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Background: Measuring the development of Chinese centers for disease 
control and prevention only by analyzing human resources for health seems 
incomplete. Moreover, previous studies have focused more on the quantitative 
changes in healthcare resources and ignored its determinants. Therefore, this 
study aimed to analyze the allocation of healthcare resources in Chinese centers 
for disease control and prevention from the perspective of population and 
spatial distribution, and to further explore the characteristics and influencing 
factors of the spatial distribution of healthcare resources.

Methods: Disease control personnel density, disease control and prevention 
centers density, and health expenditures density were used to represent human, 
physical, and financial resources for health, respectively. First, health resources 
were analyzed descriptively. Then, spatial autocorrelation was used to analyze 
the spatial distribution characteristics of healthcare resources. Finally, we used 
spatial econometric modeling to explore the influencing factors of healthcare 
resources.

Results: The global Moran index for disease control and prevention centers 
density decreased from 1.3164 to 0.2662 (p  <  0.01), while the global Moran index 
for disease control personnel density increased from 0.4782 to 0.5067 (p  <  0.01), 
while the global Moran index for health expenditures density was statistically 
significant only in 2016 (p  <  0.1). All three types of healthcare resources showed 
spatial aggregation. Population density and urbanization have a negative impact 
on the disease control and prevention centers density. There are direct and 
indirect effects of disease control personnel density and health expenditures 
density. Population density and urbanization had significant negative effects on 
local disease control personnel density. Urbanization has an indirect effect on 
health expenditures density.

Conclusion: There were obvious differences in the spatial distribution of 
healthcare resources in Chinese centers for disease control and prevention. 
Social, economic and policy factors can affect healthcare resources. The 
government should consider the rational allocation of healthcare resources at 
the macro level.
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Introduction

Adequate healthcare resources are the cornerstone of a 
functioning health system and a prerequisite for ensuring that 
effective health services are available to different groups (1, 2). 
Healthcare resources allocation refers to the manner in which 
healthcare resources flow between health care institutions (sectors) 
or regions, and can reflect the level of health services (2). Healthcare 
resources affect the residents’ access to health care services, and 
studies show a positive correlation between healthcare resources and 
access to health care (3, 4). To optimize the allocation of healthcare 
resources in rural areas and contribute to more convenient access to 
health services for local residents (4). Rational healthcare resources 
allocation helps people achieve more desirable health outcomes (5, 
6). For example, it has been found that adequate healthcare resources 
are conducive to reducing child COVID-19 mortality and morbidity 
(7). Health professionals are able to provide quality health services 
to tuberculosis patients, improving their quality of life and health 
outcomes (8).

The uneven distribution of healthcare resources is a long-standing 
challenge in China. It is also prevalent in other countries (regions), 
such as the United States (9), Portugal (10), Japan (11), Kenya (12), 
and Southeast Asia (13). As the largest developing country with a vast 
land area and a large population, China faces the challenge of 
maximizing the provision of comprehensive health care services given 
the constraints on available healthcare resources (14). A number of 
studies had evaluated healthcare resources allocation in China, but 
focused more on the entire health care system (15), Traditional 
Chinese Medicine (14), maternal and child health care (16), and 
primary health care system (17). Little attention is paid to the disease 
prevention and control system.

Chinese Centers for Disease Control and Prevention (CCDC) 
are an important part of China’s public health system. It has a 
mission to create a healthy and safe living environment, maintain 
social stability and promote people’s health by preventing and 
controlling disease, injury and disability (18). CCDC began in the 
1940s and has been developing for more than 70 years. Nowadays, 
a unique four-tier disease prevention and control system has been 
formed, which contains national, provincial, municipal and county-
level disease prevention and control centers (19). In 2016, the 
Healthy China 2030 plan emphasized adherence to prevention as 
the mainstay and prevention and control of major diseases, 
highlighting the importance of the CCDC in promoting the process 
of Healthy China (20). In 2019, the COVID-19 outbreak gave the 
public a more direct understanding of CCDC’s critical role in public 
health incident response. After the epidemic, the government of 
China accelerated the development and construction of the disease 
prevention and control system, with particularly focusing on 
optimizing the allocation of healthcare resources in regional CCDC 
(21). In 2023, the State Council of China issued the Guiding 

Opinions on Promoting the High-Quality Development of the 
Disease Prevention and Control Business, which particularly 
emphasized the necessity of promoting the reform of the CCDC 
system and building a strong public health system (22).

