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Abstract: The equality of healthcare services has been a focus among researchers and policymakers.
The maximal accessibility equality (MAE) model is a widely used location-allocation model for the
optimization of the accessibility equality of facilities. However, it might produce biased results due
to the overlooking of multiple transport mode options for urban residents. This study develops
a maximal multimodal accessibility equality (MMAE) model by incorporating the multimodal two-
step floating catchment area (2SFCA) accessibility model. It reflects the multimodal context in cities
and aims to maximize the equality of multimodal accessibility. A case study of healthcare facilities
in Shenzhen demonstrates that the proposed MMAE model can significantly improve the equality
of multimodal accessibility. However, the traditional single-modal MAE model generates unequal
multimodal accessibility, which might yield biased planning recommendations in multimodal con-
texts. The findings highlight the superiority of the MMAE model against the traditional single-modal
MAE model in terms of pursuing equal accessibility for all residents. The MMAE model can serve
as a scientific tool to support the rational planning of healthcare facilities or other types of public
facilities in multimodal contexts.

Keywords: equality; maximal accessibility equality model; multimodal; healthcare services; location-
allocation modeling

1. Introduction

Equality has drawn extensive attention and debate among researchers and policymak-
ers [1,2]. Essential public services, e.g., healthcare services, play a vital role in residents’
daily lives and well-being. The spatial distribution of facilities influences residents’ ac-
cessibility, which is defined as the potential opportunities for residents to reach services
provided at facilities [3–6]. Furthermore, healthcare accessibility is typically associated
with the utilization of services [7,8] and residents’ health status [9]. Therefore, the equality
of accessibility is widely considered an operational definition of the equity of healthcare
services [10–12].

Researchers have developed a set of location-allocation models for the determination
of the optimal distribution of public facilities in recent decades [13–15]. However, tradi-
tional location-allocation models are focused on efficiency objectives, with equality largely
overlooked [6]. The maximal accessibility equality (MAE) model, developed by Wang and
Tang [16], seeks to maximize the equality of accessibility to facilities by minimizing the dis-
parities in accessibility across various locations. The MAE model is considered a promising
methodological advancement in incorporating equality into location-allocation models and
has been widely applied and improved [17–19]. However, little attention has been given
to the role of multiple transport modes in accessibility in location-allocation analyses. To
our knowledge, most existing MAE models assume that all people travel to facilities by
driving [16–20].

Recent studies have placed a particular emphasis on the consideration of multiple
transport modes in healthcare accessibility measurement. A gap between accessibility
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via various transport modes, e.g., driving, public transport, and bicycling, has been re-
vealed in various cities [21–23]. The multimodal two-step floating catchment area (2SFCA)
method further underlines the competition effect among demanders by various transport
modes [24–26]. In large cities with multimodal transport networks, it is infeasible to achieve
equal accessibility to facilities without considering multiple transport modes.

Addressing the above drawbacks, this study aims to develop an extended MAE
model, namely the maximal multimodal accessibility equality (MMAE) model, to optimize
the equality of accessibility to facilities (e.g., healthcare facilities) in multimodal contexts.
The model integrates the MAE model and the multimodal 2SFCA model. The feasibility
of the proposed model and its advantages compared to the traditional MAE model are
demonstrated using a case study of hospitals in Shenzhen, China. The MMAE model is
useful in supporting the spatial planning of healthcare facilities in cities or regions with
multiple transport modes.

2. Literature Review
2.1. Equality of Healthcare Accessibility

Accessibility is typically conceptualized as the potential opportunities of people to
reach a certain set of destinations (e.g., public facilities) [3,4]. Furthermore, accessibility
can be classified into spatial versus nonspatial accessibility. The former focuses on the
spatial distribution of facilities and how easily demanders from various locations can
travel to these facilities, while the latter considers socioeconomic barriers to accessing
services [4,6]. Spatial accessibility is more closely related to the spatial distribution of
facilities and is thus widely adopted in location-allocation models [27,28]. In this study,
healthcare accessibility is interpreted as spatial accessibility to healthcare facilities. Spatial
accessibility to healthcare services plays a vital role in promoting residents’ utilization of
services and their health outcomes [7–9,29].

