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A B S T R A C T   

Introduction: The existing healthcare-services-related literature tends to examine accessibility 
under a single travel mode, and measurement approaches are remaining limited for several 
inherent deficiency. This paper proposed a methodological enhancement of the three-step floating 
catchment area approach. 
Methods: First, we incorporates real-time travel time and trip distance of private car and public 
transport obtained from open-source route planning API into model, which aims to differentiate 
the impact of multiple travel costs on spatial accessibility outcomes; next, an arithmetic mean- 
based Gaussian weight algorithm was introduced for achieve stable accessibility index; then, 
exploratory factor analysis was further employed to evaluate healthcare capacity, with the total 
score as the healthcare supply indicator to calculate the provider-to-population ratios; finally, an 
empirical study was conducted to verify the model’s advantages. We investigate accessibility to 
three tiers of healthcare facilities (including 22 tertiary hospitals, 88 secondary hospitals, and 55 
community healthcare centres), and reveal disparities between supply and demand, via conjoint 
analysis of the accessibility of facilities and the population density under four associate patterns 
in the district of Wuhan at community scale (total 830 communities). Results: The results suggest 
that in terms of travel modes, the travel time and trip distance under the private car mode are 
shorter than these calculated under the public transport mode. Highly accessible communities are 
more concentrated in the central urban areas and distributed near a healthcare service centre, and 
community healthcare center have the greatest accessibility among the three tiers of healthcare. 
Moreover, statistical analysis highlights that distinct polarized differentiation appears in the 
number of communities with low and high accessibility, and more than half of the communities 
have accessibility levels that are inappropriate for their population size. 
Conclusions: These findings may have important policy implications for health planners and 
decision-makers who must reasonably allocate public health resources.  
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1. Introduction 

Public healthcare facilities, as the main body of medical systems, play a vital role in health security for city dwellers and have been a 
primary focus of policy planning, service provision, and health research for over forty years. In China, the acceleration of urbanization 
and the excessive centring of the population in urban areas have placed enormous pressure on the provision of medical resources and 
the functioning of the healthcare system (Dong and Phillips, 2010). Hence, since 2009 and the new medical reform, the Ministry of 
Health has actively explored feasible policies; in particular, establishing a hierarchical diagnosis mechanism and improving the 
treatment of referral systems are viable solutions to these issues with healthcare provision (Xu et al., 2016; Yang et al., 2018). Spe
cifically, to meet different patients’ demand for treatment, various tiers of healthcare facilities undertake corresponding diagnosis or 
treatment tasks based on their specialized function and service capabilities. For instance, for prevalent or common illnesses, patients 
are encouraged first to go to a primary hospital for treatment, while those with chronic diseases or who are convalescing receive a dual 
referral after diagnosis from a tertiary hospital to a secondary hospital; this process alleviates the predicament in which the different 
reasons for hospitalization overly concentrate patients in tertiary hospitals, optimizing the allocation of medical resources and real
izing the orderly flow of patient groups across all levels of healthcare facilities (Chen et al., 2013). 

In Wuhan, as the most important metropolis in Central China, health authorities have carried out a battery of measures to practice 
these policies. In Wuhan, 52% of outpatient and emergency treatment tasks were undertaken by primary hospitals, and 57% of 
inpatient services were supplied by tertiary hospitals. In contrast, only 9% of outpatients and emergency patients and 14% of inpatients 
opted for secondary hospitals. This means that Wuhan is still far from establishing a rational hierarchical diagnosis and dual referral 
treatment scheme. It is necessary to clarify the mechanisms behind this imbalance in hospitalization behaviour at the population group 
level from the perspective of geographical spatial analysis(Jia et al., 2019a). Indeed, numerous specific factors may influence the 
patients’ choice of hospital: the provision of healthcare services (e.g., location, healthcare number, facility size, service capacity), the 
distribution of the demand population (e.g., population scale and composition, attractiveness of alternative facilities), and the travel 
cost (time or distance, geographic impedance) between such pairs are the most pivotal factors(Jia and Xierali, 2015). These factors can 
be discussed together by integrating them into an analytical framework for measuring spatial accessibility. 

In a more general sense, the spatial accessibility of healthcare facilities, as an important potential driver of health equality, is at the 
heart of public health policy and is internationally recognized as a primary target for meeting the essential health demands of in
dividuals (Barbara et al., 2010). Hence, reducing the barriers to access to healthcare facilities and revealing distribution disparities are 
becoming a greater priority for planners, especially among developing countries with increasing populations (Chan, 2013; Xi et al., 
2014). Moreover, measuring the spatial accessibility of healthcare facilities in residential areas at a fine scale (e.g., neighbourhood and 
community scales) helps to provide a better understanding of the linkage between the distribution patterns of healthcare facilities 
(supply side) and the characteristics of health needs (demand side) and provides crucial knowledge to inform health policy in terms of 
planning service provision (Jia et al., 2017a, b; Jiang et al., 2017; Johan et al., 2015). 

Thus, in response to the above-mentioned challenges, we attempt to hierarchically measure the spatial patterns of accessibility to 
different tiers of healthcare facilities for help better implement the hierarchical diagnosis and dual referral treatment policy in Wuhan. 
This work was built upon previous efforts to further this field, and our study aims are three-fold:  

(1) We apply a floating catchment area framework algorithm, which uses the three-step floating catchment area (3SFCA) approach, 
to investigate the hierarchical accessibility patterns of three tiers of healthcare facilities and analyse the spatial disparities 
between supply and demand under the private car travel mode (PCTM) and public transport travel mode (PTTM) at a com
munity scale in the urban districts of Wuhan, China.  

(2) We propose an arithmetic mean-based Gaussian weight instead of the previously used changing geographic impedance-based 
Gaussian weight to address the native deficiency of the 3SFCA approach, in which the accessibility values exhibit unstable 
variations with changes of the geographic impedance coefficient and obtain stable accessibility values.  

(3) We employ exploratory factor analysis (EFA) to calculate the service capacity score of healthcare facilities, and the generated 
comprehensive indicator was added into the 3SFCA models to calculate provider-to-population ratios (PPRs), which may be 
more persuasive than a one-sided indicator, such as the number of physicians or hospital beds. 

