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Abstract: Equal accessibility to healthcare services is essential to the achievement of health equality.
Recent studies have made important progresses in leveraging GIS-based location–allocation models
to optimize the equality of healthcare accessibility, but have overlooked the hierarchical nature of
facilities. This study developed a hierarchical maximal accessibility equality model for optimizing
hierarchical healthcare facilities. The model aims to maximize the equality of healthcare facilities,
which is quantified as the variance of the accessibility to facilities at each level. It also accounts for
different catchment area sizes of, and distance friction effects for hierarchical facilities. To make
the optimization more realistic, it can also simultaneously consider both existing and new facilities
that can be located anywhere. The model was operationalized in a case study of Shenzhen, China.
Empirical results indicate that the optimal healthcare facility allocation based on the model provided
more equal accessibility than the status quo. Compared to the current distribution, the accessibility
equality of tertiary and secondary healthcare facilities in optimal solutions can be improved by
40% and 38%, respectively. Both newly added facilities and adjustments of existing facilities are
needed to achieve equal healthcare accessibility. Furthermore, the optimization results are quite
different for facilities at different levels, which highlights the feasibility and value of the proposed
hierarchical maximal accessibility equality model. This study provides transferable methods for the
equality-oriented optimization and planning of hierarchical facilities.

Keywords: health equality; spatial optimization; hierarchical healthcare facilities; maximal
accessibility equality; 2SFCA

1. Introduction

Healthcare services are widely regarded as one of the essential public services that
affect residents’ health and well-being. Efficient and equal provision of healthcare ser-
vices to the population is always at the center of the governance and planning of healthy
cities [1]. From the spatial perspective, the distribution of healthcare facilities directly influ-
ences the accessibility of residents to healthcare services and the utilization of healthcare
services, which in turn impact their respective health outcomes [2–4]. Accessibility is a
multidimensional concept that is related to both spatial and non-spatial factors [5,6]. The
concept of spatial accessibility is adopted in this study, which measures how easily and
how many opportunities can be reached by residents from different locations [7]. Ensuring
essential and equal accessibility to healthcare services is a key target of the Sustainable
Development Goal proposed by the United Nations [8,9]. In China, both the central and
municipal governments have set up strategies to promote the equalization of healthcare
services [10,11]. The worldwide outbreak of the COVID-19 pandemic and its far-reaching
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impacts have significantly highlighted health and safety issues and the rational planning
of healthcare resources [12,13].

However, the distribution of healthcare services decided in the traditional man-
ner often do not provide equal accessibility to all [3,14–16]. There are significant dis-
parities in healthcare accessibility across different locations or different socio-economic
groups (e.g., natives vs. immigrants, high-income vs. local income, and the elderly
vs. the young) [17–19], which has important spatial/social equity implications [20]. In
Shenzhen, China, the study area, significant inequality in healthcare accessibility has also
been revealed by existing studies [16,21]. The irrational distribution of healthcare facilities
and inequality of accessibility make a strong call for the optimization of healthcare facilities.

Academia from fields such as public health and geography have paid increased
attention to the optimization of healthcare facilities. A series of optimization models
have been developed, which are usually known as the location–allocation models [22,23].
Typically, these models set up one or more objective functions and a set of constraints [24].
Efficiency and equality are the most important objectives for allocating public facilities to
different sites [25]. However, most of existing studies focus on the efficiency objectives
such as minimizing the numbers or cost of facilities, maximizing the coverage of facilities,
and minimizing the travel cost between consumers and facilities [26,27]. By contrast, little
attention has been paid to equality of facilities distribution in location–allocation studies,
partially due to the difficulty in modelling and optimizing equality [4].

Recently, an innovative stream of studies has considered spatial/accessibility equal-
ity in the location–allocation analysis [28–31]. The maximal accessibility equality (MAE)
model developed by Wang and Tang [28] is a novel and helpful method for researchers and
practitioners who are interested in improving the equality in demanders’ accessibility to
public services (e.g., healthcare services). However, the development and implementation
of the MAE model are still confined to single-level facilities. Comparatively little atten-
tion has been paid to the equality optimization of hierarchical (or multi-level) healthcare
facilities. As existing studies [32–34] have demonstrated, spatial analysis of hierarchical
facilities should account for more characteristics such as various service scopes, frictions
of distance, and transport modes. Therefore, the existent MAE model is not suitable for
analyzing accessibility to hierarchical facilities. Although hierarchical location–allocation
problems have been studied for decades [35–37], few have addressed the equality issue
or incorporated spatial accessibility into location–allocation analysis. There are still gaps
in terms of simultaneously considering the hierarchical nature and accessibility equality
optimization of healthcare facilities.

