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Abstract: Ambient exposure to fine particulate matter (PM2s) in eastern China, a densely populated
region with very high-level PM2s pollution, has attracted great concern from the public, govern-
ment, and scientific community. By taking advantage of advanced statistical methods and a high-
resolution PM2s dataset, this study explicitly investigated the spatiotemporal changes in PMz2s5 in
eastern China from 2001 to 2018 at multiple spatial and temporal scales and examined its links with
natural and socioeconomic factors to explore their effects on PMzs changes. This study found that
the PM25 concentration in most of eastern China declined recently, while most of the discernable
decreasing trends occurred in the southern and western areas of the study domain, and the statisti-
cally significant increasing trends were primarily in the North China Plain. The influencing factors
analysis found that, among the selected four natural and five anthropogenic factors, temperature,
and population density exerted more potent effects than the other influencing factors, and all the
influencing factors were found to impose complex effects on the PM25 concentration over space and
time. Our study draws a complete picture of the changes in PM2s and its possible influences, which
could guide future actions to mitigate PMzs pollution in eastern China.

Keywords: fine particulate matter; spatiotemporal trend analysis; natural and socioeconomic
factors

1. Introduction

Exposure to ambient fine particulate matter (PMzs5) has been found to threaten the
human body globally, triggering respiratory [1] and cardiovascular diseases [2] and even
premature mortality [3,4]. According to [4], PMas ranked as the fifth leading fatal risk in
2015 and was responsible for 4.2 million premature mortalities worldwide. In order to
fight this widespread environmental threat, a comprehensive understanding of the spati-
otemporal variations of ambient PM2s5 exposure and the possible influencing forces un-
derlying PM2s variations is essential for policymakers to make targeted strategies to reg-
ulate air quality and reduce the risks associated with PMas exposure.

As a side effect of fleeting economic development and industrialization, China has
experienced severe air pollution in recent decades [5,6]. Particularly, eastern China, one
of the most densely populated areas globally that possesses only a third of the Chinese
territory, while accommodating more than 80% of the Chinese population, has suffered
from heavy PM:s pollution, attracting increasing concerns worldwide [7]. To remedy this
issue, China has implemented successive measures and policies, thus working on miti-
gating anthropogenic emissions and preventing air pollution since 2006 [8,9], e.g., up-
grading facilities in power plants to reduce SO> and NOx emissions [10]. Even stricter
clean air actions have been imposed since 2013 to enact a new national air quality stand-
ard, and a national network was also established to monitor the air quality regularly [11].

Atmosphere 2022, 13, 1352. https://doi.org/10.3390/atmos13091352

www.mdpi.com/journal/atmosphere



Atmosphere 2022, 13, 1352

2 of 24

Since these actions, the national PM:zs concentration has been decreasing significantly.
However, the driving factors that led to these significant decreases are still unclear, and
many factors could play a role since the PMzs concentration has great spatiotemporal het-
erogeneity. On the one hand, a large number of local air pollutants contribute to forming
a heavy haze in eastern China, with transboundary air pollution and unfavorable disper-
sion associated with the intricate terrain and climatological conditions exacerbating the
pollution levels [12,13]. On the other hand, the national and regional clean air actions have
modified the energy consumption structures and the spatial emission pattern, both of
which would drive the spatiotemporal pattern of air quality to deviate from the original
track [14,15]. Therefore, to further instruct future emission regulation strategies, it is cru-
cial to update a detailed analysis of the PM2s changes over space and time in eastern China
and comprehensively understand the factors affecting PM2s variation in this region.

By using ground-based PMas monitoring datasets, many studies have explored the
spatial-temporal patterns of PM2s pollution and its affecting factors in China [16-22].
While such ground-level measured PM2s data have the advantage of high accuracy and
high temporal resolution and can, therefore, accurately elucidate short-term variations,
they are limited in their short observation period and capacity to explore the urban details
of PM2;5 changes because the monitoring sites are sparsely distributed and were only con-
structed in the past few years. By taking advantage of the global annual ambient PMas
concentration datasets, estimated from satellite remote sensing from [6], an increasing
number of studies have been dedicated to investigating the long-term characteristics of
PM:s pollution and its influencing factors for China at a finer spatial scale [7,23-26]. De-
spite the longer and wider study domains, such studies are limited in revealing the sea-
sonal features of PMzs exposure. In addition, most of the existing literature adopted sim-
ple methods, such as correlation analysis and linear regression models, to explore the un-
derlying affecting mechanisms of PMzs variations [7,16,20,23]. However, the linear mod-
els adopted cannot fully present the relationship between PM:s and its influencing factors
because they all highly vary in space over time. Thus, the complicated relationship be-
tween PM:zs and its influencing factors, with long-term trends and short-term variation
characteristics at a fine spatial scale, remains to be uncovered.

Several previous studies have examined the impact of the natural factors that affect
the formation and dispersion of PMzs, e.g., planetary boundary layer height, wind speed
and direction, and temperature, in both the short-term variation and long-term trend of
PM25[7,18,27,28]. In addition, an increasing number of studies have explored the relation-
ship between PM:5 and socioeconomic factors, such as GDP per capita, traffic volume,
and population, to identify the influence of the anthropogenic activities associated with
economic development and industrialization on PMzs exposure [26,29]. However, little is
considered about how the strict emission control policies rolled out in recent years are
related to the PM2s changes, especially in eastern China, where the dense population re-
sults in intensive human activities. Moreover, there are few previous works that have sim-
ultaneously investigated the influence of both the natural and human aspects [24,30].

