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Abstract This research employs a spatial optimization approach customized for addressing equitable
emergency medical facility location problems, through the p-dispersed-median problem (p-DIME). The p-
DIME integrates two conflicting classes of spatial optimization problems, dispersion, and median problems,
aiming to identify the optimal locations for emergency medical facilities to achieve a balanced spatial
distribution of emergency medical services (EMS) while effectively serving demands. To demonstrate the
utility of the p-DIME model, we selected Gyeongsangbuk-do in South Korea, recognized as one of the most
challenging areas for providing EMS to the elderly population (aged 65 and over). This challenge arises from
the significant spatial disparity in the distribution of emergency medical facilities. The results of the model
assessment gauge the spatial disparity of EMS, provide significantly enhanced solutions for a more equitable
EMS distribution in terms of service coverage, and offer policy implications for future EMS location planning.
In addition, to address the computational challenges posed by p-DIME's inherent complexity, involving mixed-
integer programming, this study introduces a solution technique through constraint formulations aimed at
tightening the lower bounds of the problem's solution space. The computational results confirm the
effectiveness of this approach in ensuring reliable computational performance, with significant reductions in
solution times, while still producing optimal solutions.

Keywords: dispersion-median problem; equitable service distribution; emergency medical facilities
(EMS); local emergency medical institutions (LEMISs); spatial optimization

1. Introduction

Emergency medical care is a first-line critical infrastructure intended to ensure the quality of life
for citizens facing various serious medical situations. The emergency healthcare system has garnered
significant attention over the past few decades due to the continuing growth of the aging population
and rapid urbanization, resulting in spatial disparities between rural and urban areas [1,2]. In
particular, the population of older adults is subject to life-threatening disease-related emergencies,
such as cardiac arrest and diabetic shock, while emergencies affecting members of younger
generations are more pronounced by violence and drug abuse, along with accident-related trauma
inflicted in severe car crashes [3]. Thus, locations for emergency medical facilities should be
established to ensure easy access to emergency care for a variety of urgent medical incidents.

With the requirements of the emergency medical services (EMS), dispersing the emergency
medical facilities in a region is a natural consideration to achieve spatial equity of medical facilities,
serving potential demands as much as possible within the service area [4]. This principle holds true,
especially for time-sensitive critical services such as trauma centers, as the EMS represents the
primary tier of the emergency services, and the travel time becomes a crucial factor in handling life-
threatening conditions for cases in rural or underserved areas.

Many countries have sought to circumvent the rapid increase in demand for EMS by developing
their own EMS systems that align with their citizens’ needs, according to their economic capabilities
and types of medical service, supply of medical personnel or labor, and even political systems for
operation. In the case of South Korea, the government has invested over USD 200 million since 2010
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to establish a hierarchical system of emergency medical facilities under the nation’s Emergency Medical
Service Act, with three geographic levels: (1) Regional Emergency Medical Centers (tertiary), (2) Local
Emergency Medical Centers (secondary), and (3) Local Emergency Medical Institutions (hereafter
LEMIs; primary level) [1]. Of particular concern is focused on the location of the LEMIs as they are
the first-line emergency facilities nationwide, designed to serve all areas in demand of the national
emergency medical system.

The primary goal of the LEMISs is to promote equitable access to medical services by strategically
distributing them across regions, particularly within a province (referred to as ‘do” in South Korea).
This approach aims to operate the EMS system effectively cover the demands of the community by
LEMIs within budget constraints. As part of these efforts, the government periodically (every 3 years)
selects LEMIs from a pool of candidate medical institutions, and provides financial support to ensure
the delivery of critical pre-hospital emergency medical services to patients at the local community
level. Despite these efforts, however, the current placement of the facilities is disproportionately
arranged due to various factors [5,6], which raises concerns of geographic disparities in healthcare
service access [7,8]. Specifically, certain provinces in South Korea face challenges in providing
coverage to people living in remote areas such as rural or suburban areas, through the LEMIs [9-11].
This spatial inequity becomes more pronounced as the aging population tends to reside in these areas
to escape financially stressful living environments after retirement. Therefore, mitigating spatial
inequality is not only a crucial issue for the overall healthcare service of individuals in a region but
also for the quality of the national EMS system.