The remainder of this paper is organized as follows: Section 2 reviews the main approaches of previous studies and illustrates the 
novelty of our work. Section 3 introduces the study area and data preparation and provides the details of the methodology used in this 
paper. Section 4 describes the research results in detail. Finally, the advantages of the modified methods, limitations, and future work 
are discussed in section 5. 

2. Literature review 

2.1. Potential spatial accessibility of healthcare facilities: previous approaches 

The potential accessibility of healthcare services refers to the possibility or opportunity for an individual to easily utilize facilities 
based on existing transportation conditions. Scholars have proposed many approaches to spatial accessibility metrics in the early 
literature, which broadly fall into two categories: ‘container-based’ and ‘travel-cost-based’ approaches (Lin et al., 2018; Souliotis et al., 
2016; Wang and Onega, 2015). The former metric comprises counting the number of healthcare facilities within the census unit, 
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calculating the number of consumers within a given cost to travel to the demand site, and then calculating the PPR within the 
boundaries of a fixed administrative region. However, the fundamental weaknesses of this ratio are well recognized: the inability to 
reveal spatial details inside the census unit, such as potential cross-border hospitalization behaviours, and an innate assumption that 
no interaction effects occur within administrative boundaries (Albert and Butar, 2005; Mcgrail and Humphreys, 2009). Furthermore, 
container-based approaches are vulnerable to the effects of the modifiable areal unit problem, whereby the results may be influenced 
by scale effects (e.g., the sizes of the spatial unit and the container object) and zone effects (e.g., the aggregation of attribute data from 
small spatial units results in uncertain variation in the areas and boundaries of the merged spatial units)(Delamater, 2013). 

2.2. Gravity model-derived floating catchment area approaches 

To address these inherent limitations of the container-based approach, some elaborate analysis approaches have been proposed, 
such as the gravity model and the floating catchment area framework (Schuurman et al., 2010; Wang and Luo, 2005). The gravity 
model, as a typical travel-cost-based approach, has been broadly used to measure spatial accessibility since the 1980s, and it assumes 
that the attractiveness of a service facility diminishes with the increase in travel cost and the associated increasing traffic impedance. 
Likewise, the spatial accessibility of nearby healthcare facilities decreases with increasing travel time or trip distance in a gravitational 
manner. However, similar to the PPR approach, only pre-defined administrative boundaries or census units are used as the container 
objects (Fransen et al., 2015; Wang, 2012). 

To solve this defect, the two-step floating catchment area (2SFCA) approach was proposed by Wang and Luo (2005), which builds 
upon the PPR framework and represents a specialized variant of the gravity model. In the first step, a trip distance or travel time 
catchment is set around each healthcare facility as a maximum travel threshold, and a PPR is computed within the threshold. In the 
second step, a similar floating catchment is defined around each population site (e.g., the population-weighted centroid of census 
units), and the spatial accessibility values are calculated by summing all PPRs within the zone (JohnRadke, 2000; Wang and Luo, 
2005). In contrast to a gravity model, the catchment size was based on fixed administrative units but could be adjusted for the service 
capacities of the facilities and the travel or access abilities of the residents. The greatest improvement of the 2SFCA approach is 
overcoming the restriction of using only pre-defined boundaries and providing a metric that is more refined to interpret the potential to 
seek healthcare across boundaries (Langford et al., 2012). However, the original 2SFCA approach has drawn some criticism because of 
its dichotomous approach. In brief, this approach retained the fallacious assumption that all residents have identical accessibility 
within the same catchment and that the distance decay effect is roughly disposed of as 0 (within catchment) and 1 (outside catchment). 

To address this concern, Luo and Qi (2009) worked on the limitations of the 2SFCA approach and proposed an enhanced two-step 
floating catchment area (E2SFCA) approach by embedding a distance decay function into the floating catchment of both steps (Luo and 
Qi, 2009). This extension approach segments the catchment area into several continuous travel time sub-zones (zones 1–3 at time 
intervals of 10, 20 and 30 min, respectively) and weighs the distance decay in each sub-zone via a mathematical function, with the 
decay curve presenting a discrete stepped model (Jing et al., 2018). The advantage of the E2SFCA approach is that the accessibility 
values within the catchment area are differentiated via multiple distance decay weights instead of the dichotomous 0 and 1 used in the 
2SFCA approach. 

There are several deficiencies in the E2SFCA approach that have emerged: (1) it assumes people access facilities via a single travel 
mode, (2) it does not incorporate competition between neighbourhood facilities, and (3) it fails to quantitatively capture the impacts of 
facility scale and the ability of different population groups to use the facility based on the availability of facility resources. Thus, this 
analytical approach provides a one-dimensional view of spatial accessibility (Delamater, 2013). At present, a great deal of research is 
being conducted to address both concerns. 

2.3. Floating catchment area-based multiple travel mode approaches 

A growing body of literature focuses on incorporating multiple travel modes into the FCA framework and aims to reveal the dif
ferences in accessibility patterns at various scales of spatial units (Chao et al., 2017; Pan et al., 2018). Following the 2SFCA analysis 
framework, Mao and Nekorchuk (2013) proposed a multi-mode 2SFCA approach that was the first to incorporate multiple travel 
modes for measuring the accessibility of healthcare in Florida, USA. The population of each demand site was divided into several 
subpopulations according to the car and bus travel modes at the block level of the census tracts, and multiple catchments were 
generated at each facility location using one per transport mode. The weights were determined according to the sizes of the sub
populations within each service area. Both car and bus travel modes were assigned different travel speeds in one network dataset in the 
model. The results suggest that multiple travel modes resulted in low mean accessibility but high variability, and a smaller 
under-served area and population were identified when multiple travel modes were considered than when single travel modes were 
evaluated (Jia et al., 2019b; Mao and Nekorchuk, 2013). 

