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Abstract: The threat of fine particulate matter concentration (PM2.5) is increasing globally, Tackling
this issue requires an accurate understanding of its trends and drivers. The article investigates the
PM2.5 characteristics of 285 prefecture-level cities in China from 2000-2018 based on multiscale
geographically weighted regression(MGWR), and the results show that (1) previous studies based
on classical MGWR models may be somewhat unstable, while MGWR can reflect the scale of
influence of different variables on the dependent variable, and its regression results are more reliable.
(2) PM2.5 is very sensitive to carbon emission(CE) factors, and there is a high degree of spatial
heterogeneity, and the influence scale of location is the smallest among all variables, close to the
municipal scale. (3) In 2000, the constant term all, IS, OFT, CE, and LT positively affect PM2.5, while
GDP (jurisdiction) and UR negatively affect PM2.5; in 2010, the constant term all, GDP (jurisdiction),
IS, OFT and LT positively affect PM2.5, while UR and CE negatively affect PM2.5; in 2018 the constant
term all, IS, OFT and CE factors positively affect PM2.5, and GDP (jurisdiction), UR and LT negatively
affect PM2.5.
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1. Introduction

In recent years, fine particulate matter with aerodynamic diameters < 2.5 mm (PM2.5) has
become a national crisis in most developing countries, especially in China[1,2]. Epidemiological
studies have indicated that PM2.5 is one of the major causes of cancer, heart and respiratory diseases
[2,3]Increasing air pollution has been accompanied by severe fine particulate pollution events in
recent decades[2,4]. Approximately 0.7 million to 2.2 million people die each year in China from air
pollution-related problems[5,6]. Epidemiological studies have shown that PM2.5 is one of the leading
causes of cancer, heart disease, and respiratory diseases[7,8]. The United Nations General Assembly
proposed the Sustainable Development Goals (SDG) as an important health indicator related to air
pollution. In 2015, the value was very low in China[9]. During the urbanization process in recent
decades, the national Land transfer have grown from 45,000 hm2 in 1999 to 66.6 million hm2 in 2018,
and the rapid increase in Land transfer has also led to new characteristics of urban land space. Rapid
economic growth driven mainly by high energy consumption and economic development
characterized by low eco-efficiency, especially the real estate sector, as an industry that relies on Land
transfer to enable rapid development, has driven China's high economic growth. In 2020, the value
of commercial property transactions nationwide achieved year-on-year growth of 8.7%, and total
sales have exceeded ten trillion yuan, making China by far the world's largest real estate trading
nation. Real estate, as a special comprehensive commodity, involves a wide range of industrial chains
and is inextricably linked to other industries. The rapid development of the real estate industry has
driven the growth of China's GDP, as well as the development of the construction, wholesale and
retail industries, business services and financial industries, and the process of urbanization in China.
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Cities are the basic spatial form in the process of urbanization, and the rapid development of
cities depends on Land transfer[10], which is a typical basic way of transferring land-use rights in
China, and the rapid rate of Land transfer in China in the last 20 years, most typically from 2005 to
2013, Due to a large number of transfers, has led to the rapid development of Chinese cities[11,12],
in which problems caused by Land transfer are common, with social problems, including social,
economic and environmental problems. The 285 prefecture-level cities counted across the country
have highly uneven regional development, and as a result, these cities located in different
geographical regions present different natural conditions, income levels, energy consumption, and
environmental pollution problems[13,14]. And what is the intrinsic relationship between economic
development driven by Land transfer and PM2.5 pollution, are there differences in the impact of
PM2.5 pollution between different cities, and how can these differences be understood? The
multivariate analysis involves the non-stationarity of spatial relationships, which cannot be addressed
by ordinary constant-coefficient spatial econometric models.

Due to the vast size of China and the wide variation in economic, social, and environmental
issues across regions, the reasons for the faster and stronger influence on Land transfer vary.
Therefore, in addition to analyzing the influencing factors of Land transfer, it is also very necessary to
reveal the spatial characteristics of local influencing factors and the extent of spatial heterogeneity
among different cities. The results can be used to improve the current or existing PM2.5 pollution
problems, rather than following similar approaches or policies of other cities to mitigate the problems
caused by Land transfer.

Chul-Hee [15] explained the effect of three factors, urbanization rate, population and vegetation
greening rate, on PM2.5 concentrations through Mann-Kendal trend and statistical analysis, but they
used only representative drivers to identify the relationship between macro changes and PM2.5,
especially using socio-environmental factors, which are potential causes rather than emission sources;
Qiang [16] simulated the change in PM2.5 concentrations between 2013 and 2017 through a weather
study and predictive model-community multi-scale air quality model, analyzing the main drivers of
PM2.5 pollutants mainly at the industrial level, as there are too few publicly available observations
of PM2.5 chemical composition to support a comprehensive trend assessment; Ximing Luo [17]
analyzed the drivers of PM2.5 by three factors, population, economy and land, through FMOLS model,
but did not consider the spatial spillover effects of urban PM2.5 pollutants, and the three
independent variables selected may not fully reflect the urbanization process.