According to the South Korean National Geographic Information Institute [12], the study area,
Gyeongsangbuk-do is identified as the most challenging province in terms of providing emergency
healthcare service coverage to the population of older adults (+65) due to the significant spatial
disparity in the distribution of LEMIs. In this province, only 69.15% of the population resides within
10km (~30 minutes of travel time) from any emergency medical center, including LEMIs. This
represents the lowest ratio among the nine provinces of the country, with an overall mean of 73.26%.
Given this context, this area furnishes a good study area for exploring effective planning scenarios
for optimizing the placement of LEMIs. There are sizeable body of research regarding the assessing
the distribution of EMS facilities in the context of South Korea [10]. However, a majority of them
focused on assessing EMS coverage to identify underserved areas of medical services. In a
methodological perspective, the models they employed were network-based indicators, such as
accessibility measures with descriptive statistics. The policy implications in their conclusions thereby
did not explicitly address substantial solutions for resolving the disparity issues in healthcare access
from a planning perspective.

In the context of spatial planning to address medical facility location problems, a spatial
optimization approach has been employed to determine the optimal arrangement of medical
facilities. This approach considers factors such as demand accessibility and resource availability [13].
In the context of the EMS system, common approaches include the strategic distribution of the EMS
facilities using median- or coverage-based models such as p-median problems and coverage location
problems, respectively, which are formulated to meet specific criteria and requirements aiming at
improving the efficiency of the system. In terms of spatial equity, a recent study conducted by Chea
et al. [4] proposed to determine the optimal placement of trauma centers in response to traffic
accidents in Tennessee, United States using an anti-covering location modeling approach. Their
research's fundamental concept involves integrating spatially-informed clustering methods into anti-
covering models, aiming to achieve an equitable distribution of service coverage for trauma centers,
minimizing excessive overlap within accident hotspots. However, their modeling approach did not
account for budget constraints, a realistic system efficiency consideration in the decision-making
process for EMS. Given this context, this research is to develop an advanced location model that focus
on resolving both spatial disparities in accessibility and the equity of service coverage of LEMIs based
on the principle of dispersion-median location framework. These models are specifically tailored for
a case study of LEMIs in Gyeongsangbuk-do, South Korea as the region urgently needs to address
inequitable medical service coverage for LEMIs based on the assessments and probable scenarios.
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To achieve the objective, our approach to building the models involves three main steps. In the
first step, we examine the accessibility of current geographic locations of emergency medical facilities
to assess excess or deficit in their services, as observed in the geographic coverage of the LEMIs in
the study area. The second step is to construct a multi-objective location problem, named the p-
dispersed-median (hereafter p-DIME) models, to determine the optimal location for LEMIs that
would effectively achieve service equity at the same time the enhanced accessibility of demands. The
modeling is achieved by (1) maximizing the sum of travel time distances among open p-LEMIs while
(2) minimizing the sum of weighted distances from demands to those LEMIs. The structure of the p-
DIME aligns with the dispersion-based location problem, specifically, the p-maxisum dispersion and
the p-median model as a form of mixed integer programming (MIP) [14]. In addition, as solving the
problem is challenging because of its computational complexity, the final step is to propose a
treatment to enhance the solving capability of the p-DIME models for large instances using an
auxiliary pre-informed lower bound (hereafter APRIL) constraint. We demonstrate that the APRIL
constraint helps tighten the lower bounds of the solution space in the MIP formulations, resulting in
significant improvements in computational times.

To the best of our knowledge, previous studies have focused on utilizing either the covering or
median location approaches to address location problems related to emergency facilities. However,
there has been limited research on the dispersion-based median location model. Hence, the p-DIME
offer a unique approach that provides a different perspective for solving these problems, particularly
in terms of spatial equity and accessibility considerations.

2. Literature Review

2.1. Location modeling for emergency medical facility planning

Ahmadi-Javid, Seyedi, and Syam [13] state, in their review of over 150 articles published since
2004, that given the primary goal of locating emergency facilities is to provide timely responses for
urgent medical care, it is not surprising that location-allocation models have been widely employed
for emergency facility planning because the idea of minimizing weighted travel distances among
supplies (location) and demands (allocations) is directly related on the efficient operation of EMS
dispatches. As a class of location-allocation problems, the p-median location model, originally
addressed by Hakimi [15], is equated to determine the optimal location of selected medical facilities
to minimize the average travel distance from demands to them. In contrast, covering-based location
problems are the most applied class of emergency medical facility planning [13]. In terms of spatial
equity for medical services for demands, Li et al. [16] found that previous research endeavors focused
on utilizing covering location models, such as Location Set Covering Problem (LSCP) [17], Maximal
Covering Location Problem (MCLP) [18], and their extensions, such as the maximum expected
covering location problem (MEXCLP) and maximum availability location problem (MALP). These
models offer decision-making options for EMS planning. The key advantage of covering models lies
in their ability to reflect the spatial characteristics required for EMS such as maximal service range
(distance or time) and maximum acceptable response time [19,20]. These standards are well-defined
through pre-processing in a GIS environment. Consequently, covering-based location models are
widely utilized in emergency medical facility planning as well as in evaluating the effectiveness of
existing medical facility locations in comparison to the ideal spatial arrangement.

