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Abstract 
Environmental pollution, especially air pollution, has led to public health problems in 
China, and accompanied by a heavy medical economic burden. Therefore, studying the 
effect of environmental pollution on healthcare expenditures(HE) is not only conducive 
to accelerating the regional low-carbon transformation, but also has important 
implications for reducing HE. Based on the panel data of 30 provinces in China from 2003 
to 2018, this paper adopted the dynamic space Durbin model, and used the improved 
entropy method to measure the comprehensive index of environmental pollution(CIEP) 
and carbon dioxide(CO2) to empirically test the effect of environmental pollution on HE. 
The results showed that there was a significant positive spatial correlation between HE 
in different regions. CIEP has an adverse impact on the health of residents, resulting in 
an increase in per capita healthcare consumption, which was mainly reflected in the 
direct effect. Meanwhile, The improve of CO2 emissions led to a significant increase in HE, 
and has a significant spatial spillover effect. Further, The results of analysis shows that 
reducing carbon emissions, pollution control and environmental improvement are 
conducive to producing significant synergistic effects, thereby meeting the requirements 
of residents for environmental quality, and providing theoretical support for the 
government to formulate policies related to pollution reduction and carbon reduction. 

Keywords 
Environmental Pollution; Energy CO2 Emission; Healthcare Expenditure; Dynamic 
Spatial Durbin Model. 

1. Introduction 

The Chinese economy has achieved extremely rapid development with economic reform and 
open up, which greatly improved people's living standards. However, under Chinese traditional 
industrial structure, extensive economic growth has not only led to excessive consumption of 
resources, but also caused environmental damage and pollution, accompanied by serious 
health crises. On one hand, people pay more attention to their physical and mental health with 
the rapid economic growth, and their investment in disease prevention and treatment is 
gradually augmenting. Therefore, the level of residents' healthcare expenditures (HE) is also 
increasing. On the other hand, according to the 2019 Statistical Bulletin on the Development of 
China's Health and Wellness Development, environmental pollution has caused outbreaks of 
various diseases in recent years. Respiratory and lung diseases occupied the top five causes of 
death among urban residents in 2019. Specifically, the national population cause of death 
survey report provided by National Health Commission of the people's Republic of China 
showed that the death rate of lung cancer in China has increased by 465% in the past 30 years. 
Therefore, there is a doubt whether the negative effects of environmental degradation have 
threatened the health of residents, thereby exacerbating the "blowout" growth of HE. The 
relationship between environmental pollution and HE has become a topic of extensive 
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discussion among many scholars at present. Wordley and Ayres (1997) showed that the 
environmental concentration of particulate matter (PM10) less than 10 μm in diameter in 
Birmingham, England, has a significant impact on many health indicators [1]. Ye et al. (2013) 
used GMM estimation to analyze the effects of environmental quality and residents' income on 
HE and their regional heterogeneity, which found that the deterioration of environmental 
quality is one of the important factors leading to the growth of HE [2]. Li et al. (2015) based on 
PM2.5 panel data and used the dynamic GMM estimation method to find that haze pollution 
increases the HE of urban residents, especially the impact of haze pollution on HE of the elderly 
and children is more obvious [3]. Li et al. (2019) used the spatial Durbin model (SDM) to show 
that the impact of PM2.5 pollution on the number of doctor visits per capita has a time lag effect 
and has strong spatial transmission [4]. Yang et al. (2019) assessed the influence of atmospheric 
pollution in 28 northern cities of China on the health and economic welfare of residents. The 
result showed that the serious economic loss caused by air pollution [5]. Xu et al. (2019) used 
the Bayesian quantile regression (BQR) model to identify the positive effect of industrial 
exhaust emissions on healthcare expenditures in high-income areas, and a negative impact on 
healthcare expenditures in low-income areas [6]. Song et al. (2019) used panel data of 30 
provinces in China from 2005 to 2015 and found that the worse the environmental quality and 
the higher the pollution level, the worse the health status of residents, and the health effects of 
environmental regulation and environmental pollution have obvious spatial spillovers effect 
[7]. 
Regarding the research on regional differences of air quality on HE, scholars divided China into 
three regions: east, middle and west to study the regional differences in the influencing factors 
of HE. For example, Yang et al. (2017) used the Theil index, convergence test, quantile 
regression and other methods to study the spatio-temporal differences and environmental 
technological elasticity of HE in China from 2005 to 2014, and found that the overall level of HE 
increased from the eastern Spatial distribution pattern decreasing to the west. The elastic 
coefficients of environmental technology at different quantiles are all positive, indicating that 
reducing the level of industrial COD and SO2 emissions is beneficial to the reduction of HE [8]. 
Qi (2015) used a spatial econometric model based on the evaluation index of industry pollutant 
discharge density and found that the undertaking of pollution-intensive industries has a 
significant impact on HE in the central and western regions. Specifically, the economic growth 
effect of pollution-intensive industries in the central region was significantly greater than the 
health expenditure effect caused by pollution, while the impact on HE in the western region is 
not significant [9]. 
Carbon emissions affect individual health in various forms, thereby affecting household medical 
expenditures. Ou et al. (2013) analyzed the cluster effect of urban HE and the impact of CO2 on 
HE, and found that CO2 has a significant promoting effect on HE, and there is a certain spatial 
spillover effect [10]. Nicholas et al. (2018) analyzed the short- and long-term effects of carbon 
dioxide emissions in the United States on healthcare spending, and found that carbon dioxide 
significantly increased local healthcare expenditure [11]. Khoshnevis et al. (2017) and Wang et 
al. (2019), reported similar results from the Middle East, North Africa and Pakistan [12-13]. 
Saida Z and Kais S (2018) used autoregressive distributed lag (ARDL) models to further analyse 
the relationship between greenhouse gas emissions and health expenditures in South African 
countries, and concluded that carbon dioxide emissions have a negative impact on health 
expenditures and economic growth [14]. A two-way causal relationship exists between health 
expenditure and economy. 
In summary, environmental quality problems are becoming more and more serious in China, 
resulting in serious respiratory diseases and cancer, which has led to a significant increase in 
residents' health care expenditures. Therefore, studying the impact of environmental pollution 
on HE not only has important practical guiding significance for the construction of ecological 
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civilization, but also helps the government to formulate scientific policy recommendations for 
improving environmental quality and reducing HE. By combing foreign literature, it can be 
found that environmental pollution has long-term and short-term effects on HE, but it is rare to 
use the dynamic spatial Durbin model to systematically analyze the spatial spillover effect of 
CO2 and environmental pollution. Based on the research of other researchers, this paper 
continues to explore in-depth the short-term and long-term spatial spillover effects of HE, CO2 
and environmental pollution, and decomposes their short-term and long-term effects. 