Compared with previous studies, this study focuses on the analysis of urban PM2.5
concentrations, analyzes the driving factors behind them from historical PM2.5
concentrations[18,19], and analyzes the influencing factors behind them from six factors: gross
domestic product (jurisdiction), industrial structure, urbanization rate, openness to foreign trade,
carbon emissions, and Land transfer based on a multiscale geographically weighted regression model,
which can analyze the changes that occur at different geographical The model can analyze the
changes occurring within different geographical scales and can distinguish the scale of influence of
different variables on the dependent variable, and the results appear to be more robust compared
with the traditional geographically weighted regression model. Based on this, the estimation of each
set of parameters model is more accurate at each location, which can better reveal the influence of
influencing factors on the spatial variation of PM2.5 concentration.

The remainder of this study is as follows: the second part is a spatial autocorrelation and
pairwise scaled geographically weighted regression model. The third part reveals the general
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characteristics and the spatial accumulation characteristics of global PM2.5 concentrations over the
Chinese landscape. The fourth part systematically and objectively analyzes the empirical results of
the correlation between PM2.5 concentrations and PM2.5 concentrations and analyzes the
corresponding influencing factors from national and local perspectives. Part V presents the

conclusion.

2. Methodology

2.1 Spatial autocorrelation

Spatial autocorrelation statistics [3,20]is a fundamental property used to measure geographic
data and can be divided into global and local spatial autocorrelation analysis. The degree of
interdependence between data at one location and data at other locations is often referred to as
Spatial dependence[21,22]. The global Moran'l index measures the overall trend of spatial correlation
of the values of the attributes of the spatially adjacent regional units across the study area and is
calculated as follows:

T, X, Wij(Xi-X)(Xj-D)X

S2YRL N, Wij

where i 7 j and n is the number of spatial units involved in the analysis.x; and x; denote the

Moran's[ =

1 Lo
) SZZ; =1 (Xi—X) (1)

observed values of factor X in spatial cells i and j, respectively.Wj; is the spatial weight matrix, which
indicates the proximity or distance relationship between regions i and j. Significance can be detected
based on the test statistic, with a general significance level of a = 0.05.

The global Moran index value[10,23] range is (-1, 1), and a positive (negative) Moran index value
at a given significant level indicates the overall spatial clustering (divergence) of the observed objects
in the global domain. The local clustering characteristics of the observed objects can be further
portrayed by the LISA plot, which can be divided into four quadrants, with H indicating variable values
above the mean and L indicating variable values below the mean. The first quadrant (HH) indicates
that the high-value region is surrounded by high-value neighbors; the second quadrant (HL) indicates
that the high-value region is surrounded by low-value neighbors. The third quadrant (LL) indicates
that low-value regions are surrounded by low-value neighborhoods; the fourth quadrant (LH)
indicates that low-value regions are surrounded by high-value neighborhoods; HH and LL indicate
that regions are less different from their neighbors, regions with higher or lower values are
concentrated, while LH and HL indicate that regions are somewhat different from their neighbors in
terms of variable values .

2.2 Multi-scale geographically weighted regression models

The Multiscale Geographically Weighted Regression (MGWR) [24]Jmodel was developed to
improve on the geographically weighted regression model by re-modeling the traditional
geographically weighted regression model GWR [25]as a Generalized Additive Model (GAM)[26] and
extending this framework to MGWR to derive local parameter estimates of standard errors, which
can derive separate bandwidth and smoothing coefficients for each covariate, the model is critical
for model fitting between traditional global models and for adjusting for multiple hypothesis tests.
The computational equation is as follows.

Vi = 21 Bow; (Ui, vixi; + & (2)
where: bwj represents the bandwidth used for the regression coefficient of the jth variable. each
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regression coefficient of MGWR By, is obtained based on local regression and the bandwidth has
specificity, and this is the biggest difference from the classical geographically weighted regression
model (GWR), in whichfy,,; the bandwidths of all variables are the same. The kernel functions and
bandwidth selection criteria for the multi-scale geographically weighted regression model (MGWR)
continue to use several classical kernel functions and bandwidth selection criteria from the classical
geographically weighted regression model (GWR). this article, we use the most commonly used
guadratic kernel function and AlICc criterion.