Healthcare resources affect the capacity and capability of CCDC 
to provide preventive health services (23). Health workforce is the 
most dynamic and critical element of the CCDC system, determining 
the level and quality of health services and influencing citizens’ 
opportunities to access preventive care (24). Health material resources 
are the essential condition for the provision of preventive health 
services to citizens and the basic indicator of the level of public health 
service. Health financial resources represent the impact of healthcare 
resources allocation on the health of the population (25). In summary, 
healthcare resources are crucial to the development of 
CCDC. Adequate healthcare resources will not only be conducive to 
promoting the high-quality development of CDC, but will also 
facilitate the achievement of the strategic goal of Healthy China. 
Therefore, it is necessary to conduct a detailed study of CCDC 
healthcare resources.

Currently, scholars mostly use equity analysis methods to 
analyze healthcare resources, such as the Gini coefficient, the 
Theil index and the Health Resource Density Index(HRDI), etc. 
(26). Ao et  al. used the Gini coefficient, the Theil index and 
HRDI to evaluate the equity of rural healthcare resources in 
China (27). Jian sun used the concentration index to analyze the 
equity in the distribution of health materials and health human 
resources (28). Liu et al. used the Gini coefficient combined with 
spatial autocorrelation to analyze the inequality of healthcare 
resources in Traditional Chinese Medicine hospitals (29). These 
methods analyzed equity in the regional allocation of healthcare 
resources only in terms of population and geographic area. 
Although spatial autocorrelation analysis was applied, the 
distribution of healthcare resources was not spatially analyzed in 
depth. In addition, most of the studies on CCDC only used 
descriptive analysis methods such as rates and composition ratios 
to make a simple quantitative analysis of human resources for 
health (30–32). Fewer studies have addressed financial and 
material resources for health and have not been analyzed using 
more specialized statistical methods.

Based on panel data from 2016 to 2021, this study aims to use 
spatial autocorrelation analysis to explore the characteristics of the 
distribution of healthcare resources in CCDC and use spatial 
econometric models to assess the factors influencing health resources 
in CCDC from four major aspects: social, economic, health, and 
policy. To provide a theoretical basis for the health department to 
carry out the next health system reform and to gain a more 
comprehensive understanding of the factors affecting the development 
of the CDC from multiple perspectives.

Materials and methods

Data sources and variable selection

Data sources
This study used panel data for 31 provinces in China from 2016 

to 2021. Hong Kong, Macau and Taiwan provinces are not included 
because of inconsistent statistical standards for the data. All data 

Abbreviations: CCDC_D, Chinese Centers for Disease Control and Prevention 

density; DCP_D, disease control personnel density; HE_D, health expenditures 

density; PD, population density; UR, urbanization rate; PTHE, per capita total health 

expenditure; GDP, per capita GDP; IID, incidence of infectious diseases; EP, 

proportion of older adult population (aged over 65); GF, proportion of government 

finance.
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are from the China Health and Family Planning Statistical 
Yearbook, China Health Statistical Yearbook and China 
Statistical Yearbook.

Healthcare resources indicators
Based on the configuration of the population served and with 

reference to other studies, the number of disease control personnel per 
10,000 population (disease control personnel density), the number of 
CCDC per 10,000 population (CCDC density), and per capita health 
expenditures (health expenditures density) were selected as indicators 
of healthcare resources in this study (33–36). The calculation method 
is as follows.

 

Disease control personnel density disease control
=

Number of ppe sonnel
Population at the end of the year

r

  

 
CCDC density = Number of CCDC

Population at the end of the year
  

  

 
Health expenditures density = Health expenditures of CCDC

Pop
   

uulation at the end of the year  

Independent variables
As health systems develop, health resources are influenced by a 

variety of factors, such as geographic differences (17) economic levels 
(37), and topographic conditions (38). Based on previous studies and 
data availability, we chose to explore four factors that may influence 
CCDC healthcare resources development in terms of social 
development, economic conditions, health factors, and policy factor. 
Table 1 shows the meaning and abbreviation of the variables.

Social development
Urbanization can reflect the level of public health services in a 

region (39). A higher level of urbanization means more developed 
transportation and easier access to health care services (40). The 

population density is used to measure the demand for healthcare 
resources in an area, which also benefits the government in measuring 
how to allocate health expenditures (41).

Economic conditions
Per capita GDP is often used as an indicator of the level of 

economic development (41). The distribution of human resources 
for health is influenced by per capita GDP, with higher per capita 
GDP attracting more health professionals (42). In both urban and 
rural areas, per capita health care expenditures are correlated with 
the amount of healthcare resources available in the 
neighborhood (43).

