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Abstract
Background: This study has shown the incidence of lung cancer in association with exposure to air pollution. We investigated the
relationship, focusing on long-term exposure to carbon emissions (CE) and lung cancer incidence rate (LIR) in China.

Methods: We collected the incidence rate of lung cancer from 2013 to 2015, and the data of carbon emissions from 1997 to 2015.
We modeled the panel data of 30 provinces and cities in China from 2013 to 2015 and applied a spatial Durbin model (SDM) to
explore the spatial effect of CE on the LIR. Pearson test to determine the long-term impact of CE on LIR.

Findings: The results showed that the direct effect coe�cient of CE and UR were 0.132 and 0.425, respectively, both signi�cant at a
1% level, which showed that CE and UR had an obvious positive effect on LIR. The value of Moran’s I indicated that there was a
positive spatial correlation between the LIR and CE in China from 2013 to 2015, while the indirect effect coe�cient of all the
variables was nonsigni�cant at a 10% level, which indicated that CE had not impact on the LIR of its surrounding areas. on the
whole, the effect co�cient of CE is 0.005 ,which is signi�cant at a 1% level, which points out that the average effect of a change in
CE in a certain region on LIR in all regions. Therefore, the research results indicated that there were geographical differences in
carbon emissions but there is no spatial spillover effects. In the time �xed effects, the coe�cients of CE were positive at the 10%
signi�cance level, which pointed out that CE exposure had a long-term impact on LIR from 2013 to 2015. Besides, the Pearson test
implied that CE in the period had the greatest impact on the LIR in 2015 in China, and the lag period was about 17 years.

Interpretation: The impact of CE on LIR had geographical distribution differences and long-term effects in China. We recommend
that adopting policies to reduce carbon emission will have a positive health impact.

Highlights
1. The results showed that the direct effect coe�cients of the carbon emissions and urbanization rate were 0.132 and 0.425,

respectively, which showed that carbon emissions and urbanization rate had an obvious positive effect on lung cancer
incidence rate.

2. We calculated the value of Moran’s I and the indirect effect coe�cient of all the variables and the results indicated that there
were geographical differences in carbon emissions but no spatial spillover effects.

3. Carbon emission exposure had a long-term impact on lung cancer incidence rate from 2013 to 2015. In addition, Pearson test
implied that carbon emission in the period had the greatest impact on the lung cancer incidence rate in 2015 in China, and the
lag period was about 17 years.

Introduction
Carbon emission is a general term for greenhouse gas emissions, referring to the average greenhouse gas emissions from the
production, transportation, use, and recycling of a product. When the organic hydrocarbons produced by fuel combustion come
into complete contact with oxygen in the air, a chemical reaction of combustion will occur, and water and carbon dioxide (CO2) will
be produced. However, when combustion is incomplete, it may become harmful substances and be emitted, such as particulate
matter (PM) and intermediate products carbon monoxide (CO). accounting for 71–76% of global carbon dioxide emissions
generated by global energy use (Edenhofer et al. 2014). The latest statistics, published by the UK-based climate policy website
Carbon Brief (https://www.carbonbrief.org/), showed that China's total carbon emissions reached 10 billion tons in 2018, up 2.3
percent from 2017. The rise in carbon emissions has increased air pollution and affected human health (Ra�ndadi et al. 2014). I In
June 2020, the Ministry of Ecology and Environment of the People's Republic of China issued the "Announcement on China's
Ecological Environment in 2019", which showed that in 2019, the average number of days of ambient air quality exceeding the
standard in 337 cities nationwide was 18.0%.. The main pollutants of PM2.5, O3, PM10, NO2, and CO accounted for 45.0%, 41.7%,
12.8%, 0.7%, and less than 0.1% of the total number of excessive days. Moreover, according to the Global Burden of Disease (GBD)
(Collaboration et al. 2020), particulate air pollution ranked fourth among the top ten risk factors affecting the number of deaths
and the percentage of DALYs in China in 2017.
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Lung cancer ranks �rst among the top ten cancers in China in terms of morbidity and mortality, with a standardized incidence of
35.57/100,000 and standardized mortality of 47.79/100,000 (Song 2018). Recently, the research on the relationship between
carbon emissions and lung cancer and other diseases has been increased. Lin et al. (Lin 2019) used Poisson regression to analyze
the relationship between the LIR and carbon emissions in coal-�red power plants in Europe and Asia from 2000 to 2016 and found
that the LIR was proportional to carbon emissions. Yue et al. (Shihong 2017) have studied the relationship between the LIR in 550
patients in 27 regions of Tianjin and various air pollutants and found that the combination of different air pollutants (PM2.5, PM10,
SO2, NO2, CO, O3) and pollutants had different effects on the LIR in different regions of Tianjin. Besides, long-term epidemiological
studies have reported an increased risk of all causes of mortality, cardiopulmonary mortality, and lung cancer mortality associated
with increasing exposures to air pollution (Joellen 2007). A study in Egypt found that the number of deaths caused by air pollution
(respiratory system and cardiovascular diseases) increased by 2.5% when carbon dioxide emissions increased by 1%, and the
impact of population growth on sustainable development opportunities depends on the degree to which increased air pollution
leads to lower morbidity and thus lower labor productivity (Ghanem 2018).

