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Air pollution, especially haze pollution is a serious environment problem that directly affects the sustainable
development in China. Identifying the key factors affecting PM2.5 concentration and the interaction mechanism
between them through quantitative analysis can greatly help a city devise PM2.5 pollution control strategy.
Using the geographical detector model, we quantitative measured 13 cities in the Beijing-Tianjin-Hebei region’s
social factors and their interaction impacts on PM2.5 concentration in 2016. In the analysis process, factor
analysis method is used to separate the factors preliminary. According to the results, the factors mainly divided
into two categories, i.e. economic factor and environment factor. R&D ranks top in the studied cities in terms of
factor detection results, presenting closely relationship between PM2.5 concentration and R&D. We also find the
interaction between any two factors all enhance impact on PM2.5 concentration than any one alone. This study
provided a scientific basic and guidance for measure the driving degree of social factors and their interaction

effects.

1. Introduction

In recent years, China’s economy and urbanization developed
rapidly, and the achievements at the expense of the environment finally
paid a painful price. Regional air pollution dominated by PM2.5 has
become the most urgent and prominent environment problem in China
(Zhou et al., 2016; Lelieveld and Fnais, 2015; Zhu et al., 2019; Zhang
et al., 2020a, 2020b). Serious air pollution has aroused attentions at
domestic and board largely. The main sources of PM2.5 are coal-fired
power generation, industrial production, automobile exhaust, human
activities. All of them discharge harmful factors and compounds
enriched in particulate matter, which threaten air quality and atmo-
spheric visibility. In 2013, the northern cities suffered severe haze
pollution, disrupting the normal life of more than 80 million people,
causing flight delays, highway closures, and serious respiratory diseases.
Haze pollution is most severe in the Beijing-Tianjin-Hebei region (Wang
et al., 2014; Song et al., 2020). According to the China Environmental
Bulletin, air pollution representing with PM2.5 as the main pollutant
accounts for 60% of the total pollution days (J.N Song et al., 2019).
Therefore, controlling PM2.5 concentration is important for China to

coordinate the contradiction between economic development and
environmental pollution (Wang et al., 2014).

There are many factors related to air pollution, and only accurate
understand the key factors can be targeted to provide a scientific basis
for the treatment policy. The driving factors of PM2.5 concentration can
be roughly divided into natural factors and social factors. Natural factors
such as topography, wind speed and precipitation will affect the ag-
gregation, transfer and diffusion of PM2.5, while PM2.5 pollution are
formed by the emissions from the social factors (Ma et al., 2016). For the
driving social factors of air pollution, domestic and foreign scholars
mainly focus on urbanization and economic development. As for ur-
banization, some scholars think it can aggravate the air pollution.
American environmental economist Grossman and Krueger (1995) used
econometric methods proposed the hypothesis of Environmental Kuz-
nets Curve (EKC), verifying the evolution rule of ecological environment
quality in an inverted “U" shape along with urbanization with panel data
of 42 developed cities. Wang et al. (2015) quantitatively measured the
interaction between urbanization and ecological environment in
Beijing-Tianjin-Hebei region by using physical coupling model, and
obtained that population urbanization is one of the major factors
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influencing urbanization subsystem and ecological environment sub-
system respectively. Yang and Zhang (2018) constructed a comprehen-
sive index evaluation system in Beijing-Tianjin-Hebei region. Through
this model companied with impulse response and variance analysis, they
concluded the dynamic relationship between indexes. Han et al. (2014)
used satellite data to study the impact of urbanization on urban PM2.5
concentrations. Their results indicated that there is a strong correlation
between urban population and urban PM2.5 concentration. However,
diametrically opposite view also existed. Based on the EKC (Environ-
mental Kuznets Curve) theory and the BMA (Bayesian Mean Model)
method, Lin and Zhu used cross-sectional data from 282 cities to find
that the higher the urbanization level, the lower the concentration of
urban air pollutants. Wang and Zhao (2018) also found that urbaniza-
tion can slow down air pollution.

