly across counties. These differences
likely influenced how swiftly and effectively areas could respond to and
manage the spread of COVID-19.

Socioeconomic indicators such as household size and per capita in-
come also play critical roles. With household sizes averaging around 2.6
and incomes ranging significantly, these factors influence transmission
dynamics within families and broader community resilience. Higher in-
comes might correlate with better access to healthcare and greater abil-
ity to comply with public health measures, affecting overall pandemic
outcomes. On average, counties have a population density of approx-
imately 2,268 people per square mile. This suggests that while many
counties have moderate population densities, there is significant varia-
tion.

Overall, these statistics paint a picture of a nation grappling with a
health crisis where local conditions, from healthcare capacity to eco-
nomic stability and mobility patterns, have significantly influenced the
pandemic’s impact and trajectory.

3.2.2. Regional descriptive statistics

In assessing the impact and risks of the COVID-19 pandemic across
various regions in the United States, distinct patterns emerge. We fol-
low the Congressional Research Service (CRS) Report for Congress' and
World Atlas® to classify states in coastal and inland regions. Table 2
suggests that coastal regions show a diversity in healthcare capacities.
Notably, the Gulf Coast and East Coast have higher numbers of staffed
beds per 1000 people, around 2.73 and 2.50 respectively, suggesting
denser populations or more developed healthcare infrastructure. How-
ever, ICU bed availability is generally lower across coastal areas, except
for the East Coast which has a relatively higher provision of 0.21 ICU
beds per 1000 people. This might indicate better-prepared ICU services,
potentially due to higher population densities or greater funding alloca-
tions.

Inland states such as the Great Plains and the Rocky Mountain Re-
gion exhibit higher availability of staffed beds per 1000 people, at 4.06
and 3.32 respectively. This may be due to the lower population den-
sity in these areas, necessitating broader coverage per capita to ensure
adequate healthcare access. Conversely, ICU bed availability is notice-
ably lower, particularly in these rural or less densely populated areas,

1 The Congressional Research Service is a non-partisan research entity within
the United States Congress. It provides objective and authoritative analysis on
various legislative issues, policy matters, and other topics of interest to Congress.
https://sgp.fas.org/crs/misc/RS21729.pdf

2 The Officially Recognized Four Regions and Nine Divisions of the
United States https://www.worldatlas.com/articles/the-officially-recognized-
four-regions-and-nine-divisions-of-the-united-states.html
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pointing to potential vulnerabilities in critical care capabilities during
high-demand periods such as pandemics or emergencies.

The dynamics of air travel further illuminate regional differences.
The East Coast is notable for its high number of airports and inbound
passengers, establishing it as a primary hub for air travel in the country.
This is in stark contrast to regions such as the Southeast and the inland
areas of the Northeast, where the number of airports and the volume
of inbound passengers are comparatively lower. This difference could
be attributed to several factors, including smaller populations or less
developed air travel infrastructure in these regions.

There also appears to be a correlation between population size and
air travel infrastructure. Heavily populated regions like the East Coast
and the West Coast have more airports and see higher inbound passen-
ger traffic, suggesting a link between population density and the devel-
opment of air travel facilities. The Midwest, despite its significant pop-
ulation, presents an interesting case with only a moderate level of air
travel, possibly reflecting the geographic distribution of the population
or regional travel preferences.

When comparing coastal and inland regions, coastal areas such as
the East Coast, Gulf Coast, and West Coast reported higher air travel and
passenger volumes. This trend is likely due to these regions being major
centers of economic activity and tourism. Inland regions, such as the
Rocky Mountain Region and the Pacific Northwest, displayed moderate
to high relative risks of COVID-19 spread to their destinations.

The disparities observed between coastal and inland regions in terms
of healthcare capacities and relative risks reinforce the importance of
region-specific healthcare strategies. Areas with higher relative risks and
lower ICU capacities might need to prioritize healthcare planning and
emergency preparedness to effectively manage potential healthcare sys-
tem strains. Moreover, there appears to be a correlation between popu-
lation size and healthcare infrastructure.

4. Results

This section reports the findings from various analytical approaches,
including choropleths, regression analysis, and robustness tests.

4.1. Choropleths

Choropleth maps were employed to visualize the geographic distri-
bution of key variables, such as COVID-19 cases, staffed hospital and ICU
beds per thousand residents, and relative travel risk across the United
States. We construct a choropleth map in Fig. 1 to visualize the dis-
tribution of COVID-19 confirmed cases across counties in the United
States. Merely reporting the number of COVID-19 cases for each county
may be misrepresentative because the counties differ in population size
(CDC, 2023). The map shows a gradient of colors ranging from light to
dark, with darker colors indicating higher numbers of confirmed cases
and lighter colors indicating lower numbers of confirmed cases. These
population-adjusted confirmed cases of COVID-19 represent a snapshot
on January 8, 2021.

Upon examination of the map, we observed that the regions with the
highest numbers of confirmed cases per capita were located primarily
in the mid-western and southern parts of the country, while the western
and northern regions had comparatively lower numbers of confirmed
cases. In particular, we note that the states with the highest population-
adjusted numbers of confirmed cases were Tennessee, North and South
Dakota, all of which are represented by the darkest colors on the map.
Conversely, we observe that states with higher population densities,
such as New York, New Jersey and Maryland had lower numbers of
confirmed cases per capita, represented by lighter colors on the map.

Fig. 1 suggests that there is a spatial pattern to the distribution of
COVID-19-confirmed cases in the US, with higher numbers of cases
clustered in certain regions and states. This information can help pub-
lic health professionals and policymakers comprehend the geographic
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Table 2
Descriptive Statistics, by region.

COVID-19 cases, Relative risk to Staffed All Beds Staffed ICU Beds Number of Inbound Population
monthly mean destination (per 1000 People), (per 1000 People), airports passengers (million)
(R’), monthly mean mean mean (million)
Coastal States:
East Coast 3,881,613 0.176 2.50 0.21 310 212.5 67.8
Gulf Coast (Gulf of Mexico) 6,635,009 0.270 2.73 0.16 173 144.5 45.9
West Coast (Pacific Ocean) 12,518,262 0.330 1.72 0.16 157 88.7 48.6
Alaska and Hawaii (extensive coastlines) 137,390 0.036 1.91 0.08 338 18.2 2.7
Inland States:
Midwest 5,965,946 0.240 2.70 0.14 197 89.2 41
South 2,558,394 0.063 2.56 0.17 58 22.2 12.9
Southwest 8,664,557 0.516 1.83 0.13 72 54.5 17.2
Rocky Mountain region 811,078 0.361 3.32 0.09 65 35.5 7.8
Pacific Northwest 2,021,026 0.206 1.78 0.13 62 26.4 10.1
Northeast 3,152,730 0.086 2.83 0.24 48 14.5 9.7
Great Plains 1,561,062 0.035 4.06 0.09 70 11.5 10
Southeast 2,595,771 0.070 2.20 0.17 28 12.4 5.2

Notes: Population size and number of airports only represent counties within the region that experienced air travel. Counties with no commercial airports are not represented.
East Coast (Atlantic Ocean): ME, NH, MA, RI, CT, NY, NJ, DE, MD, VA, NC, SC, GA, FL.

Gulf Coast (Gulf of Mexico): FL, AL, MS, LA, TX.

West Coast (Pacific Ocean): CA, OR, WA.

Midwest: OH, MI, IN, WL, IL, MN, IA, MO, ND, SD, NE, KS

South: KY, TN, WV, AR, OK

Southwest: AZ, NM, NV, UT

Rocky Mountain Region: CO, WY, MT, ID

Pacific Northwest (Inland): Parts of OR and WA (inland)

Northeast (Inland): PA, VT, WV

Great Plains: KS, OK, NE, SD, ND, MT

Southeast (Inland): AR, TN

Source: US Bureau of Transportation Statistics, US Census Bureau, US Bureau of Economic Analysis, CovidCareMap, State Health Departments, the Johns Hopkins GitHub repository, US Centers for Disease Control
and Prevention (CDC), Congressional Research Service (CRS) Report for Congress, World Atlas.
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Fig. 1. Confirmed Cased of COVID-19 in the United States — cases per 100,000 population on January 8, 2021
Source: US Census Bureau, the Johns Hopkins GitHub repository, US Centers for Disease Control and Prevention (CDC).
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Fig. 2. COVID-19 Relative Risk to Destination Counties (January 2021)
Source: US Bureau of Transportation Statistics, US Census Bureau, US Bureau of Economic Analysis, CovidCareMap, the Johns Hopkins GitHub repository, US
Centers for Disease Control and Prevention (CDC).

spread of the disease and make informed decisions regarding resource
allocation and response methods.

Fig. 2 features a choropleth map that portrays the distribution of
COVID-19 importation risk across different destination counties in Jan-
uary 2021. By applying distinct color shade gradations to denote varying
levels of risk, the map simplifies the process of identifying and compar-
ing the geographical spread of risk across the counties. The Fig. covers
commercial airports, focusing on scheduled commercial passenger and
cargo air services. Some counties do not have commercial airports and
in cases where there is no passenger traffic, the relative risk of COVID-19
importation cannot be calculated, resulting in blank areas.

