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Abstract

Background: China’s imbalanced allocation of healthcare resources mainly arises from urban-rural and intercity
differences, the solution of which has been the goal of reforms during the past decades. Estimating the spatial cor-
relation and convergence could help to understand the impact of China’s fast-evolving medical market and the latest
healthcare reforms.

Methods: The entropy weight method was used to construct a healthcare resource supply index (HRS) by using data
of 41cities in a cluster in the Yangtze River Delta (YRD) from 2007 to 2019. The Dagum Gini coefficient, kernel density
estimation, Moran’s /, and LISA cluster map were used to characterize the spatiotemporal evolution and agglomera-
tion of healthcare resources, and then a spatial panel model was used to perform  convergence estimation by incor-
porating the spatial effect, city heterogeneity, and healthcare reforms.

Results: Healthcare resources supply in the YRD region increases significantly and converges rapidly. There is a sig-
nificant spatial correlation and agglomeration between provinces and cities, and a significant spatial spillover effect is
also found in 3 convergence. No evidence is found that the latest healthcare reforms have an impact on the balanced
allocation and convergence of healthcare resources.

Conclusion: China’s long-term investment in past decades has yielded a more balanced allocation and intercity con-
vergence of healthcare resources. However, the latest healthcare reforms do not contribute to the balanced allocation
of healthcare resources from the supply-side, and demand-side analysis is needed in the future studies.

Highlights
® This paper provides a more comprehensive measurement of the supply of healthcare resources by using the
entropy weight method and the three dimensions of financial, human, and material resources.

® This study suggests that more attention should be given to the spatial interaction among different regions when
discussing healthcare resources allocation.
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resources allocation.
the possible policy effects of related reforms.

China

® A spatiotemporal distribution and convergence regression methodology is used to perform healthcare equity
research so as to portray the characteristic facts, evolution, and influencing factors of inter-regional healthcare

® Healthcare reforms could be added to convergence spatial panel model estimations, which provides evidence on

Keywords: Yangtze River Delta, Healthcare resources, City clusters, Spatial effects, Convergence, Healthcare reform,

Background

The unequal allocation of medical resources is an impor-
tant global challenge [1]. Under the exogenous impact of
the Corona Virus Disease 2019 (COVID-19) pandemic,
this means a serious inequality in the right to survival
and health. Investment in healthcare is becoming a high
public health priority globally. Most growth in both real
GDP and healthcare expenditures worldwide is occurring
in emerging Eurasian countries, mainly represented by
the Emerging Markets Seven (EM7), Brazil, Russia, India,
China, and South Africa (BRICS), and other emerg-
ing markets [2]. Healthcare reforms in these emerging
markets are affecting the pattern of global healthcare
expenditure, which is dominantly attributable to the
reforms carried out in China [3]. However, it remains to
be explored whether the increase in healthcare expendi-
ture occurring in emerging markets promotes a domestic
balance of resource allocation among different regions in
those countries, and better understanding is still needed
regarding the spatial correlation that such expenditure
growth has on resource allocation among different inter-
nal regions.

After the severe acute respiratory syndrome (SARS)
crisis broke out in 2003, the Chinese government has
begun to allocate more budget to grassroots (county/
township) hospitals in order to rebuild the grassroots
public health system, which was severely weakened due
to the long-term market reform [4]. In March 2009,
China launched a new round of healthcare reforms,
clearly proposing that the increased healthcare expendi-
tures should be focused on demand side, public health,
and the grassroots. But these reforms tended to pay
more attention to medical infrastructure hardware, and
less attention to medical staff and their human capital.
Therefore, patients are still more willing to choose to go
to (urban) high-level hospitals for treatment, creating a
structural congestion problem in which high-level hos-
pital congestion and idle low-level hospital resources
coexist [5].

After 2010, some of China’s medical reform pilot prov-
inces began to implement the descending healthcare
resources reform represented by the combination of
descending doctors, the spillover of human capital from

high-level hospitals, and brand placement in low-level
hospitals, so as to enhance the latter’s diagnosis and
treatment capabilities, attract human capital inflows,
and reshape patient expectations. In 2015 and 2017, this
reform received the attention of the Chinese government
and was promoted nationwide [6, 7]. Meanwhile, starting
in 2015, some pilot provinces and cities, including Shang-
hai and Zhejiang, has begun to implement comprehen-
sive medical reform focusing on medical prices, medical
insurance, and pharmaceutical procurement to reduce
medical costs and establish a more effective hierarchical
diagnosis and treatment system. However, whether the
past reforms have resulted in a more balanced allocation
of healthcare resources and generated the convergence
effect is still a question to be answered.

Previous literatures have used neoclassical conver-
gence theory to estimate the convergence of healthcare
expenditure dynamics. The main research perspective
is multi-country convergence estimation and compari-
son. Studies on the European Union (EU), Organization
for Economic Co-operation and Development (OECD),
and other economies have found that healthcare expen-
ditures of EU countries have statistically significant o
convergence and [ convergence characteristics [8], and
the per capita healthcare expenditure of OECD coun-
tries has club convergence [9]. However, no single equi-
librium in healthcare expenditure exists for sub-Saharan
African countries, although three convergence clubs have
been identified [10]. Other studies delved into differ-
ent regions within individual countries, but also mainly
used healthcare expenditure as an indicator. Studies have
confirmed the existence of convergence of healthcare
expenditure in US states [11], and further found that
Indian states can be divided into two convergence clubs
for healthcare expenditures [12]. In addition, healthcare
expenditures of all counties in China tend to converge
[13]. However, healthcare resource allocation is not lim-
ited to healthcare expenditure indicators, but should also
include other indicators of healthcare resources sup-
ply, such as numbers of healthcare workers and beds.
Although a few studies have discussed the convergence
of single indicators such as numbers of beds and doctors
[14], our literature review found no studies that utilized
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the comprehensive healthcare resource supply index,
including dimensions of human, material, and financial
resources, and performed corresponding convergence
estimations.

Existing studies have recognized that the imbal-
anced healthcare allocation in China is the most seri-
ous and urgent public service challenge [15, 16]. Under
the administrative hierarchy, high-level hospitals receive
more government financial resources, and thus can
attract higher quality human capitals [17]. The resulting
lack of service capacity, and patients’ disapproval and dis-
trust further weaken low-level hospitals’ ability to attract
patients [18]. The 2009 healthcare reform was believed to
accelerate the convergence rate of provincial healthcare
resource supply in China, but it is still slower than that
of per capita Gross Domestic Product (GDP) [19]. Fur-
thermore, some studies have found that the imbalance
continues to be serious. One explanation focuses on the
substantial imbalance of material and financial resources
among regions [20]. Another explanation is related to the
2009 healthcare reform, suggesting that the expanded
coverage of medical insurance relaxed patients’ financial
constraints, which prompted them to choose high-level
hospitals [21]. However, existing studies have not dis-
cussed the imbalance and convergence in the context of
the latest healthcare reforms and the reform effects.

Some studies estimated the spatial distribution of
healthcare resources using different measures, includ-
ing Gini coefficient [22, 23], to analyze the dynamics of
healthcare resources supply and the reform effects in
both time and space dimensions with mainly provincial-
level data. The problem is that regional differences in
healthcare resources supply often occur within one prov-
ince, especially among provincial capitals, core cities, and
peripheral cities dominated by rural areas. Therefore,
provincial-level estimation cannot accurately reflect the
urban—rural differences in healthcare resource allocation.
Meanwhile, less attention is paid to the spatial correla-
tion, heterogeneity of cities of different sizes/levels, and
the impact of the latest reforms. Although a few stud-
ies have used hospital- and patient-level data to evalu-
ate the effects of reform policies, such as the descending
resources reform and medical treatment combination,
and provided evidence of their effects in incentivizing
patients to choose low-level hospitals and improving the
efficiency of resource allocation [24, 25], it is not clear if
these reforms have generated macro-level convergence
effects among cities and regions.