In light of the above-mentioned concerns and based on panel data, the objectives of this study are: (1) to assess the relationship
between carbon emissions and other economic indicators and lung cancer incidence rates in China; (2) to explore the effects of
interregional carbon emissions on lung cancer incidence rate in local and adjacent areas; and (3) to identify the long-term impact
of carbon emissions on lung cancer incidence rate. More speci�cally, the current study attempts to explore the temporal and
spatial effects of carbon emissions on lung cancer incidence through panel data modeling and to explain the long-term effect of
carbon emissions on lung cancer incidence rate.

Data And Study Design

2.1 Data sources
The incidence data of lung cancer (10th revision of the International Classi�cation of Diseases code: ICD 33–34) were derived
from Cancer Registry Annual Report (CRAR). The CRAR summarized the incidence, mortality, and population data of malignant
tumors in the 31 provinces covered by tumor registration, including the proportion of death incidence, the proportion of
pathological diagnosis, the proportion of only medical death certi�cate, and other quality control indicators. We adopted the long-
term carbon emissions (CE) data released by China Emission Accounts and Datasets (CEADs,
https://www.ceads.net.cn/data/province/by_sectoral_accounting/), It brings together a panel of experts from the UK, the US, and
China to study emissions accounting methods and applications in China, and to provide accurate and up-to-date carbon emissions
as well as socio-economic and trade data is the responsibility of the entire academic �eld. Policy stakeholders and the public data
for control variables are from the China Statistical Yearbook, including GDP index, primary industry index, secondary industry
index, and urbanization rate.

2.2 Variable

2.2.1 Dependent Variable: incidence rate of Lung cancer
We collected 30 provinces with gender-speci�c lung cancer incidence rates (LIR) and lung cumulative incidence rates (LCIR) from
2013 to 2015 (due to the lack of carbon emissions data in Tibet, it was not included in this study). The age-standardized incidence
rate was adjusted by Segi’s world standard population. Robustness was tested using the LCIR, which is an overall index of the
incidence of a particular disease at a particular stage by age (year), the formula is CIR = [∑(age-speci�c incidence rate×age-
speci�c interval)]×100%. Our research calculated the CIR from 0 to 74 years old.

2.2.2 Independent Variable: carbon emissions
This study used annual CE data to analyze the spatial impact of CE on LIR. We selected the annual CE data from CEAD from 1997
to 2015. At the same time, due to the time lag effect of Ce exposure on LIR, we also used primary carbon emission lag (Ce (−1)) as
an independent variable to test whether the time lag effect exists. In addition, carbon emissions per capita (PCE) and carbon
emissions per capita lagging one stage (PCE (−1)) were used as surrogate variables for CE exposure to test the robustness of the
results.
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2.2.3 Control Variable
We assumed that LIR is not only affected by CE risk exposure, but also by other economic indicators. gross domestic product index
(IGDP), primary industry index (IPI), secondary industry index (ISI), and urbanization rate (UR) were included as economic indicators
in this study. Simply, energy consumption as the main production input, has improved the national economy. However, economic
growth might have an in�uence on human health, as it requires fossil fuel consumption, and economic growth might have a
positive in�uence on health infrastructure(Chaabouni 2016; Renton 2012).