Langford et al. (2016) enhanced the sophistication of the 2SFCA approach by integrating multiple travel modes, private cars and 
public transport using a dedicated network dataset, which is a multi-modal 2SFCA approach, and conducted an empirical study to 
examine the accessibility of primary healthcare facilities in South Wales, UK. The accessibility score for each travel mode was sepa
rately generated at each demand and supply location based on the combined population using the modelled travel modes. The results 
suggest that each census tract has much lower accessibility scores than identified under a single travel mode (car only) and that 
accessibility via the car travel mode may also be miscalculated in an undifferentiated model because they may potentially benefit from 
low demand for service points from bus passengers (Langford et al., 2016). 

In another case, Higgs et al. (2017) examined the impact of different travel modes on the association between different measures of 
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general practitioner supply and shortage at the area level in South Wales, UK. The accessibility score was separately calculated for the 
car and bus travel modes based on the E2SFCA method, and these scores were input into a multivariate regression model to illustrate 
the relationship between service needs and the potential accessibility of general practitioners under different travel modes. The results 
indicated that the strength of the association between health deprivation and accessibility varies under different travel modes (Higgs 
et al., 2017). 

However, the calculation of the travel times via car and public transport in these studies relied on a geographic information system 
(GIS)-based weighted road network. The essential component of the weighted road network was the average speed of different road 
grades (generally four grades: expressway, arterial road, secondary trunk road and branch way), which were assigned to the road 
network as a weight to calculate the shortest travel path (Hu et al., 2018). In reality, as traffic situations will obviously differ across 
different areas (e.g., generally urban centre areas are more congested than outskirt areas with low population densities) and some road 
conditions (e.g., traffic congestion and traffic control), some biases in computed travel time would occur if these influential coefficients 
were not added to the simulation of real traffic situations (Langford et al., 2012). 

Later, open datasets such as general transit feed specifications and volunteered geographic information initiatives such as Open 
Street Map enabled the use of advanced shortest travel path modelling (Rehrl et al., 2013; S. et al., 2017). In China, Baidu Map and 
Auto Navi Map are prevalent online mapping service providers that are already sharing open and easy-to-use live data on route 
planning by calling API services and supporting the computation of travel time and trip distance considering multiple travel modes, 
and compared with OD data, these shortest travel time and distance data have been acknowledged as high-precision travel data. These 
services facilitate a more elaborate measurement of accessibility under multiple travel modes. 

In their latest study, Gang et al. (2016) considered travel time to hospitals to be the main factor restricting individuals’ access to 
healthcare and derived travel time data by calling the API services of Baidu using a distance-weighted road network based on vector 
maps. The travel times for both car and public transport were calculated between sub-districts and high-level hospitals, and the kernel 
density-2SFCA method was applied to analyse the spatial accessibility of high-level hospitals in Shenzhen, China under different travel 
modes and based on multiple time thresholds (Gang et al., 2016). Later, in another study, Tao et al. further modified the multi-modal 
2SFCA method and utilized the API of Baidu Maps to calculate travel time and trip distance to model accessibility of healthcare via 
multiple travel modes in Shenzhen (Tao et al., 2018). 

2.4. Metrics of multiple travel mode 

As stated above, multiple travel modes have been widely introduced into the floating catchment area family of approaches and 
applied to more accurately measure health-related accessibility, especially in the field of healthcare facilities services. It is also useful 
to reveal the differences in outcomes under different travel modes in detail, as has been repeatedly verified by numerous scholars in 
China and other countries (Langford et al., 2016; Lin et al., 2018; Tenkanen et al., 2016). However, a number of aspects can be further 
improved. 

Travel cost plays an important role in terms of the impact of transport conditions on accessibility outcomes and especially affects 
health at the individual level as well as opportunities to access healthcare facilities (Dony et al., 2015; Neutens, 2015). Specifically, in 
hospitalization behaviours, travel cost has a significant effect on delivery efficiency, and population groups must overcome the 
constraints of geographic barriers to enter the healthcare system (Widener et al., 2015). Generally, travel time and trip distance are 
used as proxies for the travel cost between the origin point and the destination point. However, almost all scholars in previous studies 
adopt only one of these proxies as the travel cost to depict the distance decay effect and capture the potential for competition between 
facilities. In fact, both proxies have different connotations and features for representing the travel cost of hospitalization behaviour and 
may result in a variety of accessibility outcomes. 

The factors in common between travel time and trip distance are both relevant to the plan and the choice of the shortest travel path. 
In short, these two proxies under the optimal travel path are the ‘shortest outcomes’ among all journey schemes. Even so, travel time 
comprises the start time from the origin point and the duration of the journey and changes at any time in a real traffic scenario, it is the 
critical factor that influences an individual’s choice of whether and when to go to healthcare facilities for treatment. Also, which is 
closely related to traffic impedance.(Fang et al., 2014; Farber et al., 2014). For instance, sufficient capacity of the transportation 
system, effective traffic control, sparse pedestrian flow, no congestion and other factors lead to short travel times. Additionally, the 
travel time depends on the travel mode (e.g., vehicle) that people choose, and in line with lived experience, it is common sense that cars 
take less time than buses and other transit vehicles. Distinct from this, trip distance reflects the physical length of the route between the 
origin and destination points, which depends on the trip objective and association with the location and attraction of facilities (Salonen 
and Toivonen, 2013). Taking the trip distance to hospitals as an example, the size of the healthcare facility, the treatment level of the 
specialists, the number of general practitioners and the hospital bed capacity are potential factors that will all influence a person’s 
decision-making around, where and whether to seek healthcare within the tolerance threshold range. The considerations of these 
factors will be mapped via the trip distance. 

Thus, in our study, we adopt a so-called ‘multiple-type travel cost’ that consists of both travel time and trip distance, which were 
derived from the shortest travel path under the PCTM and PTTM via the API services of the Baidu Map developer platform. 
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3. Methods 

3.1. Study area 

Wuhan is the capital of Hubei Province and is located in Central China (113�410E to 115�050E and 29�580N to 31�220 N). The 
world’s third-longest river, the Yangtze River, and its largest branch, the Hanshui River, flow across the centre of the city. Wuhan 
currently contains a total of 13 districts, including seven central urban districts and six suburban districts; the latter have a total area of 
8596 km2, while the central urban area is 863 km2. Wuhan is the most populous city in Central China, with a population of 10.66 
million, and its central urban districts contained approximately 56% of the total population in 2015. In this study, the central urban 
districts of Wuhan (Appendix Fig. 1), which include 830 communities, are selected as the basic statistical units. 