Since the spatial correlation of healthcare resource
allocation mainly occurs between neighboring cities, city
clusters could be a suitable research object to discuss
the spatial correlation and convergence of healthcare
resources supply. This paper focuses on the city cluster in
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the Yangtze River Delta (YRD), which includes Shanghai,
Jiangsu, Zhejiang, and Anhui. In the Outline of the Inte-
grated Regional Development of the Yangtze River Delta
proposed by the Chinese government [26], a more bal-
anced distribution of healthcare resources was listed as a
regional integration goal. Moreover, the data availability
of this region is better than that of other regions in China.
We collected data of 41 YRD cities at and above the pre-
fectural level from 2007 to 2019 to perform the empirical
study. The sample includes Shanghai, which has a popu-
lation of about 25 million, and Hangzhou, Suzhou, Nan-
jing, Hefei and Ningbo, which have a population of nearly
10 million each, as well as prefecture-level cities with vast
rural regions. The scope and specific cities of the Yangtze
River Delta are shown in Fig. 4 in Appendix.

Compared with the existing literature, this paper makes
the following novel contributions: (1) This paper incor-
porates the spatial correlation in the YRD city cluster
into the analysis of healthcare resource allocation, and
for the first time provides evidence on China’s health-
care resource allocation with a representative cluster of
41 cities at and above the prefectural level. (2) This paper
combines the measurement of spatiotemporal distribu-
tion with the convergence estimation, which enables
us to understand the characteristic facts of healthcare
resources allocation in the YRD region, and also incorpo-
rates city heterogeneity into the analysis. (3) It is the first
attempt to estimate the convergence effects of the latest
reforms, in which the descending healthcare resources
reform and comprehensive medical reform are included
in the empirical estimation.

The structure of this paper is as follows: Reviews the
literature, presents the methods and data used in this
paper, report the characteristic facts and the conver-
gence estimation results, and the last section concludes.

Literature review

The balanced allocation of healthcare resources aims
to match the supply side with the demand side, thereby
helping to achieve the equalization of healthcare services
across regions [5]. It will also be of vital importance in
reducing high-level hospital congestion and the costs of
patient diagnosis and treatment. To measure the health-
care resources allocation, two approaches could be used.
The first approach is to observe the cross-sectional spa-
tial distribution with a number of measurement indica-
tors. If the time dimension is further introduced, the
evolutionary trend could also be discussed [27]. If dif-
ferent cross-sectional regions are included with geo-
graphic information system (GIS), we could intuitively
understand the trend of spatiotemporal evolution [28].
However, because of the existence of cross-sectional
heterogeneity, measurement indicators cannot control
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for the influence of heterogenous factors, so we cannot
capture the spatiotemporal evolution characteristics in
a comparable way for different regions [29]. Therefore,
another approach uses regression techniques to con-
trol for the impact of heterogeneous subjects. The con-
vergence estimation technique developed for economic
growth research could be introduced to estimate the
convergence of healthcare resource allocation [30]. Three
branches of literature are relevant to this study.

The first branch of literature generally uses one or more
measurement indicators including the agglomeration
index, coefficient of variation, Gini coeflicient, and Theil
index for analysis [31, 32]. Among these, the agglomera-
tion index is used to measure the ratio of population or
geographic area in a specific region to the amount of
existing health resources. Although this can reflect the
balanced degree of health resource allocation among dif-
ferent groups in the same region [33], it cannot reveal the
balanced degree of resource allocation within the group.
In contrast, the coefficient of variation, i.e., the ratio of
the standard deviation of the healthcare resource supply
level within a specific area to its arithmetic mean, can
better measure the balanced degree of resource alloca-
tion within the group [34].

Due to the lack of objective evaluation benchmarks for
the aforementioned two indicators, academics also use
the Gini coefficient and Theil index with a definite assign-
ment range (€ [0,1]) and objective evaluation bench-
mark for estimation. The early Gini coefficient was used
to reflect the income inequality of residents [35], but it
could not reflect the overall internal balance. Therefore,
Dagum [36] proposed the decomposable Gini coeffi-
cient, which can decompose overall regional differences
according to subgroups, and effectively solve the overlap-
ping problems among observed samples. The Theil index
is obtained by the entropy (or grouping entropy) method
[37, 38], but the impact of geographical accessibility is not
considered [39]. Due to the multi-input and multi-output
characteristics of healthcare resources, one method is to
use data envelopment analysis (DEA) to measure the rel-
ative efficiency of a group of decision-making units with
multi-inputs and multi-outputs [40, 41]. An alternative
method is to use the entropy weight method to construct
the supply/demand index of health resources based on
multi-input and multi-output data [42].

Based on the above measurement indicators, the exist-
ing empirical literature on healthcare resource alloca-
tion in China has mainly focused on the whole country
or a single administrative region as the research object.
Estimations based on agglomeration index have shown
that the degree of healthcare resource agglomeration
in economically developed provinces/cities is relatively
high, whereas the geographical accessibility of healthcare
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resources in economically underdeveloped provinces/
cities is poor [43]. There are obvious differences in
heath resource allocation in different provinces, such as
Sichuan [44], Zhejiang [45], and Henan [46], which have
different characteristics of agglomeration based on popu-
lation size and geographic area. Yi et al. (2020) measured
the coefficient of variation and found no o convergence
in eastern, central, and western China; that is, healthcare
efficiency differences within China may gradually expand
[47]. Another estimate based on Dagum Gini coeffi-
cient, however, shows that the overall, intra-regional and
inter-regional differences in the supply of basic medical
and health services decreased during 2007-2018 [22]. In
addition, the Theil index has been used to demonstrate
that resource allocation variations in different provinces
are attributable to different sources. For example, differ-
ences in healthcare resource allocation in Anhui prov-
ince are mainly caused by intra-regional differences [48],
whereas those in Hainan Province are caused by inter-
regional differences [49].

The second branch of research explores the spatial cor-
relation of healthcare resource allocation by using GIS
or other spatial analysis tools. The advantage is that it
allows to visually represent the differences in the spa-
tial distribution of healthcare resources. There are three
commonly used spatial analysis methods. The explora-
tory spatial data analysis method (ESDA) mainly uses the
Moran’s I to analyze the spatial correlation of the eco-
nomic and social attributes of the spatial unit [50], and
can also use a LISA cluster map to present the agglom-
eration characteristics of a specific area. Kernel density
estimation (KDE) approximates the probability density of
the sample to visualize the spatial points of the character-
izing area [51]. The KDE method can present the spatial
distribution of the whole area, which is complementary
to the results of ESDA analysis. The standard deviation
ellipse (SDE) method constructs a standard deviation
ellipse to reflect the dominant distribution direction of
spatial elements and the dispersion of each direction,
which, like the LISA cluster map, can make up for the
fact that the KDE map cannot display the distribution
characteristics of specific regions [52].

Spatial statistical analysis can be carried out from dif-
ferent levels such as the whole country, city clusters,
and individual cities. From the national dimension, KDE
analysis revealed that China’s inter-provincial healthcare
resources supply tends to rise; however, polarization can
be found in both the national and eastern regions, while
there is no gradient effect in the central and western
regions [22]. Very few studies focused on the dimension
of prefecture-level cities, and the results of Moran’s I and
LISA cluster map showed that the spatial correlation pat-
tern of healthcare resources supply changed greatly; and
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the central, western, and northeast regions showed high-
high agglomeration characteristics [53]. However, other
studies reported that the spatial distribution of health-
care resources among cities tends to be balanced, and
there are low-low agglomeration regions with a concen-
trated distribution in the transition zone from the east-
ern coast to the central region [28]. The above empirical
research using prefecture-level city data adopted a simi-
lar method, but produced inconsistent results because of
differences in the research period and processing meth-
ods used for the indicators. Lastly, most spatial statistical
studies take specific cities as research objects and use the
SDE method to explore the spatial distribution of health-
care resources within cities [23, 54, 55].

The third branch of research includes very few stud-
ies that use a panel econometric model to explore the
agglomeration or convergence trends of healthcare
resources and the influencing factors of spatial differ-
ences. According to our survey, most of previous studies
used provincial-level panel data to perform the conver-
gence estimation. For instance, Zhou (2018) found con-
ditional S convergence, but not absolute 5 convergence
between provinces by using single indicators [29]. And
the increases of medical expenditure and regional finan-
cial autonomy would push regional healthcare resources
onto the path of convergence. Pan et al. (2017) confirmed
the long-term trend of absolute and conditional 5 con-
vergence in government health spending in China [56].
Considering the multi-input and multi-output character-
istics of healthcare resources, some studies used DEA to
measure the total factor productivity (TFP) of different
provinces and estimated its convergence [57]. It is found
that the overall TFP level of provincial health resources
in China is low, but the growth of TFP has absolute and
conditional S convergence and presents regional differ-
ences. Although the spatial spillover effect is observed in
the 5 convergence of healthcare resource allocation [30],
according to our search, no studies have included spatial
effect into city-level analysis in the context of the latest
healthcare reforms in China.

