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ABSTRACT

During the COVID-19 pandemic, healthcare facilities worldwide have been overwhelmed by the amount of
coronavirus patients needed to be served. Similarly, the U.S. also experienced a shortage of healthcare resources,
which led to a reduction in the efficiency of the whole healthcare system. In order to evaluate this from a
transportation perspective, it is critical to understand the extent to which healthcare facilities with intensive care
unit (ICU) beds are available in both urban and rural areas. As such, this study aims to assess the spatial
accessibility of COVID-19 patients to healthcare facilities in the State of Florida. For this purpose, two methods
were used: the two-step floating catchment area (2SFCA) and the enhanced two-step floating catchment area
(E2SFCA). These methods were applied to identify the high and low access areas in the entire state. Furthermore,
a metric, namely the Accessibility Ratio Difference (ARD), was developed to evaluate the spatial access difference
between the models. Results revealed that many areas in the northwest and southern Florida have lower access
compared to other locations. The residents in central Florida (e.g., Tampa and Orlando cities) had the highest
level of accessibility given their higher access ratios. We also observed that the 2SFCA method overestimates the
accessibility in the areas with a lower number of ICU beds due to the “equal access” assumption of the population
within the catchment area. The findings of this study can provide valuable insights and information for state
officials and decision makers in the field of public health.

1. Introduction

patients caused a shortage of healthcare resources such as Intensive Care
Unit (ICU) beds and ventilators in the U.S. (White and Lo, 2020; Xie

Rapid population growth, urbanization, and economic development
have been creating challenges in providing transportation-based acces-
sibility to all segments of the population over the last decade (Litman,
2020; Ozel et al., 2016). This is especially critical when we consider
ensuring the transportation-based accessibility to essential facilities
such as healthcare providers since these facilities provide important
services to people (Freeman et al., 2020; Ghorbanzadeh et al., 2020a).
During a disaster such as the COVID-19 pandemic, this issue becomes all
the more confounding since these facilities play crucial roles in helping
their communities to better prepare and recover from this uncontrolled
outbreak (Carteni et al., 2021; Shamshiripour et al., 2020). For example,
over the last six months, a drastic increase in the number of coronavirus
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et al., 2020). The high demands for these services led to a reduction in
the efficiency of the entire healthcare system (Hao, 2020; Mangan and
Schoen, 2020).

The World Health Organization (WHO) announced more than 94
million confirmed COVID-19 cases worldwide as of January 19, 2021
World Health Organization WHO (2021). The U.S. with approximately
24 million COVID-19 cases and over 400,000 total deaths ranked first in
comparison to other countries. Among the U.S. states, Florida is among
the top three states with regard to the high number of cases (CDC, 2021).
On January 19, 2021, the Florida Department of Health announced
1,589,097 cases and 24,436 deaths due to coronavirus throughout the
state, which have been gradually increasing (Florida Department of
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Health, 2021). According to the Centers for Disease Control and Pre-
vention (CDC), the older population (65 + ) and those with serious
medical conditions such as lung disease, diabetes, liver disease, and
other chronic issues are at a higher risk to get infected with COVID-19
(CDC, 2020; Govindan et al., 2020). Especially since Florida is a state
with a substantial aging population, with people living in assisted living
facilities or independently, the issue becomes even more challenging. As
such, understanding the extent to which Florida healthcare facilities are
available to the public in both urban and rural areas is crucial (Dejen
et al., 2019; McLafferty, 2015).

There are several studies in the literature that have focused on
measuring transportation-based accessibility to different public service
facilities such as healthcare facilities (Paez et al., 2010; Shah et al.,
2016), libraries (Ghorbanzadeh et al., 2020b), supermarkets (Niedziel-
ski and Kucharski, 2019; Widener et al., 2015), shelters (Kocatepe et al.,
2016), and urban parks (Chang et al., 2019; Omer, 2006). Different
methods have been employed to evaluate spatial accessibility including
gravity models (Joseph and Bantock, 1982; Luo and Wang, 2003),
regional availability models (Khan, 1992), and kernel density models
(Gaugliardo, 2004). Among the gravity models, the two-step floating
catchment area (2SFCA) method has been widely used in the literature
for measuring accessibility due to its ease of applicability (Wang, 2014).
The basic 2SFCA method was defined by Radke and Mu (2000) as a
special form of the gravity model and later modified by Luo and Wang
(2003). The 2SFCA approach measures the spatial accessibility through
a two-step procedure based on the interaction between supply and de-
mand within a certain catchment, as a ratio of physician-to-population
(Radke and Mu, 2000). Numerous studies have utilized the 2SFCA
method in order to measure the spatial accessibility to healthcare fa-
cilities (Chen and Jia, 2019; Dai and Wang, 2011; Zhu et al., 2018). For
example, Ngamini Ngui and Vanasse (2012) conducted a 2SFCA analysis
to assess the spatial accessibility of mental health services in the
southwest of Montreal, Canada. The findings of this study revealed the
areas without access to these facilities.

