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Background:Healthcare resources are alwaysmore limited comparedwith demand, but

better matching supply with demand can improve overall resource efficiency. In countries

like China where patients are free to choose healthcare facilities, over-utilization and

under-utilization of healthcare resources co-exist because of unreasonable healthcare

seeking behavior. However, scholarship regarding the spatial distribution of utilization

for healthcare resources, resulting from unreasonable spatial tendencies in healthcare

seeking, is rare.

Methods: In this article, we propose a new External Patient Healthcare Index (EPHI)

to simulate the spatial distribution of utilization for healthcare resources, based on the

Two-Step Floating Catchment Area (2SFCA) method, which is widely used to assess

potential spatial accessibility. Instead of using individual-level healthcare utilization data

which is difficult to obtain, the EPHI uses institution-level aggregated data, including

numbers of inpatient/outpatient visits. By comparing the estimated utilization (based on

local healthcare institution services provision) with the expected utilization (based on

local population morbidity), guest patients (e.g., patients flowing in for treatment) and

bypass patients (patients flowing out) can be identified. To test the applicability of this

index, a case study was carried out on China’s Hainan Island. The spatial tendencies

of patients for inpatient and outpatient services were simulated, then incorporated

with spatial access to healthcare resources to evaluate overall resource allocation

efficiency, thus guiding future resource allocations and investment for policy makers and

healthcare providers.

Results: The EPHI revealed that bypass activities widely exist on Hainan Island in both

inpatient and outpatient care, with patients tending to travel from less developed regions

with fewer healthcare resources to more highly developed regions with more healthcare

resources to receive healthcare. Comparison with spatial accessibility demonstrated

how bypass activities on Hainan produced an under-utilization of doctors in less

developed regions and over-utilization of doctors in more developed coastal regions.
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Conclusions: This case study on Hainan Island demonstrates that this new index can

very clearly identify both the sources and sinks of patient spatial tendencies. Combining

these results with spatial accessibility of healthcare resources, how efficiently the available

supply matches the utilization can be revealed, indicating wide-ranging applicability for

local governments and policymakers.

Keywords: EPHI, 2SFCA, healthcare seeking behavior, healthcare resource allocation, efficiency

INTRODUCTION

The enjoyment of the highest attainable standard of health
without distinction of any kind is a fundamental right of every
human being (1). However, no healthcare system can provide
unlimited healthcare resources to every user (2). Healthcare
resources are always limited compared to demand (reflected
by patients), so all healthcare systems, regardless of their
organizational structures or financing options, must necessarily
employ rationing mechanisms to prioritize finite healthcare
resources across their consumers bases (3). In modern society
with increasing healthcare burdens, such as aging populations
and growing prevalence of chronic non-communicable diseases
(4, 5), how to most efficiently allocate limited healthcare
resources is gaining increasing attention.

The idealized way of allocating resources is to match available
supply with demand. From the supply side, as the largest
developing country, serving one fifth of the global population,
China has made significant investments in its healthcare system,
especially after launching major healthcare reforms in 2009 (4,
6). Provider-to-population ratios (PPRs) were calculated within
each administrative boundary to identify resource shortage areas
(7, 8). However, disparities within administrative boundaries
and cross-boundary healthcare seeking behaviors were not
considered (9). With the development of modern geospatial
techniques and big data analytical approaches, methods have
been utilized to more accurately assess the distribution pattern
of healthcare resources, among which the Two-Step Floating
Catchment Area (2SFCA) method and its family of variations
have gained the most attention (10–13). Studies utilizing the
2SFCA method and its variants to assess healthcare resource
allocation in China have been increasing in recent years (14–17).
Apart from assessing healthcare resource allocation in different
study areas (18–21), modifications on the 2SFCA method have
been made to better fit the reality in China, including the
utilization of online navigation systems to calculate real time
travel impedance to get more accurate spatial access estimates
(22, 23), and considering different tiers and/or types of healthcare
institutions as well as their catchment area sizes depend on
individual research questions (16, 24). Creatively, Zhang et al.
(25) and Wang et al. (13) identified different types of healthcare
resource shortage areas by overlapping the service catchments of
different tiers/types of healthcare institutions.

Abbreviations: EPHI, External Patient Healthcare Index; PPRs, Provider-to-

population ratios; 2SFCA, Two-Step Floating Catchment Area method; E2SFCA,

Enhanced Two Step Floating Catchment Area method.

From the demand side, research regarding the actual
distribution of demand for healthcare resources is rare in China,
although cross-region healthcare seeking behaviors, namely 跨
区域就医(kuà quyù jiùyi) or 异地就医(yìdì jiùyi) (referred
to as unreasonable healthcare seeking behavior in the following
context), are of great concern of the Chinese government. Inmost
studies, the total population is regarded equally as the healthcare
demand (12, 13, 16). Some recent studies have calculated
healthcare demand for the elderly population separately because
they usually have more needs for healthcare services (15, 26).
However, one of the fundamental problems with this approach
relates to China’s socio-cultural focus on healthcare planning.
That patients do not actually utilize the healthcare resource that
they are expected to has not been fully addressed in current
scholarship. In China, people are free to choose healthcare
facilities without restriction from gatekeeping mechanisms (27).
As a result, bypass activity, which is a type of spatial tendency
in healthcare seeking behavior of patients, is quite common
in China. Essentially, patients “bypass” the healthcare resources
planned for their utilization and instead travel long distances
to compete for the healthcare resources that are planned to
serve another group or population. The healthcare resources
being bypassed are usually perceived as lower in quality and
the healthcare resources patients bypass to are usually higher in
reputation (27), and resulting in both over-utilization and under-
utilization of healthcare resources. This is a remaining challenge
associated with the market reforms to China’s healthcare system
beginning in the early 1980s (28–30), and recent policies have
sought to curtail or otherwise constrain bypass activities (31).

Generally, the patterns of spatial tendencies in healthcare
seeking can be derived in two ways. The first is from personal
medical records, such as from Medicare in the United States
(32) or inpatient discharge data in China (33), which includes
each patient’s residential address and the targeted healthcare
institution. Theoretically, personal medical records are most
suitable for analyzing the spatial tendencies in healthcare seeking
behavior of patients, but, due to privacy concerns, the data
are not often easily accessible to researchers (34). Moreover, in
China, due to inconsistent quality in record-keeping, there is
often considerable data missing from these datasets (33). The
second is from interviews and questionnaires, which is more
commonly used in China (27). But in these types of studies,
the research instruments tend to broadly collect information on
the type of healthcare institution patients choose (rather than
the exact facility or address) and on general motivating factors
influencing patient choices, thereby limiting the usefulness of
these data in studies seeking to analyze the spatial relationship
between patients and healthcare institutions (35, 36).
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Considering the constraints of personal medical records,
Delamater et al. (34) recently evaluated the potential utility of
floating catchment area metrics for estimating the probability
of the people at a residential location to use certain healthcare
institutions (predicting spatial patterns of healthcare utilization).
They noted that in the 2SFCA method’s second step (see Section
Measuring Spatial Access: The 2SFCAMethod for detail), at each
residential location, the supply to demand ratios of the facilities
falling within the threshold distance were summed to calculate
the final spatial access value at the residential location. The partial
access provided by each facility for a residential location can
also be considered as describing the probability that consumers
living at this residential location will visit a certain facility. By
integrating the probability values with the demand size (usually
population) at each residential location, a matrix representing
the number of consumers in each residential location to all
possible healthcare facilities can be generated. In their case study
in Michigan, Delamater et al. (34) used hospital beds as the
parameter representing a healthcare institution’s “attractiveness”,
finding that the percent of correctly predicted visits reached
as high as 70%. This suggests that the 2SFCA metrics have
the potential to estimate where people go to receive healthcare
when detailed utilization data is lacking. Applying Delamater
et al.’s methods to the whole of Germany, Bauer et al. (37)
demonstrated that using actual hospital visits rather than hospital
beds is a more accurate way of predicting spatial patterns of
healthcare utilization.

