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Improvement of the equality of geographical allocation of limited health-care resources requires an accurate evaluation of spatial
accessibility of the facilities. The adoption of appropriate population
distribution measures is one of the leading factors affecting such an
evaluation. Using primary health-care institutions in Hainan, China
as an example, this study aimed to explore the disparities embedded

in spatial accessibility evaluations based on six common measures
of population distribution, namely community/village population
(VillagePop), average population distribution (AveragePop), population distribution by night-time light intensity (NighttimelightPop)
together with the public population databases LandScan, WorldPop
and PoiPop for construction of the weights. The enhanced two-step
floating catchment area method, two-way analysis of variance
(ANOVA), Dunnett test, root mean square error and the mean absolute error were employed to assess and compare spatial accessibilities based on these different population distribution measures. The
spatial accessibility of primary health-care institutions in Hainan
was found to vary when plotted using the various population distribution measures mentioned. As indicated by the statistical outcomes
of both ANOVA and the Dunnett test, using the spatial accessibility
calculated by VillagePop as reference, those calculated by
AveragePop and PoiPop were found to be significantly different. In
addition, the spatial accessibilities calculated by AveragePop and
PoiPop demonstrated higher error rates in the identification of
underserved areas compared with the reference. Considering the
limitations of public population databases, the adoption of nighttime light data is highly recommended for estimating population
distribution in the absence of high-resolution data.
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Introduction