In addition to the 2SFCA, the enhanced two-step floating catchment
(E2SFCA) area and three-step floating catchment area (3SFCA) methods
also can measure spatial accessibility (Luo and Qi, 2009; Wan et al.,
2012). For example, Wan et al. (2012) applied the 3SFCA method to
identify the areas with a healthcare shortage in the Austin-San Antonio
area. This method was intended to reduce the demand overestimation
problem inherent of previous models. Rekha et al. (2017) conducted a
3SFCA method to evaluate the accessibility to healthcare facilities in a
case study in India. Chen et al. (2020) proposed a reliability-based
2SFCA method to measure healthcare accessibility under travel time
uncertainty. Kocatepe et al. (2017) conducted an empirical-Gaussian
two-step floating catchment area (EG-2SFCA) method to assess the
proximity of different age groups to severe injury crash hotspots in the
Tampa Bay region, Florida. Luo et al. (2018) conducted an E2SFCA
method to measure the accessibility to medical services in Wuhan, China
with a focus on the aging population. The findings showed that
approximately 50% of the aging population had the highest level of
accessibility to medical centers within 10 min distance(Luo et al., 2018).
In another study, Donohoe et al. (2016) applied the 2SFCA method by
considering different decay weights (fast-decay and slow-decay) and
catchment sizes to assess the spatial access to mammography centers in
the Appalachia region in the U.S. The results revealed that urban areas
had the highest access; however, the Philadelphia region obtained poor
access scores. Another interesting finding of their study is that rural
eastern Kentucky obtained the highest access scores, probably due to the
low population density and even spatial distribution of mammography
centers in the state.

There is still a research gap in the literature with regards assessing
the spatial access to healthcare facilities during a global pandemic such
as the COVID-19 outbreak in which the demand for this type of facility
increases dramatically. As such, this study aims to measure the spatial
accessibility of COVID-19 patients to healthcare facilities in the State of
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Florida. For this purpose, the 2SFCA and E2SFCA methods were utilized
in order to identify the areas with high and low levels of accessibility to
healthcare services given the number of confirmed coronavirus cases
(demand) and the number of ICU beds (supply). More specifically, this
study aims to answer the following research question: To what extent do
potential COVID-19 patients in Florida have access to healthcare resources
and which areas may experience potential resource shortages during the
pandemic? The findings of this study can provide crucial and valuable
insights for the field of public health that can lead to providing better
access to healthcare resources. The modeling approach and results will
be discussed in detail in the following sections.

2. Study area and data description

Based on the 2014-2018 American Community Survey (ACS) esti-
mates, as of 2018, the total population of Florida was more than 20
million people where 4,064,376 of them were age 65 years and over.
This is more than 20% of the total population in the state (American
Community Survey (ACS), 2020). Fig. 1 depicts an overview of the study
area. In this study, different data sources were employed including the
confirmed COVID-19 cases in Florida at the zip code level, healthcare
facilities as well as counts of the corresponding ICU beds to care for
COVID-19 patients in these facilities, and the roadway network. The
COVID-19 cases data were provided by the Florida Department of Health
(Florida Department of Health, 2020). Furthermore, the data related to
the healthcare providers and ICU beds were based on the Definitive
Healthcare and Healthcare Cost Report Information System (HCRIS)
(COVID Care Map, 2020). According to these resources, there are a total
number of 208 facilities that provide medical services to COVID-19
patients in Florida with the capacity of 6,062 ICU beds. It should be
noted that the current study is conducted based on the available data as
of October 13, 2020. Fig. 2a and Fig. 2b illustrate the spatial distribu-
tions of the healthcare facilities along with the corresponding ICU beds
in the entire state, respectively. As seen, most of these facilities in the
state are located close to large cities such as Miami, Tampa, Orlando,
and Jacksonville. More specifically, there are many facilities in southern
and central Florida. Similarly, there are many ICU beds in proximity to
these cities. On the other hand, Fig. 2c shows the spatial distribution of
COVID-19 cases in the State of Florida at the zip code level. As seen in
Fig. 2¢, most of the areas in the state recorded a total number of cases
less than 500 or 1000. However, the highest number of COVID-19 pa-
tients were observed in the southern Florida regions. Some areas in the
northern Florida also reported a high number of cases. Additionally, the
roadway network was obtained via the Florida Standard Urban Trans-
portation Model Structure (FSUTMS) model (Florida Statewide Network
Model, 2018). The roadway network in the entire state is presented in
Fig. 2d.