Wuhan has comparatively a more than sufficient number of medical resources than the national level. By the end of 2015, there 
were a total of 5341 health-related institutions, 80,726 hospital beds and 94,653 medical professionals in Wuhan, with an average of 
7.6 hospital beds, 8.9 medical workers and 3.1 practising doctors per thousand people. However, Wuhan has also faced some persistent 
problems; for example, for the people per thousand beds, some districts have more than 15, while others have fewer than 3. Per capita 
medical resources also vary greatly across different regions. In addition, high-quality medical resources are mainly concentrated 
within the second ring road, and the new urban area is relatively weak in these. Thus, local governments have been concentrating not 
only on socio-economic growth but also on investing in health benefits and have proposed policies to promote basic public health 
services equalization. 

3.2. Data preparation 

3.2.1. Population data 
In Wuhan, the urban administrative region is hierarchically organized into four different levels: the community, subdistrict, zone, 

and city levels. The community level is directly under the subdistrict level as the lowest-level basic census unit. The population data for 
the 830 communities were obtained from the household registration of the public security departments in 2015, and it is used as an 
indicator to represent healthcare demand in the following calculation of accessibility. 

3.2.2. Healthcare facility data 
Healthcare facilities in China are mainly organized into three tiers: primary hospitals, secondary hospitals and tertiary hospitals. 

The attribute information of the original variable data of different healthcare facilities was collected from the registration catalogue of 
the hospital information statistics service system provided by the Health and Family Planning Commission of Hubei Province in 2015 
(Appendix Table 1).All the healthcare facilities analysed in the study are public medical institutions; therefore, the basic indices, such 
as hospital scale, medical workers, technical force, medical devices, and clinical and paramedical departments, of the 22 tertiary 
hospitals and 55 secondary hospitals that we selected meet the corresponding qualification assessment standards and hold nameplates 
issued by the Ministry of Health and provincial health departments (Appendix Fig. 2). Furthermore, more than half of outpatient and 
emergency treatment tasks were undertaken and a vast majority of inpatient services were supplied by these healthcare facilities; these 
hospitals are well known at the provincial and even the national levels. The private hospitals and specialized hospitals in the central 
urban area, and few hospitals for which some attribute information was missing were excluded from this study list. Moreover, due to 
the limitation of the datasets, there are only 88 CHCs with complete attribute records; in fact, as the primary nursing facilities in 
communities and neighbourhoods, the number of CHCs in the urban centre is greater. In future work, we will proceed to supplement 
this dataset. In the following calculation of accessibility, we use 16 variables based on the EFA approach to synthesize a comprehensive 
evaluation score for these healthcare facilities as an indicator of their service capability. 

3.2.3. Travel path data 
Baidu Maps is a professional location-based service provider in China that primarily functions to provide navigation, real-time and 

dynamic route planning services for the public’s daily travel. The opened public version of Baidu Maps offered three route planning 
schemes for users’ daily travel, namely, recommended routes, shorter time routes, and least transfer routes. The travel path data are 
open-source floating car data that utilize probe cars consisting of taxis, buses and volunteers’ private cars as the transmission media to 
gather real-time traffic information. The collection of real-time traffic information considers the traffic impedance of roads, such as the 
property and quality of a road, the traffic load, time required to swerve, congestion during rush hour, traffic lights, and traffic control. 
The travel path data were derived from the URL (http://lbsyun.baidu.com/index.php?title¼uri) of the open platform via request to 
access the API, recursively read the geographic coordinates and feedback the resulting shortest path. The route planning program was 
iterated every 10 min and obtained a total of 136,950 attribute records consists of travel times and trip distances over a 24-h period. 
The corresponding shortest travel paths between the 830 communities and the 88 CHCs, 55 secondary hospitals and 22 tertiary 
hospitals comprised 73,040, 45,650 and 18,260 records, respectively. After processing this information, the corresponding travel time 
and trip distance data can be generated. 

3.3. Methodology 

The integrated methodological framework of this study is shown in Fig. 1. The computational process involves four major steps: (1) 
calculating the service capacity scores of the different healthcare facilities using the EFA approach; (2) calculating the geographic 
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impedance and corresponding Gaussian weight to capture the distance decay effect; (3) measuring the accessibility of healthcare 
facilities using the 3SFCA approach, and comparing the outcomes from travel time and trip distance under PCTM and PTTM visually 
and statistically; and (4) analysing the spatial disparity between facility supply and population demand considering the supply-to- 
demand match. 

3.3.1. Three-step floating catchment area approach 
Building on previous research, this work presents a 3SFCA approach that was first proposed by Wan et al. and uses the following 

three-step procedure to calculate the accessibility of healthcare facilities: 

Step 1: Determine the hospital catchment size and calculate the selection weight. 

In this study, the travel threshold is determined based on the results of the frequency count of travel time and trip distance, and the 
catchment area is defined as the ‘hospital catchment’ (Wan et al., 2012). It should be noted that in many previous studies, scholars 
segment the catchment area into several continuous travel time sub-zones and add the weigh coefficient into each sub-zone to 
represent the distance decay effect (Dony et al., 2015; Luo and Qi, 2009; Page et al., 2017; Wan et al., 2012; Wei and Whippo, 2012). 

We also set the maximum travel time to 45 min and trip distance to 60 km as the travel threshold in the PCTM; similarly, 120 min 
and 60 km are set as the travel threshold in the PTTM. As shown in the Appendix Table 2, the frequency count of the number of shortest 
paths under the PCTM indicated that significant portions of the shortest paths between communities to hospitals are concentrated 
within the range of 45 min, compared with the few paths outside this threshold range. A similar trend appears at approximately 
120 min in the PTTM (Appendix Table 3). Accordingly, we determined that the maximum travel time is approximately 45 min for 
private cars and 120 min for public transit, and the maximum travel distances are determined refer similar principles. Thus, we 
consider these thresholds to be appropriate because there are few paths outside this threshold range. 

