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The world has experienced an unprecedented global health crisis since 2020, the COVID-19
pandemic, which inflicted massive burdens on countries’ healthcare systems. During the peaks
of the pandemic, the shortages of intensive care unit (ICU) beds illustrated a critical vulnerability
in the fight. Many individuals suffering the effects of COVID-19 had difficulty accessing ICU beds
due to insufficient capacity. Unfortunately, it has been observed that many hospitals do not have
enough ICU beds, and the ones with ICU capacity might not be accessible to all population strata.
To remedy this going forward, field hospitals could be established to provide additional capacity
in helping emergency health situations such as pandemics; however, location selection is a crucial
decision ultimately for this purpose. As such, we consider finding new field hospital locations to
serve the demand within certain travel-time thresholds, while accounting for the presence of
vulnerable populations. A multi-objective mathematical model is proposed in this paper that
maximizes the minimum accessibility and minimizes the travel time by integrating the Enhanced
2-Step Floating Catchment Area (E2SFCA) method and travel-time-constrained capacitated p-
median model. This is performed to decide on the locations of field hospitals, while a sensitivity
analysis addresses hospital capacity, demand level, and the number of field hospital locations.
Four counties in Florida are selected to implement the proposed approach. Findings can be used
to identify the ideal location(s) of capacity expansions concerning the fair distribution of field
hospitals in terms of accessibility with a specific focus on vulnerable strata of the population.

1. Introduction

Since the beginning of 2020, the world has experienced an unprecedented global health crisis in the modern era, namely the
COVID-19 pandemic, which affected societies and led to fundamental disruptions in all domains of human life, including those related
to commuting, accessing services and goods, and communication. Albeit all countries tried to implement various prohibitive actions to
halt the spread of the virus, such as quarantines, lockdowns, social distancing, and mandatory mask usage, many people have still
suffered from devastating health and economic problems. Specifically, 623,470,447 people have been diagnosed as positive for
COVID-19, and 6,551,678 have died globally as of October 2022 [1]. One of the major impacts of the pandemic has been the further
deterioration of already existing inequalities among different communities concerning accessibility to resources, services, and goods.
In particular, maintaining access to healthcare facilities and life-saving services provided at hospitals proved to be among the most
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critical concerns for the well-being of individuals experiencing the worst of the pandemic.

In terms of distance and capacity, spatial accessibility to healthcare resources is essential and should be provided equally for all
population strata. Focusing on one dimension of this issue, unfortunately, there is a negative association between intensive care unit
(ICU) access and the COVID-19 case fatality ratio [2], so ICU beds have played a critical role in saving lives during the pandemic [2].
Besides, problems in ICU access impacted other aspects of the pandemic. For example, areas with lower trust in medical experts due to
discrepancies in ICU availability were found to be lower in vaccination support [3].

During the pandemic, healthcare systems were overwhelmed by the enormous demand for healthcare services. Many people had to
be intubated and stayed for weeks at hospitals. In many unfortunate cases, people could not be admitted to the ICU beds due to
insufficient capacity [4]. In some dire instances, hospitals with no beds to serve patients transferred COVID-19 patients to hospitals
hundreds of miles away for treatment [5]. Many countries outside the U.S. experienced similar situations; in some states of Brazil, such
as Amazonians, Pernambuco, Sao Paulo, and Rio de Janeiro, healthcare systems were about to collapse with no ICU availability for
new patients [6]. In Sweden, ICU beds were near capacity [7], and in the U.S., 3 out of 5 hospitals exceeded 90% occupancy for at least
two weeks during the third wave of the pandemic [8].

Some healthcare facilities, even though they have ICU admission capacity, may not be within reach for certain patients in need. In
broader terms, the uneven geographical distribution of those resources could result in uneven accessibility. Several studies examine the
accessibility to ICU beds during the pandemic and revealed discrepancies in access to healthcare resources among countries, counties,
cities, and even neighborhoods. For example, in one study, the differences in access to ICUs among 14 European countries on national
and regional levels were examined, and nonhomogeneous accessibility patterns were observed [9]. Germany had nation- and
region-wide the highest accessibility scores, whereas other countries such as Sweden and France, have clustered services at the
regional level. In another study, regional inequalities in healthcare access in the U.S. were identified [8]. Hospitals in the south and
west of the U.S. were more likely to reach critical ICU capacity than those in the northeast. Hospitals in areas with the highest social
vulnerability were more than twice as likely to reach capacity compared to those in the least vulnerable areas. Accessibility to ICU beds
in rural areas was investigated in Davoodi et al. [10] for the U.S., and it was found that although 19% of the total population lived in
rural areas, those areas comprised only 1% of the overall ICU beds in the country. The situation is perhaps more challenging
considering that 10 million older adults live in rural areas with critical accessibility needs [11], and they were in one of the highest risk
strata for COVID-19-inflicted direr health outcomes [12]. Disparities in access to healthcare resources among the 20 largest cities in
Brazil were investigated and accordingly, ICU availability varied substantially between cities, and it was significantly lower among
black and poor communities [13]. In another research, problems in accessibility to ICU space among Florida counties were analyzed
[14]. According to this research, for North Florida rural areas, and zip codes with higher Latino or Hispanic populations, it was more
probable to have lower access to ICU beds. At the lowest scale, segregation patterns and accessibility to hospital care differences among
racial groups in Chicago Area were examined [15]. It was found that there was no significant difference in terms of the distribution of
accessibility; however, there were travel cost-based accessibility differences. Therefore, many factors from the highest scale, such as
the country people reside in, to personal factors such as income and age, have been found to play a significant role in ICU access. As the
vulnerability (i.e., older age, poverty, racial segregation) increases, the above studies indicate that the likelihood of spatial accessibility
to ICU decreases, which is directly linked to the limited availability of ICU supply.

Since the supply of ICU beds was scarce and not equally accessible during the peak phases of the pandemic, in line with the crisis
standards [16], governments tried to expand their bed capacity. In some cases, ICU capacities of healthcare facilities were increased in
situ [17,18] In others, the expansion was provided through constructing facilities such as new hospital buildings [19]. However, not all
governments had such a dedicated and rapid response capability and were ready to build infrastructure similar to China [20].
Therefore, governments pursued other ideas such as structuring temporary medical centers by transforming spacious and accessible
areas such as stadiums, fairgrounds, and exhibition centers into field hospitals [19]. For example, IFEMA Exhibition Center in Madrid
was transformed into a temporary hospital [21], a field hospital in New York was deployed by the U.S. military [22], and Nightingale
Hospital was situated at a conference center in London [23].

Field hospitals, which could serve as a practical capacity expansion alternative, and their location selection decision is the focus of
this study. This would help better understand the COVID-19 pandemic from a spatial accessibility perspective. The current study
contributes to the literature while investigating alternative locations by not only providing sufficient capacity expansion but also
sustaining fairness in accessibility to the selected locations for all population strata. That is to say, the proposed methodology considers
both the required number of ICU beds and possible distance-based demand preferences.

The novelty of this study is as follows: The fairness in accessibility has been considered using a max-min approach with the
enhanced 2-step floating catchment area method (E2SFCA). This is the first modeling attempt in this context, to the authors’
knowledge. Moreover, a travel-time-constrained capacitated p-median model is employed in the context of location selection of field
hospitals that were salient and urgent during the pandemic. While utilizing median models (i.e., p-median and capacitated p-median
models with travel time constraints) in this study, we aim to satisfy all the ICU bed demands within specified travel time limits with the
minimum demand-weighted travel time. This has also not been done in this context, to the authors’ knowledge. Therefore, the
resulting model is a novel interpretation of integrated accessibility and location selection models.