He et al. (2016) used EKC, with the panel data of 30 provinces and
cities in China eastern region from 2001 to 2012, to study the rela-
tionship between air pollution and economic growth. Ma and Zhang and
Li (2017) established a spatial environment Kuznets curve regression
model and found that as GDP per capita continues to grow, pollution
levels continue to rise. Zhou et al. (2018) used spatial regression and
geographical detector technology to study the impact of economic and
social development on China’s urban PM2.5, found that their impact on
PM2.5 concentration prominent. Zhang et al. (2019) used the log-mean
index (LMDI) method to determine the key driving factors of PM2.5
concentration in 152 cities in eastern, central and western China. Studies
have shown that economic output is one of the most important factors
affect the change of PM2.5 concentration.

Tang et al. (2016) found that there is a significant positive correla-
tion between FDI (Foreign Direct Investment) and haze pollution in
China, with FDI increasing by 1% and China’s haze pollution increasing
by 0.0235%. However, Jiang et al. (2016) used the urban dataset of 150
Chinese cities in 2014 through the spatial econometric model to study
the impact of foreign direct investment on China’s air quality, and found
that FDI improved China’s air quality. There is also some research focus
on technological innovation. Ehrlich and Holdren (1971) proposed an
IPAT model, arguing that technological advances can slow down envi-
ronmental pollution. Avik Sinha et al. (2019) used the Kuznets curve to
analyze the relationship between environmental degradation and tech-
nological progress, and proposed sustainable development measures
based on the analysis results.

In terms of research methods, IDA (Index Decomposition Analysis)
and SDA (Structure Decomposition Analysis) are two common model
used to energy demand. energy intensity and carbon emission driving
factor decomposition. Guan et al. used a structure decomposition anal-
ysis (SDA) method to study the impact of socioeconomic drivers on
China’s primary PM2.5 emissions. Wei and Ma (2015) constructed a
computable general equilibrium model to study the optimal policy for
energy structure adjustment and haze governance in China. Leng et al.
(2015) used typical metrological analysis methods to study the effect of
foreign direct investment on haze pollution. Compared to them, the
method used in this paper have some significant advantages. First, no
assumption or restriction is required with respect to dependent and in-
dependent variables. Second, it can examine the interactive influence of
two independent variables on dependent variable (Zhang and Zhao,
2018). According to the analysis results, we could know that whether
two driving factors were independent in influencing PM2.5 concentra-
tion, whether they enhanced or weakened one another when taken
together.

Many previous studies have rarely studied the effects of social factors
and their interactions on PM2.5 concentration specially. Social factors
are the formation factors of PM2.5, their impact on PM.5 concentration
is the most critical (Ma et al., 2016; Ding et al., 2019a, 2019b). This
paper selected 13 cities in the Beijing-Tianjin-Hebei region as the
research area, taking PM2.5 concentration as the research object. We
select per GDP energy consumption, AFI, GDP per capita, per capita
consumption expenditure, urbanization rate, and R&D full-time
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equivalent of industrial enterprises above designated size as research
factors. Factor analysis method separates the factors into two categories
preliminary. The data is superimposed and discretized by ArcGIS tech-
nology, and then the geographic detector software is used to quantita-
tively analyze the contribution and interaction of each factors under the
two categories. Finally, based on the research results, scientific and
reasonable PM2.5 concentration control measures are proposed. The
research is beneficial to quantitatively understand the influence of social
factors of PM2.5 concentration in Beijing-Tianjin-Hebei region and its
interaction mechanism.

2. Methods
2.1. Selection of social factors

Previous studies have shown that various social factors have
different effects on PM2.5 concentration changes (Bai et al., 2019).
Social factors are interrelated, which will have a coupling effect on
PM2.5 concentration changes. Coupling, as a physics concept, refers to
the phenomenon that two (or more than two) systems or forms of motion
interact with each other through various interactions (Zhou, 2003).