3. Methodology

This study includes four main steps to measure the spatial accessi-
bility of Floridians to healthcare providers during the COVID-19
pandemic. In the first step, the data related to healthcare facilities
with the corresponding ICU beds as well as the number of COVID-19
patients were extracted for the entire state. Second, the travel times
between the centroids of zip codes and each healthcare facility were
calculated using the O-D cost matrix function of the ArcGIS Network
Analyst. The travel times in the roadway network were obtained via the
FSUTMS model built-in CUBE software. In the current study, the con-
gested travel times on the roadways were used. In the next step, the
2SFCA and E2SFCA methods were applied to obtain the accessibility
scores at the zip code level in order to identify the areas with the high
and low level of accessibility to healthcare resources in Florida. Ulti-
mately, a metric, namely the Accessibility Ratio Difference (ARD), was
developed in this paper to compare the level of access obtained through
the models. It is important to note that, in this study, the healthcare
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Fig. 1. Study area.

facilities that hospitalize COVID-19 patients and are equipped with ICU
beds in Florida were selected. The results of the modeling approaches
are shown in Fig. 3 and Fig. 4.

3.1. Two-step floating catchment area

As previously stated, the 2SFCA and E2SFCA models were conducted
to calculate the accessibility of COVID-19 patients to the facilities in the
State of Florida. In order to conduct these methods, the number of ICU
beds in each facility along with the number of COVID-19 patients at the
zip code level were considered respectively as the supply and demand in
the proposed methodology. The basic 2SFCA method has two steps. In
the first step, all populations within the facility’s j catchment are iden-
tified. That is, the provider-to-population ratio is calculated by dividing
the capacity of each facility by the total population within the catchment
j (Eq. (1)). The second step identifies all the facilities of a population
location within the catchment size. This is obtained by summing up all
provider-to-population ratios in the first step. Accessibility index (4;) is
calculated as follows (Eq. (2)):

S;

Rj S —
Zkedkjgdgpk

(€8]
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where R; is the provider-to-population ratio of any facility j, S; is the
number of ICU beds at location j, Py is the number of COVID-19 patients
of any unit (zip code) within the catchment size, d; is the catchment size,
anddy; is the travel time from k to j.

However, the 2SFCA method has a limitation and it assumes equal
access for all the population in the catchment (Luo and Qi, 2009). In
order to address this issue, the E2SFCA method was applied to measure
the spatial accessibility of COVID-19 patients to healthcare facilities by
including a distance decay function (Luo and Qi, 2009). As such, the
Gaussian function was added to the model for the effect of distance
decay. A catchment size of 30 min has been suggested in the literature
for assessing the spatial access to healthcare facilities (Wan et al., 2012).
Also, catchments in this study were divided into three time zones: 0-10,
11-20, and 21-30 min. The distance weights 1, 0.68, and 0.22, were
applied at each zone. These weights correspond to 0-10, 11-20, and
21-30 min. time zones (39). Similar to the basic 2SFCA method, the
E2SFCA approach also has two steps. First, the weighted provider-to-
population ratio is computed (Eq. (3)). Next, all the facilities within
the catchment size for each population location i are identified (Eq. (4)).
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Fig. 2. (a) Spatial distribution of healthcare facilities; (b) ICU beds; (c) COVID-19 cases; (d) Roadway network.
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where D is the rth time zone (r = 1-3), W, is the distance weight for the
rth travel time zone calculated from the Gaussian function, and Al is the
accessibility of population at locationi to facilities. Also, in order to
compare the two methods in terms of the level of accessibility, a metric
namely the Accessibility Ratio Difference (ARD), was developed. The
ARD is defined as follows (Eq. (5)):

E2SFCA
Ai

ASFCA
— 1
" max ( AEZSFCA) - max( A2SFCA )

ARD; (5)

where APFC4 and A4 are the accessibility of population at
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locationi to facilities through the E2SFCA and 2SFCA methods, respec-
tively. Effectively this measure looks at the difference between the two
measures for a given zip code i.