First, we focus on the existing situation in terms of ICU capacity and try to answer the following questions: Are there any disparities
in spatial accessibility of ICU beds among different geographic areas? What is the burden on the existing facilities? Second, we search
for alternative field hospital locations considering both maximin spatial accessibility and minimum demand-weighted travel time
while satisfying facility capacities. We also impose travel limits for vulnerable populations considering income levels. We anticipate
that our methodology and findings could provide support for planning interventions for emergent public health cases like COVID-19.
These interventions could include identifying the spatial discrepancies in ICU access, determining possible locations of field hospitals
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or temporary healthcare facilities, and responding centrally by allocating capacity fairly.

The remainder of this paper is organized as follows. Section 2 introduces literature related to the location selection models and
accessibility analysis in healthcare. Section 3 describes the study area and data sources that are used in this paper. Section 4 presents
the methodology, which includes a tabu search-based regression model to estimate ICU demand; capacitated p-median model, E2SFCA
method, proposed muti-objective model, and e-constraint solution approach to determine field hospital locations considering fairness
in terms of spatial accessibility. Section 5 presents the results of our analyses and related discussions. Section 6 is the conclusions.

2. Literature review

In disaster literature, temporary medical centers and field hospitals are viable alternatives for emergencies. Mass transport vehicles
could be transformed into mobile hospitals [24], trucks could be repurposed as mobile emergency units [25], modular intensive care
units could be designed [26], and additional service capacity could be set up in schools, sports complexes, parks, or prefabricated
structures as field hospitals [27]. However, determining the placement of temporary medical facilities is a critical issue to consider and
could be examined on different aspects such as effectiveness and fairness. In the former consideration, the location selection could be
evaluated by the service capability or providing accessible service; in the latter consideration whether that service access is provided
fairly.

The first consideration is usually a topic within the location selection domain. Several papers have considered related problems.
Salman and Gul [27] proposed a multi-period mixed integer programming model to optimize capacity distribution and casualty
transportation. Minimizing the total travel time and waiting time of casualties within the search-and-rescue period and the cost of
deploying new field hospitals were the model’s objectives. For determining the number and location of field hospitals and the allo-
cation of disaster victims to those locations, a two-stage stochastic model was proposed by Aydin [28], which was a variation of the
p-median model with capacity impositions. In Fereiduni and Shahanaghi [29], a p-robust approach was employed as a network design
model in which location, allocation, and evacuation decisions were made, and emergency tents were considered temporary medical
centers. In Oksuz and Satoglu [30], a two-stage stochastic programming model tried to determine the number and location of tem-
porary medical centers. This model considered existing hospital locations, medical center capacities, causality classifications, and
possible infrastructure damages while minimizing total setup and expected transport costs. In Barutcu and Ic [31], a VIKOR (mul-
ti-criteria optimization and consensus solution) model was employed for the determination of the locations of the field hospitals to be
established after a probable earthquake by considering several criteria such as earthquake risk, population density, land area, distance
to downtown, and other transportation alternatives.

The literature on location selection of temporary medical centers and field hospitals was further extended during the pandemic. In
Zolfani et al. [32], to identify the locations of temporary COVID-19 hospitals, a gray-based decision support framework is developed,
employing criteria importance through inter-criteria correlation (CRITIC) and combined compromise solution (CoCoSo) methods, with
a case study of Istanbul, Turkey. The case study used ten criteria for technological, economic, environmental, and social aspects.
Akpinar and Ilgin [33], a case study in Izmir, Turkey, identified the most suitable locations for COVID-19 field hospitals by fuzzy
Choquet integral multi-criteria decision-making technique. The six main criteria used in the case study were accessibility, environ-
mental, transportation, health center, population, and cost-related factors. In Aydin and Seker [34], a DELPHI-based multi-criteria
decision-making (MCDM) framework was proposed to determine COVID-19 isolation hospitals, with a focus on Istanbul, Turkey. Some
of the criteria used in the case study included land space, accessibility, geographical barriers, and population density. In Wang et al.
[35], a decision support framework was developed using the fuzzy analytic hierarchy process (FAHP) and the weighted aggregated
sum product assessment (WASPAS) model for the determination of temporary COVID-19 hospital locations in Ho Chi Minh City,
Vietnam. In Kheybari et al. [36], a two-step hybrid approach was proposed. In the first step, an extensive set of relevant criteria was
categorized into environmental, social, economic, and infrastructural dimensions along with a risk-averse best-worst method (BWM)
to determine the optimal ranges of the criteria weights. This was followed by scoring the performances of the locations using math-
ematical modeling. A portfolio optimization model was proposed in the second step using the scores from the former one and the
distance between the cities as parameters. The model was applied to a case study in Mazandaran, Iran. In Hassan et al. [37], the
locations of COVID-19 field hospitals maximizing the number of patients were determined by solving a nonlinear binary constrained
model-a variation of maximal covering problem-by a -discrete binary gaining-sharing knowledge-based metaheuristic algorithm. The
method was applied to a case study of eight governorates in Upper Egypt. Most of the location selection models developed for COVID
temporary medical centers and field hospitals used MCDM models. On the other hand, generic location selection models such as
coverage and median models were also employed [37].

The second consideration, fairness, is usually studied under spatial accessibility literature. A widely used spatial accessibility
technique, the floating catchment area (FCA) method and its variants are employed to measure accessibility values of various ame-
nities and services such as jobs [38], libraries [39], urban fire service [40], parks [41], and schools [42]. Those methods are also used
to measure spatial accessibility to health services and evaluate their fairness. Some examples of accessibility studies focusing on
healthcare services are the examination of accessibility of primary care physicians [43], emergency medical services [44], healthcare
providers [45], and high-tier hospitals [46]. Accessibility of healthcare services (e.g., ICU beds) and facilities during Covid-19 is also
covered in the spatial accessibility literature. Park et al. analyzed daily changes in ICU accessibility by an enhanced two-step floating
catchment area method and its relation to the case-fatality ratio [47]. ICU bed accessibility during Covid-19 is also studied by
employing the E2SFCA method [48,49] and by employing the 3-step floating catchment area (3SFCA) method [14] and balanced
floating catchment area (BFCA) method [13]. Sritart et al. evaluated spatial equity by analyzing the accessibility of public hospitals,
physicians, and the number of ICU beds, by the two-step floating catchment area (2SFCA) method [50]. Park and Goldberg examined
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the spatial accessibility of ICU beds during Covid-19 from a stochastic perspective by employing Monte-Carlo simulation and an
E2SFCA method [51]. Al-Omari et al. analyzed the accessibility of healthcare resources by an E2SFCA method [52]. Shen [53]
analyzed the accessibility and equality of medical facilities by a kernel density two-step floating catchment area method.

These considerations are studied together in several studies. Shelter location selection with maximum equity [54], coverage and
accessibility of emergency medical services [44], and equity of accessibility and demand coverage of medical facilities [55]. However,
the location selection of field hospitals considering fairness has not been examined yet. Moreover, the fairness considerations for
spatial accessibility are usually the standard deviation or variance [56-58], mean squared error [58], and Gini coefficient [42,44,53,
58]. Though fairness could also be achieved by maximizing the minimum score [59], none of the prior studies employed that
consideration for spatial accessibility optimization. Thus, our multi-objective optimization model integrates effectiveness and fairness
considerations in the location selection of field hospitals by employing a modified median model with a maximin fairness objective.