Health factors
Aging and infectious diseases can increase health expenditure, 

leading to financial burden on the country (44–46). The older adult 
have more and more urgent needs for healthcare services due to the 
deterioration of their natural physiological functions, such as reduced 
mobility and resistance (47). The outbreak of infectious diseases not 
only threatens the health of population, but also seriously affects the 
utilization of health care resources (42).

Policy factors
In China, health expenditures of the CCDC are composed of 

government financial input, income from healthcare services, and 
social funds. In fact, government finances make up a larger proportion. 
When the financial proportion is low, it affects the scope of health 
services provided by health care institutions (48).

Methods

Spatial weight matrix
In this study, we  use the queen collinearity matrix (49), and 

regions with common points or common edges are adjacent to each 
other. Since there is no neighboring province in Hainan Province, it is 
set that Hainan Province and Guangdong Province are mutually 
neighboring according to previous studies (50, 51). The assignment 
rules are as follows:

TABLE 1 Variables and their definitions, abbreviations.

Variables Definitions Code

Dependent variables

Disease control personnel density the number of disease control personnel per 10,000 population DCP_D

CCDC density the number of CCDC per 10,000 population CCDC_D

Health expenditures density per capita health expenditures HE_D

Independent variables

Social development Population density PD

Urbanization rate UR

Economic conditions Per capita total health expenditure PTHE

Per capita GDP GDP

Health factors Incidence of infectious diseases IID

Proportion of older adult population (aged over 65) EP

Policy factor Proportion of government finance GF
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Spatial autocorrelation analysis
The global Moran index and the local Moran index are usually 

used to analyze the spatial correlation of the studied indicators (52, 
53). The global Moran index is used to characterize the spatial 
aggregation and distribution of overall health indicators, but it cannot 
clearly indicate the spatial aggregation area. Therefore, local spatial 
autocorrelation is used to measure the regions where spatial 
aggregation occurs (54). The formula is as follows:
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where xi and x j denote HP_D or CCDC_D or HE_D in provinces 
i and j, respectively, x  is the average value, and Wij denotes the spatial 
weight matrix between provinces i and j.

The standardized statistic z-value is used to determine whether 
the global Moran index and local Moran index pass the test. The 
formula is as follows:

 
Z

I E I

I
=

− [ ]
[ ]var

where E[I] and var[I] are the mathematical expectation and variance, 
respectively.

The global Moran index has a range of values from-1 to 1. When 
the global Moran index I > 0, it indicates spatial positive correlation; 
when the global Moran index I < 0, it indicates spatial negative 
correlation; when I = 0, it indicates spatial random distribution. If the 
local Moran index >0, it means that the health indicators tend to 
cluster together (high values are adjacent to high values or low values 
are adjacent to low values), and if the local Moran index <0, it means 
that the health indicators do not tend to cluster together (high values 
are adjacent to low values or low values are adjacent to high values).

Spatial econometric model
Traditional OLS regression models do not consider spatial factors. 

Therefore, this study uses spatial econometric models to explore the 
factors influencing healthcare resources. There are three common 
traditional spatial econometric models: spatial error model (SEM), 
spatial lag model (SLM), and spatial Durbin model (SDM).

The SLM model is often used to explore whether the value of a 
spatial unit is influenced by its neighboring spaces, while the SEM 
model is often used to analyze the case where the dependent variable 

is related to a set of variables and a spatial autocorrelation error term. 
However, the SDM model is used to analyze the case where the 
dependent variable is influenced by the independent variables of this 
spatial unit and the neighboring spatial units. The SEM, SLM and 
SDM models constructed in this study are formulated as follows:

SEM:
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SDM:
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where Yit denotes the dependent variable (CCDC_D, DCP_D, or 
HE_D) in province i in year t; W denotes the spatial weight matrix; ρ  is 
the spatial autoregressive coefficient; α  denotes the intercept of the 
regression; ∝i and γ t  denote the individual and time effects, respectively; 
εit  denotes the random error term; λ is the spatial effect of the random 
error; βi  denotes the effect of the explanatory variable in province i on 
the explained variable; θi denotes the effect of the explanatory variable 
in neighboring provinces on the explained variable in province i.

This study uses a logarithmic transformation to reduce 
heteroskedasticity, implying that the effect of the independent variable 
on the dependent variable is explained in percentage form (55). If the 
correlation coefficient is less than 0.85, there is no multicollinearity in 
the regression model. Table  2 shows the correlations among the 
variables, all of which are less than 0.85, which indicates that there is 
no problem of multicollinearity in this study.