This study’s contributions are threefold. First, it develops a hierarchical maximal
accessibility equality (HMAE) model, which is hierarchy-sensitive and can act as a useful
tool in the equality-oriented spatial optimization of hierarchical healthcare facilities or
other hierarchical facilities. Second, this study provides a method that simultaneously
accounts for both existing fixed facility locations and newly added locations that are
flexible in the location–allocation analysis. This can make the optimized solution more
feasible because the fixed resources/stocks of existing facilities are considered in the
optimization. Third, online map application programming interface (API) is introduced to
improve the accuracy of estimated travel time in location–allocation analysis. The proposed
model maximizes the equality of spatial accessibility to healthcare facilities by minimizing
the variation in accessibility across all locations. This is achieved by both adding new
facilities and reallocating the resources at existing facilities. The method is valuable for the
implementation of equality-oriented healthcare planning and policymaking. Shenzhen,
which is one of the first cities to have highlighted the policy goal to achieve equality in
healthcare services in China, was selected as the study area to demonstrate the feasibility
and usefulness of the proposed model.
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2. Literature Review
2.1. Classic Location–Allocation Models

Serving as a tool for people to analyze and optimize locations of facilities, location–
allocation models have been present for more than five decades [22]. There are a set of such
models that are termed as the classic location–allocation models [24,26]. In addition to the
p-median model, the classic models also include the maximal covering location model, the
location set covering model, and the p-center model. The covering models deal with the
coverage of demanders (usually represented by discrete and aggregate locations) within a
certain radius of each facility [38]. The maximal covering location model aims to maximize
the coverage on the basis of a certain number of facilities [27], whereas the location set
covering model is designated to achieve full coverage using the least number of facilities.
The p-center model is different from the above models, aiming to minimize the maximal
distance from each demand nodes to its nearest facility. It is also known as the minimax
problem [24]. To some extent, the p-center model considers equity issues by improving the
situation of the remotest demanders.

The classic models are tailored to approach various policy objectives and have en-
gendered numerous applications [22,24]. The classic models have also been extended and
improved in other instances, e.g., the gravity p-median model that incorporates a gravity
rule into the p-median model [39], making them applicable in more complicated real-world
contexts. The classic models, however, are faced with several drawbacks [4]. First, they fail
to explicitly address the equity issue. Most of the existing location–allocation models only
address efficiency-oriented objectives. Second, the assumptions of the spatial interaction
between demanders and facilities in these models are relatively simple. Most notably,
few have employed realistic accessibility measurement when considering how demanders
reach facilities.

2.2. Hierarchical Location–Allocation Problems

Researchers have developed location–allocation models for hierarchical facilities.
Hierarchical facilities are a type of facility that consist of multi-level facilities, facilities at
each level that provide (totally or partially) different functions of service within different
territories [36,40]. A healthcare facility is a typical type of hierarchical facility [32].

From a modelling perspective, hierarchical facilities can be classified according to their
flow patterns, service varieties, spatial configurations, and optimization objectives [36,37].
Flow pattern is about the organization and delivery of services among different levels of
facilities. The single-flow pattern assumes demanders at each node are serviced in facilities
at the lowest-level, then transferred to facilities at higher levels, if necessary. The multi-
flow pattern indicates that demanders can be allocated to facilities at any level. Service
varieties determine whether the functions at a lower level can also be supplied at higher
levels. According to spatial configurations, the service scopes of facilities at a lower level
should be in accord with those at higher levels. The optimization objectives of hierarchical
location–allocation models are mainly built on the basis of the classic models described
above, e.g., the hierarchical p-median model, hierarchical maximal covering model, and
hierarchical location set covering model [35,41,42]. Therefore, these models focus on the
efficiency of facility configurations and more or less overlook equity/equality issues. In
addition, most hierarchical location–allocation models also fail to address the complex
interactions between the demand and supply. In other words, the two drawbacks of the
classic models previously pointed out by Wang [4] persist in hierarchical models.

2.3. The Maximal Accessibility Equality Model

Aiming to address the equality issue, Wang and Tang [28] initiated a novel location–
allocation model, termed the “maximal accessibility equality” (MAE) model. The MAE
model quantifies the equality dimension of facilities’ spatial configuration as the sum of
squares of differences in the accessibility to different facilities. The optimal configuration
would minimize the disparity in the accessibility to facilities [28]. The objective function
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of this problem represents how spatial equality is understood and quantified. Solving the
problem thus addresses the policy concerns over equality in public services. The MAE
model can be expressed and solved as a quadratic programming problem.

Tao et al. [29] applied the maximal equality model to analyze optimal configuration of
residential facilities and introduced the particle swarm optimization heuristic algorithm to
solve the model. Another study tried to extend it by selecting newly added facility locations
rather than reallocating resources at existing or given locations [43]. Two studies further
introduced a two-step procedure, with the first step to optimize locations of facilities, while
the second step to optimize the respective sizes of the facilities [30,44]. Dai et al. [31]
incorporated a random allocation mechanism into the MAE model to optimize educational
opportunities. To date, however, few have paid attention to the equality optimization of
hierarchical facilities. To achieve this goal, the MAE model needs to be extended to account
for hierarchical nature of facilities.