The rankings provided in Table 3 offers a compelling insight into the
relative risks associated with air travel and COVID-19 across various US
counties in 2021. Considering that the relative risk is determined on
a monthly basis, Table 3 compiles the 12 monthly values to calculate
the annual average. This analysis is particularly crucial in understand-
ing how travel patterns and regional characteristics might influence the
spread of the virus.

The table reveals Los Angeles, California, emerging as the highest
at-risk county with a relative risk of 0.943. Dallas, Texas, and Clark,
Nevada, remained high on the list indicating vulnerability. Conversely,
we find that the lowest-risk counties (not reported here but can be made
available upon request) were predominantly in less populated, more re-
mote areas. Counties like Klamath, Oregon, and Lee, Alabama, exhibited
extraordinarily low relative risks (in the order of 10719), indicative of
minimal air travel-related risk for COVID-19 importation via air travel.
Remote Alaskan counties such as Northwest Arctic and Aleutians East
registered the lowest relative risks.

These findings stress the significant variance in COVID-19 air travel-
related risk across US counties, influenced by factors like population
density, travel volume, and regional connectivity. This disparity in
risk emphasizes the need for targeted public health strategies and in-
terventions, especially in higher-risk areas with significant air travel
activities.

In light of the ranking presented in Table 3, an important inquiry
arises: to what extent does the relative risk of COVID-19 importation
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Table 3
Top 20 at-risk Destination Counties, 2021.

Rank County, State Relative risk (R/)
1 Los Angeles, CA 0.943
2 Dallas, TX 0.914
3 Clark, NV 0.913
4 Cook, IL 0.858
5 Maricopa, AZ 0.788
6 Denver, CO 0.734
7 Fulton, GA 0.632
8 Queens, NY 0.579
9 Harris, TX 0.554
10 King, WA 0.423
11 San Francisco, CA 0.393
12 Orange, FL 0.363
13 Miami-Dade, FL 0.336
14 Rappahannock, DC 0.323
15 Salt Lake, UT 0.322
16 Honolulu, HI 0.314
17 Hennepin, MN 0.229
18 Essex, NJ 0.218
19 Travis, TX 0.214
20 Broward, FL 0.208

Notes: Relative risk is assessed monthly. Values represent annual averages.
Source: US Bureau of Transportation Statistics, US Census Bureau, US
Bureau of Economic Analysis, CovidCareMap, State Health Departments,
the Johns Hopkins GitHub repository, US Centers for Disease Control and
Prevention (CDC).

correlate with the actual number of COVID-19 cases at the county
level? This question is particularly significant given that the calcula-
tion of relative risk in Eq. (3) exclusively considers domestic air trans-
port, omitting other modes of travel such as road, rail, and international
flights.

Fig. 3 provides a visual representation of this relationship by plot-
ting the number of COVID-19 cases against the relative COVID-19 risk
across various US counties (crosses). The x-axis represents the number
of COVID-19 cases on a logarithmic scale, while the y-axis shows the
relative COVID-19 risk, also on a logarithmic scale. The use of logarith-
mic scales for both axes effectively disperses the data points, allowing
for clearer observation of patterns and variations among the counties.
For comparison, Fig. 1A in the Appendix presents the same relationship
using untransformed variables.

The Pearson correlation coefficient between the relative risk of
COVID-19 importation and the actual number of COVID-19 cases at the
county level is approximately 0.60. This coefficient indicates a mod-
erate positive correlation, implying that as the number of COVID-19
cases in a county increases, the relative risk of COVID-19 importa-
tion also tends to rise. Consistent with the findings in Table 3, the
counties identified as having the highest relative risk are situated at
the upper end of the COVID-19 case distribution. These top 20 at-
risk counties are highlighted in red and are labeled accordingly for
emphasis.

Choropleth maps of the United States, depicting the number of
staffed hospital and ICU beds available per thousand residents for each
county, are shown in Figs. 4 and 5, respectively. This distribution re-
veals the variance in healthcare resource allocation across different re-
gions. Notably, the Midwest has a higher number of hospital beds per
thousand residents but fewer ICU beds relative to other regions. While
some areas are well-equipped, many counties face a scarcity of hospital
beds relative to their population. Understanding these patterns is essen-
tial for targeted healthcare planning and resource distribution to ensure
equitable healthcare access.

4.2. Regression Analysis
This section presents a county-level regression analysis to investigate

the impact of healthcare infrastructure on the Relative Risk of COVID-19
in destination counties. We employ two regression models that examine
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the impact of healthcare infrastructure, specifically the availability of
staffed hospital beds and ICU beds per 1,000 people, while controlling
for various socio-economic and geographic factors. We include county
origin-destination (O-D) pair fixed effects in the estimation to assuage
potential endogeneity issues emanating from omitted variable bias, mea-
surement error, or simultaneity. We formally discuss endogeneity con-
cerns in section 5.

The first model assesses the relationship between the availability of
staffed hospital beds and the relative risk of COVID-19. The model is
specified as follows:

Relative Risk of COVID-19
= fy + p;(Staffed Hospital Beds Per 1000 People) + X + € 4)

The second model evaluates the impact of staffed ICU bed availabil-
ity on the relative risk of COVID-19:

Relative Risk of COVID-19
= fy + p;(Staffed ICU Beds Per 1000 People) + X + € 5)

In both models, X represents a matrix of control variables includ-
ing inbound passengers per capita, freight, network strength, distance,
household size, and income per capita, with ¢ as the error term. The
comparison between these models allows us to understand how general
hospital capacity and critical care capacity contribute to variations in
COVID-19 risk at the destination counties.

In our estimation of these models, we specified a log-log regression
to quantify the effects of healthcare resources and other socio-economic
variables on the pandemic’s transmission dynamics. This transforma-
tion allows us to interpret the results in terms of elasticities, offering
a description of how percentage changes in predictor variables affect
the percentage change in the relative risk of COVID-19 to destination
counties.

In Tables 4 and 5, we report the results reflecting different aspects
of healthcare capacity—staffed hospital beds and staffed ICU beds per
1000 people. Both models proved highly informative in identifying
key factors that influence the pandemic’s transmission dynamics at the
county level. We discuss Column 4 in both tables since we control for
county O-D pair and time fixed effects.

With respect to healthcare resources, the coefficient for staffed hos-
pital beds per 1000 people in Column 4 of Table 4 is -0.161, indicating
that a 1% increase in staffed hospital beds per 1000 people is associated
with a 16.1% decrease in the relative risk of COVID-19 spread. This
suggests that while general hospital capacity is crucial, its impact on
mitigating the spread is moderate yet statistically significant. The coef-
ficient for staffed ICU beds per 1000 people in Column 4, Table 5, was
less pronounced at -0.104. This translates to a 10.4% decrease in the
relative risk of COVID-19 spread at the destination county for every 1%
increase in ICU bed availability. The more substantial effect emphasizes
the critical role of staffed hospital bed capacity in significantly reducing
transmission rates.

Examining socio-economic and mobility factors in both tables, in-
bound passengers per capita has a positive coefficient of approximately
0.51, suggesting that a 1% increase in inbound passenger traffic per
capita is associated with a 51% increase in the relative risk of COVID-
19 spread. This strong effect emphasizes the significant impact of hu-
man mobility on virus transmission. The negative association observed
with freight suggests that areas with higher freight activity, experi-
ence a 2.4% decrease in relative risk per 1% increase in freight vol-
ume. During the COVID-19 pandemic, a pronounced shift toward freight
transportation occurred as passenger travel experienced a dramatic
decline.

This shift was driven by an increased reliance on shipping to meet
consumer demand for goods, resulting in a substantial rise in freight
volumes. In response, airlines strategically retrofitted certain aircraft to
accommodate cargo, thereby mitigating the financial impact of dimin-
ished passenger revenue (Atems & Yimga, 2021). Notably, American
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Table 4
Destination travel risk log-log regression results. The dependent variable is natural log of Rel-
ative Risk at Destination (/n(R’)). Healthcare infrastructure measured by staffed hospital beds.

(€D)] ) 3) “@
In (staffed hospital beds per 1000 people)  -0.513*** -0.126*** -0.167*** -0.161%**
(-33.88) (-8.048) (-13.38) (-12.45)
In (inbound passengers per capita) 0.484*** 0.424*** 0.561*** 0.506***
(74.72) (38.42) (152.8) (138.7)
In (freight) -0.0227#** -0.0261%** -0.0222#** -0.0240***
(-23.35) (-20.53) (-20.95) (-21.83)
In (network strength) 1.389*** 1.194%* 1.136%** 1.228%**
(167.2) (38.41) (76.11) (81.21)
In (distance) 0.0814*** 0.170*** 0.165*** 0.168***
(19.94) (10.96) (19.00) (18.67)
In (household size) 5.158*** 0.555** 1.484*** 1.126***
(111.3) (2.071) (12.94) (9.484)
In (income per capita) 1.023*** 0.354*** 0.760*** 0.793***
(61.38) (4.934) (18.46) (18.58)
In (population density) 0.233*** 0.0767*** 0.0600*** 0.00371
(70.26) (2.676) (4.599) (0.278)
Constant -25.67%** -12.91%** -17.71%* -17.81%**
(-126.8) (-15.38) (-36.90) (-35.80)
Fixed effects
County O-D X X X
Month X
Quarter X
Year X X
Observations 150,911 150,911 149,519 149,519
R? 0.715 0.837 0.861 0.850

Notes: O-D refers to origin-destination. Variables are measured at the destination county.
Robust t-statistics are in parentheses.