The classical geographically weighted regression model (GWR) uses least squares estimation,
while the multi-scale geographically weighted regression model (MGWR) uses the generalized
additive model (GAM). The formula is as follows.

y= Z]kzlfj + &(f; = BowjXj) (3)

For multi-scale geo-weighted regression model (MGWR) initial estimates, we choose the
classical geo-weighted regression model (GWR) as the initial estimate and determine the initialized
residual by calculating the difference between the true value and the initial estimate, which is € .

e=y-35f (4)

Residuals € plus the first additive term ﬂ with the first independent variable x; Perform a
classical geographically weighted regression model (GWR) regression to find the optimal bandwidth
bw1 and a new column of parameter estimates ﬂ and € to replace the previous estimates. Next the
residuals plus the second additive term fA2 with the second variable x, using the same regression
algorithm and updating the parameter estimates for the second variable f; and €. And so on until
the last independent variable x (kth independent variable) The above algorithm as a whole is one
step, and the computation is repeated until the estimation convergence computation converges. This
study uses the classical residual sum of squares (RSS) change ratio as the convergence criterion.

(5)

RSSnew—RSSo14

SOCgss = | RSSpew

where. RSS,14 represents the sum of squared residuals from the previous step. RSS,ew
represents the sum of squared residuals from this step.

2.3 Variable selection and data sources

In this study, PM2.5 concentration was defined as the dependent variable. According to the
above research, rural labor force, planting crop selection and energy industry all have a certain impact
on PM2.5 concentration. Reviewing the previous studies, we also found for example industrial
structure, energy structure, etc. as possible influencing factors[27-29]. However, the lack of some
city-level data and the possibility of multicollinearity problems, some of these variables may lead to
inaccurate regressions. Therefore we first try to select appropriate indicators as explanatory variables.

Land transfer (Lt)

In China, the transfer of land use right is the act that the state, as the land owner, transfers the
state-owned land use right of a certain plot to the land user within a certain period of time[30-32],
and the land user pays the land use fee to the state. Land transfer is the basis for urbanization and a
prerequisite for China's rapid economic development. The rapid pace of Land transfer in China in the
last 20 years[33—35], The most typical is from 2005 to 2013, has led to the rapid development of
China's cities and towns and driven the country's rapid economic development[36,37]. Among them,
the problems caused by land transfer are common, especially social problems, economic problems
and environmental problems. This paper selects it as the explanatory variable to explore whether
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land transfer can indirectly affect the change of PM2.5 concentration.

Urbanization rate (Ur)

Urbanization rate is a measurement index of urbanization, which generally adopts demographic
index, that is, the proportion of urban population to the total population (including agriculture and
non-agriculture). According to the estimation of the United Nations, the urbanization rate of
developed countries in the world will reach 86% in 2050, and that of China will reach 71.2% in
2050[17,38]. In this paper, it is chosen as an explanatory variable to explore whether different
changes in population can promote the development of cities, indirectly promote the transformation
of land properties and strengthen land transfer.

Industrial structure (Is)

Industrial structure indicators mainly represent the ratio of the secondary industry’s GDP to the
region’s GDP[39,39,40]. China is a developing country, mainly relying on the secondary industry, with
the largest proportion of the population engaged in the secondary industry[41,42], which can
promote China’s economic development and urbanization[43,44]. Choosing industrial structure
indicators to explain PM2.5 concentration is a direct and effective way.

Carbon emissions (Carbon emissions; Ce for short)

Carbon emissions are the average greenhouse gas emissions generated during the production,
transportation, use, and recycling of that product[45-47]. After entering the 21st century, China's
carbon emissions have grown rapidly and its share in the world has been on an increasing
trend[48,49]. the world share of China's total carbon emissions was 18% in 2005 and exceeded 25%
in 2016. global Carbon Atlas statistics show that the share of China's carbon emissions reached 27.2%
in 2017[29,50]. The trend of carbon emissions in China has some similarities with the change of
PM2.5 concentration, and this study chooses carbon emissions as the explanatory variable to explore
whether there is some causal relationship between carbon emissions and PM2.5 concentration.

The openness of foreign trade (Openness of foreign trade; OFT for short)

The openness of foreign trade is the starting point for China's rapid economic development[51—
53], but it has also caused the development of mixed economic policy mechanisms and transmission
mechanisms, which has brought certain risks to China's economy[54,55]. The increase of openness
to foreign trade has brought many employment opportunities to the development of China's coastal
cities[56,57], promoting the rapid rise of the local economy and driving the influx of inland workers
to the coastal development, while also further increasing the area of Land transfer by the government,
which has a strong correlation between openness to foreign trade and Land transfer in the analysis;
openness to foreign trade is the ratio of foreign direct investment to the regional gross output value,
which to a certain extent The openness of foreign trade is the ratio of foreign direct investment to
regional GDP, which to a certain extent can reflect the degree of China's external linkage and
openness.