3. Study area and data

The U.S. is one of the most affected countries by the pandemic, with 88,027,926 cases and 1,012,816 deaths as of July 2022 [1].
Within the U.S., Florida is the third most populated state and ranks third after California and Texas in the total number of confirmed
cases and deaths as of July 2022 [60]. Additionally, Florida has the second-highest aging (65 and older) population and the
seventh-highest poverty rate in 2019 [61]. As aging populations are positively associated with greater healthcare needs [9], and
poverty is negatively associated with ICU availability [13] the State of Florida, becomes an excellent test-bed. In Florida, we selected
four counties in the Panhandle region. Three of them are urban counties Escambia, Santa Rosa, and Okaloosa and one is a rural county
Walton, which has an additional negative correlation with ICU access [10,14]. We use the Florida Department of Health data which
includes zip code area-level disaggregate data on COVID-19-positive cases. Moreover, other datasets (i.e., hospitals with ICU beds,

Fig. 1. Study area.



O. Alisan et al. International Journal of Disaster Risk Reduction 93 (2023) 103794

their ICU bed capacities, and demographic characteristics at various levels including zip code and block group levels), are publicly
available and utilized in this study.

Fig. 1 illustrates the study area’s county, zip code, and block group boundaries. Since there is no ICU demand data at any disag-
gregate level, the available covid positive case counts are used to estimate the ICU demand. For this purpose, we collected the COVID-
19 case data at the zip code level from the Florida COVID-19 Hub [62]. This data covers the period from the April 3, 2020 to the June 3,
2021, when the Florida Department of Health stopped sharing data at this level. Noting that for having a larger sample set for the
regression analysis, zip code level COVID-19 positive cases for the overall Panhandle region are used. Then, the estimations are done
for the selected subregion, which will be detailed in the methodology section. In addition, we gathered demographic and socioeco-
nomic data at the zip code and block group levels from the American Community Survey (ACS) 2019 5-year estimates provided by the
U.S. Census Bureau [63]. ACS data is also used to identify vulnerable block groups based on the poverty level. In this study, we
considered the census block groups with more than 12.7% of the population below the poverty line as vulnerable communities. This
threshold is the average poverty rate of Florida in 2019 [64].

From the supply side, the hospitals’ ICU bed capacities are collected from Ref. [65]. For possible field hospital locations, a
comprehensive critical facility dataset for the region is gathered [66]. Among all the critical facilities, airports, community centers,
fairgrounds, hospitals (with and without ICU capacities), emergency shelters, and stadiums are filtered as possible field hospital lo-
cations with the required power infrastructure and used as alternative locations during the COVID-19 pandemic [67-70]. A further
selection is done for space requirements. For the proposed 50 (low-capacity) and 75 (high-capacity) scenarios, space requirements are
calculated by doubling the total ICU bed space —250 sq feet per ICU bed [71]- to cover parking and equipment storage needs. So at least
0.6 acres and 0.9 acres of available space are required for low and high-capacity scenarios respectively. It must be noted that the
staffing requirements and equipment costs are not considered in this study. It is assumed that the required staff could be available with
alternative scenarios such as employing former healthcare staff or qualified nursing and medical students [72] or shifting different
specializations to intensive care [16].

In this setting, block group centroids are used to approximate the ICU demand origins, and selected critical facilities are used as
possible field hospital locations. Thus, ICU demand estimates are calculated at the block group level. Travel times between origins
(block group centroids) and destinations (existing and possible facility locations) are calculated by the Network Analyst toolbox of
ArcGIS Pro [73].

4. Methodology

The proposed analysis has two parts. In the first part, the existing situation is investigated. The aim is to analyze the spatial
accessibility levels of the block groups considering the existing facilities and their ICU bed capacities. Moreover, we also want to
analyze the burden on existing hospitals when each origin can access the closest healthcare facility in the region without imposing
capacity limitations. In the second part, considering varying demand rates (high-low), varying capacity limitations (high-low), and
varying travel time limitations (considering vulnerable block groups), several scenarios are developed. For each scenario, the best (i.e.,
according to fairness and effectiveness) possible locations for the field hospitals in the region are searched.

Before the analysis of ICU bed accessibility and availability, the demand for ICU beds is required. The ICU demand for each census
block group is estimated by developing a regression model considering socioeconomic and demographic characteristics of the zip code
areas and positive COVID-19 case data at the zip code level as this is the finest level that both information is available. The model is
then used to estimate the positive COVID-19 cases for a further disaggregated level, census block group. After predicting the number of
positive COVID-19 cases at the census block group level, ICU demand for each block group is estimated by approximation and cali-
bration. Though the study area consists of four counties, the case data for a larger sample (the Panhandle region) is used to overcome
sampling size problems in linear modeling.

4.1. ICU demand estimation by tabu search-based linear regression

ICU bed occupancies for hospitals are available; however, it is impossible to know the origins of the patients that would need them.
Therefore, ICU demand from each block group should be estimated to evaluate the accessibility of hospitals and locations of possible
field hospitals. There are several studies in which ICU demand is calculated. For example, in Martin et al. [74], the ICU demand in
England was calculated by first estimating the COVID-19 admissions by cohorts and then splitting the new COVID-19 patients in
hospitals into wards and ICU beds. In Ritter et al. [75], ICU rates in several regions of Europe were modeled depending on positive
rates, but the estimates were at aggregate levels.

Since we want to use socioeconomic and demographic variables not only to estimate ICU demand but also to investigate the current
and possible situations in terms of economic vulnerability, we use regression modeling. In Lee et al. [76], multivariate logistic
regression was applied to estimate the contributing factors to ICU admission in the Republic of Korea. Accordingly, being male, old
aged, and living in Daegu city were the significant factors identified. However, their study was based on the actual case data un-
available for the proposed focus area of this study.

To estimate the ICU bed requirements, first, the number of COVID-19 cases per day per census block group must be predicted. There
are already available data on the number of COVID-19 cases at the zip code level; however, such information is not available at the
census block group level that is needed in this study. Therefore, a linear regression model has been developed to estimate the total
number of COVID-19 cases (for the period starting from the April 3, 2020 to the June 3, 2021) at each census block group using the
demographic and socioeconomic data. ACS 2019 provides a large group of data such as population (total and cohorts), number of
households, gender, age, education, income, and mode of transport. To identify the best set of explanatory variables, we employed a
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tabu search-based optimization algorithm. Tabu-search is a metaheuristic technique proposed by Glover [77] for solving optimization
problems. It is a stepwise local search procedure during which some moves are labeled as tabu, so being restricted. Thus, rather than
applying a tabu move, the algorithm proceeds to an inferior solution until a termination criterion is satisfied. This tabu-search property
could prevent the algorithm from being trapped at a local optimum, which is the main distinction from the greedy and
improvement-type searching algorithms [78]. In this study, the tabu-search algorithm proposed in Ref. [79] is utilized to determine the
best subset of independent variables that optimize the adjusted R? value of regression models. The details of the tabu-search procedure
and the variables used in the algorithm are given in Appendix since the focus of the paper is not the demand estimation part.

Consequently, we determine that the best model which consists of the total population, number of public transport users, per-
centage of occupied housing units having no vehicles, and percentage of the population with a college education, presented with
decreasing significance levels in this order (see Table 1).