*p < 0.01; **p < 0.05; *p < 0.1

Source: US Bureau of Transportation Statistics, US Census Bureau, US Bureau of Economic
Analysis, CovidCareMap, State Health Departments, the Johns Hopkins GitHub repository, US
Centers for Disease Control and Prevention (CDC).

Table 5
Destination ravel risk log-log regression results. The dependent variable is natural log of Rela-
tive Risk at Destination (/n(R’)). Healthcare infrastructure measured by staffed ICU beds.

(€8] ) 3) @
In (staffed ICU beds per 1000 people) -0.161*** -0.153*** -0.110*** -0.104***
(-14.46) (-14.07) (-12.05) (-11.04)
In (inbound passengers per capita) 0.490*** 0.422*** 0.557*** 0.502***
(75.62) (37.78) (150.7) (136.8)
In (freight) -0.0238*** -0.0259*** -0.0220%** -0.0238***
(-24.42) (-20.45) (-20.81) (-21.71)
In (network strength) 1.372%** 1.206*** 1.152%** 1.246***
(164.8) (38.15) (76.31) (81.47)
In (distance) 0.0742*** 0.145*** 0.133*** 0.136***
(18.18) (9.083) (14.98) (14.80)
In (household size) 5.692%** 0.539* 1.707*** 1.323***
(123.5) (1.841) (14.11) (10.56)
In (income per capita) 1.166*** 0.578*** 0.986*** 1.033***
(69.07) (7.517) (22.87) (23.11)
In (population density) 0.205*** 0.0199 -0.0151 -0.0734***
(63.21) (0.676) (-1.127) (-5.340)
Constant -28.17*** -15.17*** -20.06*** -20.27***
(-137.8) (-17.49) (-40.68) (-39.66)
Fixed effects
County O-D X X X
Month X
Quarter X
Year X X
Observations 150,307 150,307 148,923 148,923
R? 0.708 0.835 0.859 0.848

Notes: O-D refers to origin-destination. Variables are measured at the destination county.
Robust t-statistics are in parentheses.

***p < 0.01; **p < 0.05; *p < 0.1

Source: US Bureau of Transportation Statistics, US Census Bureau, US Bureau of Economic Anal-
ysis, CovidCareMap, State Health Departments, the Johns Hopkins GitHub repository, US Cen-
ters for Disease Control and Prevention (CDC).
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Fig. 3. Scatter Plot of COVID-19 Cases vs. Relative COVID-19 Risk, log scale, county-level, 2021
Source: US Census Bureau, the Johns Hopkins GitHub repository, US Centers for Disease Control and Prevention (CDC).

Airlines introduced hundreds of cargo-only flights in September 2020
as a means of offsetting the revenue losses associated with the decline
in passenger travel (The Dallas Morning News, 2020). Unlike passen-
ger travel, freight transport involves goods rather than people, limit-
ing direct human-to-human interactions responsible for spreading the
virus.

Both models demonstrate that larger household sizes and higher per
capita incomes, which typically increase the likelihood of social inter-
actions, significantly contribute to the risk

10

Interestingly, the models diverge slightly in their assessment of the
impact of geographic and socio-economic factors. The variable distance
is consistently positive, indicating that remoteness can exacerbate risk,
possibly due to duration of exposure. Longer flights mean passengers are
in close quarters for extended periods, increasing the likelihood of virus
transmission. The confined space and recirculated air onboard airplanes
further elevate this risk.

Social determinants such as household size and income per capita
also play critical roles, with both showing statistically significant pos-
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Fig. 4. Staffed hospital beds per 1000 people by county (2020)
Source: CovidCareMap.

Fig. 5. Staffed ICU beds per 1000 people by county, 2020ss
Source: CovidCareMap.

itive associations with COVID-19 spread. Larger household sizes facil-
itate intra-household transmission, and higher income levels may cor-
relate with increased social interactions and mobility, contributing to
greater risk. Both tables are robust, explaining a large proportion of the
variance in COVID-19 spread risk as indicated by high R-squared values
(0.850 and 0.848 for the first and second model, respectively).

The analysis confirms that managing the COVID-19 pandemic re-
quires a multidimensional approach, addressing not only healthcare in-
frastructure but also regulating factors like mobility and socio-economic
conditions that significantly enhance transmission risks. Strategies must
be region-specific, leveraging insights on local healthcare capacities and
socio-economic behaviors to tailor public health interventions effec-
tively.

These findings are invaluable for policymakers tasked with designing
interventions to curb the spread of COVID-19. Enhancing ICU capabili-
ties and implementing strict controls on air travel and large gatherings
could be particularly effective. Moreover, understanding the impact of
local networks and socio-economic factors can help in developing tar-
geted responses that are finely tuned to the needs and characteristics of
specific regions.

11

4.3. Robustness tests

To ensure the reliability of our findings, we conduct multiple ro-
bustness tests. We examined alternative specifications of the regression
model, incorporating different definitions of the dependent variable (as
shown in Tables 6 and 7). These tests consistently support the original
results. The sensitivity analyses revealed no noteworthy changes to the
conclusions, thereby confirming the robustness of our findings.

4.3.1. Risk of spread

We implement further robustness checks by replacing the original
dependent variable (relative risk of COVID-19 to destination) with an
alternative one (COVID-19 risk spread as defined in Equation 1) and
finding that the results generally mirror the original findings.

In the model including staffed hospital beds (Table 6), a 1% increase
in the number of beds per 1000 people leads to an approximate 23.8%
decrease in the relative risk of COVID-19 spread in Column 4. This coef-
ficient is notably larger than in the previous model discussions, indicat-
ing a more substantial impact of general hospital readiness on mitigating
transmission risks in the context of air travel.
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Table 6

Destination travel risk log-log regression results. The dependent variable is log of Risk of COVID-19
Spread from origin to destination counties (/n(r; ))- Healthcare infrastructure measured by staffed
hospital beds.

@ (2 3 “
In (Staffed hospital beds per 1000 people)  -0.564*** -0.258*** -0.238*** -0.238***
(-39.35) (-19.30) (-26.49) (-25.32)
In (Inbound passengers per capita) 0.769*** 1.025*** 0.996*** 0.999***
(167.1) (199.1) (376.5) (377.3)
In (Freight) -0.0121***  -0.00273***  -0.00846***  -0.00804***
(-13.84) (-2.972) (-11.10) (-10.09)
In (Network Strength) 1.204*** 0.813*** 0.767*** 0.765***
(175.0) (30.80) (71.43) (69.75)
In (Distance) 0.0872*** 0.149*** 0.131%** 0.131%**
(23.47) (11.87) (20.92) (20.12)
In (household size) 6.238*** 4.576*** 3.855*** 3.882%**
(149.9) (18.97) (46.69) (45.08)
In (income per capita) 0.950"** 1.665*** 0.190*** 0.181***
(62.68) (24.34) (6.396) (5.830)
In (population density) 0.243*** 0.145*** 0.261*** 0.264***
(70.85) (5.653) (27.78) (27.20)
Constant -10.13*** -14.57*** 1.984*** 2.044***
(-55.02) (-19.10) (5.741) (5.664)
Fixed effects
County O-D X X X
Month X
Quarter X
Year X X
Observations 150,911 150,911 149,519 149,519
R? 0.796 0.911 0.935 0.929

Notes: O-D refers to origin-destination. Variables are measured at the destination county.

Robust t-statistics are in parentheses.

***p < 0.01; **p < 0.05; *p < 0.1

Source: US Bureau of Transportation Statistics, US Census Bureau, US Bureau of Economic Analysis,
CovidCareMap, State Health Departments, the Johns Hopkins GitHub repository, US Centers for
Disease Control and Prevention (CDC).

Table 7

Destination travel risk log-log regression results. The dependent variable is log of Risk of
COVID-19 Spread from origin to destination counties (/n(r; )- Healthcare infrastructure mea-
sured by staffed ICU beds.

@ 2) 3) “@
In (Staffed ICU beds per 1000 people) 0.130*** 0.0126 -0.161*** -0.162%**
(12.43) (1.426) (-24.64) (-23.63)
In (Inbound passengers per capita) 0.779*** 1.019*** 0.996*** 0.999***
(173.6) (197.1) (375.2) (376.2)
In (Freight) -0.0142*** -0.00264*** -0.00828*** -0.00788***
(-16.23) (-2.888) (-10.89) (-9.927)
In (Network Strength) 1.173*** 0.836*** 0.780*** 0.778***
(171.8) (31.62) (71.90) (70.25)
In (Distance) 0.0774*** 0.102*** 0.0966*** 0.0969***
(20.76) (8.433) (15.19) (14.57)
In (household size) 7.272%** 5.529%** 4.405*** 4.430%**
(174.0) (21.35) (50.67) (48.86)
In (income per capita) 1.115%** 1.919*** 0.326"** 0.317***
(73.24) (26.17) (10.53) (9.801)
In (population density) 0.193*** 0.0266 0.190*** 0.193***
(58.56) (1.046) (19.72) (19.40)
Constant -12.84*** -17.53*** 0.174 0.240
(-70.55) (-21.95) (0.491) (0.647)
Fixed effects
County O-D X X X
Month X
Quarter X
Year X X
Observations 150,307 150,307 148,923 148,923
R? 0.792 0.910 0.935 0.929

Notes: O-D refers to origin-destination. Variables are measured at the destination county.
Robust t-statistics are in parentheses.