Note that a few recent studies have made efforts to model the spatial accessibility to
hierarchical healthcare facilities [32–34]. These studies adapted the spatial accessibility
measurements, e.g., the two-step floating catchment area (2SFCA) method, in order to
account for the hierarchical characteristics of facilities, including variable service scopes,
different distance frictions, and different transport modes for facilities at various levels.
Although these studies fail to improve and optimize the accessibility to hierarchical facili-
ties, the above advancements in modelling accessibility to hierarchical facilities can help to
develop a hierarchical version of MAE model. The current study makes further efforts to
combine the measurement of accessibility to hierarchical facilities and the MAE model that
optimizes the equality of accessibility.

3. Data and Methods
3.1. Study Area and Data

Shenzhen was chosen for the empirical analysis. It was selected because existing
studies have revealed hierarchical features in healthcare facilities and in accessibility to
these facilities in Shenzhen [32]. Shenzhen is one of the special economic zones and
megacities in China. It is located in the Pearl River Delta region in China. Shenzhen
has undergone rapid socio-economic development in the last four decades since China’s
reform and opening in 1978. By 2018, Shenzhen has 11 million permanent residents and
1997 square kilometers of land area. It is composed of 10 administrative districts, 55 sub-
districts (or jiedao in Chinese), and 771 communities (or Shequ in Chinese) (see Figure 1). In
Shenzhen, like in other Chinese cities, public healthcare facilities play a predominant role in
the provision of healthcare services to the residents. According to the “Medical Regulations
of Shenzhen Special Economic Zone” issued by Shenzhen’s municipal government in
2016, healthcare facilities in the city are organized as a three-level system. They are the
tertiary, secondary, and primary healthcare facilities from the top to the bottom. The
primary facilities consist of the community health service centers (CHSCs) serving the
city’s 771 communities. The secondary and tertiary facilities serve the 10 districts and
the city, respectively. The current hierarchical healthcare system in Shenzhen is not well
established, wherein the referral system between various levels has not been formulated,
and patients are free to choose healthcare facilities at various levels [16].

The data used in this study comprised three types:

(1) community-level population counts;
(2) point-level healthcare facilities with attribute information such as names, hierarchy,

number of physicians, and addresses;
(3) the travel time between community centroids to healthcare facilities.
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Figure 1. Location and distribution of population and healthcare facilities in Shenzhen.

The population counts are from the sixth population census of China, which was
conducted in 2010 and is the most up to date of its kind available to the public. Centroids of
communities and their geospatial information such as longitude and latitude coordinates
are obtained via the geocoding API of Baidu Maps. The average population size of each
community is 13,500. Each community is treated as a demand node in our ensuing analyses.

Detailed information concerning all the three levels’ facilities is available at the official
website of Shenzhen Municipal Health Commission [45]. As of December 2018, there
were 19 tertiary healthcare facilities, 35 secondary healthcare facilities, and 612 primary
healthcare facilities in Shenzhen. The average numbers of physicians in these facilities
were 422, 182, and 6 physicians, respectively (Table 1).

Table 1. Basic statistics of the hierarchical healthcare facilities in Shenzhen.

Facility Levels Number of Facilities Total Physicians Average Physicians

Primary facilities 612 3672 6
Secondary facilities 35 6377 182

Tertiary facilities 19 8012 474

The primary facilities are the largest in quantity and the smallest in the average
number of physicians. They are widely distributed in all districts in Shenzhen (Figure 1).
The primary facilities provide incredibly wide-ranging functions and service qualities
that they usually become the first choice of patients residing in proximity. Therefore, the
maximal equality model may be not applicable to these facilities. Furthermore, existing
studies have found that the spatial accessibility to primary hospitals is relatively equal in
Shenzhen [32]. Given this, only the tertiary and secondary facilities were considered in
this study. In brief, tertiary and secondary healthcare facilities are different mainly in three
aspects. First, tertiary facilities usually provide more complicated and higher-level services
than secondary facilities. Second, tertiary facilities usually have larger coverage areas than
secondary facilities, which can be reflected by the different catchment sizes in the model.
Third, the average size (number of physicians) of tertiary facilities is significantly larger
than that of secondary facilities.

The measurement of spatial accessibility relies on the travel times between demand
nodes and different facility locations. Following existing studies [16,21], the travel times
are estimated using the driving navigation API of Baidu Map [46], the most popular online
map in China. The estimation is based on real-world transportation network, historical
traffic congestion information, and the local driving rules. The departure time of these trips
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are assumed to be between 10 a.m. and 5 p.m. on weekdays. This is done to avoid extreme
travel times during peak hours.