To select the optimal spatial econometric model, we used the 
Lagrange multiplier test statistic (LM), robust Lagrange multiplier 
statistic (RLM), and likelihood ratio test (LR) to determine the 
appropriate model, and then performed the Hausman test to 
determine whether to choose a fixed-effects model or a random-
effects model. Finally, the Goodness-of-Fit (R2) as the main basis for 
determining the model. All analyses were performed in STATA 16.0. 
p < 0.05 was considered statistically significant in this study.

Results

Basic information

From 2016 to 2021, DCP_D and HE_D showed an overall 
increasing trend, while CCDC_D showed a decreasing trend year 

https://doi.org/10.3389/fpubh.2024.1331522
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org


Yu et al. 10.3389/fpubh.2024.1331522

Frontiers in Public Health 05 frontiersin.org

by year (Figure  1). The descriptive statistical analysis of each 
dependent and independent variable in this study was shown in 
Table  3. The mean values of CCDC_D, DCP_D and HE_D for 
2016–2021 were 1.58, 0.04 and 11.07, respectively (Table  3). It 
should be noted that CCDC_D and DCP_D in the western region 
were significantly more than those in the central and eastern 
regions, with Tibet having the highest CCDC_D and 
DCP_D. Beijing has the highest HE_D of all provinces. Compared 
to the policy’s disease control personnel density standards, only 
eight provinces qualified in 2021, and mostly located in the western 
region (Supplementary Table S1).

Spatial correlation analysis

Besides HE_D and lnPD, other variables showed significant spatial 
autocorrelation (Tables 4, 5). The global Moran index of CCDC_D 
decreased from 0.1364 to 0.2662 in 6 years. However, the global Moran 
index of DCP_D increased from 0.4782 to 0.5067, which indicated a 
gradually increasing spatial autocorrelation. In addition, we mapped the 
spatial distribution of CCDC_D, DCP_D, and HE_D (Figures 2A–C). 
Overall, the three types of healthcare resources showed a trend of 
gradually decreasing from west to east, and the provinces with lower 
healthcare resources density were mainly in the eastern coastal areas.

TABLE 2 Pearson correlation analysis between variables.

CCDC_D DCP_D HE_D lnPD lnUR lnPTHE lnGDP lnIID lnEP lnGF

CCDC_D 1.000

DCP_D 0.832*** 1.000

HE_D 0.103 0.180** 1.000

lnPD −0.643*** −0.648*** −0.342*** 1.000

lnUR −0.665*** −0.540*** 0.258*** 0.205*** 1.000

lnPTHE −0.002 0.124* 0.584*** −0.299*** 0.619*** 1.000

lnGDP −0.331*** −0.293*** 0.373*** 0.105 0.807*** 0.771*** 1.000

lnIID 0.444*** 0.375*** −0.148** −0.311*** −0.470*** −0.268*** −0.384*** 1.000

lnEP −0.662*** −0.582*** 0.030 0.534*** 0.561*** 0.185** 0.368*** −0.659*** 1.000

lnGF 0.238*** 0.167** −0.469*** −0.270*** −0.162** −0.070 −0.135* 0.103 −0.166** 1.000

*p < 0.05; **p < 0.01; ***p < 0.001.  
CCDC_D, the number of CCDC per 10,000 population; DCP_D, the number of disease control personnel per 10,000 population; HE_D, per capita health expenditures; PD, population 
density; UR, urbanization rate; PTHE, per capita total health expenditure; GDP, per capita GDP; IID, incidence of infectious diseases; EP, proportion of older adult population (aged over 65); 
GF, proportion of government finance.
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FIGURE 1

Changes of CCDC Healthcare Resources, 2016–2021.
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The spatial agglomeration of healthcare resources density was 
presented as maps (Figures 2D–F). In general, high-high cluster was 
mainly distributed in the western and northeastern regions, including 
Xinjiang, Tibet, Qinghai and Heilongjiang. Eastern region (Shandong, 
Jiangsu and Zhejiang, etc.) and central region (Anhui, Jiangxi and 
Shanxi, etc.) dominated by low-low cluster.

Regarding the DCP_D, high-low cluster was mainly distributed 
in Henan and Fujian, while low-low cluster was mainly distributed in 
the central and eastern regions, and most provinces were located near 
the Yangtze River basin. In terms of the CCDC_D, only Sichuan 
showed low-high cluster, while high-high cluster was mainly 
distributed in the west and low-low cluster was concentrated in the 
east. In terms of HE_D, only a few provinces showed spatial 

aggregation, with Heilongjiang showing high-high cluster and the 
other four provinces showing low-low cluster.