Thus, we consider these thresholds to be appropriate because there are few paths outside this threshold range, and they can help 

Fig. 1. The integrated methodological framework.  
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make a well-founded assumption in our computational model that hospitalization behaviour will seldom occur beyond these travel 
thresholds. 

The formula used to express the hospital selection weight is defined as follows: 

Aij¼
Tij
P

j2fdij�dog

Tj
(1)  

where Aij is the selection weight between the population location i and facility site j, dij is the travel cost from i to j, and do is the travel 
threshold (dij � d0). Tij is the assigned weight of the Gaussian decay function for j, and Tj is the total sum weight of the Gaussian decay 
functions of all healthcare facility sites within the hospital catchment. 

Step 2: Search for all healthcare locations within the hospital catchment and calculate the PPR of facility site j. This formula is given 
as follows: 

Rj¼
Sj

P

r¼1;2;3;4

P

j2fDr ;dij�dog

AijPkWr
¼

X

j2fD1 ;dij�dog

AijPkW1þ
X

j2fD2 ;dij�dog

AijPkW2þ
X

j2fD3 ;dij�dog

AijPkW3 þ
X

j2fD4 ;dij�dog

AijPkW4 (2)  

where Sj is the healthcare service capacity of site j; Wr is the geographic impedance coefficient of the rth sub-zone Dr within the hospital 
catchment, which is expressed as a generalized function g(dij); and Pk is the population size of site k, which represents the population 
demand. 

Step 3: Calculate the accessibility of the population at location i using the following formula: 

Ai ¼
Sj

P

r¼1;2;3;4

P

i2fDr ;dij�dog

AijRjWr

¼
X

j2fD1 ;dij�dog

AijRjW1 þ
X

j2fD2 ;dij�dog

AijRjW2 þ
X

j2fD3 ;dij�dog

AijRjW3 þ
X

j2fD4 ;dij�dog

AijRjW4

(3)  

where Rj is the PPR of site j, and Wr is the sum of the geographic impedance coefficient β of the rth sub-zone Dr within the hospital 
catchment. Note that the complete calculation process can be realized by space modelling in the toolbox of ArcGIS 10.3. 

3.3.2. Spatial disparity in supply and demand 
In a community, the higher Ai is, the better the healthcare accessibility. If a community with a large population also has high 

accessibility, the potential utilization of healthcare facilities services is likely to be high. If residents in communities with low pop
ulation density are provided with high facility accessibility, there may be a surplus of healthcare facilities services. The accessibility 
values and population densities in communities are standardized as follows: 

ZAi ¼
Ai � A

σAi

(4)  

ZPopDi ¼
PopDi � PopD

σPopD
(5)  

where ZAi is the Z-score of Ai of community i; A denotes the ratio of the total service capacity scores (sum Sj) of healthcare facilities to 
the total population. PopDi is the population density of community i; ZPopDi is the Z-score of PopDi;PopD is the population density in the 
study area;σPopD is the standard deviation of the population density. By joining ZAi and ZPopDi, four association patterns were derived for 
comparing the spatial disparity of accessibility between facility supply and population demand from the perspective of the degree of 
supply and demand match in community i:  

(1) If ZAi > 0 and ZPopDi > 0, community i has high accessibility and high population density.  
(2) If ZAi > 0 and ZPopDi < 0, community i has high accessibility and low population density.  
(3) If ZAi < 0 and ZPopDi > 0, community i has low accessibility and high population density.  
(4) If ZAi < 0 and ZPopDi < 0, community i has low accessibility and low population density. 

3.3.3. Distance decay effects of hospitalization patterns 
The Gaussian function is introduced to account for the distance decay effect. The formula is defined as follows: 
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β ; dij � do

0; otherwise
(6) 

The generalized function g(dij) of geographic impedance and the corresponding Gaussian weight W of the segmented sub-zones 
within the hospital catchment are expressed as follows: 

g
�
dij
�
¼

8
<

:

W1; dij 2 D1
⋯;⋯
Wr; dij 2 Dr

(7)  

3.3.4. Service capacity scores of healthcare facilities 
EFA is a multivariate statistical approach designed to achieve dimension reduction and handle multicollinearity in raw data. In this 

study, we utilized EFA to change multiple variables into a few common factors (CFs) and then compute a score to represent healthcare 
service capacity. 

4. Results 

4.1. Travel time and trip distance 

The travel times and trip distances between the 830 communities to the 88 CHCs, 55 secondary hospitals and 22 tertiary hospitals 
were statistically classified, and the results are shown in Table 1. 

From a travel time perspective, these statistics suggest that in PCTM, the average travel time to CHCs, secondary hospitals and 
tertiary hospitals is approximately 8 min, with minimum values of 0.02, 0.03, and 0.03 min and maximum values of 61, 55, and 
49 min, respectively. In PCTM, the average travel time is greater than 60 min, and the minimum travel time is approximately 10 min. 
The difference in maximum travel time between PCTM and PTTM is significant, e.g., in PTTM, the maximum travel time is greater than 
260 min. Overall, it is obvious that PCTM results in a lower travel time than PTTM. Meanwhile, the statistics indicate that in both 
PCTM and PTTM, the average trip distances to the three tiers of healthcare facilities are both approximately 15 km, whereas the 
minimum is less than 1.5 km in PTTM, which may be consistent with the actual use of healthcare facilities. In addition, the lower the 
healthcare level is, the shorter the minimum travel times and trip distances are in both travel modes. 

Next, the travel time and trip distance in PCTM and PTTM are grouped statistically in intervals of 5 min and 10 km, respectively, 
and the resulting frequency count histograms and cumulative percentages are shown in Fig. 2. The results indicate that travel time is 
most commonly distributed in the range of 0 to 35 min (in PCTM) and 0 to 120 min (in PTTM), while the trip distances are mainly 
distributed from 0 to 40 km (in PCTM) and 0 to 50 km (in PTTM). 