4. Results and discussions

As discussed in the previous sections, the 2SFCA and E2SFCA
methods were utilized in this study to measure the spatial accessibility of
COVID-19 patients to healthcare services in the State of Florida. Fig. 3a
and Fig. 3b show the results obtained by the 2SFCA and E2SFCA models,
respectively. In these figures, the green and red colors represent the
higher and lower accessibility ratios obtained by the models, respec-
tively. Both methods approximately reveal the same accessibility pat-
terns over the entire state. As shown in Fig. 3a and Fig. 3b, those regions
are mainly located in the northwest and southern portions of Florida and
seem to have low spatial accessibility ratios which are shown in red.
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Fig. 3. (a) Results of the 2SFCA method; (b) Results of the E2SFCA method.

Fig. 4. Results of the accessibility ratio difference (ARD).

Note that the areas in northwest Florida are mostly considered as rural
areas. According to Fig. 2c, lower COVID-19 cases were reported for
these areas; however, the insufficient number of healthcare facilities and
specifically ICU beds led to low access levels for the residents of these
areas. In contrast to northwest Florida, as shown in Fig. 2a and Fig. 2b,

929

there are many healthcare facilities along with more ICU beds in
southern Florida. However, the high number of COVID-19 patients in
these areas (Fig. 2¢) led to findings of low access in these regions given
the low computed ratios. On the other hand, the areas with higher access
are mainly located in central Florida and close to the cities of Tampa and
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Orlando (shown in green). Based on Fig. 2b and Fig. 2c, these regions
have a high number of ICU beds along with a low number of confirmed
coronavirus cases. Therefore, it can be concluded that the people in the
northwest and southern Florida are more likely to experience resource
shortages due to an imbalance between supply and demand.

Additionally, in order to evaluate the spatial access difference be-
tween the models, the ARD metric was used to provide a detailed
comparison of the 2SFCA and E2SFCA methods. The results of this
approach are presented in Fig. 4. In this figure, the higher value of dif-
ference, the higher the accessibility ratio obtained by the E2SFCA
method (shown in green). As seen, the 2SFCA method showed higher
access ratios in most parts of the state (shown clearly with the yellow
color) due to the negative ARD values. On the other hand, the E2SFCA
model shows the higher access ratios in the regions with a higher
number of ICU beds which appears in green. One explanation for this
finding could be related to the distance decay effect within the catch-
ment area which was considered in the E2SFCA method. According to
the results, it can be concluded that the 2SFCA method overestimates
accessibility in the areas with a low number of ICU beds due to the equal
access of population within the catchment area.

5. Conclusions and future work

In this paper, the 2SFCA and E2SFCA methods were applied to
measure the spatial accessibility of COVID-19 patients to healthcare
resources in the State of Florida given the number of ICU beds and the
number of COVID-19 cases at the zip code level. Additionally, a metric,
namely the Accessibility Ratio Difference (ARD), was developed to
assess the obtained level of accessibility between the two models. The
results of both models revealed that many areas in the state have low
access to the facilities given the low access ratios. These regions are
mainly located in northwest and southern Florida. In contrast to
northwest Florida, there are many healthcare services in the southern
parts of the state. However, the high number of COVID-19 cases led to a
low access ratio for the residents of these areas. On the other hand, the
highly accessible areas are mostly located in central Florida. Also, using
the ARD values, a comparison between the 2SFCA and E2SFCA methods
was made to show the different access ratios throughout the state. Based
on the results, the 2SFCA method represented higher access ratios than
the E2SFCA model in most of the areas and more specifically in the areas
with a lower number of ICU beds. On the other hand, the E2SFCA
method showed higher ratio access in the regions in which more facil-
ities are located. This could be related to the distance decay effect which
was considered in the E2SFCA method. This clearly shows the impact of
decay on the areas in which the facilities are not distributed evenly.