As an essential type of service in residents’ daily lives, healthcare services and their
equality are of great importance in developing public policy. Although equality has long
been considered a policy goal, it is a challenging task to define and measure the equality of
healthcare services [30]. Researchers have proposed various principles of equity, including
equal access to healthcare services, equal utilization of healthcare services, and equal health
outcomes, among which equal access to healthcare services is considered easier to quantify
and operationalize [11,12]. Many studies have attempted to evaluate the equality of
healthcare services from the perspective of the equality of accessibility [31,32]. Accessibility
equality has also been applied in the location optimization of healthcare facilities in some
pilot studies [16,18–20].

2.2. Accessibility Measures Considering Multiple Transport Modes

Accessibility depends on the available transport modes for people to reach facilities [5].
Owing to advances in travel time estimation, a growing number of studies have considered
multiple transport modes in measuring accessibility [21–23]. In these studies, the reality
that people (especially urban residents) usually travel by multiple transport modes can be
reflected in the models. Some studies attempt to measure accessibility by different transport
modes separately and compare the modal disparities in accessibility [21,33–36]. However,
these studies assume that the service resources at each facility are repetitively calculated in
the analysis by each transport mode, which might be unrealistic. In contrast, demanders
traveling by various transport modes are likely to select the same facility for a service [24].

In this regard, some researchers have appealed for the consideration of competition for
services among demanders by various transport modes [24–26]. Mao and Nekorchuk [24]
proposed an extended 2SFCA model, namely the multimodal 2SFCA model, which in-
corporates multiple transport modes into the widely used 2SFCA model. In this model,
the demanders living in each spatial unit are divided into various subgroups based on
the transport modes that they can use. There is competition for facility services among
these subgroups depending on the travel time costs to and the coverage areas of facilities.
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Langford et al. [25] and Tao et al. [26] further improved the formulation of the multimodal
2SFCA model. Overall, the existing studies reveal significant inequalities in accessibility to
resources (e.g., healthcare services, parks, schools, or job opportunities) among different
transport mode subgroups [24–26,37–39]. These findings highlight the necessity of incorpo-
rating multiple transport modes into the measurement and optimization of accessibility
to facilities.

2.3. Models for the Optimization of the Equality of Accessibility

Location-allocation models have been developed to optimize the spatial distribu-
tion of facilities [13–15]. Although both efficiency and equality are important goals in
the planning of public facilities, most previous location-allocation modeling studies have
focused on efficiency goals [6]. Efficiency-oriented optimization objectives include a mini-
mized travel cost from demanders to the closest facilities (i.e., the p-median problem) [14],
a minimized number of facilities that can cover all demanders (i.e., the location set cov-
ering problem or LSCP) [40], or a maximized coverage of demanders by a given number
of facilities (i.e., the maximal covering location problem or MCLP) [41]. As Wang and
Tang [16] have noted, the equality of public services is difficult to measure and optimize in
location-allocation problems.

The maximal accessibility equality (MAE) model, proposed by Wang and Tang [16], is
an important advancement in location-allocation modeling that operationalizes the equality
of public services as the degree of disparity in spatial accessibility to public services. The
maximal equality problem is then transformed into a quadratic programming problem to
determine the distribution of services that minimizes the disparity in accessibility. Subse-
quent studies have applied and improved the MAE model in terms of introducing a new
solution algorithm [20], combining location optimization and capacity optimization [18],
and balancing equality and efficiency [19,42–44].

However, most existing location-allocation models (both the MAE model and tra-
ditional models) have limitations in the consideration of transport modes. In previous
studies, it was assumed that people would travel for public services via a single transport
mode (usually by car) [16–20]. A recent study [45] further revealed that transport modes
have significant impacts on the optimization results of the MAE model. However, the
study implemented the MAE model based on car travel and public transport separately,
overlooking the competition among various subgroups by transport modes.

In summary, the existing location-allocation models overlook the possibility that
residents travel by multiple transport modes and thus might bias the optimization results
and lead to incorrect policy suggestions. The distribution of resources suggested by
traditional single-modal location-allocation models might lead to unequal accessibility for
residents using different transport modes. Therefore, there is an urgent need to incorporate
multimodal spatial accessibility into the MAE model, which can significantly improve the
equality-oriented location-allocation models. This study aims to fill this gap by developing
a maximal multimodal accessibility equality (MMAE) model.

3. Materials and Methods

In this section, we first describe the multimodal 2SFCA method for the measurement
of multimodal accessibility. Then, the maximal multimodal accessibility equality (MMAE)
model is developed. Finally, the study area and data for the case study are introduced.