Results show that the total population is the most significant variable and is positively associated with the number of positive cases.
The percentages of occupied housing units with no vehicle available and the number of public transit users are influential factors in the
number of COVID-19 cases. The percentage of the population with a college education is found to be negatively associated with the
number of COVID-19 cases with a lower significance level. Consequently, the below model (M) is used to predict the total number of
COVID-19 cases for the census block groups:

Total # of Covidl9 cases =5.197 + 0.1 x Total population + 0.903 x Transit users + 22.566 * % No_vehicle — 6.238
* % College education )

After estimating the total positive cases at the census block group level, the daily average is calculated by dividing the total
estimated number of cases by the length of the period (427 days). The daily average is multiplied by a factor of 0.028, representing the
rate of ICU requirement for positive cases. This factor is calculated by the multiplication of the estimated hospitalization rate (11.3%)
of confirmed COVID-19 cases in the U.S. and the average ICU requirement rate for hospitalized COVID-19 patients (25%) [80,81]. The
estimated hospitalization rate is calculated by dividing estimated cumulative hospitalizations per 100,000 people (1,093.9) [82] by the
cumulative number of COVID-19 cases per 100,000 people (9,635.3) [83] for the period between May 2020-April 2021 in the U.S. This
estimated number of ICU patients is used in the lower demand scenarios. For the high demand scenarios, the peak periods of the
COVID-19 pandemic, the average daily estimation of ICU demand is calibrated by the highest rate in the U.S. during the pandemic as
86.8 ICU patients per million, which is recorded on the January 12, 2021 [84]. Finally, biweekly ICU demands (for both high and low
demand levels) are calculated as this study a) does not consider patient transfers, b) the median stay of a patient is considered to be the
demand estimation period, and c) the length of stay varies during the phases of the pandemic and from country to country [85-87].

4.2. Identification of field hospital locations by multi-objective mathematical modeling

The location selection decision of field hospitals to extend ICU capacity is put forward by two objectives in this study. One objective
is the effectiveness of the selected locations, and the second one is the fairness of the spatial accessibility scores of the selected
locations.

4.2.1. Effectiveness objective and median models

For the effectiveness objective, demand-weighted travel times are minimized concerning estimated demand and proposed ca-
pacities by a location model. Facility location decisions are important in designing a network that would achieve the desired service
level (e.g., the maximum coverage available, and whole area coverage) with the minimum cost (e.g., facility construction, distance,
travel). Among the facility location problems, discrete models constitute a significant category [88]. Discrete facility location models
are used to select a subset of locations from a finite set of available locations [89]. The most common discrete location selection models

Table 1

COVID case modeling.
Descriptive Statistics
Variable Min Max Mean Std Dev.
Total COVID Cases 47.00 7029.00 1543.54 1383.30
Total population 555.00 53703.00 14637.00 12902.19
Transit users 0.00 1141.00 50.06 135.17
% No vehicle 0.00 18.67 5.68 3.91
% College education 0.00 43.69 16.19 9.51
(N = 100)
Regression Model
Variable Estimate Std Error t statistics p-value
Intercept 5.20 103.06 0.05 0.96
Total population 0.10 0.00 29.85 0.00
Transit users 0.90 0.31 291 0.01
% No vehicle 22.57 9.68 2.33 0.02
% College education —6.24 4.11 —1.52 0.13

Multiple R-squared: 0.944, Adjusted R-squared: 0.942.
F-statistic: 400.3 on 4 and 95 DF, p-value: <2.2e-16.
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in the literature are the center, covering, and median models. For center models, the aim is to find the facility locations that meet all the
demands while having the minimum distance from the related demand points [90]. The most generic version is the p-center model
where the maximum distance between a demand point and the closest point in a set of p-sites is minimized [91]. In covering models,
generally, facilities must be within a certain distance or time of demand locations. In set covering problems, all demand is covered
based on a service standard using a minimum number of facilities, whereas in maximal covering problems, the maximum number of
demand points are covered with a limited set of service points [92]. Median models, on the other hand, aim to minimize the total or
average weighted distance among facilities and demand points. The most common version of median models, p-median problems,
optimizes the location of p facilities among a given set, to minimize the total cost of supplying the demand points [89]. Those generic
models are widely used in different settings, such as service coverage for telecommunications and healthcare. In particular, p-median
models are employed as a spatial optimization technique, with various large-scale implementations in different fields such as public
health by sensor location selection for water quality [93], public services by school districting [94] and school allocation [95], finance
by bank locations [96], and emergency service systems: determination of fire station locations [97], ambulance locations [98], shelter
locations [99-101], and aid distribution [102].

The capacitated version of the p-median problem is also commonly employed. The objective of this problem is to minimize the total
cost of locating a set of capacitated service/supply points and assigning the demand points to these service/supply points without
violating the service/supply capacities [103]. Exact algorithms are proposed to solve the p-median [104-107] and capacitated
p-median [108] problems which are np-hard problems. For large-sized problems, heuristic algorithms such as clustering search [109],
and variable neighborhood selection [110] and metaheuristic algorithms such as tabu-search [111,112], and genetic algorithm
[113-115] are proposed. A very extensive literature review on capacitated and uncapacitated p-median problems with a bibliography
is presented in Reese [116], and a review on metaheuristic solution techniques is presented in Mladenovic et al. [117].

p-Median and capacitated p-median models are also used in the healthcare sector, such as the determination of the healthcare
center locations [118], emergency medical service locations [119-121], maternal hospital locations [122], organ transplant center
locations [123,124]. Thus, we focus on the p-median model for this setting as being one of the widely used generic models to solve
facility location problems. As opposed to the covering problem, the coverage distance for the p-median problem could be unrestricted,
and the number of facilities to be located is known a priori, so doing a sensitivity analysis on the number of facilities to locate is eligible.
In addition to the classic setting of p-median, we also applied travel time limits as a variation. As we aim to determine the locations with
full-service coverage for varying travel time limits, the p-median model fits that purpose. As mentioned in Hillsman [125], it is not
acceptable for any demand location to be so far from its closest facility, which in turn means ignoring the accessibility of the facilities,
at least for some of the demand points. Besides, in ICU accessibility cases, it is not only critical for individuals but also an emergent
public health issue. Thus, any assignment with a distance beyond the maximum, an undesirable case, could be eliminated by applying
maximum distance constraints [106].

Accordingly, among the alternative supply points, p facilities are selected to minimize the overall cost of serving all the demand
points [126], where each demand point must be served, and exactly a single supplier should provide this service. The following no-
tation is used to formulate this problem:

Sets and parameters:

N : set of demand points (census block groups).

S : set of supply points (facilities with ICU capacity).

p : the number of facilities to be selected.

¢jj : travel time between census block group i and facility j.
D; : ICU demand of census block group i.

Tmax; : maximum travel time for census block group i.

Decision variables:

A 1 if block group i is served by facility j
v 0 otherwise ’

~_ J 1if facility j is selected
Vi = 0 otherwise ’

Depending on the above notation, the following formulation is used for the p-median problem:

Minimize ZZDiC‘fxif (€8]

iEN jeS
Subject to:
D> xj=1VieN )
jes
D> vi=p 3)
jes
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x; €{0,1}Vie N,YVj€ S (5)
y,€{0,1}Vje s (6)

in this formulation, the objective function [1] minimizes the demand-weighted travel times between the census block groups and the
ICU facilities. Constraint [2] imposes that each block group i must exactly be assigned to one facility j. Constraint [3] ensures that
exactly p facilities are selected from set S. Constraint [4] associates the decision variables and guarantees that if a block group is
assigned to a facility, that facility is selected. Constraints [5,6] are the integrality constraints.

