
TYPE Original Research

PUBLISHED 16 March 2023

DOI 10.3389/fpubh.2023.1074417

OPEN ACCESS

EDITED BY

Jay Pan,

Sichuan University, China

REVIEWED BY

Chen Lu,

University of Chinese Academy of

Sciences, China

Anar Amgalan,

University of Southern California, United States

*CORRESPONDENCE

Shixiang Zhang

zsxwh@126.com

Tao Wang

18521316637@163.com

Lufa Zhang

zhanglf@sjtu.edu.cn

Weimin Gao

546270778@qq.com

†These authors share first authorship

SPECIALTY SECTION

This article was submitted to

Health Economics,

a section of the journal

Frontiers in Public Health

RECEIVED 19 October 2022

ACCEPTED 15 February 2023

PUBLISHED 16 March 2023

CITATION

Dong E, Sun X, Xu T, Zhang S, Wang T, Zhang L

and Gao W (2023) Measuring the inequalities in

healthcare resource in facility and workforce: A

longitudinal study in China.

Front. Public Health 11:1074417.

doi: 10.3389/fpubh.2023.1074417

COPYRIGHT

© 2023 Dong, Sun, Xu, Zhang, Wang, Zhang

and Gao. This is an open-access article

distributed under the terms of the Creative

Commons Attribution License (CC BY). The use,

distribution or reproduction in other forums is

permitted, provided the original author(s) and

the copyright owner(s) are credited and that

the original publication in this journal is cited, in

accordance with accepted academic practice.

No use, distribution or reproduction is

permitted which does not comply with these

terms.

Measuring the inequalities in
healthcare resource in facility and
workforce: A longitudinal study in
China

Enhong Dong1,2,3†, Xiaoting Sun4†, Ting Xu1, Shixiang Zhang5*,

Tao Wang6*, Lufa Zhang3,7* and Weimin Gao8*

1Department of Health Management, School of Nursing and Health Management, Shanghai University of

Medicine and Health Science, Shanghai, China, 2Health and Medical Communication Research Center,

School of Media and Communication, Shanghai Jiao Tong University, Shanghai, China, 3Institute of

Healthy Yangtze River Delta, Shanghai Jiao Tong University, Shanghai, China, 4College of Public Health

and Family Medicine, Shanghai Tongji Hospital, Tongji University School of Medicine, Shanghai, China,
5Emergency Medical Rescue Technology Research Institute, Shanghai University of Medicine and Health

Science, Shanghai, China, 6Department of Emergency Medicine, Shanghai Tongji Hospital, Tongji

University School of Medicine, Shanghai, China, 7Department of Public Economy and Social Policy,

School of International and Public A�airs, Shanghai Jiao Tong University, Shanghai, China, 8Department

of Pharmacy, School of Pharmaceutical Sciences and Yunnan Key Laboratory of Pharmacology for

Natural Products, Kunming Medical University, Kunming, China

Objective: The study aimed to measure time trends of inequalities of the

geographical distribution of health facilities and workforce in Shanghai from 2010

to 2016 and used a spatial autocorrelation analysis method to precisely detect

the priority areas for optimizing health resource reallocation in metropolises like

Shanghai in developing countries.

Methods: The study used secondary data from the Shanghai Health Statistical

Yearbook and the Shanghai Statistical Yearbook from 2011 to 2017. Five indicators

on health resources, namely, health institutions, beds, technicians, doctors, and

nurses, were employed to quantitatively measure the healthcare resource in

Shanghai. The Theil index and the Gini coe�cient were applied to assess the

global inequalities in the geographic distribution of these resources in Shanghai.

Global and local spatial autocorrelation was performed using global Moran’s index

and local Moran’s index to illustrate the spatial changing patterns and identify the

priority areas for two types of healthcare resource allocation.

Results: Shanghai’s healthcare resources showed decreasing trends of inequalities

at large from 2010 to 2016. However, there still existed an unchanged

over-concentration distribution in healthcare facilities and workforce density

among districts in Shanghai, especially for doctors at the municipal level and

facility allocation at the rural level. Through spatial autocorrelation analysis, it

was found that there exhibited a significant spatial autocorrelation in the density

distribution of all resources, and some identified priority areas were detected for

resource re-allocation policy planning.

Conclusion: The study identified the existence of inequality in some healthcare

resource allocations in Shanghai from 2010 to 2016. Hence, more detailed

area-specific healthcare resource planning and distribution policies are required

to balance the health workforce distribution at the municipal level and institution

distribution at the rural level, and particular geographical areas (low–low and

low–high cluster areas) should be focused on and fully considered across all the

policies and regional cooperation to ensure health equality for municipal cities like

Shanghai in developing countries.
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Introduction

Health inequality refers to the unjust and avoidable difference

in people’s health across the whole population and between

specific population groups (1, 2). It could induce health equity,

which is of great importance to the health system and access

to healthcare and can provide the opportunity for enjoying

equitable healthcare services among different groups irrespective

of their gender, race, economic or political belief, and geographic

location. Many scholars have unanimously agreed that access to

equitable, effective, and economic healthcare services is important

for health promotion, disease prevention, reduction in unnecessary

disability, and premature death, and thus securing health equity

(3, 4). Equitable geographical distribution of healthcare resources

is essential to access healthcare services as it can ensure access for

those vulnerable groups who lack affordable transportation (5, 6).

Conversely, inequality in healthcare goes against the principles of

social justice. It is shaped by social determinants beyond the control

of individuals and limits people’s opportunities to live longer and

healthier lives (7, 8). It means that everyone does not have an

equal right to access the highest attainable standard of physical and

mental health (9). Previous studies have proved that the uneven

distribution of healthcare resources results in growing disparities

in wellbeing and health outcomes between the rich and poor (e.g.,

average life expectancy, morbidity, and mortality) (7–11).

The terms “inequity” and “inequality” can sometimes be

confused in their significations as they both point out existing

disparities that are unjust and socially unacceptable as well (12, 13),

but they cannot be considered synonyms as they suggest different

causes underlying similar consequences. Inequity is the unequal

consequences of mal-governance, wrongdoings of institutions, or

cultural exclusion, whereas inequality indicates that the lack of

innate endowment is the key determinant of uneven distribution

of resources. Health inequity, or health disparity, is a specific type

of health inequality signifying the unfair discrepancies in health,

which is systematic and avoidable by plausible approaches. Health

inequality, in this sense, is viewed as the quantitative objective

description of unfair and legitimate differences that cannot be

attributed to any individual responsibility (14). According to

Braveman’s definition, inequality is referred as “differences in

the distribution of resources or outcomes among people due to

conditions that can be minimized or modified by policies” (15).