For the applications to address more complex healthcare facility location problems, a multi-
objective approach is prescribed by combining different directions of objective functions in EMS
planning [20]. For example, a hierarchical objective set covering problem (HOSC) can be formulated
to minimize the number of facilities to cover all demand nodes at the same time maximizing the
additional number of facilities that provide services to each demand area. Eaton et al. [21] employed
the Maximal Covering Location Problem (MCLP) to identify optimal locations for EMS vehicles by
considering their dispatch coverage, leading to advantages such as transportation cost savings and
reduced response time. Similarly, Jia et al. [22] applied the MCLP model to establish a large-scale
EMS in response to various emergency disruption scenarios. However, the MCLP-based covering
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approach tends to place the emergency centers around high-demand areas, often leaving the space
of less-demand areas such as rural areas uncovered or allowing excessive coverage for densely
populated areas [23]. It should be noted that existing models using covering or median location
problems are centered around enhancing the operational efficiency of the EMS, rather than mitigating
or resolving the spatial disparity of medical facility access [13,23], stressing that there is room to
employ a different class of location problems to reflect different requirements and criteria by the roles
of healthcare facilities as well as planning situations [13,16]. To overcome the problem, alternatively,
Chea et al. [4] employed an anti-covering location problem (ACLP) to address the optimal placement
of trauma centers, the highest level of EMS, thus, the number of facilities is quite limited. They argued
that the principle for locating trauma centers should prioritize maximizing the spatial equity of
accessibility from clusters of trauma-accident prone-areas, while avoiding overlapping coverages
among trauma centers. This principle is particularly important when considering emergency facility
planning on a large geographic scale. However, virtually none of the research has given attention to
adapting the idea in dispersion location problems for emergency medical facility planning as
alternative perspective to improve the spatial equity of access for the primary type of EMS.

It is important to note that there are distinct differences among covering, median, and dispersion
location problems when each deal with spatial equity or access in determining the location of
facilities. Coverage location problems focus solely on coverage of facilities for demands using a
coverage standard of facilities such as geographic service coverage of facilities. However, this
instrumental definition allows overlapping the coverage among facilities, if necessary, resulting in
multiple coverages for certain demand areas and an inequitable arrangement of facility services
[19,27]. In contrast, median problems prioritize the efficiency of the entire system's operations, which
may make achieving spatial equity among facilities improbable. Compared to covering or median
location problems, the dispersion location problems aim to minimize the overlap of service coverage
among facilities by separating them as much as possible, thereby achieving an equitable distribution
of facilities. However, the dispersion problem models do not explicitly embed the allocation of the
demands to the dispersed facilities, which may result in unsatisfactory outcomes in terms of ensuring
accessibility for demands. Given these nuanced principles, incorporating a principle of median
problems, such as the sum of weights of the distance from demands to the facilities, into the principle
of dispersion problem can lead to a more equitable and accessible medical service coverage. This
approach may be particularly suitable for locating LEMIs in our context, proposing the p-DIME
model, where the ideal equitable access to emergency services among dispersed medical facilities
from demands can be attained.

Finally, from a computational perspective in facility location problems, ensuring optimal
solutions within a reasonable timeframe becomes a critical issue for practical applications [24]. As the
p-median, covering, and dispersion location problems belong to the class of NP-hard, heuristic
algorithms (e.g., myopic, neighborhood search, exchange, and reduction heuristics) are employed to
balance intensive computation with high-quality of solutions. For example, Caccetta and Dzator [25]
proposed novel heuristic solution techniques to locate emergency medical centers in a p-median
problem setting. Indriasari et al. [26] presented the tabu search algorithm among different meta-
heuristic algorithms options (genetic, tabu, and simulated annealing) to solve the maximal
emergency facility service area problem (MSAP) which entails difficulties in finding good solutions
because of a huge number of demands. However, seeking an optimal solution is prioritized when
identifying the precise location of facilities is a primary concern in planning scenarios.

2.2. Integration facility dispersion models with other location problems

The dispersion location problem originally was addressed to find the optimal solution for
specific situations where undesirable or obnoxious facilities need to be separated maximally from
each other in a given space. The idea of the dispersion location problem was first invoked by Shier
[28] on a network space but Kuby [14] was the first to formulate two types of the p-dispersion
problems as a form of MIP. The first problem, known as maxmin dispersion problem, pursues the
maximization of the minimum distances among facilities. The formulation was unique in that the
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model uses a constraint technique involving a very large number (M) in the model to ensure the
minimum separated distance between pairs of facilities. The constraints identify the greatest
separation (max) for the objective function from a number of the minimum distances (min) from a
complete set of pairs among candidate facilities in the constraints. The second standard model, the
maxisum dispersion model is to maximize the sum of the separated distance among all selected
facilities instead of finding a single pair of facilities which was the objective of the maxmin dispersion
model.