3.2. The Hierarchical Maximal Accessibility Equality (HMAE) Model

The maximal equality model was developed by Wang and Tang [28]. It aims to achieve
equal accessibility by minimizing the variation in the spatial accessibility to healthcare
facilities from different demand nodes. In this study, the original MAE model was further
adapted into a hierarchical version. The objective function can be expressed as Equation (1).

minimize
m

∑
i

Pi

(
Al

i −
∑m

i Pi Al
i

∑m
i Pi

)2

(1)

where Al
i is the spatial accessibility at demand node i to facilities at level l, Pi is the

population, and m is the number of demand nodes (i.e., communities in this study). The
function means the population-weighted sum of the difference between the accessibility at
each node and the population-weighted average accessibility. In the original study, spatial
accessibility is calculated using the 2SFCA method. The generalized form of 2SFCA can be
written as Equation (2).

Al
i =

n

∑
j

Sl
j f (dij)

∑m
k Pk f (dkj)

(2)

where Sl
j is the supply size (amount of physicians in this study) at candidate level-l facility

location j, n is the amount of candidate facility locations, dij is the travel cost (e.g., travel
time or distance) between each demand node and each candidate facility location, and f is a
function that describes the distance friction effect. In this study, the Gaussian-based 2SFCA
method is adopted to measure spatial accessibility, which is advocated by existing studies
on measuring healthcare accessibility [16]. The model takes a Gaussian distance friction
function that is suitable for hierarchical facilities, which can be expressed as Equation (3):

f (dij) =

 e−1/2×(dij/Dl )
2
−e−1/2

1−e−1/2 , dij ≤ Dl

0, dij > Dl

(3)

where Dl is the catchment area size, i.e., the radius of service scope, of candidate facility at
level l. Note that in the traditional spatial accessibility and maximal equality optimization
studies, the catchment area is the same for all facilities. When applied to hierarchical
facilities, however, this setting is inappropriate. Following existing studies on the spatial
accessibility to hierarchical healthcare facilities [32], we assigned different catchment sizes
for facilities at different levels. Generally, the catchment size is larger for facilities at
a higher level. Furthermore, on the basis of the Gaussian function, a larger catchment
size also means a weaker distance friction for higher levels, which is another important
characteristic of hierarchical healthcare facilities [32]. Note that the HMAE model in this
study intends to maximize the equality of accessibility to healthcare facilities for each level
independently. The reason for this setting is that the current hierarchical healthcare system
in Shenzhen is a multi-flow and nested hierarchical system, where facilities at various
levels provide service to residents independently [16].

3.3. Implementation of the HMAE Model

The process of spatial optimization is to determine the optimal value of the decision
variable that can optimize the objective function for each facility level (tertiary and sec-
ondary) independently. Figure 2 summarizes the procedures in this study. The decision
variable of the maximal equality model is the supply size Sj at each candidate location.
It can be zero, which means no facility is located at the location, or any positive value.
Therefore, the selection of candidate locations is crucial for spatial optimization. In existing
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studies, there are two ways to select candidate locations. The first way is to set up candidate
locations without consideration of existing facilities. The candidate locations can be the
centroids or random locations within administrative or census units, or evenly distributed
locations across the study area. The second way, by contrast, aims to rearrange the supply
of existing facilities. In other words, the locations of existing facilities are used as candidate
locations. The advantage of the second way is that the existing resources can be accounted
for, making it more cost-efficient and realistic for policy decision making.
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Figure 2. The framework of the procedures in this study.

In this study, the selection of candidate locations was based on the existing facility
locations. Furthermore, considering that the existing facility locations might not be enough
to provide coverage to all demand nodes within given catchment areas, we also accounted
for the possibility that new facility locations may be needed. Despite the existing facility
locations, we examined whether there are demand nodes that are located outside the
catchment areas of all existing facilities. If yes, additional candidate locations were be
selected from these underserved demand nodes. In sum, candidate locations for locating
facilities consisted of two parts, i.e., existing facilities and underserved demand nodes. The
selected candidate locations are described below.

This study introduces online map API to improve the estimation of travel time from
patients to facilities. Specifically, the driving and transit navigation APIs provided by Baidu
Map, a leading online map provider in China, were utilized to estimate travel time by
driving or by public transit, respectively. Online map API can provide more accurate and
reliable estimates of travel time on the basis of the frequently updated transport network,
navigation rules, transit schedule, and traffic status [16,47].

A few studies have demonstrated that various transport modes should be considered
in accessibility analysis such that heterogenous demand of different socio-economic groups
can be reflected [16,34,48]. This study considered two transport modes, i.e., private car and
public transit. The latter includes both regular buses and subway and inter-mode transfers.
Following Tao and Cheng [19], travel times by the two modes were combined on the basis
of modal shares. Modal shares of private car, bus, and subway at the district level were
collected from the Shenzhen 2016 Travel Survey.