Accordingly, health inequality can be reduced by amendable health

policies of the governments. Being connected in their meanings,

equity, and inequity tend to trigger discussions on social and

distributive justice. Inequity raises concerns about unfair and

uneven distributions of resources. The application of social and

distributive justice principles enables societies to allocate resources

based on needs, which often leads to a proportional allocation of

resources. In some cases, those allocations might be unfair in terms

of equality.

Since the mid-1980s, China has experienced rapid

urbanization. Along with the uneven economic development

between the east and west of China, and between rural and

urban areas, the gaps in healthcare resource distribution enlarged.

Compared to the more developed eastern provinces, western and

central China have fewer health institutions, facilities, and health

staffing (11, 16). Notably, such gaps also exist in areas of different

urbanization levels in developed cities. For example in Shanghai,

central districts have higher densities of healthcare resources than

suburban districts do, reflected in the number of doctors and

equipment per 1,000 of the population from 2010 to 2016 (8).

To ensure social justice and address inequalities in healthcare

resources, the Chinese government has launched a novel phase of

health reform since 2009, aiming to reverse the market-oriented

health system into one that ensures easy access to safe, efficient,

convenient, equitable, and affordable healthcare services to every

household. In compliance with the central reform guidelines,

the Shanghai municipal government also made targeted efforts

to alleviate disparities in the allocation of healthcare resources

between rural and urban areas.

A considerable body of studies has reported the variations in

the regional distribution of healthcare resources and inequality

of their allocation as a result across China’s 31 regions (1, 8,

11, 17–24). Most of them focused on describing the regional

distribution gaps (e.g., rural and urban areas) or variations across

different levels of medical institutions (e.g., tertiary hospitals and

primary health centers) in the quantity and inequality in healthcare

resource allocation in China. To the best of our knowledge, little

research has been done on examining the change of the differences

in geographic distribution and on measuring the inequality of

healthcare resource allocation over time since China’s 2009 reform

(8, 25, 26). Moreover, the identification of priority areas for

further re-planning and re-allocation of healthcare resources based

on a comprehensive comparison of different types of healthcare

resources was also scarce up to now. Furthermore, even though

the empirical investigations of inequality in the health workforce or

facility distribution have been conducted widely between groups,

such as counties, provinces, states, or rural–urban areas, this

between-group disparity ratio merely reflected the average density

differences between the two strata. They completely ignored the

inter-unit (inter-county) density differences within the strata,

which could turn out to be quite large.

In doing so, on the basis of our previous research (8, 25),

using the same dataset targeting a mega-city in China, this study

first examines the trends and differences in the geographical

distribution of medical institutions, beds, technicians, doctors, and

nurses in Shanghai from 2010 to 2016. Second, this study further

measures the inequality of these healthcare resources using the

Theil index and spatial statistics for detecting the priority areas

to provide evidence for the government’s healthcare resources

planning and allocation policies that are being designed for mega-

cities such as Shanghai in developing countries.

Methods

Data collection

Considering the nearly 1-year time delay that existed in

publishing Chinese official annual yearbooks, the study used

secondary administrative data retrieved from the Shanghai Health

Statistical Yearbook and Shanghai Health Commission and

Shanghai Statistical Yearbook from 2011 to 2017 published by

Shanghai Statistics Bureau. These official yearbooks reported

open data annually on measures of healthcare (Shanghai Health
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Statistical Yearbook) and indicators of economic and social

development (Shanghai Statistical Yearbook) from 16 municipal

administrative divisions.

In Shanghai’s 2009 medical reform, the “5 + 3+1” policy of

expanding nine tertiary hospitals in the suburbs of Shanghai had

set clear objectives to reinforce the utility and responsibility of

public hospitals and to ameliorate the construction of the public

health system. In the guidance of such policy, nine tertiary hospitals

were constructed in suburban regions while a “1,560” radius of

residence area accessible to healthcare services was guaranteed, so

that patients in suburban and rural regions in Shanghai could easily

get access to primary care institutions within 15-min walk, and to

a tertiary hospital within 60-min via public transportation (27).

Ideally, as the results showed, the healthcare resource per capita has

increased in these areas, and the gap between urban and rural areas

has reduced tremendously.

As a municipal city, Shanghai currently consists of 16 districts,

among which are seven urban, two semi-urban, and semi-

suburb, and seven suburban districts (see Supplementary Figure 1).

Shanghai’s urban administrative divisions are as follows: Hongkou,

Huangpu, Changning, Yangpu, Xuhui, Jing’an, and Putuo. Its

rural administrative divisions are Jiading, Songjiang, Chongming,

Qingpu, Jinshan, Fengxian, and Baoshan. The remaining semi-

urban and semi-suburb districts are Pudong New Area and

Minhang. From 2010 to 2016, three administration changes have

taken place in Shanghai as strategies to enhance administrative

efficiency and cut administrative costs. To be more exact, in 2011,

Luwan District was incorporated as the new Huangpu District;

similarly, in 2015, Zhabei District was merged into Jing’an District;

and Chongming County was renamed and regarded as Chongming

District in 2016, suggesting an upgradation in its administrative

level. To ensure the consistency of data in cross-sectional data, we

reformatted the current data of the 16 administration divisions by

combining the data of Luwan with that of Huangpu and the data of

Zhabei with that of Jing’an in 2010.

Measures

Five indicators of two aspects were computed and used to

quantitatively measure the healthcare resource within each district

of Shanghai. The facility resource was measured by the number of

institutions and beds per 1,000 population. The workforce resource

was measured by the number of technicians per 1,000 population,

the number of doctors per 1,000 population, and the number of

nurses per 1,000 population. The detailed definitions of the five

indicators and the way they were calculated are demonstrated in

the Supplementary material.

Data analysis

To measure the inequality of healthcare resource allocation,

many types of statistical methods are used, such as the Gini

coefficient, the Theil index, and the Atkinson index, and a spatial

autocorrelation analysis (28). Every method has its own strengths,

for example, the Theil index can be used to measure the overall

degree of differences, but it uniquely shows the contributions

within a subgroup and between subgroup components on the basis

of the calculated contribution rate (19, 29). In this study, both

the Theil L measure and the Theil T index were calculated to

measure the inequality since these indexes are the most desirable

decompositionmeasures of inequalities and could identify different

sources of inequalities. The Theil L measure is decomposable

in a better sense than the Theil T, but the Theil T index is

complementary to the Theil L index when there is zero population

in a unit. Certainly, as the most well-recognized measure (30,

31), the Gini coefficient was also applied to calculate, with 0

representing perfect equality and 1 representing total inequality.