For the capacitated p-median case [1-3,5,6], and [7] defines the formulation; where,

> Dy <OV €S @

ieN

with [7], each facility imposes a capacity limit for demand assignments, where Qj is the capacity of facility j. One other variation is the
distance-constrained model, in which the demand points are serviced by facilities within a predetermined range [127] or limiting the
number of facilities to maintain [128]. According to the vulnerability consideration, a block group’s maximum travel time is deter-
mined, thus, each block group has a limited set of available facility locations. Within this frame, the capacitated model is used to
determine the best locations to provide additional capacity (field hospitals, ICU capacity assigned to the shelters and hospitals) by
minimizing the overall demand-weighted travel time while obeying the capacity limitations of the facilities and the
travel-time-constraints of the population block groups. Thus, equation set [8] is imposed; where,

ciix; <TmaxNi € N,Vj €S (8)

Note that in this formulation, the costs other than the travel time such as the monetary cost of setting up field hospitals are not
considered, since the proposed facilities are to be structured at or make use of existing infrastructure, and the costs of equipment
required would be the same for all alternatives. Therefore, set-up costs would not affect the location selection decision.

4.2.2. Fairness objective and floating catchment area (FCA) models

The fairness objective in this study is based on the spatial accessibility scores of the ICU beds for the demand locations. Different
than the effectiveness objective, the fairness objective is relative and based on travel time-based comparison for each demand and
supply point. It is relative in such a way that there is no direct assignment of block groups to supply locations as in the model presented
by Ref. [1]-(8). The preferences of block groups are represented by distance-based weights and each capacity is considered available
for demand locations within travel time restrictions. The aim is to maximize the minimum spatial accessibility score which is
calculated by a floating catchment area method. Floating catchment area models are gravity-based models to operationalize the
relationship between supply and demand depending on the impedance (e.g., distance, travel cost, travel time) between them [129].
The enhanced 2-step floating catchment area (E2SFCA) is one of the most utilized spatial accessibility measurement methods in the
accessibility literature. It is an improved version of a former 2-step floating catchment area method [130] to overcome its static
operationalization of distance in which the supply locations within the maximum distance are evaluated as equally accessible [43].
The E2SFCA method consists of a relative representation of the distance (or any other cost e.g., travel time) between demand and
supply locations by zoning the maximum catchment area and/or utilizing a distance decay function such as Gaussian, exponential, and
inverse power functions [130].

Based on the varying catchment zones created there are two main steps. The first one is to calculate a supply-to-demand ratio in
which each supplier’s capacity is shared by the demand locations in reach of that supplier. In the second step, each demand location’s
accessibility score is calculated in which the relative distance-weighted supply amount in reach is evaluated. The enhancements are not
limited to 2-step methods. There are 3-step methods that consider the competition among the suppliers; however, in this study, it is
assumed that a competitive setting is not appropriate for the ICU context. According to this frame, the E2SFCA is utilized by the
following equations with the notations presented in the previous section. As such, rather than distances, travel times are used in all
formulations. Equation [9] is used to calculate travel time weights by a Gaussian decay function. For each origin and destination pair, a
travel time weight is calculated. As travel time increases between locations the weight also decreases, and if travel time is beyond the
specified maximum the weight is zero. After calculating travel time weights, in step 1, the supply-to-demand ratio for each supply point
R; is calculated by dividing the supply amount by travel time-weighted demand figures as given in Equation [10]. In step 2, the
accessibility score for each block group A; is calculated as the travel time-weighted supply-to-demand ratio as given in Equation [11].

2
1 _Si
677 ) e’%
71 — if cj < Tmax;
—e 2

fleq) = ©

0 otherwise
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Step 1: Supply-to-demand ratio (R;):
9 .
R=—2 _vjcs (10)
! ZieNDif(Cf/')
Step 2: Accessibility index (A;):

A=) Rf(cy)VieN an

Jjes

To select a given number of (p) field hospitals that maximize the minimum spatial accessibility score calculated by Ref. [9]-(11), the
following mathematical model can be used:

Maximize Ay .
ZY.;‘ =p -
JES
ZRff(sz)yj > AmnVieN »
JjES
y€{0,1}vjes .

The objective function [12] maximizes the minimum accessibility score A,,;,. Constraint [13] restricts the number of field hospitals
by p. Constraint [14] imposes that with the selected set of field hospitals, the accessibility score of each demand point is greater than or
equal to the minimum score. Noting that supply-to-demand ratio Rj and travel time weight f(c;;) are parameters of the model and are
calculated by Ref. [9]-(10). Constraint [15] is for integrality.

4.2.3. Multi-objective model and e-constraint solution approach

When the two models presented by Ref. [1]-(8) and [12]-(15) are integrated, the resulting model is a multi-objective mathematical
model that minimizes [1] and maximizes [12] concerning the constraints [2]-(8) and [13]-(14). The integrated model responds to
direct assignments (census block groups to shelters within capacity limitations) and relative assignments (optimizing the alternatives).
However, the model with stated constraint sets does not eliminate the selection of a field hospital that has no direct assignments.
Therefore, another constraint set [16] is imposed. If there is no direct assignment to a possible field hospital location, it cannot be
selected.

D xizyVjes (16)
ieN
There are several widely used multi-objective model optimization techniques such as the weighting method, and the e-constraint
solution approach. In the weighting approach, the weights of the objectives should be determined a priori which is not an easy task.
Also, in the weighting method, the objectives needed to be scaled to reduce the influence of unscaled objectives on the solutions.
Moreover, the weighting method is subject to miss efficient solutions. In the e-constraint solution approach, one of the objectives is left
as the objective of the model, and the other objectives are embedded as constraints. For each objective that is stated as a constraint, the
problem is solved many times by revising the right-hand side (¢) of that objective to get the Pareto efficient solution space. By these
properties, the e-constraint solution approach does not have the stated shortcomings of the weighting approach [131].
In our modeling approach, the fairness objective is left as the objective of the model, and the effectiveness objective is added as a
constraint. The resulting model consists of the objective function [17], constraint [18], and all the constraints stated before as follows:

Maximize Ay — 6 (ZZD,CW> 17)

ieN jeS

ZZD,CUXU <e 18

(2) - (8), (13) — (14),

In the objective function [17], the fairness objective is reduced by the effectiveness objective by multiplying with a sufficiently small
positive constant (§) to eliminate inefficient solutions, noting that the minimization objective is augmented with a negative sign to the
maximization objective. The constraint [18] is the restriction by the effectiveness objective and the right-hand side ¢ is changed from
the lower bound to the upper bound for each solution. The lower bounds are calculated by solving the model with the effectiveness
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objective only and the upper bounds are calculated by solving the model with the fairness objective and then solving for the effec-
tiveness objective. In addition to this solution procedure, the minimum number for p is determined by solving the following covering

model:

Minimize p 19

Fig. 2. (a) Population distribution (b) Predicted ICU demand-BG for 2 Weeks (¢) Vulnerable populations-BG (d) Existing and possible ICU facility locations.
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dwi<e (20)

JES

(2),(4) - (8)

The methodology is applied to the case study area using a 2.7 GHz, AMD Ryzen Threadripper PRO personal computer with 256 GB
memory. Data processing, travel time estimation, and visual representation are performed in ArcGIS Pro version 2.4. Regression
models have been generated and solved in R whereas optimization models are coded in Python and solved by IBM CPLEX 20.1.0. The
exact solutions are searched, and the best results with 1% mipgap are returned.