The social factors affecting the concentration of PM2.5 are numerous
and complex. In this study, the selection of an indicator is made against
the following considerations: (I) The indicator should be relevant to the
corresponding theme. (II) The indicator can be measured by the avail-
able data. (III) The selected indicators should avoid overlapping, double-
counting and correlation between indicators. Drawing on the existing
research results and considering the availability of data, energy con-
sumption per unit of GDP (PGDP), Actual use of foreign investment
(AFI), GDP per capita (AGDP), per capita consumption expenditure
(AE), urbanization rate (UR), forest coverage (FP), and R&D full-time
equivalent (RT) are chosen to be the research objects of social factors.
The energy consumption per unit of GDP in social factors reflects the
energy utilization of economic development (Zhang, 2008). The Actual
use of foreign investment reflects the degree of trade openness. The GDP
per capita reflects the economic growth (Li and Huang, 2018). The per
capita consumption expenditure reflects the consumption of the resi-
dents (Song et al., 2019). The urbanization rate reflects the urbanization
situation. Forest coverage reflects the state of the ecological environ-
ment (Yang and Zhang, 2018). Researchers’ full-time equivalents reflect
the state of science and technology development (Yuan and Zhang,
2019).

2.1.1. Energy consumption per unit of GDP

Energy consumption per unit of GDP is used to measure energy
consumption condition. In the current stage of development, the Chinese
economy reflects relatively obvious industrial characteristics, making it
consume more energy per unit of GDP production. Energy consumption
per unit of GDP is also an important indicator reflecting energy effi-
ciency (Lin and Liu, 2010). Reducing energy consumption per unit of
GDP and improving energy efficiency to avoid energy waste is conducive
to sustainable development.

2.1.2. Actual use of foreign investment

Here we use the Actual use of foreign investment to measure trade
openness (Zhang and Li.,2017). Hao et al. have found that FDI is one of
the important explanatory variables. Among the existing research re-
sults, FDI has two opposing theories on the direction of environmental
pollution. The “pollution halo” hypothesis believed that FDI can
improve environmental pollution through advanced technology (e.g.,
Hoffmann et al., 2005; He, 2016). The “pollution haven” hypothesis
believed that FDI will bring the transfer of high-pollution industries and
increase environmental pollution (e.g., Keller and Levinson,2002;
Eskeland and Harrison, 2003).
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2.1.3. GDP per capita

GDP per capita is an indicator represents the level of economic
development. According to previous research, GDP per capita is an
important indicator affecting environmental quality (Li et al., 2016).
GDP per capita can represent the stage of economic development in
which an economy is roughly located, while different stages of economic
development mean different characteristics of energy consumption (Lin
and Liu, 2010). The level of GDP per capita is an important factor
affecting haze, and it is also the focus of scholars’ research.

2.1.4. Per capita consumption expenditure

Per capita consumption expenditures reflect residents’ consumption
condition. Previous studies have found that PM2.5 concentrations are
higher in cities with higher consumption levels, because the higher the
consumption level, the more household cars and household appliances
are in the area (Jiang et al., 2016). As a result, the atmosphere suffers a
lot of pollution. Vries and Ferrarini found that rising level of domestic
consumption are related to air pollution in both advanced and emerging
economies. Compared with GDP per capita, per capita consumption
expenditure reflects the impact of people’s use of household appliances
in their daily lives to environment. While GDP per capita reflects the
impact of the production of household appliances to environment.

2.1.5. Urbanization rate

The urbanization rate can reflect the process of urbanization. The
results of Wang et al. (2015) showed that there is an extremely complex
interaction relationship between urbanization and ecological environ-
ment. Since 1980, the coordination degree of urbanization and ecolog-
ical environment in Beijing-Tianjin-Hebei region changed as S-shaped
curve, and the coordination type transferred from serious
uncoordinated-urbanization hindered development to advanced coor-
dination - ecological environment lag type (Wang et al., 2015). At pre-
sent, China’s population is highly mobile, and there is a big gap between
the registered and resident population (Yang et al., 2015). Due to
polluted gas emissions are closely related to local social, economic and
energy activities, estimation of urbanization rate should use the resident
population, instead of the registered population.