The range of 0–0.3 means comparatively fair, and a value of 0.4

is considered to be a warning limit, while a value >0.4 indicates

the existence of inequality. By comparison, spatial statistics help

bring to light the equity of healthcare resource distribution for

local units and can identify the distinctive administrative units,

which tend to be the priority areas for promoting healthcare

resource distribution equitably. To comprehensively assess the

global inequality of healthcare resources for an entire region, as well

as the local inequality of healthcare resources for its local units, we

applied both the Theil index and the spatial autocorrelation analysis

to investigate the inequality of five healthcare resource indicators in

Shanghai from 2010 to 2016 as mentioned in the following sections.

Theil index evaluation

The Theil index was applied to evaluate the inequity of

healthcare resource allocation. The Theil index was initially

developed to measure the inequality between distinct groups,

known as the between-region difference (32). This formula can be

defined as follows:

T =
∑

k
i=1wi ln(

wi

ei
) (1)

Where wi is the proportion of the income of group i accounting

for the total income of all groups and ei represents the proportion

of the people in group i accounting for the overall population of all

groups. In this study, we defined wi as the proportion of healthcare

resources in district i accounting for the resources of the whole city,

and we defined ei as the proportion of the population in district i

accounting for the overall population of the city.

Furthermore, the Theil index can be divided into Tinter and

Tintra, and the calculation of Tinter and Tintra is as follows (2):

T = Tinter + Tintra

Tinter =
∑

m
j=1Pj × log(

Pj

Yj
) (2)

Tintra =
∑

m
j=1Pj × Tj (3)

Where Pj is the proportion of the three groups (urban,

semi-urban and semi-suburb, and suburban regions) population

accounting for the overall population of Shanghai; Yj is the
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proportion of healthcare resources owned by the three groups

accounting for the total number of healthcare resources; and Tj

is the T of the three groups. The value of the Theil index ranges

from 0 to 1, with 0 representing perfect equality and 1 representing

completely unequal.

Global and local spatial correlation
evaluation

To assess the correlation between each indicator and its spatial

location, Moran’s index (Moran’s I) and local Moran’s index

(local Moran’s I) were calculated for global and local spatial

autocorrelation, respectively (25, 32–35). Global Moran’s I and the

local Moran’s I were used to evaluate the entire degree of spatial

autocorrelation and estimate the local autocorrelation between a

single position and its neighbors, respectively.

First, we constructed the appropriate spatial weight matrix

which illustrates the location information of the geographical

units to calculate Moran’s indexes and conduct the spatial

autocorrelation analysis of the target geographical units.

Essentially, spatial weights can be constructed in two ways:

either based on contiguity from polygon boundary files or based

on the distance between points. Here, we chose contiguity-based

spatial weights since our main interest lies in understanding spatial

interdependence between adjacent administrative divisions. This

study adopts a widely used strategy to construct the spatial weight,

a binary contiguity matrix with the rook criterion, i.e., spatial

neighboring criterion based on border sharing. For example, in the

following formula (4), i and j are administrative units in Shanghai.

If they are adjacent provincial units, the value of Wij will be 1, and

if these two units share no border, the value of Wij will be 0. We

have row-standardized the spatial weight matrix to control the

influences from the number of bordering units.

wij =

{

1 ifif two geographical units i and j share borders

0 otherwise
(4)

The formula for calculating global Moran’s I is defined

as follows:

I =
n

∑n
i=1

∑n
j=1 wij

�

∑n
i=1

∑n
j=1 wij (xi − x)

(

xj − x
)

∑n
i=1 (xi − x)2

i 6= j (5)

Where n represents the total number of districts (n = 16); Xi

and Xj are the density of institutions, beds, technicians, doctors,

and nurses of the ith and jth district of interest; x is the average

density of institutions, beds, technicians, doctors, and nurses of

16 districts; and Wij refers to the spatial weight between location

i and j. Global Moran’s I ranges from −1 to 1 and resembles

the Pearson correlation coefficient in interpretation. If a global

Moran’s I is above 0, it indicates a positive spatial autocorrelation

(concentration tendency of similar values, high with high and low

with low; the classification of high and low values depends on the

mean value), and a higher value indicates stronger correlations.

If a global Moran’s I is <0, it indicates a negative correlation

(concentration tendency of dissimilar values, high with low). In

particular, 0 means that all the high and low values are randomly

distributed in space.

Similarly, the formula for calculating local Moran’s I is defined

as follows:

I =
n(xi − x)

∑n
j=1 wij

(

xj − x
)

∑n
i=1 (xi − x)2

i 6= j (6)

The explanations of parameters in formula (6) were the same

as those in formula (5). Through computing local Moran’s I value,

the corresponding cluster map was generated to classify the spatial

association into four quadrants categories referred to as high–high,

low–low, low–high, and high–low, relative to the mean, which is

the center of the graph.

The value of local Moran’s I varies from −1 to 1. A positive

value approaching 1 means a stronger geographical concentration

of units with similar values (high–high, low–low; high values and

low values are classified based on the mean value), while that

approaching−1 stands for the opposite situation (low–high, high–

low clustering patterns). If local Moran’s I= 0, it means the random

distribution of the units.

Theil index computation was performed using Stata statistical

software version 15.0 (StataCorp LP, College Station, TX, USA).

The software GeoDa was used for spatial analysis and clustering

map generation.

Results

Inequality trends based on Theil indexes
from 2010 to 2016

At municipal level
Comparing the respective results for each year, both Theil T

and Thiel L indexes perform better for the technicians, doctors,

nurses, and beds than institutions (see Table 1). This indicated that

the inequality in the health workforce and hospital bed allocation

was more severe than the inequality in the institution as a whole.

From 2010 to 2016, except for the number of doctors, there

were decreasing trends for the indexes of all the other indicators

which indicated an overall decrease in the inequality in healthcare

resources in Shanghai over 7 years. Similarly, the same time

trends of inequality for healthcare resources at the municipal level

were also seen in terms of the Gini coefficient (see Table 2). The

data show that the Gini coefficients of those healthcare resources

ranged between 0.2517 and 0.3874, indicating relatively proper

equality, especially for health institutions. Notedly, regarding the

decomposition of inequality, between-region inequality accounted

for 60% or more of municipal inequality in the distribution

of health workforce and bed resources for both Theil L and

Theil T indexes from 2010 to 2016. However, it only explained

0.51–50% of overall inequality in the distribution of institutions

for both Theil T and Theil L indexes in the same period. In

contrast, within-region inequality accounted for more than half

of municipal inequality in the distribution of institutions for both

Theil T and Theil L indexes from 2010 to 2016, especially, it
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TABLE 2 Trends of the Gini coe�cients for the health resources in

Shanghai at municipal level from 2010 to 2016.