As for hierarchical healthcare facilities, the catchment sizes should vary across different
levels. Following existing studies [19,21], we determined the catchment sizes on the basis
of the exceptional breakpoint of the distribution of the travel time from each demand node
to the closest existing facility. The threshold was determined so that most demand nodes
were within the catchment areas of existing facilities. Only a few extreme demand nodes
that were extremely far away from existing facilities were excluded from the catchment
areas. As a result, the catchment sizes for tertiary and secondary facilities were 70 and
40 min of travel times, respectively (see Figure 3).
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In the next step, the travel times from each demand node to the closest existing
tertiary and secondary facilities were calculated on the basis of the travel time matrix. If
the minimum travel time between a demand node and tertiary facilities was larger than
the catchment size, it could be considered to be an underserved demand node of tertiary
facilities. The same procedure was executed for secondary facilities. The distribution of
underserved demand nodes (communities) is shown in Figure 3.

The underserved demand nodes of tertiary facilities are concentrated in the east part
of Shenzhen, one in Pingshan District, and the others in Dapeng District. Population
density is relatively low in these areas. Therefore, one new candidate location was added
in each district. Furthermore, even though all demand nodes in the west part of Shenzhen
(i.e., Bao’an and Guangming districts) are covered by existing tertiary facilities, most of
these demand nodes are quite far away from existing tertiary facilities. The closest tertiary
facility is in the southernmost area of Bao’an District. Therefore, two new candidate
locations were added in the northern Bao’an and Guangming Districts. The underserved
demand nodes of secondary facilities are mainly concentrated in Longhua district, where
moderate population density presents. There is another underserved demand node in
Luohu District. Although Luohu is one of the central districts, population density in this
subdistrict is relatively low, where the highest mountain, Wutong mountain, is located.
Therefore, new candidate locations were only selected in Longhua District, on the basis
of the distribution pattern of underserved demand nodes. Taken together, as shown
in Figure 3, there are 23 and 39 candidate locations for tertiary facilities and secondary
facilities, respectively. The average supply size of each facility was set as the same with
existing facilities at each level. The total numbers of physicians at the two levels were
found to be 9700 and 7100, respectively. Table 2 summarizes the setting of all parameters.

Table 2. Parameters at each level.

Facility Level Catchment Size Number of Underserved
Communities

Number of Candidate
Locations Total Physicians

Secondary facilities 40 min 23 39 7100
Tertiary facilities 70 min 9 23 9700

Following existing studies [29,49], the HMAE model was solved by using the parti-
cle swarm optimization (PSO) algorithm developed by Kenned and Eberhart [50]. PSO
specifies a fitness function to evaluate the performance of each possible solution, which is
represented as the total accessibility difference calculated by Equation (1). It provides an
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efficient approach to solving optimization problems by simultaneously considering a wide
range of possible solutions and moving towards the optimal solution in an evolutionary
manner. Each solution is termed as a particle, which consists of the facility sizes at all
candidate locations. In each iteration, the performance of current solutions is evaluated
by the fitness function and compared with the previous iteration. If the current solution
generates better performance, it would be retained and the solutions in the next iteration
would be determined on the basis of the trend. These solutions are expected to converge to
a global optimal solution after a certain number of iterations.

PSO was first introduced by Tao et al. [29] into the maximal equality model. PSO can be
operationalized with a toolbox in MATLAB developed by Birge [51]. The implementation
of PSO is required for set-up of a few parameters, among which range of X (i.e., the size of
facility) and dimension of particles are related to the specific case. Dimension of particles
was set as the number of candidate locations, i.e., 39 and 23 for tertiary and secondary
facilities, respectively. Range of X is defined by upper bound and lower bound. The
lower bound was set as 0. The upper bound was set as two times of the size of the largest
existing facility, i.e., 1500 and 800 for tertiary and secondary facilities, respectively. Other
parameters were determined on the basis of the work of Tao et al. [29] and the default
parameters given by the manual of the toolbox.

4. Results
4.1. Optimal Distribution of Tertiary Healthcare Facilities

In addition to the existing 19 tertiary facilities, four new facility locations were added
in areas that are quite far away from existing facilities. The newly added locations are
located in Bao’an, Guangming, Pingshan, and Dapeng Districts. The optimal sizes of
these candidate locations, both the existing facilities and newly added locations, were
determined by using the hierarchical maximal equality model, aiming to minimize the
variation in the spatial accessibility to facilities for all demand nodes.