3.1. Measuring Multimodal Accessibility

From the perspective of multimodal accessibility [24,46], residents at a location might
rely on various transport modes to travel to facilities and thus can be divided into various
subgroups by transport mode. These subgroups are potential demanders and will compete
for services. However, the accessibility of different subgroups might be unequal because the
travel time typically differs by transport mode. Such competition effects among different
subgroups cannot be modeled by separately measuring accessibility based on each transport
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mode. The multimodal 2SFCA method proposed by Mao and Nekorchuk [24] incorporates
the competition effect into the framework of 2SFCA, one of the most popular accessibility
measures. The method was further advanced by subsequent studies [25,26].

It is a key issue to decide which transport modes should be included in the MMAE
model. According to a survey in Beijing [47], motorized transport modes (including subway,
bus, car, taxi) account for about 90% of hospital trips. Two transport modes, i.e., car and
public transport, are considered in this study due to the following reasons. First, the
two modes can reflect the differences in the available travel routes for different transport
modes. The former includes the modes (e.g., private car and taxis) that can travel on
most roads, while the latter includes the subway and buses, which can only travel on
fixed routes [26]. Second, the shares of different transport modes are essential variables
in the multimodal 2SFCA model and MMAE model. These data were obtained from the
household travel survey of Shenzhen [26], which only involves motorized transport modes.
This study classified this dataset into the car and public transit modes. Third, these two
modes can also represent the affordability of different socioeconomic groups. Private cars
are available to only a fraction of households, whereas public transport can be accessed
by all residents. Fourth, as for public general hospitals whose service ranges are relatively
large, most people need to travel relatively long distances to general hospitals. Therefore,
they are more likely to take cars (private cars or taxis) or public transport than walking
or bicycling.

In the following equations, the public transport and car modes are denoted by super-
scripts p and c, respectively. The accessibility for each mode that accounts for intermodal
competition can be calculated as follows:

Ap
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where Ap
i and Ac

i are the accessibility at location i for public transport and cars, respec-
tively; Sj is the resources of hospital j (i.e., the number of physicians); Hp

k and Hc
k are the

populations in zone k that use the two modes, respectively, calculated from the share of
each transport mode and the population in each zone; dp

kj and dc
kj are the travel times from

zone k to facility j by the two modes, respectively; Dp and Dc are the catchment area sizes
of the facilities in the two modes, respectively; f is the distance decay function, which takes
a Gaussian function form:
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(3)

where m represents the transport mode, which can be public transport (p) or car (c); Dm is the
catchment area size of the facilities; the other variables are the same as in Equations (1) and (2).

When applying the multimodal 2SFCA model, a key step is to set up the catchment
area size of the facilities (Dm), which reflects the maximum travel time that people are
willing to travel to access a hospital. According to the estimated travel time data, the
shortest travel times to the nearest facilities by the car and public transit modes were first
calculated (about 50 and 90 min, respectively). Following the procedure for determining
the catchment area size in existing studies [26,45], to ensure that all demanders can reach
at least one healthcare facility within this threshold via either transport mode, Dc and
Dp were both set as 90 min. Note that although Dc equals Dp, the distance that can be
reached is different for the two modes. Generally, the average travel speed by car is faster
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than that by public transit. Therefore, more hospitals can be accessed within the 90 min
catchment area from a given location by car than by public transit, but the accessibility to
these hospitals would be more significantly discounted by the distance decay effect. This
unified setting can reflect the advantages of the car mode against the public transit mode,
but also significantly simplify the modeling.

The overall multimodal accessibility at each location can be calculated by integrating
the accessibility by the two modes as follows:

Ao
i =

Hp
k Ap

i + Hc
k Ac

i

Hp
k + Hc

k
(4)

where Ao
i is the overall accessibility in zone i considering the two modes. It can be inter-

preted as the supply-to-demand ratio, i.e., physicians/people. It is further multiplied by
1000 to make the scores more concise. Therefore, the unit of the accessibility score displayed
in the Results section is “physicians/thousand persons”. The other variables are the same
as in Equations (1) and (2).