Gini
coe�cient

2010 2011 2012 2013 2014 2015 2016

IPK 0.2335 0.2517 0.2436 0.2158 0.2153 0.2185 0.2214

BPK 0.3409 0.3427 0.3385 0.3387 0.3382 0.3434 0.3330

TPK 0.3748 0.3692 0.3664 0.3567 0.3622 0.3629 0.3650

DPK 0.3463 0.3452 0.3454 0.3310 0.3410 0.3437 0.3481

NPK 0.3874 0.3839 0.3797 0.3725 0.3723 0.3791 0.3828

IPK, Number of institutions per 1,000 people; BPK, Number of beds per 1,000 people; DPK,

Number of doctors per 1,000 people; TPK, Number of technicians per 1,000 people; NPK,

Number of nurses per 1,000 people.

overwhelmingly accounted for the inequality of health institutions

from 2013 (Theil T:89.99%; Theil L:87.90%), and kept increasing

until 2016 (Theil T:99.49%; Theil L:99.48%) (see Table 3 and

Supplementary Table 1).

At regional level

Similarly, at the district level, declining trends were observed

in the Theil indexes of healthcare resource allocation indicators

in central and rural areas, while steady trends of these indexes

were observed in semi-urban and semi-suburb areas (see

Supplementary Figure 2). However, there was an exception for the

Theil index of institutions in rural districts where it showed an

upward trend from 2010 to 2016. Interestingly, when comparing

the data from the same year, the Theil indexes of the institutions,

doctors, technicians, nurses, and beds in the semi-urban and semi-

suburb districts were all far lower than those in the central and rural

areas. It indicated equality of healthcare resource allocation in the

semi-urban and semi-suburbs was higher than that in the central

and rural districts in Shanghai during the period.

Inequality trends based on spatial
autocorrelation analysis from 2010 to 2016

Global spatial autocorrelation
In Table 4, significant global spatial autocorrelations were

found in all the indicators of health resources from 2010 to 2016

(all p < 0.05), with the exceptions for the number of institutions

per 1,000 population from 2013 to 2016 (p > 0.05).

As shown in Figure 1, most of the administrative districts were

located in Quadrants II and III in 2010 for institutions, beds, and

health workforce, suggesting a strongly negative and positive spatial

autocorrelation, respectively. From 2010 to 2016, global Moran’s

I increased by certain degrees for all indicators, with a negative

spatial autocorrelation in the institution and positive spatial

autocorrelation in the other indicators, and it indicates an upward

tendency for spatial discrepancy and autocorrelation, respectively.

Notably, during the 7 years, except for institutions, the increase

of the positive global Moran’s I for beds, technicians, doctors,

and nurses all accelerated after 2010 (Table 4). For example, global

Moran’s I increased by 0.049, 0.041, 0.011, and 0.047 for beds,
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TABLE 3 The trends of Theil indices and their decomposition for the health resources in Shanghai from 2010 to 2016.

Indicator 2010 2011 2012 2013 2014 2015 2016

Theil T Theil L Theil T Theil L Theil T Theil L Theil T Theil L Theil T Theil L Theil T Theil L Theil T Theil L

IPK BR 0.0427 0.0430 0.0488 0.0491 0.0474 0.0478 0.0082 0.0088 0.0075 0.0082 0.0083 0.0092 0.0004 0.0004

WR 0.0489 0.0461 0.0572 0.0531 0.0492 0.0462 0.0663 0.0639 0.0664 0.0639 0.0682 0.0654 0.0783 0.0760

Total 0.0916 0.0891 0.1060 0.1022 0.0966 0.094 0.0745 0.0727 0.0739 0.0721 0.0765 0.0746 0.0787 0.0764

BPK BR 0.1107 0.1149 0.1182 0.1235 0.1181 0.1234 0.1199 0.1255 0.1218 0.1275 0.1288 0.1352 0.0628 0.1274

WR 0.0779 0.0711 0.0713 0.0647 0.0665 0.0596 0.0661 0.0576 0.0652 0.0545 0.0651 0.0523 0.1217 0.0476

Total 0.1886 0.1860 0.1895 0.1882 0.1846 0.1830 0.1860 0.1831 0.1870 0.1820 0.1938 0.1875 0.1845 0.1750

TPK BR 0.1516 0.1610 0.1496 0.1586 0.1481 0.1568 0.1360 0.1430 0.1447 0.1528 0.1491 0.1580 0.1519 0.1623

WR 0.0864 0.0647 0.0803 0.0603 0.0788 0.0587 0.0777 0.0598 0.0758 0.0568 0.0716 0.0539 0.0741 0.0520

Total 0.2380 0.2257 0.2299 0.2189 0.2269 0.2155 0.2137 0.2028 0.2205 0.2096 0.2207 0.2119 0.2260 0.2143

DPK BR 0.1310 0.1374 0.1308 0.1373 0.1330 0.1397 0.1108 0.1150 0.1238 0.1292 0.1295 0.1358 0.1334 0.1408

WR 0.0732 0.0549 0.0725 0.0542 0.0704 0.0520 0.0740 0.0590 0.0712 0.0557 0.0686 0.0532 0.0731 0.0534

Total 0.2042 0.1923 0.2033 0.1915 0.2034 0.1917 0.1848 0.1740 0.1950 0.1849 0.1981 0.1890 0.2065 0.1942

NPK BR 0.1671 0.1789 0.1628 0.1739 0.1598 0.1704 0.1522 0.1615 0.1606 0.1713 0.1676 0.1794 0.1715 0.1853

WR 0.0842 0.0634 0.0839 0.0640 0.0820 0.0618 0.0801 0.0609 0.0756 0.0559 0.0722 0.0532 0.0747 0.0511

Total 0.2513 0.2423 0.2467 0.2379 0.2418 0.2322 0.2323 0.2224 0.2362 0.2272 0.2398 0.2326 0.2462 0.2364

IPK, Number of institutions per 1,000 people; BPK, Number of beds per 1,000 people; DPK, Number of doctors per 1,000 people; TPK, Number of technicians per 1,000 people; NPK, Number of nurses per 1,000 people; BR, Between-region; WR, Within region.
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technicians, doctors, and nurses, respectively, but negative global

Moran’s I decreased by 0.049 for institutions instead. In total, the

increase in positive global Moran’s I indicates that the relatively

serious spatial autocorrelation gradually increased for beds and

workforce while the decrease in negative global Moran’s I indicates

that spatial discrepancy increased. In addition, the number of

points situated in Quadrants I and IV gradually increased for

institutions, while the number of points in the same quadrants

keep evidently unchanged for beds and workforce during the

entire period.