To fill the knowledge gap left by the existing literature, the main objective of this
study is to employ long-term PM2s data with high spatiotemporal resolution and ad-
vanced methods that allow us to explore the spatial and temporal heterogeneity in the
data to present a complete picture of the changes in PMzs and how the natural and human
influencing factors are linked to these changes. We first plotted the spatiotemporal varia-
tions of the ambient PM25 concentrations in densely populated eastern China at multiple
spatial and temporal scales. Then, a piecewise linear trend analysis was used to explore
the differences in the PM2s changes for eight urban agglomerations. The impacts of both
natural and human conditions on the long-term PM2s5 trend and spatial disparities were
identified using geographically weighted regression and a geographic detector model.
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2. Materials and Methods
2.1. Study Region

The study domain covers eastern China, comprising 20 provinces located between
20.22° and 42.62° latitude and 101.92°and 122.95° longitude (Figure 1). With an entire ex-
tent of approximately 2,800,000 km? and a total population of about 1.05 billion residents
in 2010, the East China region is one of the most densely populated regions worldwide
and is confronting a severe PM2s pollution issue [7]. Moreover, the eight populous urban
agglomerations, including five national agglomerations (UA1-UAS5 in Figure 1) and three
regional agglomerations (UA6-UAS in Figure 1), were also selected as regions of interest
for the subsequently spatiotemporal trends and influencing analyses. Please note that
western Sichuan was excluded from the present study because, with a relatively sparse
population and lower PMo2s levels, its natural and anthropogenic environment differs
from eastern Sichuan [31].

[] UA1: Beijing-Tianjin-Hebei(BTH)
UA2: Yangtze River Delta(YRD)
UA3: Pearl River Delta(PRD)

[ UA4: Triangle of Central China(TCC)

[ UAS: Chengdu-Chongqing(CDCQ)
UA6: Shandong Peninsula(SDP)

[""] UA7: Weihe Plain (WHP)

["] UAS: Central Plain(

1 Province boundar

Figure 1. Study region of the present work, showing the eight urban agglomerations and terrain.

2.2. Data
2.2.1. Satellite-Derived PM2s Predictions

We extracted the monthly and yearly average 1-km PM:s predictions during 2001-
2018 from our previous study [31]. The daily 1-km PM2s estimates are publicly available
via http://doi.org/10.5281/zenod0.4569557 accessed on 28 June 2022. The model develop-
ment and validation were explicitly described elsewhere and briefly summarized in this
study. It is challenging to estimate the ground-level PM2s over China before 2013 because
the PM2s measurements used as the dependent variable in the statistical modeling were
not recorded in those historical years. To predict daily PMzs before 2013, we employed an
adaptive modeling framework, relying on a seasonal GTWR (geographically and tempo-
rally weighted regression) that can effectively capitalize on local spatiotemporal infor-
mation. The seasonal GTWR model was improved from the popular GTWR model [32] by
considering the seasonality in the weighing matrix. The satellite-derived high-resolution
aerosol product, i.e., the Multi-Angle Implementation of Atmospheric Correction (MA-
IAC) 1-km AOD dataset; the meteorological parameters, including the planetary bound-
ary layer height, relative humidity, temperature, wind speed, and pressure; and the land
use-related variables, including the Normalized Difference Vegetation Index (NDVI) and
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elevation, were employed in the spatiotemporal modeling. Both the linear terms and non-
linear interaction between the AOD and meteorological variables were used to help the
model capture the spatiotemporal variability of the data. A rigorous evaluation method,
i.e., the leave-one-year-out cross-validation method, was adopted to evaluate the histori-
cal estimates. In addition, an offset validation against the measurements from the U.S.
embassies was conducted to verify the model’s performance outside the modeling years.
Those validation results show that the nationwide predictions achieve a good agreement
with ground-level measurements, especially at monthly and yearly timescales. Here, we
compared the monthly and yearly 1-km PM:s predictions over eastern China with the
ground-level PM2s observations. As shown in Figure A1, the monthly and yearly average
PM2s concentrations precisely accounted for the 73% and 79% variations in the corre-
sponding PM:zs values, indicating that the subset of the historical estimates can be used to
investigate the spatiotemporal variation and influencing factors analysis of PM:2s in east-
ern China in 2001-2018.

2.2.2. The Influencing Factor Data

Both natural and anthropogenic factors were used to identify the impacts of PMas
change. The five socioeconomic indicators were collected from the China City Statistical
Yearbook of 2002 to 2019, including (1) the GDP per capita, measuring the regional eco-
nomic growth; (2) population density, indicating the intensity of anthropogenic activity;
(3) the size of the built-up area, reflecting the level of urban development; (4) the propor-
tion of industry to GDP as a proxy of the industrial structure and emission; (5) road area,
representing traffic intensity. The socioeconomic indicators were the annual data at the
city level. The definitions and data sources for these factors are detailed in Table 1.