2.3 Study design

2.3.1 Research hypothesis
Based on the above mentions, we propose the following hypotheses:

Hypothesis 1

Carbon emissions increase air pollution and will lead to lung cancer.

Hypothesis 2

The occurrence rate of lung cancer in the region is not only affected by the carbon emissions of its own region, but also by the
carbon emissions of neighboring regions.

Hypothesis 3

The impact of carbon emissions on lung cancer has a time lag effect, that is, the amount of carbon emissions lagging for a period
of time has a positive impact on the occurrence of lung cancer in the current period.

2.3.2 Spatial Econometric Model
This study analyzed the effect of carbon exposure on the incidence of lung cancer in China by using spatial econometric model,
and measured the direct effect, spatial spillover effect and total effcet. According to the above assumptions, we built the spatial
autoregressive model (SAR), spatial error model (SEM), and spatial Durbin model (SDM). (Anselin 2012). The SAR model explains
the lag term of spatial dependent variables, SEM model explains the spatial spillover effect of independent variables, and SDM
model explains the lag term of spatial dependent variables and spatial spillover effect of independent variables. Based on this, the
three spatial econometric models are constructed as follows:

SAR:

SEM:

SDM:

where Y is the dependent variable; CE and CE(−1) are the core independent variable; IGDP, IPI, ISI, and UR are the control variables; X
represents all the above core independent variables and control variables; W is the spatial weighting matrix; εit and µit are normally
distributed random error vector; α denotes the intercepted item; β Is the in�uence coe�cient of the independent variable on
dependent variable; ρ denotes the spatial autoregressive coe�cient; λ denotes the spatial error coe�cient; σ denotes the space lag
coe�cient of the independent variables; i represents regions, and t represents year. The logarithm is to minimize heteroscedasticity.

lnYit = α + ρWYit + β1lnCEit + β2lnCE(−1)it
+ β3lnIGDP it

+ β4lnIP Iit
+ β5lnISIit

+ β6lnURit + ϵit

lnY it = α + ρWYit + β1lnCEit + β2lnCE(−1)it
+ β3lnIGDP it

+ β4lnIP Iit
+ β5lnISIit

+ β6lnURit + μit

μit = λWuit + ϵit

lnY it = α + ρWYit + β1lnCEit + β2lnCE(−1)it
+ β3lnIGDP it

+ β4lnIP Iit + β5lnISIit
+ β6lnURit + σWXkit + ϵit
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2.3.3 Spatial Autocorrelation Test
Global and Local spatial correlation indexes were measured by global Moran's index (Moran's I) and Local Moran's I, respectively
(Luc 1995). Their calculation formulas were shown as follows:

Where, xi and xj represent the observed values of the region I and region j respectively; N is the number of all regions; Wij is an
element in the spatial weight matrix; It's the mean of the sample.

Moran' I have a value between − 1 and 1. If its value is greater than 0, then positive spatial autocorrelation exists between
variables. If its value is less than 0, there is a negative spatial correlation between the variables. If its value is equal to 0, then there
is no spatial autocorrelation between variables.

The measurement of Moran’s I need to de�ne spatial weight. In this study, the spatial contiguity matrix (W1) (Feng 2019)was used
to describe the relationship among different regions. Speci�cally de�ned as: if region i and region j have a common boundary, then
Wij = 1; otherwise, then Wij = 0. It should be noted that as an island, Hainan does not share a common border with other provinces.
However, considering that Hainan has the closest connection with Guangxi and Guangdong, it also has two neighboring provinces.