Erkut and Neuman [33] categorized the variants of the dispersion problems into four types of
models to address specific problem contexts [14,29-32]: Max-MinMin (p-dispersion), Max-SumSum
(maxisum dispersion), Max-SumMin (p-defense), and Max-MinSum, which are labelled based on two
key criteria. The first criterion is based on how the goal of the objective function is specified, either
focusing on “worst-case” (labeled -Min) or “total” performance (-Sum). Specifically, the term ‘Min’ is
labeled in a dispersion model if the objective function of the model considers only the ‘worst” pair of
facilities among all combinations of them (i.e., Max-MinMin). On the other hand, the ‘Sum’ criterion
refers that the objective function considers the ‘total’ sum of the worst pairs in terms of each facility
(i.e., Max-SumMin). The second criterion is based on measuring the separation or interaction among
selected facilities, considering either a single minimum separation distance (Min), or the total sum of
the separation distances (Sum) among facilities. In the context of multi-objective dispersion problem
approaches, Erkut and Newman [34] proposed a multi-objective model for dispersing sanitary
landfills or incinerators, which is a class of undesirable facility dispersion problems. The objective
was to minimize the total cost of locating these facilities while simultaneously maximizing spatial
equity for residents. For a different purpose of dispersing facilities, Maliszewski et al. [35] presented
multi-objective dispersion models that combine the classical p-dispersion model with other location
problems such as median and max covering models. It is worth noting that a multi-objective
modeling approach typically entails a trade-off or conflict among objective functions (for example,
median versus covering). As a result, the model's outcomes for facility location determination vary
depending on the sensitive of each objective in the multi-objective functions.

An important concern in dispersion models is their solvability when seeking optimal solutions
for large instances or multi-objective models because most dispersion models inherently pose a
combinatorial problem in a MIP formulation. For example, both the maxmin and maxisum dispersion
models are the class of the NP-complete [14,36]. This implies that the search process for optimal
solutions quickly becomes intractable as the number of decision variables increases exponentially,
with a complexity of O(n!) to the number of candidate facilities (). In particular, the maxisum
dispersion problem is more challenging compared to the maxmin problem because the model
requires the examination of all pairs of p-selected facilities to calculate the sum of distances among
them. To address this issue, an effort to reduce the number of decision variables in MIP formulations
in the problems was made by Curtin and Church [30]. Their underlying idea is to eliminate
unnecessary variables from the original MIP based on the intrinsic behavior of dispersion solutions
that the (p-2) farthest potential facility candidates from each facility are not eligible for optimal
solutions.

3. Methodology

3.1. The p-dispersed-median (p-DIME) model

The standard p-dispersion model considers a single metric, which is the distance between all
pairs of facilities and the objective function is to maximize the shortest distance among any pair of p
facilities. In contrast, the p-DIME model requires two information to incorporate the principle of the
p-median problem in the objective function: the distribution of weights at demand k (f), which
represents the size of potential patients or population, and the shortest path (travel time) distances
(di) from medical service facility i (LEMIs) and demand k. With this input, the p-DIME model
achieves two objectives. Firstly, it maximizes the total sum of distances among selected p facilities,
following the dispersion principle, to promote spatial equity of them. Second, it minimizes the sum
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of weighted distances between demand areas and their assigned facilities, applying the median
principle, to enhance medical service accessibility for demands. Two things are worthy to note to
characterize the p-DIME model compared with other location problems. First, the assignment
between demands and facilities is explicitly determined by the decision variables defined with the
constraint sets and the objective function, which is differentiated from the principles of the covering
location problem and standard dispersion models. Second, because the objectives of dispersion and
median approaches may conflict, the problem is formulated as a multi-objective model that produces
non-inferior optimal solutions within the framework of location-allocation planning scenarios. The
p-DIME model is formulated as follows:

Maximize
Yien Djen Zijdij — Xien Zker fu Qi Xik (1)
Subject to
Yien¥i =p 2)
YienXae=1 Vk ©)
Yi—Xpe =0 Vi k (4)
Zy<Y, Vi Vj>i (5)
Zy <Y, YiVj>i 6)
D <d;+M(2-Y,-Y) Vi, Vj>i )
D = doy (8)
Y; € {0, 1} Vi )
X €{0,1} Vik (10)
Where
e Index

i, j: index for candidate facilities for LEMISs,

k: index for demand area k,

N: a set of the candidate facilities for LEMIs, and
L: a set of the demand areas.