The natural factors are the four main meteorological variables: relative humidity,
temperature, wind speed, and planetary boundary height, which were the station moni-
toring data obtained from the China Meteorological Science Data Center. To spatiotem-
porally match the socioeconomic data, the annual average values for each city were cal-
culated.

Table 1. Data sources for influencing factors used for influencing factor analysis.

Variables Definitions Units Data Sources
Relative humidity Relative humidity % China Meteorological Science Data Center
Temperature Temperature °C China Meteorological Science Data Center
Wind speed Wind Speed Rate m/s China Meteorological Science Data Center
B dary 1
our;e?g]t ayer Planetary boundary layer height m China Meteorological Science Data Center
Built-up area Built-up area km? China city statistical yearbook
Populastilt(;n_den- Population density persons/km? China city statistical yearbook
GDP_per_capita Per Capita GRP (Gross Regional Product) Chinese yuan China city statistical yearbook
Industry_ratio Secondary Industry as Percentage to GRP % China city statistical yearbook
Road_area Area of City Paved Roads at Year-end 104m?2 China city statistical yearbook

2.3. Statistical Analysis Methods
2.3.1. Trend Analysis of PM2s5 Variation

Both regional- and pixel-based trend analyses were conducted in this study. Since
the regional/national long-term PM:s trend does not change monotonously [9,33,34], a
piecewise linear regression technique, based on a Bayesian approach, was used to thor-
oughly explore the long-term trend, which captures the turning character of 18-year
trends according to the monthly population-weighted mean PM:s5 anomaly time series.
Similar piecewise linear trend analyses were also conducted in previous studies to
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investigate a better PM2s5 variation in the long run [25,35]. The critical task for a piecewise
linear trend model is to identify the appropriate turning point(s) at which data changes
substantially. According to previous studies [35] and the monthly time series shown in
Figure A2, three pieces, i.e., two turning points, may appropriately describe the changing
trend. The R? and RMSE were calculated in Table A1 in the context of having no inflection
point (one-piecewise line), one inflection point (two-piecewise line), and two inflection
points (three-piecewise line), which presents that in most cases, the three changing pieces
are better compared with those having no inflection point or one inflection point. Of
course, the time series can be partitioned into four or more pieces; however, the more
inflection points, the shorter the period for each time series piece. As we aimed to thor-
oughly explore the long-term trend and examine the effectiveness of the emission control
policies explicitly, separating the time series data into too many pieces is pointless. More-
over, a simpler model is more favored than a more complicated one because it is easier to
implement and test [36,37]. Thus, the three pieces with two turning points were used in
this study.

The piecewise linear trend estimate was implemented in MATLAB R2017b and based
on a Bayesian approach (John D’Errico 2021; https://www.mathworks.com/matlabcen-
tral/fileexchange/24443-slm-shape-language-modeling (accessed on 28 June 2022)).

In addition, a pixel-based general least square (GLS) regression (see details in [38])
was conducted to detect the long sequential PMzs change. To minimize the seasonal effect
within the data, we applied monthly mean PM2s anomalies to the GLS regression, calcu-
lated by subtracting the climatological monthly mean. Such a linear trend method has
been widely used in environmental analyses [11,39]. A locally weighted linear regression
(LOWESS) technique was used to smooth the gridded PMzs because the highly spatiotem-
porally varying PM:zs5 caused many PM2s pixels to be statistically insignificant.

2.3.2. Quantitative Analysis of Influencing Factors on PMzs Variation

To explore the characteristics of the natural and socioeconomic factors on the PMas
concentration, we employed two advanced statistical techniques, i.e., the geographically
weighted regression (GWR) [40] model and the geographical detector model [41].
Through a spatial distance-based weighting matrix, the GWR model can handle the spa-
tial variability within the data and estimate a spatial continuous surface of coefficients for
each local regression. These estimated coefficients can be used to identify the space-vary-
ing feature in the relationship between PM:s and the latent influencing factors. This study
used a city-level mean PM:s as the response variable and influencing factors as the inde-
pendent inputs. The variables and data sources used for the impact factor analysis are
described in Section 2.2.2. To ensure comparability, standardized coefficients of slopes
were used to assist the determination.

The geographical detector model was employed for the influencing factor analysis,
which has been increasingly used in studies on socioeconomic factors of environmental
risks [17,26]. The details of this technique have been summarized in [41] and will only be
briefed here. By not relying on a linear hypothesis in the linear regression models, geo-
detector holds the potential to discover the impact factors underlying spatial stratified
heterogeneity, as determined by comparing the difference in the variances of the factors
between sub-regions and an entire area. The fundamental principle is that if an influenc-
ing factor (e.g., GDP) possesses a spatial pattern similar to the risk (e.g., PMzs level in this
study), this factor affects the risk to a certain degree. The Q-statistic is used to identify the
power of the influencing factor. Usually, q is between 0 and 1, and the larger the q value
is, the greater influence the factor has on the risk.