2.3.4 Model Test
A common task often undertaken by space practitioners is model selection. Following the strategy described in LeSage and Pace
(LeSage 2009) and Elhorst (Elhorst 2010), researchers should start with SDM as a general speci�cation and test alternatives.
Because the SDM may be easily derived starting from an SEM, one can easily show that if , the model is a SAR, while if λ=
−βρ, the model is an SEM.

In this study, we tested the conditions given in Table 3 to select a spatial econometric model to refer to this study of Belotti et al.
(Belotti 2017) for panel data. 

 
 
 
The main reasons for using the SDM are as follows: (1) When the ordinary least square method is used for regression, the
perturbation term has spatial correlation, which leads to errors in regression results. (2) When dealing with regional sample data,
some explanatory variables whose covariance with the explanatory variables in the model is not zero are ignored. In fact, the SDM
is a SAR model enhanced by adding spatial lag variables.

In Table 3, the test results are signi�cant at the 1% level (P < 0.01), and we should reject these invalid assumptions, i.e., λ = 0 and
λ=-ρβ; Therefore, SDM can be selected to analyze the impact of carbon emission exposure on lung cancer incidence in China. In
addition, the results of Hausman test (χ2 = 11.00, P = 0.0514 < 10%) indicate that �xed effects should be used in spatial
econometric models. In short, the SDM model with a �xed effect should be selected for analysis in this study.

Spatial Distribution And Spatial Autocorrelation Analysis

3.1 Spatial Distribution
Figure 1 showed the spatial distribution of LIR (Fig. 1(a1, b1, c1)), and CE (Fig. 1(a2, b2, c2)) from 2013 to 2015 in China,
respectively. The incidence rate of lung cancer increased from 2013 to 2015, mainly in northeast, eastern, and central regions.

I = ×
n
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There was no signi�cant spatial change in carbon emissions from 2013 to 2015.

3.2 Spatial Autocorrelation Analysis
Before using spatial econometric model for empirical test, the global Moran index method was �rst used to test the spatial
autocorrelation between LIR and CE from 2013 to 2015. The global Moran’s I value of LIR, CE, IGDP, IPI, ISI, and UR based on the
spatial contiguity matrix W1 from 2013 to 2015 were shown in Table 4.

The results showed that the global Moran’s I of LIR was signi�cantly positive at the 5% and 1% levels in 2014 and 2015,
respectively; the global Moran’s I of CE was signi�cantly positive at the 5% level in 2013. The results indicated that there was a
positive spatial correlation between the LIR and CE in China from 2013 to 2015. It was further illustrated that not considering
spatial heterogeneity in the study of LIR and CE might lead to bias and the rationality of choosing spatial econometric models in
this study.

To analyze the local agglomeration characteristics of LIR and CE, Fig. 2 showed the local Moran’s I scatter plots of LIR and CE in
30 provinces (cities) in China. In local Moran’s I scatter plot, the �rst quadrant and the third quadrant indicate positive spatial
correlation, indicating high-high (H-H) value clustering and low-low (L-L) value clustering, respectively. The second and the fourth
quadrants indicate negative spatial correlation, indicating low-high (L-H) value clustering and high-low (H-L) value clustering,
respectively. Figure 2 showed that about 2/3 regions are located in the �rst quadrant or the third quadrant, representing that there
was a positive spatial correlation between LIR and CE in most regions. For the local Moran’s I scatter plots of LIR in 2013, about
one out of three regions located in the �rst quadrant or the third quadrant, such as Beijing, Shanghai, Guangdong, Tianjin,
Zhejiang, etc., were mostly eastern coastal provinces (cities). In the scatter plots of CE in 2013, there were 16 regions located in the
�rst or third quadrants, such as Shanxi, Zhejiang, Jiangsu, etc.

Results

4.1 Impact of CE on LIR
On the basis of the model test results, the SDM was selected for panel data analysis.. Therefore, this study selected the SDM
model with the spatial �xed effects (SFE), time �xed effects (TFE), and spatial-time �xed effects (S-TFE) for empirical testing. The
results showed that all these coe�cients of UR are signi�cantly positive at the 1% level, which indicated UR will increase the LIR
from 2013 to 2015. In the TFE, the coe�cients of CE were positive at the 10% signi�cance level, which pointed out that CE
exposure had a long-term impact on LIR from 2013 to 2015.