Spatial classification

Through global spatial autocorrelation statistics, Figure 2

presents the detailed spatial classifications of 16 administrative

divisions for institutions, beds, doctors, technicians, and nurses,

respectively. For institutions at all the time points, most of the

urban administrative districts were situated evidently in Quadrants

I, II, III, and IV, whereas the rural administrative units were

mainly distributed in Quadrant II (low–high type) and III (low–low

type), indicating a regional disparity of the institution distribution.

Notably, since 2010, the number of administrative units belonging

to the low–high and low-low types decreased continually, from

7 in 2010 to 6 in 2016, and 5 in 2010 to 4 in 2016. In

addition, the number of administrative units belonging to high–

high and high–low groups both increased by 1 during the entire

period, respectively.

Regarding beds, technicians, doctors, and nurses were all

shown the same distribution, meaning still remained unchanged

in the spatial autocorrelation classification, with more urban

administrative districts placed in high–high type (quadrant I) and

more rural administrative units located in low–high and low–

low types (quadrant II and III) during the entire period. There

were no number changes observed in the spatial transformation

of the four types after 2009’s health reform. For example, the

urban administrative districts (HP, XH, CN, and PT) were evenly

distributed in the four quadrants, whereas dual-semi administrative

districts (MH and PD) were steadily located in Quadrant II (low–

high type), and the rural administrative ones (BS, JD, JS, SJ, QP, FX,

and CM) were mainly evenly distributed in two quadrants (low–

high and low–low types), especially Quadrant III (low–low type)

during the entire period.

Local spatial autocorrelation

The univariate LISA cluster map shows that five types of

healthcare resources have their own characteristics (Figure 3). For

institutions in 2010, the high–high cluster units can be found in

urban areas, such as JA and XH districts, while the low–low cluster

units can be found in rural areas, such as SJ, JS, and FX. However,

in 2013 and 2016, there was no significant clustering of “hotspot”

or “coldspots” showing up in the aforementioned districts for the

number of health institutions. Similarly, the high–high cluster units

can be also found in urban areas for beds, such as JA, HP, and XH

districts, while the low–low cluster units can be found in rural areas,
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FIGURE 1

Moran’s I scatterplots for institutions, beds, technicians, doctors, and nurses in 2010, 2013, and 2016.

such as CM, QP, JS, and FX. In addition, the complexity of high–

high cluster features increased over time. HK district moved into

the high–high cluster feature in 2016, while the low–low cluster

feature of JD was no longer significant at the last time point.

Instead, SJ had become an exhibit of a significant L–L cluster feature

at the same time point.

For the health workforce, during the entire period, numbers

of technicians, doctors, and nurses were shown the same cluster

feature that L–L cluster areas were all located in four rural

administrative districts (QP, SJ, JS, and FX), whereas the H–H

cluster areas were all located in urban administrative districts,

such as JA, XH, and HP. Moreover, the CM district moved out of
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FIGURE 2

Classification of four types of spatial autocorrelation for institutions (A), beds (B), technicians (C), doctors (D), and nurses (E) from 2010 to 2016.

L–L cluster areas gradually from 2010 to 2016, and HK remained

unchanged in belonging to the H–H cluster type for nurses during

the 7-year period. Due to space limitations, only clustering maps in

2010, 2013, and 2016 are provided in Figure 3.

Robustness test

In order to verify the reliability of the abovementioned analyses,

the robustness of results was tested using a transformation of the

spatial weights matrix. Referring to the study by Parent et al.

(37), the spatial adjacency matrix was replaced by the geographical

inverse distance weight matrix. The results on time trends of spatial

autocorrection of healthcare resources and the significance of the

results were mainly consistent with the original analyses, which

confirmed that the findings of the present study have satisfactory

robustness. Detailed results are presented in Supplementary Table 2

and Supplementary Figures 3, 4.

Discussion

This study explored time trends of inequality of distribution

in healthcare resources at the municipal level and district level

in Shanghai from 2010 to 2016. It confirmed the reduction of

the inequalities of medical resources distribution in Shanghai

after 2009’s new reform. However, we also investigated the severe

situation of inequality of doctor allocation at the municipal level

and health institution allocation at the rural level and further

explored spatial changing patterns and geographic clustering

features that existed across 16 districts during these 7 years by using

the spatial autocorrelation method.

First, inequality of healthcare resource allocation was largely

improved; however, some types of healthcare resources were

unevenly distributed at the municipal level (i.e., doctors) or at

the rural level (i.e., institutions), and these disparities persisted,

even becoming more severe during the period. The Theil indexes

of indicators were improved both at the municipality level

and regional level during 7 years, indicating that the Shanghai

government’s targeted policies, especially the rural-area-targeted

“5 + 3+1” program, have greatly reduced the inequality in

healthcare resource allocation. However, the inequalities in some

types of healthcare resources are still preserved. Furthermore,

the results showed that the main inequality is found between

regions for the workforce, and within regions for institutions.

It reminded us to rethink the limited policy impacts. Though

the targeted policies were given to the rural areas to reduce

the inequality in healthcare resource allocation, the problems
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FIGURE 3

The cluster map of local Moran’s I analysis from 2010 to 2016.

of maldistribution of physicians had been unsolved due to the

long-term training cycle for a health workforce and other social

factors that contribute to the workforce maldistribution. For

health institutions in rural districts, their lack of competitive

salary levels and socioeconomic conditions constrained them to

attract and maintain a high-quality health workforce. Hence,

though the expansion and opening of branch institutions of

tertiary hospitals in the urban districts of Shanghai can be easily

observed and achieved in rural districts, workforce shortage has

limited the volume and quality of services. Severely, the inequality

in institution density in rural areas was worsened by blindly

expanding the health facilities, since the policy preferences to

build institutions were often given to the priority rural areas that

more easily developed compared to the other underdeveloped

rural areas. This resulted in an unfair distribution of institutions

among rural areas. Some similar studies were in line with these

findings (2, 36). Therefore, region-level policy depending on the

types of healthcare resources may be most suitable to address

these inequity issues, and more detailed area-specific healthcare

resource planning and allocation guidelines are in urgent need

to reallocate healthcare resources. For example, on the one hand,

the government should promote the hierarchical diagnosis and

treatment strategy, improve the wages and other SES for the

health workforce in primary health institutions, especially in

suburban districts, and encourage urban regions with relatively

abundant health workforce to transfer healthcare human resources

into suburban areas with insufficient health human resources

to meet the unmet needs. On the other hand, the government

should also formulate criteria for healthcare resource allocation,

construct health institutions, and conduct health investments

reasonably depending on every district’s economic development

and population health needs.