The multiple linear regression (MLR) model was also used for the impact factor anal-
ysis. The slope of the MLR model can indicate the angle and the average speed of the
acceleration of the prevailing linear regression trend between ground PMzs and the se-
lected factor. That is, the positive and negative slopes represent the positive and negative
correlations between PMzsand the selected factor, respectively, and the larger the absolute
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value of the slope is, the steeper the regression line and the greater the rate of the change
is. To identify the collinearity issue between the ground PMzsand the nine factors, an MLR
model with collinearity analysis was preliminarily performed on the multi-year mean val-
ues. The collinearity statistics are documented in Table A2, with variance inflation factor
values less than 10 and a tolerance greater than 0.1, which demonstrates a slight colline-
arity problem in the data.

We implemented the GWR model and geo-detector analysis in ArcGIS 10.0 and the
software provided by [41]. All the other spatiotemporal analyses were conducted in
MATLAB R2017.

3. Results and Discussion
3.1. Spatiotemporal Pattern of Predicted PM2.

Figure 2 shows the spatiotemporal variations of the ground-level PM:s concentra-
tions from 2001 to 2018. In general, due to intensive anthropogenic activities, long-trans-
ported dust, and unfavorable dispersion terrain, greater than 70% of the study area, equiv-
alently more than 80% of the Chinese population, has been suffering from risky PM2s con-
centrations during the eighteen study years, which are higher than the national secondary
level limit of 35 pg/m3. The year-to-year PM2s data also demonstrated that the annual pat-
terns of PM:s are similar to each other and in line with the multi-year mean distribution,
corresponding to previous studies [31,42]. Spatially, southern Hebei was the most PM2s-
polluted area, with most PMzs levels being >75 pg/m3. Other severely PM:zs-polluted re-
gions included the North China Plain (NCP), the Chengdu-Chonggqing (CDCQ) region,
Weihe Plain (WHP, UA7 in Figure 1), and the eastern Hunan-Hubei region, where most
of the residents were usually living under dangerous PM:s levels (>55 pg/m?). In eastern
China, a few areas demonstrated PM2s as satisfying the annual 35 pg/m?standard and
were primarily located in regions with relatively less population, such as northwestern
Hebei, western Hunan, Fujian, and southern Zhejiang. Figure A3 demonstrates that the
seasonal patterns generally mirror each other and the spatial variation of the multi-year
mean PMzs but notably varies in pollution levels. Winter was the most polluted season,
with the largest mean (64.37 pg/m®) and coefficient of variation (CV, 0.38) values. Alt-
hough summer has the smallest average value, PMzs pollution in this season is also wor-
thy of attention because of its significant spatial contrast (CV = 0.38).
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Figure 2. Spatial maps of 1-km PMas concentrations over eastern China in 2001-2018.

We also looked at the spatiotemporal changes in PMzs in the populous urban ag-
glomerations during 2001-2018 (Figure 2). Among the eight agglomerations (Figure 1),
the Central Plain (CP) and Shandong Peninsula (SDP) regions were the most polluted,
followed by the Beijing-Tianjin-Hebei (BTH) and CDCQ regions, and the Pearl River Delta
(PRD) area was the cleanest, where the regional multi-year PM25 averages during the
eighteen years were 59.77 ug/m?, 59.16 ug/m?, 52.27 ug/m?, 49.98 ug/m?3, and 40.98 ug/m3,
respectively. However, when overlaying the PM2s distribution with the population map,
the situation was different (Figure A4). The long-term exposure to PM:zs reached its max-
imum over the BTH region, whose population-weighted mean PM:s concentration was
69.02 pg/m3, which greatly exceeded the study-area mean value (54.98 ug/m?). The PRD
region maintained the lowest value in terms of exposure, with a population-weighted
mean PMzs of 46.85 ug/m?.

Figure 3 shows the spatial distribution of the PM:s trends over eastern China from
2001-2018. Broadly, the PM2s concentrations in the majority of the study region demon-
strate downward tendencies in the past 18 years. Specifically, evident decreasing tenden-
cies with a slope of <-0.25 pg/m?/yr (p < 0.05) were widespread in the southern areas, in-
cluding most of the CDCQ region and were extensive in the adjacent areas of the Guangxi,
Hunan, Jiangxi, and Guangdong provinces. However, the spatial pattern of the PM2s
trends in the northern provinces was complex. Weak negative trends, with slopes between
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(<—0.25 pg/m?/yr) were only scattered over the inland provinces. It should be pointed out
that statistically significant positive trends (p < 0.05) were observed in considerable areas
of the northern provinces; among those upward trends, pronounced increasing slopes
(>0.1) occurred primarily in the coastal areas (e.g., Shandong peninsula and Jiangsu).
There were still many increasing trend areas occurring under the intense air pollution
control policies, indicating that the ongoing policies should continue and even be stricter.
Despite the various levels of trends, the adjacent areas generally show similar directions
and statistical significance in the long-term PM:s change (Figure 3), suggesting that cit-
ies/regions need to coordinate their goals between economic development and air pollu-
tion improvement and take joint actions to alleviate PM2s pollution, which may amplify
the measures and policies.
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Figure 3. Spatial map of estimated GLS trends based on LOWESS-smoothed monthly time series
PM:s from 2001 to 2018. The color of the grid cell represents the slope of the trend, and the trans-
parency of colors stands for the statistical significance level of the trend.