2. Materials and Methods 

2.1. Calculation of Comprehensive Index of Environmental Pollution (CIEP) 
With reference to the CIEP estimation system reported by Liu et al. (2019) and Liu et al. (2021) 
[15-16], a CIEP was constructed using the panel entropy method in 30 provinces in China from 
2003 to 2018. In this study, CIEP was calculated from the perspective of three industrial wastes. 
First of all, industrial waste gas has become an important source of air pollution with the 
accelerated development of industry. These air pollutants have a certain impact on the health 
of residents, thereby promoting the increase of HE. What’s more, unreasonable discharge of 
industrial wastewater is also one of the important factors causing environmental pollution. 
Industrial wastewater contains a variety of harmful substances, such as lead, mercury, nitrogen, 
cyanide, phenol and other harmful chemicals. Unreasonable discharge measures will inevitably 
lead to serious water pollution, and ultimately endanger human health through the food chain, 
which to a certain extent increases the health care expenditure of residents, as does the 
unreasonable treatment of industrial solid waste. Therefore, this paper uses stata16.0 software 
to measure CIEP according to the improved entropy method. The specific operation process of 
the improved entropy method is as follows: 
(1) Index selection: if there are r years, n provinces, and m indexes, then is the jth index value 
of province i in the θth year. 
(2) Data standardization processing: in the CIEP system, the original data of each indicator has 
different dimensions and orders of magnitude difference, so it is necessary to standardize the 
original value of each indicator. The positive index normalization formula is represented by the 
following equation: max/ij ijy x x   ; Negative index normalization: min /ij ijy x x  . 

(3) Calculate the proportion of the ith sample flag value in the jth indicator: 
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(4) Calculate the entropy value of the jth index: 
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(5) Calculate the difference coefficient of the jth index: 1j jd e   

(6) Calculate the weight of the jth indicator as follows: /j j j
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It should be noted that this paper first uses the improved entropy value method to obtain the 
weight of the indicators of the indicator layer, and then normalizes the original data of the 
indicator layer. The product of the indicator weight and the normalization score of the original 
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data value of the indicator is the indicator layer index. The criterion-level index is obtained by 
adding the scores of the relevant index-level indexes, and the annual CIEP criterion-level index 
scores of each province are added up. 