***p < 0.01; **p < 0.05; *p < 0.1

Source: US Bureau of Transportation Statistics, US Census Bureau, US Bureau of Economic
Analysis, CovidCareMap, State Health Departments, the Johns Hopkins GitHub repository, US
Centers for Disease Control and Prevention (CDC).
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Table 8
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Travel risk log-log regression results accounting for Regional Differences. The dependent variable is natural log of Relative
Risk at Destination (/n(R’)). Healthcare infrastructure measured by staffed hospital beds.

Coastal States

Inland States

[€9] 2) 3) “@ %) (6)
In (staffed hospital beds per 1000 people) ~ -0.485*** -0.480"** -0.468*** -0.503*** -0.630*** -0.646***
(-29.28) (-31.02) (-29.57) (-25.47) (-33.06) (-33.10)
In (inbound passengers per capita) 0.557*** 0.651*** 0.625%** 0.303*** 0.438*** 0.401***
(146.7) (175.3) (166.8) (53.66) (76.11) (70.52)
In (freight) -0.00787*** -0.00588*** -0.00758*** -0.0700*** -0.0645*** -0.0665***
(-5.640) (-4.526) (-5.693) (-46.56) (-45.81) (-46.23)
In (network strength) 1.343*** 1.264*** 1.293*** 1.695*** 1.631*** 1.648***
(140.8) (141.1) (141.7) (164.4) (167.7) (166.6)
In (distance) 0.0899*** 0.0900*** 0.0928*** 0.0265*** 0.0202*** 0.0233***
(17.47) (18.80) (18.92) (3.934) (3.225) (3.625)
In (household size) 4.439*** 5.244*** 5.054*** 7.737*** 7.688"** 7.696"**
(70.40) (87.77) (82.83) (83.19) (88.67) (86.76)
In (income per capita) 1.164*** 1.313*** 1.306%** 1.298*** 1.084*** 1.190***
(57.43) (68.28) (66.27) (39.67) (34.50) (37.32)
In (population density) 0.288*** 0.268*** 0.268*** 0.0843*** 0.0853*** 0.0847***
(60.61) (60.30) (58.77) (14.79) (16.06) (15.58)
Constant -26.95"** -28.83"** -28.73*** -30.76*** -27.75%** -29.04***
(-110.4) (-124.5) (-121.1) (-75.95) (-71.63) (-73.83)
Fixed effects
Month X X
Quarter X X
Year X X X X
Observations 83,093 83,093 83,093 58,084 58,084 58,084
R? 0.724 0.761 0.749 0.765 0.796 0.786

Notes: O-D refers to origin-destination. Variables are measured at the destination county.

Robust t-statistics are in parentheses.
***p < 0.01; **p < 0.05; *p < 0.1

Source: US Bureau of Transportation Statistics, US Census Bureau, US Bureau of Economic Analysis, CovidCareMap, State
Health Departments, the Johns Hopkins GitHub repository, US Centers for Disease Control and Prevention (CDC).

The model incorporating staffed ICU beds (Table 7) demonstrates a
lesser effect, with a 1% increase in ICU beds per 1000 people resulting
in a 16.2% decrease in relative risk in Column 4. This gives prominence
the critical role of hospital bed availability in controlling the spread,
especially in scenarios where air travel is a significant risk factor.

The signs of coefficients for mobility and socio-economic factors re-
main consistent with earlier findings. The R-squared value for both mod-
els is remarkably high (0.929), indicating an excellent fit and suggesting
that the models explain a large proportion of the variability in the risk
of COVID-19 spread related to air travel.

The inclusion of fixed effects for county origin-destination pairs,
time factors (monthly, quarterly, yearly), enhance the robustness of the
model, ensuring that various unobserved heterogeneities are adequately
controlled.

4.3.2. Regional differences

In exploring the dynamics of the COVID-19 pandemic, it becomes
crucial to understand how various factors contribute to the spread of
the virus in different geographical contexts. Coastal and inland regions
in the United States present distinct demographic, economic, and infras-
tructural characteristics that likely influence the patterns of COVID-19
transmission. Coastal states, with their dense populations, significant
air travel hubs, and higher per capita incomes, may experience unique
challenges in controlling the spread of the virus. These states often serve
as major entry points for international travel, potentially increasing ex-
posure risks. On the other hand, inland states, characterized by differ-
ent population densities, travel patterns, and social structures, may face
a different set of challenges and risks. Conducting separate regression
analyses for coastal and inland states allows us to uncover the nuanced
ways in which various factors contribute to the relative risk of COVID-
19 spread in these diverse regions. This approach not only provides a
more tailored understanding of the pandemic’s impact but also aids in
formulating region-specific strategies for mitigation and preparedness.
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The estimated regression models for coastal (columns 1 through 3)
and inland (columns 4 through 6) states in Tables 8 and 9, focusing on
the relative risk of COVID-19 spread to destination counties, reveal in-
triguing differences in how various factors influence this relative risk. In
these specifications, the coefficients, being elasticity estimates, indicate
the percentage change in the relative risk for a one percent change in
each explanatory variable, all else being constant.

The findings suggest that both types of healthcare re-
sources—hospital and ICU beds—are crucially important in managing
COVID-19 spread, with slightly more pronounced effects in inland
states compared to coastal states. This could be due to various factors
including demographic differences, the initial level of healthcare
infrastructure, and perhaps differing rates of COVID-19 incidence and
spread patterns.

Moreover, the slightly stronger relationship between staffed hospital
bed availability and reduced COVID-19 risk in inland states might also
reflect the critical role that less specialized medical care plays in regions
where healthcare services are more concentrated. This is indicative of
the need for targeted healthcare policies that consider geographical and
regional disparities in healthcare resource distribution and their impact
on public health outcomes during a pandemic.

Comparing the two specifications, coastal states appear more sensi-
tive to factors like air travel, and income, which aligns with their char-
acteristics as densely populated, economically vibrant areas with sig-
nificant air travel connectivity. In contrast, inland states show higher
sensitivity to household size and network strength, possibly reflecting
different social structures and community behaviors. Both regions ben-
efit from improved healthcare infrastructure, but the factors driving the
spread of COVID-19 differ notably between coastal and inland areas.

Chow tests conducted in Tables 10 and 11 suggest that the differ-
ential effects in healthcare capacity across coastal and inland states are
statistically significant. Columns (a), (b) and (c) of Table 10 test whether
there is a statistically significant difference in the coefficient estimate
of staffed hospital beds between columns 1 and 4, 2 and 5, 3 and 6 of
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Table 9
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Travel risk log-log regression results accounting for Regional Differences. The dependent variable is natural log of Relative
Risk at Destination (/n(R’)). Healthcare infrastructure measured by staffed ICU beds.

Coastal States

Inland States

(€8] 2) 3) [©)] 5) (6)
In (staffed ICU beds per 1000 people)  -0.0650*** 0.0997*** 0.108*** -0.221*** -0.242"** -0.245"**
(-5.397) (8.248) (8.693) (-12.08) (-14.15) (-14.00)
In (inbound passengers per capita) 0.558*** 0.649*** 0.623*** 0.317*** 0.451*** 0.414***
(143.8) (172.4) (164.0) (56.19) (77.97) (72.29)
In (freight) -0.00902*** -0.00796*** -0.00969*** -0.0720*** -0.0674*** -0.0695***
(-6.455) (-6.115) (-7.277) (-47.81) (-47.73) (-48.20)
In (network strength) 1.314%** 1.233*** 1.262%** 1.687*** 1.627*** 1.645***
(135.5) (135.3) (136.2) (161.6) (164.9) (163.9)
In (distance) 0.0782*** 0.0732*** 0.0762*** 0.0244*** 0.0185*** 0.0215***
(15.04) (15.13) (15.37) (3.607) (2.930) (3.326)
In (household size) 5.084*** 6.054*** 5.849*** 8.098*** 8.101*** 8.125***
(81.39) (101.5) (96.13) (86.47) (92.34) (90.50)
In (income per capita) 1.310*** 1.459*** 1.447+* 1.408*** 1.161*** 1.273***
(65.26) (77.01) (74.62) (42.09) (36.02) (38.90)
In (population density) 0.270%** 0.249%** 0.249%** 0.0574*** 0.0524*** 0.0506***
(57.12) (56.34) (55.00) (9.848) (9.617) (9.081)
Constant -29.45%** -31.23*** -31.06"** -32.82"** -29.64"** -31.02***
(-124.9) (-140.1) (-136.0) (-79.76) (-74.79) (-77.12)
Fixed effects
Month X X
Quarter X X
Year X X X X
Observations 82,626 82,626 82,626 57,969 57,969 57,969
R? 0.717 0.755 0.743 0.760 0.791 0.781

Notes: O-D refers to origin-destination. Variables are measured at the destination county.