Building upon the insights provided by these previous studies,
and in light of the urgent requirement to correctly measure
healthcare utilization to more efficiently allocate healthcare
resources in China, we propose a new index called the
External Patient Healthcare Index (EPHI) to estimate the spatial
distribution of healthcare utilization. Rather than culminating
in a difficult-to interpret matrix to represent the relationship
between consumers at each residential location and all possible
healthcare facilities, our method more clearly/simply identifies
patient flow-in (utilization is larger than demand) and patient
flow-out areas (utilization is smaller than demand) to represent
the spatial tendencies in healthcare seeking behavior of patients.
We take South China’s Hainan Island as a case study location
to test the utility of the EPHI index. The estimated spatial
distribution of healthcare utilization identified by this index
were compared to Hainan’s current resource allocation plan to
assess the actual vs. idealized efficiency of resource allocation.
This allows clear recommendations to be proposed for the
local government on how to optimize healthcare resource
allocation, including the allocation of healthcare resources in
existing healthcare institutions and the investment of new
healthcare institutions or enhancement of existing primary
healthcare institutions.

MATERIALS AND METHODS

Measuring Spatial Access: The 2SFCA
Method
Spatial access (short for potential spatial access) represents
the geographical convenience in obtaining services (12, 38).

The 2SFCA method, first formally proposed in 2003 by Luo
and Wang (39), has gained the most attention in measuring
spatial accessibility, especially in its application to healthcare
access (12, 13). Based on the gravity model, the 2SFCA method
emphasizes the importance of spatial separation between supply
and demand and how they are connected in space (38). However,
in contrast with the gravity model, the 2SFCA method output
is provided in an easy-to-interpret supply to population ratio
(40). The 2SFCAmethod offers substantial theoretical advantages
over traditional container-based regional availability measures
(e.g., PPRs). Shortcomings identified with the container-based
methods include that they: (1) cannot reveal detailed spatial
variations within large service areas, and (2) assume that
boundaries are impermeable, meaning that actual interactions
across boundaries are not adequately considered (39). These
shortcomings are overcome by allowing containers to “float” as
catchments or travel buffers based on travel time or distance from
the facility and population locations.

In the 2SFCA method, the supply point j belongs to a set
of supply points {1, 2, . . . n}, demand point i belongs to a set of
demand points {1, 2, . . .m}, the travel impedance (distance or
travel time) between supply point j and demand point i is dij. The
service capacity (e.g., hospital beds), sometimes also recognized
as the “attractiveness” of supply point j, is Sj. The demand size of
demand point i, usually the population, is Pi. The threshold travel
impedance, which is the longest travel time/largest travel distance
demanders will travel, is Do.

In the first step, floating catchments are generated as
centralizing supply points. For each supply point j, all demand
points (i) are searched within the threshold travel impedance
(Do) from the supply point (j), which is the floating catchment
area of point j. The supply-to-demand ratio (Rj) is then computed
within the floating catchment area.

Rj =
Sj

∑

i∈{dij≤D0}
Pk

(1)

In the second step, floating catchments are generated as
centralizing demand points. For each demand point i, all supply
points (j) are searchedwithin the threshold travel impedance (Do)
from the demand point (i), services provided by these suppliers
are assumed to be accessible at demand point i. The supply-to-
demand ratios (Rj) are summed up to get the accessibility (Ai) at
demand point i.

Ai =
∑

j∈{dij≤D0}

Rj (2)

The 2SFCA method essentially produces an “accessibility score”
representing the ratio of supply to demand, with each interacting
together in a distance decay trend (41). That is, it represents
the convenience that residents from one location have in
reaching and obtaining services from multiple possible facilities.
Consequently, the larger Ai value indicates better access at
location i. Since its inception, the 2SFCA method quickly
became a popular spatial accessibility measure (41), with most
of the recent 2SFCA-related research focusing on using it to
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identify and map disparities in healthcare accessibility (10–
13), or proposing methodological improvements to the metrics.
Multiple improvements have been proposed based on the 2SFCA
(13, 16) and the general goal of these methods are to more
accurately model service seeking behaviors.

The 2SFCA method assumes equal accessibility within
catchments but no outside catchment accessibility, so the
Enhanced Two Step Floating Catchment Area (E2SFCA) method
was developed as a significant advance to overcome these
limitations (13, 42). Compared with 2SFCA, the E2SFCAmethod
first divides each catchment into several sub-catchments, then
applies various weights for each sub-catchment in order to
represent the distance decay trend (42). A weight function, which
can be modified depending on the type or importance of a service
or resource, is used to define the sub-catchment weights (13, 43).
Due to its methodological rigor and versatile applications, the
E2SFCA method has been used in various regions and socio-
cultural contexts around the world, including in China (12, 13,
18, 44–47). The E2SFCA method can be represented as follows:

Rj =
Sj

∑

i∈(dij∈D0)
Pif

(

dij
) =

Sj
∑

i∈(dij∈Dr)
PiWij

(3)

AF
i =

∑

j∈(dij∈D0)

Rjf
(

dij
)

=
∑

j∈(dij∈Dr)

RjWij (4)

The threshold travel impedance Do is split into multiple sections
(r sections), and Dr is the r

th service area ring from the central
location. As the service area ring gets further form the center,
the possibility that the supply interacts with the demand will
decrease. The distance-weights (Wij) variable in the formula
was theoretically specific for each combination of supply point
j and demand point i and represents the decreasing likelihood of
utilizing healthcare resources at greater distances. In the E2SFCA
method, the possibility that the supply interacts with the demand
is assumed to be the same within each sub-catchment (service
area ring), so for all dij within the range ofDr the distance-weight
Wij can be simplified toWr .

Measuring Spatial Distribution of
Utilization for Healthcare Resources: The
External Patient Healthcare Index
Aiming at revealing the spatial distribution of utilization for
healthcare resources, which is resulted from unreasonable spatial
tendencies in healthcare seeking behavior, an EPHI was proposed
as follow:

EPHIi =
Estimated Utilizationi

Expected Utilizationi
(5)

For each residential point i, the EPHI value is calculated by
dividing the estimated utilization with the expected utilization.
The expected utilization, which is defined as the theoretical
number of patients at residential point i, can be understood as
the potential demand at residential point i, and was calculated

based on local population morbidity in this study. The estimated
utilization, which is defined as the actual number of patients at
residential point i, can be understood as the actual utilization at
residential point i, and was calculated based on local healthcare
institution services provision in this study.

The EPHI value can be understood from two aspects. Under
the assumption that patients can only get services locally, a larger
EPHI value indicates that population utilizes healthcare services
more frequently than anticipated and the healthcare resources
are over-utilized by local residents. Meanwhile, a smaller EPHI
value indicates that population utilizes healthcare services less
frequently than anticipated and the healthcare resources are
under-utilized by local residents. Under the assumption that
patients are free to seek for healthcare resources everywhere,
which can be understood as the spatial tendencies in healthcare
seeking, the explanation of EPHI values will be different. A larger
EPHI value indicates that the local healthcare utilization is higher
than the anticipated healthcare demand from local residents, and
this represents patients outside the residential point i (i.e., guest
patients) flowing into the area for healthcare. Essentially, the
larger the EPHI value is, the higher the utilization of services
is (i.e., more guest patients). In contrast, a smaller EPHI value
indicates that the local healthcare utilization is less than the
anticipated healthcare needs of local residents, indicating local
patients flow out for healthcare (i.e., bypass patients). The smaller
EPHI value is, the more bypass patients there are. In the real
world, the EPHI value should be the combination of both, while
in this study, with the purpose of identifying unreasonable spatial
tendencies in healthcare seeking behavior (which is common and
troublesome to the government), an emphasis was put on the
second assumption that patients are free to seek for healthcare
resources everywhere.