Figure A5 presents the spatial map of the linear trends in satellite-derived PM2s con-
centrations for each specific season, indicating a potent seasonal dependence on the
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downward trends over the study region. The largest yearly decreasing trends, at the sta-
tistical significance of a 95% confidence level, were predominantly observed in winter, at
an average rate of up to —0.96 ug/m3/yr, followed by autumn (-0.67 pug/m?3/yr). Summer
and spring exhibited a slower decrease, with a mean of —0.33 ug/m3/yr and —0.24 ug/md/yr,
respectively. Similar to the spatial heterogeneity feature shown by the seasonal PM2s con-
centration, the change in seasonal PM:s levels also presented significant spatial variabili-
ties. Such apparent spatial and seasonal variabilities in PMzs trends imply that the sea-
sonal impact of the various natural factors (e.g., meteorological contributors) on air qual-
ity could not be ignored. Thus, when making an air quality policy and evaluating the ef-
fectiveness of the relevant policies, the effects on the PM:2s variation caused by seasonal
factors should not be counted because those policies are inclined to impose controls/re-
strictions on anthropogenic activities.

On the one hand, China has undergone rapid urbanization and industrialization over
the past two decades, emitting substantial pollutants into the atmosphere. On the other
hand, a series of air quality control policies have been promoted to reduce anthropogenic
emissions significantly. Consequently, the joint effect results in a non-monotonously
change in PM2s5 over time. The heterogeneity illustrated by the time series of coefficients
of variation in eastern China (Figure A2) also shows an increasing trend with the inflection
feature. Thus, we further conducted a Bayesian-based piecewise linear trend technique
(see the details in Section 2.3.1) to detect the turning points for the temporal trend in PMzs.
The modeling uncertainty results are summarized in Table Al. In general, three pieces
with two turning points were used to profile the long-term changing trend for each ag-
glomeration. However, we used two pieces to describe the long-term trend for Weihe
Plain and Central Plain, although the three-piece models performed better because we
found that a turning point almost overlaps the start-/end-point in the three-piece model.

Figure 4 plots the monthly time series of the population-weighted mean PM:5 anom-
alies for eastern China and eight megacity regions, with corresponding piecewise linear
trends. The monthly time series averages for the entire domain exhibit a decreasing trend,
with a slope of -0.23 pg/m?/yr from 2001 to 2018, which resulted from the offset of positive
and negative trends across eastern China over the long term, as shown in Figure 3. The
population exposure to PM2s over entire eastern China was divided into three stages, and
two inflection years were derived, 2007 and 2014. Due to the rocketing economic growth
and loose emission policies, a marked increase was observed in the first 2001-2006 stage,
at a rate of 1.14 pg/m?3/yr. Driven by the tightened emission and energy policies imple-
mented since 2006 [8,9], such as the use of desulfurized facilities in the industry and the
closure of severely polluting manufactories due to the 2008 Beijing Olympic Games, the
medium 2007-2013 stage switched to a weak decreasing trend with a slope of
-0.17pg/m3/yr. In the later stage, the regional trend changed notably, and an extreme de-
creasing tendency (slope= -2.25 pug/m?/yr) occurred as a consequence of more stringent
emission control and air pollution prevention policies, such as the Action Plan of Air Pol-
lution Prevention and Control from 2013 onwards. The spatial distributions of Figure A6
decompose the overall trends for the three stages, showing that the inconspicuous re-
gional trend within the medium stage was a synthetic result of larger increasing trends,
predominantly in the north, and significant decreasing trends prevailing in the south.
Moreover, the implementation of mitigation measures and policies did not lead to an im-
mediate consequence because both regional trend transitions were one-to-two years be-
hind policy implementation.
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Figure 4. Monthly time series of population-weighted mean PM2s predictions from 2001 to 2018 in
the entire study region and eight urban agglomerations with corresponding piecewise linear trends.
The grid population data were from [43].

Corresponding to the overall temporal pattern in eastern China and the previous
studies [33,34], a similar inverse U-shape trend was observed in most megacity regions;
however, the local trend’s transition features also arose (Figure 4). Over the five national
urban agglomerations, the first local turning year occurred predominately between 2005
and 2008, accompanied by a distinct increasing trend, varying between 0.90 ug/m3/yr and
2.16 ug/m?/yr in the first stage; the second trend’s transition appeared mainly between
posterior 2013 and 2016, possessing a noticeable decreasing tendency (-1.88~-3.22
ug/md/yr), except for BTH, which experienced the second inflection year until 2018 with a
slumping slope of -18.50 ug/m?/yr. As for the regional agglomerations, the SDP region,
where the first local transition year was before 2003, underwent the second breaking point
after 2016. All six agglomerations experienced a plateau between the two turning points,
with a mild local slope of -0.49~0.14 ug/m3/yr. According to our piecewise linear model
fitting results (Table A1), the two regional agglomerations, the WHP and CP regions, did
not possess the general U-shape trend, while the two-piece trend with one turning point
can better interpret the local trend’s transition. PM2s exposure in the two agglomerations
started to decline in 2014 after experiencing a long-term slow elevation, showing a posi-
tive slope of 0.21 pg/m3/yr for WHP and 0.44 pg/m3/yr for CP, respectively. These findings
suggest that in addition to the country’s air quality policies, the local policies, and
measures tailored for the regional economic and atmospheric condition, e.g., altering the
production structure, adopting clean energy, and adjusting the intensity of emission re-
duction, should also be enacted and actualized to guarantee the country’s goal of air qual-
ity improvement.
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3.2. Factors Affecting Changes in PMzs