Returning to the policy front, exploratory analyses such as the pre-
sent effort can provide key information that could be used by health
officials to formulate educational agendas aimed at promoting safety
and well-being regarding the risks associated with COVID-19. The
problem is so critical that even one or two neglected locations can have
dire consequences. Specifically, the 2SFCA and E2SFCA analyses and
their comparison, and insights presented in this paper could be a part of
efforts to raise awareness of safety issues and make health officials more
cognizant of locations near them that might require further care in
providing access and support. In addition, with regards to COVID-19
cases, there are several community-oriented organizations charged
with assisting them to meet their daily needs. The types of insights
produced in this study may have the potential to assist them in their
efforts to help people, especially those vulnerable, find the health
assistance they need. The obtained knowledge and insights of this study
can also be useful for public health planners and decision makers. This
information can also help officials to better identify those areas with low
access to the healthcare resources that are equipped with ICU beds. In
addition, the proposed approach can lead to identifying future candidate
facility locations in order to provide better accessibility for those
vulnerable areas.
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There are limitations to this study worth noting. For example,
although it might seem that the weights utilized in our modeling are
somewhat arbitrary, these parameters are similar to the distance decay
weights offered in the original paper that proposed the E2SFCA. As
Wang (2012) suggested, using distance decay weights determined by
actual travel behavior is desirable; however, here the travels of COVID-
19 patients to healthcare resources across Florida were unknown at the
time of the research. In this context, assuming that COVID-19 patients
will potentially seek out more distantly located hospitals due to any
shortages of resources during this pandemic, we applied slower distance
decay weights instead of sharper distance decay weights. As possible
future work, alternative distance decay weights can be determined given
data availability regarding the actual travel experiences of COVID-19
patients, which could enhance the approaches applied here. Along
these lines, distance decay parameter estimation could vary by popu-
lation characteristics, insofar as future research could explore whether
specific population groups were more sensitive to the effects of spatial
separation on securing healthcare resources.

In terms of other future extensions, one obvious line of inquiry in-
volves whether diminished accessibility to healthcare resources trans-
lates into adverse health outcomes. In this way, questions on whether a
lack of spatial accessibility leads to higher mortality rates for COVID-19
patients, or if there is a difference in mortality rates based on the
accessibility measures used, are out of scope for the present paper.
However, both of these dimensions would clearly be interesting future
directions for further research, especially if examined in the context of
vulnerable populations. As other potential future research, we note that
this study considers only the Gaussian function weight for modeling
distance decay. Clearly other functions could be applied with regard to
the type of accessibility being measured. Moreover, this study uses the
same catchment size for steps 1 and 2 of the 2SFCA and E2SFCA
methods. Relatedly, considering variable catchment sizes can be a good
direction for future research. Lastly, in the current study, the accessi-
bility analysis was conducted based on the centroids of zip code areas.
However, this approach might suffer from aggregation bias. One solu-
tion for addressing this issue can be the use of more disaggregated data
(Gaboardi et al., 2020).

Funding

This research did not receive any specific grant from funding
agencies in the public, commercial, or not-for-profit sectors.

CRediT authorship contribution statement

Mahyar Ghorbanzadeh: Conceptualization, Methodology, Soft-
ware, Formal analysis, Data curation, Writing - original draft, Visuali-
zation. Kyusik Kim: Methodology, Software, Formal analysis, Data
curation. Eren Erman Ozguven: Conceptualization, Supervision. Mark
W Horner: Conceptualization, Supervision.

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.

References

American Community Survey (ACS) 2020 URL https://www.census.gov/acs/www/data/
data-tables-and-tools/data-profiles/.

Carteni, A., Di Francesco, L., Martino, M., 2021. The role of transport accessibility within
the spread of the Coronavirus pandemic in Italy. Saf. Sci. 133 https://doi.org/
10.1016/j.s5¢i.2020.104999.

Centers for Disease Control and Prevention (CDC), 2021. URL https://www.cdc.gov/
covid-data-tracker/index.html.

Centers for Disease Control and Prevention (CDC), 2020. URL https://www.cdc.gov/
coronavirus/2019-ncov/need-extra-precautions/people-at-higher-risk.html.


https://doi.org/10.1016/j.ssci.2020.104999
https://doi.org/10.1016/j.ssci.2020.104999

M. Ghorbanzadeh et al.

Chang, Z., Chen, J., Li, W, Li, X., 2019. Public transportation and the spatial inequality
of urban park accessibility: New evidence from Hong Kong. Transp. Res. Part D
Transp. Environ. 76, 111-122. https://doi.org/10.1016/].trd.2019.09.012.

Chen, B.Y., Cheng, X.P., Kwan, M.P., Schwanen, T., 2020. Evaluating spatial accessibility
to healthcare services under travel time uncertainty: A reliability-based floating
catchment area approach. J. Transp. Geogr. 87 https://doi.org/10.1016/j.
jtrangeo.2020.102794.

Chen, X., Jia, P., 2019. A comparative analysis of accessibility measures by the two-step
floating catchment area (2SFCA) method. Int. J. Geogr. Inf. Sci. 33, 1739-1758.
https://doi.org/10.1080/13658816.2019.1591415.