Variability in access to health care has been identified as a main
cause for inequality in health outcomes (Yip et al., 2019). To better
evaluate this term, access has been classified into potential access
and realized access, with its specific dimensions defined as availability, accessibility, accommodation, affordability and acceptability (Aday and Andersen, 1974; Penchansky and Thomas, 1981;
Joseph and Phillips, 1984). The first two dimensions are spatial in
nature and refer to the number of providers and travel impedance
(which are not independent of each other and usually need to be
combined), while the latter three dimensions are essentially nonspatial and reflect health-care financing arrangements and cultural
factors. Availability and accessibility are often fused and referred
to as spatial accessibility (Khan, 1992; Guagliardo, 2004). As an
effective indicator, potential spatial accessibility (henceforth
referred to as spatial accessibility) has been widely used in previous studies to measure access to health care and estimate its equity
(Gu et al., 2019; Kaur Khakh et al., 2019; Lu et al., 2019).
Identifying areas with limited spatial accessibility could enable
planners to understand and optimize the geographical distribution
of health-care resources to improve health outcomes (Shah et al.,
2016; Smith et al., 2017; Ma et al., 2018; Tao et al., 2018b).
Therefore, it is essential to measure spatial accessibility accurately
and in detail.
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underestimated. In China, on the other hand, the land areas of counties or sub-districts are usually large, e.g., the average county area
is 3376 km2, while the largest cover up to 200,000 km2. County and
sub-district population distribution produced by directly averaging
of the population in corresponding areas would indicate the
assumption that the population within those areas are evenly distributed, which is far from reasonable and lead to biased outcomes
of spatial accessibility. To measure population distribution more
accurately, a number of research teams have produced simulations
of population distribution, such as LandScan (Dobson et al., 2000),
WorldPop (Stevens et al., 2015), PoiPop (Ye et al., 2019) and population maps (Bagan and Yamagata, 2015; Li and Zhou, 2018; Chen
et al., 2019). These population distribution measures are modelled
by professional teams combining a large amount of remotelysensed and geospatial data for all researchers to use. However, they
are not very recent and only available for certain years. In addition,
as the predicted layers of those are global in scope, the precision
may not be high in small-scale areas. Gao et al. (2019) proposed
that more accurate night-time light data simulates a more detailed
population distribution, and these data are real-time and easier to
obtain (Huang et al., 2016; Li and Zhou, 2018; Song et al., 2019).
However, the various population distribution measures produce
highly variable accuracies depending on which regions they are
applied (Li et al., 2018; Luo et al., 2019; Wang et al., 2019). For
instance, PoiPop shows a higher accuracy than WorldPop in
Beijing, Shanghai, Guangzhou and Chongqing (Ye et al., 2019),
while LandScan tends to underestimate people counts in Poland
(Calka and Bielecka, 2019), and the LuoJia1-01 simulation data had
a higher accuracy than that of Landscan and European
Commission’s Global Human Settlement population (Gao et al.,
2019). The accuracy of the fit was poorer at the community level
and at smaller scales (Gao et al., 2019). In health-care studies, especially in those evaluating accessibility of health care, accurate identification of underserved areas is expected, which puts forth a
requirement for the accuracy of population distribution (demand
data) in specific areas. However, although it is believed that examination of the effect of population distribution measures is imperative, these issues have not been fully explored in health-care studies. The purpose of this manuscript was to compare assessments of
spatial accessibility based on several types of common population
distribution measures. Specifically, we aimed to answer the following three questions: i) Does spatial accessibility vary in different
types of population distribution measures?; ii) Does the identification of underserved areas, which are of great significance for the
equity of health-care resources, show different values?; and iii)
which is the most appropriate population distribution measure? In
order to address these issues, and in consideration of the importance
of primary health-care institutions for the establishment of the hierarchical medical system and promotion of human health, a case
study was conducted based on primary health-care institutions in
Hainan Province, China.
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Spatial accessibility measures are typically classified into four
categories: provider-to-population ratios (regional availability); distance to nearest provider; average distance to a set of providers; and
gravitation models of provider influence (Joseph and Bantock,
1982; Guagliardo, 2004). In recent years, the two-step floating
catchment area (2SFCA) method, one of the gravitation models, has
been widely used for measuring spatial accessibility due to ease of
understanding and operation (Delamater, 2013; Izumi et al., 2016;
Tao et al., 2018a; Chen and Jia, 2019; Delamater et al., 2019). The
2SFCA method computes the provider-population ratio within the
catchment area and then sums up these ratios defined by a threshold
travel time for each population location, which takes care of the
geopolitical border-crossing conundrum (Luo and Wang, 2003).
However, an artificial line between accessible and inaccessible
areas would be drawn by the original 2SFCA method (Wang, 2012),
which means that there is either uniform spatial accessibility within
the catchment or no spatial accessibility outside the catchment
(Guagliardo, 2004). To address the problem of uniform accessibility
within the catchment, an enhanced two-step floating catchment area
(E2SFCA) method has been proposed for measuring spatial accessibility by applying weights to different travel time zones to account
for distance decay (Luo and Qi, 2009), an approach that has been
widely used (Kim et al., 2018; Luo et al., 2018; Zhu et al., 2019).
In the E2SFCA method, each distance ring tier within the catchment
is assigned a particular tier weight according to the segment values
of a continuous distance decay function, such as the Gaussian function, which differentiates distance impedance within the catchment
(Luo and Qi, 2009), instead of a dichotomous distance decay function of the traditional 2SFCA method, which assumes that the
accessibility of population locations within the catchment is equal
(Luo and Wang, 2003).
In order to obtain the values of spatial accessibility, the 2SFCA
method family requires three aspects of data: supply, demand and
interaction between supply and demand (Langford et al., 2016;
Yang and Mao, 2018). In general, supply data include the number
of staff, number of beds, locations of institutions, etc., while the
demand data are the information of potential patients, often represented by population distribution. Importantly, the interaction
between supply and demand is expressed in terms of travel time in
this connection (Delamater et al., 2012; Gu et al., 2019). The location of institutions and their number of staff and beds can usually be
obtained from the official websites of the institutions or the local
health administration departments and the travel time can be calculated based on road networks and/or online maps, whereas high-resolution population distribution data are typically difficult to obtain
(Li and Zhou, 2018; Chen et al., 2019; Yang et al., 2019).
The 2SFCA method was first applied in industrialized countries, where the geographic or population-weighted centroid of a
census tract could be adopted for defining population locations
(Luo and Wang, 2003; Delamater, 2013; Delamater et al., 2019;
Kaur Khakh et al., 2019), while the geometry of the county or subdistrict, alternatively a population centroid, was usually used for
defining this measure in the developing countries (Tao et al., 2018b;
Zhu et al., 2019). Some authors disaggregated the population data
at the county or sub-district evenly (Pan et al., 2016; Wang et al.,
2018; Ni et al., 2019; Zhang et al., 2019a). However, the population
data at these levels are low-resolution, outdated and therefore not
possible to compare (Gregory et al., 2010).
In the US, if the population in a census tract is supposed to be
concentrated in the population-weighted centroid, the number of
people inside the centroid may be overestimated and that outside

Materials and methods
Study area and data

This study focused on the main part of Hainan Province, i.e.
Hainan Island, a tropical island in southern China (Figure 1A) covering an area of 33,900 km2 with a total population of 8,409,084 in
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conditions and the highway technical standards of China.
Considering that generally neither maximum nor minimum speed
are enforced, the median of the speed limit of each class, namely
the average of the maximum and minimum values of the limit
range, the following speed classes were adopted: 90 km/h, 65
km/h, 50 km/h, 45 km/h, 35 km/h, 25 km/h, 15 km/h and 5 km/h.
The sources of all data in this study except the demand data are
shown in Table 2.