Robust t-statistics are in parentheses.
***p < 0.01; “*p < 0.05; *p < 0.1

Source: US Bureau of Transportation Statistics, US Census Bureau, US Bureau of Economic Analysis, CovidCareMap, State
Health Departments, the Johns Hopkins GitHub repository, US Centers for Disease Control and Prevention (CDC).

Table 10

Chow test results for comparing staffed hospital beds effects between coastal and inland states.

H,: There is no significant statistical difference in the coefficient estimates for staffed hospital beds between coastal and inland states.

(©)

(@) (b)
F(1, 150901) = 934.22*** F(1, 150889) = 1316.64***
Fixed effects
Month X
Quarter
Year X

F(1, 150897) = 1191.05***

*p < 0.01; **p < 0.05; *p < 0.10

Table 11

Chow test results for comparing staffed ICU beds effects between coastal and inland states.

H,: There is no significant statistical difference in the coefficient estimates for staffed ICU beds between coastal and inland states.

©

(@ )
F(1, 150297) = 2798.40*** F(1, 150285) = 3554.28"**
Fixed effects
Month X
Quarter
Year X

F(1, 150293) = 3430.12***

***p < 0.01; **p < 0.05; *p < 0.10

Table 8, respectively. A similar relationship exists between Tables 9 and
11 with regard to differential effects in staffed ICU beds across coastal
and inland states.

4.3.2.1. Comparing county-level and regional results. To what extent do
the regional results align with our initial findings at the county level in
terms of consistency and robustness? In examining the estimated regres-
sion models (Table 4 versus Table 8, and Table 5 versus Table 9), our
analysis reveals both consistency and variations between county-level
results and regional outcomes for coastal and inland states.
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The directionality of the coefficient estimates presents a clear
throughline of consistency. Positively valued coefficients for variables
such as county inbound passengers per capita, destination network
strength, distance, destination household size, and destination income
per capita uniformly suggest that increases in these factors correlate
with heightened relative risk of COVID-19 spread. Conversely, the con-
sistently negative coefficients associated with destination staffed hospi-
tal and ICU beds per thousand residents and freight indicate a universal
trend where increases in these variables lead to a reduced relative risk
of COVID-19 spread.
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The statistical significance of these coefficients further bolsters their
robustness as predictors of COVID-19 spread, with all variables demon-
strating statistical significance at least at the 1% level in both regional
and county-level models. Such statistical robustness across diverse ge-
ographic contexts indicates that the identified factors are critical and
stable predictors of the pandemic’s spread, reinforcing the validity of
these models in various settings.

However, when analyzing the magnitudes of these coefficients, vari-
ations emerge between county-level and regional analyses. Notably, the
impact of several variables, including staffed hospital beds per 1000 peo-
ple, household size, and income per capita appears more pronounced in
the regional models. This suggests that the regional context amplifies
the effects of these variables, potentially due to regional-specific char-
acteristics or variations in pandemic response and healthcare resource
allocation. Furthermore, the slight differences in coefficient magnitudes
between coastal and inland states suggest subtle regional disparities
in the pandemic’s dynamics, suggesting that even within broader ge-
ographic categories, local factors and conditions may significantly in-
fluence COVID-19 spread.

5. Endogeneity and simultaneity

One of the key challenges in our analysis is the risk of omitted vari-
able bias. This occurs when unobserved factors potentially influence
both the dependent and explanatory variables. In the realm of travel risk
assessment, such unobserved factors might include local public health
policies, cultural norms, or socioeconomic conditions unique to each O-
D pair. By implementing county O-D pair fixed effects, we can effectively
control for any constant differences between county pairs, which might
otherwise skew the relationship between travel risk and our explanatory
variables.

Another significant concern is the issue of simultaneity, which refers
to the interdependence between the dependent variable and one or more
explanatory variables. For example, the relative risk of COVID-19 in
a destination could influence and be influenced by variables such as
incoming passenger volumes or healthcare resource allocation.

In analyzing the relative risk of COVID-19 in destination counties,
we face a simultaneity challenge stemming from the two-way causal re-
lationship between the number of inbound passengers per capita and
the local COVID-19 risk. Higher perceived or actual COVID-19 risk in
a county may deter travel to that location, reducing inbound passen-
ger numbers. Conversely, larger numbers of incoming passengers could
increase the risk of importing and spreading the virus in the destination.

This simultaneity complicates our ability to discern the true causal
relationships within our model. Standard Ordinary Least Squares (OLS)
regression methods, which rely on the assumption that explanatory vari-
ables are exogenous, are likely to produce biased and unreliable results
due to this bidirectional influence. Although the application of county
O-D pair fixed effects aids in mitigating these concerns by isolating the
effects of the explanatory variables on the relative risk, the full treat-
ment of these reciprocal dynamics is further explored in the following
section.

5.1. Two-stage least squares

To tackle the issue of simultaneity, we propose using an instrumen-
tal variable (IV) approach. This method involves identifying variables
that are associated with the endogenous explanatory variable (inbound
passengers per capita) but are unaffected by the dependent variable (rel-
ative risk of COVID-19 to destination).

For our instruments, we have selected the Sunbelt region (a dummy
variable for origin or destination counties located in the Sunbelt follow-
ing other aviation studies®) and the distance between origin and desti-
nation airports. The Sunbelt region is characterized by a warm climate,

3 See Debbage and Debbage (2019) and Gualini et al. (2023).
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particularly with hot summers and mild winters and includes states such
as California, Florida, Hawaii, Nevada, Arizona, New Mexico, Texas,
Louisiana, Mississippi, Alabama, Puerto Rico, and the U.S. Virgin Is-
lands.

Our dataset indicates that approximately 53.3% of the observations
include an origin or destination counties that are located in the Sun-
belt region, which includes states such as California, Florida, Hawaii,
Nevada, Arizona, New Mexico, Texas, Louisiana, Mississippi, Alabama,
Puerto Rico, and the U.S. Virgin Islands.

The climate appeal of these locations is expected to draw passengers
regardless of the COVID-19 risk levels, while distance is presumed to
influence travel decisions without being directly impacted by short-term
changes in destination risk levels.

Applying these instruments within a two-stage least squares (2SLS)
regression framework allows us to isolate the component of passenger
volume variation that is independent of the COVID-19 risk at the desti-
nation. This method should lead to more accurate estimates, shedding
light on the actual causal relationships between air travel and COVID-19
risk, and avoiding the distortions caused by simultaneity.

In the first stage of the regression, the endogenous variable (county
inbound passengers per capita) is regressed against the chosen instru-
ments (sunbelt locations and distance). The first stage results show a
significant relationship between the instruments and the endogenous
variable, with an F-statistic substantially exceeding the conventional
threshold, indicating strong instruments.

The second stage involves using the predicted values from the first
stage as substitutes for the actual values of the endogenous variable
in our primary regression model that examines COVID-19 risk in des-
tination counties. The 2SLS results are detailed in Table 12, where a
comparison with original OLS estimates shows that the key coefficients
maintain their sign and significance, confirming the robustness of our
initial findings.

It is plausible that the relationship between staffed hospital and ICU
beds per 1000 residents and the dependent variable could be influenced
by population density at the destination counties. Hence, we include
population density as a control variable in Table 12. The coefficient
estimate on population density is positive and statistically significant,
indicating that locations with larger population densities have a greater
relative risk. This is probable because dense populations have more op-
portunities for close-contact interactions, which facilitates the spread of
the virus.

The Wu-Hausman test further validates our model specification and
the instrument choices. The Wu-Hausman test confirms the endogene-
ity of county inbound passengers per capita, supporting our concern
regarding its non-exogenous nature.

6. Policy implications

The comprehensive analysis of the factors influencing the spread of
COVID-19 at both county and regional levels provides vital insights for
developing targeted public health policies. These findings support the
critical need for policies that account for the diverse impacts of geo-
graphic, demographic, and socio-economic variables on public health
outcomes. Here, we outline several strategic policy implications derived
from our statistical models.

We posit that well-resourced healthcare systems, with adequate hos-
pital and ICU bed capacities, can enhance a region’s ability to implement
effective public health interventions, such as testing, contact tracing,
and quarantine measures. These interventions are crucial in managing
both local transmission and imported cases, thus indirectly impacting
the relative risk of virus spread via air travel.