2.2. Spatial Effect Test Method 
(1) Moran Index 
Before using the spatial econometric model for analysis, it is necessary to check whether there 
is spatial autocorrelation, and consider selecting an appropriate spatial econometric model for 
estimation. Moran's I is a widely used test statistic. In this paper, the global spatial 
autocorrelation coefficient is used to investigate the spatial correlation of HE in each province 
as a whole. This statistic describes the overall spatial relationship of all units in the entire 
spatial range, and the spatial local Moran’s I is used to analyze the local spatial effect. The 
expression is as follows: 
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(2) Spatial Weight Matrix 
The spatial impact of environmental pollution on HE and its differences are derived from the 
spatial dependence and heterogeneity between variables. Therefore, it is necessary to construct 
a spatial weight matrix to describe the spatial dependence and heterogeneity among regional 
variables. Common spatial weight matrices include geographic weight matrix and economic 
weight matrix. Based on the inverse distance weight matrix, this paper combines the economic 
weight matrix and the distance weight matrix to construct two spatial weight matrices of 
geographic distance and economic geography. 

For the inverse distance space weight matrix, this paper calculates the geographic distance ( ijd ) 
between different provinces based on the latitude and longitude information of the capital cities 
of each province, and takes the reciprocal of the square of the distance to reflect the correlation 
of each province. Among them, the formula of the second-order inverse distance space weight 
matrix is as follows: 
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Differences in geographic location reflect only geographically relevant effects. In addition to 
geographical features, economic features are also an important cause of environmental 
pollution. This paper constructs an economic geographic weight matrix and combines the two 
in the spatial dimension, so that the spatial weight matrix can more accurately describe the 
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correlation, asymmetry and heterogeneity of the spatial effects of different provinces. The 
formula is as follows:  
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2.3. Measurement and Model Construction 
The health of residents is determined by a variety of influencing factors. The latest survey 
showed that 60% of the causes of human death were caused by behavior and lifestyle, 17% 
were caused by environmental factors, and the impact of health services on human deaths was 
only 5%. Grossman (1972) introduced the concept of health production function for the first 
time through the analysis of the health micro demand model, which was used to explain the 
effect of various variables on the health status according to the demand of health funds in the 
process of medical service production[17]. In this paper, environmental pollution variables are 
introduced on the basis of macro health production function, and the influencing factors of 
public health are classified into three categories: economic development, public health, and 
environmental pollution. At the same time, environmental pollution has the characteristics of 
wide spread, strong mobility, and long hazard retention period, and it is not evenly distributed 
in space, which obviously does not conform to the framework of traditional measurement 
methods. Therefore, this paper draws on the research of Le Sage and Pace (2009) [18], 
introduces the spatial interaction into the general linear model, and adopts the spatial Durbin 
model to verify the possible spatial effect. The basic model used for the empirical analysis in 
this paper is as follows: 
 

it it i it it i t n itY WY X WX l                                                       (4) 

 

In the formula, itY represents the HE of i provinces in year t; W is the spatial weight matrix of 
n n , which is used to describe the spatial correlation of each province. itX  is the independent 

variable vector ; itWY and itWX  denote the spatial lag terms of the dependent and 

independent variables, respectively. i  and t  denote province and annual fixed effects, 
respectively; it  is a random disturbance term. 
In addition, in most studies, although the analysis of the spatial effect is realized, the dynamic 
characteristics of environmental pollution are not taken into account, and the systematic bias 
that may be caused by the space-time locking effect is ignored. Incorporated into the baseline 
model, the further constructed dynamic space Doberman model is as follows: 
 

, 1 , 1it i t i t it it it i t n itY Y WY WY X WX l                                           (5) 

 

where 1i tY ， , 1i tWY ，  and itWY represent time lag term, space lag term and spatiotemporal mixed 
lag term, respectively,  ,  and represent their coefficients, respectively. 