To sum up, the spatial differences of healthcare
resource allocation in China have attracted extensive
attention. As is known, the imbalance in healthcare
resource allocation in China mainly occurs between
urban and rural areas and between core and peripheral
areas, and the newly implemented healthcare reforms
may produce marginal impacts. Thus, latest research
should focus on city clusters within provinces and neigh-
boring provinces, and incorporate city heterogeneity and
the possible impact of healthcare reforms. Accordingly,
one representative region could be used to provide new
evidence for the allocation of healthcare resources and
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evaluation of the effects of China’s reforms. This paper
takes the YRD as the research object and investigates the
spatial correlation among cities to intuitively depict the
spatial dynamic distribution of healthcare resources with
a multi-measure index. The spatial panel model was then
used to analyze the convergence of healthcare resources
in the YRD region.

Methods and data

Methods
(1) Measurement of spatial distribution of healthcare
resources

We first construct a healthcare resources supply index
(HRS) using the entropy weight method, analyze regional
differences, and then examine the sources of differences
by using the Gini coefficient decomposition method
given by Dagum [36]. Let G represent Gini coefficient, j
and / represent the number of regions, i and r represent
the number of cities in the region, k represent the total
number of regions, # represent the total number of cities,
and n(n;,) represent the number of cities in region j(h).
Further, y;(y,;, represents the HRS of city i(r) in region
j(h), and ¥ represents the arithmetic mean of the HRS.
The following equation can be obtained:

o ny

n n k
G:%(Z Shi-nh =335 by — yul/2n’y

i=1 r=1 j=1 h=1 i=1 r=1
(1)

After the overall Gini coefficient is calculated, k regions
are sorted according to the average HRS in the YRD,
namely y;<...<y;<...y;,, and then the Gini coeflicient
G is decomposed into three parts: (1) intra-regional
difference contribution (G,), (2) inter-regional differ-
ence contribution (G,;), and (3) transvariation den-
sity contribution (G,), which meet the requirements of
G=G,+G,+G,

Next, we use the KDE method to explore the spatial
distribution dynamics of the HRS in the YRD. Specifi-
cally, we use Moran’s ] to examine the spatial correlation
of the YRD’s HRS. If Moran’s [ is significant, the LISA
cluster map will be used to determine whether the local
correlation types and clusters in different regions are sta-
tistically significant. When Moran’s I value is [—1, 0), 0,
and (0, 1], it means negative correlation, irrelevance, and
positive correlation, respectively. According to the LISA
cluster map, four types of spatial agglomeration relation-
ships can be identified: (1) high-high agglomeration area
(HH type), (2) high-low agglomeration area (HL type), (3)
low-low agglomeration area (LL type), and (4) low—high
agglomeration area (LH type).

(2) Convergence estimation of healthcare resource
allocation
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Both o convergence estimation and S convergence esti-
mation are commonly used in convergence analysis [58].
The former estimate does not rely on an econometric
model and uses the coefficient of variation to measure,
which can confirm the previous Gini coefficient results.
convergence can be divided into absolute 8 convergence
and conditional 5 convergence. The former is used to
assess whether the supply of healthcare resources in vari-
ous regions will converge to the same steady-state equi-
librium point without considering the city heterogeneity

ln(yi,l’+1 )

it
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included in the model, the model for conditional 5 con-
vergence is set as follows:

In (J/z t+1)

it

+8 an’l )ty ln(X, e+ i +me+ e
3)

where X, is the control variable; y is the parameter to
be estimated for the control variable; and the meaning of
the other variables is the same as the formula (2).

Considering the possible impact of policies and exter-
nal shocks on the conditional S convergence, we have:

=a+BIni) + v In(Xis) + 0P + tlIn(yie) X Pigl + pi +np + &t (4)

factors. More importantly, we include spatial factors, het-
erogeneity, and healthcare policy as control variables in
conditional 5 convergence for a more comprehensive
estimation.
The model for absolute S convergence is set as follows:
In(Z ) = o 4 BInGie) + i+ me + e ©

Yit

where i represents the city; ¢ represents the time; y,
and y;, represent the HRS of city i in £41 period and ¢
period, respectively; In(y;,,,/y;,) represents the annual
growth rate of HRS in city i during the period from ¢ to
t+ 1; and S is the convergence parameter to be estimated,

where P,, is a policy dummy variable, where if region
i starts to implement the policy in period £, then P;, is
assigned a value of 1 during period ¢ and after, and P, is
assigned a value of 0 before period ¢; and J represents the
impact of the policy on the growth rate of HRS; 7 repre-
sents the impact of policy on the convergence of HRS.
(3) Spatial panel model

Taking into account the spatial correlation, we con-
struct a spatial econometric model of 8 convergence. In
order to determine the exact form of the spatial effects
entering the panel model, we first estimate the follow-
ing three spatial models in the absolute 5 convergence
estimation:

(y”“) =+ BIn(i) + pZ Wy m(y’yf“) i e+ e (5)
j=1 t
Vit >
1n<’%> = o+ BIn(is) + i+ e + iy ie = 4D Wiieje + 01y (6)
it .
, P
Yit+1 ad Jig+1 al
In(=52) =@+ Bl + 3 Wyln(==2) +0 > WylnGie) + s+ e + e ()
it : it .
’ j=1 ’ =

where 5<0 means an absolute S convergence trend, and
otherwise it indicates that there is a divergence trend.
a is a constant term; y; and #, represent regional and
time effects, respectively; and ¢,, represents the random
interference term. The formula of convergence rate is
v= —% In(1 + B), where TS represents the time span.

If heterogeneous factors such as economic develop-
ment status, city size, and government fiscal capacity are

Equation (5) is the spatial autoregressive 5 convergence
model (SAR), and Egs. (6) and (7) are the spatial error 5
convergence model (SEM) and the spatial Dubin § con-
vergence model (SDM), respectively. In these equations,
p represents the spatial effect coefficient of the explained
variable, reflecting the influence of the explained vari-
able in the neighboring cities; A represents the spatial
effect coefficient of the error term, reflecting the ran-
dom shock; 0 represents the spatial effect coefficient of
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the explanatory variable, reflecting the influence of the
explanatory variable of neighboring cities; and W/; repre-
sents the spatial weight matrix. In this paper, we use the
inverse distance weight matrix.

After estimating the three above spatial panel mod-
els, following Alhorst [59] and Han [60], we test and
select appropriate spatial econometric models. First, the
Lagrange multiplier (LM) test is performed based on the
traditional panel model. If the LM test is significant, the
SDM model will be used. Then, the likelihood ratio (LR)
test and Hausman test are used to determine individual/
time effects and fixed/random effects. Subsequently, the
Wald and LR tests are used to determine whether the SDM
model can be degraded to the SEM or SAR model. If the
degraded result is inconsistent with the LM test result, the
SDM model will be selected. In the conditional g conver-
gence estimation, we also use the same strategy to deter-
mine the specific form of the spatial econometric model.

Data and variables
According to the State Council (2019) [26], the Yangtze
River Delta (YRD) region includes Shanghai (SH), Jiangsu
(JS), Zhejiang (Z]), and Anhui (AH), consisting of 41 cit-
ies at and above the prefectural level. The main variables
and data used in this study are reported below.