As illustrated in the previous sections, the regional PMzs pattern was markedly in-
fluenced by many natural and anthropogenic factors. To examine the factors influencing
the PMas concentration, we deployed the GWR model and geographical detector in this
section. Paying heed to the results from previous studies [12,17,26,29,30] and giving con-
sideration to the availability of city-level data, we quantitatively examined the influence
of four meteorological factors and five socioeconomic factors. The definitions and data
sources for these factors are detailed in Table 1. Figure 5 shows the standardized coeffi-
cients of slopes from multiple linear regressions and the power of determinant values (q)
from the geographical detector from 2001 to 2018. In general, the four selected natural
factors, with a larger averaged q value (0.18), imposed more significant impacts than the
five selected socioeconomic factors (0.12); however, each of these nine factors has its own
characteristics.

Among the four meteorological factors, temperature, with the largest mean q value
of 0.28 in the 18 study years, made the predominant contribution to the spatial variability
of PM2s concentrations, according to the geographical detector results (Figure 5a). How-
ever, the results generated from the multiple linear regression (MLR) model (Figure 5b)
demonstrate that the temperature was insignificantly correlated to PMzs throughout the
study’s time span, except in 2016 and 2018. The contrasting outcomes may result from the
difference between the two techniques. In general, ambient temperature interacts with
atmospheric aerosols in a complicated way [44], such that a linear model like MLR is in-
sufficient to describe the nonlinear relationship. It further corroborates that the nonlinear
predictors used in the PM:s estimation positively impact the model’s accuracy [31]. The
geographical detector recognizes the crucial impacts of the changes in relative humidity
associated with the ubiquitous hygroscopic growth of aerosols and boundary layer height
related to the particle dispersion on fine ambient particles, with mean q values of 0.22 and
0.13, respectively. Over a small-scale area in a short-term period, ambient concentrations
of PM:s can be significantly affected by wind speed, but the situation may be complicated
over a large-scale region in a long-term interval. At the yearly timescale, wind speed
proved to have a weak effect on the PM2s changes in eastern China (mean q value = 0.09
in Figure 5a).
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Figure 5. (a) Power of determinant value q and (b) standardized slope of a linear model for each
impact factor from 2001 to 2018 in eastern China. Asterisk (*) in a square indicates it is statistically
significant at a p-value of 0.05.

Population density (mean q = 0.27), compared to the other anthropogenic contribu-
tors, held the leading influence on the uneven distribution of PM2s concentrations. A city
with a denser population means that intensive anthropogenic activities are associated
with air pollutant emissions and increased non-renewable energy consumption, which
are understood to be principal sources of primary and secondary fine particles [45]. Thus,
urban population density is believed to be one core factor for adjusting PMas pollution
within cities. This result is also borne out by the larger standardized slope coefficients of
MLR, indicating that population density has a stronger positive correlation with PMas
concentrations (Figure 5b). With a mean q value of 0.13 and positive linear slopes, the road
area imposes a solid positive force on PMzs increases. Because road area is usually associ-
ated with traffic volume and vehicle emissions, the increasing traffic exerts an apparent
inhibitory effect on PM2s improvement. Similarly, the ratio of secondary industry exerted
a strong influence on aggravating the PMs concentrations. In line with previous studies
[16,17], we also found a weak negative correlation between PM25 and GDP per capita,
which may indicate that the more flourishing the city’s economy is, the more awareness
of environmental health there is [17,46]. Note that both the geo-detector and MLR results
concerning GDP per capita are not statistically significant.
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To discriminate the temporal characteristics of influence exerted by the factors on
PM:s5 variation in eastern China, we painted the year-to-year power of determinant values
(q) in Figure 5. Combining Figures 5 and 6, the time-varying patterns based on these con-
tributors can be explicitly identified. Unlike meteorological factors, which maintain an
increasing influence on affecting PM2s and vary over time (Figure 6a—d), the impact of the
socioeconomic factors tends to be intricate and complex, with various tendencies. The
built-up area is found to possess a successive increase in the positive influence on PMzs
mitigation over the study period, with the q value rising to 0.14 in 2018 from 0.10 in 2001
and the slope correspondingly declining to —0.60 from —0.03. The uptrend of the built-up
area may be attributed to urban development in eastern China. A developed city is gen-
erally associated with an optimized demographic pattern and urban form. For example,
an increased ratio of urban green space from 2001 to 2018 (Figure A7) resulted in an en-
hanced city’s function in digesting air pollutants [29]. It thus implies that the more devel-
oped the urban city is, the greater the capacity it has to regulate air quality. This result
may also support the argument mentioned in the last paragraph, i.e., that a prosperous
economy gives rise to public awareness of environmental health.
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Figure 6. Scatterplots of power of determinant values (q) with their linear trend lines (dashed line)
for each influencing factor from 2001 to 2018. The dot indicates a p-value below 0.05.