Table 1. Health-care institutions and health professionals on
Hainan Island.
Health centre (type)

Health staff
(no.)

177
299
2,715
3,191

2,861
9,109
4,263
16,233
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Community health centres/stations
Township health centre
Village clinic
Total

Institution
(no.)
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2018. In 2018, the island included 24 county-level administrative
units and 222 township-level administrative units (Figure 1B). The
number of primary health-care institutions and their health staff in
2018 can be found in Table 1. The unique physical geography of
this place made it ideal for implementing the 2SFCA family for a
spatial accessibility study since it would be less affected by healthcare resource allocations in adjacent areas. Primary health-care in
China provides basic clinical care and public health services. It
includes community health centres/stations in urban areas and
township health centres as well as village clinics in rural areas (Li
et al., 2017). These institutions were considered as supply data in
this study. Their locations on Hainan Island in 2018 are shown in
Figure 1C. On account of the importance of health staff in primary
care delivery, the number of health staff was selected as the supply
indicator to evaluate the spatial accessibility of primary health-care
institutions. Since primary health-care services are provided to all
residents, the population distribution of the whole population (see
next section) was adopted as the demand data in this study. The
road network data was used to measure the travel time between
supply and demand. Each road was assigned a speed class value
from 1 to 8 (Figure 1D) according to road class, traffic, physical

Figure 1. Hainan Island, China: general information. A) The location of Hainan Island in China; B) administrative divisions; C) the
distribution of primary health-care institutions; D) road network.
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In China, community health stations in communities and village clinics are the primary level of primary health-care institutions. Communities and villages are administrative divisions
below sub-district and township, which are both at the township
level. They are usually small in size although some villages are

very large, but the population is usually concentrated in a relatively
small area around the administrative centre. It was thus assumed
that the population at the community/village level on Hainan
Island in 2018 would live near the administrative centre of the
communities and villages and these centres were regarded to be
sub-unit residence locations. This was the first population distribution entity (hereafter referred to as VillagePop) (Figure 2A) in this

Figure 2. A-F) The six different population distribution measures applied at Hainan Island, China. VillagePop shows the data as point
features on a grid system close to 3×3 km (the total area of Hainan Island (33,900 km2) divided by the number of villages there
(n=3414). The others are presented as raster.
Table 2. General data information.
Type of data

Year

Specific item

Data source

Primary health-care institutions

2018

Location and number of health staff

Administrative units
Road networks

2017
2017

Name and boundary
Road type, speed class, road condition

Hainan Health Commission
Baidu map app
National Spatial Data Infrastructure (NSDI)*
NSDI* (information of the highway technical standards)

*Specifically, the National Fundamental Geographic Information System of China, which is the main part of China’s NSDI.
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and mobile map service provider in China. The raw population
data from LandScan, WorldPop and PoiPop are based on census,
usually at higher administrative levels. As the estimation layers of
those are global in scope, they may be appropriate for researches
in large-scale areas, but the precision is generally much lower in
small-scale areas. When population data can be obtained from a
more recent time period, or at a lower administrative level, the
population distribution can be redistributed using the values of the
estimation layers as weights. In this study, the estimated values
available from the LandScan, WorldPop and PoiPop layers were
used as weights to redistribute the county-level population data in
Hainan Island for 2018 (Figure 2D-F). The sources of the demand
data are shown in Table 3.

The enhanced two-step floating catchment area method

(1)
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The E2SFCA method was adopted for preliminary research in
this study. In step 1, we calculated a supply-to-demand ratio for
each institution based on the total population able accessing it. In
step 2, the sum of the ratio scores of institutions within reach of
each residence gave us a spatial accessibility score for each residence location, which can be represented mathematically according to Luo and Qi (2009) as:

where Ai is the spatial accessibility of population at residence location i to health staff; Sj the number of health staff at institution location j; Pk the population of residence location k falling within the
catchment dkj∈Dr; dkj the travel time between k and j; dij the travel
time between i and j; Dr the rth travel time zone (r∈[1,3]) within the
catchment; and Wr the distance weight for rth travel time zone calculated from the Gaussian function.
Taking into account both the goal of the 15-minute primary
health care circle proposed by the Hainan Provincial Government
(The People’s Government of Hainan Province, 2018) and the literature (Luo and Qi, 2009; Voigtländer and Deiters, 2015; Pan et
al., 2016; Wang and Pan, 2016; Wang et al., 2018), three catchment areas of 0-15 min, 15-30 min and 30-60 min were included
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study and it was used as reference for all comparisons (Gaughan et
al., 2016; Zhu et al., 2019).
Since population data at the county level are publicly available
from Census and Statistic Yearbooks in China, the second population distribution entity was produced by evenly disaggregating the
Hainan Island county population data for 2018 into raster made up
of a 500*500 m grid (hereafter referred to as AveragePop) (Figure
2B). The third population data entity was obtained by disaggregating this population data into the 500*500 m raster with the nighttime light intensity as the weight (hereafter referred to as
NighttimelightPop) (Figure 2C). This entity simulates the population distribution by recording the light intensity produced by
anthropogenic activities (Jiang et al., 2019; Wang et al., 2019). The
raster centres were assumed to be the location of an aggregation of
residences. The remaining three population distribution data were
obtained from LandScan, WorldPop and PoiPop.
LandScan relies on the Global Population Project by Dobson
et al. (2000), who produced a worldwide population database at
the 30*30 resolution of the coordinate system. In this approach, the
best available official census counts are distributed through smart
interpolation based on the relative probability coefficients due to
road proximity, slope, land cover and night-time lights. The best
available official census data are usually collected at the provincial
level (one administrative division below the national) and acquired
from published sources.
The WorldPop program by Stevens et al. (2015) presents open,
contemporary population distribution data with a the 100*100 m
resolution using a new semi-automated dasymetric modelling
approach that incorporates detailed census and ancillary data in a
flexible Random-Forest estimation technique. Country-specific
census data are collected from the national institute of statistic of
each country, and the ancillary data include a series of widely
available, remotely-sensed, geospatial data. The PoiPop (Ye et al.,
2019) combines points-of-interest (POIs) with multi-source
remotely sensed data in a random-forest model that disaggregates
the Chinese 2010 county-level (one administrative division below
the province) census population data into 100*100 m raster. The
datasets include the radiance-calibrated night-time light product
from the defence meteorological satellite program’s operational
linescan system, the normalized difference vegetation index from
the Belgian vlaamse instelling voor technologish onderzoek and
POIs retrieved from the Baidu Map, which is the largest desktop

Table 3. Demand data.
Population distribution
data project

Year

Display

Data source

Remark

VillagePop
AveragePop
NighttimelightPop

2018
2018
2018

Point feature
500×500 m raster
500×500 m raster

Hainan Health Commission
Summed up by VillagePop
The National Oceanic and Atmospheric
Administration
The LandScan Project

Refers to Community/ village populations
Refers to evenly disaggregated county populations
Used as weight for the disaggregation of the county
population*
Used as weight for the disaggregation of the county
population*
Used as weight for the disaggregation of the county
population*
Used as weight for the disaggregation of the county
population*

LandScan

2018

1×1 km raster

WorldPop

2018

100×100 m raster

The WorldPop Program

PoiPop

2019

100×100 m raster

Zhejiang University research team
(Ye et al., 2019)

*Based on data of 2018 using the formula: Popi = CountyPopc × (RasterValuei / CountyValuec), where Popi is the population in residence location i, CountyPopc the population in county c; RasterValuei the value of
resident location i and CountyValuec the sum of values of residence locations within county c obtained from Night-time light, LandScan, WorldPop and PoiPop, respectively.
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and the weights calculated according to the Gaussian function,
which were 0.880, 0.316 and 0.010 respectively. The formula
according to Luo and Wang (2003) is the following:
f (d) = e –d /β

(2)

2

error (RMSE) and the mean absolute error (MAE) to quantify and
compare the errors using R 3.6.1 (Dessau and Pipper, 2008). The
formulas for calculating RMSE and MAE are the following:
(4)

where d is the threshold travel time; and β the distance impedance
coefficient, here = 440 (Wan et al., 2012).
The Service Area function of Network Analyst was implemented in ArcGIS 10.5 (ESRI, Redlands, CA, USA) to calculate the
polygons of the three catchment areas for each health-care institutions and residence locations individually in a preliminary exploration.
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where AtWlog is the loge scale of the weighted accessibility of each
of the last five population distribution measures; and At0Wlog the loge
scale of the weighted accessibility of VillagePop.