4.2. Distance decay effects 

Utilizing formulas 6 and 8 and based on the value range of β in equations (9)–(20), the calculated relevant Gaussian weights W in 
different travel modes are listed in Table 2. For instance, when the minimum travel time dij is set as 1 min and the W value is set as 0.01, 
the obtained β value is 45. By continuously increasing the β value until it reaches 795, we can determine that the Gaussian weight W is 
0.9922. This value is the maximum weight of the Gaussian function, and the corresponding travel time is 61 min, which is also the 
maximum travel time between a population location and a CHC. The β value was set to 795 because at this point, the value of Gaussian 
weight W reached convergence, and the decaying trend of the curve is relatively flat at 0.9922. The remaining values of the geographic 
impedance coefficient β and relevant Gaussian weight W in different travel modes are calculated using this procedure, and the results 
are shown in Table 3. These constant values were then visualized as Gaussian decay curves, which are shown in Fig. 3. Compared to 
other forms of decay functions (inverse power, exponential and kernel density functions), the Gaussian curve presents a slow rate of 
declination, and its changes in distance decay match the normal distribution curve. 

In addition, it is obvious that at different travel threshold ranges, the extent of decay of the multiple Gaussian curve drawn from the 

Table 1 
The statistics of travel time and trip distance.  

Travel mode Healthcare Max Mean Min S.D. 

PCTM PTTM PCTM PTTM PCTM PTTM PCTM PTTM 

Travel time CHC 60.52 289.30 8.80 80.91 0.02 9.48 6.04 88.44 
Secondary hospital 54.88 272.78 8.31 68.00 0.02 10.35 4.70 26.32 
Tertiary hospital 49.25 262.07 7.79 64.54 0.03 11.68 4.67 25.7 

Trip distance CHC 86.86 98.516 14.07 17.31 0.01 1.27 9.63 13.02 
Secondary hospital 87.81 90.84 13.28 15.74 0.03 1.44 7.49 8.08 
Tertiary hospital 78.82 90.13 12.46 14.60 0.07 1.47 7.45 8.03 

Note that: CHC is the community healthcare centres; PCTM is the private car travel mode, and PTTM is the public transport travel mode. 
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non-convergence state is inconsistent. For instance, the PCTM-based decay curve is shown in Appendix Fig. 3(a1); at a travel time of 
10 min, the curve with the smallest β value becomes flat first, and as a result, the Gaussian weight W and decay effect reach zero within 
sub-zones 10 to 60. In contrast, after this point, the other curves (dotted line) continue to exhibit the decay effect. Thus, we applied Eq. 
(21) to calculate the mean W values of sub-zones D1 to D4 within the catchment area (Table 3); under different travel modes, the 
smooth full lines are the convergent Gaussian distance decay curves of the three tiers of healthcare facilities. The arithmetic mean- 
based Gaussian weight W is the optimal and the only decay weight, which addresses the problem in which the accessibility value 
variations follow applied multiple non-convergence Gaussian weights. 

4.3. Service capacity scores 

By summarizing the EFA results, the Kaiser-Meyer-Olkin value reached approximately 0.8, and Bartlett’s test was significant at the 
0.01 level. The correlation coefficient matrix clearly reveals that there is a strong correlation between most paired original variables 
(Appendix Fig. 4), which suggests that the 16 original variables were feasible when applied to the EFA. 

The initial eigenvalues of the first three CFs are >1, and the cumulative variance contribution rate of the first three factors explains 
82% of the total variance (Appendix Table 4). Thus, the first three factors are selected as the CFs for the subsequent analysis; these 
values are used as independent variables to calculate the scores of individual CFs using regression analysis. In addition, the variance 
contribution rates of CFs with common weights W (0.50, 0.23, 0.09) T are used to compute the total F score. Finally, the total F score 
was used as the parameter Sj in the 3SFCA formula to calculate the accessibility values. 

Fig. 2. The frequency count histograms and cumulative percentage of the travel times and trip distances.  
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4.4. Outcomes of healthcare accessibility 

4.4.1. Spatial accessibility patterns of the three tiers of healthcare facility 
The natural breaks method of ArcMap 10.3 was utilized to classify the accessibility values into seven properties, as shown in Fig. 4. 

This suggest that for all metrics used for travel costs, no apparent variations in spatial accessibility exist between the three tiers of 
healthcare facilities, and the communities with different levels of accessibility tend to exhibit staggered distribution. Meanwhile, joint 
analysis and a comparison of the distribution patterns of different tiers of healthcare facilities (Fig. 5) indicate that high values of 
accessibility are observed near healthcare service centres, and low values are observed at the periphery. Moreover, communities have 

Fig. 2. (continued). 

Table 2 
The critical β and relevant weights.  

Travel mode Healthcare Travel time (minutes) Trip distance (km) 

Max Min Max Min 

w β w β w β w β 

PCTM CHC 0.9922 795.34 0.01 45.34 0.9994 1638.11 0.01 38.11 
Secondary hospital 0.9905 653.89 0.01 3.89 0.9994 1674.45 0.01 74.45 
Tertiary hospital 0.9882 526.709 0.01 26.70 0.9993 1349.01 0.01 49.01 

PTTM CHC 0.9986 18174.03 0.01 174.03 0.9995 2107.50 0.01 7.50 
Secondary hospital 0.9985 16158.09 0.01 158.09 0.9994 1791.96 0.01 91.96 
Tertiary hospital 0.9983 14913.44 0.01 413.44 0.9994 1764.10 0.01 64.10 

Note that: CHC is the community healthcare centres; PCTM is the private car travel mode, and PTTM is the public transport travel mode. 
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relatively better access to CHCs and secondary hospitals than to tertiary hospitals. The closer a community is to being adjacent to 
downtown, the more obvious this trend is. The accessibility of tertiary hospitals is significantly higher in some communities of the 
Hongshan, Qiaokou and Wuchang districts than in other communities. In contrast, the communities that showed relatively low 
accessibility of tertiary hospitals are mainly scattered in the Hanyang, Jianghan and Qingshan districts. 

From the view of the extreme statistical values, both in PCTM and PTTM, the mean values for the accessibility of CHCs are largest 
from among the three tiers of healthcare facilities, which may demonstrate that CHC services are more accessible than tertiary and 
secondary hospitals and closely related to the dense distribution of CHCs near most communities in the city. In particular, the standard 
deviations of the accessibility of tertiary and secondary hospitals are greater than that of CHCs. In a statistical sense, most accessibility 
values for CHCs are significantly different from the mean value, and the degree of dispersion is obvious. In reality, this result suggests 

Table 3 
The statistic of average Gaussian weights.  