3.2. The Maximal Multimodal Accessibility Equality Model

The maximal accessibility equality model proposed by Wang and Tang [16] leverages
the disparity in accessibility across various locations to quantify the inequality of public
services (e.g., healthcare services). The objective of the model is to maximize the equality of
accessibility (i.e., to minimize inequality) by finding a solution with minimal disparity in
accessibility. In this study, we extend the MAE model (i.e., MMAE model) by incorporating
multimodal accessibility. In the multimodal context, residents living in each zone travel
to healthcare facilities via different modes. Therefore, multimodal accessibility, rather
than the single-modal accessibility adopted in existing studies, is superior in representing
the overall healthcare accessibility of residents. To improve the equality of healthcare
services, the disparity in multimodal healthcare accessibility across all locations in a city
should be reduced. Therefore, in the newly proposed MMAE model, the objective function
is established using multimodal accessibility, rather than the single-modal accessibility
employed in the traditional MAE model.

The maximal multimodal accessibility equality (MMAE) model can be formulated
in two parts. The first part is the objective function, which seeks to minimize the dis-
parity in multimodal healthcare accessibility. Various indicators can be used to measure
(in)equality [48,49]. As verified by Tao et al. [45], the MAE model performs better in maxi-
mizing the equality of accessibility when the mean absolute deviation (MAD) indicator is
adopted in the objective function. The MAD is a measure of disparity or inequality. The
smaller the MAD of accessibility is, the better the equality. The objective function taking an
MAD form can be expressed as

minimize MAD =
∑n

i Hi

∣∣∣Ao
i −

∑n
i Hi Ao

i
∑n

i Hi

∣∣∣
∑n

i Hi
(5)

where Ao
i is the overall multimodal healthcare accessibility in zone i; Hi is the total pop-

ulation in zone i; the expression within the absolute value sign represents the absolute
deviation between Ao

i and the population-weighted average accessibility; n is the number
of zones.

The second part is the constraints of the optimization model. First, the decision
variable, i.e., the supply size Sj at each candidate facility location, determines healthcare
accessibility and is related to the objective function. These constraints are formulated
according to the multimodal 2SFCA method expressed by Equations (1)–(4). The size of
each facility (Sj) was constrained by the lower and upper bounds. The former was set
slightly smaller than the smallest size of the actual facilities (20 physicians), while the latter
was set slightly larger than the largest size of the actual facilities (1000 physicians). Note



ISPRS Int. J. Geo-Inf. 2024, 13, 278 6 of 16

that the distribution of healthcare facilities can be optimized via location optimization
or capacity optimization [18]. The former optimizes the locations of facilities, whereas
the latter retains the actual facility locations but optimizes their service capacities. When
applying the location optimization strategy, it is necessary to determine the candidate
locations, which is unavoidably arbitrary. Therefore, the capacity optimization strategy
was adopted in this study. Following previous studies [20,45], the MAE model and the
improved MMAE model were solved via the particle swarm optimization (PSO) algorithm
developed by Kennedy and Eberhart [50].

3.3. The Study Area and Data

The methods are applied to a case study of Shenzhen, China. Shenzhen, located
in Guangdong Province, is a megacity with a total population of 17.56 million in 2020.
After more than 40 years of rapid urbanization and industrialization, Shenzhen has made
considerable progress in its economic development but still faces great challenges in
providing accessible and equal public services to the growing population. Previous studies
have revealed significant inequalities in accessibility to healthcare services in Shenzhen
and appealed for improvements in healthcare service equality [33].

Three types of data were collected and used in the case study. First, the permanent pop-
ulation at the subdistrict level in 2020 was collected from the seventh national population
census [51], the most reliable population dataset in China. There were 74 subdistrict units
with an average population of 237.30 thousand persons and an average area of 26.99 km2.
These subdistricts were under the jurisdiction of ten districts, among which the Luohu,
Futian, and Nanshan Districts are usually regarded as the central districts of Shenzhen.