(1) Healthcare resource supply index (HRS)

Because healthcare resources include human, mate-
rial, and financial resources [11], two indicators are

Table 1 Evaluation index system of HRS
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selected for each of the above three aspects accord-
ing to the availability of data, and the entropy weight
method is used to construct the HRS index [22, 61].
The data source and weight are reported in Table 1. The
HRS results of the 41 YRD cities from 2007 to 2019 are
reported in Table 11 in Appendix. It can be seen that
the HRS of the YRD and sub-provincial regions has
shown a continuous upward trend with certain differ-
ences among the provinces.
(2) Control variables and policy variables

In order to estimate conditional S convergence, it is
necessary to control the heterogeneity factors across
cities. According to the availability of data, we include
the following control variables in the model: city size
(SIZE), economic development level (GDP), urbaniza-
tion level (UR), government financial capacity (GFC),
and government financial self-sufficiency rate (GES)
[62—64]. The definitions and data sources of these vari-
ables are reported in Table 2. Logarithm processing is
used to eliminate the dimensional difference.

Because the existence of medical universities/colleges
may affect the HRS of that specific city, we differentiate
the city subsamples according to the existence of medical
universities/schools and medical graduate programs in the
starting year of the sample. The medical education data of
different cities are reported in Table 12 in Appendix.

We also incorporated the main healthcare reforms
into the empirical model. The policy variables include

Dimension Index Weight
Financial resources Healthcare expenditure per capita (yuan) 0.272
Proportion of healthcare expenditure in regional fiscal expenditure (%) 0.140
Material resources Number of beds per square kilometer 0.233
Number of beds per 1, 000 persons 0.109
Human resources Number of practicing (assistant) physicians per 1,000 persons 0.108
Number of registered nurses per 1,000 persons 0.139

Source: China Health Statistics Yearbook from 2006 to 2020, Zhejiang Health and Family Planning Yearbook from 2006 to 2020, Jiangsu Health Family Planning Yearbook
from 2006 to 2020, Zhejiang Financial Yearbook from 2006 to 2020, and relevant provincial and municipal health committees over the years

The weight is calculated by the entropy weight method [42]

Table 2 Definition and descriptive statistics of control variables

Variable Variable definition Maximum value Minimum value Mean standard deviation
SIZE Regional resident population (10,000 people) 2428.1 720 5283 369.0
GDP GDP per capita (yuan) 180,000.0 5515.0 57,950.5 359193
UR Proportion of urban population (%) 89.6 290 58.1 12.8
GFC Local budgetary expenditure/GDP (%) 357 57 154 6.2
GFS Local budgetary revenue/expenditure (%) 116.7 194 64.5 237

Source: Urban Statistical Yearbook of China from 2006 to 2020, Statistical Communique of the People’s Republic of China on the National Economic and Social

Development from 2006 to 2020, and China Fiscal Yearbook from 2006 to 2020
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the descending healthcare resources reform (DHR) and
comprehensive medical reform (CMR). The descending
healthcare resources reform is to encourage the balanced
distribution by building medical treatment combinations
and increasing government investment [65]. Different
cities usually experienced different timing of reforms.
We take the time of first document issued by the local
health departments (authorities) or the time of the first
medical treatment combination being organized as the
reform time point (see Table 12 in Appendix). We then
define one policy dummy DHR, setting the after-reform
period as 1 and the pre-reform period as 0.

The comprehensive medical reform tries to reduce
diagnosis and treatment costs and realize the goal of
hierarchical diagnosis and treatment. In February 2015,
Jiangsu and Anhui were identified as pilot provinces for
comprehensive medical reform, followed by Zhejiang
and Shanghai in May 2016. The date of publication by
local health authorities or the official launch date of the
reform is used as the time point of reform, so we have the
dummy CMR. It should be noted that, if the above reform
is launched before July 1 of the current year, the value
of 1 is assigned for the current year, and if the reform is
launched after July 1 of the current year, the value of 1
will be assigned from the next year.
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Spatial distribution dynamics of healthcare
resources

Dagum Gini coefficient and o convergence results

Because we take Shanghai as one city sample on the
cross-section, the Dagum Gini coefficient calcula-
tion gives the results of the three YRD provinces except
Shanghai, but Shanghai is included in the inter-regional
difference analysis and difference decomposition. For
comparison with the Gini coefficient measurements, we
also report the o convergence measurements obtained
with the coefficient of variation.

As shown in Fig. 1(a), the average Gini coefficient of
Zhejiang province is the smallest, with a value below 0.15
in 2007, indicating highly balanced allocation of health-
care resources. In the early stage, Anhui province had the
largest average Gini coefficient (>0.25). Although the Gini
coefficients of the three provinces all showed a downward
trend in the sample period, Anhui province had the strong-
est downward trend, with its Gini coefficient reaching its
lowest level in 2019 (<0.05). A similar trend is found when
using the coefficient of variation, as reported in Fig. 1(b),
indicating a significant o convergence tendency.

Figure 1(c) further reports the results of the Dagum
Gini coefficient for the pairwise comparison of four
provinces/cities. It can be seen that in the early sample
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period, the regional difference between Shanghai and
Anhui was the largest, while the regional difference
between Jiangsu and Zhejiang was the smallest. The
differences between Zhejiang and Anhui, Jiangsu and
Anhui, and Zhejiang and Jiangsu were all relatively small
during the sample period. Moreover, the differences
between regions tend to decline before 2012 and then
rise with fluctuations. Overall, the differences of health-
care resources allocation in the YRD region declined
during the sample period.

To further understand the source of these observed
differences, we follow Dagum (2007) to decompose the
Gini coefficient into three components [36]. The average
annual contribution rates of G,, G,;,, and G, are 23.7%,
54.62%, and 21.68%, respectively. It can be seen from
Fig. 1(d) that the contribution rate of inter-regional differ-
ences increased rapidly after 2012, and exceeded 70% by
2019. The contribution rate of intra-regional differences
decreased slowly, but the contribution rate of transvaria-
tion intensity, which measures the interaction between
inter-regional differences and intra-regional differences,
decreased rapidly and reached nearly 10% in 2019. This
suggests that we should pay more attention to the spati-
otemporal distribution among provinces and city groups.
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Kernel density curve estimates
In order to further capture the spatial dynamics of
healthcare resource allocation within the YRD prov-
inces, we used the KDE method to present the kernel
density curves of HRS in selected years (Fig. 2). The
center of the kernel density curve gradually moved to
the right, indicating that HRS in the YRD and related
provinces increased significantly. According to the dis-
tribution morphology in Fig. 2(a), the height of the ker-
nel density curve of the YRD evolved by increasing first,
and decreasing then, narrowing first and widening then.
These changes indicate that the dispersion degree of
the YRD first decreased and then increased. The same
trend is found in Anhui and Jiangsu, while the disper-
sion degree of Zhejiang has little change. From the per-
spective of distributional ductility, the right tail of the
kernel density curve indicates that cities with a higher
supply of healthcare resources would experience faster
growth, as highlighted in Fig. 2(a) and (c). In particular,
Jiangsu exhibits a left-tailing phenomenon, indicating
that its internal slowdown and acceleration may coex-
ist. The bimodal and multimodal kernel density curves,
correspond to internal polarity and multipolar differ-
entiation trends, respectively. In the sample period,
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Table 3 Estimation of Moran’s / in the Yangtze River Delta, China,

2007-2019

Year Moran’s | Z value Pvalue
2007 011 6.189 0.000
2008 0.074 4673 0.000
2009 0.074 4.648 0.000
2010 0.039 2935 0.003
2011 0.039 293 0.003
2012 0.022 2127 0.033
2013 0.025 2314 0.021
2014 0.056 3.795 0.000
2015 0.045 3311 0.001
2016 0.122 6.887 0.000
2017 0.090 5.356 0.000
2018 0.064 4173 0.000
2019 0.084 5.103 0.000

Calculated by the authors using GeoDa software

obvious differentiation could no longer be found in the
YRD and the three provinces by 2019. To sum up, all
provinces, including the YRD, experienced the evolu-
tion of healthcare resource allocation from decentrali-
zation to agglomeration and then to decentralization.
Among them, Anhui exhibits the most obvious agglom-
eration feature, which is similar to the results in Dagum
Gini Coefficient and o Convergence Results section.

Spatial agglomeration dynamics

In order to investigate the spatial correlation of HRS
in the YRD, Moran’s I was first estimated, and then
a LISA cluster map was used to visually display the
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agglomeration dynamics among cities. As shown in
Table 3, Moran’s I values are all greater than O at the
significance level of 5%. The significantly positive value
of Moran’s I indicates that a significant positive spatial
correlation exists during the sample period, which pro-
vides evidence for the inclusion of spatial factors in
this study.