Spatial econometric analysis

The results of the statistical tests used to determine the best spatial 
econometric model were shown in Table  6. As an example of 
constructing a spatial econometric model of CCDC_D, LM (error) 
was significant, and the LR test judged that the SDM model would 
degenerate into SEM and SLM models, and the Hausman test 
indicated that the choice of random effects was more appropriate. In 
summary, the SEM model with random effects was chosen for the 

TABLE 3 Variables and descriptive statistics.

Variable Mean SD Min Max

CCDC_D 0.04 0.04 0.01 0.25

DCP_D 1.58 0.59 0.74 4.15

HE_D 11.07 18.74 0.87 113.65

PD 2653.05 1705.31 194.71 7461.18

UR 60.99 11.72 29.60 89.30

PTHE 4671.44 1934.25 2374.79 13834.01

GDP 67080.47 30743.43 27457.70 183980.00

IID 225.03 92.29 80.80 659.75

EP 11.75 2.75 5.00 17.40

GF 71.60 26.47 3.38 100.00

CCDC_D, the number of CCDC per 10,000 population; DCP_D, the number of disease control personnel per 10,000 population; HE_D, per capita health expenditures; PD, population 
density; UR, urbanization rate; PTHE, per capita total health expenditure; GDP, per capita GDP; IID, incidence of infectious diseases; EP, proportion of older adult population (aged over 65); 
GF, proportion of government finance.

TABLE 4 Dependent variable Moran index.

year CCDC_D DCP_D HE_D

2016 0.3164*** 0.4782*** 0.1826*

2017 0.3190*** 0.4590*** 0.0261

2018 0.3146*** 0.4534*** 0.0185

2019 0.2931*** 0.4391*** −0.0157

2020 0.2721*** 0.4733*** 0.0322

2021 0.2662*** 0.5067*** 0.0348

*p < 0.1; **p < 0.05; ***p < 0.01.  
CCDC_D, the number of CCDC per 10,000 population; DCP_D, the number of disease control personnel per 10,000 population; HE_D, per capita health expenditures.

TABLE 5 Independent variable Moran index.

year lnPD lnUR lnPTHE lnGDP lnIID lnEP lnGF

2016 0.1537 0.4084*** 0.2573*** 0.3638*** 0.4335*** 0.3692*** 0.2550**

2017 0.1523 0.4097*** 0.2318** 0.4139*** 0.4394*** 0.4507*** 0.1354

2018 0.1514 0.4009*** 0.2172** 0.3876*** 0.4243*** 0.4164*** 0.2147**

2019 0.1506 0.3954*** 0.2099** 0.3574*** 0.4632*** 0.4054*** 0.1118

2020 0.1609* 0.3774*** 0.1672* 0.3617*** 0.5017*** 0.4203*** −0.0239

2021 0.1633* 0.3767*** 0.1671* 0.3574*** 0.4628*** 0.4203*** 0.0996

*p < 0.1; **p < 0.05; ***p < 0.01.  
PD, population density; UR, urbanization rate; PTHE, per capita total health expenditure; GDP, per capita GDP; IID, incidence of infectious diseases; EP, proportion of older adult population 
(aged over 65); GF, proportion of government finance.
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spatial effect analysis of the CCDC_D. Through LM test, LR test and 
Hausman test, we chosen the SDM model with fixed effects to analyze 
the spatial effects of DCP_D and HE_D.

We calculated the Goodness-of-Fit(R2) to determine individual 
effects, time effects, and two-way fixed effects. The bigger the R2 value, 
the better the model fit. As shown in Table 7, time effects were selected 
for both DCP_D and HE_D. Since there might be inter-individual 

differences among provinces over time, we  chosen two-way fixed 
effects for further analysis of CCDC_D.

The spatial econometric models for three healthcare resources 
density were shown in Table 8. In the spatial error model of CCDC_D, 
population density and urbanization were negatively correlated with 
CCDC_D, with each 1% increase in population density decreasing 
CCDC_D by 0.03%. However, each 1% increase in infectious disease 

A B C

D E F

FIGURE 2

(A) spatial distribution of DCP_D; (B) spatial distribution of CCDC_D; (C) spatial distribution of HE_D; (D) univariate local indicator of spatial association 
cluster map of DCP_D in 2021; (E) univariate local indicator of spatial association cluster map of CCDC_D in 2021; (F) univariate local indicator of 
spatial association cluster map of HE_D in 2021. The average value of DCP_D, CCDC_D and HE_D in (A–C) was divided into five levels based on 
natural breaks (Jenks). These figures are drawn based on the standard map from the National Center for Basic Geographic Information (https://ngcc.
cn/ngcc).