In contrast, we found that transportation exerted a more potent negative effect on
PM:s5 reduction, with a slight increase from 0.09 in 2001 to 0.12 in 2018, with statistically
significant positive slopes for the road area variable in the later 18 years. With the growing
economy and improved life quality, an increasing number of private vehicles are put into
use, which relates to an incredible amount of automobile exhaust emissions. Conse-
quently, the gradually enhanced role of the transportation factor in deteriorating air qual-
ity cannot be undervalued, particularly in recent years, and further stands as a severe is-
sue for the future.

Interestingly, the secondary industry share shows a reduced contribution to affecting
the changes in air pollutants throughout the study period, with a decreasing rate of
—0.0009 in the power of the determinant value (Figure 6h). Such a decreasing trend was
mainly attributed to the declining influence after 2012. Unlike the other socioeconomic
factors that continuously impose an increasing impact on PMzsin the whole study period,
the ratio of the secondary industry shows an inflection point around 2012, before which
an upward trend (slope = 0.0008) was observed. The stronger influence on PM:slevels
before 2013 was due to relatively loose emission policies with the fast industrialization in
China, while the weakened influence of the industry sector on PM:s concentrations after
2013 seems to be a consequence of implementing emission control measures and upgrad-
ing the industry structure. However, the outcome is likely not evident because the
strength (slope = —0.0039 in recent years) was very small, and many q values were not
statistically significant.

More interestingly, a closer inspection in Figures 5 and 6 indicates that the geo-de-
tector q values of the built-up area, GDP per capita, industry ratio, and road area all pos-
sess obvious turning points around 2012-2013 and start to decline after years of ascension.
Coincidentally, the city’s mean PM2s concentration began to decrease remarkably one or
two years later (details are shown in Section 3.1). These findings imply that the air pollu-
tion improvement strategies, such as stricter clean air actions since 2013, may have caused
the influences from the socioeconomic factors examined in the present work to be less
effective. On the other hand, these results concerning potential anthropogenic factors of
PM:s5 variation also suggest that the air quality regulation strategies implemented in pre-
vious years have worked on PM:s pollution alleviation to various degrees, so that future
policies may be modified accordingly.

The GWR model was performed on the averaged data from 2001 to 2018, and Figure
7 visualizes the coefficient surfaces of the nine factors estimated by the GWR model. The
adjusted R? value of the GWR model is 0.81, indicating that the resulting coefficients by
GWR are appropriate for revealing the geographical discrepancies in the connection be-
tween PM:2s and its potential influencing factors. In general, the population density, road
area, and industry ratio had prevailing positive correlations with PMzs in most cities; the
built-up area was dominated by negative correlations, and the other factors show evident
contrasts in the correlations.

Figure 7 also demonstrates the significant spatial differences of the factors influenc-
ing the PM2s distribution in eastern China. The strong positive temperature coefficients
(standardized slopes > 5) were primarily observed in the northwestern cities, while they
were all found to be negative in southeastern cities. The clear contrast in the temperature’s
connection with PM2s between the southeastern and northwestern cities partially explains
the large q value provided by the geo-detector model but statistical insignificance by the
MLR model. Relative humidity and a built-up area were found to impose a strong inhib-
itory effect on the PM:2s5 aggravation in most regions. Boundary layer height sustained a
negative association with the PM:s variation in most southeastern and northwestern cit-
ies, but the intensity was weaker than temperature and humidity. The GWR model also
shows a low correlation between the PM2s distribution and GDP per capita, with
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standardized slopes between -1 and 1 in half of the cities. Broadly, the evident positive
relationships between PM:2s5 and the population density, road area, and industry ratio
were observed in most cities in eastern China, highlighting the extensive environmental
pressures on urban cities exerted by increasing human activities. Overall, the significantly
varying slopes from city to city indicate that distinct spatial disparities are widespread in
the interactions between fine particles and their natural and human impact factors, which
can partially account for the confusing results between the geographical detector model
and the MLR model. More importantly, the marked spatial variability in the city-level
PM:s-determinant relationship, revealed by the spatial model, suggests that the cities in
the study area are significantly challenged by different air pollution problems, and tar-
geted PMzs mitigation regulations, therefore, need to be promulgated according to the
city’s distinct natural and anthropogenic conditions.
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Figure 7. The space-varying coefficients of GWR models for each influencing factor based on the
average data from 2001 to 2018.

4. Conclusions

Space and time are fundamental when considering the PM:s variations, and so are
its possible influencing factors. Upon the high-resolution PM2s estimates in a long-term
period, we explicitly describe the spatiotemporal pattern of the population to PM2s for the
study domain at multiple spatial and temporal scales. Long-term PM:s predictions show
that most of eastern China suffered from risky PMzs exposure, particularly in densely
populated urban agglomerations, such as the BTH region. We find that the regional PM2s
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levels experienced an inverse-U shape trend, and the two turning points were around
2007 and 2014. Most of the discernable decreasing trends occurred in the southern and
western areas of the study domain, and almost no statistically significant trends and in-
creasing trends were primarily in the NCP region. In the last four or five years, the local
air quality has improved vastly, which benefited predominantly from a series of efforts
on mitigating emission policies and clean air measures.