In order to more accurately reveal the spatial corre-
lation and agglomeration characteristics in the YRD,
GeoDa software is used to draw LISA cluster maps
and visualize the agglomeration and diffusion char-
acteristics of the YRD cities. The LISA cluster results
are reported in Table 13 in Appendix. Figure 3 shows
that healthcare resources allocation in the YRD exhibit
a agglomeration effect. The high-high agglomeration
area has shifted from the mid-east region of the YRD
to the south. Suzhou has kept its position as the high-
high agglomeration core city, but that of Shanghai has
gradually declined. By 2019, the three other high-high
agglomeration core cities except Suzhou are all located
in Zhejiang. Meanwhile, low-low agglomeration
regions have gradually shifted from Jiangsu to Anhui.
By 2019, the core cities of low-low agglomeration were
all located in Anhui, while the core city of the low—
high agglomeration area has changed from Xuancheng,
Anhui, to Jiaxing, Zhejiang. Meanwhile, the high-low
agglomeration regions have shifted from Huaibei and
Huainan, and Nanjing and Xuzhou have particularly
prominent high-low agglomeration characteristics. In
summary, during the sample period, low-low agglom-
eration regions have gradually shifted from Jiangsu to
Anhui, Zhejiang gains more high-high agglomeration
regions, and Jiangsu has a stable high-high agglomera-
tion state.
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Fig. 3 LISA cluster maps of healthcare resource supply in the Yangtze River Delta, China, 2007-2019. Source: Created by the authors using GeoDa
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Table 4 Test results of the spatial 3 convergence model

Test term Space absolute Space

convergence conditional
convergence

LM spatial lag 43.395%** 86.524***
(0.000) (0.000)

Robust LM spatial lag 37.525%** 6.285**
(0.000) (0.012)

LM spatial error 230.762%** 184.763%%*
(0.000) (0.000)

Robust LM spatial error 224.891%** 104.524%**
(0.000) (0.000)

LR testind 18.48%** 25.65%*
(0.005) (0.029)

LR test time 122.52%** 109.72%**
(0.000) (0.000)

Spatial Hausman 24.35%** 50.49%**
(0.000) (0.000)

LR test spatial lag 034 15.17%*
(0.558) (0.019)

Wald test spatial lag 036 14.52%*
(0.550) (0.013)

LR test spatial error 0.10 17.10%**
(0.749) (0.009)

Wald test spatial error 0.16 17.36%**
(0.689) (0.008)

Selected Model SEM SDM

(a) ***, ** * indicate significance at the 1%, 5%, and 10% levels, respectively, and
standard errors are in parentheses. (b) Estimated using Stata software

Panel model estimation results
Estimation results of the benchmark model
Before the panel model estimation, we first need to
determine the exact form in which spatial effects enter
the panel model. The results in Table 4 suggest that LM
and Robust LM tests reject null hypothesis at the sig-
nificance level of 5% in both absolute 5 convergence
and conditional 8 convergence estimates, indicating the
existence of spatial effects. The LR tests showed that
both individual and time effects exist, and spatial Haus-
man test results suggest that we should use the fixed-
effect spatial panel model. The LR test and Wald test of
absolute 5 convergence showed that SDM could degen-
erate into SAR or SEM, and pointed to SEM in LM and
Robust LM tests, so the two-way fixed effects SEM
model was selected for absolute 3 convergence estima-
tion. LR and Wald tests in conditional 8 convergence
showed that SDM could not degenerate into SAR or
SEM, and lag terms and error terms were significant in
LM and Robust LM tests. Therefore, the two-way fixed-
effects SDM model was selected for conditional 8 con-
vergence estimation.

Using Egs. (2) and (3) for regression, in Table 5, we first
report the 8 convergence results without including spatial
effects. It can be seen that the regression coefficients 8 of
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HRS in model (1) and model (3) are both below zero and
statistically significant, indicating that the growth rate of
HRS is negatively correlated with the initial equalization
level; that is, there is absolute S convergence and condi-
tional 5 convergence, with a convergence rate of 5.31% and
8.22%, respectively. Next, we incorporate the spatial effect
into the estimation, as shown in Table 5. According to the
estimation results of model (2) and model (4), the health-
care resource supply in the YRD region still significantly
converges, with a rate of 5.27% and 8.61%, respectively. This
result provides support for the estimation results of model
(1) and model (3). At the same time, the estimation results
of p/A, which is a parameter describing the spatial effects,
show that the spatial effects are significantly positive, indi-
cating that the spatial spillover effect will accelerate the
healthcare resource supply in the neighboring cities. This
conclusion is consistent with the results reported in Sect. 4.

Among the five city heterogeneous control variables
in the conditional 5 convergence estimation, economic
development level (GDP) and government financial
capacity (GFC) are significantly positive regardless of
whether the spatial factor is included. This indicates
that GDP and GFC is conducive to the improvement of
the HRS in a specific city. The explanation is that faster
economic development promotes residents’ demand
for public goods, including healthcare resources; mean-
while, it also enables specific cities to provide more fund
to increase their supply [66]. These results are consistent
with the findings of Cheng et al. [67]. However, the spa-
tial effect coefficients of the above two factors are insig-
nificant, indicating that the economic development level
and government financial capacity do not have spillover
effects on neighboring cities in HRS.

In addition, the urbanization level (UR) variable was
only significant in the spatial panel model, indicat-
ing that the population agglomeration to urban areas
within a specific city can help improve the allocation
level of healthcare resources. However, the estimated
coefficient was positive but insignificant in the model
without spatial effects, reminding us to treat this result
with caution. Finally, the estimated coefficients of city
size (SIZE) and government financial self-sufficiency
rate (GES) are insignificant. However, some studies
have reported that the impact of fiscal self-sufficiency
rate is significantly positive with nationwide and pro-
vincial samples [30]. The reason may be that the fiscal
self-sufficiency rate (average 44%) varies greatly among
provinces in China, whereas the city-level fiscal self-
sufficiency rate (average 68%) in the YRD is generally
high, which weakens its impact on healthcare resource
allocation. However, its spatial coefficient (W x In_GFS)
is significantly negative, suggesting that more empirical
evidence is required.
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Table 5 Empirical results of 3 convergence
Variable (1) (2) (3) (4)
Absolute B convergence Spatial absolute 8 convergence Conditional B convergence Spatial
conditional
B
convergence
two-way fixed effects OLS two-way fixed effects SEM two-way fixed effects OLS two-way
fixed effects
SDM
¢ 04717 0469 06277 0644
(0.027) (0.026) (0.055) (0.033)
In_SIZE -0.069 -0.030
(0.072) (0.061)
In_GDP 0.213" 0236
(0.094) (0.066)
In_UR 0.193 0.175"
(0.123) (0.074)
In_GFC 0.134" 0151
(0.050) (0.047)
In_GFS -0.011 0.073
(0.042) (0.051)
W x B -0.067
(0.270)
W x In_SIZE -0.829°
(0.487)
W x In_GDP 0.584
(0.464)
W x In_UR 0.172
(0.599)
W x In_GFC 0.097
(0.308)
W x In_GFS 1156
(0.395)
o/\ 0.345" 0307
(0.156) (0.162)
N 492 492 492 492
R? 0.527 0.284 0.580 0.010
Convergence rate 531% 527% 822% 8.61%

(a) ***, ** * indicate significance at the 1%, 5%, and 10% levels, respectively, and standard errors are in parentheses. (b) Estimated using Stata software

In order to further explore the impact of the above-
mentioned city heterogeneity variables on the S con-
vergence rate, we added their interactive terms with
the HRS to the empirical models. For the sake of model
identifiability, the panel model without spatial effects
is used for estimation. The results in Table 6 once
again confirm the positive effects of economic devel-
opment level (GDP) and government financial capacity
(GFC) on HRS. GDP does not affect the convergence
rate; whereas GFC significantly increases the con-
vergence rate. In addition, the impact of government
financial self-sufficiency (GFS) and city size (SIZE) is
still insignificant, but this result should be interpreted
in light of the fact that city size significantly inhibits
the convergence rate in the YRD considering the sig-
nificantly positive results of In_SIZE x B. It highlights

the negative impact of city size expansion on the bal-
anced allocation of healthcare resources, which needs
further empirical evidence.