TABLE 6 Statistical indicators of the spatial econometric model.

Test CCDC_D DCP_D HE_D

Moran’s I 8.6170*** 8.1600*** 3.7400***

LM(error) 61.0690*** 54.3970*** 9.7820***

LM(lag) 3.7470* 24.9630*** 0.1990

RLM(error) 66.9310*** 29.4400*** 14.5000***

RLM(lag) 9.6090*** 0.0070 4.9170**

LR(lag) 10.3700 55.2000*** 19.4400***

LR(error) 12.5700* 61.7100*** 20.5200***

Hausman 9.5800 89.4800*** 51.1400***

*p < 0.1; ***p < 0.01.  
CCDC_D, the number of CCDC per 10,000 population; DCP_D, the number of disease control personnel per 10,000 population; HE_D, per capita health expenditures.
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prevalence and aging increased the CCDC_D by 0.01 and 0.01%, 
respectively.

Since there are total, direct and indirect effects in the SDM 
model, the respective effects of DCP_D and HE_D are shown in 
Tables 9, 10. In term of DCP_D, population density, per capita 
GDP, per capita total health expenditure, and urbanization had 

different degrees of influence on local disease control personnel 
density. Urbanization and per capita total health expenditure 
increased by 1%, resulting in 2.38% decrease and 0.74% increase 
in the DCP_D in the province, respectively. In terms of spillover 
effects, aging, infectious disease prevalence, and per capita GDP 
increased by 1%, resulting in 1.05, 0.70, and 1.21% decrease in 

TABLE 7 The Goodness-of-Fit (R2) of the spatial econometric models.

R2 CCDC_D DCP_D HE_D

time 0.5923 0.7778 0.6712

ind 0.5923 0.2816 0.0030

both 0.5923 0.3493 0.0026

CCDC_D, the number of CCDC per 10,000 population; DCP_D, the number of disease control personnel per 10,000 population; HE_D, per capita health expenditures.

TABLE 8 Spatial econometric models of healthcare resources density.

variables CCDC_D DCP_D HE_D

lnPD −0.0277*** −0.1423*** −6.5272***

lnUR −0.0392*** −2.3901*** −22.9843**

lnPTHE 0.0043 0.7234*** 40.0911***

lnGDP −0.0025 0.3103** −4.3025

lnIID 0.0068*** 0.1758* −4.0537

lnEP 0.0082* −0.1002 6.4237

lnGF 0.0003 0.0132 −14.6053***

WxlnPD −0.1109 5.1469

WxlnUR 1.6467*** 37.4240**

WxlnPTHE 0.1305 −8.331

WxlnGDP −1.1561*** −11.3396

WxlnIID −0.6465*** −5.4014

WxlnEP −0.8721*** −20.3898

WxlnGF 0.0417 −1.5393

RE or FE RE FE FE

Observations 186 186 186

R-squared 0.592 0.778 0.671

Number of provinces 31 31 31

*p < 0.1; **p < 0.05; ***p < 0.01.  
CCDC_D, the number of CCDC per 10,000 population; DCP_D, the number of disease control personnel per 10,000 population; HE_D, per capita health expenditures; PD, population 
density; UR, urbanization rate; PTHE, per capita total health expenditure; GDP, per capita GDP; IID, incidence of infectious diseases; EP, proportion of older adult population (aged over 65); 
GF, proportion of government finance; RE, random effect; FE, fixed effect.

TABLE 9 Direct, indirect, and total effects of dependent variables on DCP_D.

Direct Indirect Total Spillover effect

lnPD −0.1448*** −0.1467 −0.2915* No

lnUR −2.3766*** 1.4951*** −0.8816** Yes

lnPTHE 0.7398*** 0.2006 0.9404 No

lnGDP 0.2868* −1.2122*** −0.9253** Yes

lnIID 0.1416 −0.6999*** −0.5583** Yes

lnEP −0.1195 −1.0470*** −1.1665*** Yes

lnGF 0.0173 0.0481 0.0654 No

*p < 0.1; **p < 0.05; ***p < 0.01.  
DCP_D, the number of disease control personnel per 10,000 population; PD, population density; UR, urbanization rate; PTHE, per capita total health expenditure; GDP, per capita GDP; IID, 
incidence of infectious diseases; EP, proportion of older adult population (aged over 65); GF, proportion of government finance.
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DCP_D in neighboring provinces, respectively. However, each 1% 
increase in urbanization was followed by a 1.50% increase in 
DCP_D in neighboring provinces (Table 9). Population density, 
urbanization and government financial share had negative effects 
on HE_D in the province, with each 1% increase decreasing HE_D 
in the province by 6.55, 24.18 and 14.46%, respectively. 
Urbanization only had significant spillover effect, with each 1% 
increase in local urbanization increasing the HE_D of neighboring 
provinces by 36.92% (Table 10).