Inspired by Delamater et al. (34), the estimate utilization in
the EPHI was calculated based on the theoretical framework
of the 2SFCA method, considering the widespread utilization
and advantages of the E2SFCA method, a distance decay
weight was also introduces. Theoretically, in the E2SFCA
method, for the first step, healthcare resources within a
healthcare institution are treated as being shared by the
population within the catchment of the institution. And
for the second step, the services provided by accessible
healthcare institutions are summed up to obtain each residential
location’s accessibility. From another perspective, the patients
going to a healthcare institution (utilizing certain healthcare
institution’s resource) are essentially “contributed” by the
population within the catchment of the healthcare institution.
The patients from residential locations going to different
healthcare institutions can be summed to get the total number
of patients from each residential location. Thus, the estimate
utilization for each residential point i can be described
as follows.

In the first step, the utilization of care from each specific
healthcare institution j is assigned to neighboring residential
points based on a distance decay function within the service area.
The Utilization-Population Ratio (Uj) for healthcare institution
(indicating the average utilization for every resident located
within the service catchment area of institution j) is calculated
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using the following formula:

Uj =
Vj

∑

i∈(dij∈D0)
Pif

(

dij
) =

Vj
∑

i∈(dij∈Dr)
PiWij

(6)

where Uj is the Utilization-Population Ratio for institution j. Vj

is the volume of healthcare provision (corresponding to patient
utilization) of healthcare institution j. Dr is the rth service area
ring of institution j, dij is the distance between a residential point
i (within the service area ring of institution j) and the location of
j, Pi is the population at residential point i, andWij is the distance
decay weight for residential point i and institution j, during the
calculation,Wij is the same within service area ring Dr .

In the second step, the total healthcare utilization number at
each residential point i (estimate utilization for residential point
i) is calculated by summing the utilization of each reachable
institution j:

Estimated Utilizationi =
∑

j∈(dij∈D0)

PiU jf
(

dij
)

=
∑

j∈(dij∈Dr)

PiUjWij (7)

In this formula, Uj is the Utilization-Population Ratio indicating
the average utilization for every resident located within the
service catchment area of institution j. Dr is the “seeking”
catchment area of residential point i, dij is the distance between
residential point i and institution j, and Wij is the distance
decay weight for residential point i and institution j, during the
calculation,Wij is the same within service area ring Dr .

The expected utilization was calculated based on local
population morbidity in this study. Due to data limitation, the
expected utilization for each residential point i in the study
area was considered to be the same, while the population
morbidity would be different based on social, demographic, and
economic reasons. The expected utilization for residential point i
is calculated using the following formula:

Expected Utilizationi = (

∑

Vj
∑

Pi
)Pi (8)

where Vj is the volume of healthcare provision (corresponding to
patient utilization) of healthcare institution j, Pi is the population
at residential point i.

For data preparation of the EPHI calculation, apart from the
demand and supply locations, as well as travel costs between
them, the institution-level aggregated data (e.g., number of
inpatient and outpatient visits), which are easier to obtain
and more accurate than personal medical records in China’s
healthcare information system, are collected from yearly reports
of healthcare institutions.

Study Location
Located just off the coast of southern China, Hainan Island was
chosen to apply the methods proposed in this study because the
large-scale cross-boundary health seeking behaviors typical of

patients in other areas of China is relatively limited on Hainan
(13). This is because, despite its close proximity to Mainland
China, as an island, Hainan functions as a relatively closed-loop
system ideal for analyses of the impact of healthcare policies and
resource allocation efficiency (13). Furthermore, unlike the more
economically developed cities along China’s southern and eastern
coastlines, such as Guangzhou, Shenzhen, and Shanghai, which
are very dynamic and have previously implemented unique
healthcare reforms, Hainan’s provincial government tends to
strictly follow policy directives from China’s Central Government
in Beijing. Consequently, the findings of studies onHainan Island
have great potential application far beyond the island itself (13).

Hainan Island’s total area is about 34,000 km2, and its
total population (2018 permanent population) is 9.34 million
(48). Due to its rugged topography and mountainous central
area, the coastal regions on Hainan Island are much more
developed, in terms of roads and other infrastructure, but also
with greater gross regional products. The island’s population is
also distributed much more densely along the coasts than the
center of the island. That is to say, Hainan’s central region is
the most mountainous, is the least developed, and has the lowest
population density (13) (Figure 1).

Data Sources and Pretreatment
This study was designed to simulate the spatial tendency for
healthcare seeking behavior with reference to spatial accessibility
methods, thus three types of data were required: (1) demand-
side data, (2) supply-side data, and (3) geographical impedance
between suppliers and demanders (49).

The supply side data were provided by the Health Bureau
of Hainan Province. For every healthcare institution, general
data (e.g., name, address, etc.), service capacity [e.g., numbers of
beds and registered (assistant) doctors], and utilization data (e.g.,
number of inpatient/outpatient visits) for 2018 were extracted
from the yearly report system. All healthcare institutions were
geocoded by address using Baidu Map, and then saved as
points in ArcGIS 10.5 with service capacity and utilization data
being attributes.

Since no specific disease was considered in this study, the
total population was regarded as potential healthcare demanders.
We utilized population data from two sources: (1) WorldPop,
which provided estimates of population per (100∗100 m2) grid
with national totals adjusted to correspond with UN Department
of Economic and Social Affairs’ Population Division estimates
from 2010, 2015, and 2020 (50), and (2) the Hainan Statistical
Yearbook 2019 (48), which provided detailed population data for
each district/county in 2018.We regarded the statistical yearbook
data as real population data, allocating them to (100∗100 m2)
grids according to the WorldPop dataset value per cell, thereby
forming a more detailed and precise population distribution
map, with the following formula:

Pic = G∗
ic(

Tc

Gc
) (9)

where Pic is the corrected population density value of grid i in
the district/county c, Gic is the corresponding population density
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FIGURE 1 | Study area population, topography, transportation, and economic development on Hainan Island, China (2018). Distribution of study area, administrative

boundaries, county centers, topography (elevation), and road network were downloaded from the National Geomatics Center of China. The Gross Domestic Product

(GDP) by region indication economic development was derived from Hainan Statistical Yearbook 2019. The population density to grid level (100*100 m2) was

downloaded WorldPop.
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value fromWorldPop. Gc is the sum of theWorldPop grid values
for district/county c, and Tc is the real population from the
Hainan Statistical Yearbook 2019 in district/county c. Each grid
represents a population point and the value of the grid was set as
the population number at that location.

For this study, geographical impedance was represented by
travel time along the road network. The road network data were
downloaded from the National Geomatics Center of China (51).
For each road section, speed limits were assigned based on road
type and speed class, with the slowest being 5 km/h and the
fastest being 90 km/h. Other supportive data (e.g., administrative
boundaries and elevation data) were also downloaded from the
National Geomatics Center of China.