The partial coe�cients analysis of the SDM model by partial differential methods. The direct in�uence coe�cient, the indirect
effect coe�cient, and total effects of each variable were obtained. The results were shown in Table 6.

Table 6 indicated that the direct effect coe�cient of CE and UR were 0.132 and 0.425, respectively, both signi�cant at a 1% level, it
showed that CE and UR had an obvious positive effect on LIR. While the indirect effect coe�cient of all the variables was not
signi�cant at a 10% level, which indicated that CE had not impact on the LIR of its surrounding areas. The total effect coe�cient is
0.005, which is signi�cant at the level of 1%, indicating that the change of the total effect coe�cient in a certain region has an
average impact on LIR in different regions.

4.2 Robustness Tests
This study took the total CE as the key independent variable to analyze the spatial effect of CE on LIR. To minimize the selection
bias of the independent and dependent variables, we chose the per capita carbon emissions (PCE) as the substitution variable of
CE for the robustness test, and the lung cancer cumulative incidence rate (LCIR) as the substitution variable of LIR for the
robustness test. The results were presented in Table 7. Among them, the column (1), column (2) were the results of the impact of
PCE and one stage lag of PCE (PCE (−1)) on LIR based on the spatial matrices W1. The column (3), column (4) are the results of the
impact of CE and one stage lag of CE (CE (−1)) on LCIR based on W1.



Page 7/17

The results showed that the direct coe�cient and the spatial lag coe�cient of PCE and PCE (−1) were signi�cantly positive at the
1% level. This suggested that the PCE in a particular region or the adjacent regions had a positive impact on LIR in the particular
region, with spatial spillover effect and temporal lag effect. The direct coe�cient and the spatial lag coe�cient of CE (−1) were
signi�cantly positive at the 10% level. The results were consistent with the above conclusions, showing that the results were stable
and reliable. In other words, CE had a temporal lag effect on LIR.

4.3 Pearson test
The association between long-term exposure to CE and LIR was quanti�ed with the Pearson test. The Pearson test is applicable to
data with bivariate non-normal distribution or unclear distribution, or data with one of the variables non-normal distribution. The
Pearson correlation coe�cients between the LIR in 2015 and CE in 1997–2012 were calculated. The results showed that the r
value was highest from 1997 to 2011, except for 1997 and 2012(Table 8).

Based on the above �ndings, we determined that the strongest linear effect on the LIR from 1998 to 2011. To get a stable
relationship between the LIR in 2015 and CE on a larger time scale, the Pearson correlation between the LIR in 2015 and CE in a 4-
year average of 1997–2000, 2001–2004, 2005–2008, and 2009–2012 were calculated. The results from Pearson test showed that
CE in all periods presented the strongest association with the LIR in 2015, and the p-value was increasing (p < 0.05, Table 9). This
implied that CE in the period had the greatest impact on the LIR in 2015 in China, and the lag period was about 17 years.

Discussions
The results showed that the direct effect coe�cient of CE was 0.132, which is signi�cant at a 1% level, indicating that CE had an
obvious positive effect on LIR. Our results are consistent with previous research. There was an increasing evidence that
cardiopulmonary was affected by potential factors from burning sources of air pollution sources. Akbari et al. (Akbari 2019)came
up with a mechanism about how fossil fuel emissions induce cancer. The results showed that ROS-induced mitochondrial damage
(as the main power generators of human cells) can induce cancer via a reduction in cellular adenosine triphosphate, leading to
genetic instability. Hosgood et al. (Hosgood 2010) pooled seven studies from North America, Europe, and Asia to test solid-fuel use
and lung cancer risk and found an association between lung cancer and coal use in Asia. Shang et al. (Shang 2010) indicated that
the increase in air pollution would increase the overall mortality rate of cardiovascular and cerebrovascular diseases. Both
laboratory and epidemiological studies have strongly indicated that carbon emissions had a negative impact on the incidence rate
of lung cancer.