Investments should be strategically directed to enhance healthcare
infrastructure, particularly focusing on increasing the number of staffed
hospital and ICU beds. The pronounced reduction in COVID-19 risk as-
sociated with enhanced healthcare capacity (hospital beds), especially
noted in coastal regions, accentuates the urgency of these investments.
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Table 12
2SLS regression results. The dependent variable is the natural log of Relative Risk at Destination (/n(R’)).
@™ 2) 3) 4 %) 6)
In (staffed hospital beds per 1000 people)  -0.493*** -0.537*** -0.537***
(-30.83) (-38.49) (-36.90)
In (staffed ICU beds per 1000 people) -0.135%** -0.152%** -0.155***
(-11.65) (-14.63) (-14.41)
In (inbound passengers per capita) 0.560*** 0.604*** 0.591*** 0.706*** 0.739*** 0.725***
(25.42) (27.09) (26.40) (32.40) (34.18) (33.39)
In (freight) -0.0190*** -0.0177%** -0.0191*** -0.0129*** -0.0121%** -0.0136***
(-13.25) (-12.71) (-13.61) (-8.804) (-8.512) (-9.569)
In (network strength) 1.294*** 1.296*** 1.302*%** 1.100*** 1.092*** 1.100***
(46.79) (48.41) (48.28) (40.11) (40.80) (40.78)
In (household size) 5.453*** 5.653*** 5.605%** 6.518*** 6.575"** 6.519***
(59.01) (60.20) (59.17) (71.66) (73.76) (72.74)
In (income per capita) 0.935%** 1.004*** 1.017*** 0.904*** 0.821*** 0.838***
(32.28) (39.04) (39.23) (30.05) (27.44) (27.72)
In (population density) 0.256*** 0.243*** 0.242%** 0.273%** 0.278*** 0.276***
(35.19) (36.13) (35.64) (36.31) (37.89) (37.32)
Constant -24.71%** -26.26%** -25.92%** -25.18*** -25.27%** -24.96%**
(-73.42) (-86.99) (-85.06) (-71.34) (-72.59) (-70.90)
Fixed effects
Month X X
Quarter X X
Year X X X X
Endogeneity Test:

Ho: inbound passengers per capita

is exogenous F(1,150901)

Wu-Hausman =11.58*** = 3.66***
(p = 0.000) (p = 0.000)
Observations 150,911 150,911
R? 0.713 0.748

F(1,150889)

F(1,150897) F(1,150297) F(1,150286)) F(1,150294)

= 4.99** =97.84**  =88.64"" =91.76"*
(p=0.000) (p=0.000)  (p=0.000) (p = 0.000)
150,911 150,307 150,307 150,307
0.737 0.696 0.727 0.715

Notes: Robust t-statistics are in parentheses. Variables are measured at the destination county.

#p < 0.01; **p < 0.05; *p < 0.1

Source: US Bureau of Transportation Statistics, US Census Bureau, US Bureau of Economic Analysis, CovidCareMap, State Health
Departments, the Johns Hopkins GitHub repository, US Centers for Disease Control and Prevention (CDC).

Policies should aim not only to increase the number of beds but also
to ensure these facilities are well-equipped and staffed. This approach
should be mixed, with a balance in resource allocation that bolsters ca-
pacities in both coastal regions, which may already possess relatively
robust infrastructures, and inland areas, where the need appears to be
more critical.

The significant role of air travel in the spread of COVID-19 neces-
sitates stringent regulatory measures at airports. Policies could include
mandatory health screenings, proof of vaccination, and, where neces-
sary, restrictions on travel from high-risk regions. Additionally, given
the impact of network strength on transmission rates, there should be
enhanced surveillance and rapid response strategies in highly connected
urban centers. This could involve deploying mobile testing units and in-
creasing public health awareness campaigns tailored to these dynamic
environments.

Policies need to support larger households, which are shown to sig-
nificantly contribute to the spread of the virus. Measures could include
programs ensuring adequate housing and promoting effective isolation
strategies. Economic policies should also encourage safe practices that
do not hinder economic activities but rather support safe interaction
modalities, such as remote working and digital transactions. This ap-
proach is particularly crucial in higher-income regions where increased
social interactions may drive transmission risks.

The variance between coastal and inland regions in terms of how
different factors affect COVID-19 spread suggests that regional-specific
strategies are essential. Coastal areas may require stricter controls on in-
ternational travel and port activities, while inland regions might benefit
more from strengthened local healthcare infrastructures. Additionally,
public health messaging should be tailored to the specific characteristics
and needs of these regions to enhance the effectiveness and community
acceptance of preventive measures.

Beyond immediate responses, there is a compelling need for long-
term investments in healthcare infrastructure and preparedness. Build-
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ing resilient systems based on the lessons learned from the current pan-
demic will enhance responses to future health crises. Moreover, policies
should be flexible and adaptive, guided by continuous data collection
and analysis to ensure they remain responsive to evolving conditions
and new health challenges.

The implementation of these policy recommendations would allow
governments and health organizations to not only better manage the
ongoing pandemic but also improve systemic resilience against future
infectious disease outbreaks. Such strategic, data-driven approaches are
essential for safeguarding public health in the face of increasingly com-
plex global health challenges.

7. Concluding remarks

This study leverages the air transportation network to quantify the
risk of COVID-19 spread across the United States, employing a robust
model that ranks counties based on the risk of importing COVID-19-
infected passengers.

Our comprehensive analysis has illuminated the relationships be-
tween healthcare capacities, socio-economic factors, and the spread of
COVID-19 at both county and regional levels. Through air transporta-
tion network modeling, we have demonstrated how variations in health-
care infrastructure, population mobility, and regional characteristics
profoundly influence the dynamics of disease transmission. These find-
ings support the multifaceted nature of public health threats and the
necessity for equally complex and well-coordinated responses.

Key takeaways from our study reveal the pivotal role of healthcare
resources, especially hospital bed capacities, in mitigating the impact
of COVID-19. The stark differences in the effectiveness of these re-
sources between coastal and inland areas pinpoint the importance of
geographic-specific strategies in health policy planning. Moreover, the
significant influence of mobility, particularly air travel, points to poten-
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tial high-impact areas for intervention, which could drastically reduce
the virus’s spread if managed effectively.

The variations observed between coastal and inland responses to the
same health metrics also suggest that a one-size-fits-all approach to pub-
lic health policy may not be sufficient. Instead, tailored strategies that
account for the unique demographic and socio-economic landscapes of
different regions are essential for effective disease control and preven-
tion.

Despite its utility, the proposed model incorporates several lim-
itations that warrant consideration. The inherent unpredictability of
COVID-19 spread poses a significant challenge. The model focuses on
the relative risk posed by infected air travelers but does not account for
the importation of the virus through intermediary hosts, such as pets or
wildlife, primarily because the impact of these vectors remains undeter-
mined.

We also recognize that using annual data for healthcare capacity
may introduce inconsistencies with the monthly nature of our depen-
dent variable, which measures the risk of COVID-19 transmission. This
discrepancy could affect the precision of our analysis, as healthcare re-
sources may have fluctuated monthly in response to the pandemic. Fu-
ture research could benefit from more granular, time-sensitive data to
better capture the relationship between healthcare capacity and COVID-
19 transmission risk.

Moreover, the reliance on reported case numbers as a proxy for ac-
tual cases introduces another layer of uncertainty. These Fig.s do not
necessarily reflect the true extent of local outbreaks, due to variations
in testing rates and reporting standards across counties. Additionally,
while the model aptly assesses the risk of virus importation via air travel,
it does not extend to evaluating the subsequent impact of local transmis-
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Another constraint is the model’s focus on air travel data, which,
while accurately capturing human mobility patterns across geographic
locations, does not encompass other forms of travel such as road or rail.
This limitation restricts our understanding of intra-county mobility dy-
namics and risks associated with other travel means, thereby potentially
overestimating the likelihood of imported cases in high-risk counties
with commercial airports.

Given these limitations, future research should explore the integra-
tion of multi-modal travel data. As such, expanding the model to include
data from road and rail travel could provide a more comprehensive view
of mobility patterns and risk, especially at a more granular geographical
level such as cities. Future studies could benefit from integrating data
on social distancing measures, lockdown restrictions, and vaccination
rates. This would enable a more sophisticated analysis of how these fac-
tors interact with healthcare infrastructure and air travel to influence
COVID-19 transmission risks.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.
CRediT authorship contribution statement

Jules Yimga: Writing — review & editing, Writing — original draft,

Visualization, Validation, Software, Methodology, Investigation, Formal
analysis, Data curation, Conceptualization.

sion once the virus is introduced into a community. Appendix
s0s Angeles, CA
selarkgnvias, TX
)@ook, IL
0.8 sMaricopa, AZ
~ sfulton, GA
9]
x 061 sQueens, NY
[e)) stlarris, TX
—
o)
>
8
King, WA
204r
‘5’ ,@range, FL )
g )éalt Lake, UT *lllami-Dade, FL
in, MN
gﬁé&?wpm' )@roward, FL
0.2 X X L
X XX Xx
X X X x X
¢ x X x
0.0 -3 X %
0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
COVID-19 Cases (10 million) le7

Fig. 1A. Scatter Plot of COVID-19 Cases vs. Relative COVID-19 Risk, county-level, 2021
Source: US Census Bureau, the Johns Hopkins GitHub repository, US Centers for Disease Control and Prevention (CDC).

17



J. Yimga

References

Ahmed, H., Patel, K., Greenwood, D. C., Halpin, S., Lewthwaite, P., Salawu, A., &
Sivan, M. (2020). Long-term clinical outcomes in survivors of severe acute respira-
tory syndrome (SARS) and Middle East respiratory syndrome coronavirus (MERS)
outbreaks after hospitalisation or ICU admission: a systematic review and meta-anal-
ysis. Journal of rehabilitation medicine, 52(5), 1-11.