Procedures
The EPHI values were firstly calculated. The inpatient visits
and outpatient visits were calculated separately on Hainan
Island to reveal their distinct spatial tendency patterns. All
healthcare institutions with inpatient/outpatient records were
considered service providers, and the total population was
treated as potential demanders. Due to the lack of more
detailed data, the expected utilization by all residents for
inpatient/outpatient services was considered even across Hainan
Island, and calculated by dividing total inpatient/outpatient visits
by the total population on Hainan Island in 2018.

The efficiency of healthcare resources was then assessed.
In 2012 Shi et al. (52) evaluated the potentially unfulfilled
demand (insufficiency) of cancer care in the Unites States by
dividing the potential cancer patients (calculated by multiplying
population by cancer rate) by the potential spatial access to
cancer care, which can be explained as the poorer the spatial
access and the more patients at a location, the higher the
demand for the service. In this study we similarly calculated
the ratio between the estimated utilization (number of patients
actually utilized healthcare resource allocated to the residential
point) and the potential spatial access to healthcare resources
(number of healthcare resources allocated to the residential point
to serve the local patients). The higher the ratio is, the more
patients are actually served by per unit of resource, in other
words, the resource is utilized more efficiently. The insufficiency
concept was not suitable in this study because the utilization
of healthcare resources is resulted from unreasonable healthcare
seeking behavior and is not expected by the government and
policy makers, while “receiving treatment locally” and improve
the efficiency of healthcare resource are the political goals. In this
study, the E2SFCA method was utilized to assess spatial access to
beds and doctors (both registered assistant doctors and registered
doctors). The estimated utilization of healthcare resources (actual
utilization) was then overlapped with the spatial access to identify
the efficiency of current resource allocation. Considering beds
are a critical resource when inpatient visits occur, and doctors
are a critical resource when outpatient visits occur, the estimated
utilization of inpatient visits was overlapped with the spatial
access to beds, and the estimated utilization of outpatient visits
was overlapped with the spatial access to doctors.

The calculation was implemented in ArcGIS 10.5. To be
consistent with previous research (13), for each resident point

FIGURE 2 | Distribution of healthcare institutions on Hainan Island (2018).

Healthcare institution data including hospitals, health centers, clinics, and

village clinics were provided by the Health Bureau of Hainan Province. All

healthcare institutions were geocoded by address using Baidu Map.

and healthcare institution three catchment areas were generated
(0–15, 15–30, 30–60min). Using the Gaussian function with β

being 440, weights for the three catchment areas were calculated
to be 0.880, 0.316, and 0.01, respectively.

RESULTS

General Description
In 2018, there were 255 hospitals and 4,979 primary healthcare
institutions on Hainan Island. The latter includes community
health centers/stations, township health centers, clinics, and
village clinics. Hospitals were limited in number but control
the majority of healthcare resources. In total, there were 12,737
registered doctors, 1,173 registered assistant doctors, and 44,627
beds in hospitals. Although primary healthcare institutions
were much larger in number, the healthcare resources they
controlled were very limited. In total, among primary healthcare
institutions there were only 5,335 registered doctors, 2,268
registered assistant doctors, and 7,039 beds.

In terms of geographic distribution, Hainan’s healthcare
institutions were widely distributed across the island. Hospitals
tended to be located near the district/county seats, but were
mostly concentrated in the island’s capital, Haikou City, and
the largest tourist beach city, Sanya City (Figure 2). Primary
healthcare institutions were also clustered near district/county
seats, but were more evenly distributed compared with hospitals.
Nonetheless, the most significant primary healthcare institution
cluster was also located in Haikou.
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TABLE 1 | Comparison of healthcare utilization on Hainan Island and China.

Hainan

Island

Mainland China

(including Hainan)

Outpatient visits Total (person-visits in

millions)

50.76 8,308.02

Per capital times of

outpatient visits

5.46 5.96

Percentage provided

by hospitals (%)

45.64 43.06

Inpatient visits Total (person-visits in

millions)

1.19 254.53

Per capital times of

inpatient visits

0.13 0.18

Percentage provided

by hospitals (%)

92.52 78.64

Data of mainland China was extracted fromHealth Statistics Yearbook of China 2019, data

of Hainan Island was calculated based on the reported number of outpatient/ inpatient

visits of every healthcare institution on Hainan Island and population data extracted from

Hainan Statistical Yearbook 2019.

In 2018, there were 50,758,044 outpatient visits, and 1,191,184
inpatient visits on Hainan Island. On average, there were 5,459
outpatient and 128 inpatient visits for every 1,000 people.
Hospitals provided more than 45% of the outpatient visits, but
more than 92% of the inpatient visits. Compared to the national
average, the per capital times of outpatient and inpatient visits on
Hainan Island were both lower, the percentage of outpatient visits
served by hospitals was slightly higher, while the percentage of
inpatient visits served by hospitals was much higher.

Spatial Tendency for Healthcare Seeking
Behavior
For inpatient needs, most patients on Hainan Island travel
to hospitals for service (Table 1; Figure 3). Consequently,
most areas on Hainan Island are patient flow-out areas, with
destinations (sinks) mostly being clustered around hospitals
(near administrative centers of districts/counties). The EPHI
values are usually quite low (lower than 0.2), indicating that
a large proportion of local patients travel outside of their
expected utilization catchment areas to get inpatient services (i.e.,
exhibiting bypass behaviors).

For outpatient requirements, the distribution of EPHI values
is more even. There are more flow-in areas, indicating patients
have more choices. The general EPHI values are also higher
compared with inpatient visits, indicating even in flow-out areas
that there are fewer flow-out patients. However, the maximum
EPHI value for outpatient visits is larger than inpatient visits,
indicating the burden in some flow-in areas is larger because
considerable numbers of guest patients cluster in these areas to
acquire local healthcare service.

Spatial Access to Healthcare Resources
The weighted average of spatial access to beds was 4.81 in 2018,
with 84.20% (4.05) being provided by hospitals. Meanwhile, the
weighted average of spatial access to doctors was 2.32, with
64.66% (1.50) provided by hospitals. The distribution pattern of

spatial access to beds and doctors was similar, but spatial access
to beds was more clustered compared with access to doctors
(Figure 4). In general, spatial access to healthcare resources
(e.g., beds, doctors) was more even along the coasts and the
northeast part of Hainan Island, but more divided in the central
mountainous areas.

Efficiency of Healthcare Resources
The estimated number of inpatient visits was divided by spatial
access to beds to reveal the competition of beds. In most areas,
one bed was utilized by no less than ten patients per year. The
few areas where the supply of beds was more sufficient than the
demand were mostly located in the central mountainous areas,
and the northeast tip of Hainan Island.

Similarly, the estimated number of outpatient visits divided
by spatial access to doctors revealed the competition for
doctors on Hainan Island. The competition for doctors was less
severe compared with that for beds, especially in the central
mountainous area, where one doctor serves <2,000 patients
every year. In general, the supply of doctors was more efficient
along the coastal areas, except for the two major urban areas of
Haikou and Sanya.

DISCUSSION

In this study, we proposed an EPHI to estimate the spatial
distribution of healthcare utilization, which can be utilized as
a third way of simulate the spatial tendencies for healthcare
seeking behavior of patients (27, 32). The index has wide
practical application since the data it requires can be obtained
more easily compared with personal medical records (34),
and the spatial relationship between patients and healthcare
institutions can be revealedmore clearly than with interviews and
questionnaires (27). In comparison with Delamater et al.’s prior
research which utilized the idea of 2SFCA method to obtain a
matrix representing the number of consumers in each residential
location to all possible healthcare facilities (34), this index
more directly identifies the sources and sinks of patient spatial
movements. As “receiving treatment locally” is a priority of many
local governments and increasingly mentioned in healthcare
policies (31), this index has wide applicability for assessing the
efficiency of local healthcare systems in determining whether
patients are seeking healthcare locally. The current indicator
for “receiving treatment locally” is “percent receiving treatment
within a county” (县域内就诊率, xiànyù nèi jiùzhěn lu), but
the detailed data required and calculation methods have not been
clearly described, and the results are restricted to county level
administrative units (53).