Discussion

This study aims to determine the characteristics of the spatial 
distribution of healthcare resources in Center for Disease Control 
and Prevention in China and to explore the influencing factors of 
health resources, which will help the health department to develop 
a reasonable resources allocation plan. The results showed that 
there was a significant spatial autocorrelation of health human 
resources and health physical resources, and the spatiality of health 
financial resources was not significant. Social, economic, policy, 
and health factors all had various degrees of impact on the 
healthcare resources of the Chinese center for disease control.

We found differences in CCDC density between provinces and 
the national average, in addition to marked regional differences in 
health expenditures density. By 2021, disease control personnel 
density was still below the basic requirements set by the 
government, with a national average disease control personnel 
density of 1.48 in 2021, while the government set a standard of 1.75 
(56). In general, health professionals and recent medical graduates 
are reluctant to work at the CCDC. They prefer to work in hospitals 
or pharmaceutical companies with good development prospects 
and high salaries. This may have contributed to the shortage of 
health human resources in CCDC (23). In order to respond the 
crisis of future disease pandemics, more attention should be paid 
to developing the quantity and quality of disease control personnel.

This study analyzed the characteristics of the spatial 
distribution of disease control personnel density, CCDC density, 
and health expenditures density. The density of CCDC and disease 
control personnel showed a gradual decrease from west to east, 
with the highest in western regions such as Tibet, Xinjiang and 
Qinghai, and the lowest in eastern regions such as Shanghai, 
Guangdong and Jiangsu. The government of China stipulated that 
only one CDC should be set up in administrative districts at the 

county level and above (57). Western provinces such as Xinjiang 
and Tibet cover a wide area, and have more counties, so more CDC 
have been established. Moreover, the number of permanent 
residents in the western provinces is small, both of which make for 
a high CCDC density in the west. Previous studies had shown that 
the western region has an adequate health workforce (27, 52, 58), 
which was made a variety of national recruitment programs to 
attract talented people to work in the west (59).

However, in the developed regions of eastern China, disease 
control personnel density is low due to the huge local population 
base and the limited number of disease control personnel. The 
treatment of the CCDC may not match the local consumption 
level, leading to the flow of health talent to hospitals or companies 
with high salaries (60). Based on the distribution of health 
expenditures density, it is reasonable to infer that health 
expenditures are related to the severity of the epidemic in each 
province. In 2021, the COVID-19 epidemic is more serious in 
several provinces such as Tibet, Hainan and Liaoning. The 
government also spent significantly more on health in these 
provinces than in other provinces with more stable epidemics. 
Therefore, each province should make a strategic plan for the 
development of health human resources in the CCDC that is 
suitable for its own development, and appropriately adjust the size 
of CCDC personnel on the basis of the actual situation. Healthcare 
resources should be  allocated scientifically to improve the 
accessibility of health services, taking into account various factors 
such as the number of inhabitants, geographic environment and 
public health events.

Spatially, the global Moran index of CCDC_D decreases, 
indicating that the number of CCDC gradually tends to be evenly 
distributed in space. Since China began a new round of health care 
reform in 2009, the public health system had accelerated the 
construction of CCDC to ensure that preventive health services are 
fully available (57). However, the global Moran index of disease 
control personnel density increased, which showed a strong spatial 
autocorrelation, which was similar to the results of other studies 
(61). Dong et al. found that the global Moran index of healthcare 
resources (e.g., doctors, nurses, technicians, etc.) increased to a 
certain extent from 2010 to 2016 (62). Cheng et al. found that the 
average density of health personnel increased from 1.60 in 2016 to 
1.88  in 2019 (50). These studies implied a gradually expanding 
spatial aggregation of human resources for health. The high-high 
aggregation type of the density of CCDC and disease control 
personnel were mainly distributed in the western region, such as 

TABLE 10 Direct, indirect, and total effects of dependent variables on HE_D.