2.4. Data and Variables 
For the selection of data indicators, this paper is consistent with most researchers, and selects 
residents' health care expenditures as explained variables to study the impact of environmental 
pollution on residents' health care expenditures. For the environmental pollution variables, this 
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paper attempts to characterize them from the following two directions: Firstly, to construct a 
comprehensive index of environmental pollution with the three industrial wastes, namely 
industrial waste gas, industrial wastewater, and industrial solid waste, to represent the main 
pollution sources of various provinces and cities in China. Secondly, Nicholas et al. (2018) found 
that carbon dioxide (CO2) emissions have an important impact on the medical expenditures of 
various states in the United States, using quantile regression to prove that CO2 emissions can 
lead to a significant increase in health care expenditures in each state [11]. Since there is no 
corresponding statistics on the per capita CO2 emissions of various provinces and cities in China, 
this paper uses the energy carbon emission factor published by IPCC (2006) to calculate the per 
capita energy CO2 emissions of the corresponding provinces and cities as another variable that 
affects the health of residents. 
 

Table 1. The definition of the variables 
Variable 

Types 
Category 

Variable 
Name 

Variable Definition 

Dependent 
variable 

 lnHE Natural logarithm of per capita healthcare expenditure in each 
region(yuan) 

Key variables 
Environ

ment 
pollution 

lnCIEP 
Natural logarithm of comprehensive index of environmental 

pollution in each region 

lnCO2 Natural logarithm of per capita CO2 in each region 

Control 
variables 

Economic 
develop

ment 

lnmincom
e 

Natural logarithm of per capita income of rural residents in each 
region(yuan) 

Public 
service 

lnmgov 
Natural logarithm of per capita government health expenditure in 

each region (yuan). 

lnrdoc 
Natural logarithm of number of health technicians per thousand 

population in each region 

Populatio
n 

structure 

lnrold Natural logarithm of old-age dependency ratio in each region 

lnryoung Natural logarithm of juvenile dependency ratio in each region 

Populatio
n quality 

lnillter 
Natural logarithm of years of schooling per capita in area region 

(year) 

 
In addition, there are many influencing factors of HE. Referring to the indicators adopted by 
many scholars, this paper selects resident income (mincome), old-age dependency ratio (rold), 
juvenile dependency ratio (ryoung), per capita government health care expenditure (mgov), 
education The level (illter) and the proportion of health technicians per 1,000 people (rdoc) 
were used as control variables. And use the price index of each province and city to deflate the 
data with 2003 as the base period, in order to eliminate the heteroscedasticity, the logarithm 
of the relevant data is processed. and the relevant variables and explanations are shown in 
Table 1. 
The panel data of 31 provinces in China from 2003 to 2018 represent the study sample. All the 
original data were obtained from the China Statistical Yearbook (CSY), China Rural Statistical 
Yearbook (CRSY), China Agricultural Statistical Yearbook (CASY) and China Health and Family 
Planning Statistical Yearbook (CHFPSY). Descriptive statistics of relevant data are shown in 
Table 2. 
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Table 2. Summary statistics 
Variables Sample Mean SD Min Max 

lnHE 480 6.442 0.702 4.571 8.082 
lnCO2 480 1.802 0.555 0.29 3.35 
CIEP 480 0.205 0.145 0.011 0.764 

lnmincome 480 9.452 0.622 8.126 11.069 
lnryoung 480 3.126 0.314 2.262 3.798 

lnrold 480 2.545 0.21 2.001 3.122 
lnrdoc 480 1.565 0.356 0.693 2.738 
lnmgov 480 5.828 1.077 3.229 7.761 
lnillter 480 1.753 0.618 0.058 3.181 

3. Results and Discussion 

3.1. Analysis of Spatial Correlation Results 
The Moran index was used to test the spatial correlation between the inverse distance weight 
matrix and the economic geography weight matrix. The related Moran index scatter plot is 
shown in Figure 1. It can be found that from 2003 to 2018, HE showed significant spatial 
correlation in all provinces in China, and generally clustered as "high-high" and "low-low". It 
represented that the HE in the surrounding areas of the provinces with high HE was also high. 
Similarly, the surrounding areas of provinces with low HE are also low. The global Moran index 
obtained by using the inverse distance weight matrix is 0.789, the global Moran index obtained 
by using the economic geography weight matrix is 0.660, and the Moran's I value of HE is 
significantly positive at the 1% level. That is to say, there is a significant positive spatial 
correlation and a certain spatial cluster phenomenon in China's environmental pollution in the 
whole area. 
 