e  Decision variables
Yi: 1if a LEMI is located at the candidate facility site i; 0 otherwise,
Xi: 1if demand k is served by facility site i; 0 otherwise,
Zi: 1 if LEMIs are located at i and j; 0 otherwise, and
D: the smallest separation distance between any pair of assigned facilities.

e  Parameter inputs

p: the number of facility sites to be open for LEMIs,

di: the shortest path (travel-time) distance between facilities i and j,

fi: weights at demand area k (a measure of the population in our models),

M: a large number that exceeds the maximum value of di, and

dopr: the optimal objective value pre-obtained from the p-dispersion model at p.

The objective function (1) integrates two different classes of location models—the maxisum
dispersion (the first term) and the median location problem (the second term). The first term
(Xien Xjen Zijd;j) stipulates that the objective function maximizes the total sum of travel-time
distances between all pairs of selected p LEMIs. The second part of the objective function
Xien Zrem fudigXix) is to minimize the total sum of the weights of demand areas to their assigned
LEMI among p. Since both objective functions conflict with each other, the second objective is
expressed with a negative sign when it is combined in a single objective function. Constraint (2)
defines that p LEMIs should be open. Constraints (3) ensure that a demand node is served by one
open LEMI. Constraints (4) enforce that demand areas should be allocated among p-selected LEMISs.
Constraints (5) and (6) specify that distance between two LEMIs is only considered when they are
selected. Constraints (7) stipulate that the distance between the two selected LEMIs among p must be
maximized. Constraint (8) tightens a lower bound on D from the constraints (7). Note that the value
of dopt is pre-obtained using the p-dispersion problem at p [14]. As demonstrated by Kim and O’Kelly
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[37], this tightening constraint improves the computational performance in finding optimal solutions
because dop tightens the feasible solution space of D with the substantial reduction of the number of
branch and bounds (B&B). Constraints (9) and (10) define that decision variables are binary integers.

3.2. Auxiliary pre-informed lower bound (APRIL) constraint

As the p-DIME model combines two complex location problems, finding optimal solutions
becomes quickly intractable as the instance size increases [35,38]. Research has demonstrated that
obtaining a good or exact lower bound can improve computational efficiency when solving MIP, as
it reduces the number of B&B, especially when used in conjunction with algorithms like Gomory's
Cut method [39,40]. A lower bound for a MIP problem can be obtained by relaxing the integrality
restrictions on the decision variables [39]. However, this approach may be ineffective in tightening
the feasible solution space, depending on the linear programming structure of the instances.
Alternatively, we propose the auxiliary pre-informed lower bound (APRIL) constraint to define a
lower bound for the objective function.

Yien Zjen Zijdij = Opre (11)

Where

Opre: the pre-obtained optimal objective value obtained from the maxisum dispersion problem at
(p-1).

The idea behind this approach is based on the property exhibited by "sum" type of location
models, such as the p-median or p-maxisum dispersion problems, where the objective function value
either monotonically decreases (median) or increases (maxisum dispersion) with respect to p.
Specifically, constraint (11) provides an enhanced lower bound for the maxisum dispersion portion
of the objective function, using the objective value obtained from the maxisum dispersion model at
(p-1). A similar bounding technique, known as the analytical target reduction (ATR), was employed
by Kim et al. [42] in the context of the p-functional regions problem (PFRP). The ATR method also
used the optimal solution value at p for the (p+1) instance as a form of constraint. Our experiments
demonstrate how effectively and consistently this treatment reduces solution times compared to the
models without constraint (11) across different values of p [41].

3.3. Defining a service coverage standard of LEMIs

It is important to define a standard for the maximal service range of EMS facilities to evaluate
the effectiveness of the EMS planning scenarios. However, there is little consensus in the literature
regarding how to define the geographic coverage for primary EMS facilities [4,23]. In our study, the
service coverage standard for LEMIs is defined based on the street-network based travel time from a
LEMI to the demand areas, which is a 30-minute street network-based travel-time distance as the
threshold for emergency service coverage for a LEMI, which is generally accepted for the geographic
scale of the study area in South Korea [43,44]. As a measure of the weighted demand, we utilized the
population size at each Dong (~town, total 468 Dongs in the study area), the standard administrative
district for our case study. By employing this criterion, the percentage of the population covered by
each LEMI is calculated based on the results from the p-DIME model.