Direct Indirect Total Spillover effect

lnPD −6.5499*** 4.8474 −1.7026 No

lnUR −24.1832*** 36.9194** 12.7362 Yes

lnPTHE 40.5638*** −11.4827 29.0811 No

lnGDP −3.9678 −9.7247 −13.6925 No

lnIID −4.7497 −5.1865 −9.9362 No

lnEP 6.9353 −22.2412 −15.3059 No

lnGF −14.4624*** −1.1853 −15.6477*** No

*p < 0.1; **p < 0.05; ***p < 0.01.  
HE_D, per capita health expenditures; PD, population density; UR, urbanization rate; PTHE, per capita total health expenditure; GDP, per capita GDP; IID, incidence of infectious diseases; EP, 
proportion of older adult population (aged over 65); GF, proportion of government finance.
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Xinjiang, Tibet and Qinghai, while the low-low aggregation type 
was distributed in the eastern region, such as Jiangxi, Zhejiang and 
Jiangsu. Policy changes, population mobility, and flexible 
employment of health workers may have contributed to this spatial 
aggregation. There is a necessity for the health sector to have a 
better understanding of the factors affecting the distribution of 
healthcare resources in order to be able to formulate an effective 
regional healthcare resources allocation policy.

In general, healthcare resources are closely linked to social 
development, economic conditions, policies, and so on. 
Urbanization, as one of the factors representing social development, 
has a significant impact on each of the three healthcare resources 
in this study. The impact of urbanization on health expenditure 
density is much greater than the impact on the density of CCDC 
and the density of disease control personnel. This may be due to 
that the higher the urbanization, the higher the income from 
health expenditures, which then has a greater impact on the 
density of health expenditures. In health, disease control personnel 
density and CCDC density are positively affected by the incidence 
of infectious diseases. Other scholars have also concluded that 
during epidemic periods, a large and well-trained health workforce 
is necessary to actively carry out epidemiological investigations, 
and so on (63).

In addition, aging has a positive effect on CCDC density. This 
may be due to the fact that, as the level of awareness increases and 
aging becomes more serious, people pay more attention to 
preventive health care, and local governments increase their 
investment in preventive health care services for the older adult 
population (64). At the same time, this means that the need for the 
CCDC is also increasing. Among the economic factors, GDP per 
capita and per capita health care expenditures have a positive 
impact on disease control personnel density, and per capita health 
care expenditures have twice the impact of GDP per capita. In 
terms of regional impacts, social development, health factors and 
economic factors have spillover effects on disease control personnel 
density in neighboring provinces. The GDP of the province is 
negatively correlated with the density of disease control personnel 
in the surrounding provinces. Each 1% increase in the province’s 
GDP leads to 1.21% decrease in disease control personnel density 
in the surrounding provinces.

Areas with higher economic levels are more likely to attract 
health personnel from neighboring areas who choose to work 
across districts (65). Particularly, as the economic level rises, it 
stimulates the demand for health services among the population 
(66), and it also increased the local demand for disease control 
personnel. Aging has a negative spillover effect on the density of 
disease control personnel in neighboring provinces. Studies have 
confirmed that the higher the aging, the greater the need for health 
workforce (67). This may be attributed to a greater need for more 
and more specialized health care services for the local older adult, 
which has led to a reduction in the number of disease control 
personnel in the neighboring provinces. Urbanization has a 
positive spillover effect on the density of disease control personnel 
in neighboring provinces, and we believe that urbanization has a 
spillover effect on health manpower, as confirmed by previous 
studies (68). Increasing urbanization is conducive to accelerating 
the mobility of human resources for health across regions. While 

focusing on the development of urbanization, the government 
should also pay attention to the impact of urbanization on 
healthcare resources of CCDC, and actively promote the high 
quality development of urbanization and CCDC.

In terms of spillover effects of health financing density, only 
urbanization development has a positive spillover effect on health 
expenditures density. Increasing urbanization in the province by 1% 
will cause the health expenditures density in the surrounding 
provinces to increase by 36.92%. It can be understood that the better 
developed the city, the higher the level of the health economy, causing 
the government to redirect investment to neighboring 
poorer provinces.

This study also has some limitations. Firstly, we  calculated 
healthcare resources density based on population size only and 
conducted a study on spatial distribution and influencing factors. In 
the next study, healthcare resources density can be calculated based 
on land area. Secondly, other factors such as education levels and 
salary levels may have an impact on healthcare resources (69, 70). 
However, due to the availability of data, it was not possible to include 
the level of education and salary level in the study of influencing factors.

Conclusion

In conclusion, our study identified significant spatial variation in 
healthcare resources allocation of CDC in China. Moreover, the 
spatial aggregation of health human and health financial resources 
increased positively over the study period, which reflects the 
expansion of spatial variability. Social development, economic 
conditions, health factors and policy factors had impacts on the 
allocation of healthcare resources not only in the province but also in 
neighboring provinces.
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