Travel time-based weights PCTM PTTM 

Sub-zone1 Sub-zone2 Sub-zone3 Sub-zone4 Sub-zone1 Sub-zone2 Sub-zone3 Sub-zone4 

�15 15–30 30–45 >45 �60 60–90 90–120 >120 

CHC 0.7483 0.2597 0.0540 0.0063 0.8140 0.4469 0.2656 0.0476 
Secondary hospital 0.7223 0.2005 0.0325 0.0040 0.7988 0.4146 0.2348 0.0424 
Tertiary hospital 0.7134 0.1806 0.0249 0.0024 0.7993 0.3995 0.2183 0.0382 

Trip distance-based weights PCTM PTTM 
Sub-zone1 Sub-zone2 Sub-zone3 Sub-zone4 Sub-zone1 Sub-zone2 Sub-zone3 Sub-zone4 
�15 15–45 45–60 >60 �15 15–45 45–60 >60 

CHC 0.8132 0.2695 0.0466 0.0080 0.8221 0.3267 0.0780 0.0129 
Secondary hospital 0.8277 0.2805 0.0500 0.0081 0.8322 0.2998 0.0586 0.0097 
Tertiary hospital 0.7940 0.2265 0.0290 0.0050 0.8220 0.2914 0.0558 0.0090 

Note that: CHC is the community healthcare centres; PCTM is the private car travel mode, and PTTM is the public transport travel mode. 

Fig. 3. The Gaussian decay curves of the three tiers of healthcare facilities.  
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Fig. 4. Health accessibility to healthcare facilities: CHCs (a1-4), secondary hospitals (b1-4), and tertiary hospitals (c1-4).  
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Fig. 4. (continued). 
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Fig. 5. Healthcare accessibility and its associations with population density: CHCs (a1-4), secondary hospitals (b1-4), and tertiary hospitals (c1-4).  
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Fig. 5. (continued). 
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that there is a significant polarized differentiation in the number of communities with low and high accessibility, which may further 
remind us that both potentially under-served and potentially over-supplied communities may exceed the average. In addition, except 
for the mean values, the maximum, minimum and standard deviation of accessibility in PCTM is smaller than those in PTTM. However, 
the comparison shows that there are no significant differences in these extreme values in the accessibility outcomes between travel 
time-based and travel distance-based metrics. 

4.4.2. Disparity analyses of access to healthcare facilities 
The ratios of the service capacity scores of healthcare facilities to the population at the three tiers of healthcare facilities are 0.4 for 

CHCs, 4 for secondary hospitals and 22 for tertiary hospitals. Meanwhile, the accessibility values are positively correlated with the 
service capacity scores of healthcare facilities and negatively correlated with the population size. 

The accessibility values of the three tiers of healthcare facilities were summed separately, and the total accessibility (Ai) was then 
standardized using formulas 5 and 6 to conduct a conjoint analysis with the standardized population density using formula 8 
(Appendix text 1). The associated spatial patterns between the total accessibility of facilities and the population density are shown in 
Fig. 5, combining the statistics for the number of communities and their population under four association patterns (Fig. 6). At first 
glance, various association patterns are interlaced and discretely distributed in the communities, but some communities with the same 
association patterns are centralized in local areas. In different travel modes, there is a slight difference in the four association patterns 
of communities that were based on travel time and travel distance among the three tiers of healthcare facilities; these indicate the 
following.  

(1) The high-high association pattern communities are both outnumbered in PCTM. This result suggests that healthcare facilities 
are less likely to be underutilized under PCTM than under PTTM, which may result from the well-developed public transit 
system helping shorten the travel cost (especially the travel time) of a city dweller engaging in hospitalization behaviour.  

(2) The high-low association pattern communities are fewest, with a variety of results, and the spatial distributions are limited 
under different travel modes across the three tiers of healthcare facilities, which are mostly concentrated in Hongshan and 
Wuchang districts in the south-eastern part of the city. Of particular note, in terms of CHC services, the communities with high- 
low association patterns under PTTM, which may be related to the intensive distribution of CHCs and the high coverage of 
public transit systems in urban areas.  

(3) Low-high association pattern communities are concentrated in the Qingshan, Hanyang, Qiaokou and Jiangan districts. 
Compared with other association patterns, the largest number of communities and populations have these patterns. In addition, 

Fig. 6. Summary of the associations between healthcare accessibility and population density.  
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for all travel cost metrics, the number of PTTM-based communities is less than the number of PCTM-based communities, which 
may also benefit from the extension of public transit systems to residential areas in distant suburbs. This extension would 
effectively shorten people’s travel barriers and distances, improve the potential utilization of healthcare facilities, and decrease 
the number of areas with professional healthcare shortages identified under PTTM. Meanwhile, the number of low-low asso
ciation pattern communities is close to that of the low-high patterns, which suggests that such areas may urgently need high- 
quality healthcare facilities services. 

In summary, the variation in association patterns between total healthcare accessibility and population density under the different 
travel costs of PCTM and PTTM is relatively unapparent in the number of communities. Approximately 13% of the communities had 
high population density and high healthcare accessibility, while an average of more than 39% of the communities are low-density 
census areas with low health accessibility levels. That is, more than half of the communities have an accessibility level that is 
incommensurate with their population size. The percentage of communities with high population density but low healthcare acces
sibility exceeded 36% (equivalent to approximately 55% of the total population). 

5. Discussion and conclusions 

5.1. Summary of findings 

In this paper, as exploratory research, we attempted to use a multiple-type travel cost that consists of both the travel time and trip 
distance; the purpose was to compare the differences in spatial distribution patterns between time accessibility and distance acces
sibility across multiple travel modes. The findings of this study suggest the following.  

(1) As far as travel costs are concerned, the average travel time and travel distance under PCTM are shorter than those under PTTM, 
and the average trip distances from communities to the three tiers of healthcare facilities are approximately 15 km for both 
travel modes, which is consistent with the actual use of healthcare facilities. However, regardless of the travel cost metric, no 
apparent variations in spatial accessibility exist between the three tiers of healthcare facilities. We think that maybe travel time 
and trip distance each have their own traits and merits in assessing spatio-temporal access, and perhaps comparisons between 
such pairs may confront the obstacle of incommensurability.  