COVID Care Map, 2020. URL https://www.covidcaremap.org/maps/us-healthcare-
system-capacity/#6.32/29.103/-79.589.

Dai, D., Wang, F., 2011. Geographic disparities in accessibility to food stores in
southwest Mississippi. Environ. Plan. B Plan. Des. 38, 659-677. https://doi.org/
10.1068/b36149.

Dejen, A., Soni, S., Semaw, F., 2019. Spatial accessibility analysis of healthcare service
centers in Gamo Gofa Zone, Ethiopia through Geospatial technique. Remote Sens.
Appl. Soc. Environ. 13, 466-473. https://doi.org/10.1016/j.rsase.2019.01.004.

Donohoe, J., Marshall, V., Tan, X., Camacho, F.T., Anderson, R., Balkrishnan, R., 2016.
Evaluating and comparing methods for measuring spatial access to mammography
centers in Appalachia. Heal. Serv. Outcomes Res. Methodol. 16, 22-40. https://doi.
org/10.1007/s10742-016-0143-y.

Florida Department of Health, 2020. URL https://open-fdoh.hub.arcgis.com/datasets/flo
rida-cases-zips-covid19.

Florida Department of Health, 2021. URL https://www.arcgis.com/apps/opsdash
board/index.html#/8d0de33f260d444c852a615dc7837c86.

Florida Statewide Network Model, 2018. URL https://www.fsutmsonline.net/.

Freeman, V.L., Naylor, K.B., Boylan, E.E., Booth, B.J., Pugach, O., Barrett, R.E.,
Campbell, R.T., McLafferty, S.L., 2020. Spatial access to primary care providers and
colorectal cancer-specific survival in Cook County, Illinois. Cancer Med. Doi:
10.1002/cam4.2957.

Gaboardi, J.D., Folch, D.C., Horner, M.W., 2020. Connecting Points to Spatial Networks:
Effects on Discrete Optimization Models. Geogr. Anal. 52, 299-322. https://doi.org/
10.1111/gean.12211.

Gaugliardo, M., 2004. Spatial accessibility of primary care: concepts, methods and
challenges. Int. J. Health Geogr. 13, 1-13.

Ghorbanzadeh, M., Kim, K., Ozguven, E.E., Horner, M.W., 2020a. A comparative analysis
of transportation-based accessibility to mental health services. Transp. Res. Part D
Transp. Environ. 81 https://doi.org/10.1016/j.trd.2020.102278.

Ghorbanzadeh, M., Ozguven, E.E., Tenney, C., Leonarczyk, Z., Jones, F., Mardis, M.,
2020b. Natural Disaster Accessibility of Small and Rural Libraries in Northwest
Florida. Public Libr. Q. https://doi.org/10.1080/01616846.2020.1772027.

Govindan, K., Mina, H., Alavi, B., 2020. A decision support system for demand
management in healthcare supply chains considering the epidemic outbreaks: A case
study of coronavirus disease 2019 (COVID-19). Transp. Res. Part E Logist. Transp.
Rev. 138 https://doi.org/10.1016/j.tre.2020.101967.

Hao, K., 2020. Which states will have the worst ICU hospital bed shortages. URL https://
www.technologyreview.com/2020,/04/07/998527/coronavirus-us-states-worst-
hospital-bed-shortages/.

Joseph, A.E., Bantock, P.R., 1982. Measuring potential physical accessibility to general
practitioners in rural areas: A method and case study. Soc. Sci. Med. 16, 85-90.
https://doi.org/10.1016/0277-9536(82)90428-2.

Khan, A.A., 1992. An integrated approach to measuring potential spatial access to health
care services. Socioecon. Plann. Sci. 26, 275-287. https://doi.org/10.1016/0038-
0121(92)90004-0.

Kocatepe, A., Ozguven, E.E., Ozel, H., Horner, M.W., Moses, R., 2016. Transportation
accessibility assessment of critical emergency facilities: Aging population-focused
case studies in Florida. Lect. Notes Comput. Sci. (including Subser. Lect. Notes Artif.
Intell. Lect. Notes Bioinformatics) 9755, 407-416. https://doi.org/10.1007/978-3-
319-39949-2_39.

Kocatepe, A., Ulak, M.B., Ozguven, E.E., Horner, M.W., Arghandeh, R., 2017.
Socioeconomic characteristics and crash injury exposure: A case study in Florida
using two-step floating catchment area method. Appl. Geogr. 87, 207-221. https://
doi.org/10.1016/j.apgeog.2017.08.005.