3.4. Data

Figure 1 depicts the study area, including the locations of 178 medical facilities and 31 current
LEMIs, which are the candidate sites for LEMISs for the planning scenarios determined by the p-DIME
model. Both data were provided by two public agencies, the Health Insurance Review and
Assessment Service (HIRA) and the National Emergency Medical Center of South Korea. As patients
visiting the LEMIs come from all age groups, we utilized the 2021 population data to define weights
for the demand areas. The data were obtained from the Korean Statistical Information Service
(KOSIS), which provides the registered populations for Dong. We define the location of the
administrative offices as a representative point for the demand area unit.
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Figure 1. Research extent and the distribution of the candidate medical facilities for LEMIs. Note:
green dots represent the location of current LEMIs.

Figure 2 displays the spatial pattern of the population of 468 Dongs and their representative
demand areas. It is noticeable that the administrative offices of the Dongs are significantly
concentrated in three major cities (> 50,000 residents): Daegu-si in the South, Pohang-si in the
Southeast, and Gumi-si in the West, indicating a significant discrepancy in population distribution
compared to the Dongs, most other areas where the majority of cities are rural, have populations of
less than 6,000.
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Figure 2. Population distribution of the research area. Note: The natural breaks method was used as

a classification method to visualize the distribution of the registered population [47].

4. Analysis and Implications

4.1. Assessment of service coverage by planning scenarios

Note that traditional p-dispersion and the maxisum dispersion models often produce multiple
optimal solutions (i.e., multiple planning scenarios) if identical distances exist among different pairs
of selected facilities, which makes difficult assess them. In contrast, the p-DIME model produces a

single optimal solution because the objective function is determined by the allocations between

demand areas and facilities that yield the greatest service coverage efficiency. To compare the results,
all instances for p=2 to 40 were solved for both the p-DIME and the p-maxisum models using the

commercial optimization solver ILOG CPLEX 12.8 on an Intel Core i7-4790 3.60GHz with 16GB of

RAM in a computational environment. Table 1 provides the optimal solutions for selected p (=2, 10,
20, 30, 31, and 40) for the maxisum dispersion (column A) and the p-DIME model (column B).
Additionally, the objective function value for the current location of 31 LEMIs (column C) is included
as a reference to assess the efficiency of the current arrangements compared to the ideal solutions

obtained from the two models.

Table 1. Population coverage by the maxisum dispersion and p-DIME model for selected p.

. . . Current location of the
Maxisum Dispersion (A) p-DIME (B) LEMIs (C)

P Covered " Covered o Covered o

population ° population ° population °
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2 196,780 3.9 196,780 3.9 - -
10 1,861,864 36.8 2,138,988 42.2 - -
20 4,942,982 97.6 4,967,938 98.1 - -
30 4,980,951 98.3 4,999,462 98.7 - -
31 4,980,951 98.3 5,007,155 98.9 4,846,069 95.7
40 4,986,485 98.5 5,011,482 98.9 - -

* Note: Current distribution of medical facilities cannot provide a 100% covered population because a few
administrative units (i.e., Dongs) cannot be served by candidate medical facilities under the 30-minute travel
time coverage standard.

Some noteworthy findings have emerged from the analysis. First, the p-DIME model
demonstrates greater efficiency in population coverage compared to the maxisum dispersion model.
For instance, if only 10 LEMIs are allowed, the optimal arrangement by the maxisum dispersion
model covers 36.8% of the population, whereas the 10-DIME model offers a better coverage, reaching
42.2% of the population. This represents an additional benefit to 277,124 residents (refer to Table 1).
These enhanced coverages are observed for all other instances of p. Second, as anticipated, the
number of covered populations by LEMIs increases along with the increase of p. However, it is
important to observe that significant improvement in coverage is steeply made until p=20, with the
maxisum and DIME models reaching 97.6% and 98.1% coverage, respectively. Beyond p=20, there is
a marginal improvement until p=40, which is the saturation point to reach the complete coverage of
the areas considering a 30-minute travel time distance. In other words, the result suggests that 20
LEMIs would be sufficient to cover the same or greater areas currently served by the 31 LEMIs covers,
strongly indicating the inefficiency of the current EMS operations. Third, when comparing the
coverage by the current 31 LEMISs (95.7%, 4,846,069) with the coverage by the p-DIME model for p=31,
it is evident that more people could be served by the optimal arrangement of LEMIs (98.9%,
5,007,155). This outcome suggests that the current EMS system with 31 LEMIs practices inefficient
resource utilization and suffers from spatial disparities in the accessibility of LEMIs.