In addition, combined with assessments of spatial access
to healthcare resources, the competition for healthcare
resources (e.g., the efficiency of supply vs. utilization) can
be straightforwardly assessed with the index for every residential
point. From the “people oriented” (以人为本, yirénwéiběn)
perspective, which is one of the central tenets of Chinese policy
making (54), the convenience of patients receiving healthcare
services is of great importance. However, existing literature
usually assesses efficiencies of healthcare resources based on
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FIGURE 3 | External Patient Healthcare Index (EPHI) of inpatient and outpatient visits on Hainan Island (2018).

FIGURE 4 | Spatial access to beds and doctors (including registered and registered-assistant doctors) based on E2SFCA method on Hainan Island (2018).

administrative units (55), or healthcare institutions, because the
invested resources and the outputs are easy to obtain (56, 57).

Results based on the EPHI index (Figures 3, 5) could also be
used for resource allocation and policy making. By identifying
regions according to local spatial access and patient spatial
movements, specific assessment techniques can be carried out to
provide key insights for resource allocation and policymaking.

These four combinations are: (1) low spatial access with flow-out
patients, (2) low spatial access with flow-in patients, (3) high
spatial access with flow-out patients, and (4) high spatial access
with flow-in patients. For areas with low spatial access and
flow-out patients, more healthcare resources should be allocated
to encourage patients to obtain services locally. While for
areas with high spatial access and flow-in populations, the
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expansion of healthcare institutions should be restricted, and
instead of large general hospitals, specialized hospitals treating
complex diseases that local healthcare institutions cannot treat
should be developed. Because the EPHI values are at regional
level specific for each resident point, instead of for healthcare
institutions and administrative units, the results can be used
for both the allocation of healthcare resources in existing
healthcare institutions, as well as for the investment of new
healthcare institutions or enhancement of existing primary
healthcare institutions.

Thus, the proposed index has great potential to provide
guidance for government policy makers and future healthcare
planning. In the case study carried out on Hainan Island, we
tested the potential utility of this EPHI index.

The EPHI values show that bypass activities in both outpatient
and inpatient care are common on Hainan. For both inpatient
and outpatient needs, patients tend to travel from regions that
are less developed with fewer healthcare resources (such as
the central mountainous regions), to regions that are more
highly developed with more healthcare resources (e.g., coasts and
urban areas) to obtain medical care. These bypass activities have
resulted in inefficient allocation of resources, with insufficient
utilization of doctors in less-developed regions and over-
utilization of doctors in coastal areas. Nevertheless, doctor
resources in the two major urban centers along the coast, namely
Haikou and Sanya cities, are still sufficient despite their large
numbers of guest (flow-in) patients. One possible explanation is
that the doctor resources in Haikou and Sanya are ample enough
to serve the high inflow of patients from other areas across the
island. Thus, it can be said that some doctor resources in Haikou
and Sanya should be moved to other coastal areas to improve the
general efficiency of doctor resources on Hainan Island.

One of the most challenging problems with the current
situation on Hainan, as identified by the EPHI values, is that
there is an unreasonable distribution of healthcare resources
in terms of hospitals vs. primary healthcare institutions. The
problem is more severe for inpatient visits since about 85%
of inpatient beds are provided by the limited number of
hospitals. This inevitably causes patients to bypass their more
local healthcare institutions to seek inpatient care from hospitals.
Patients increasingly choose to access higher level hospitals in
China, because primary healthcare institutions are perceived as
not trustworthy for safely addressing basic patient healthcare
needs (27). This is because compared with hospitals, registered
(assistant) doctors in primary healthcare institutions usually
hold lower-level degrees and technical titles, with the majority
of health professionals in primary healthcare institutions only
having 2–3 years of medical education from technical secondary
schools and only hold primary-level technical titles (58). The
limited number of resources in primary healthcare institutions
has further aggravated these perception difficulties.

Based on the current patterns of resource allocation and
utilization revealed by our methods, and in light of the need
to more efficiently utilize healthcare resources across Hainan
Island, this study demonstrates the value of the EPHI for local
governments. In particular, the Hainan provincial government
seeks to provide timely access to healthcare at the local level

according to its “Receiving Treatment at Local” policy (31).
To do so, more efforts must be made to increase the primary
healthcare institutional service capacities, as well as to study the
exact reasons why local people’s perceptions of these institutions
do or do not align with their current services (e.g., both quality
and type of services provided). With the improvement of both
local healthcare capacity and quality, the bypass activity should
reduce if local people’s perceptions recognize these changes. At
the same time, policies to guide rational patient flows should be
examined in more detail.

Our study has several limitations that should be kept
in mind. First, in comparison with other relevant research
from Hainan Island (13), the proposed EPHI to simulate the
spatial tendency for patient flow was generally based on the
E2SFCA method, which has a strong assumption that the
service catchment of healthcare institutions are fixed and only
resident points within the catchment can enjoy the healthcare
services, as well as provide patients, the guest patients have flow
into these resident points to compete for healthcare resources
allocated to local residents. The setting of catchment size and
distance decay function would influence the results greatly.
For further improvement of this index, other modifications
of the 2SFCA method should be considered and individual-
level medical records would be necessary to improve parameter
setting. Second, patient morbidity was assumed to be the same
across Hainan Island, but this likely differs based on social,
demographic, and economic reasons in different regions and
communities across the island. Thus, future studies should also
assess the implications of differing patient morbidity on this type
of analysis. Third, the EPHI value should be resulted from both
the over/under-utilization of local residents and the competition
of guest/bypass patients (resulted from the spatial tendencies
in healthcare seeking), while only the spatial tendencies in
healthcare seeking were discussed in this study under the
background that unreasonable spatial tendencies in healthcare
seeking is common and troublesome to the government in
China. Nevertheless, the EPHI proposed for the first time in this
article can provide good foundational knowledge for subsequent
resource allocation research.

CONCLUSION

Because the accurate assessment of both existing healthcare
resources and their actual utilization are fundamentally crucial
for effective allocation of limited healthcare resources, in this
project, we proposed a new EPHI to measure the spatial tendency
for healthcare seeking behavior in a more practical way. This
index can be combined with spatial accessibility results to assess
the utilization-supply regions to reveal healthcare competition
and resource efficiency patterns. In China, patients are free to
choose healthcare institutions for treatment, which increases the
importance of modeling healthcare seeking behavior, including
bypass activities. The proposed index was examined on Hainan
Island, which is a relatively closed-loop system within and
representative of China’s broader healthcare economy. This
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FIGURE 5 | The efficiency of healthcare resources on Hainan Island (2018).

EPHI index allowed us to identify patterns of both patient in-
flow and patient out-flow, including the specific areas where
each behavior predominates. By combining utilization data with
resource allocation data, we could identify over-resourced areas
and insufficiently-resourced areas, demonstrating the value of
this index to provide guidance for local government planning.
In future studies, the simulated results could be combined with
social-economic parameters to assess influencing factors and test
the effectiveness of specific policies.