From 2001 to 2018, we collected cross-sectional data from 285 cities in China, limited by space,
this paper focuses on the years 2000, 2010, and 2018. 2000 is the initial year of the western
development, the center of economic activity has shifted from the southeast coast to the central and
western regions, so it is important to reveal the economic activity and PM2.5 concentration[58]. 2010
is the year of China's real estate market heyday, China's land sales are fast and intense, and China's
infrastructure speed is also amazing, so it also has some research value. The year 2010 is the heyday
of China's real estate market, China's Land transfer are fast and intense, and the speed of China's
infrastructure is equally impressive, so it also has some research value[59-61]. 2018 is the year when
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China's secondary industry-based economic construction stabilizes[62,62,63], and it is important to
reveal the driving factors of PM2.5 concentration. The source of land grant data is with China Land
Market Network (http://www.landchina.com), and the land grant data of this website in the past
years are crawled through python program editor. The data of China's urban population, total
population data, total regional output value, total output value of the secondary industry, and total
foreign investment were obtained from China Urban Statistical Yearbook and China Economic
Statistical Yearbook.

Table 1: Description of variables

Variable Name English unit Variable Description
abbreviation
constant term Intercept ug/m3 The intercept term of the model, reflecting the
(math.) effect of zone
gross domestic GDP ten thousand Annual gross domestic product of prefecture-level
product (GDP) dollars municipalities
industrial structure Is % The ratio of gross domestic product to GDP in the
secondary sector
urbanization rate Ur % The non-agricultural population as a percentage of
the total population
Openness to foreign OFT % Foreign direct investment to GDP ratio
trade
carbon emission Ce mt Total annual carbon emissions from prefecture-level
municipal jurisdictions
Land transfer Lt hectares Total land sales in prefecture-level municipalities

3. Results and discussion
3.1 Description of the spatial distribution of PM2.5

concentrations

PM2.5 concentrations from 285 Chinese cities are shown in Figure 1, where the average PM2.5
concentration was 33.348 micrograms per cubic meter in 2000, 39.874 micrograms per cubic meter
in 2010, and 26.249 micrograms per cubic meter in 2018, from the Chinese version of the map, can
It can be seen that the areas with relatively high PM2.5 concentration are mainly concentrated in the
Yangtze River Delta city cluster, Yangtze River midstream city cluster, Pearl River Delta city cluster,
Beijing-Tianjin-Hebei city cluster, and Chengdu-Chongging city cluster, these areas are mainly
represented by the capital cities of the provinces with relatively strong economic capacity, compared
with the prefecture-level cities, the capital cities of the provinces usually drive the development of
the prefecture-level cities and radiate the whole provincial area. The spatial distribution of PM2.5
concentrations shows that the central region is slightly higher than the eastern region, and the central
region is higher than the western region (see Figure A.1 for the regional division). The highest PM2.5
concentration value in China at the beginning of 2000 was in Chengdu (152.146 pg/m3), and the
lowest PM2.5 concentration was in Lhasa (5.246 pg/m3). 2000, with the western development plan,
the economic centers were mainly concentrated in the central and western regions, and the cities
with higher PM2.5 concentration in 2000 were mainly concentrated in the central and western
regions. After 2000, the PM2.5 concentration in Chinese cities increased every year, which also
reflects the fact that the Chinese real estate market also started to rise from this time, and the
urbanization process in China has only started to kick off since then. In 2010, the national average

PM2.5 concentration increased significantly compared to the year 2000. The highest Sichuan Zigong
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PM2.5 concentration was 101.190 micrograms per cubic meter, and only one city exceeded 100
micrograms per cubic meter in 2010, a significant decrease in the high point compared to 11 in 2000.
The intensity of PM2.5 concentrations across the country in 2018 fell back compared to 2010, and
the highest PM2.5 concentration in 2018 was in Henan Province's Luohe City at 61.189 micrograms
per cubic meter, the high point has fallen back significantly compared to previous years, the lowest
point with data is Lhasa City at 3.484 micrograms per cubic meter, the concentration high and low
points are relatively flat, in the 2018 year we have been difficult to see the obvious difference
between the middle and west from the PM2.5 concentration average graph, it has broken the
boundary line, proving that China's urbanization development is in full swing, China's various There

is a certain linkage and strong radiation between the development of large cities in China.

PM2.5
5.246 ~30.591
30.592 ~ 50.906

PM2.5
5.246 ~30.591
30.592 ~ 50.906

[ 50907~ 71113 g [ 50907~ 71113
[0 7a14-1600000 - 5501,100 2,200 . - [0 7a14-1600000 - 5501,100 2,200 . -
[ Inone e mmm Kilometers [ Inone e mmm Kilometers

PM2.5
5.246 ~30.591
30.592 ~ 50.906

[ 1 50907~ 71113 (f;%’ ’ / | i
[0 7a14~1600000  5501,100 2,200 _, . e
[ Inone Kilometers._*