(2) In total, less than one-seventh of the communities have a high population density and high healthcare access, which were 
defined as over-serviced areas. On average, more than one-third of the communities are areas with a low population density and 
low health access level. That is, more than half of the communities have an access level that is inappropriate for their population 
size. The percentage of communities with a high population density but low healthcare access exceeded one-third (equivalent to 
nearly 55% of the total population). These communities were defined as under-serviced areas. 

5.2. Implications for policy and further research 

Regardless of the travel mode, the statistics of the association patterns indicate that a certain number of communities (approxi
mately 10%–15%) have a high population size and a high access score among the three tiers of healthcare facilities. Although the types 
of communities with high access and a high population are relatively lower than the other association patterns across the overall areas, 
the underlying cause is still worth probing. Combined with the distribution of healthcare facilities, it is apparently that most of these 
communities are located in central urban districts or are near high-level healthcare facilities, both of which result in the current high 
accessibility. Additionally, it may be that these communities benefit from areas with relatively dense medical institutions at all levels, 
which raises the coverage of facility services, shortens the travel time/distance to hospital, and results in increased service capacity 
scores. Compared to communities in suburban areas, for the association patterns that have a large population size but that provide low 
accessibility; that means the government’s layout planning for new public health facilities has not yet been implemented in practice. At 
present, the existing healthcare facility resources, which include but are not only confined to these 165 hospitals in these high- 
accessibility areas or communities in the city centre, are still relatively sufficient. However, when looking at the situation of whole 
cities, the degree of correspondence between resource supply and population demand in most areas is still not optimistic. Hence, to 
better assist in implementing the hierarchical diagnosis and dual referral treatment policy, a multi-hierarchical healthcare system 
needs to be established to provide a variety of healthcare service choices and raise the access opportunity of available facilities. 

Furthermore, travel time is a dynamic factor, and as an idiosyncratic proxy of travel cost, is used to assess the availability of fa
cilities and to capture the spatial interactive effect between healthcare facilities and demanders. And, trip distance has a significant 
impact on residents’ hospitalize choices, e.g., residents who own private cars are more likely to take a trip with a longer distance to visit 
and access facilities than those who rely on public transit; additionally, the maximum travel threshold that individuals can tolerate is 
different across different travel modes. Once the locations of facilities fall beyond a proleptical trip distance that individuals can move 
and reach, the access opportunities for these services facilities will be diminished. In addition, in our study, the accessibility values of 
the three tiers of healthcare facilities verified that a low travel cost tends to result in high proximity and accessibility values, and this 
result is consistent with our knowledge of the actual situation in Wuhan. Hereby, it would be a feasible plan to construct a developed 
transit system with more connectivity and fewer impedances. Such a system is an essential public infrastructure and would provide 
benefits by facilitating the convenience of city dwellers’ trips and lowering the travel cost of hospitalization behaviour. 
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5.3. Strengths and limitations 

Based on previous research, our work has improved several aspects of accessibility measurement. The first aspect is applied the 
real-time travel time and trip distance to improve the accuracy of accessibility outcomes. Numerous specific factors influence the 
measurement of the spatial accessibility of healthcare facilities, and travel cost is a pivotal metric. In previous studies, Euclidean 
distance, topological distance and other techniques used GIS-based road network analyses to reflect travel costs. Limited to the access 
of research data and for ease of calculation, these model-based travel costs simplify the complexity of real road networks and traffic 
environments and may result in biased accessibility values at different scales of spatial units. Thus, in this study, the real-time multiple 
travel costs were used instead of GIS-based OD travel costs, which more accurately represented the actual travel costs of different 
population groups. 

Secondary, we should admit that any debates over the correct sizes of catchment areas cannot be settled without analysing real- 
world healthcare utilization patterns (Jia, 2016; Wang, 2012). More specifically, a sophisticated hospital catchment size involves 
numerous factors, such as patient surveys, resident knowledge of local healthcare facilities, the scale of facilities, the actual demand 
and characteristics of the population groups. In fact, this procedure is difficult to implement because it depends on intensive com
putations and is constrained by the data. Thus, in this study, according to the results for the frequencies of travel times and trip 
distances, the maximum travel times and trip distances between the 830 communities and 165 healthcare facilities sites were roughly 
defined as the tolerable travel cost thresholds, and the extreme travel costs of the different travel modes were set as the hospital 
catchment size. The experiment shows that these thresholds to be appropriate because there are few paths outside this threshold range, 
and they can help make a well-founded assumption in our computational model that hospitalization behaviour will seldom occur 
beyond these travel thresholds. Furthermore, the hospital catchment size could vary according to the characteristics of the population 
and the specific type of healthcare facility in demand. In the different steps of the 3SFCA method, the optimal size can be determined by 
incrementally increasing the catchment size until it matched the population demand or the service capacity score of the facility, which 
would prevent the hospital catchment size from having to remain constant for the three tiers of healthcare facilities. Hence, this is a key 
domain that we will attempt to improve in a future study. 

However, the approach taken in this paper has clear limitations and biases. Upon closer inspection, household income, the location 
of residences and other attributes of socio-economic status will indirectly affect the travel time of consumers of different ages and 
genders. In addition, in healthcare-seeking behaviour, different genders, age brackets, and professions will have differences with 
respect to individual vehicles, preferences for facilities and the travel routes chosen, which will together indirectly affect the spatial 
accessibility patterns. However, our dataset includes only the population quantity aggregated at the community scale, and information 
on the demographic attributes is lacking. Conducting a questionnaire survey on the hospitalization information and socioeconomic 
status of residents in such a large-scale (830 communities) is not easy. Thus, it is difficult to conduct analysis in a demographic data- 
driven manner; and cannot ensure that these various user attribute data are combined to analyse and distinguish the differences in 
residents’ travel time, trip distance and spatial accessibility patterns to the three tiers of healthcare facilities. However, we think that 
this domain can be a further explored in future work. 
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