In addition, the direct effect coe�cient of UR was 0.425, which is signi�cant at the level of 1%, which showed that UR had an
obvious positive effect on LIR. With the economic development, China's urbanization and industrialization are accelerating (Wang
2015). In 2010, the urban population in China reached 670 million, accounting for nearly 50% of the total population (China
Statistics Press 2013). Industrialization and urbanization have brought about a large amount of consumption of fossil fuels,
especially the consumption of coal, and the average energy consumed by urban residents is almost three times that of rural
residents, which has brought serious climate challenges and air pollution to cities and their surrounding areas(Qi 2013). In
addition, the large amount of energy consumption has led to increase combustion of fossil fuels, which is considered as the main
source of urban air pollution(Wang 2016;Zhang 2016).

The results of Moran’s I indicated that there was a positive spatial correlation between the LIR and CE in China from 2013 to 2015.
Although the indirect in�uence coe�cient of all the variables was not signi�cant at the level of 10%, which indicated that CE had
no impact on the LIR of its surrounding areas. In total effect coe�cient of CE was 0.005 and was signi�cant at a 1% level, which
pointed out that the average effect of a change in CE in a certain region is on LIR in all regions. Therefore, the research results
indicated that there are geographical differences in carbon emissions but there is no spatial spillover effects. Geographical
location is also a key factor that determine carbon emissions. In some northern cities, such as Tianjin, Jinan, Tangshan, and
Taiyuan, carbon emissions were relatively high due to the large amount of coal production in the surrounding areas and the
heating policy in the north (Wang 2019). In 2010, per capita carbon dioxide emissions in northern cities of China reached 10.2 tons,
which was 54% higher than in southern cities of China, partly due to the use of fuels, for heating during the cold season, especially
coal (Shen 2017).
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In the TFE, the coe�cients of CE were positive at the 10% signi�cance level, which pointed out that CE exposure had a long-term
impact on LIR from 2013 to 2015. In addition, the Pearson test implied that CE in the period has the greatest effect on Chinas LIR
in 2015, and the lag period was about 17 years. Lung cancer was the result of the long-term exposure to environmental factors. Qu
et al. analyzed the short-term, and long-term relationship between energy consumption, environmental pollution and public health
in China from 1985 to 2014, and found that the proportion of coal consumption, smoke and dust emissions, and other effects on
cardiovascular and respiratory diseases are signi�cantly positively correlated in the short and long term (Qu 2017). This suggested
that a long-term effort was needed to reduce the impact of carbon emissions on lung cancer rates.

Since 2013, China has drawn on the advanced experience of carbon emission control in the United States, Europe, and other
countries, and selected seven provinces and cities, including Beijing, Tianjin, Shanghai, Chongqing, Shenzhen, Hubei, and
Guangzhou (2016, and Fujian was added in 2015) to carry out pilot projects and implement a series of carbon emission reduction
measures. Currently, 31 provinces (autonomous regions and municipalities directly under the central government) in China have
adopted strict carbon emission regulations and other measures(Yongbin 2008). Therefore, adopting policies to reducing carbon
emissions will have a positive impact on health.

Abbreviations
CE carbon emission

LIR lung cancer incidence rate

LCIR lung cancer cumulative incidence rate

CO2  carbon dioxide

CO carbon monoxide

GBD  Global Burden of Disease

CRAR Cancer Registry Annual Report

CEADs China Emission Accounts and Datasets

PCE  per capita carbon emissions

IGDP Indices of gross domestic product

IPI index of the primary industry

ISI index of the secondary industry

UR urbanization rate

SAR  spatial autoregression model

SEM  spatial errors model

SDM spatial Durbin model

SFE  spatial �xed effects

TFE  time �xed effects

S-TFE  spatial-time �xed effects
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Table 1. Description of the variable.