 
Figure 1. Moran scatter plot based on W1 and W2 weight matrices 

3.2. Spatial Panel Model Test 
Before conducting the spatial panel analysis, it is necessary to check the specific selection form 
of the spatial panel model. LeSage and Pace (2009) suggest that we consider the s spatial Durbin 
model (SDM). The SDM is preferred for two reasons. On the one hand, the SDM model will 
produce unbiased estimates if unknown variables associated with a first-order spatial 
autoregressive process are omitted from the model, and those variables happen to be 
associated with independent variables that were not omitted. But spatial lags The model does 
not produce such results. On the other hand, even if the real data generation process conforms 
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to the spatial error term model, the SDM model will still produce unbiased estimates. Therefore, 
this paper will set the basic model as SDM for testing. 
This paper uses the balanced panel data of 30 provinces in mainland China from 2003 to 2018 
to conduct empirical regression. Before estimating the model, a series of tests need to be carried 
out. In this paper, the inverse distance weight matrix (W1) and the economic geospatial weight 
matrix (W2) are tested separately. The test results are shown in Table 3. 
 

Table 3. LM test results 

Estimation method 
W1 W2 

test value P_value test value P_value 

LM-lag 53.199 0.000 22.014   0.000 

RLM-lag 0.631  0.427 0.324 0.569 

LM-error 243.0861 0.000 138.440  0.000 

RLM-error 176.773 0.000 116.750  0.000 

hausman 190.519 0.000 90.71 0.000 

 
The LM test was used to select the static space panel model suitable for this paper, including 
the Lagrangian multiplier form and the robust form test. If LM-lag is found to be statistically 
more significant than LM-err, while R-LM-lag is significant but R-LM-err is not, then the spatial 
panel lag model is more suitable than the spatial error model; otherwise, the spatial error model 
is more suitable. From the LM test results, it can be seen that both of them obviously reject the 
null hypothesis, indicating that the results obtained by the traditional common panel model are 
wrong, and the spatial panel model should be used. Further, the fixed effects model was 
determined according to the hausman test. 
In addition, this paper tests whether the spatial Durbin model can degenerate into a spatial lag 
model and a spatial error model. The basic model of the SDM is initially set for further analysis. 
In this paper, the maximum likelihood estimation of the SDM is carried out, and the parameter 
estimation results of the SDM model are obtained. Then examine whether the SDM can be 
reduced to a spatial autoregressive model, a spatial error term model or a common panel model. 
We estimated it using the Wald test and the LR test, respectively. If both tests are rejected, we 
can choose the SDM as the best model. Table 4 shows the results of testing the SDM. Obviously, 
SAR and SEM are not suitable for the study of the spatial spillover effect of environmental 
pollution on HE. This paper chooses two-way fixed SDM for maximum likelihood estimation. In 
order to compare the results of common panel regression, the RE model and the FE model were 
introduced for comparative analysis. However, static SDM only considers the spatial lag effect 
of environmental pollution on HE, and a dynamic lag term should be introduced to investigate 
the spatial dynamic relationship between environmental pollution and HE. Therefore, this 
paper incorporates the first-order lag term of HE into the model as an independent variable, 
and establishes a dynamic SDM for robustness discussion and analysis. 
 

Table 4. Wald and LR test results 

Estimation method 
W1 W2 

test value P_value test value P_value 

Wald-lag 13.92 0.0009 11.05 0.0009 

Wald-error 11.12 0.0038 16.22 0.0003 

LR-lag 13.59 0.0011 15.99 0.0003 

LR-error 8.79 0.0123 15.91 0.0004 
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3.3. Empirical Analysis of Environmental Pollution on HE 
3.3.1. Comparison of Ordinary Least Squares (OLS) and Spatial Panel Models (SPM) 

Table 5. Estimation results of effect of CIEP and CO2 on HE 

Variables 
FE RE SDM (W1) SDM (W2) 
(1) (2) (3) (4) 

lnCO2 
-0.0277 
(-0.53) 

0.0690 
(1.61) 

0.145** 
(3.02) 

0.124* 
(2.55) 

CIEP 
0.405* 
(2.34) 

0.00204 
(0.01) 

0.486** 
(2.90) 

0.683*** 
(4.48) 

lnmincome 
0.896*** 
(14.36) 

0.759*** 
(13.05) 

0.567*** 
(6.23) 

0.628*** 
(6.79) 

lnryoung 
0.188 
(1.92) 

0.0750 
(0.95) 

-0.00990 
(-0.12) 

0.0527 
(0.62) 

lnrold 
0.397*** 
(4.96) 

0.410*** 
(5.54) 

-0.0467 
(-0.60) 

0.0264 
(0.34) 

lnrdoc 
0.255*** 
(4.03) 