Robustness test

Considering that different weight matrices may impact
spatial panel model estimation [68], and the presence
or absence of medical school in a city also matters for
healthcare resource supply, we need to test the robust-
ness of the above empirical results. We perform two dif-
ferent tests: (1) transforming the spatial weight matrix,
and (2) distinguishing whether there are medical schools
or graduate programs. Because the spatial inverse dis-
tance weight matrix used in the previous paper may be
affected by the geographic area of a particular city, the
distance between two adjacent cities may be greater than
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Table 6 The impact of city heterogeneity variables on 8 convergence

Model (5 (6) (7) (8) 9) (10)
B -1.258** -0.6597** -0.713%%* -0.332% -0.775%* -0.720**
(0.121) (0.153) (0.184) (0.085) (0.094) (0.296)
In_SIZE 0.086 -0.067 -0.064 -0.069 -0.068 0.052
(0.066) (0.062) (0.062) (0.060) (0.061) (0.071)
In_GDP 0.284%** 0.219%x* 0.215%** 0.215%** 0.222%* 0.237%**
(0.063) (0.069) (0.0640) (0.063) (0.064) (0.085)
In_UR 0.228*** 0.192%* 0.232%* 0.215%** 0.173** 0.290
(0.077) (0.079) (0.115) (0.078) (0.080) (0.203)
In_GFC 0.168*** 0.137%x* 0.1407* 0.024 0.161%** 0.047
(0.046) (0.049) (0.049) (0.055) (0.050) (0.076)
In_GFS -0.042 -0.006 -0.001 0.050 0.076 -0.036
(0.049) (0.055) (0.054) (0.052) (0.072) (0.093)
In_SIZEx 0.0947* 0.0797%*
(0.017) (0.019)
In_GDP x 3 0.003 -0.025
(0.016) (0.039)
In_URx B 0.024 0.024
(0.050) (0.104)
In_GFCx -0.117%%* -0.098"*
(0.031) (0.046)
In_GFS x 3 0.042* -0.012
(0.025) (0.061)
N 492 492 492 492 492 492
R? 0.607 0.580 0.580 0.593 0.583 0613

(a) ***, **, * indicate significance at the 1%, 5%, and 10% levels, respectively, and standard errors are in parentheses. (b) Estimated using Stata software

Table 7 Robustness test results of transformation space weight

matrix
Model Spatial absolute 8 convergence  Spatial
conditional
Y
convergence
two-way fixed effects SEM two-way
fixed effects
SDM
B -0.469*** -0.637***
(0.027) (0.033)
Wx 3 0.152**
(0.076)
p/\ 0.377% 0.347%**
(0.057) (0.058)
N 492 492
R? 0.284 0.195
Convergencerate  5.27% 8.44%

(a) ***, **, * indicate significance at the 1%, 5%, and 10% levels, respectively, and
standard errors are in parentheses. (b) Estimated using Stata software

the distance between non-adjacent cities; therefore, we
first use the spatial contiguity weight matrix to test the
robustness (Table 7). It can be seen that the convergence
coefficients are still significantly negative and the spatial
effect coefficients are significantly positive. Meanwhile,

the estimated coefficients are similar to those reported in
Table 5. These results show that the estimates obtained
by using spatial inverse distance matrix are robust.

Now we differentiate subsamples for cities to per-
form robustness test. Table 8 shows that under differ-
ent subsamples, the estimation coefficients of absolute
S convergence and conditional S convergence are both
significantly negative, indicating the robust conver-
gence in the YRD region. Moreover, significant spatial
effects are found in different models again. Further-
more, the spatial effect of medical-school subsamples is
significantly negative, indicating that cities with medi-
cal schools have a resource agglomeration effect, which
weakens HRS in neighboring cities. When narrowing
the sample size to cities with medical graduate educa-
tion, similar results are obtained. Since the agglomera-
tion may be related to urban population size, according
to the State Council [69], Type I (<5 million) and Type
I (>5 million) subsamples are used for further esti-
mation (Table 14 in Appendix). Robust results are
obtained again for the convergence and spatial effects.

Impact of healthcare reform policies

We now investigate the impact of the latest health-
care reforms. Since the impact may have a jump effect
at the start of the reform, and it may also affect the
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Table 8 Robustness test results of different medical education subsamples

Model Absolute B convergence Conditional B convergence
(11) (12) (13) (14) (15) (16)
No medical school Medical school Graduate education No medical school Medicalschool Graduate education
B -0.446*** -0.568*** -0.618*** -0.609*** -0.700*** -0.797***
(0.032) (0.053) (0.058) (0.041) (0.0552) (0.069)
Wx 3 -0.080 -0.810* -1.327%%*
(0.241) (0.456) (0.491)
o/A 0.345%* -0.592** -1.070%** 0.322** -0.847*** -1.143%%*
(0.156) (0.262) (0.281) (0.158) (0.284) (0.293)
N 276 216 168 276 216 168
R? 0.400 0.105 0111 0.082 0.141 0.100
Convergence rate  4.92% 6.99% 8.02% 7.83% 10.03% 13.29%

(a) ***, ** * indicate significance at the 1%, 5%, and 10% levels, respectively, and standard errors are in parentheses. (b) Estimated using Stata software

Table 9 Estimation results of 8 convergence with the descending healthcare resources reform

Model Absolute B convergence Conditional B convergence
(17) (18) (19) (20) (21) (22) (23) (24)
B -0.478*** -0476%** -0.478*** -0.475%** -0.626*** -0.644*** -0.628*** -0.643***
(0.048) (0.026) (0.048) (0.026) (0.054) (0.033) (0.054) (0.034)
DHR -0.044** -0.044** -0.063 -0.076 -0.028* -0.031* -0.001 -0.076
0.019) (0.018) (0.072) (0.052) (0.016) (0.018) (0.061) (0.056)
DHR x 3 -0.019 -0.032 0.026 -0.044
(0.057) (0.048) (0.051) (0.051)
Wx -0.058 -0.076
(0.277) (0.278)
p/A 0.346** 0.358** 0.309% 0.312*
(0.155) (0.154) (0.162) (0.162)
N 492 492 492 492 492 492 492 492
R? 0.533 0278 0.533 0.277 0.582 0.000 0.582 0.008

(a) ***, **, * indicate significance at the 1%, 5%, and 10% levels, respectively, and standard errors are in parentheses. (b) Estimated using Stata software

convergence rate after the initiation of the reform, the
dummy variable and its interaction are introduced
to the empirical model. Table 9 indicates that the
descending healthcare resources reform does not pro-
duce a robust jump effect with a negative but some-
times insignificant sign. It also does not significantly
affect the convergence rate of HRS. This result is robust
for both absolute and conditional S convergence esti-
mation. However, this result should not be interpreted
as the descending healthcare resources reform being
ineffective. On the contrary, some studies have found
that this reform is effective in promoting patients to
choose low-level hospitals [65].

We also need to estimate the impact of the comprehen-
sive medical reform launched in 2015 (Table 10). It can be
seen that although there is some evidence that the reform
dummy has a negative impact on the improvement of

HRS, this effect becomes insignificant when the interac-
tion term with S is added. The interaction term is insig-
nificant in both absolute S convergence and conditional 5
convergence estimation. These results do not offer robust
evidence for the impact of this reform on healthcare
resource allocation, which is consistent with the conclu-
sion of Wang [70].