From a future planning perspective, if we consider only 31 LEMIs for operation, the current
coverage can be improved to better serve the demand areas by relocating the least efficient ones
among 31 LEMIs based on the solutions from the p-DIME model. Second, if the target planning goal
is to maintain the current 96% coverage, the p-DIME model suggests that only 15 LEMIs are needed
to achieve a coverage level of 96.8% (with p=15), as the coverage with p=14 falls below 96%. Third, if
the concern is to identify areas with significant spatial disparity and/or potential operational
inefficiency, mapping the geographic coverage of the current 31 LEMIs (Figure 3a) against the
optimal locations of 31 LEMIs determined by the p-DIME model (Figure 3b) can help pinpoint which
current LEMIs are candidates for relocation. The result by the p-DIME model in Figure 3b clearly
suggests that several LEMISs in the outskirt areas of the province should be dispersed, particularly in
the north and south areas, resulting in 98.9% of areas being served. It is evident that if the model uses
a less-strict travel-time coverage standard, such as a 45 or 60-minute driving distance, the province
would be completely covered with a smaller p.
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Figure 3. Comparison of geographic coverage by the current 31 LEMIs (a) and the LEMIs by the p-
DIME model when p=31 (b).

Figure 4 illustrates the change in the objective values of the two objective terms in the p-DIME
model: the maximum dispersion part concerning the location decision of LEMIs (Figure 4a) and the
median terms for the allocation decision (Figure 4b) with p =2, 3, ..., 40. The objective value for the
maximum dispersion part consistently increases, while the median part decreases, clearly
demonstrating a trade-off between the dispersion-type versus the median-type problem. It should be
noted that the objective value of the median part in Figure 4b often exhibits fluctuations, with a few
stepwise transitions observed at p=5, 10, 14, and 21. These fluctuations can be attributed to the
behavior of the p-DIME model, which aims to find the global optimal solutions to the dispersed
LEMIs for spatial equitable placements and the optimal allocation of demands for the best
accessibility to the location of LEMIs.
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Figure 4. Change of two objective values of the p-DIME model with p. (a) Change of the objective
function values on the maxisum dispersion terms (locations) (b) Change of the objective function
values on the median terms (allocations).

4.2. Computational efficience of the p-DIME models for planning scenarios

To examine the effectiveness of the APRIL constraint, Table 2 presents computational results
comparing the solving performance between the standard p-DIME model (A) and the model with
APRIL (B). As mentioned in the previous section, the APRIL constraint was included in the model by
obtaining the optimal objective value of the (p-1) maxisum dispersion model. As shown in the
second column in Table 2, both models produced identical objective values for all instances.
However, the model with the APRIL constraint significantly reduced the solution time, with a
reduction rate ranging from 50% to 88.9%. It is worth noting that the solution times of the p-DIME
model with APRIL consistently remain low, taking less than 20 seconds for all p (see Figure 5). In
contrast, the p-DIME model without APRIL exhibits greater variability in finding optimal solutions
(~130 seconds). This consistently low variability, regardless of the value of p, indicates that the
treatment using the APRIL constraint is promising for large instances, though the model is a class of
NP-hard. In other words, if solving an instance at a certain p is difficult to solve the problem with
optimality, employing a sequential solution procedure (p=1, 2, ..., p-2, p-1) can serve as an alternative
and effective solution approach.

Table 2. Computational results of the model with auxiliary pre-informed lower bound (APRIL)

constraint.
Objective p-DIME without APRIL (A) p-DIME with APRIL (B) Sol. Time
P Value Time(s) (c) Nodes Iterations | Time(s) (d) Nodes Iterations | reduction
2 173.6 0.2 0 0 - 0 - -
3 368.1 0.7 0 1,785 0.4 0 0 50.7
10 4,213.7 114.7 0 25,583 14.2 0 25,932 87.6
20 15,411.7 82.9 0 18,868 9.2 0 18,057 88.9
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30 31,978.6 69.0 0 17,697 11.0 0 18,484 84.1
31 34,360.8 67.7 0 22,218 9.4 0 22,031 86.2
40 55,478.5 48.4 0 21,181 10.4 0 20,045 78.6

* Note: Solution time reduction (%) = ((c) — (d)) / (c) * 100.

130 4 —o— without Constraint (a)
120 4 —e— with Constraint (b)

Elapsed solution time (sec)
(2]
(=]
1
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Figure 5. Comparison of solution times: (a) p-DIME model without APRIL (a) vs. (b) the p-DIME with
APRIL constraint.