0.365*** 
(5.99) 

0.0237 
(0.38) 

0.0170 
(0.28) 

lnmgov 
0.0942* 
(2.42) 

0.0921** 
(2.96) 

0.223*** 
(4.68) 

0.207*** 
(4.44) 

lnillter 
0.191*** 
(4.30) 

0.0969* 
(2.47) 

0.0831 
(1.64) 

0.0723 
(1.41) 

_cons 
-4.939*** 
(-9.49) 

-3.413*** 
(-6.82) 

0.0163*** 
(15.42) 

0.0165*** 
(15.48) 

W* lnCO2 

 

0.294** 
(2.66) 

0.428*** 
(3.43) 

W*CIEP 
1.052* 
(2.34) 

-1.657** 
(-2.82) 

rho 
-0.236** 
(-2.76) 

-0.0863 
(-0.91) 

R2 0.9343 0.9314 0.8862 0.9099 
AIC -411.1174  -398.2536 -585.3995 -584.1347 

Two-way  
fixed effects 

  YES YES 

N 480 480 480 480 

Note: * , * * , and *** represent the significance level at 0.1, 0.05, and 0.01, respectively. 
 
The estimation results of OLS and SDM are shown in Table 5. It can be found that the models in 
columns (1)-(4) are all higher, indicating that the overall fitting effect of the model is better. 
Meanwhile, the AIC of the spatial panel model is significantly better than the OLS regression. 
After adding the spatial model, the significance of the main explanatory variables increases, 
indicating that the estimation effect is the best in the statistical sense. From the estimated 
coefficients of the independent variables, it can be found that the estimated coefficients of the 
static SDM and the non-spatial panel model considering spatial factors are basically the same 
in direction, indicating that the model has certain robustness. In the estimation results based 
on different spatial weight matrices, it can be found that the estimated coefficients of CIEP 
(0.486) and CO2 (0.145) are both positive, and at least pass the 10% significance level test. 
Preliminary evidence shows that the adverse effects of environmental pollution on public 
health have attracted people's attention and become one of the important factors affecting HE. 
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From the perspective of control variables, in the OLS estimation, except for the juvenile 
dependency ratio (lnryoung), all other control variables passed the test at least at the 10% 
significance level, and the coefficients were all positive. It shows that the control variables are 
highly correlated with HE, and both are important factors affecting HE. 
3.3.2. Analysis of Dynamic SDM Estimation Results under Two Spatial Weight Matrices 
Table 6 shows the estimation results of the dynamic SDM model. According to column (1), the 
lag period of HE is significantly positive at the 1% level, indicating that HE has a time lag effect, 
and the level of HE in the previous period has a significant positive effect on HE in the next 
period. The correlation coefficient ρ of HE is significantly positive at the 1% level, which 
indicates that HE has a spatial spillover effect. From the perspective of environmental pollution 
variables, the estimated coefficient of per capita CO2 is significantly positive at least at the 10% 
level. For every 1% increase in per capita CO2 emissions, HE will increase by 0.105%, which 
means that CO2 emissions are harmful to the health of residents, thus significantly promoting 
the improvement of HE, which is basically consistent with the research of most scholars. 
Reducing environmental pollution has a significant inhibitory effect on HE. The estimated 
coefficient of CIEP was significantly positive at the 5% level, indicating that with a 1% decrease 
in CIEP, the corresponding HE would decrease by 0.484%. We believe that health is closely 
linked to the living environment in which individuals live. Generally speaking, living 
environment is one of the important factors of health. Particles such as PM2.5 contained in 
smog can cause respiratory infections and lung damage in residents. Water pollution can put 
residents' drinking water at risk. The random disposal of solid waste (especially industrial solid 
waste) also pollutes the environment. In addition, global climate change caused by the 
accumulation of greenhouse gases can have a considerable impact on the health of populations. 
In general, relevant departments should take measures to reduce the discharge of three 
industrial wastes. For example, by improving the city's innovation ability, it will promote the 
progress of pollution control technology in production, the green and efficient production 
process and the upgrading of pollution treatment facilities. These measures will help improve 
the quality of the ecological environment, reduce HE, and thus improve residents' health. 
 