Second, the healthcare facility data were collected from the official website of the
Health Commissions of Shenzhen Municipality [52]. In total, 71 public general hospitals
were included in our analyses. Their information, including their names, addresses, and
numbers of physicians, was collected in July 2021. The geographical coordinates of these
facilities were then obtained using the Geocoding Application Programming Interface (API)
of Baidu Maps. The distributions of the population density and healthcare facilities are
shown in Figure 1.
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Third, to improve the accuracy of the travel time estimation, the population data
at the community level in 2010 were also collected. The locations of communities were
represented by the community service centers. The travel times from the communities to
the healthcare facilities were estimated by calling the Direction API of Baidu Maps. The
Direction API is widely considered an accurate and reliable approach to estimating travel
times because it comprehensively considers the distributions of stations, traffic conditions
(e.g., vehicle speed limit and waiting time for public transport), and travel strategies (e.g.,
fastest or less transfer) [26,33,39]. More information is available in the official instructions
provided by Baidu Maps (https://lbsyun.baidu.com/faq/api?title=webapi/direction-api-
v2, accessed on 23 July 2024). The data collection was conducted between 10 a.m. and 5 p.m.
on weekdays to avoid extreme travel times during peak hours. The Driving Direction API
and Transit Direction API were used to estimate travel times by driving or by public transit
(including subway, buses, a mixture of them, and also transfer times and walking times
to/from stations), respectively. Due to the lack of the latest community-level population
data in 2020, the travel times from communities to facilities were then aggregated into
population-weighted average travel times at the subdistrict scale based on the community-
level population data in 2010. The travel times from subdistricts to facilities were used
in calculating the accessibility and solving the MMAE model. The shares of driving and
public transit are two essential variables in the multimodal 2SFCA model. They were set up
based on the shares of driving and public transit in each district according to the household
travel survey of Shenzhen [26].

Inspired by previous studies [45], we considered two optimization scenarios. In the
first scenario, termed the resource reallocation scenario, the locations of existing facilities
were kept fixed, and the aim was to optimize the resource reallocation among these fa-
cilities. The resource reallocation scenario can serve as a baseline for the comparison of
various models and the actual situation. However, this scenario could only provide limited
reference value for the planning of healthcare facilities since large-scale adjustments of
existing facilities were costly.

To better support planning, the second scenario was introduced, namely the new
resource allocation scenario. In this scenario, the existing facilities were preserved with
their actual sizes, and a given number of resources was added. The aim was to optimize
the allocation of these newly added resources among the facilities. According to the “14th
Five-Year Plan of Health Development in Shenzhen” [53], the total number of physicians is
expected to increase by 23.2% from 2020 to 2025. Therefore, in the new resource allocation
scenario, 4622 physicians were added and allocated to the existing 71 facilities.

4. Results
4.1. Optimization Results of the MMAE Model

The distribution of the actual overall multimodal accessibility to general hospitals
measured by the multimodal 2SFCA method is shown in Figure 2. In Shenzhen, the existing
hospitals are densely distributed in the central districts but relatively sparsely distributed
in the peripheral districts (e.g., Bao’an, Guangming, Longhua, Pingshan, Yantian, and
Dapeng). The actual multimodal accessibility to hospitals shows an uneven distribution
pattern. High accessibility is observed mainly in the three central districts and the adjacent
areas in Longhua and Longgang. In Pingshan and Dapeng, the accessibility is relatively
high due to both a relatively poor supply of (i.e., sparse and small-sized facilities) and
demand (i.e., low population density) for healthcare services. In contrast, the accessibility
in Guangming, Northern Bao’an, and Northern Longhua is relatively low.

The optimization results of the MMAE model are visualized in Figure 3. After opti-
mization, more large facilities (>800 physicians) are located in peripheral districts such as
Bao’an, Guangming, Longgang, Pingshan, and Longhua. In contrast, most facilities in the
central districts are allocated medium sizes (301–500 physicians), where the facilities are
densely distributed and serve high-density populations. The optimized overall healthcare
accessibility (Figure 3a) is obviously more equal than the actual accessibility (Figure 2),

https://lbsyun.baidu.com/faq/api?title=webapi/direction-api-v2
https://lbsyun.baidu.com/faq/api?title=webapi/direction-api-v2
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with the MAD of the accessibility values being 0.087 and 0.287 physicians per thousand
persons, respectively. The equality of multimodal healthcare accessibility is significantly
improved by 69.7% compared to the status quo (see Table 1).

Table 1. Equality of accessibility in various scenarios.

Scenario MAD of Accessibility * Equality Improvement **

Actual allocation 0.287 /
Multimodal optimization 0.087 69.7%
Car-modal optimization, car-modal accessibility 0.114 60.3%
Car-modal optimization, multimodal accessibility 0.124 56.8%
Transit-modal optimization, transit-modal accessibility 0.188 34.5%
Transit-modal optimization, multimodal accessibility 0.199 30.7%
New resource allocation scenario 0.168 41.5%

* The unit is physicians per thousand persons; ** the improvement is calculated relative to the status quo, equal to
the percentage decrease in the MAD compared to the actual allocation.