e

Spatial accessibility

Maps of the E2SFCA results based on the six population distribution measures are depicted in Figure 3 (the residence level)
and Figure 4 (the township level). The spatial accessibility was
found to be highly uneven throughout the island, with higher levels
in coastal areas and areas along roads. In addition, the spatial
accessibility based on the six population distribution measures
appeared to be different at these two levels.
Summary statistics for the six results are found in Table 4.
Since the accessibility had a skewed distribution, the median was
calculated to describe the degree of concentration and the minimum, maximum and inter-quartile range to describe the degree of
dispersion. At the residence level, the median spatial accessibility
based on VillagePop was higher than other population distribution
measures, but the maximum and inter-quartile ranges were the
lowest. While at the township level the median spatial accessibility
based on VillagePop was near those of the other population distribution measures, the inter-quartile range was lower than those of
the other population measures, except WorldPop whose difference
was nearly 0.01. At both the residence and the township level, the
maximum values of spatial accessibility based on LandScan,
WorldPop and PoiPop were found to be much higher than that of
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As the resolutions of the six population distributions are different, the resolutions of the spatial accessibilities calculated by
E2SFCA are also different. Since one of the main purposes of
research on health-care resources allocation is to provide scientific
implications to policy makers and investors, and the lowest level
of administrative unit in China is the township level (which is also
the lowest level of publicly available administrative boundary
data), the spatial accessibility based on six population distribution
measures with different resolutions was conveniently aggregated
to the township level. The population weighted mean within each
town was calculated according to Shen (1998) and Luo and Wang
(2003) as follows:

us

Statistical approaches

(5)
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(3)
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where Atw is the weighted spatial accessibility in town t; i the residence location within town t; Ai the spatial accessibility at the residence location i; and Pi the population at the residence location i.
Differences in spatial accessibility results at the township level
derived from each population distribution measure were tested statistically; i) by the two-way analysis of variance (ANOVA)
(Mishra et al., 2019) and the Dunnett test (Lee and Lee, 2018) performed to identify the differences using SPSS 20.0 with the traditional a=0.05 significance level; and ii) by the root mean square

Table 4. Summary statistics of spatial accessibility to primary health care.
Population distribution
data project
VillagePop
AveragePop
NighttimelightPop
LandScan
WorldPop
PoiPop

Spatial accessibility at the residence
location level
Median
Min.
Max.
IQR
1.73
1.00
1.06
0.95
0.95
1.30

0.00
0.00
0.00
0.00
0.00
0.00

29.70
38.03
66.07
1668.44
515.17
2483.78

1.44
2.48
2.16
1.90
1.81
1.53

Spatial accessibility
at the township level
Median
Min.
Max.
1.88
1.97
2.07
1.99
1.97
2.08

0.45
0.36
0.48
0.35
0.56
0.00

7.16
8.57
7.00
24.19
6.34
2483.78

IQR
1.00
2.00
1.18
1.32
1.01
1.35

IQR, inter-quartile range.
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VillagePop, except for the maximum value of WorldPop at the
township level, which was lower than that of VillagePop.

Descriptive comparison of differences: scatter plots and
maps

Identification of the differences

In order to identify whether the differences were statistically
significant by performing the two-way ANOVA and the Dunnett
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Figures 5 and 6 illustrate the relationships of spatial accessibility at the township level of the six population distribution measures. As can be seen in Figure 5, all the population distribution
measures investigated compared with VillagePop both over- and
under-estimate spatial accessibility as points fall both above and
below the 1:1 dashed line.
The differences among the spatial accessibility of health staff
per 1000 people based on the five population distribution measures

subtracted from the VillagePop is shown in Figure 6. The variation
within 0.5 health staff per 1000 people in relation to VillagePop
was relatively small. Compared with the spatial accessibility
revealed by VillagePop in Figures 4 and 5, the other population
distribution measures demonstrated both over-estimated and
under-estimated values. Specifically, more areas with under-estimated spatial accessibility were presented by AveragePop (Figure
6A) and more areas with over-estimated spatial accessibility found
by PoiPop (Figure 6C).

Figure 3. A-F) Spatial accessibility to primary health care at the residence level on Hainan Island, China. VillagePop shows the data as
point features on a grid system close to 3×3 km (the total area of Hainan Island (33,900 km2) divided by the number of villages there
(n=3414). The others are presented as raster.
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test, the weighted accessibility of various population distribution
measures at the township level were converted to the loge scales to
satisfy the normality:
AtWlog = loge (AtW +1)

(6)

where AtWlog is the loge scale and AtW is calculated by Eqs. 1 and 3.