The results are shown in Figure 4. The optimized facilities were classified into small-,
middle-, and large-sized facilities (corresponding to facilities with 100–300, 300–800, or
800–1200 physicians, respectively) on the basis of the natural-breaks method. The ratios
of three types of facilities were 48%, 39%, and 13%, respectively. Small- and middle-
sized facilities are dominant. There are only three large-sized tertiary facilities, which are
respectively located in Nanshan, Bao’an and Guangming Districts. By contrast, the tertiary
facilities in Futian and Luohu Districts, which are regarded as the core of Shenzhen, are
middle- or small-sized. However, a relatively large number of existing tertiary facilities are
concentrated in Futian and Luohu Districts. The tertiary facilities in Longhua, Longgang,
and Pingshan Districts, where the distribution of facilities is relatively dispersed, are mainly
middle-sized. The only tertiary facility in Dapeng District, which is newly added, is small-
sized, due to the low population density in Dapeng and the surrounding areas. Generally,
the optimized distribution of tertiary healthcare facilities presents a pattern in that facilities
in the central areas are densely distributed but small-to-middle-sized, while facilities in the
peripheral areas are middle-to-large-sized but dispersedly distributed.

The differences between optimized sizes and actual sizes of existing tertiary facilities
were also calculated. This can help determine which adjustments of existing facilities are
needed to achieve the optimal distribution, which is useful for decision making. As shown
in Figure 5, the differences were significant, indicating that large adjustments are needed
to materialize healthcare accessibility equality. In other words, the distribution of existing
tertiary facilities is poorly performed in terms of providing equal healthcare accessibility.

Existing tertiary facilities that require positive size adjustments are mainly located in
Nanshan, Bao’an, Longgang, and Longhua districts, while most facilities in Luohu and
Futian districts need to be cut down in size. The pattern reveals that to achieve equal
accessibility, more healthcare resources need to be allocated in the peripheral areas. Note
that in the optimized distribution, some downsized (“negative adjustment”) facilities may
be close to upsized (“positive adjustment”) facilities, e.g., the example marked by a yellow
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box in Figure 5. In such cases, the positive and negative adjustments close to each other
can be counteracted. By doing so, many costs of adjustments can be saved, but with only
negligible impacts on resources distribution and healthcare accessibility.
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4.2. Optimal Distribution of Secondary Healthcare Facilities

Similarly, the optimized secondary healthcare facilities are classified according to
their sizes using the natural breaks method. The sizes of small-, middle-, and large-sized
secondary facilities were less than 100, 100–300, and 300–600 physicians, respectively.
The ratios of facility amount for three types were 46%, 36%, and 18%. The number of
small-sized secondary facilities was the largest. As shown in Figure 6, the distribution of
each type of secondary facilities is relatively even in most districts. In Pingshan, Dapeng,
and Yantian districts, however, optimized secondary facilities were found to be relatively
small in size. Large-sized secondary facilities with more than 300 physicians are relatively
evenly distributed, which can cover moderate-to-high population density (higher than
10,000 persons/km2) areas within a relatively small distance.
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The needed size adjustments of existing secondary facilities to achieve equal acces-
sibility are shown in Figure 7. Facilities that require positive size adjustments are mainly
located in areas with relatively high population density. This indicates that the distribution
of existing secondary facilities may fail to match the distribution of the demand, which can
result in poor and unequal healthcare accessibility. There are also situations where negative
and positive adjustment are close to each other, e.g., the areas marked by yellow boxes
in Futian and southern Longgang districts. Counteracting these inverse size adjustments
can make the optimized solution more economically feasible with negligible impacts on
healthcare accessibility.
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4.3. Examining the Improvement of Accessibility Equality

The disparities and distributions of the optimized as well as actual healthcare acces-
sibility were further estimated and compared to examine whether and how the equality
in accessibility is improved. The healthcare accessibility based on the actual distribution
of healthcare facilities was estimated by using the Gaussian-based 2SFCA method with
the same parameters as in the above optimization model. The disparity in accessibility
was measured by coefficient of variation (CV), which ranges from 0 to 1, with a larger
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CV representing larger disparity. CV was selected as the measure of disparity because it
can make the measures at two levels comparable. In the calculation of CV, the standard
deviation of accessibility is divided by the mean.

As shown in Table 3, the CVs of actual and optimized distributions of healthcare
accessibility to tertiary facilities were 0.53 and 0.32, respectively. Similarly, the respective
CVs for actual and optimized secondary facilities were 0.58 and 0.36. After optimization,
the disparities in healthcare accessibility to tertiary and secondary facilities decreased
by 40% and 38%, respectively. In other words, the optimization improved the equality
in the spatial accessibility to the tertiary and secondary healthcare facilities by 40% and
38%, respectively.

Table 3. The coefficients of variation in actual and optimized healthcare accessibility.