Litman, T., 2020. Evaluating Accessibility for Transportation Planning, Victoria
Transport Policy Institute.

Luo, J., Chen, G., Li, C., Xia, B., Sun, X., Chen, S., 2018. Use of an E2SFCA method to
measure and analyse spatial accessibility to medical services for elderly people in

101

Travel Behaviour and Society 24 (2021) 95-101

wuhan, China. Int. J. Environ. Res. Public Health 15. https://doi.org/10.3390/
ijerph15071503.

Luo, W., Qi, Y., 2009. An enhanced two-step floating catchment area (E2SFCA) method
for measuring spatial accessibility to primary care physicians. Heal. Place 15,
1100-1107. https://doi.org/10.1016/j.healthplace.2009.06.002.

Luo, W., Wang, F., 2003. Measures of spatial accessibility to health care in a GIS
environment: Synthesis and a case study in the Chicago region. Environ. Plan. B
Plan. Des. 30, 865-884. https://doi.org/10.1068/b29120.

D. Mangan J. Schoen Coronavirus cases: These states face biggest potential shortfalls in
hospital ICU beds 2020 https://www.cnbc.com/2020/04/06/coronavirus-cases-
states-with-biggest-hospital-bed-shortfalls.html.

, 2015McLafferty, S., 2015. Spatial Mismatch, in: International Encyclopedia of the

Social & Behavioral Sciences. Elsevier, pp. 157-160. https://doi.org/10.1016/b0-08-

043076-7/02560-2.

Ngamini Ngui, A., Vanasse, A., 2012. Assessing spatial accessibility to mental health
facilities in an urban environment. Spat. Spatiotemporal. Epidemiol. 3, 195-203.
https://doi.org/10.1016/j.sste.2011.11.001.

Niedzielski, M.A., Kucharski, R., 2019. Impact of commuting, time budgets, and activity
durations on modal disparity in accessibility to supermarkets. Transp. Res. Part D
Transp. Environ. 75, 106-120. https://doi.org/10.1016/j.trd.2019.08.021.

Omer, L., 2006. Evaluating accessibility using house-level data: A spatial equity
perspective. Comput. Environ. Urban Syst. 30, 254-274. https://doi.org/10.1016/j.
compenvurbsys.2005.06.004.

Ozel, H., Ozguven, E.E., Kocatepe, A., Horner, M.W., 2016. Aging Population-Focused
Accessibility Assessment of Multimodal Facilities in Florida. Transp. Res. Rec. J.
Transp. Res. Board 2584, 45-61. https://doi.org/10.3141/2584-07.

Paez, A., Mercado, R.G., Farber, S., Morency, C., Roorda, M., 2010. Accessibility to
health care facilities in Montreal Island: An application of relative accessibility
indicators from the perspective of senior and non-senior residents. Int. J. Health
Geogr. 9 https://doi.org/10.1186/1476-072X-9-52.

Radke, J., Mu, L., 2000. Spatial decompositions, modeling and mapping service regions
to predict access to social programs. Geogr. Inf. Sci. 6, 105-112. https://doi.org/
10.1080/10824000009480538.

Rekha, R.S., Wajid, S., Radhakrishnan, N., Mathew, S., 2017. Accessibility Analysis of
Health care facility using Geospatial Techniques. Transp. Res. Procedia 27,
1163-1170. https://doi.org/10.1016/j.trpro.2017.12.078.

Shah, T.IL, Bell, S., Wilson, K., 2016. Spatial accessibility to health care services:
Identifying under-serviced neighbourhoods in Canadian urban areas. PLoS One 11.
https://doi.org/10.1371/journal.pone.0168208.

Shamshiripour, A., Rahimi, E., Shabanpour, R., Mohammadian, A., (Kouros), 2020. How
is COVID-19 reshaping activity-travel behavior? Evidence from a comprehensive
survey in Chicago. Transp. Res. Interdiscip. Perspect. 7 https://doi.org/10.1016/j.
trip.2020.100216.

Wan, N., Zou, B., Sternberg, T., 2012. A three-step floating catchment area method for
analyzing spatial access to health services. Int. J. Geogr. Inf. Sci. 26, 1073-1089.
https://doi.org/10.1080/13658816.2011.624987.

Wang, F., 2014. Quantitative Methods and Socio-Economic Applications in GIS,
Quantitative Methods and Socio-Economic Applications in GIS. Doi: 10.1201/
b17967.