Antonovics, J., Wilson, A. J., Forbes, M. R., Hauffe, H. C., Kallio, E. R., Leggett, H. C., &
Webster, J. P. (2017). The evolution of transmission mode. Philosophical Transactions
of the Royal Society B: Biological Sciences, 372(1719), Article 20160083.

Apolloni, A., Poletto, C., & Colizza, V. (2013). Age-specific contacts and travel patterns in
the spatial spread of 2009 H1N1 influenza pandemic. BMC infectious diseases, 13(1),
1-18.

Armstrong, R. A., Kane, A. D., & Cook, T. M. (2020). Outcomes from intensive care in pa-
tients with COVID-19: a systematic review and meta-analysis of observational studies.
Anaesthesia, 75(10), 1340-1349.

Atems, B., & Yimga, J. (2021). Quantifying the impact of the COVID-19 pandemic on US
airline stock prices. Journal of Air Transport Management, 97, Article 102141.

Balcan, D., Gongalves, B., Hu, H., Ramasco, J. J., Colizza, V., & Vespignani, A. (2010).
Modeling the spatial spread of infectious diseases: The GLobal Epidemic and Mobility
computational model. Journal of computational science, 1(3), 132-145.

Bauer, J., Briiggmann, D., Klingelhofer, D., Maier, W., Schwettmann, L., Weiss, D. J., &
Groneberg, D. A. (2020). Access to intensive care in 14 European countries: a spatial
analysis of intensive care need and capacity in the light of COVID-19. Intensive care
medicine, 46, 2026-2034.

Biggerstaff, M., Cauchemez, S., Reed, C., Gambhir, M., & Finelli, L. (2014). Estimates of
the reproduction number for seasonal, pandemic, and zoonotic influenza: a systematic
review of the literature. BMC infectious diseases, 14(1), 1-20.

Browne, A., St-Onge Ahmad, S., Beck, C. R., & Nguyen-Van-Tam, J. S (2016). The roles
of transportation and transportation hubs in the propagation of influenza and coron-
aviruses: a systematic review. Journal of travel medicine, 23(1), tav002.

Castanares-Zapatero, D., Chalon, P., Kohn, L., Dauvrin, M., Detollenaere, J., Maertens de
Noordhout, C., & Van den Heede, K. (2022). Pathophysiology and mechanism of long
COVID: a comprehensive review. Annals of Medicine, 54(1), 1473-1487.

Centers for Disease Control and Prevention (CDC) (2023). Health Disparities
Provisional Death Counts for COVID-19. https://www.cdc.gov/nchs/nvss/vsrr/
covid19/health_disparities.htm [Accessed May 15, 2024].

Chang, R., Elhusseiny, K. M., Yeh, Y. C., & Sun, W. Z. (2021). COVID-19 ICU and me-
chanical ventilation patient characteristics and outcomes—A systematic review and
meta-analysis. PloS one, 16(2), Article e0246318.

Chuy, L. Y. H., Alam, P., Larson, H. J., & Lin, L. (2020). Social consequences of mass quar-
antine during epidemics: a systematic review with implications for the COVID-19
response. Journal of travel medicine, 27(7), taaal92.

Combs, T. S., & Pardo, C. F. (2021). Shifting streets COVID-19 mobility data: Findings
from a global dataset and a research agenda for transport planning and policy. Trans-
portation Research Interdisciplinary Perspectives, 9, Article 100322.

Datta, S. D., Talwar, A., & Lee, J. T. (2020). A proposed framework and timeline of the
spectrum of disease due to SARS-CoV-2 infection: illness beyond acute infection and
public health implications. Jama, 324(22), 2251-2252.

Debbage, K. G., & Debbage, N. (2019). Aviation carbon emissions, route choice and tourist
destinations: Are non-stop routes a remedy? Annals of tourism research, 79, Article
102765.

Errett, N. A,, Sauer, L. M., & Rutkow, L. (2020). An integrative review of the limited evi-
dence on international travel bans as an emerging infectious disease disaster control
measure. J Emerg Manag, 18(1), 7-14.

Filip, R., Gheorghita Puscaselu, R., Anchidin-Norocel, L., Dimian, M., & Sav-
age, W. K. (2022). Global challenges to public health care systems during the
COVID-19 pandemic: a review of pandemic measures and problems. Journal of per-
sonalized medicine, 12(8), 1295.

Fusco, D., Saitto, C., Arca, M., & Perucci, C. A. (2006). Influenza outbreaks and hospital bed
occupancy in Rome (Italy): current management does not accommodate for seasonal
variations in demand. Health Services Management Research, 19(1), 36-43.

Gardner, L., & Sarkar, S. (2013). A global airport-based risk model for the spread of dengue
infection via the air transport network. PloS one, 8(8), €72129.

Gardner, L. M., Chughtai, A. A., & MacIntyre, C. R. (2016). Risk of global spread of Middle
East respiratory syndrome coronavirus (MERS-CoV) via the air transport network.
Journal of travel medicine, 23(6), taw063.

Gibbons, P. W., Kim, J., Cash, R. E., He, S., Lai, D., Christian Renne, B., & Lee, J. (2023).
Influence of ICU surge and capacity on COVID mortality across US states and regions
during the COVID-19 pandemic. Journal of Intensive Care Medicine, 38(6), 562-565.

Grépin, K. A., Ho, T. L., Liu, Z., Marion, S., Piper, J., Worsnop, C. Z., & Lee, K. (2021).
Evidence of the effectiveness of travel-related measures during the early phase of
the COVID-19 pandemic: a rapid systematic review. BMJ global health, 6(3), Article
e004537.

Gualini, A., Zou, L., & Dresner, M. (2023). Airline strategies during the pandemic: What
worked? Transportation Research Part A: Policy and Practice, 170, Article 103625.
Huang, C., Wang, Y., Li, X., Ren, L., Zhao, J., Hu, Y., & Cao, B. (2020). Clinical fea-
tures of patients infected with 2019 novel coronavirus in Wuhan, China. The lancet,

395(10223), 497-506.

International Monetary Fund (IMF). (2020, June). World Economic Outlook
Update, June 2020. International Monetary Fund. https://www.imf.org/
en/Publications/WEO/Issues/2020/06/24/WEOUpdateJune2020 [Accessed May 14,
2024].

Janke, A. T., Mei, H., Rothenberg, C., Becher, R. D., Lin, Z., & Venkatesh, A. K. (2021).
Analysis of hospital resource availability and COVID-19 mortality across the United
States. Journal of hospital medicine, 16(4), 211-214.

18

Journal of the Air Transport Research Society 3 (2024) 100040

Jelinek, T. (2010). Vector-borne transmission: malaria, dengue, and yellow fever. In Mod-
ern Infectious Disease Epidemiology: Concepts, Methods, Mathematical Models, and Public
Health (pp. 381-393).

Kim, K., Ghorbanzadeh, M., Horner, M. W., & Ozguven, E. E. (2021). Identifying areas
of potential critical healthcare shortages: A case study of spatial accessibility to ICU
beds during the COVID-19 pandemic in Florida. Transport Policy, 110, 478-486.

Kunal, S., Madan, M., Tarke, C., Gautam, D. K., Kinkar, J. S., Gupta, K., &
Sharma, S. M. (2022). Emerging spectrum of post-COVID-19 syndrome. Postgraduate
medical journal, 98(1162), 633-643.

Lasco, G. (2020). Medical populism and the COVID-19 pandemic. Global public health,
15(10), 1417-1429.

Lavrentieva, A., Kaimakamis, E., Voutsas, V., & Bitzani, M. (2023). An observational study
on factors associated with ICU mortality in Covid-19 patients and critical review of
the literature. Scientific Reports, 13(1), 7804.

Li, R., Rivers, C., Tan, Q., Murray, M. B., Toner, E., & Lipsitch, M. (2020). The demand for
inpatient and ICU beds for COVID-19 in the US: lessons from Chinese cities. MedRxiv.

Liu, Y., Pei, T., Song, C., Chen, J., Chen, X., Huang, Q., & Zhou, C. (2021). How did human
dwelling and working intensity change over different stages of COVID-19 in Beijing?
Sustainable Cities and Society, 74, Article 103206.

Mehraeen, E., Salehi, M. A., Behnezhad, F., Moghaddam, H. R., & SeyedAlinaghi, S. (2021).
Transmission modes of COVID-19: a systematic review. Infectious Disorders-Drug Tar-
gets (Formerly Current Drug Targets-Infectious Disorders), 21(6), 27-34.

Mustapha, I., Khan, N., Qureshi, M. L., & Van, N. T. (2022). Assessing hospital manage-
ment performance in intensive care units (ICUs) during the COVID-19: a study from
the pandemic outbreak perspective. International journal of online and biomedical engi-
neering, 18(10), 154-168.

Murray, L. J., & Kras, K. R. (2020). We Must Go Hard and We Must Go Early”: How New
Zealand Halted Coronavirus in the Community and Corrections. Victims and Offenders,
15(7-8), 1385-1395.

Neupane, M., De Jonge, N., Angelo, S., Sarzynski, S., Sun, J., Rochwerg, B., &
Kadri, S. S. (2024). Measures and Impact of Caseload Surge During the COVID-19
Pandemic: A Systematic Review. Critical Care Medicine, 52(7), 1097-1112.