Discussion

The imbalanced allocation of healthcare resources is a
common challenge around the world. However, such
imbalance in China mainly occurs between core (usu-
ally provincial capital) cities with high-level hospitals
and peripheral cities with vast rural areas and low-level
hospitals, which is characterized by the coexistence of
congestion of high-level hospitals and idle resources
of low-level ones [5]. Over the past two decades, the
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Table 10 Estimation results of 3 convergence with the comprehensive medical reform

Model Absolute B convergence Conditional  convergence
(25) (26) (27) (28) (29) (30) (31) (32)
B -0.470*** -0.469*** -0.470%** -0.468*** -0.625%** -0.638*** -0.628*** -0.638***
(0.047) (0.026) (0.046) (0.026) (0.053) (0.033) (0.054) (0.034)
CMR -0.062*** -0.063*** -0.073 -0.083 -0.056*** -0.054** -0.019 -0.060
(0.019) (0.020) (0.065) (0.054) (0.018) (0.024) (0.056) (0.055)
CMRx -0.011 -0.021 0.039 -0.007
(0.058) (0.053) (0.051) (0.055)
W x B -0.136 -0.145
(0.272) (0.275)
o/\ 0.330** 0.335** 0.296* 0.297*
(0.158) (0.158) (0.164) (0.164)
N 492 492 492 492 492 492 492 492
R’ 0.536 0.281 0.536 0.280 0.587 0.028 0.588 0.035

(a) ***, ** * indicate significance at the 1%, 5%, and 10% levels, respectively, and standard errors are in parentheses. (b) Estimated using Stata software

Chinese government began to increase investment in
low-level hospitals and promote the inflow of medical
human capital to low-level hospitals, so as to promote
the equalization of healthcare resource allocation. How-
ever, previous studies mainly used provincial-level data
and ignored the spatial correlation [29, 56, 57]. For the
first time, we use the data of prefecture-level cities in
representative YRD region to evaluate the spatial HRS
distribution and convergence in China, providing empir-
ical evidence on China’s evolving healthcare resources
allocation during the past decades.

Our empirical results show that the HRS in 41 cit-
ies at and above the prefectural in the YRD increases
significantly, and the results of Gini coefficient and var-
iation coefficient (¢ convergence) show that the imbal-
ance has significantly decreased, which is similar to the
results of Chen and Han [22]. Although different cities
with one province witnessed the reduced difference of
HRS, the provincial differences are still keeping obvi-
ous. Since the HRS in China is mainly financed from
local government below the provincial level, it is diffi-
cult to narrow the differences between provinces only
through efforts of local governments, and this is still
an important problem to be solved in China’s future
healthcare reform.

The convergence estimation of the HRS further sup-
ports the above-mentioned conclusion that the health-
care resource allocation in the YRD region has been
improved. The absolute S convergence estimation
indicates a more stable equilibrium trend within the
YRD, however, the conditional 5 convergence estima-
tion shows that intercity heterogeneity has a signifi-
cant effect on the convergence rate. This conclusions
are still robust when changing the spatial weight matrix

and differentiating the regression subsamples. We also
found that cities with stronger government financial
capacity and medical education have a higher rate of
convergence. The reason is that, the improvement of
government financial capacity means that local gov-
ernments have more financial funds to invest in public
goods such as healthcare resources, which is helpful to
promote convergence between cities [63]. Besides, cit-
ies with medical education have long-term accumulated
advantages of medical education resources agglomera-
tion, which can promote the HRS of the city by provid-
ing human capital supply for the medical market of a
specific city.

The results of Moran’s I and LISA cluster maps report
the significant spatial positive correlation of HRS in the
YRD region, and the agglomeration and diffusion effect of
different cities in geographical space, which suggests that
neglecting the spatial effect will produce biased estimation
results. Furthermore, our spatial panel model estimation
also found significant spatial spillover effects of healthcare
resource allocation in the YRD region, which was supported
by a nationwide study by Xin [30]. However, it should be
noted that if a specific city has medical schools or provides
medical graduate programs, it will have a negative spatial
spillover effect on its neighboring cities, again indicating the
resources agglomeration effect of medical education.

In recent years, China introduced the descending
healthcare resources reform and comprehensive medi-
cal reform. The existing literatures believed that these
reforms are conducive to more balanced healthcare
resources allocation by using provincial-level data or
micro-data of community-level hospital [24, 71], other
literatures believed that these reforms have little impact
on it [21]. In this paper, we take the reform dummy into



Shen and Sun Archives of Public Health (2022) 80:207

the model to estimate its convergence effect. We found
that the recent reforms do not exert a significant impact
on the HRS convergence. The explanation is that, the
descending healthcare resources reform mainly encour-
aged the flow and spillover of human capital from (urban)
high-level hospitals to low-level ones through govern-
ment orders and cost subsidies, and its policy effect
focused on the demand side by attracting patients to
low-level hospitals. Thus, the impact of the descending
healthcare resources reform is very different from the
reform launched in 2003, which aimed to improve the
infrastructure of low-level hospitals. While the compre-
hensive medical reform focuses on reforms like medical
service prices, healthcare worker’s salary, and medical
insurance, so its impact on healthcare resources supply is
relatively weak.

From the perspective of international research, this
study can provide some useful implications. First,
we recognize that the healthcare resources alloca-
tion requires financial growth in terms of healthcare
expenditures as well as increased human, and material
resources, measured by indicators like numbers of doc-
tors and beds. Compared with previous studies, this
paper used the entropy weight method to construct a
healthcare resource supply index from three dimensions
of human, material, and financial resources, which can
measure the healthcare resources allocation in a specific
region more comprehensively. Secondly, our empirical
results demonstrate the existence of significant spatial
effects among neighboring regions, suggesting that spa-
tial correlation should be fully considered in the study
of inter-regional healthcare markets within a country.
Finally, we added healthcare policy variables to the tra-
ditional convergence regression model, which could
provide an alternative methodology in estimating the
policy effects of healthcare reform and thus improve our
understanding of inter-regional convergence driven by
healthcare reforms.

It is necessary for us to report the limitations of this
study. First, although we construct the HRS index from
multiple dimensions based on available data, no human
capital factor is included in the index. Therefore, the
supply index may not fully reflect the qualitative change
of resources supply. Second, the close spatial connec-
tion and convergence in the YRD could reflect the effect
of China’s healthcare resources reform during the past
decades. However, if data are available in the future,
this study should be extended to all provinces and dif-
ferent city clusters in China, to reflect the huge differ-
ences among cities throughout the country. Finally,
both the descending healthcare resources reform and
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comprehensive medical reform mainly focus on the
demand side, and therefore, they do not have a signifi-
cant impact on the convergence of HRS. Future studies
should collect demand-side data to construct a demand
index and evaluate the spatial distribution and conver-
gence of demand in China. Such efforts will deepen our
understanding of the effect of China’s latest healthcare
reforms.

Conclusions and policy implications

This paper focuses on one representative region, the
YRD, and incorporates the spatial correlation factors
to explore the spatial pattern and convergence of Chi-
na’s healthcare resource allocation in the context of the
latest healthcare reforms. We use multi-index meas-
urement and spatial panel regression technology to
estimate the spatiotemporal evolution and spatial corre-
lation dynamics of healthcare resource allocation in the
YRD. This study also includes city heterogeneity factors
and healthcare reforms and estimates their marginal
effects.

It is found that during the sample period from 2007 to
2019, HRS in the YRD increased significantly and con-
verged rapidly. Meanwhile, significant spatial correlation
and agglomeration existed between provinces and cities,
and the estimation results all indicated the accumulation
of advantages of specific cities and their resource agglom-
eration effect in regional integration. In addition, differ-
ent from the Chinese government’s stated reform goal of
promoting balanced allocation of resources, our empiri-
cal study did not find robust evidence that the latest
reforms, including the descending healthcare resources
reform and comprehensive medical reform, could help
improve the convergence rate of healthcare resources in
the YRD.