Quantification of the differences

RMSE and the MAE were calculated to quantify the various
values of the spatial accessibility given by the population distribution measures. As can be seen in Table 7, the PoiPop showed the
largest difference (166.23 and 12.27, respectively) followed by
AveragePop (2.17 and 1.46, respectively), which corroborates the
results in Figure 6.
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Tables 5 and 6 report the results of the two-way ANOVA and
the Dunnett test at the loge scale with the traditional a=0.05 significance level. The results of the two-way ANOVA (P<0.001) test
revealed that the spatial accessibilities given by the six population
distribution measures were not all the same. Further pair-wise
comparisons by the Dunnett test (using VillagePop as the control)

demonstrated that the mean values were significantly different for
AveragePop (P<0.01) and PoiPop (P<0.001), while they were not
for the other measures suggesting that the spatial accessibility values revealed by AveragePop and PoiPop were considerably higher
than that of VillagePop.

Figure 4. A-F) Weighted spatial accessibility to primary health care at the township level on Hainan Island, China. VillagePop shows
the data as point features on a grid system close to 3×3 km (the total area of Hainan Island (33,900 km2) divided by the number of villages there (n=3414). The others are presented as raster.
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Table 5. Spatial accessibility of population distribution measures: differences according to the two-way ANOVA test.

Population distribution
Town

df

Mean square

F

P-value

5.000
221.000

0.563
0.454

4.844
3.908

<0.001
<0.001

df, degree of freedom; F, test statistic.

Table 6. Spatial accessibility of population distribution measures: differences according to the Dunnett test.

VillagePop*
AveragePop
NighttimelightPop
LandScan
WorldPop
PoiPop

Mean difference

Standard error

P-value

0.1010
0.0719
0.0729
0.0281
0.1411

0.3235
0.3235
0.3235
0.3235
0.3235

0.008
0.104
0.096
0.855
<0.001

0.0197
–0.0095
–0.0085
–0.0533
0.0597

0.1824
0.1532
0.1543
0.1095
0.2224
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*Set as control when running the operation.

95% confidence interval
Lower bound
Upper bound

ly

Population distribution
data project

Figure 5. A-F) Scatterplots of the spatial accessibility to primary health care based on the six population distribution measures at the
township level. Each data point corresponds to a township with the spatial accessibility of VillagePop (the horizontal axis) compared
to the six population distribution measures (the vertical axis). For each type of population distribution measure, the situation of points
below the dashed line indicates a lower spatial accessibility compared to VillagePop, while situations above the line means the opposite,
i.e. a higher spatial accessibility compared to VillagePop.

[page 40]

[Geospatial Health 2021; 16:936]

Article

Table 7. Comparison and quantification of errors related to differences in the spatial accessibility results at the township level.
Population distribution
data project

RMSE

MAE

VillagePop*
AveragePop
NighttimelightPop
LandScan
WorldPop
PoiPop

2.17
1.13
2.12
0.75
166.53

1.46
0.74
0.92
0.50
12.27

*Set as control when running the operation. RMSE, root mean square error; MAE, mean absolute error.
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With reference to the outline of the Chinese National Health
Service System Plan 2015-2020 (General Office of the State
Council, PRC, 2015), areas where the spatial accessibility to primary health-care is less than 3.5 health staff per 1000 people
should be considered under-served (UAs). The UAs at the township level are shown in Figure 4 and Table 8. In Figure 4, the red,
orange and yellow polygons indicate the towns where the weighted
spatial accessibility was lower than 3.5 health staff per 1000 people, while the light green and dark green polygons show those
where it was higher. It can be seen that the spatial accessibility of
most areas of Hainan Island is lower than 3.5 health staff per 1000
people.
Table 8 expresses the differences in the identification of the
UAs of the various population distribution measures. Likewise,
most areas were identified as UAs in each population distribution
measure, especially in VillagePop and WorldPop, where up to 93%
of the towns were identified as UAs. The population of identified
UAs based on the six population distribution measures were all

more than 90% of the total population and the highest was 98% of
the values given by WorldPop. Taking VillagePop as the reference,
the unrecognized UAs (unUAs) were defined as areas accounted as
UAs in the reference but not recognized as such in relation to the
other five population distribution measures. Likewise, misidenti-