4.3. Trade-off between dispersion and median of LEMIs

The p-DIME model inherently yields Pareto optimal solutions as it involves a trade-off between
two objectives: the dispersion and median problems of facilities. Since these objectives have non-
commensurable units, understanding the relationship between them is essential for decision-making
in planning scenarios, suggesting that a weighting scheme is employed to explore their relationship.
The p-DIME model with a weighting scheme is formulated as (11) to generate a Pareto curve where
the weight w ranges from 0 to 1.

wien Zjen Zijdij — (1 —w) Yien Zker fedinXik (11)

Where

w: a weight to the maxisum dispersion term, 0 <w < 1.

Figure 6 depicts a Pareto front between the two objective values for the instance of p=31, which
is crucial for evaluating the current arrangement of LEMIs. The x-axis represents the objective values
of the first objective term (dispersion), that is the total sum of the distances among LEMIs, and the y-
axis corresponds to the second objective (median), the total sum of the weighted distance between
demand areas and their assigned LEMIs. The selected results by the weight of 0.10 are displayed. It
means, if the emphasis is on achieving spatial equity of the LEMIs for EMS (highlighted point a in
Figure 6), it may come at the expense of accessibility efficiency. On the other hand, if the primary
concern is ensuring accessibility for demand areas through service coverage provided by LEMIs, the
spatial equity via dispersing LEMIs becomes less significant (point b in Figure 6).
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Figure 6. Trade-off between dispersion and median of LEMIs in the p-DIME model (p = 31). Note: For
a better visualization of Pareto curve, the population weighted demands are re-scaled by 1/10,000.

Several key implications are worth mentioning from the result in Figure 6, First, although the
Pareto curve clearly demonstrates that there is a trade-off between the dispersion of the LEMIs and
the median for demand areas, the relationship between the two objective functions is curved-linear,
indicating that as the weight given to the dispersion of LEMIs increases, the sensitivity of the
allocation of LEMIs quickly decreases. In other words, behavior of the dispersion problem affects
greatly to the behavior of the allocation of demands to the LEMIs when even smaller weights are
considered. However, once a certain level of LEMI dispersion is reached, e.g., beyond w=0.45, their
dispersion becomes less critical to the ideal LEMI arrangement, while demand allocation to the LEMIs
becomes more crucial in decision-making. In a planning context, this fact suggests that the decision
regarding the establishment of EMS should weight more on the spatial equity (dispersion) over
effective accessibility (median). Second, when assessing the performance of current EMS, the ideal
arrangement of emergency medical facilities should be strategically designed based on the weight,
as two goals pose a conflict with different sensitivity. Third, from a public health policy perspective,
re-allocating or redesignating some of the LEMISs entails an opportunity for cost savings in operating
LEMIs, while simultaneously improving emergency healthcare coverage for communities that are
currently underserved by inefficiently located LEMIs. However, the cost-benefit analysis should be
designed as a follow-up modeling if the cost for the relocation of the LEMIs is known as the proposed
p-DIME model does not reflect the cost-relevant metrics in the model.

5. Concluding Remarks

From a socio-economic perspective spanning across geography, public health, and planning, this
research presents an enhanced location problem for determining the optimal placement of emergency
medical facilities. The p-DIME model proposed in this study falls within the category of location-
allocation problems, integrating two classes of spatial optimization problems. This model is
particularly suitable for situations where the objective is to disperse medical facilities for equitable
service coverage while ensuring improved accessibility for demands to the facilities.

Based on the results, the fundamental concept of the p-DIME model enables efficient
optimization of LEMIs location and provides valuable insights into achieving equitable access at the
same time enhanced accessibility for various medical service provision scenarios. These insights can
be applied to scenarios such as facility relocation and demand reassignment. Furthermore, the p-
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DIME model can be extended to incorporate additional dimensions of supply restrictions (e.g.,
number of doctors, facility capacity, and external impacts due to service failures, and relocation
expense of the LEMIs) into the model formulation, thus sophisticating its applicability in realistic
decision-making processes for siting emergency medical facilities. Much of the research regarding
the application of dispersion-based location problems has been primarily focused on the separation
of noxious or obnoxious facilities. However, certain types of facilities, especially medical service
facilities targeted for citizens’ welfare and security, should be accessible while incorporating the
spatial equity of the service into the solution to serve the underserved areas as much as possible.

From a modeling perspective, location-allocation problems can benefit from adapting bounding
techniques, as used in the p-DIME model, to ensure optimal solutions for large-scale instances rather
than relying solely on heuristic approaches. Our approach is inspired by recent literature [46], which
seeks to integrate spatially informed geographic patterns with the optimization of location-allocation
problems. While the bounding technique helps enhance solvability, there's room for exploring
additional solving strategies to eliminate unnecessary constraints or decision variables because any
combination of different classes of location problems increases the complexity of the models. This
area is a potential avenue for future research, going beyond the current conventional modeling
approach.
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