DATA AVAILABILITY STATEMENT

The data analyzed in this study is subject to the following
licenses/restrictions: Some data from this study are available from
the Health Commission of Hainan Province, but restrictions
limit their availability. These data were used under license for
the current study, but are not publicly available. Data may
be made available from the authors upon reasonable request
to the corresponding author and with permission from the
Health Commission of Hainan Province. Requests to access these
datasets should be directed to panjie.jay@scu.edu.cn.

AUTHOR CONTRIBUTIONS

XW and JP designed the study and had full access to all the
data involved in the study. XW performed the data analysis and
wrote the first draft with supervision from JP and BS. CS and
DW helped with study design. BS and DW helped revise the
manuscript. All authors contributed to interpretation of data,
revised the article critically for important intellectual content,
and approved the final version of the manuscript. All authors

have agreed to be accountable for all aspects of the work in
ensuring that questions related to the accuracy or integrity of any
part of the work are appropriately investigated and resolved.

FUNDING

This study was supported by the National Natural Science
Foundation of China (Grant Nos. 71874116, 42071379, and
72074163), National Social Science Fund of China (Grant No.
21ZDA104), Sichuan Science and Technology Program (Grant
Nos. 2020YJ0117, 2021YFQ0060, and 22ZDYF0318), theMedical
Science and Technology Project of Sichuan Provincial Health
Commission (Grant No. 21PJ067), the Chengdu Federation
of Social Sciences (Grant No. ZZ05), Fund for Introducing
Talents of Sichuan University (YJ202157), Chongqing Science
and Technology Bureau (cstc2020jscx-cylhX0001), the Sichuan
University Interdisciplinary Postdoc Innovation Fund, and the
Sichuan University Postdoc Research Foundation (Grant No.
2019SCU12013). No funder was involved in study design, data
collection or analysis, decision to publish, or preparation of
the manuscript.

ACKNOWLEDGMENTS

The authors are grateful to the staff of the Health Commission of
Hainan Province for providing Hainan’s healthcare institutional
data and for providing feedback on the allocation of local
healthcare resources. The authors are also grateful to Dr.
Wei Han from Health, Nutrition and Population Global
Practice, World Bank for providing insightful suggestions on
the analysis.

Frontiers in Public Health | www.frontiersin.org 11 March 2022 | Volume 10 | Article 786467

https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://www.frontiersin.org/journals/public-health#articles


Pan et al. Spatial-Simulation of Healthcare Seeking Behavior

REFERENCES

1. World Health Organization. Declaration of Astana. WHO (2018). p. 2893–

4. Available online at: https://www.who.int/docs/default-source/primary-

health/declaration/gcphc-declaration.pdf (accessed February 20, 2021).

2. Song C, Wang Y, Yang X, Yang Y, Tang Z, Wang X, et al. Spatial and temporal

impacts of socioeconomic and environmental factors on healthcare resources:

a county-level bayesian local spatiotemporal regression modeling study of

hospital beds in Southwest China. Int J Environ Res Public Health. (2020)

17:1–23. doi: 10.3390/ijerph17165890

3. Petrou S, Wolstenholme J. A review of alternative approaches

to healthcare resource allocation. Pharmacoeconomics. (2000)

18:33–43. doi: 10.2165/00019053-200018010-00004

4. Li X, Lu J, Hu S, Cheng KK, De Maeseneer J, Meng Q, et al.

The primary health-care system in China. Lancet. (2017) 390:2584–

94. doi: 10.1016/S0140-6736(17)33109-4

5. Fang EF, Scheibye-Knudsen M, Jahn HJ Li J, Ling L, Guo H, Zhu X, et al. A

research agenda for aging in China in the 21st century. Ageing Res Rev. (2015)

24:197–205. doi: 10.1016/j.arr.2015.08.003

6. Wang HHX, Wang JJ, Wong SYS, Wong MCS, Mercer SW, Griffiths SM. The

development of urban community health centres for strengthening primary

care in China: a systematic literature review. Br Med Bull. (2015) 116:139–

53. doi: 10.1093/bmb/ldv043

7. NHC. Health Statistics Yearbook of China 2018. National Health Commission

(2018). Available online at: https://navi.cnki.net/KNavi/YearbookDetail?

pcode=CYFD&pykm=YSIFE&bh= (ccessed December 24, 2020).

8. Pan J, Shallcross D. Geographic distribution of hospital beds throughout

China: a county-level econometric analysis. Int J Equity Health. (2016)

15:179. doi: 10.1186/s12939-016-0467-9

9. Guagliardo MF. Spatial accessibility of primary care: concepts, methods and

challenges. Int J Health Geogr. (2004) 3:1–13. doi: 10.1186/1476-072X-3-1

10. Wang F, LuoW. Assessing spatial and nonspatial factors for healthcare access:

towards an integrated approach to defining health professional shortage areas.

Heal Place. (2005) 11:131–46. doi: 10.1016/j.healthplace.2004.02.003

11. Pan J, Zhao H, Wang X, Shi X. Assessing spatial access to public and

private hospitals in Sichuan, China: the influence of the private sector

on the healthcare geography in China. Soc Sci Med. (2016) 170:35–

45. doi: 10.1016/j.socscimed.2016.09.042

12. Wang X, Yang H, Duan Z, Pan J. Spatial accessibility of primary health care

in China: a case study in Sichuan Province. Soc Sci Med. (2018) 209:14–

24. doi: 10.1016/j.socscimed.2018.05.023

13. Wang X, Seyler BC, Han W, Pan J. An integrated analysis of spatial access

to the three-tier healthcare delivery system in China: a case study of Hainan

Island. Int J Equity Health. (2021) 20:60. doi: 10.1186/s12939-021-01401-w

14. Jia T, Tao H, Qin K, Wang Y, Liu C, Gao Q. Selecting the optimal healthcare

centers with a modified P-median model: a visual analytic perspective. Int J

Health Geogr. (2014) 13:42. doi: 10.1186/1476-072X-13-42

15. Tao Z, Cheng Y. Modelling the spatial accessibility of the elderly to healthcare

services in Beijing, China. Environ Plan B Urban Anal City Sci. (2019)

46:1132–47. doi: 10.1177/2399808318755145

16. Tao Z, Cheng Y, Liu J. Hierarchical two-step floating catchment area

(2SFCA) method: measuring the spatial accessibility to hierarchical

healthcare facilities in Shenzhen, China. Int J Equity Health. (2020)

19:164. doi: 10.1186/s12939-020-01280-7

17. Zhao Y, Zhang G, Lin T, Liu X, Liu J, Lin M, Ye H, Kong L. Towards

sustainable urban communities: a composite spatial accessibility assessment

for residential suitability based on network big data. Sustainability. (2018)

10:4767. doi: 10.3390/su10124767

18. Wang X, Pan J. Assessing the disparity in spatial access to hospital care in

ethnic minority region in Sichuan Province, China. BMC Health Serv Res.

(2016) 16:399. doi: 10.1186/s12913-016-1643-8

19. Hu R, Dong S, Zhao Y, Hu H, Li Z. Assessing potential spatial accessibility of

health services in rural China: a case study of Donghai county. Int J Equity

Health. (2013) 12:35. doi: 10.1186/1475-9276-12-35

20. Jin C, Cheng J, Lu Y, Huang Z, Cao F. Spatial inequity in access to

healthcare facilities at a county level in a developing country: a case

study of Deqing County, Zhejiang, China. Int J Equity Health. (2015)

14:67. doi: 10.1186/s12939-015-0195-6

21. Zhu L, Zhong S, Tu W, Zheng J, He S, Bao J, Huang C. Assessing spatial

accessibility to medical resources at the community level in shenzhen, China.