ly

Identification of underserved areas

Figure 6. A-E) Variations in spatial accessibility to primary healthcare data produced by five population distribution measures compared
with that produced by VillagePop. The figure presents the variation of spatial accessibility data compared with VillagePop, with the
data from this measure subtracted to show the difference. The light blue and dark blue denote areas where the number of health staff
accessible per 1000 people is at least 0.5 higher than that of VillagePop; the orange and red denote areas where the number of health
staff accessible per 1000 people is at least 0.5 lower than that of VillagePop; while green denote areas where the variation of accessibility
to health staff per 1000 people compared with VillagePop is within plus or minus 0.5.
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Although the spatial accessibility based on the six population
distribution measures varied widely, the overall trend was consistent. In agreement with a previous study which employed an optimized 2SCFA for measuring spatial accessibility of medical clinics
in Montreal Island, Canada, which found medical clinics to be
clustered in the central part of the island, where most people also
live (Ngui and Apparicio, 2011), we also found an imbalanced distribution of health care facilities. The distribution of health-care
institutions in Hainan Island was found to be highly uneven with
higher spatial accessibility scores along the coast and road networks, which is consistent with the trend of population distribution. Indeed, the overall spatial accessibility in most areas of
Hainan Island is lower than 3.5 health staff per 1000 people, which
does not yet meet the national planning requirements. Thus, the
vast majority of people there lack sufficient accessibility of primary health-care resources.
The medians of spatial accessibility of primary health staff per
1000 people based on VillagePop was found to be 1.73 at the residence location level and 1.88 at the township level, which meant
that the spatial accessibility of half areas were less than 1.73 at the
residence location level or 1.88 at the township level. Furthermore,
93% of the townships were UAs, together covering up to 95% of
the total population. A sampling investigation about the economic
burden of diabetes mellitus in Hainan reported that the economic
burden posed by medical costs required for the treatment of diabetes in Hainan is massive, with the total medical expenses for this
treatment in 2016 amounting to 242.17 billion CNY (about 36.8
billion USD). Only 14.7% was spent in primary health-care insti-

The previously stated results validate that the estimates of spatial accessibility varied with different population distribution measures, among which those of AveragePop and PoiPop were statistically significant (P<0.01 and P<0.001, respectively. In the quantitative comparison of differences between VillagePop and the
other five population distribution measures and were distinct.
However, among these, AveragePop and PoiPop displayed larger
errors. In addition, there were also disparities in the identification
of UAs. Similarly, the error rates of AveragePop and PoiPop were
higher and identified more unrecognized UAs. Indeed, the correct
identification of UAs is the fundamental purpose of spatial accessibility research (Nakamura et al., 2017), which means that
AveragePop and PoiPop would be inappropriate for spatial accessibility research. Comparatively, NighttimelightPop, LandScan
and WorldPop, each of which were shown to have lower error
rates, were more suitable.
The reasons for the differences between AveragePop and
PoiPop are based on the assumptions made about the population
distributions. If the population of a county were evenly distributed
within the county (as assumed by AveragePop), the population of
the sparsely populated area there would be overestimated and
those of the densely populated area underestimated, thus showing
the inaccurate assessment of spatial accessibility. In PoiPop, there
were two townships with abnormal population estimates, one with
0 and one with 4.88, which led to two outliers of spatial accessibility, one with an abnormally low value (0) and one with an abnormally high value (2483.78). These results could be due to the typically low accuracy at small scales of open databases, and they
contributed negatively to the difference outcomes of the test as
well as to the difference comparison. NighttimelightPop,
LandScan and WorldPop combined a variety of remotely sensed

on

Overall trends

Results diversity

e

In this study, the spatial accessibility to health care has been
evaluated based on different population distribution measures.
Compared with VillagePop, the difference and the error rates for
identification of UAs of AveragePop and PoiPop were larger, while
those of NighttimelightPop, LandScan and WorldPop were smaller.

us

Discussion

tutions indicating that primary health-care institutions failed to
fully achieve their role as gatekeepers (Dong et al., 2019). This
might have been induced by the lack of adequate primary healthcare resources in most areas of Hainan. In other areas of China,
such as Donghai County in Jiangsu Province, most villages were
also situated in UAs (Hu et al., 2013). However, in Shenzhen, one
of the fastest growing cities in China, 99.9% of the residents are
able to access the nearest general hospital within 30 minutes (Zhu
et al., 2019) and in Sichuan, the 5th largest province with a middle
level of economic development, 92.3% of the population are able
to access the closest township or community health centres (Wang
et al., 2018).

al

fied UAs (misUAs) were areas not accounted as UAs in the reference but identified as such in relation to the other five population
distribution measures. The findings indicate that AveragePop and
PoiPop produced more unUAs (up to 20% and 12% of towns,
respectively), while AveragePop produced more misUAs, up to 6%
of the towns.

Table 8. Comparison of underserved areas at the township level.
Population distribution UA
data project
(no.)
VillagePop*
AveragePop
NighttimelightPop
LandScan
WorldPop
PoiPop

206
175
194
194
206
185

Proportion
of all towns
(%)

Population
of all UAs
(no.)