5. Results and discussion

The regression model introduced in the previous section is used to predict the COVID-19 positive cases for 426 census block groups,
and depending on the positive cases ICU demand for two weeks for each block group is calculated and presented in Fig. 2b. Moreover,
the vulnerable census block groups according to poverty level are depicted in Fig. 2c. According to the spatial distribution of the
vulnerability, the clusters are mostly in Walton County which is a rural one. All four counties have existing ICU capacity (see Fig. 2d),
but most of them are clustered in the populous west (Escambia County). In addition to the 11 existing facilities, there are 104 possible
locations according to the considerations provided in Section 3. Moreover, if the capacity of an existing facility is less than the capacity
of a new field hospital, an expansion option up to that capacity is defined as an alternative facility in the model.

5.1. Accessibility in the current setting

In the existing situation, there are 11 hospitals with varying capacities. Considering the locations of the existing hospitals, the p-
median model is applied by setting p as the maximum number of existing hospitals (p = 11). In this model no capacity restraints and
travel time restrictions are imposed, thus all the demand points are assigned to their closest locations. The existing hospitals, their
capacities, and the closest facility assignments are presented in Table 2. It could be seen that in a case with estimated ICU demand, the
existing capacity would be overwhelmed. The lowest capacity-to-demand rate is 12.2% (facility no: 4) observed in Walton County but
the deficiency in absolute terms is highest in the most populous Escambia County (facility no: 2).

Moreover, even though people could access the hospitals, they do not have enough capacity to admit those patients; thus, they
would have to travel more than they are in this case. Table 2 presents the hospital numbers matching Fig. 4, their capacities, the
shortest facility-assigned demand, total travel time, and average travel time. If all these hospitals have had enough capacity to admit
patients, the average travel time would have been 13.70 min per patient. Still, as mentioned, people in some block groups have to
travel more than an hour up to 90 min to reach the closest hospital in the current situation. The most disadvantaged counties are
Franklin and Liberty (see Fig. 3).

The shortest-distance assignments are depicted in Fig. 3a. For this assignment scheme, the travel distances are given in Fig. 3b. If
there were enough capacity in the existing facilities, in terms of travel time, northern Escambia block groups have to travel more than
30 min. A similar pattern is observed for Walton block groups. Thus, at least for travel time consideration, those block groups require
closer service. The paucity of services in the northern and eastern areas of the region is more obvious when spatial accessibility of ICU
beds is calculated considering the existing facilities (see Fig. 3c). When travel time limits are imposed for the vulnerable census block
groups the situation is direr for them. The minimum accessibility score drops to zero since for some block groups there are no facilities
within the stated travel time limit (Fig. 3d). Time limits happen to create a gap between the lowest and highest accessibility scores as
the E2SFCA method considers the available supply and the demand in reach. The time impositions limit some demand and some
demand locations -the ones closer to the facilities-have higher access scores since they do not have to share the same capacity as before.

In the next section, the results of a sample scenario and proposed improvements are presented, and then the results of all scenarios
are given.

Table 2

Existing ICU capacities and demand assignments.
No Hospital name ICU capacity ICU demand % Met Demand Unmet Demand
1 Select Specialty Hospital Pensacola 8 16 50.0% 8
2 West Florida Hospital 43 172 25.0% 129
3 Ascension Sacred Heart Emerald Coast 22 63 34.9% 41
4 Healthmark Regional Medical Center 6 49 12.2% 43
5 Santa Rosa Medical Center 15 118 12.7% 103
6 Gulf Breeze Hospital 10 73 13.7% 63
7 North Okaloosa Medical Center 20 82 24.4% 62
8 Twin Cities Hospital 15 56 26.8% 41
9 Fort Walton Beach Medical Center 42 133 31.6% 91
10 Ascension Sacred Heart Pensacola 61 72 84.7% 11
11 Baptist Hospital 55 179 30.7% 124

OVERALL 297 1013 29.3 716

11
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Fig. 3. Closest Facility Assignments with Existing Hospitals (a) Origin-Destination Links (b) Travel Time for p-Median Solution (c) Spatial Accessibility Scores without
Travel Time Limits (d) Spatial Accessibility Scores with Travel Time Limits for Vulnerable Block Groups.

5.2. Location selection of field hospitals in a representative setting

In this section, the proposed methodology is described in a sample scenario in which the capacity of proposed field hospitals is low
(LC) as 50-ICU beds, and the demand for ICU beds is high (DH) as calibrated by the maximum amount observed during the pandemic
(see Section 4.2) and the vulnerability of population block groups is not considered (VN), so in this scenario, only the overall travel
time limitation is imposed as all block groups have to be assigned to facilities that are at most 60 min away. Therefore, this setting is a
response to the existing situation presented in the previous section and depicted in Fig. 3a, b, and Fig. 3c.

12
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Fig. 4. Location selection results for the representative setting (a) origin-destination pairs (b) travel times for the block groups (c) accessibility scores of the
block groups.

First of all, the covering model is solved to determine the minimum number of facilities required to serve all demands (noting that
existing facilities are considered open and preselected). Then with this input p, the capacitated p-median model is solved to determine
the locations with the minimum demand-weighted travel time while assigning all demand to those facilities. This result is the optimum
result for the effectiveness objective and the lower bound on the right-hand side (¢) for the e-constraint solution approach.

Table 3

Results for the representative setting.
LC-DH-VN Spatial Access Score Travel Time (min)
Solution Method p Min Max Mean MAD* Total Avg
Existing (shortest distance assignment) 11 0.0363 0.4006 0.2921 0.0549 13840.4 13.7
Capacitated p-median (Effectiveness) 26 0.2524 1.4071 1.0211 0.1646 9984.5 9.9
Lexicographic (Fairness then Effectiveness) 26 0.6783 1.6063 1.0320 0.1309 15474.2 15.3
Epsilon constraint (Fairness and Effectiveness) 26 0.6783 1.5532 1.0327 0.1297 15076.7 14.9

LC: low capacity; DH: high demand; VN: vulnerability not considered (no 30-min limits).
% MAD: Mean absolute deviation.
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Fig. 5. Results of e-Constraint Solution Approach for Various p Values.
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The upper bound for the right-hand side (¢) is calculated by the lexicographic approach for the multi-objective problem, in which
one objective is prioritized and the model is solved according to that objective. Then the result is used as a constraint and the model is
solved according to the other objective. In our case, the fairness objective is prioritized by solving the capacitated p-median model with
the fairness objective (maximizing the minimum accessibility score) and then the selected locations are used as constraints to the
model, and the model is resolved according to the effectiveness objective (minimizing demand-weighted travel time).

After calculating the lower and upper bounds on the e-constraint (for the effectiveness objective), the model is solved many times by
changing the e-value between the lower and upper bounds. The results provide the Pareto-efficient solution set in which the behavior
of the model, the maximums, and the minimums could be inspected. The results for all scenarios for multiple p values are presented in
the next section but the results for the representative setting are given in Table 3.