On the basis of the geo-detector, GWR model, and MLR model, the influencing fac-
tors of PM2s were quantitatively examined, offering consideration to the spatial disparities
and temporal differences. In general, relative humidity, temperature, wind speed, bound-
ary layer height, built-up areas, population density, industry ratio, and road area made
statistically significant contributions to ground-PMo:s variance, among which temperature
and population density exerted more potent effects than the other influencing factors. The
trend analysis and GWR results present the spatiotemporal heterogeneity in the connec-
tions between PM:s and the factors: temporally, all the natural and socioeconomic vari-
ances exhibited ever-increasing contributions to PMzs, with the exception of the industry
ratio, which showed a slightly decreasing trend; spatially, population density, road area,
and industry ratio possessed prevailing positive correlations with PMzs, the built-up area
was dominated by negative relationships, and the other factors showed evident contrasts
in the correlations in most cities in eastern China.

Though the findings of this study enrich the long-term PM25 changes and correlations
with the influencing factors, this study has some limitations that can be further examined
in the future. First, the uncertainty in the PM:s estimates may bias the monthly and annual
averages of PMzs and further bias the trend and influencing factor analyses. Further im-
provement in PM2s estimations is needed. Second, we only selected four natural and five
anthropogenic factors to conduct the influencing factor analysis and such a factor analysis
was performed on a city level due to the lack of appropriate data. More socioeconomic
data and sources of emissions associated with PM:2s can be attempted in future studies.
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Appendix A
Table A1. The calculated R? and RMSE for the monthly population-weighted mean PM25 time series

in the study region and eight urban agglomerations under the conditions with no turning point, one
turning point and two turning points.

Study Area

No TP One TP Two TPs
R? RMSE R? RMSE TP R? RMSE TP1 TP 2

Entire study region
Beijing-Tianjin-Hebei
Yangtze River Delta
Pear] River Delta

0.036 6.051 0.214 0.135 2008 0.266 0.130 2007 2014
0.001 13.176 0.028 0.167 2001 0.031 0.167 2007 2018
0.000 6.180 0.134 0.152 2010 0.175 0.148 2008 2014
0.135 7.391 0.266 0.156 2008 0.280 0.154 2005 2013
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Triangle of central China 0.035 8.199 0.220 0.130 2012 0.254 0.127 2008 2014
Chengdu-Chonggqing 0.099 10.159 0342  0.113 2010 0.355 0.112 2007 2013
Shandong Peninsula 0.000 8.442 0.078 0.129 2007 0.139 0.125 2003 2016

Weihe Plain 0.010 12.309 0.045 0.111 2014 0.061 0.111 2003 2018
Central Plain 0.004 11.443 0.068 0.100 2014 0.073 0.099 2001 2014
R?2: coefficient of determination; RMSE: root mean squared error; TP: turning point.
Table A2. The collinearity statistics of the MLR model between ground PM2sand nine selected fac-
tors based on the multi-year mean data.
Varia- Relative Tempera- Wind Boundary  Builtup Popula- GDP_per_ Indus- Road A
bles Humidity ture Speed Layer Height Area tion_Density  Capita try_Ratio rea
Toler-

T 016 030 063 0.24 0.12 0.63 0.74 077 0.1

ance

VIF 6.40 3.36 1.59 417 8.32 1.59 1.35 1.30 9.15
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Figure A1l. Scatterplot of predicted vs. observed PM:zs concentrations at (a) monthly and (b) yearly
timescales. For the monthly/yearly mean observed PM:s, all records from monitors, i.e., including
those grid cells where satellite AOD was not available, were averaged, and only those averaged

from more than 5/330 valid daily measurements a month/year remained for evaluation.
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Figure A2. The annual coefficient of variation in PMas over eastern China from 2001 to 2018.
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Figure A4. Temporal trends of monthly mean population-weighted PMzs levels from March 2000
to December 2018 over (a) the BTH, (b) YRD, (c) PRD, (d) WHP, (e) TCC, (f) CDCQ, (g) SDP, and
(h) CP region (the horizontal color bar is the proportion of the population exposed to cumulative
PM:25 concentrations (ug/m?) (left axis), and the solid line and right axis represent the population-
weighted PMzs averages (ug/m?®) over the eight urban regions).
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Figure A5. Satellite-derived seasonal linear trends from 2000 to 2018 over the study area using the
generalized least-squares regression for (a) spring, (b) summer, (c) autumn, and (d) winter. Warm
and cold color represents positive and negative trends, respectively; the transparency of colors rep-
resents the statistical p-value of trends.



Atmosphere 2022, 13, 1352

22 of 24

105°E

10E 1S°E 120 105*E 10 1SE 120°E

40°N

'(a) 2001 — 2007

T T T
105°E 110°E 115%

PM, ; trend (pug/m?3/yr)

N B

0.5

0.25

-0.25

-0.5

-2

p-value[%] 1 5 10

T
105°€

T T T
110°E 115 120°€

Figure A6. Spatial distribution of linear trends in monthly time series PM25 anomaly from (a) 2001-
2007, (b) 2008-2014, and (c) 20152018 periods using the generalized least-squares regression. Warm
and cold color represents positive and negative trends, respectively; the transparency of colors rep-
resents the statistical p-value of trends.
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Figure A7. Time series of annual mean green space ratio from 2001 to 2018 in eastern China. Data
are from the China City Statistical Yearbook of 2002 to 2019.
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