Int J Environ Res Public Health. (2019) 16:242. doi: 10.3390/ijerph16020242

22. Wu J, Cai Z, Li H. Accessibility of medical facilities in multiple traffic

modes: a study in Guangzhou, China. Complexity. (2020) 2020:8819836.

doi: 10.1155/2020/8819836

23. Tao Z, Yao Z, Kong H, Duan F, Li G. Spatial accessibility to healthcare services

in Shenzhen, China: improving the multi-modal two-step floating catchment

area method by estimating travel time via online map APIs. BMC Health Serv

Res. (2018) 18:1. doi: 10.1186/s12913-018-3132-8

24. HuW, Li L, Su M. Spatial inequity of multi-level healthcare services in a rapid

expanding immigrant city of China: a case study of Shenzhen. Int J Environ

Res Public Health. (2019) 16:3441. doi: 10.3390/ijerph16183441

25. Zhang S, Song X,Wei Y, DengW. Spatial equity of multilevel healthcare in the

metropolis of Chengdu, China: a new assessment approach. Int J Environ Res

Public Health. (2019) 16:493. doi: 10.3390/ijerph16030493

26. Wang L, Di X, Yang L, Dai X. Differences in the potential accessibility

of home-based healthcare services among different groups of older

adults: a case from shaanxi province, china. Healthcare. (2020)

8:452. doi: 10.3390/healthcare8040452

27. Liu Y, Kong Q, Yuan S, Van De Klundert J. Factors influencing choice of

health system access level in China: a systematic review. PLoS ONE. (2018)

13:e0201887. doi: 10.1371/journal.pone.0201887

28. Li L. The challenges of healthcare reforms in China. Public Health. (2011)

125:6–8. doi: 10.1016/j.puhe.2010.10.010

29. Hillier S, Shen J. Health care systems in transition: People’s republic of China

part i: an overview of China’s health care system. J Public Heal. (1996)

18:258–65. doi: 10.1093/oxfordjournals.pubmed.a024502

30. Wagstaff A, Yip W, Lindelow M, Hsiao WC. China’s health system

and its reform: a review of recent studies. Health Econ. (2009) 18:S7–

23. doi: 10.1002/hec.1518

31. The People’s Government of Hainan Province. Action Plan for

Standardizational Construction of Primary Healthcare Institutions in Hainan

Province. (2018) Available online at: http://www.hainan.gov.cn/hainan/

szfbgtwj/201811/37479119e1d34c03934b8c0ce54dbf67.shtml (accessed

December 24, 2020).

32. Jia P. Developing a flow-based spatial algorithm to delineate hospital service

areas. Appl Geogr. (2016) 75:137–43. doi: 10.1016/j.apgeog.2016.08.008

33. Zhang Y, Niu Y, Zhang L. Determinants of patient choice

for hospital readmission after township hospitalisation: a

population-based retrospective study in China. BMJ Open. (2018)

8:e021516. doi: 10.1136/bmjopen-2018-021516

34. Delamater PL, Shortridge AM, Kilcoyne RC. Using floating catchment area

(FCA) metrics to predict health care utilization patterns. BMC Health Serv

Res. (2019) 19:144. doi: 10.1186/s12913-019-3969-5

35. Powell-Jackson T, Yip WC-M, Han W. Realigning demand and supply side

incentives to improve primary health care seeking in rural China.Health Econ.

(2015) 24:755–72. doi: 10.1002/hec.3060

36. Li H, Chung RYN, Wei X, Mou J, Wong SYS, Wong MCS, Zhang

D, Zhang Y, Griffiths S. Comparison of perceived quality amongst

migrant and local patients using primary health care delivered by

community health centres in Shenzhen, China. BMC Fam Pract. (2014)

15:76. doi: 10.1186/1471-2296-15-76

37. Bauer J, Klingelhöfer D, Maier W, Schwettmann L, Groneberg DA. Prediction

of hospital visits for the general inpatient care using floating catchment area

methods: a reconceptualization of spatial accessibility. Int J Health Geogr.

(2020) 19:29. doi: 10.1186/s12942-020-00223-3

38. Wang F. Measurement, optimization, and impact of health

care accessibility: a methodological review. Ann Assoc Am

Geogr. (2012) 102:1104–12. doi: 10.1080/00045608.2012.6

57146

39. Luo W, Wang F. Measures of spatial accessibility to health care

in a GIS environment: Synthesis and a case study in the Chicago

region. Environ Plan B Plan Des. (2003) 30:865–84. doi: 10.1068/b

29120

40. Delamater PL. Spatial accessibility in suboptimally configured health care

systems: a modified two-step floating catchment area (M2SFCA) metric. Heal

Place. (2013) 24:30–43. doi: 10.1016/j.healthplace.2013.07.012

Frontiers in Public Health | www.frontiersin.org 12 March 2022 | Volume 10 | Article 786467

https://www.who.int/docs/default-source/primary-health/declaration/gcphc-declaration.pdf
https://www.who.int/docs/default-source/primary-health/declaration/gcphc-declaration.pdf
https://doi.org/10.3390/ijerph17165890
https://doi.org/10.2165/00019053-200018010-00004
https://doi.org/10.1016/S0140-6736(17)33109-4
https://doi.org/10.1016/j.arr.2015.08.003
https://doi.org/10.1093/bmb/ldv043
https://navi.cnki.net/KNavi/YearbookDetail?pcode=CYFD&pykm=YSIFE&bh=
https://navi.cnki.net/KNavi/YearbookDetail?pcode=CYFD&pykm=YSIFE&bh=
https://doi.org/10.1186/s12939-016-0467-9
https://doi.org/10.1186/1476-072X-3-1
https://doi.org/10.1016/j.healthplace.2004.02.003
https://doi.org/10.1016/j.socscimed.2016.09.042
https://doi.org/10.1016/j.socscimed.2018.05.023
https://doi.org/10.1186/s12939-021-01401-w
https://doi.org/10.1186/1476-072X-13-42
https://doi.org/10.1177/2399808318755145
https://doi.org/10.1186/s12939-020-01280-7
https://doi.org/10.3390/su10124767
https://doi.org/10.1186/s12913-016-1643-8
https://doi.org/10.1186/1475-9276-12-35
https://doi.org/10.1186/s12939-015-0195-6
https://doi.org/10.3390/ijerph16020242
https://doi.org/10.1155/2020/8819836
https://doi.org/10.1186/s12913-018-3132-8
https://doi.org/10.3390/ijerph16183441
https://doi.org/10.3390/ijerph16030493
https://doi.org/10.3390/healthcare8040452
https://doi.org/10.1371/journal.pone.0201887
https://doi.org/10.1016/j.puhe.2010.10.010
https://doi.org/10.1093/oxfordjournals.pubmed.a024502
https://doi.org/10.1002/hec.1518
http://www.hainan.gov.cn/hainan/szfbgtwj/201811/37479119e1d34c03934b8c0ce54dbf67.shtml
http://www.hainan.gov.cn/hainan/szfbgtwj/201811/37479119e1d34c03934b8c0ce54dbf67.shtml
https://doi.org/10.1016/j.apgeog.2016.08.008
https://doi.org/10.1136/bmjopen-2018-021516
https://doi.org/10.1186/s12913-019-3969-5
https://doi.org/10.1002/hec.3060
https://doi.org/10.1186/1471-2296-15-76
https://doi.org/10.1186/s12942-020-00223-3
https://doi.org/10.1080/00045608.2012.657146
https://doi.org/10.1068/b29120
https://doi.org/10.1016/j.healthplace.2013.07.012
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://www.frontiersin.org/journals/public-health#articles