2.1.6. Forest coverage

Forest coverage reflects the ecological environment of the city. Ji
et al. (2013) showed that plant absorption is an effective way to purify
air for it has a significant effect on reducing atmospheric particulate
matter and improving air quality. When the forest coverage rate in-
creases, the block adsorption capacity of particulate matter is also
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2.1.7. R&D full-time equivalent of industrial enterprise above designed size
R&D full-time equivalent of industrial enterprise above designed size
can reflect technological developments in industrial enterprises. The
innovation of energy saving and emission reduction technology is un-
doubtedly an important way to control environmental pollution. Avik
et al. (2020) stressed on the need to use modern technology to achieve
its objectives. Zhou et al. analyzed the inter-provincial panel data of
China from 1995 to 2012 and found that the development of science and
technology is of great significance to the mitigation of pollution.

From Fig. 1, we can see that the R&D full-time equivalent of indus-
trial enterprise above designed size in 2016 have big difference. The
Tianjin has the biggest invest in technology among enterprises, Beijing
followed it. Remaining 11 cities in Hebei province also exist big differ-
ences. Shijiazhuang up to 20745 man-years while Zhangjiakou as low as
1269 man-years.

2.2. Research area

This paper selects the Beijing-Tianjin-Hebei region as the research
area, because this region is a developed area of China’s heavy industry,
the most typical and serious area of extreme air pollution. The results of
Shao et al. showed that the Beijing-Tianjin-Hebei region is the core area
of the PM2.5 high-emission “club” and can be regarded as the “main
battlefield”. As the economic and political center of the country, serious
air pollution has become a shackle to the rapid economic and social
development of the region, and the control of PM2.5 concentration in air
pollutants has become a top priority. The short-term behavior of “slogan
and sport” cannot effectively control the increase of PM2.5 and the
occurrence of haze weather. Joint prevention and control measures in
the Beijing-Tianjin-Hebei region are imperative. It is necessary to make
long-term unremitting efforts to fundamentally solve the problem of
regional environmental pollution and maintain the sustainable devel-
opment of society (Wang et al., 2014). Therefore, it is obvious to study
the factors affecting the concentration of PM2.5 and the interaction
between them is of great significance to the healthy development of the
Beijing-Tianjin-Hebei region in the future.

As shown in Fig. 2, the annual average PM2.5 concentration of 9
cities in the 13 chosen cities are higher than the national average con-
centration with 47 pg/m°. The annual average PM2.5 concentration in
Hengshui, Cangzhou, Tianjin, Langfang are more than 70 pg/m> (see
Fig. 3).
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Fig. 1. R&D full-time equivalent of industrial enterprise above designed size in 2016.
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Fig. 2. Annual average PM2.5 concentration in Beijing-Tianjin-Hebei cities in 2016.
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Fig. 3. Factor analysis results.
2.3. Data and data sources

The selection factors are shown in Table 1. All data are from China
Statistical Yearbook, Hebei Economic Yearbook, Beijing Statistical
Yearbook, Tianjin Statistical Yearbook and related city statistical year-
books. PM2.5 concentration data was obtained from CNEC’s Urban Air
Quality Monitoring Station and all data were from 2016 (see Table 2).

2.4. Factor analysis

The basic idea of factor analysis is to synthesize the original variables
into common factors and special factors. The number of factors less than
the number of original variables, and then the original variables are

explained by factors. Usually we set X = (x1, ~~,xp)‘ to be an observable

Table 1
Summary statistics of variables.
Number  Factors Unit Symbols
X1 Energy consumption per unit of GDP Tons of PGDP
standard coal
X2 Actual use of foreign investment Ten thousand AFIL
dollars
X3 GDP per capita yuan AGDP
X4 Per capita consumption expenditure yuan AE
X5 Urbanization rate % UR
X6 Forest coverage % FP
X7 R&D full-time equivalent of industrial Man-year R&D

enterprises above designated size

Description Interaction

(Xl NX2) < Min(q(X1),q(X2))
Min(q(X1),q(X2)) < q(X1NX2) < Max(q(X1) , q(X2))

) Weaken; univariate
)
q(x1 mx2) > Max(q(X1),q(X2))
) =
)

Weaken; univariate
Enhance, bivariate
q(X1nX2) = q(X1) + q(X2)
q(X1nX2) > q(X1)+ q(X2)