Wang, F., 2012. Measurement, Optimization, and Impact of Health Care Accessibility: A
Methodological Review. Ann. Assoc. Am. Geogr. 102, 1104-1112. https://doi.org/
10.1080/00045608.2012.657146.

White, D.B., Lo, B., 2020. A Framework for Rationing Ventilators and Critical Care Beds
during the COVID-19 Pandemic. JAMA - J. Am. Med. Assoc. 323, 1773-1774.
https://doi.org/10.1001/jama.2020.5046.

Widener, M.J., Farber, S., Neutens, T., Horner, M., 2015. Spatiotemporal accessibility to
supermarkets using public transit: An interaction potential approach in Cincinnati.
Ohio. J. Transp. Geogr. 42, 72-83. https://doi.org/10.1016/j.jtrange0.2014.11.004.

World Health Organization (WHO), 2021. URL https://www.who.int/emergencies/
diseases/novel-coronavirus-2019.

Xie, J., Tong, Z., Guan, X., Du, B., Qiu, H., Slutsky, A.S., 2020. Critical care crisis and
some recommendations during the COVID-19 epidemic in China. Intensive Care
Med. 46, 837-840. https://doi.org/10.1007/500134-020-05979-7.

Zhu, X., Tong, Z., Liu, X., Li, X., Lin, P., Wang, T., 2018. An improved two-step floating
catchment area method for evaluating spatial accessibility to urban emergency
shelters. Sustain. 10 https://doi.org/10.3390/su10072180.


https://doi.org/10.1016/j.trd.2019.09.012
https://doi.org/10.1016/j.jtrangeo.2020.102794
https://doi.org/10.1016/j.jtrangeo.2020.102794
https://doi.org/10.1080/13658816.2019.1591415
https://doi.org/10.1068/b36149
https://doi.org/10.1068/b36149
https://doi.org/10.1016/j.rsase.2019.01.004
https://doi.org/10.1007/s10742-016-0143-y
https://doi.org/10.1007/s10742-016-0143-y
https://open-fdoh.hub.arcgis.com/datasets/florida-cases-zips-covid19
https://open-fdoh.hub.arcgis.com/datasets/florida-cases-zips-covid19
https://www.arcgis.com/apps/opsdashboard/index.html#/8d0de33f260d444c852a615dc7837c86
https://www.arcgis.com/apps/opsdashboard/index.html#/8d0de33f260d444c852a615dc7837c86
https://doi.org/10.1111/gean.12211
https://doi.org/10.1111/gean.12211
http://refhub.elsevier.com/S2214-367X(21)00024-7/h0085
http://refhub.elsevier.com/S2214-367X(21)00024-7/h0085
https://doi.org/10.1016/j.trd.2020.102278
https://doi.org/10.1016/j.tre.2020.101967
https://doi.org/10.1016/0277-9536(82)90428-2
https://doi.org/10.1016/0038-0121(92)90004-O
https://doi.org/10.1016/0038-0121(92)90004-O
https://doi.org/10.1016/j.apgeog.2017.08.005
https://doi.org/10.1016/j.apgeog.2017.08.005
https://doi.org/10.3390/ijerph15071503
https://doi.org/10.3390/ijerph15071503
https://doi.org/10.1016/j.healthplace.2009.06.002
https://doi.org/10.1068/b29120
https://doi.org/10.1016/j.sste.2011.11.001
https://doi.org/10.1016/j.trd.2019.08.021
https://doi.org/10.1016/j.compenvurbsys.2005.06.004
https://doi.org/10.1016/j.compenvurbsys.2005.06.004
https://doi.org/10.3141/2584-07
https://doi.org/10.1186/1476-072X-9-52
https://doi.org/10.1080/10824000009480538
https://doi.org/10.1080/10824000009480538
https://doi.org/10.1016/j.trpro.2017.12.078
https://doi.org/10.1371/journal.pone.0168208
https://doi.org/10.1016/j.trip.2020.100216
https://doi.org/10.1016/j.trip.2020.100216
https://doi.org/10.1080/13658816.2011.624987
https://doi.org/10.1080/00045608.2012.657146
https://doi.org/10.1080/00045608.2012.657146
https://doi.org/10.1001/jama.2020.5046
https://doi.org/10.1016/j.jtrangeo.2014.11.004
https://doi.org/10.1007/s00134-020-05979-7
https://doi.org/10.3390/su10072180