Type Variable Symbol De�nition

 

Dependent
variable

Lung cancer incidence rate LIR The lung cancer incidence rate in the form of the natural
logarithm

Lung cancer cumulative incidence
rate

LCIR The lung cancer cumulative incidence rate in the form of
the natural logarithm

 

 

 

Independent
variable

Carbon emissions CE The annual carbon emissions in the form of the natural
logarithm

Carbon emissions lag by one
stage

CE (-1) The values of the last year’s annual carbon emissions in
the form of the

natural logarithm

Per capita carbon emissions PCE The per capita carbon emissions in the form of the natural
logarithm

Per capita carbon emissions lag
by one stage

PCE (-1) The values of the last year’s per capita carbon emissions
in the form of the

natural logarithm

 

 

 

Control
variable

Indices of Gross Domestic Product IGDP The indices of gross domestic product in the form of the
natural logarithm

Index of the primary industry IPI The index of the primary industry in the form of the
natural logarithm

Index of the secondary industry ISI The index of the secondary industry in the form of the
natural logarithm

Urbanization rate UR The index of the urbanization rate in the form of the
natural logarithm

Table 2. Descriptive statistics.

Variable Obs Mean S.D. Min Max

LIR 90 32.075 6.382 19.06 45.2

LCIR 90 3.839 0.768 2.25 5.41

CE 90 319.741 197.499 39.5 824.4

CE (-1) 90 318.878 197.133 39.5 790.4

PCE 90 0.888 0.094 0.04 0.85

PCE (-1) 90 0.080 0.047 0.04 0.23

IGDP 90 108.710 1.751 103 112.5

IPI 90 103.743 2.890 86.39 106.9

ISI 90 108.717 3.083 98.8 114.1

UR 90 56.542 12.352 37.83 89.6

 

Table 3. The selection results of spatial autoregression model (SAR), spatial errors model (SEM), and spatial Durbin model (SDM).
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Name Model Selection Criteria Chi-Square Value p-Value

SAR y = ρWy + Xβ + ε λ = 0 17.44 0.0037

SEM y = Xβ+u,u = λWu+ε λ = −ρβ 26.43 0.0001

SDM y = ρWy + Xβ + λWX + ε λ0 & λ−ρβ    

Hausman test: The Chi-square value is 11.00, and the p-value is 0.0514.

 

Table 4. Global Moran’s I values of LIR, CE, IGDP, IPI, ISI, and UR (2013–2015).

Year LIR CE IGDP IPI ISI UR

  p   p   p   p   p   p

2013 0.018 0.151 0.032 0.095* 0.101 0.004*** 0.019 0.125 0.033 0.091* -0.023 0.411

2014 0.037 0.020** -0.055 0.278 0.026 0.040** -0.024 0.380 0.059 0.004*** 0.015 0.071*

2015 0.080 0.001*** -0.070 0.149 0.015 0.068* -0.045 0.355 0.037 0.018** 0.014 0.078*

Note: ***, **, and * denote signi�cance at the 1%, 5%, and 10% levels, respectively.

 

Table 5. Estimation results of the CE exposure on LIR.
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Variable SFE TFE S-TFE

lnCE 0.210
(1.26)

0.131***

4.24

0.086

0.52

lnIGDP -1.760

(-0.91)

-1.455

-0.42

-3.510

-1.58

lnIPI -0.585

(-1.17)

-0.367

-0.41

-0.469

-0.96

lnISI 1.226

(1.03)

1.171

0.54

2.606**

2.03

lnUR -2.466***

(-3.46)

0.418***

3.72

-3.175***

-4.32

W*lnCE -0.138

(-0.23)

0.048

0.60

-0.375

-0.63

W*lnIGDP -3.710

(-1.06)

-4.027

-0.44

-3.767

-0.60

W*lnIPI -0.316

(-0.19)

-1.175

-0.31

2.758

1.37

W*lnISI 1.183

(0.55)

4.109

0.79

3.778

1.58

W*lnUR 1.326

(0.86)

0.696

1.05

-7.460**

-2.11

R2 0.053 0.401 0.118

  0.338

(1.55)

-0.054

-0.18

0.283

1.28

sigma2_e 0.004***

(6.66)

0.026***

6.71

0.003***

6.65

N 90 90 90

Notes: ***, **, and * represent signi�cance at the 1%, 5% and 10% levels, respectively; The numbers in brackets are t statistic
values.