This study demonstrates that in the context of sus-
tained and rapid economic growth, increased long-term
investment in infrastructure and human resources in
grassroots healthcare institutions, initiated in 2003, had
the effect of promoting HRS and convergence between
core and peripheral cities. In this convergence process,
identifying regions with low resource supply levels and
slower convergence rates, and then providing targeted
support are important for future reforms. City heteroge-
neity, characterized by population size and differences in
medical education, has a differentiated influence on the
convergence rate and produces different spatial effects,
which also highlights that city authorities should pay
attention to the prominent role of high-level hospitals
and medical education in the agglomeration of health-
care resources.
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Appendix
Figure 4, Tables 11, 12, 13 and 14.
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Fig. 4 The scope of the Yangtze River Delta in China. Source: The authors
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Table 11 Measurement results of the MRS from 2007 to 2019

City 2007 2009 2011 2013 2015 2017 2019
Shanghai 0347 0401 0.407 0.500 0.571 0.630 0.765
Hangzhou 0.248 0.285 0.359 0416 0.483 0.590 0.630
Ningbo 0.225 0.252 0.348 0.391 0445 0465 0.543
Wenzhou 0.145 0.161 0.291 0323 0.404 0.440 0.494
Jiaxing 0.195 0.229 0.271 0.289 0.358 0.398 0436
Huzhou 0.180 0211 0.252 0.299 0374 0419 0514
Shaoxing 0.162 0.195 0.284 0324 0.386 0438 0513
Jinhua 0.152 0.182 0.304 0358 0421 0453 0514
Quzhou 0.133 0175 0.280 0325 0415 0.490 0.533
Zhoushan 0.256 0318 0.375 0413 0525 0.543 0573
Taizhou 0.133 0.166 0.247 0.284 0.360 0401 0.464
Lishui 0.142 0.201 0.301 0.351 0455 0.522 0.606
Nanjing 0.251 0.265 0317 0370 0443 0.490 0.646
Wuxi 0.241 0.219 0314 0370 0425 0.497 0.601
Xuzhou 0.109 0.142 0.193 0.346 0.393 0461 0.506
Changzhou 0.197 0.224 0.243 0313 0.387 0424 0477
Suzhou 0.175 0.196 0.271 0.330 0.383 0454 0534
Nantong 0234 0.200 0.294 0.342 0.387 0461 0.502
Lianyungang 0.090 0.121 0.232 0.282 0.334 0.398 0.448
Huai'an 0.083 0.120 0.251 0.307 0.349 0.420 0435
Yancheng 0.087 0107 0.201 0.279 0.349 0.405 0413
Yangzhou 0.187 0171 0.247 0.291 0337 0.405 0422
Zhenjiang 0.169 0.183 0.235 0.291 0.622 0.357 0.391
Taizhou 0.124 0.141 0.260 0370 0.389 0426 0481
Sugian 0.070 0.103 0.234 0.262 0.351 0419 0461
Hefei 0.136 0215 0.255 0.291 0.340 0419 0.486
Wuhu 0.168 0219 0.251 0.293 0.364 0423 0430
Bengbu 0.105 0.181 0279 0322 0.361 0.389 0.442
Huainan 0.175 0223 0.349 0.391 0.406 0.381 0415
Ma'ansha 0.167 0.230 0.246 0.284 0337 0.368 0.396
Huaibei 0.182 0.231 0311 0312 0.355 0.372 0.406
Tongling 0211 0.256 0336 0.389 0.440 0.369 0415
Anging 0.096 0.137 0233 0.275 0.362 0.349 0401
Huangshan 0212 0.201 0273 0310 0.365 0412 0.442
Fuyang 0.049 0.125 0.262 0.288 0339 0.399 0442
Suzhou 0.060 0.137 0222 0.265 0318 0.354 0.359
Chuzhou 0.073 0.137 0.201 0.274 0.320 0.361 0.429
Lu'an 0.066 0.141 0217 0.254 0.363 0353 0.381
Xuancheng 0.100 0.159 0.227 0315 0.340 0.386 0.429
Chizhou 0.116 0.162 0.227 0.309 0.343 0.352 0.397
Haozhou 0.048 0.116 0.228 0.250 0.304 0336 0.400

* means two-year moving average interpolation of the number of registered nurses because of the missing of data in 2009
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Table 12 The healthcare reforms and medical education in the Yangtze River Delta, China
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City Descending healthcare Comprehensive Representative undergraduate medical school Graduate
resources reform medica reform education

Shanghai 2011.01 2016.02 Shanghai Jiao Tong University Yes
(earlier than 2007)

Hangzhou 2013.08 2017.03 Zhejiang University Yes
(earlier than 2007)

Ningbo 2013.08 2016.10 Ningbo University Yes
(earlier than 2007)

Wenzhou 2011.09 2016.12 Wenzhou Medical University Yes
(earlier than 2007)

Jiaxing 2011.10 2016.10 Jiaxing University No
(earlier than 2007)

Huzhou 2013.10 2016.10 Huzhou University No
(earlier than 2007)

Shaoxing 2010.12 2016.08 Shaoxing University No
(earlier than 2007)

Jinhua 2013.09 2016.09 No No

Quzhou 2015.04 2017.02 No No

Zhoushan 2014.01 2016.08 No No

Taizhou 2013.09 2016.10 Taizhou University No
(earlier than 2007)

Lishui 2013.10 2016.12 Lishui University No
(2010)

Nanjing 2013.05 2015.10 Nanjing Medical University Yes
(earlier than 2007)

Wuxi 2014.12 2015.04 Wuxi School of Medicine, Jiangnan University No
(2012)

Xuzhou 2015.10 2015.10 Xuzhou Medical University Yes
(earlier than 2007)

Changzhou 2013.07 2015.08 Changzhou University No
(20171)

Suzhou 2015.03 2015.05 Soochow University Yes
(earlier than 2007)

Nantong 2015.07 2015.07 Nantong University Yes
(earlier than 2007)

Lianyungang 2016.01 2015.12 Nanjing Medical University No
(2013)

Huai'an 2015.09 2016.05 No No

Yancheng 2015.10 2015.05 No No

Yangzhou 2015.04 2015.08 Yangzhou University Yes
(earlier than 2007)

Zhenjiang 2015.05 2015.02 Jiangsu University Yes
(earlier than 2007)

Taizhou 2015.10 2016.03 Nanjing University Of Chinese Medicine No
(2010)

Sugian 2016.06 2017.12 No No

Hefei 2014.12 2015.03 Anhui Medical University Yes
(earlier than 2007)

Wuhu 2016.09 2015.05 Wannan Medical College Yes
(earlier than 2007)

Bengbu 2014.08 2015.10 Bengbu Medical College Yes
(earlier than 2007)

Huainan 2014.08 2015.03 Anhui University of Science and Technology Yes
(earlier than 2007)

Ma'ansha 2015.04 2015.03 No No

Huaibei 2014.10 2015.03 No No

Tongling 2014.06 2015.06 No No




Shen and Sun Archives of Public Health (2022) 80:207 Page 20 of 22
Table 12 (continued)
City Descending healthcare Comprehensive Representative undergraduate medical school Graduate
resources reform medica reform education
Anging 2015.04 2015.04 No No
Huangshan 2015.12 2015.03 No No
Fuyang 2015.04 2015.04 No No
Suzhou 2015.04 2015.03 No No
Chuzhou 2015.04 2015.04 No No
Luan 2015.05 2015.03 No No
Xuancheng 2016.06 2015.03 No No
Chizhou 2015.06 2015.03 No No
Haozhou 2015.05 2015.03 No No

Source: The authors’ collection

Table 13 Results of LISA cluster in the Yangtze River Delta, China

Year Agglomeration relation The List of core cities
number of core city

2007 HH 4 Shanghai, Suzhou, Jiaxing, Zhoushan
LL 5 Xuzhou, Lianyungang, Bengbu, Huai'an, Sugian
LH 1 Xuancheng
HL 2 Huaibei, Huainan

2013 HH 3 Nantong, Suzhou, Zhoushan
LL 2 Bengbu, Huai'an
LH 1 Jiaxing
HL 3 Xuzhou, Nanjing, Huainan

2019 HH 4 Suzhou, Quzhou, Jinhua, Zhoushan
LL 4 Fuyang, Bengbu, Anging, Chizhou
LH 1 Jiaxing
HL 3 Hefei, Nanjing, Xuzhou

H/L represents the high/low supply of healthcare resources respectively, including four clustering relationships (HH, LL, LH and HL)

Table 14 3 convergence regression results for different city size

subsamples
Model Absolute B convergence Conditional B
convergence
(1) (2) (3) (4)
Typell Typel ll Typel Typell
B -0467*** -0.498*** -0.631%** -0.975%**
(0.029) (0.067) (0.035) (0.132)
o/A 0.354** -0.872%** 0311* -0.888***
(0.154) (0.296) (0.161) (0.304)
Wx B -0.186 -1.678**
(0.267) (0.755)
N 384 108 384 108
R’ 0329 0.098 0.012 0.131

Type | and Type Il denote cities with urban population <and > 5 million,

respectively
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