Table 6. Estimated results of CEIP and CO2 for HE based on dynamic SDM 

Variables 
SDM (W1) SDM (W2) 

(1) (2) 
coefficients t-statistics coefficients t-statistics 

L.lnHE 0.253*** 5.61 0.249*** 5.47 
lnCO2 0.105* 2.01 0.0924* 1.74 
CIEP 0.484** 2.69 0.565*** 3.36 

lnmincome 0.479*** 4.89 0.510*** 5.12 
lnryoung 0.0110 0.12 0.0708 0.77 

lnrold -0.121 -1.45 -0.0507 -0.61 
lnrdoc 0.0758 1.19 0.0627 0.99 
lnmgov 0.164** 3.19 0.154** 3.04 
lnillter 0.0664 1.28 0.0576 1.08 

W*lnCO2 0.308* 2.57 0.348** 2.63 
W* CIEP 0.626 1.28 -1.043 -1.64 

rho 0.287** 3.27 0.128 1.31 
sigma2_e 0.0169*** 15.88 0.0173*** 15.98 

R2 0.8933 0.9104 
Two-way 

fixed effects 
YES YES 

Note: * , * * , and *** represent the significance level at 0.1, 0.05, and 0.01, respectively. 
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From the estimated results of the control variables, it can be found that residents' income has 
a positive and significant impact on health care expenditure, and the elasticity coefficient is 
0.479, which indicates that the current increase in the income level of residents in my country 
has a positive impact on HE. The estimated coefficient of HE by government health care is 
significantly positive at the 1% level. From the perspective of medical-related departments, the 
government’s support for the health sector is conducive to improving basic medical services 
and construction, and to a certain extent, it reduces the R&D and production costs of this sector, 
which is conducive to lowering the prices of related products, thereby stimulating residents to 
live in consumer spending on healthcare products. 
3.3.3. Decomposition of Direct and Indirect Effects of Dynamic SDM 
The parameter estimation results obtained in Table 6 are biased, and it often ignores the 
interaction information (spillover effects and feedback effects) that may contain a large number 
of adjacent regions. Therefore, this paper further decomposes the parameter estimation results 
into direct effects and indirect effects. Table 7 decomposes the total effect of individual 
characteristic variables into direct effects and indirect effects, so that we can more clearly see 
how individual characteristic variables affect the dependent variable. Since the research object 
of this paper is the impact of environmental pollution on HE, only the direct and indirect effects 
of CIEP and per capita CO2 are explained in this paper. At the same time, it is also distinguished 
from the cycle, and the empirical results are analyzed from the perspective of short-term 
spillover and long-term spillover. 
 

Table 7. SDM-based effect decomposition 
Variables SR_Direct SR_Indirect SR_Total LR_Direct LR_Indirect LR_Total 

lnCO2 
0.0898 
(1.75) 

0.234* 
(2.43) 

0.324** 
(3.23) 

0.115 
(1.65) 

0.289* 
(2.33) 

0.404** 
(3.21) 

CIEP 
0.483** 
(2.63) 

0.364 
(0.93) 

0.847* 
(2.46) 

0.641* 
(2.54) 

0.416 
(0.82) 

1.057* 
(2.44) 

lnmincome 
0.487*** 
(4.88) 

-0.111** 
(-2.80) 

0.376*** 
(4.63) 

0.659*** 
(4.87) 

-0.189** 
(-2.83) 

0.470*** 
(4.49) 

lnryoung 
0.0114 
(0.13) 

-0.00233 
(-0.11) 

0.00902 
(0.13) 

0.0153 
(0.13) 

-0.00399 
(-0.11) 

0.0113 
(0.13) 

lnrold 
-0.119 
(-1.42) 

0.0275 
(1.25) 

-0.0914 
(-1.42) 

-0.161 
(-1.42) 

0.0469 
(1.25) 

-0.114 
(-1.41) 

lnrdoc 
0.0776 
(1.15) 

-0.0183 
(-1.05) 

0.0592 
(1.14) 

0.105 
(1.15) 

-0.0313 
(-1.05) 

0.0738 
(1.14) 

lnmgov 
0.165** 
(3.28) 

-0.0375* 
(-2.30) 

0.127** 
(3.22) 

0.223** 
(3.28) 

-0.0641* 
(-2.32) 

0.159** 
(3.17) 

lnillter 
0.0713 
(1.38) 

-0.0158 
(-1.28) 

0.0555 
(1.35) 

0.0965 
(1.38) 

-0.0271 
(-1.28) 

0.0694 
(1.34) 

Note: * , * * , and *** represent the significance level at 0.1, 0.05, and 0.01, respectively. 
 