 

Table 6. The direct effects, the indirect effects and the total effects of SDM.
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Type Variable Coe�cient t-Value p-Value

 

 

Direct effects

lnCE 0.132 4.05 0.000

lnIGDP -1.447 -0.43 0.669

lnIPI -0.259 -0.30 0.762

lnISI 1.145 0.54 0.586

lnUR 0.425 3.64 0.000

 

 

Indirect effects

lnCE 0.042 0.63 0.531

lnIGDP -3.184 -0.32 0.751

lnIPI -0.809 -0.20 0.844

lnISI 3.866 0.70 0.486

lnUR 0.765 0.89 0.372

 

 

Total effects

lnCE 0.174 2.83 0.005

lnIGDP -4.631 -0.42 0.674

lnIPI -1.068 -0.24 0.809

lnISI 5.011 0.80 0.424

lnUR 1.190 1.36 0.173

 

Table 7. Results of the robustness tests.
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Variable LIR LIR LCIR LCIR

(1) (2) (3) (4)

CE     0.114

(0.54)

 

CE (-1)       0.002*

1.82

PCE 0.057***

3.55

     

PCE (-1)   8.552**

(2.19)

   

IGDP -2.178

-0.69

-0.629

(-0.16)

-1.628

(-0.49)

0.741

0.18

IPI -0.654

-0.76

-0.502

(-0.76)

-0.537

(-0.63)

-0.811

-1.02

ISI 2.340

1.26

2.643

(1.41)

1.727

(0.96)

0.760

0.48

UR -2.775**

-2.54

-5.669***

(-4.91)

-2.898**

(-2.60)

-4.268***

-3.31

R2 0 149 0.167 0.101 0.080

  0.986 0.998 0.987 0.996

sigma2_e 0.079 0.061 0.080 0.072

N 90 90 90 90

Notes: ***, **, and * represent signi�cance at the 1%, 5% and 10% level, respectively; The numbers in brackets are t statistic values.

 

Table 8. Association between CE and LIR in each year.

Index 1997 1998 1999 2000 2001 2002 2003 2004

D 0.146 0.106 0.169 0.08 0.131 0.042 0.067 0.099

r 0.459 0.488 0.529 0.55 0.556 0.489 0.406 0.435

p-value 0.110 0.006* 0.003* 0.002* 0.001* 0.006* 0.026* 0.016*

Index 2005 2006 2007 2008 2009 2010 2011 2012

D 0.008 0.014 0.013 0.007 0.008 0.005 0.009 0.028

r 0.389 0.387 0.422 0.421 0.37 0.389 0.372 0.341

p-value 0.034* 0.035* 0.020* 0.020* 0.044* 0.034* 0.043* 0.066

Note: D indicates normal test; r indicates Pearson’s correlation. * indicates p<0.05.
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Table 9. Association between CE and LIR in a 4-year.

Index 1997-2000 2001-2004 2005-2008 2009-2012

r 0.513 0.451 0.421 0.372

p-value 0.004* 0.012* 0.021* 0.043*

Note: r indicates Pearson’s correlation. * indicates p<0.05.

Figures

Figure 1

The spatial distribution of the core variables in 2013, 2014, and 2015.
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Figure 2

Local Moran’s I scatter plot in 2013, 2014 and 2015. Note: Numbers 1 to 30 represent Beijing, Tianjin, Hebei, Shanxi, Inner
Mongolia, Liaoning, Jilin, Heilongjiang, Shanghai, Jiangsu, Zhejiang, Anhui, Fujian, Jiangxi, Shandong, Henan, Hubei, Hunan,
Guangdong, Guangxi, Hainan, Chongqing, Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, Qinghai, Ningxia and Xinjiang, respectively.