Pan et al. Spatial-Simulation of Healthcare Seeking Behavior

41. Wang F. Inverted two-step floating catchment area method

for measuring facility crowdedness. Prof Geogr. (2017) 70:251–

60. doi: 10.1080/00330124.2017.1365308

42. Luo W, Qi Y. An enhanced two-step floating catchment area (E2SFCA)

method for measuring spatial accessibility to primary care physicians. Heal

Place. (2009) 15:1100–7. doi: 10.1016/j.healthplace.2009.06.002

43. Dewulf B, Neutens T, De Weerdt Y, Van De Weghe N. Accessibility

to primary health care in Belgium: an evaluation of policies awarding

financial assistance in shortage areas. BMC Fam Pract. (2013)

14:122. doi: 10.1186/1471-2296-14-122

44. McGrail MR, Humphreys JS. Measuring spatial accessibility to primary care

in rural areas: Improving the effectiveness of the two-step floating catchment

areamethod.Appl Geogr. (2009) 29:533–41. doi: 10.1016/j.apgeog.2008.12.003

45. Ngui AN, Apparicio P. Optimizing the two-step floating catchment area

method for measuring spatial accessibility to medical clinics in Montreal.

BMC Health Serv Res. (2011) 11:166. doi: 10.1186/1472-6963-11-166

46. Bauer J, Müller R, Brüggmann D, Groneberg DA. Spatial

accessibility of primary care in England: a cross-sectional study

using a floating catchment area method. Health Serv Res. (2018)

53:1957–78. doi: 10.1111/1475-6773.12731

47. Luo J, Chen G, Li C, Xia B, Sun X, Chen S. Use of an E2SFCA

method to measure and analyse spatial accessibility to medical services for

elderly people in wuhan, China. Int J Environ Res Public Health. (2018)

15:1503. doi: 10.3390/ijerph15071503

48. Hainan Bureau of Statistics.Hainan Statistical Yearbook 2019. (2019) Available

online at: http://stats.hainan.gov.cn/tjj/tjsu/ndsj/ (accessed December 24,

2020).

49. Luo W. Using a GIS-based floating catchment method

to assess areas with shortage of physicians. Heal

Place. (2004) 10:1–11. doi: 10.1016/S1353-8292(02)0

0067-9

50. Worldpop.Malaysia 100m Population. (2017) Available online at: http://www.

worldpop.org.uk/ (accessed December 24, 2020).

51. NGCC.National Basic Geographic Database at 1:1000000 Resolution.National

Geomatics Centre China. (2017). Available online at: http://www.webmap.cn/

commres.do?method=result100W (accessed December 24, 2020).

52. Shi X, Alford-Teaster J, Onega T, Wang D. Spatial access and local

demand for major cancer care facilities in the United States. Ann

Assoc Am Geogr. (2012) 102:1125–34. doi: 10.1080/00045608.2012.6

57498

53. National Health Commission of the People’s Republic of China.

Guidelines for Carrying Out Pilot Projects to Build the Compacted

County Healthcare Communities. (2019). Available online at: http://www.

nhc.gov.cn/jws/s3580/201905/833cd709c8d346d79dcd774fe81f9d83/files/

19ae19193990443f972b06015e9bab45.docx (accessed February 20, 2021).

54. State Council of the People’s Republic of China. “Healthy China 2030” Plan.

(2016). Available online at: http://www.gov.cn/zhengce/2016-10/25/content_

5124174.htm (accessed February 20, 2021).

55. Song C, Shi X, Wang J. Spatiotemporally Varying Coefficients

(STVC) model: a Bayesian local regression to detect spatial and

temporal nonstationarity in variables relationships. Ann GIS. (2020)

26:277–91. doi: 10.1080/19475683.2020.1782469

56. Chai P, Wan Q, Kinfu Y. Efficiency and productivity of health systems in

prevention and control of non-communicable diseases in China, 2008–2015.

Eur J Heal Econ. (2021) 22:267–79. doi: 10.1007/s10198-020-01251-3

57. Sun Y, Chen X, Zhou X, Zhang M. Evaluating the efficiency

of China’s healthcare service: a weighted DEA-game theory

in a competitive environment. J Clean Prod. (2020).

270:122431. doi: 10.1016/j.jclepro.2020.122431

58. Liu X, Zhao S, Zhang M, Hu D, Meng Q. The development of rural primary

health care in China’s health system reform. J Asian Public Policy. (2015)

8:88–101. doi: 10.1080/17516234.2015.1008195

Conflict of Interest: The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could be construed as a

potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors

and do not necessarily represent those of their affiliated organizations, or those of

the publisher, the editors and the reviewers. Any product that may be evaluated in

this article, or claim that may be made by its manufacturer, is not guaranteed or

endorsed by the publisher.

Copyright © 2022 Pan, Wei, Seyler, Song and Wang. This is an open-access article

distributed under the terms of the Creative Commons Attribution License (CC BY).

The use, distribution or reproduction in other forums is permitted, provided the

original author(s) and the copyright owner(s) are credited and that the original

publication in this journal is cited, in accordance with accepted academic practice.

No use, distribution or reproduction is permitted which does not comply with these

terms.

Frontiers in Public Health | www.frontiersin.org 13 March 2022 | Volume 10 | Article 786467

https://doi.org/10.1080/00330124.2017.1365308
https://doi.org/10.1016/j.healthplace.2009.06.002
https://doi.org/10.1186/1471-2296-14-122
https://doi.org/10.1016/j.apgeog.2008.12.003
https://doi.org/10.1186/1472-6963-11-166
https://doi.org/10.1111/1475-6773.12731
https://doi.org/10.3390/ijerph15071503
http://stats.hainan.gov.cn/tjj/tjsu/ndsj/
https://doi.org/10.1016/S1353-8292(02)00067-9
http://www.worldpop.org.uk/
http://www.worldpop.org.uk/
http://www.webmap.cn/commres.do?method=result100W
http://www.webmap.cn/commres.do?method=result100W
https://doi.org/10.1080/00045608.2012.657498
http://www.nhc.gov.cn/jws/s3580/201905/833cd709c8d346d79dcd774fe81f9d83/files/19ae19193990443f972b06015e9bab45.docx
http://www.nhc.gov.cn/jws/s3580/201905/833cd709c8d346d79dcd774fe81f9d83/files/19ae19193990443f972b06015e9bab45.docx
http://www.nhc.gov.cn/jws/s3580/201905/833cd709c8d346d79dcd774fe81f9d83/files/19ae19193990443f972b06015e9bab45.docx
http://www.gov.cn/zhengce/2016-10/25/content_5124174.htm
http://www.gov.cn/zhengce/2016-10/25/content_5124174.htm
https://doi.org/10.1080/19475683.2020.1782469
https://doi.org/10.1007/s10198-020-01251-3
https://doi.org/10.1016/j.jclepro.2020.122431
https://doi.org/10.1080/17516234.2015.1008195
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://www.frontiersin.org/journals/public-health#articles

	An External Patient Healthcare Index (EPHI) for Simulating Spatial Tendencies in Healthcare Seeking Behavior
	Introduction
	Materials and Methods
	Measuring Spatial Access: The 2SFCA Method
	Measuring Spatial Distribution of Utilization for Healthcare Resources: The External Patient Healthcare Index
	Study Location
	Data Sources and Pretreatment
	Procedures

	Results
	General Description
	Spatial Tendency for Healthcare Seeking Behavior
	Spatial Access to Healthcare Resources
	Efficiency of Healthcare Resources

	Discussion
	Conclusion
	Data Availability Statement
	Author Contributions
	Funding
	Acknowledgments
	References