Second, we further used the spatial autocorrelation analysis

method to reveal the spatial changing patterns of healthcare

resource distribution across different districts and identified

priority areas in Shanghai from 2010 to 2016. To the best of our

knowledge, the Theil index method could measure the gaps among

all the units, while spatial autocorrelation analysis is used to identify

how the spatial distribution of these gaps. In this study, using the

latter method, we illustrated different spatial concentration statuses

of five types of healthcare resource distribution across Shanghai

from 2010 to 2016. Through global spatial autocorrelation analysis,

it was found that the strengthening of spatial concentration effect

in healthcare resources of beds and workforce in Shanghai over

time was obvious. This distribution pattern was also proved by the

results with the local spatial autocorrelation analysis that the H–

H type clusters were all located in traditional central administrative

districts and L–L type clusters were all located in rural ones for these

four types of healthcare resources during the 7-year period. They

all implied that economic strength and geographic location have

a positive effect in determining healthcare resource distribution.

Compared to other regions, economically strong central urban

districts experience shortages of beds and healthcare workers and

are better equipped to deal with these shortages of healthcare

resources. To solve the problem of maldistribution of healthcare

resources, especially in the health workforce, Shanghai’s health

reform had helped disadvantaged districts to improve their health

resource shortage from 2010 to 2016. For example, the “coldspots”

districts of institution density including Songjiang, Jinshan, and

Fengxian (displayed as low–low cluster areas in Figure 3) were
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no longer “coldspots” in 2016, indicating an improvement in

the distribution of institutions. Similarly, such low–low clustering

of bed density in the Jiading district, workforce density in the

Chongming district disappeared gradually from 2010 to 2016.

However, some urban areas showing high–high clustering and

rural areas showing low–low clustering of different kinds of health

resource density co-existed from the beginning to the end of the

study. This indicated that healthcare resource concentration tended

to be correlated and agglomerated together. The aforementioned

findings further added evidence of the existence of geographic

imbalances in healthcare resource distribution in Shanghai. Under

the background of regional economic integration, theoretically,

the concentration of medical resources in different provinces

and cities should be spatially correlated (2, 38). As a mega-city,

Shanghai’s urban areas are no exception and more attractive to

the health workforce due to their comparative economic, cultural,

educational, and professional advantages. The suburban areas

are less economically developed, and their longer geographic

distance to health facilities and poorer public transportation will

result in lower access to healthcare services for patients there,

and fewer career opportunities for health professionals in their

institutions, which in turn further made them more difficult in

displacing from the low–low cluster area. To solve this problem,

in addition to suburban areas’ efforts to mitigate on their own,

such as multi-sectoral alliances from related governmental sectors,

mutual assistance between undeveloped regions is also needed.

For instance, the government could implement continuous and

sustainablemultisectoral and intersectoral policies and initiatives to

overcome conflicting interests between sectors, power imbalances,

and competition for medical resources. These initiatives would

require the integration among health sectors, public health

sectors, and other social service agencies such as the public

transportation sector, toward the aim of improving access to care

for residents in suburban areas. In addition, regional alliance

medical centers in undeveloped regions could be set up to expand

the capacity of high-quality medical resources and promote the

allocation balance of healthcare resources between urban and

rural areas.

Third, this study also sharpened the focus of illustrating the

most in need of healthcare resources in the most in need of

regional units. We further detected the priority areas that should

be first considered to make efforts to distribute rational healthcare

resources to improve the equity of healthcare resources in Shanghai.

In this study, for beds and workforce, the high–high cluster units

can be found in JA, HP, and XH districts, and the low–low cluster

units can be found in the southwest and south part of Shanghai,

especially QP, SJ, JS, and FX (Figure 3). It also indicated that

disparity of beds and workforce still kept unchanged in these areas

after the 2009’s health reform. These findings of the study by

spatial clustering provide more solid evidence for area-specific and

subtype-specific workforce policy-making in Shanghai, aiming at

the rural beds and health workforce, by prioritizing the identified

low–low and low–high cluster areas. For example, some point-to-

point cross-regional medical pairing-assistance programs should

be suggested to allocate healthcare resources between JA, HP, and

XH districts, which have shortages of beds and workforce, and QP,

SJ, JS, and FX districts, which were abundant in these healthcare

resources. Such pairing programs will make it more accurate and

efficient by paring up the geographical regions of greatest need and

the relative abundance of certain subtypes of the health workforce.

In addition, some remote medical technology can also be applied to

fill the workforce allocation gaps between urban and rural districts

in Shanghai (39).

The present study has some caveats that should be

acknowledged. First, we measured healthcare resource allocation

with five quantitate indicators without considering their quality

aspects. Therefore, quality indicators measuring healthcare

resource distribution should be developed in future to complement

this study. Second, for data availability, the study used municipal-

level and district-level data from the officially published yearbooks

to measure the inequality of healthcare resources from 2010 to

2016, which may cause the problems of the modifiable areal unit

problem (MAUP) (40). Data at the county level or community level

would be ideal to sketch the geographic distribution of healthcare

resources in future studies. Moreover, a future study on changes in

healthcare resource allocation, along with comparisons with the

present study, can be carried out when the data from 2017 to the

present are available.

Conclusion

This study demonstrated the trends of inequality in health

institutions, beds, technicians, doctors, and nurses in Shanghai

from 2010 to 2016. It further confirmed the effectiveness of

Shanghai’s government’s new health reform since 2009 to reduce

the inequality of their allocation at the municipal level. However,

the inequalities of healthcare resource allocation including both

between-region inequity and within-region inequality across

Shanghai’s 16 districts were still preserved after the new health

reform. Furthermore, this study shed light on priority areas for

institutions, beds, and workforce allocation through the spatial-

temporal transformation of healthcare resource distribution. Since

geographical factors and economic strength play important roles

in the inequality in health resource distribution, to further balance

the distribution of institutions, beds, and workforce and improve

the equality of its allocation, it requires not only joint efforts

from disadvantaged spatial adjacent units, especially L–L type

cluster and L–H type cluster units to make healthcare resource

allocating and planning policies from health sectors (e.g., cross-

regional medical paring-assistance programs and remote medical

technology) but also full consideration across all the policies and

regional cooperation from economic, and human resource sectors

to alleviate the factors that cause the inequality in health resource

allocation in metropolises such as Shanghai in China.

Data availability statement

The raw data supporting the conclusions of this article will be

made available by the authors, without undue reservation.