Figure 1. Distribution of PM2.5 concentration in China

3.2 Spatial accumulation characteristics of PM2.5

concentrations

The values of global Moran'l obtained by analyzing the global spatial autocorrelation of PM2.5
concentration in China are shown in Figure 2, which are 0.686, 0.758, and 0.766 in 2000, 2010, and
2013, respectively, which satisfy the 1% (p<0.01) level and prove to pass the 99% significance level
test, while Moran'l index as a whole shows a certain degree of fluctuating upward trend, indicating
that there is an obvious positive correlation in the spatial distribution of PM2.5 concentrations with
significant clustering characteristics, and the spatial autocorrelation of PM2.5 concentrations on the
time scale has a tendency to further strengthen.
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Figure 2. scatterplot of PM2.5 concentration changes in China in 2000, 2010 and 2018

In addition, local Moran is calculated by revealing four local spatial linkage patterns, as shown
in Figure 3, around 2000, due to China's western development plan, driven by Sichuan, Shaanxi,
Gansu, etc., as well as the central and western regions of Henan, etc. exhibit obvious high -high
clustering patterns; in 2010, the Beijing-Tianjin-Hebei city cluster and the surrounding Henan-
Jiangsu-Zhejiang region; in 2018, the Beijing-Tianjin-Hebei city cluster and the middle and lower
reaches of the Yangtze River urban agglomeration areas show a clear high-high clustering pattern.
This is because these places rely on their superior geographical locations and can attract migrant
workers, which leads to rapid local economic development and drives the development of the local
real estate business, and many migrant workers sometimes settle locally, thus driving up PM2.5
concentrations. In northwest cities show a low-low clustering pattern, northwest economic
development is backward, residents choose foreign workers; some relatively developed areas of
Chongging and around Guangdong Province show a clear high-low clustering pattern. The low-high
clustering pattern is generally in the vicinity of the high-high clustering pattern because the economic
development of these areas is relatively lagging compared to the high-high clustering cities.
Interestingly, no obvious high-high agglomeration phenomenon is found in the Pearl River Delta
urban agglomeration, which may have a significant relationship with the local economic development
pattern. Most of the foreigners who come to work in such places are mostly from Hunan Province
and Jiangxi Province and are generally engaged in traditional manufacturing industries, which belong
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to the lower strata of the industry and do not have the certain economic strength to choose to settle
in the area.
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Figure 3. four local spatial association patterns in 2000, 2010 and 2018

3.3 Comparative analysis of models

As shown in Table 1, the goodness-of-fit R2 of MGWR is higher than that of classical GWR and
the AlCc value is lower than that of classical GWR, thus it can be judged that the results of MGWR
are better than those of classical GWR. in terms of the number of valid parameters, MGWR is smaller
than GWR in 2000 and 2010 and larger than GWR in 2018, which indicates that the numerical size
affects the results of the valid parameters in, and the residual sum of squares is smaller than GWR in
both 2010 and 2018 MGWR, indicating that its use of reasonable effective parameters yields
regression results that are closer to the true value. On the other hand, in terms of the overall
regression coefficients, the individual coefficients of MGWR are significant overall and close to the
most realistic results, as shown in Figure 4, while none of the classical GWR coefficients are significant
overall. Itis very unreasonable that none of these variables are significant in the PM2.5 concentration
change, and this also indicates that the classical GWR, by ignoring the diversity of the action scales
of the individual variables, causes a large amount of noise and bias, which in turn leads to the non-
robustness of the regression coefficients. Therefore, this study uses a multi-scale geographically
weighted regression model analysis can make the conclusions closer to the real reality.
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Table 2: Indicators of classical and multiscale geographically weighted regression models
Type of indicator MGWR Classic GWR
2000 2010 2018 2000 2010 2018
0.180 0.145 0.151 0.179 0.140 0.151

The goodness of fit R2
Number of valid 51.758 71.317 60.493 59.786 187.632 58.319

arameters
P vl

AlCc 432.524 783.391 781.379 468.452 2548.181 2244.475
residual sum of squares 234.555 244.566 242.851 81.312 117017.374  40464.012

3.4 Scale analysis

As can be seen from Table 2, MGWR can directly reflect the differential scale of action of
different variables, while classical GWR can only reflect the average of the scale of action of each
variable, and the bandwidth of classical GWR is 54 in 2000, 54 in 2010, and 54 in 2018. while by
calculating MGWHR, it is found that the scale of action of different variables varies greatly. In Table 3
of the MGWR regression results, the regression coefficients of three variables, GDP, urbanization rate,
carbon emissions, and Land transfer, are significant overall. While the regression coefficients of the 2
variables, constant term, and openness to foreign trade, are not significant. The constant term
indicates the effect of different locations on PM2.5 concentration when other independent variables
are determined. Among them, this paper controls the factor of government intervention, so the
constant term reflects the influence of other factors such as economic and social on PM2.5
concentration.