Facility Level Actual Optimized Improvement

Secondary facilities 0.58 0.36 38%
Tertiary facilities 0.53 0.32 40%

The accessibility was calculated first for discrete community locations, and then extrap-
olated into continuous distribution with the inverse distance weighted spatial interpolation
method. As shown in Figure 8, after optimization, the healthcare accessibility to the tertiary
facilities ranging from 0.0005 to 0.0010 is relatively evenly distributed in Shenzhen. The
distribution of higher accessibility was found to be positively related to population density
distribution. Low accessibility could only be observed in few marginal areas.
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As shown in Figure 9, the optimized healthcare accessibility to the secondary facil-
ities in most areas was found to range from 0.0004 to 0.008 in Shenzhen. However, the
distributions of higher and lower accessibility were more dispersed than that of the tertiary
facilities. This corresponds to the fact that the distribution of higher-level facilities is gen-
erally more concentrated. This proves that the optimization resulted in relatively equal
healthcare accessibility to both the tertiary and secondary facilities.
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5. Discussion

Rational distribution and equalization of healthcare services are critical for the im-
provement of health and well-being. Equality-oriented spatial optimization models can
act as scientific tools for healthcare facilities planning and policymaking. This study de-
veloped a hierarchical maximal equality model that sought to maximize the equality in
healthcare accessibility. The case study of Shenzhen proves that the model can significantly
improve the equality in healthcare accessibility at each level as compared to the status
quo. Considering the ubiquitous inequality in healthcare accessibility and the popularity
of equalization of healthcare services as a key policy goal in different contexts, this study
provides replicable procedures and methods for promoting the equalization of healthcare
accessibility. Furthermore, the model can be applied or adapted for analyzing other hierar-
chical facilities (e.g., educational facilities and public parks) because the equal accessibility
to various public services is a common public policy goal.

Compared to the original maximal accessibility equality model, the hierarchical maxi-
mal accessibility equality model developed in this study further incorporates hierarchical
features of healthcare facilities. It specifies different catchment area sizes of, and distance
friction effects for facilities at various levels. The empirical analyses demonstrate that
the numbers and distribution of healthcare facilities at various levels are quite different.
Existing studies have reported significant differences between healthcare accessibility at
various levels [32–34]. The model developed in this study can better quantify the accessi-
bility to hierarchical healthcare facilities across levels and optimize the equality of such
accessibility. It highlights that the hierarchy structure of healthcare facilities should be
carefully considered in the spatial optimization of public facilities.

Spatial optimization of hierarchical facilities is a classic and recurrent topic, as men-
tioned previously. A set of hierarchical location–allocation models have been developed in
the past several decades [24,36,37]. These existing studies highlight the needs for taking
into account the hierarchy structure of healthcare facilities in the optimization but fail to ad-
dress the equality issue and comprehensively measure accessibility. This study contributes
to the efforts in this respect by extending the maximal equality model into a hierarchical
location–allocation model. Compared to existing hierarchical location–allocation models,
it improves the measurement of accessibility, namely, interactions between demand and
supply, by using a Gaussian-based 2SFCA method.

Furthermore, this study is one of the first studies that has attempted to account
for both existing facility locations and newly added locations in the location–allocation
analysis. The results reveal that not only existing facilities should be adjusted, but more
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new facilities need to be added in areas that are not well served by existing facilities.
Considering that substantial fixed resources have been invested in existing facilities, such
setting of candidate facility locations can better reflect the actual base of optimization or
planning. Therefore, the procedures developed in this study can provide more feasible
solutions of facility planning.

Our findings suggest a dispersal strategy to improve spatial equality in healthcare
accessibility in Shenzhen by reallocating the existing healthcare resources and supplying ex-
tra resources. Generally, the sizes of existing facilities in central areas should be decreased,
while the sizes of existing facilities should be increased, and more new facilities should be
constructed in periphery areas. Considering that the space and land resources in central
areas are in great shortage, the dispersal strategy is feasible to be put into implementation.
However, it should be noted that our analyses are based on the population data (i.e., de-
mand for healthcare resources) in 2010, and future growth of demands for healthcare
resources were not considered. According to relevant plans in Shenzhen, peripheral areas
are expected to experience larger population growth in the future. Therefore, the dispersal
strategy can work even when the future population growth is taken into account. Note
that the optimized healthcare facilities in the peripheral areas are middle-to-large-sized
but dispersedly distributed. This suggests that the sizes of facilities in the peripheral
areas should be expanded on one hand, and more new facilities may need to be built in
these areas.

Despite the strengths of our study, there are also some limitations. First, the costs of
the size adjustments of existing facilities are not considered in the optimization. As a result,
in the optimized distribution of healthcare facilities, some facilities that need positive- or
negative-size adjustments are close to each other. It is suggested that adjustments of existing
facilities in such cases may be unnecessary and should not be implemented. By doing so,
the costs of adjustments could be saved while the impacts on healthcare accessibility are
negligible. In future study, such costs of size adjustments should be modelled into the
optimization objectives or constraint conditions in a more normative way. Nevertheless, our
optimization results can act as a scientific baseline for decision making. Second, although
the analysis unit in this study (community) is already the smallest geographical area used
by the local government, the analysis may still be faced with the modifiable area unit
problem (MAUP), due to different areas and irregular shapes of the communities. More
efforts are needed to examine whether and to what extent MAUP exists, as well as to figure
out how to address MAUP in location–allocation modelling. Third, the accessibility to
facilities and its equality was optimized independently for each level on the basis of the
characteristics of the current hierarchical healthcare system in Shenzhen. However, this
assumption may be inappropriate in some cases. In future works, efforts should be made
to explore the interaction between various facility levels and to optimize the equality of the
overall healthcare accessibility.