Despite the overall multimodal accessibility, optimized car- and transit-modal accessi-
bility can also be obtained from the MMAE model. As shown in Figure 3b, the optimized
car-modal accessibility is slightly higher in the adjacent areas of Futian, Luohu, Nanshan,
Longhua, and Longgang, which are proximate to the geometric center of Shenzhen. It
gradually decreases from this center to the peripheral areas. As shown in Figure 3c, the
optimized transit-modal accessibility is higher in the central areas, i.e., Futian, Luohu, and
Nanshan, because the transit network is more developed in these central areas.
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car-modal accessibility is slightly higher in the adjacent areas of Futian, Luohu, Nanshan, 
Longhua, and Longgang, which are proximate to the geometric center of Shenzhen. It 
gradually decreases from this center to the peripheral areas. As shown in Figure 3c, the 

Figure 2. The distribution of the actual multimodal accessibility.
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4.2. Comparisons with the Single-Modal MAE Model

In contrast, the optimization results of the traditional single-modal (car or transit)
MAE model are also analyzed. As shown in Figure 4a, the single car-modal MAE model can
also generate relatively equal car-modal healthcare accessibility, with a monocentric spatial
structure. The accessibility is relatively low in Pingshan and Dapeng in Eastern Shenzhen.
Overall, the MAD of car-modal healthcare accessibility is 0.114 physicians per thousand
persons, which is larger than that of multimodal accessibility in the MMAE model (0.087).

In addition, although the single-modal car MAE model considers only one transport
mode in the optimization, it can also influence the multimodal accessibility perceived by
residents. This can be measured by the multimodal 2SFCA method based on the optimal
healthcare facilities given by the single-modal car MAE model, as shown in Figure 4b. Note
that the distribution of the healthcare facilities is the same in Figure 4a,b. However, the
distribution of multimodal accessibility is much more unequal. The MAD of multimodal
healthcare accessibility is 0.124 physicians per thousand persons, approximately 9% and
43% higher than those of single-modal car accessibility and multimodal accessibility in
the MMAE model, respectively. This result clearly demonstrates that the single-modal car
MAE model generates unequal multimodal healthcare accessibility.



ISPRS Int. J. Geo-Inf. 2024, 13, 278 10 of 16

ISPRS Int. J. Geo-Inf. 2024, 13, x FOR PEER REVIEW 10 of 16 
 

 

the distribution of multimodal accessibility is much more unequal. The MAD of multi-
modal healthcare accessibility is 0.124 physicians per thousand persons, approximately 
9% and 43% higher than those of single-modal car accessibility and multimodal accessi-
bility in the MMAE model, respectively. This result clearly demonstrates that the single-
modal car MAE model generates unequal multimodal healthcare accessibility. 

 

 
Figure 4. The distribution of (a) the car-modal accessibility and (b) the multimodal accessibility 
based on optimal healthcare facility sizes by the single car-modal MAE. 

Similar analyses can also be conducted for the single transit-modal MAE model. As 
shown in Figure 5a, the distribution of the optimal accessibility is different from that of 

(a) 

(b) 
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Similar analyses can also be conducted for the single transit-modal MAE model. As
shown in Figure 5a, the distribution of the optimal accessibility is different from that of the
car-modal results. The subdistricts with the highest accessibility are scattered in several
districts but close to metro lines. The overall MAD of transit-modal accessibility is relatively
low (0.188 physicians per thousand persons) but is 64.9% higher than that of car-modal
accessibility (0.114). Similarly, the single transit-modal MAE model generates unequal
multimodal healthcare accessibility. The MAD is 0.199 physicians per thousand persons,
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6% and 129% higher than the single car-modal accessibility and the accessibility by the
MMAE model, respectively. The above comparisons reveal that the single-modal MAE
model cannot ensure the equality of accessibility by multiple transport modes.
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4.3. Optimal Allocation of Newly Added Resources

This section analyzes the results of the new resource allocation scenario, where
4622 newly added physicians are allocated among the existing facilities to achieve the
maximal equality of multimodal accessibility. After optimization, the MAD of multimodal
accessibility decreases to 0.168 physicians per thousand persons, 41.5% lower than the
status quo. That is, the equality of multimodal accessibility can be significantly improved
by adding a moderate portion of new resources (i.e., expanding existing facilities), without
changing the facility locations or adding new facilities.