The bandwidths of GDP (jurisdiction) indicators are 122 km, 86 km, and 243 km, which are close
to the scale of municipal administrative areas, and GDP is used at this level, which satisfies the scale
relationship, so while assessing the impact of GDP on PM2.5 concentrations, it should have a city-
wide effect mechanism, which is different for different municipalities. So the proposed GDP
(jurisdictional) improvements should also be different, and not every municipality should have the
same reform mechanism for GDP (jurisdictional). The bandwidth of urbanization rate is 86km, 45km,
and 43Km respectively, this scale belongs to the city zoning level under the municipal scale, in the
process of urbanization development, the impact on PM2.5 concentration, we need to explore the
impact of the functional relationship of each region on PM2.5 concentration, to ensure that the
function of each region has some connection, but each has its characteristics so that it is beneficial
to the development of the city, and also to The reform of urbanization mechanisms varies from region

to region.
Table 3. bandwidth between classical and multiscale geographically weighted regression models
Type of indicator MGWR Classic GWR
2000 2010 2018 2000 2010 2018

constant term (math.) 43 43 43 54 54 54
Gross domestic 122 86 100 54 54 54

product(jurisdictions)
industrial structure 285 56 74 54 54 54
urbanization rate 86 45 43 54 54 54
Openness to foreign trade 43 43 284 54 54 54

10
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carbon emission 78 45 43 54 54 54

Land transfer 285 100 143 54 54 54

Table 4. global regression p-value results

variable 2000 2010 2018
constant term (math.) 1.000 1.000 1.000
Gross Domestic Product 0.068 0.02 0.242

(Bailiwick)
industrial structure 0.022 0.000 0.102
urbanization rate 0.000 0.000 0.114
Openness to foreign trade 0.666 0.926 0.000
carbon emission 0.012 0.627 0.001
Land transfer 0.060 0.430 0.625

3.5 Analysis of the spatial pattern of coefficients

3.5.1 Analysis results in 2000

The statistical description of the MGWR coefficients is shown in Table 4. The effect of location
on PM2.5 concentrations, as reflected in the constant term, is positive and shows a clear structural
phenomenon such as accumulation around a circle. The constant term takes values between -1.194
and 1.422 with a mean value of 0.129, which indicates that the national PM2.5 concentrations range
from 5.249 to 1.442 pg/m3 and that different regions have a significant effect on PM2.5
concentrations.

As shown in Figure 4a. The location reflected by carbon emissions has a positive impact on
PM2.5 concentration, the northeast region, and the southwest region belong to the high-value area,
the region is influenced by location factors, between 0.066 to 0.746 micrograms per cubic meter, the
central region is relatively less influenced by location the annual PM2.5 concentration is between in
-0.019 to 0.065 micrograms per cubic meter. 2008 when the whole country was In 2008, the whole
country was still in the era of great development, and the northeast had been dominated by heavy
industry and relatively more developed economy, so the urbanization process was relatively rapid
and the PM2.5 concentration was higher, and the Chengdu-Chongging urban agglomeration was
located in the southwest, taking advantage of its natural geography and developing more rapidly,
thus also determining the higher PM2.5 concentration at some level. The central region as a whole is
developing more slowly, without natural geographical advantages and special industries as a driving
force. The southeastern coastal area belongs to China's earlier economic development, the overall
smooth, PM2.5 concentration has always been stable at a level that is not high or low.

As shown in Figure 4b, the effect of GDP on PM2.5 concentrations is negative, reflecting the
higher PM2.5 concentrations in areas with higher GDP due to the higher GDP, taking values between
-0.386 and 0.226, with a mean value of -0.046, indicating that for every 100 million Yuan increase in
GDP, PM2.5 concentrations decrease by 0.046 micrograms per cubic meter. The regression map
shows a decreasing influence of GDP on PM2.5 from west to east, in this order (except where data
are not available). This is also consistent with the crude incremental era characterized by a more one-
sided pursuit of GDP at this time. The western region has been heavily supported by national policies
to develop the great northwest, which is richer in natural resources, so economic development is
faster and the relationship between development and the environment is less handled.

Land transfer have a more positive impact on PM2.5 concentrations, as shown in Figure 4c, with
values ranging from 0.048 to 0.089 and a mean value of 0.054, indicating that for every 1 hectare of
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Land transfer, PM2.5 concentrations increase by 0.054 micrograms per cubic meter. The national map
shows a strong stratification from north to south. The rapid economic development in the north relies
overwhelmingly on the secondary industry of mineral resources, with a high demand for land, and
Land transfer drive the rapid economic development of the construction industry, which also causes
an increase in PM2.5 concentration at some level. The way of economic construction in the south is
also different from that in the north, where the basic economic construction is dominated by
handicraft and manufacturing industries, and the speed of Land transfer is lower than that in the
north, and the change in PM2.5 concentration is less obvious. Therefore, we reasonably control the
rate of Land transfer so that we can achieve a certain level of reduction in PM2.5 concentration.