There are 11 hospitals in the existing situation with a minimum accessibility score of 0.0363. The travel time section presented for
the current setting does not consider the capacities, so it is not feasible, but if the facilities had enough capacity to serve the closest
demand, the total and average travel times would have been 13840.4 and 13.7 min respectively. According to the covering model, the
minimum number of facilities to serve all demand is 26 (including the existing 11 hospitals). In this scenario, the minimum total travel
time could be 9984.5 and the average could be 9.9 min. The total travel time calculated here is the lowest (best) value for the
effectiveness objective and the lower bound on the e-constraint. The effectiveness solution could yield a minimum accessibility score of
0.2524 which is significantly higher than the one in the current situation, but this is also due to the unsatisfactory capacity of the latter.
After the median model solution with the effectiveness objective, the model is solved by the lexicographic approach (first solving
according to the fairness objective then solving according to the effectiveness objective). This model gives the maximum (best) value
for the fairness objective (0.6783) and the maximum (worst) value for the effectiveness objective and the upper bound on the
e-constraint. Finally, depending on the calculated lower and upper bounds on the e-constraint, the model is solved several times with

Table 4
Selected locations and selection percentages in scenarios.
Scenario p Access score Travel time Location
Min Max Mean MAD Total Avg ID %

LC-DH-VC 26 0.1755 2.1462 1.0019 0.4366 14355.87 14.17 97 100.0
27 0.2013 2.4093 1.0473 0.4685 14317.14 14.13 52 100.0
28 0.2175 2.5364 1.0925 0.5009 13786.00 13.61 68 98.1
29 0.2353 2.6491 1.1413 0.4980 12817.95 12.65 73 94.4
30 0.2500 2.7423 1.1734 0.5191 12675.33 12.51 50 87.0

LC-DH-VN 26 0.6783 1.5532 1.0327 0.1297 15076.68 14.88 97 100.0
27 0.7178 1.5206 1.0790 0.1434 15347.67 15.15 60 100.0
28 0.7519 1.6322 1.1332 0.1406 14119.92 13.94 100 86.4
29 0.7896 1.6791 1.1842 0.1571 13638.31 13.46 28 74.2
30 0.8101 1.8853 1.2225 0.1642 13899.92 13.72 12 69.7

LC-DL-VC 15 0.0055 2.8815 1.0957 0.4238 7107.31 15.83 73 85.2
16 0.0468 2.8976 1.2030 0.5111 6696.96 14.92 56 46.3
17 0.0577 3.1326 1.3131 0.5272 6160.80 13.72 52 46.3
18 0.1859 3.3983 1.4044 0.5712 5545.41 12.35 63 42.6
19 0.1879 3.3983 1.5152 0.6096 5295.84 11.79 92 40.7

LC-DL-VN 15 0.5604 1.7480 1.1066 0.1543 6285.14 14.00 33 48.1
16 0.6465 2.0702 1.2177 0.2073 6137.67 13.67 15 46.2
17 0.7518 2.0508 1.3326 0.2226 6118.14 13.63 60 44.2
18 0.9040 2.2566 1.4415 0.2276 5788.08 12.89 54 44.2
19 0.9379 2.5447 1.5583 0.2350 5750.86 12.81 68 34.6

HC-DH-VC 21 0.1488 2.5733 0.9943 0.4355 16027.30 15.82 68 100.0
22 0.2056 2.4917 1.0715 0.4731 14875.37 14.68 52 100.0
23 0.2127 2.6365 1.1418 0.4999 13676.44 13.50 73 90.7
24 0.2258 2.6670 1.2194 0.5669 13439.98 13.27 50 81.5
25 0.2464 2.9685 1.2856 0.6146 12960.59 12.79 74 59.3

HC-DH-VN 21 0.6447 1.4828 1.0364 0.1522 17083.84 16.86 60 95.2
22 0.7159 1.6007 1.1127 0.1526 16065.20 15.86 97 79.0
23 0.7749 1.6201 1.1875 0.1595 15367.40 15.17 12 53.2
24 0.8508 1.6830 1.2602 0.1610 14933.49 14.74 54 48.4
25 0.8794 1.8074 1.3340 0.1688 13538.81 13.37 28 46.8

HC-DL-VC 15 0.0055 4.1653 1.3147 0.5609 7011.36 15.62 73 80.8
16 0.0468 4.1653 1.4756 0.6941 6685.00 14.89 92 63.5
17 0.0835 4.3279 1.6372 0.7367 6116.79 13.62 63 51.9
18 0.2694 4.5025 1.7832 0.8522 5686.85 12.67 52 51.9
19 0.2768 4.8459 1.9442 0.9530 5470.72 12.18 111 40.4

HC-DL-VN 14 0.5766 2.0190 1.1623 0.2281 7162.30 15.95 54 46.5
15 0.7112 2.1482 1.3297 0.2249 6336.42 14.11 19 34.9
16 0.8105 2.5093 1.4983 0.2519 6373.90 14.20 60 32.6
17 0.9787 2.6293 1.6663 0.2440 5790.90 12.90 110 30.2
18 1.1141 2.6934 1.8337 0.2456 5563.05 12.39 63 30.2

LC: low capacity HC: high capacity; DH: high demand, DL: low demand.
VC: vulnerability considered, VN: vulnerability not considered.
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the fairness objective. The best spatial accessibility score is 0.6783 and the effectiveness objective is 15076.7 min. The accessibility
score is significantly higher than the existing situation and the one calculated by the sole effectiveness objective, but the travel time is
higher than those cases. The result of the e-constraint model (the solution with the highest fairness objective) is depicted in Fig. 4.

According to the observed deficiencies in the northern and eastern parts of the region three of the new facilities are selected in the
north (locations 74, 100, 110) and three of them are selected in the east of the region (locations 45, 50, 60). According to Fig. 4b, it
could be observed that the travel times around those facilities are significantly reduced and the accessibility scores are increased.
However, the lower access scores are again observed around the north of Okaloosa and Walton counties. This is due to the lower
number of alternatives around those areas. Though all people are provided ICU capacity in the solutions, the number of alternatives is
higher for some parts such as the south of Okaloosa County. It has to be mentioned that the results depend on the demand level,
expansion capacity, vulnerability considerations, and the number of facilities proposed. In the next section, the results considering
these factors are presented.

5.3. Locations selection of field hospitals in various scenarios

This section presents the results obtained by applying the proposed methodology for various scenarios and an overall evaluation.
There are eight different scenarios based on the capacity level of proposed field hospitals, ICU demand level, and imposition of travel
time limits considering vulnerable census block groups.

The capacity levels for the field hospitals are 50 ICU beds in low capacity (LC) scenarios and 75 ICU beds in high capacity (HC)
scenarios. The ICU demand estimations with the model (M) are used in the low-demand (DL) scenarios (as the average demand for the
period that the data was available) and calibrated (with the highest level observed in the U.S.) estimations in the high-demand (DH)
scenarios. For the vulnerability consideration, as mentioned before, the poverty level is used, and for the scenarios in which
vulnerability is considered (VC), it is imposed that a facility within a 30-min travel time must serve a vulnerable block group, and the
overall travel time limit is 60 min. In the scenarios in which vulnerable block groups are not prioritized (VN), only the overall travel
time limit of 60 min is imposed. In addition to the general scenario definitions, for each scenario, the minimum number of required
facilities is determined, and four additional sub-scenarios (p, p+1, p+2, p+3, and p+4) are solved to observe robust selections.

The result of each setting is depicted in Fig. 5. It could be observed that the effectiveness (travel time minimization) and fairness
(maximum of minimum accessibility score) have the same payoff structure. A higher fairness objective requires higher travel-time
assignments. This behavior of the model is significant and that is why we imposed the constraint set [16] which prohibits selecting
a location without any demand assignment. If it is not imposed, to increase the spatial accessibility score the model could select lo-
cations with no direct demand assignments, especially for the scenarios with higher-than-minimum facility selections. So, spatial
accessibility or fairness with more alternatives would cost higher travel times. One other observation from the results is the jumps in
the accessibility score. Since the model tries to maximize the minimum score, for a real-life situation it is not possible to observe
smooth transitions. The location alternatives are not distributed homogeneously. A selected location could increase the accessibility
score of a specific block group significantly from minimum to above average. Moreover, vulnerability consideration (imposition of the
30-min time limit) exacerbates that structure. The curves under scenarios without vulnerability consideration (VN) are smoother, as
the assignment alternatives are higher in those scenarios. As expected, as the number of facilities to select increases the tradeoff curves
shift to the right, thus both the fairness and effectiveness objectives improve. On top of these, the fairness objective could be highly
insensitive for some regions. That is to say, if a demand point has a very low accessibility score, and there are not any alternative
locations in reach of that demand location, the minimum score could not be increased and it sticks to a value even more than enough
facilities are selected for the region. To have meaningful results each demand point should be within the reach of several alternative
facilities, which is the case in this study.