Author contributions

ED, XS, SZ, LZ, TW, and WG designed the study, acquired

the data, developed the statistical plan, and drafted and revised

Frontiers in PublicHealth 11 frontiersin.org

https://doi.org/10.3389/fpubh.2023.1074417
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org


Dong et al. 10.3389/fpubh.2023.1074417

the manuscript. TX and TW carried out the survey. ED and

XS performed the statistical analysis. All authors have read and

approved the final manuscript.

Funding

This research was funded by the National Social Science

Foundation of China General Project (Grant Nos. 18BGL242 and

19BGL246), the Basic Research Plan of Yunnan Provincial Science

and Technology Department–Kunming Medical University (Grant

No. 202101AY070001-067), the Key Program of the National

Social Science Foundation of China (Grant No. 22AZD082), and

the National Natural Science Foundation of China (Grant No.

72104182). The funders had no role in the research design, analysis,

or interpretation.

Acknowledgments

We are grateful to the Institute of Healthy Yangtze River Delta

for their support and contribution to the study.

Conflict of interest

The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could be

construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the

authors and do not necessarily represent those of their affiliated

organizations, or those of the publisher, the editors and the

reviewers. Any product that may be evaluated in this article, or

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

endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found

online at: https://www.frontiersin.org/articles/10.3389/fpubh.2023.

1074417/full#supplementary-material

References

1. Zhang XJ, Zhu K. Equity in the distribution of human resources for
health in china during 2004–2015. Chinese General Practice. (2018) 21:82–
7. doi: 10.1016/j.jval.2018.07.367

2. Zhang Y, Wang Q, Jiang T, Wang J. Equity and efficiency of primary health
care resource allocation in mainland China. Int J Equity Health. (2018) 17:1–
12. doi: 10.1186/s12939-018-0851-8

3. Rathod S, Pinninti N, IrfanM, Gorczynski P, Rathod P, Gega L, et al. Mental health
service provision in low-and middle-income countries. Health Services Insights. (2017)
10:1178632917694350. doi: 10.1177/1178632917694350

4. Oliver A,Mossialos E. Equity of access to health care: outlining the foundations for
action. J Epidemiol Commun Health. (2004) 58:655–8. doi: 10.1136/jech.2003.017731

5. Zhu B, Hsieh C-W, Zhang Y. Incorporating spatial statistics into examining equity
in health workforce distribution: an empirical analysis in the Chinese context. Int J
Environ Res Public Health. (2018) 15:1309. doi: 10.3390/ijerph15071309

6. Lango MN, Handorf E, Arjmand E. The geographic distribution of the
otolaryngology workforce in the United States. Laryngoscope. (2017) 127:95–
101. doi: 10.1002/lary.26188

7. Baeten R, Spasova S, Vanhercke B, Coster S. Inequalities in Access to Healthcare. A
study of national policies European Social Policy Network (ESPN), Brussels: European
Commission (2018).

8. Dong E, Liu S, Chen M, Wang H, Chen LW, Xu T, et al. Differences in regional
distribution and inequality in health-resource allocation at hospital and primary
health centre levels: a longitudinal study in Shanghai, China. BMJ Open. (2020)
10:e035635. doi: 10.1136/bmjopen-2019-035635

9. Inglis G, McHardy F, Sosu E, McAteer J, Biggs H. Health inequality implications
from a qualitative study of experiences of poverty stigma in Scotland. Social Sci Med.
(2019) 232:43. doi: 10.1016/j.socscimed.2019.04.033

10. Paramita SA, Yamazaki C, Setiawati EP, Koyama H. Distribution trends of
Indonesia’s health care resources in the decentralization era. Int J Health Plan Manage.
(2018) 33:e586–e59. doi: 10.1002/hpm.2506

11. Zhang T, Xu Y, Ren J, Sun L, Liu C. Inequality in the distribution of health
resources and health services in China: hospitals versus primary care institutions. Int J
Equity Health. (2017) 16:1–8. doi: 10.1186/s12939-017-0543-9

12. Woodward A, Kawachi I. Why reduce health inequalities? J Epidemiol Commun
Health. (2000) 54:923–9. doi: 10.1136/jech.54.12.923

13. Asada Y. A framework for measuring health inequity. J Epidemiol Commun
Health. (2005) 59:700–5. doi: 10.1136/jech.2004.031054

14. Arcaya MC, Arcaya AL, Subramanian SV. Inequalities in health: definitions,
concepts, and theories. Glob Health Action. (2015) 8:27106. doi: 10.3402/gha.v8.27106

15. Braveman P, Krieger N, Lynch J. Health inequalities and social inequalities in
health. Bull World Health Organ. (2000) 78:232–5.

16. Liang D, Zhang D, Huang J, Schweitzer S. Does rapid and sustained
economic growth lead to convergence in health resources: the case of China
from 1980 to 2010. Inquiry. (2016) 53:0046958016631699. doi: 10.1177/00469580166
31699

17. Lu C, Zhang Z, Lan X. Impact of China’s referral reform on the equity and
spatial accessibility of healthcare resources: a case study of Beijing. Soc Sci Med. (2019)
235:112386. doi: 10.1016/j.socscimed.2019.112386

18. Sun J, Luo H. Evaluation on equality and efficiency of health resources
allocation and health services utilization in China. Int J Equity Health. (2017)
16:127. doi: 10.1186/s12939-017-0614-y

19. Anand S, Fan VY, Zhang J, Zhang L, Ke Y, Dong Z, et al. China’s human
resources for health: quantity, quality, and distribution. Lancet. (2008) 372:1774–
81. doi: 10.1016/S0140-6736(08)61363-X

20. Li D, Zhou Z, Si Y, Xu Y, Shen C, Wang Y, et al. Unequal distribution of health
human resource in mainland China: What are the determinants from a comprehensive
perspective? Int J Equity Health. (2018) 17:1–12. doi: 10.1186/s12939-018-
0742-z

21. Zhu D, Shi X, Nicholas S, He P. Regional disparities in health care resources
in traditional Chinese medicine county hospitals in China. PLoS ONE. (2020)
15:e0227956. doi: 10.1371/journal.pone.0227956

22. Xu J, Ji J, Zhuang Y, Kang X, Xue D. Analysis on the community health resources
and their distribution equity in Pudong New Area of Shanghai. Chinese Health Resour.
(2017) 20:8–10.