Nishiura, H. (2007). Early efforts in modeling the incubation period of infectious diseases
with an acute course of illness. Emerging themes in epidemiology, 4, 1-12.

Ohbe, H., Hashimoto, S., Ogura, T., Nishikimi, M., Kudo, D., Shime, N., & Kushi-
moto, S. (2024). Association between regional critical care capacity and the incidence
of invasive mechanical ventilation for coronavirus disease 2019: a population-based
cohort study. Journal of Intensive Care, 12(1), 6.

Park, M., Cook, A. R., Lim, J. T., Sun, Y., & Dickens, B. L. (2020). A systematic review of
COVID-19 epidemiology based on current evidence. Journal of clinical medicine, 9(4),
967.

Park, J., Michels, A., Lyu, F., Han, S. Y., & Wang, S. (2023). Daily changes in spatial
accessibility to ICU beds and their relationship with the case-fatality ratio of COVID-19
in the state of Texas, USA. Applied Geography, 154, Article 102929.

Pigott, D. M., Golding, N., Mylne, A., Huang, Z., Weiss, D. J., Brady, O. J., &
Hay, S. . (2015). Mapping the zoonotic niche of Marburg virus disease in Africa.
Transactions of the Royal Society of Tropical Medicine and Hygiene, 109(6), 366-378.

Pijls, B. G., Jolani, S., Atherley, A., Derckx, R. T., Dijkstra, J. I., Franssen, G. H., &
Zeegers, M. P. (2021). Demographic risk factors for COVID-19 infection, severity, ICU
admission and death: a meta-analysis of 59 studies. BMJ open, 11(1), Article e044640.

Rahman, H. S., Aziz, M. S., Hussein, R. H., Othman, H. H., Omer, S. H. S., Khalid, E. S., &
Abdullah, R. (2020). The transmission modes and sources of COVID-19: A systematic
review. International Journal of Surgery Open, 26, 125-136.

Rees, E. M., Nightingale, E. S., Jafari, Y., Waterlow, N. R., Clifford, S., B. Pearson, C. A., &
Knight, G. M (2020). COVID-19 length of hospital stay: a systematic review and data
synthesis. BMC medicine, 18, 1-22.

Russell, T. W., Wu, J. T., Clifford, S., Edmunds, W. J., Kucharski, A. J., & Jit, M. (2021). Ef-
fect of internationally imported cases on internal spread of COVID-19: a mathematical
modelling study. The Lancet Public Health, 6(1), e12—e20.

Schilling, P. L., Campbell, D. A., Jr, Englesbe, M. J., & Davis, M. M (2010). A compari-
son of in-hospital mortality risk conferred by high hospital occupancy, differences in
nurse staffing levels, weekend admission, and seasonal influenza. Medical care, 48(3),
224-232.

Sen-Crowe, B., Sutherland, M., McKenney, M., & Elkbuli, A. (2021). A closer look into
global hospital beds capacity and resource shortages during the COVID-19 pandemic.
Journal of Surgical Research, 260, 56-63.

Sun, X., Wandelt, S., & Zhang, A. (2021). On the degree of synchronization between air
transport connectivity and COVID-19 cases at worldwide level. Transport Policy, 105,
115-123.

Sun, X., Wandelt, S., & Zhang, A. (2022). COVID-19 pandemic and air transportation: Sum-
mary of recent research, policy consideration and future research directions. Trans-
portation research interdisciplinary perspectives, 16, Article 100718.

The Dallas Morning News. (2020, August 18). American Airlines ramps up cargo-only trips
to 1,000 flights in September. The Dallas Morning News. https://www.dallasnews.com/
business/airlines/2020/08,/18/american-airlines-ramps-up-cargo-only-trips-to-1000-
flights-in-september/[Accessed August 10, 2024].

Thompson, R. N., Stockwin, J. E., van Gaalen, R. D., Polonsky, J. A., Kamvar, Z. N., De-
marsh, P. A., & Cori, A. (2019). Improved inference of time-varying reproduction
numbers during infectious disease outbreaks. Epidemics, 29, Article 100356.

Tredennick, A. T., ODea, E. B., Ferrari, M. J., Park, A. W., Rohani, P., &
Drake, J. M. (2022). Anticipating infectious disease re-emergence and elimination:
a test of early warning signals using empirically based models. Journal of the Royal
Society Interface, 19(193), Article 20220123.

Wandelt, S., Sun, X., & Zhang, A. (2023). On the contagion leakage via incoming flights
during China’s aviation policies in the fight against COVID-19. Journal of Air Transport
Management, 108, Article 102377.


http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0001
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0002
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0003
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0004
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0005
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0006
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0007
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0008
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0009
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0010
https://www.cdc.gov/nchs/nvss/vsrr/covid19/health_disparities.htm
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0012
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0013
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0014
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0015
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0016
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0017
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0018
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0019
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0020
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0021
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0022
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0023
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0024
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0025
https://www.imf.org/en/Publications/WEO/Issues/2020/06/24/WEOUpdateJune2020
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0027
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0028
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0029
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0030
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0031
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0032
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0034
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0035
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0036
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0037
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0038
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0039
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0040
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0041
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0042
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0043
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0044
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0045
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0046
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0047
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0048
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0049
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0050
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0051
https://www.dallasnews.com/business/airlines/2020/08/18/american-airlines-ramps-up-cargo-only-trips-to-1000-flights-in-september/
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0053
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0054
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0055

J. Yimga

Wilcox, M. E., Rowan, K. M., Harrison, D. A., & Doidge, J. C. (2022). Does unprecedented
ICU capacity strain, as experienced during the COVID-19 pandemic, impact patient
outcome? Critical care medicine, 50(6), e548-e556.

Wilta, F., Chong, A. L. C., Selvachandran, G., Kotecha, K., & Ding, W. (2022). Gener-
alized Susceptible-Exposed-Infectious—Recovered model and its contributing factors
for analysing the death and recovery rates of the COVID-19 pandemic. Applied soft
computing, 123, Article 108973.

World Health Organization (WHO). (2018). Health systems respond to noncommunicable
diseases: time for ambition. World Health Organization.

World Health Organization. (2020a, March 11). WHO Director-General’s opening re-
marks at the media briefing on COVID-19 - 11 March 2020. World Health Organiza-
tion. https://www.who.int/director-general/speeches/detail/who-director-general-s-
opening-remarks-at-the-media-briefing-on-covid-19-11-march-2020 [Accessed May
13, 2024].

World Health Organization. (2020b, October 13).
people’s livelihoods, their health and our food

Impact of COVID-19 on
systems. World Health

19

Journal of the Air Transport Research Society 3 (2024) 100040

Organization. https://www.who.int/news/item/13-10-2020-impact-of-covid-19-on-
people’s-livelihoods-their-health-and-our-food-systems [Accessed May 14, 2024].
Xin, H., Wong, J. Y., Murphy, C., Yeung, A., Taslim Ali, S., Wu, P., & Cowling, B. J. (2021).
The incubation period distribution of coronavirus disease 2019: a systematic review

and meta-analysis. Clinical Infectious Diseases, 73(12), 2344-2352.

Yeyati, E. L., & Filippini, F. (2021). Social and economic impact of COVID-19. Brookings
Institution.

Zaki, S. R., Coffield, L. M., Goldsmith, C. S., Nolte, K. B., Foucar, K., Feddersen, R. M., &
Peters, C. J. (1995). Hantavirus pulmonary syndrome: pathogenesis of an emerging
infectious disease. The American journal of pathology, 146(3), 552.

Zhou, Y., Xu, R, Hu, D., Yue, Y., Li, Q., & Xia, J. (2020). Effects of human mobility restric-
tions on the spread of COVID-19 in Shenzhen, China: a modelling study using mobile
phone data. The Lancet Digital Health, 2(8), e417-e424.


http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0056
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0057
https://www.who.int/director-general/speeches/detail/who-director-general-s-opening-remarks-at-the-media-briefing-on-covid-19-11-march-2020
https://www.who.int/news/item/13-10-2020-impact-of-covid-19-on-people's-livelihoods-their-health-and-our-food-systems
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0061
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0062
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0063
http://refhub.elsevier.com/S2941-198X(24)00051-4/sbref0065

	Public health infrastructure and COVID-19 spread: An air transportation network analysis
	1 Introduction
	2 Review of related work
	2.1 The impact of healthcare capacity on disease outcomes
	2.2 COVID-19 spread dynamics and healthcare response
	2.3 Air transportation as a conduit for COVID-19 spread

	3 Empirical approach and data sample
	3.1 Empirical model
	3.2 Data source and summary statistics
	3.2.1 Summary statistics
	3.2.2 Regional descriptive statistics


	4 Results
	4.1 Choropleths
	4.2 Regression Analysis
	4.3 Robustness tests
	4.3.1 Risk of spread
	4.3.2 Regional differences


	5 Endogeneity and simultaneity
	5.1 Two-stage least squares

	6 Policy implications
	7 Concluding remarks
	Declaration of competing interest
	CRediT authorship contribution statement
	Appendix
	References