6. Conclusions

This study proposes a hierarchical maximal accessibility equality model for optimizing
the locations of hierarchical healthcare facilities to improve the equality in accessibility
to them. It extends the maximal accessibility equality model, which aims to minimize
the variance of spatial accessibility to facilities by accounting for the hierarchical features
of healthcare facilities. The minimal variance in spatial accessibility is pursued at each
respective level. The Gaussian-based 2SFCA method is applied to measure the spatial
accessibility to healthcare facilities at each level. The optimization model is solved by using
the PSO algorithm. The empirical results demonstrate that healthcare facilities at each
level need to be more dispersedly distributed to achieve maximal accessibility equality
in Shenzhen. Compared to the current distribution, the accessibility equality of tertiary
and secondary healthcare facilities in optimal solutions can be improved by 40% and 38%,
respectively, which proves the validity of the proposed optimization model. Both newly
added facilities and adjustments of existing facilities are needed to achieve equal healthcare
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accessibility. Furthermore, the optimization results are quite different for facilities at
different levels, which highlights the importance of considering hierarchy structure in the
optimization of healthcare facilities. The findings provide evidence-based suggestions
for the policymaking in Shenzhen to improve the accessibility to hierarchical healthcare
facilities. All in all, this study provides transferable methods for the equality-oriented
spatial optimization of hierarchical facilities.

Author Contributions: Conceptualization, Z.T., Q.W. and W.H.; methodology, Z.T.; software, Z.T.;
validation, Z.T. and W.H.; formal analysis, Z.T.; investigation, Z.T., Q.W. and W.H.; resources, Z.T.,
Q.W. and W.H.; data curation, Z.T.; writing—original draft preparation, Z.T. and W.H.; writing—review
and editing, Z.T., Q.W. and W.H.; visualization, Z.T.; project administration, Z.T.; funding acquisition,
Z.T. All authors have read and agreed to the published version of the manuscript.

Funding: This work was funded by the National Natural Science Foundation of China (grant number
42101189) and the Fundamental Research Funds for the Central Universities. The funding bodies
had no direct role in the design of the study or the collection, analysis, and interpretation of data, or
in writing the manuscript.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The healthcare facility data can be obtained from the website of Shen-
zhen Municipal Health Commission (http://wjw.sz.gov.cn/bmfw/wycx/fwyl/yycx/index.html
accessed on 26 October 2021). The travel time data were estimated using the public web API of Baidu
Map (http://lbsyun.baidu.com/index.php?title=jspopular/guide/routeplan accessed on 26 Octo-
ber 2021). The Particle Swarm Optimization Toolbox is available at https://ww2.mathworks.cn/
matlabcentral/fileexchange/7506-particle-swarm-optimization-toolbox accessed on 26 October 2021.

Acknowledgments: We would like to thank the editors and anonymous reviewers for their insight-
ful suggestions.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Corburn, J. Toward the Healthy City: People, Places, and the Politics of Urban Planning; The MIT Press: Cambridge, MA, USA, 2009.
2. Fujita, M.; Sato, Y.; Nagashima, K.; Takahashi, S.; Hata, A. Impact of geographic accessibility on utilization of the annual health

check-ups by income level in Japan: A multilevel analysis. PLoS ONE 2017, 12, e0177091.
3. Onega, T.; Duell, E.J.; Shi, X.; Wang, D.; Demidenko, E.; Goodman, D. Geographic access to cancer care in the U.S. Cancer 2008,

112, 909–918. [CrossRef]
4. Wang, F. Measurement, optimization and impact of healthcare accessibility: A methodological review. Ann. Assoc. Am. Geogr.

2012, 102, 1104–1112. [CrossRef]
5. Khan, A.A. An integrated approach to measuring potential spatial access to health care services. Socioecon. Plan. Sci. 1992, 26,

275–287. [CrossRef]
6. Wang, F.; Luo, W. Assessing spatial and nonspatial factors for healthcare access: Towards an integrated approach to defining

health professional shortage areas. Health Place 2005, 11, 131–146. [CrossRef]
7. Hansen, W.G. How Accessibility Shapes Land Use. J. Am. Inst. Plan. 1959, 25, 73–76. [CrossRef]
8. Falchetta, G.; Hammad, A.; Shayegh, S. Planning universal accessibility to public health care in sub-Saharan Africa. Proc. Natl.

Acad. Sci. USA 2020, 117, 31760–31769. [CrossRef]
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