Table 7 presents the long-term and short-term direct effects, indirect effects, and total effects 
of dynamic SDM under the spatial weight matrix (W1). In the direct effect, we can find that the 
CIEP in this region is significantly positive at least at the level of 10% in both the short-term 
and long-term, which indicates that the improvement of CIEP has a positive effect on HE, and 
the long-term direct effect is greater than the short-term direct effect, respectively. are 0.641 
and 0.483. It is basically consistent with the previous research conclusions. Among the indirect 
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effects, the estimated coefficient of CO2 on HE passed at least the 10% significance level test in 
both the long and short term, indicating that CO2 emissions have significant spatial spillover 
effects. As per capita CO2 emissions in the region increase, it will adversely affect the health of 
residents in adjacent areas, thereby increasing HE. The long-term indirect effects and short-
term indirect effects were 0.289 and 0.234, respectively, which indicated that the impact of CO2 
emissions was far-reaching and lasting. The scope of CO2 emissions is not limited to this area, 
and the impact of adjacent areas is sometimes more serious. 
In general, although the specific effects lead to different long-term and short-term effects of 
environmental pollution on HE, environmental pollution has had a significant negative impact 
on China in both direct and indirect effects. It shows that the carbon double reduction policy is 
still an important measure for the health of Chinese residents during the transition period. 

4. Conclusion 

Based on the panel data of 30 provinces in China from 2003 to 2018, this paper constructed 
two spatial weight matrices according to economic and geographical attributes, and adopted 
the dynamic SDM to empirically study the impact of environmental pollution on HE. The results 
of the study showed that there was a significant positive spatial correlation of HE among 
provinces. Overall, the improvement of CIEP had an adverse effect on the health of residents, 
leading to an increase in HE, which was mainly reflected in the direct effect. The per capita CO2 
emissions led to a significant increase in HE with significant spatial spillover effects. From the 
estimated results, air pollution in environmental pollution posed the most serious threat to 
residents' health, which was consistent with the research results of most scholars. What’s more, 
an increase in the level of per capita income increased HE. With the improvement of people's 
income level, the basic necessities of life will also be satisfied, and then the attention will be 
turned to the field of health maintenance, so HE will be increased. Based on the above research 
conclusions, the policy recommendations put forward in this paper are as follows:  
Firstly, local governments should break down the "interest barriers" and "policy barriers" in 
pollution control, strengthen the joint prevention and control of environmental pollution and 
policy coordination among local governments, and promote the breadth and depth of regional 
cooperation on environmental pollution among governments at all levels. Meanwhile, the 
reduction of environmental pollution is inseparable from the support of green technology 
innovation. Local governments should take the investment in research and development of 
green innovation technology as an important goal, rely on green innovation technology, and 
transform economic development to an environment-friendly one through the upgrading and 
optimization of industrial structure and scale.  
Secondly, strengthen environmental protection and governance to reduce the harm of 
pollutants to health. The deterioration of the environment will lead to the increase of HE. 
Strengthening environmental protection and governance is one of the ways to effectively 
reduce HE. The government should take stricter pollution control on enterprises. At the same 
time, it is necessary to strengthen the official publicity of environmental protection, especially 
to take corresponding measures to solve air pollution. For example, environmental monitoring 
sentinels have been established in areas with high environmental pollution risks, and risk 
assessment and early warning work have been carried out for key enterprises and engineering 
projects in the region. Enterprises should strengthen the transformation of their own 
production structures, especially industrial enterprises should focus on strengthening the 
ability to deal with the three industrial wastes.For example, steel mills should strengthen their 
sewage treatment capacity, purchase more advanced sewage and waste gas treatment 
equipment, and discharge them in strict accordance with the national standards for sewage and 
waste gas discharge. Further, industrial enterprises themselves should strengthen the research 
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and development of waste gas and wastewater emission reduction technology and treatment, 
and realize the green transformation of industry.  
Finally, the increase of residents' income will help residents to improve the quality of the 
environment and augment the ability of residents to manage and prevent diseases. With the 
increase of income, people will pay more attention to health maintenance. High-income groups 
will consider environmental quality issues when they choose to live, and they will tend to buy 
areas with good air quality. In daily life, they will also have better awareness of disease 
prevention. For example, purchasing air and water purification equipment to prevent disease. 
Increasing residents' income can directly enhance residents' ability to spend on health care. 
Therefore, the government needs to step up efforts to standardize the income distribution 
system and advocate the diversification of residents' investment in order to improve residents' 
income levels. 
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