Figure 6 shows the optimal allocation of the newly added healthcare resources. The pie
sizes denote the total number of physicians of the hospitals, with the blue part denoting the
actual resources and the red part denoting the newly added resources. More newly added
resources are allocated to Pingshan, Yantian, Guangming, Northern Bao’an, and Northern
Longhua, where the actual multimodal accessibility is relatively low. As a result, the equality
of multimodal accessibility is greatly improved in the new resource allocation scenario.
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5. Discussion

The equality of healthcare and other public services is an important topic, drawing
widespread attention from researchers and policymakers. Among the abundant location-
allocation models, the MAE model shows promise in addressing the equality issue. How-
ever, the MAE model overlooks the reality that urban residents rely on multiple transport
modes in their daily travel, including healthcare-seeking travel. In many cities, private cars
are available to only some residents due to income inequalities or private car restriction
policies. Other residents must utilize public transport to meet their travel demands. In this
context, this study develops a maximal multimodal accessibility equality (MMAE) model
to consider multiple transport modes in the optimization of the equality of public services.

This study contributes to the literature by developing a maximal multimodal accessibil-
ity equality (MMAE) model to optimize the equality of accessibility via multiple transport
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modes. The MMAE model is an extended multimodal version of the MAE model incorpo-
rating the multimodal 2SFCA accessibility model. The MMAE model inherits the strengths
of the multimodal 2SFCA model in modeling the competition for resources among sub-
groups by various transport modes [24–26]. The multimodal accessibility calculated by
the model reflects the overall accessibility for all residents within each area. Therefore, the
MMAE model is superior to the traditional single-modal MAE model in terms of “equality
optimization for everyone”.

The MMAE model is useful in supporting the spatial planning of healthcare facilities
in cities or regions with multiple transport modes. It is also applicable for other public
facilities. First, this study suggests that an emphasis should be placed on the integration
of multiple transport modes and the siting of public facilities. According to the 14th Five-
Year Plan for Shenzhen’s National Economic and Social Development and the Outline of
the 2035 Long-Term Goals [54], it is necessary to implement a public transport priority
development strategy, and, by 2025, the share of green transport modes will reach 81%. It is
recommended to focus on the integration of public transport with public facilities. Second,
this study highlights the necessity to consider people’s diversified preferences for transport
modes in the study and planning practice towards the equality of public services. Third, in
the practice of healthcare planning, it is usually infeasible to reallocate existing facilities or
to reallocate existing resources between facilities [45]. This study illustrates that the MMAE
model can support the scenario of allocating new resources, which is more practical in
real-world planning. The results indicate that the equality of multimodal accessibility can
be significantly improved by adding a certain number of new resources.

Despite the above contributions, there remain some limitations in the current study.
First, only the capacity optimization strategy was considered, whereas the location opti-
mization strategy must be combined with the MMAE model in the future. Second, due to
the lack of the latest community-level population data, the analysis units in this study were
set as subdistricts. To improve the analysis accuracy, the travel times were estimated at the
community scale and then aggregated into the subdistrict scale. More efforts are needed
to explore finer spatial units and the modifiable areal unit problem (MAUP) in location-
allocation modeling. Third, only car and public transit modes were considered in this study.
In future studies, the MMAE model can be easily extended to incorporate more transport
modes when data on modal shares are available. Fourth, due to computational limitations,
the catchment area sizes for different travel modes and districts were uniformly set to the
same values. Advanced algorithms need to be introduced to meet the demands of diverse
catchment area sizes. Fifth, this study might suffer from edge effects due to overlooking
the possibility that residents might travel across city boundaries for healthcare services.

6. Conclusions

This study develops an MMAE model and compares it with the traditional single-
modal MAE model using a case study of healthcare facilities in Shenzhen. The case study
yields three main findings. First, the MMAE model can significantly improve the equality of
multimodal accessibility compared to the status quo. Second, the traditional single-modal
(car or transit) MAE model generates unequal multimodal accessibility. Therefore, when
applied in a multimodal context, the traditional MAE model fails to maximize the equality
of accessibility and provides biased planning recommendations. This greatly highlights the
value and importance of the proposed MMAE model. Third, this study introduces a new
resource allocation scenario, which is set up based on the real-world plan in Shenzhen. The
analyses prove that the plan can greatly improve the equality of healthcare accessibility
by adding 23.2% additional resources. More importantly, it provides an optimal allocation
solution to achieve such improvements. The findings highlight the superiority of the
MMAE model against the traditional single-modal MAE model in terms of pursuing equal
accessibility for all residents. The MMAE model can serve as a scientific tool to support the
rational planning of healthcare or other types of public facilities in multimodal contexts.
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