Fig. 6. Mostly selected locations.
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In Table 4, all the results of the selected scenarios are presented. These are the solutions in which the highest fairness objective is
obtained with the best effectiveness objective (lowest travel time). In each scenario, the minimum accessibility score increases, and
travel time decreases as p increases.

In terms of maximum, average accessibility, and mean absolute deviation (MAD), there are also patterns. The maximum travel
time, average travel time and mean absolute deviation tend to increase as the number of alternatives increases (with exceptions). The
deviation increase could be captured by the increases in the average. The increase in accessibility scores for some block groups would
inevitably be higher due to geographic locations and this would increase with the provision of alternative locations. Table 4 also
presents the 5 field hospital locations with the highest percentages of selection for each scenario. For example, for the LC-DH-VC
scenario, the top 5 locations are location 97, location 52, location 68, location 73and location 50 with selection rates of 100%,
100%, 98.1%, 94.4%, and 87% respectively. That is to say in around 50 solutions with location 97 and location 52 are always selected,
so they are prime alternatives considering this scenario.

Following this selection procedure, in Fig. 6, the top 15 locations with the highest overall selection rates are depicted. Location 97
on the west Escambia, location 73 on the north Okaloosa, and location 60 on the south Walton are the ones with the highest selection
rates. Since the southern coastal area is the most populous part of the region, location 60 and location 97 are mostly selected to respond
to the lower accessibility scores due to high demand, and location 73 is to respond to the great deficiency in the northern part of the
region.

There are several limitations of this study. One limitation of this study is that the models assumed static ICU demand. Hence, it
happens simultaneously when no patient admission, treatment, and release relations were considered. We tried to match a high-
demand scenario that overwhelms the healthcare system, which occurred in many parts of the world during the pandemic, and
compared it with a lower-demand scenario. Still, consideration of dynamic demand is an exciting future direction of research. Sec-
ondly, the mode of transportation was not considered in the model. The modal choice would complicate the problem, and exact al-
gorithms would not be capable of reasonable solutions if people were given multiple travel options. Also, the study area size is a
constraining input. Exact solution procedures would not be capable of solving the models for larger study areas. As such, modal choice
and application of heuristic algorithms would also be a future direction of this study. Although the methodology could easily be
generalized and applied to other geographies, the results in this paper are specific to the selected area. Moreover, it should be
mentioned that the floating catchment area optimization problems are highly sensitive to the spatial distribution of the demand and
service locations. With the fairness objective employed in this study. Another limitation of the study is that staff and equipment were
assumed to be available. Also, the focus of this study was to determine the locations that would increase accessibility for victims;
however, staff availability and supply availability should also be considered for a more realistic case study.

6. Conclusions

In this paper, we addressed the location selection problem for field hospitals while evaluating the fairness in terms of spatial
accessibility of people to ICU beds and effectiveness in terms of travel time to the facilities. For this purpose, first, we estimated the ICU
demand of four counties in the Florida Panhandle at the census block groups level. For this estimation, the zip code level COVID-19
positive cases are used, and a tabu search-based optimization procedure is utilized to construct the best linear regression model. This
was followed by the evaluation of the existing situation with a focus on the spatial accessibility scores calculated by the E2SFCA
method and travel distances calculated by the p-median model. Then, our multi-objective model consisting of fairness and effectiveness
objectives is solved by the e-constraint approach for various scenarios. The results for each scenario and the overall results are pre-
sented and the tradeoff between the two objectives is discussed. The solution procedure could be used in location selection analyses
and guide policymakers in regional-level decision-making to provide fair and effective services.
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APPENDIX

Table Al

The Variables Used to Model Covid-19 Positive Cases

International Journal of Disaster Risk Reduction 93 (2023) 103794

Variable Definition Min Mean Max Std
ACRES Acreage 2070.35 78960.71 483886.71 88124.02
TOTALPOP Total population 555.00 14637.45 53703.00 12902.19
P_MALE Percentage of males 42.94 51.74 74.03 5.87
P_WHITE Percentage of white people 16.15 74.26 100.00 17.90

P AGES5.17 Percentage of population btw ages 5-17 4.77 14.56 24.07 3.67
P_AGE_18 21 Percentage of population btw ages 18-21 0.00 5.81 48.69 6.52
P_AGE_65_UP Percentage of population age 65+ 0.26 17.61 36.38 5.91
P_AGE_85_UP Percentage of population age 85+ 0.00 1.76 4.43 0.99
P_BELOW_POV Percentage of people below poverty level 2.52 14.46 48.59 8.17
P_ED_COLLEGE Percentage of people with at least college degree 0.00 16.19 43.69 9.51
TRAN_PUB Number of people using public transport to work 0.00 50.06 1141.00 135.17
P_OWNER Percentage of owner occupied housing units 0.00 68.72 96.91 18.22
P_VEHICLE 0 Percentage of occupied housing units with no car 0.00 5.68 18.67 3.91
AVG_VEH Average number of vehicles per occupied housing unit 1.25 1.82 2.20 0.19
P_C_NO_COMP Percentage of households that have no computer 0.00 12.36 40.53 8.64
Covid_case Total number of positive COVID-19 cases 47.00 1543.54 7029.00 1383.30

Fig. Al. Correlation Plot of the Variables
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Initialization:
Begin with an initial solution and an empty tabu-list, set the solution as the best solution,
and so the aspiration value.
Body:
While (the maximum number of restarts for the whole algorithm is not reached) Do:
Preliminary Search:
While (the maximum number of iterations for the preliminary search stage is not
reached) Do:
1. Evaluate the objective values of the neighbors of the current solution and
keep them in available neighbors set.
2. Select the neighbor with the best objective value from the available
neighbors set.
2.1. If the move is not in the tabu-list, set it as the current move;
2.1.1. If the current solution value is better than the aspiration value,
update the aspiration value as the current solution value;
2.1.2. Else, do not update the aspiration value.
2.2.  Else (current move is in the tabu-list),
2.2.1. If the current solution is better than the aspiration value, remove
the move from the tabu-list, update the aspiration value.
2.2.2. Else (the current solution is not better than the aspiration value),
remove the neighbor from the available neighbors set, and go to
step 2.
2.3.  Add the selected move to the end of the tabu-list.
3. Go to Intensification with the best solution found.

Intensification:
4. While (maximum number of restarts for the intensification is not reached)
Do:

4.1.Empty the tabu-list.

4.2. Repeat Preliminary Search (1-3) Until a better solution value than the
aspiration value is found OR the maximum number of iterations is
reached

5. Go to Diversification.
Diversification:
6. Empty the tabu-list.
7. Add the most frequent s moves to the tabu-list.
8. Begin with a random state.
9. Repeat Preliminary Search (1-3) Until the maximum number of iterations
for the diversification is reached.
End:
Return the best solution.

Fig. A2. Tabu Search Procedure

19



O. Alisan et al. International Journal of Disaster Risk Reduction 93 (2023) 103794

Fig. A3. Tabu Search Results
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