23. Xu J, Ji J, Zhuang Y, Kang X, Xue D. Analysis on the equity of
allocation of mental health resources in Shanghai. Health Econ Res. (2017) 1:39.
doi: 10.3969/j.issn.1000-6729.2018.10.005

24. Fan D, Zhang D, Li X, Guo Y, Cai J, Ma N, et al. The Theil index analysis on the
equity of mental health institutions and beds allocation in Shanghai. Chinese Mental
Health J. (2018) 32:829–8. doi: 10.13688/j.cnki.chr.2017.16340

25. Moran PAP. Notes on continuous stochastic phenomena. Biometrika. (1950)
37:17–23. doi: 10.1093/biomet/37.1-2.17

26. Dong E, Xu J, Sun X, Xu T, Zhang L, Wang T. Differences in regional
distribution and inequality in health-resource allocation on institutions, beds,
and workforce: a longitudinal study in China. Arch Public Health. (2021) 79:1–
1. doi: 10.1186/s13690-021-00597-1

27. Xu J, Mills A. 10 Years of China’s Comprehensive Health Reform: A Systems
perspective. Oxford: Oxford University Press (2019). doi: 10.1093/heapol/czz026

Frontiers in PublicHealth 12 frontiersin.org

https://doi.org/10.3389/fpubh.2023.1074417
https://www.frontiersin.org/articles/10.3389/fpubh.2023.1074417/full#supplementary-material
https://doi.org/10.1016/j.jval.2018.07.367
https://doi.org/10.1186/s12939-018-0851-8
https://doi.org/10.1177/1178632917694350
https://doi.org/10.1136/jech.2003.017731
https://doi.org/10.3390/ijerph15071309
https://doi.org/10.1002/lary.26188
https://doi.org/10.1136/bmjopen-2019-035635
https://doi.org/10.1016/j.socscimed.2019.04.033
https://doi.org/10.1002/hpm.2506
https://doi.org/10.1186/s12939-017-0543-9
https://doi.org/10.1136/jech.54.12.923
https://doi.org/10.1136/jech.2004.031054
https://doi.org/10.3402/gha.v8.27106
https://doi.org/10.1177/0046958016631699
https://doi.org/10.1016/j.socscimed.2019.112386
https://doi.org/10.1186/s12939-017-0614-y
https://doi.org/10.1016/S0140-6736(08)61363-X
https://doi.org/10.1186/s12939-018-0742-z
https://doi.org/10.1371/journal.pone.0227956
https://doi.org/10.3969/j.issn.1000-6729.2018.10.005
https://doi.org/10.13688/j.cnki.chr.2017.16340
https://doi.org/10.1093/biomet/37.1-2.17
https://doi.org/10.1186/s13690-021-00597-1
https://doi.org/10.1093/heapol/czz026
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org


Dong et al. 10.3389/fpubh.2023.1074417

28. Tao Y, Henry K, Zou Q, Zhong X. Methods for measuring horizontal equity
in health resource allocation: a comparative study. Health Econ Rev. (2014) 4:1–
10. doi: 10.1186/s13561-014-0010-x

29. Song P, Ren Z, Chang X, Liu X, An L. Inequality of pediatric
workforce distribution in China. Int J Environ Res Public Health. (2016)
13:703. doi: 10.3390/ijerph13070703

30. Wagstaff A, Paci P, Van Doorslaer E. On the measurement of inequalities in
health. Soc Sci Med. (1991) 33:545–57. doi: 10.1016/0277-9536(91)90212-U

31. Sen AK. The welfare basis of real income comparisons: a survey. J Econ Lit.
(1997) 17:1–45.

32. Wang Y, Yang Y, Shi X, Mao S, Shi N, Hui X. The spatial distribution pattern
of human immunodeficiency virus/acquired immune deficiency syndrome in China.
Geospat Health. (2016) 11:414. doi: 10.4081/gh.2016.414

33. Pu H, Luo K, Wang P, Wang S, Kang S. Spatial variation of air quality index and
urban driving factors linkages: evidence from Chinese cities. Environ Sci Pollut Res.
(2017) 24:4457–68. doi: 10.1007/s11356-016-8181-0

34. Yao H, Zhan C, Sha X. Current situation and distribution
equality of public health resource in China. Arch Public Health. (2020)
78:1–7. doi: 10.1186/s13690-020-00474-3

35. Huo XN, Zhang WW, Sun DF, Li H, Zhou LD, Li BG, et al. Spatial pattern
analysis of heavy metals in Beijing agricultural soils based on spatial autocorrelation
statistics. Int J Environ Res Public Health. (2011) 8:2074–89. doi: 10.3390/ijerph806
2074

36. MacGregor RG, Zihindula G, Ross AJ. A rural scholarship model addressing the
shortage of healthcare workers in rural areas: case study. South African Health Rev.
(2018) 2018:51–7.

37. Parent O, Lesage JP. Using the variance structure of the conditional
autoregressive spatial specification to model knowledge spillovers. J Appl Econ. (2008)
23:235–56. doi: 10.1002/jae.981

38. Zhu B, Fu Y, Liu J, He R, Zhang N, Mao Y. Detecting the priority areas for health
workforce allocation with LISA functions: an empirical analysis for China. BMCHealth
Serv Res. (2018) 18:1–14. doi: 10.1186/s12913-018-3737-y

39. Yuan Z, Wang B, Li F, Wang J, Zhi J, Luo E, et al. Intravenous thrombolysis
guided by a telemedicine consultation system for acute ischaemic stroke patients in
China: the protocol of a multicentre historically controlled study. BMJ Open. (2015)
5:e006704. doi: 10.1136/bmjopen-2014-006704

40. Buzzelli M. Modifiable areal unit problem. Int Encyclopedia Hum Geography.
(2020) 169–73. doi: 10.1016/B978-0-08-102295-5.10406-8

Frontiers in PublicHealth 13 frontiersin.org

https://doi.org/10.3389/fpubh.2023.1074417
https://doi.org/10.1186/s13561-014-0010-x
https://doi.org/10.3390/ijerph13070703
https://doi.org/10.1016/0277-9536(91)90212-U
https://doi.org/10.4081/gh.2016.414
https://doi.org/10.1007/s11356-016-8181-0
https://doi.org/10.1186/s13690-020-00474-3
https://doi.org/10.3390/ijerph8062074
https://doi.org/10.1002/jae.981
https://doi.org/10.1186/s12913-018-3737-y
https://doi.org/10.1136/bmjopen-2014-006704
https://doi.org/10.1016/B978-0-08-102295-5.10406-8
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

	Measuring the inequalities in healthcare resource in facility and workforce: A longitudinal study in China
	Introduction
	Methods
	Data collection
	Measures
	Data analysis
	Theil index evaluation
	Global and local spatial correlation evaluation

	Results
	Inequality trends based on Theil indexes from 2010 to 2016
	At municipal level

	At regional level
	Inequality trends based on spatial autocorrelation analysis from 2010 to 2016
	Global spatial autocorrelation

	Spatial classification
	Local spatial autocorrelation
	Robustness test

	Discussion
	Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher's note
	Supplementary material
	References