The industrial structure factor significantly and positively influences PM2.5 concentration,
reflecting that the greater the proportion of secondary industry in the industrial structure, which
drives economic development, the more obvious the influence on PM2.5 concentration. As shown in
Figure 4d, the industrial structure forms a band distribution from west to east, and the influence of
secondary industry on PM2.5 concentration decreases in this order. The industrial structure takes
values from 0.481 to 0.525, with a standard deviation of 0.005. This indicates that for every 1%
increase in industrial structure, the PM2.5 concentration increases by 0.005 pg per cubic meter, and
the impact of industrial structure on PM2.5 concentration is small.

The urbanization rate factor significantly and negatively affects PM2.5 concentrations as shown
in Figure 4e. This indicates that for every 1% increase in urbanization rate, the PM2.5 concentration
decreases by 0.017 pug/m3, reflecting the fact that the urbanization rate does not have a significant
difference on PM2.5 concentration in different areas, and the degree of influence is mainly
concentrated in urbanized areas such as the eastern coast. The impact of urbanization rate on PM2.5
concentrations does not vary greatly across regions, and the degree of impact is mainly concentrated
in the eastern coast and other areas with higher urbanization.

3.5.2 Analysis results in 2010

As shown in Figure 4f, the effect of GDP on PM2.5 concentrations is positive, reflecting that
PM2.5 concentrations are higher in areas with higher GDP due to the higher GDP, taking values
between —0. 127 and 0. 91, with a mean of 0.164 and a standard deviation of 0. 256, indicating that
for every 100 million yuan increase in GDP, PM2.5 concentrations decrease by 0.164 micrograms per
cubic meter. The regression map, which is more like the 2000 regression map, shows that the
influence of GDP on PM2.5 decreases from west to east, in this order (except where data are not
available). Development plans in the Midwest are still guiding the high rate of economic development
in China, and the incremental era of GDP is still being pursued at this time. The high rate of economic
development has led to an increase in PM2.5 concentrations.

The impact of industrial structure is mainly concentrated in the southwest of Sichuan Province
and the Beijing-Tianjin-Hebei urban agglomeration, compared with 2000, the industrial structure
impact area is shifted to the east, the industrial structure takes the value of -0.127~0.488, the average
value is 0.121, the standard value is 0.126. This indicates that for every 1% increase in industrial
structure, the PM2.5 concentration increases by 0.121 micrograms per cubic meter . In terms of the
absolute value of the coefficient, the degree of influence is in the middle of all variables.

The urbanization rate factor significantly and negatively affects PM2.5 concentration, as shown
in Figure 4h. The urbanization rate in the northeast and the middle and lower reaches of the Yangtze
River urban agglomerations has a high impact on PM2.5, with values ranging from -1.024 to 0.235,
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with a mean value of -0.17 and a standard value of 0.298. This indicates that for every 1% increase in
the urbanization rate, the PM2.5 concentration decreases by 0.17 1 g/m3.

3.5.3 Analysis results in 2018

The significant and positive effect of the carbon emission factor reflects the significant change
of PM2.5 concentration due to carbon emission, as shown in Figure 4i. The effect of carbon emissions
on PM2.5 concentration is significant and accumulative in the energy-led economy of Northeast
China, the more industrialized Beijing-Tianjin-Hebei city cluster, and Fujian. The values range from -
0.237 t0 0.625, with a mean value of 0.206 and a standard value of 0.182. This indicates that for every
10,000 tons of carbon emissions, the PM2.5 concentration increases by 0.206 ug/m3, and the
intensity of the effect is greater among all variables.

The factor of openness to foreign trade is significant and positive, as shown in Figure 4j. The
effect of openness to foreign trade on PM2.5 concentration is mainly in the region dominated by the
northeast and decreases from north to south. The mean value is 0.042 and the standard value is
0.004, indicating that for every 1% increase in openness to foreign trade, the PM2.5 concentration
increases by 0.042 pg/m3. This reflects the small effect of openness to foreign trade on PM2.5
concentrations.

The industrial structure factor significantly and positively affects PM2.5 concentration, as shown
in Figure 4k, the influence of industrial structure on PM2.5 is scattered, mainly concentrated in the
northeast region, parts of Shanxi and Inner Mongolia, Xi'an region of Sichuan, and the middle and
lower reaches of Yangtze River, and there is a clustering phenomenon. The values are taken from -
0.231 to 0.138, with a mean value of 0.022 and a standard value of 0.086, which indicates that for
every 1% increase in the share of secondary industry in the industrial structure, the PM2.5
concentration increases by 0.022 ug per cubic meter. In terms of the absolute value of the coefficient,
the impact is of medium magnitude.