Proportion of
all population
(%)

UnUA

MisUA

(no.)

Proportion
of all towns
(%)

(no.)

Proportion of
all towns
(%)

93
79
87
87
93
83

7949067
7587296
7935946
7983316
8271502
7974659

95
90
94
95
98
95

45
21
22
9
27

20
9
10
4
12

14
9
10
9
6

6
4
5
4
3

*Set as control when running the operation. UA, underserved areas; UnUA, unrecognized UA; MisUA, misidentified UA. The total number of towns was 222; and the total population was 8,409,084.
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Conclusions

Considering the unreliability and limits of available public
population databases and the availability and real-time night-time
light data, it is recommended to use the weighted average population distribution with night-time light intensity in the future. As the
spatial accessibility of primary health-care institutions in Hainan
Island was measured, the results of this study could provide useful
guidance for policy making in Hainan leading to optimization of
the allocation of primary health-care resources.

N

on

-c

om

m
er

ci

al

High-precision population data for all types of spatial accessibility are mostly not available (Mao and Nekorchuk, 2013), so
researchers must often estimate such data by simulations based on
public population databases. NighttimelightPop is clearly better
than AveragePop, both theoretically and statistically, as echoed by
many researches (Huang et al., 2016; Gao et al., 2019; Kong et al.,
2019). Additionally, night-time light data are real-time and relatively easy to obtain. This means that in the absence of real highresolution population distribution data, the weighted average based
on night-time light intensity is more appropriate than simply averaging. However, the accuracy of the data available vary greatly as
they generate diverse accuracy levels of spatial accessibility in different regions. In this study, LandScan and WorldPop were more
precise than PoiPop on Hainan Island, while in the study by Ye et
al. (2019), PoiPop showed higher accuracy than WorldPop in
Beijing, Shanghai, Guangzhou and Chongqing. LandScan tends to
underestimate people counts in Poland (Calka and Bielecka, 2019),
which suggests that open data may not be reliable, even in the
developed world, except within specific areas. Additionally, public
population databases such as LandScan and WorldPop have been
available for many years and have usually become outdated and do
not therefore always be suitable for the studies using them.
Consequently, these databases may not be appropriate for specific
spatial accessibility studies, while weighted average population
distribution with night-time light intensity as the weight value
would be the most appropriate though studies may be limited to
specific years and regions.

e

Recommendation of population distribution measures

sity of spatial accessibility and more precise population distribution measures were not included. Secondly, for the calculation of
spatial accessibility, only one common measure and the Service
Area function of Network Analyst in ArcGIS were used to make a
preliminary exploration. Optimized measures and computation
approaches might be adopted in future studies in order to enhance
the accuracy of the findings. In addition, since the resolution of
various population distribution measures were different (done to
facilitate the statistical comparison), the spatial accessibility based
on different population distribution measures was aggregated to
the township level with lower resolutions, which induced loss of
data information. Thirdly, the particular location of the study area
may need further consideration for the extrapolation of data.
Exploration of the effects of population distribution in other
regions or more simple and effective population distribution measures is warranted in future research. More measures and operationalization of spatial accessibility should be considered and simulated data could be used to assess which population distribution
measures would be appropriate for specific types of areas.

us

geospatial data showing relatively small differences and they were
ultimately closer to the real situation.
The population distribution measures are important factors for
assessing spatial accessibility, but they generate differences in spatial accessibility since they are generated by different models based
on various data sources. As can be seen from the tests results of
this study, these differences were all statistically significant
(P<0.001 in two-way ANOVA, while they only reached P<0.01 for
AveragePop and P<0.001 for PoiPop in the Dunnett test) and also
were different with respect to RMSE, which varied from 0.75 to
166.53, and MAE, which varied from 0.50 to 12.27. The spatialization of the permanent resident population based on the township
population data and night-time light images showed the distribution and aggregation of the population within administrative areas,
while the population density distribution based on the census
statistics could only show the population distribution among the
administrative areas (Zhang et al., 2019b). Due to the heterogeneity of the population distribution and various dynamic spatial
behavioural patterns among the residents, errors for the estimation
of spatial accessibility would inevitably appear (Mao and
Nekorchuk, 2013).

Limitations and prospects

There are several limitations of this study which are expected
to be addressed in future work. Firstly, for population distribution
measures, only community/village population data were taken as
the referenced population distribution. Due to the absence of data
from the administrative boundary of the community/village, the
measure could only assume the administrative centre of the community/village as the residence location. This could be resolved
with availability of higher resolution data. Besides, only five population distribution measures were considered to reflect the diver-
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