Table 5a. The statistical description of multi-scale geographically weighted regression coefficients

variable average value standard value
2000 2010 2018 2000 2010 2018
constant term (math.) 0.129 0.149 0.148 0.598 0.625 0.63
Gross Domestic Product -0.046 0.164 -0.007 0.146 0.256 0.19
(Bailiwick)
industrial structure 0.487 0.121 0.022 0.005 0.126 0.086
urbanization rate -0.357 -0.17 -0.029 0.113 0.298 0.785
Openness to foreign 0.053 0.034 0.042 0.165 0.115 0.004
trade
carbon emission 0.008 -0.063 0.206 0.093 0.332 0.182
Land transfer 0.054 0.133 -0.053 0.004 0.231 0.055

Table 5b. The statistical description of multi-scale geographically weighted regression coefficients

variable minimum value median maximum number
2000 2010 2018 2000 2010 2018 2000 2010 2018
constant term (math.)  -1.194  -1.073  -0.896 0.163 0.137 -0.035 1.422 1.305 1.599
Gross Domestic -0.386  -0.127  -0.209 0.01 0.067 -0.076 0.226 0.91 0.426
Product (Bailiwick)
industrial structure 0.481 -0.127  -0.231 0.485 0.109 0.049 0.525 0.488 0.138

urbanization rate -0.541 -1.024 -2.506 -0.364 -0.061 0.012 -0.128 0.235 2.524
Openness to foreign -0.334  -0.151 0.037 0.021 0.016 0.042 0.471 0.526 0.066
trade
carbon emission -0.216  -0.827  -0.237 0.026 0.072 0.253 0.746 0.385  0.625
Land transfer 0.048 -0.128 -0.16 0.054 0.042 -0.066 0.089 0.653  0.075
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Figure 4. spatial pattern of multi-scale geo-weighted regression coefficients

5. Conclusions and recommendations

5.1 Conclusions

This paper, MGWR with statistical inference, which is at the forefront of academia, is applied to
the empirical study. Combining national PM2.5 concentrations and other relevant data, for the spatial
differentiation and spatial scale differences of national PM2.5 concentrations from 2000-2018, the
following conclusions are obtained.

1: The results of MGWR are more reliable compared to classical GWR. Previous studies based
on classical GWR may have been somewhat unstable. This is mainly due to the ability of MGWR to
capture different scales of influence of different variables thus avoiding capturing too much noise
and bias.

2: Analyzed from a national and local perspective, this study reveals the spatial characteristics
of PM2.5 concentrations and the factors influencing them at the city level in 2000, 2010, and 2018.
Global and local spatial autocorrelation tests reveal that land-grant area shows a spatial aggregation
pattern and that the main types of spatial aggregation at high-high and low-low indicate the spatial
association of PM2.5 concentrations between neighboring cities. The global regressions show that
carbon emissions, industrial structure, Land transfer, and PM2.5 have statistically significant spatial
correlations, and their influence relationships are that industrial structure is higher than Land transfer,
Land transfer are higher than foreign trade openness, and foreign trade openness is higher than
carbon emissions. In contrast, the urbanization rate and GDP do not have a statistically significant
effect. In addition, local regressions show that the impact of these influences on Land transfer varies
across cities, exhibiting significant spatial heterogeneity.
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3: The results of the MGWR model are substantially better than those of the previous GWR and
SGWR models, and are more suitable for studying the influence of atmospheric dust particles.
However, there are two shortcomings in this paper: (1) due to data limitations, specific variables that
directly generate PM2.5 dust particles are not included, so the effects of these factors cannot be
discussed specifically. (2) Because the MGWR model is so computationally intensive that it cannot be
regressed for all samples, this study uses the average PM2.5 concentration data, which is more
idealized. In the future, it is hoped that the regression can be performed for the entire sample by
improving the calculation method and the computer performance.

5.2 Policies and recommendations

In response to these findings, this paper makes the following three policy recommendations.

(1) Frequently Land transfer driving economic urbanization causing more PM2.5 pollution, the
development model of economic urbanization needs to be changed as much as possible. Change to
an intensive, structurally balanced, low-pollution, and technologically progressive development
mode, adjust the industrial structure and focus on the speed of economic growth. In terms of land
urbanization development, we should make effective use of existing land resources and choose
suitable vegetation schemes to effectively purify the air and beautify the urban environment.

(2) The focus of PM2.5 pollution prevention policies varies according to the level of urban
development. Therefore, to reduce PM2.5 pollution in the process of urbanization, attention should
be paid to the rational development of industrial structure and appropriate control of the rough
expansion of the secondary industry, and cities should reasonably optimize their industrial structure
according to their actual situation and appropriately control industries that produce more particulate
dust.

(3) Since there are interactions between four factors, namely Land transfer, industrial structure,
openness to foreign trade, and carbon emissions, these four factors need to be considered
simultaneously to reduce PM2.5 pollution in the urbanization process, while also taking into account
the appropriate rate of economic development and the four factors.
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