Independent
Nonlinearly enhance

random vector. For decoupling index, E(x) = y, The common factor
vector F = (Fy, - ,Fm)’ is an unobservable random vector. E(F)
0,D(F) = L&) E(e) =

I, , Special factor vector e= (¢, -

0, D(¢) = diag(c? , -, ag)gD (diagonal matrix) , Common factors
and special factors are not related. The orthogonal factor model is:
X, =anF\ +anFy + -+ ayp,Fo + €1,
{X2T021F1 +6122F2+“ +asz +€2, )
X, = apFy +apFr+ -+ amem + &,

Where F indicates a common factor and ¢is a special factor.

The common factor F; , --- , F,generally works for every component
X;, while the special factor ¢ only works for a specific X;. Not related
between common factors and between common and special factors. The
matrix A = (aj),,,in the model is a matrix of coefficients to be esti-
mated, called the factor load matrix.

2.5. Geographical detector method

The geographical detector method is a novel spatial statistical anal-
ysis method developed by Wang et al. (2010), which can be used to
study the spatial differentiation of the dominant driving factors and the
interaction between factors. The basic principle of the geographical
detector method is that the study area is divided into several sub-areas.
If the sum of the variances of the sub-areas is smaller than the total
variance of the area, the area is considered to have spatial differentia-
tion. If the spatial distribution of the two subjects tends to be consistent,
the statistical correlation is considered to exist (Wang and Xu, 2017).
The g statistic can be used to measure the extent of a factor explains the
interpreted variable. The statistic q value of the interaction factor can
reflect the degree of interpretation of the interpretative variable by the
interaction of the factors. The geographical detector consists of four
detectors: the factor detector, the interaction detector, the risk detector,
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and the ecological detector. This paper mainly uses factor detector and
interaction detector.

The method can be applied in different fields such as natural sci-
ences, social sciences, and environmental pollution. It does not require
linear assumptions, has an elegant form, and has clear meanings. It is an
extension of the traditional cross-interaction measurement model.
Before using the geographical detector method, the data should be dis-
cretized. The grid-based and spatial superposition analysis of the data
requires the use of professional spatial analysis software such as
ArcGIS10.3.

2.5.1. Factor detector
The factor detector quantifies the effect of the selection factor on the
interpreted variable through the gstatistic (Wang et al., 2010).

L
o1 Yoy _ | SSW

—_— 2
No? SST 2)

Where h(1, ---,L) is the number of subregions of factor X; N represents
the total number of spatial units (in this study, cities) over the entire
study area; N, represents the number of samples in subregion h; sand oy,
represents the total variance and variance of samples in subregion h,
respectively.

The value of q is in the range [0,1]. The greater the value of g, the
stronger the explanatory power of the factors.

2.5.2. Interaction detector

Interaction detector is used to detect whether the interpretation
enhanced or weakened when the two factors are combined, or the
interpretation of these factors is independent of each other. Calculate
the values of the two factors X1 and X2 for PM2.5 concentration sepa-
rately. Compare the values of ¢(X1) and q(X2) with the interaction value
of ¢(X1 NX2). The comparison results can be divided into five categories.

3. Analysis and conclusion
3.1. Factor analysis results

From the test results in Table 3, the assumption that the variables are
independent of each other can be rejected, that is, there is a strong
correlation between the variables. From the obtained KMO value of
0.696, it is suitable to use the factor analysis model to explore and
analyze the impact factor.

From Tables 4 and 5, among the 7 variables, we can see that the
characteristic roots of the first two factorsF;and F, are more than 1. The
highest feature root is Fywith 4.623, followed by Fowith 1.097. The
cumulative variance contribution rate of the first two factors is 81.71%,
indicating that the explanatory power of the basic model is sufficient.
The variance contribution rates of F; and F, are 66.04% and 15.67%
respectively, and the influence of the latter factors gradually decreases,
so it is appropriate to select two factors.

Extraction method: principal component analysis.

Rotation method: varimax with Kaiser normalization.

Table 6 show the energy consumption per unit of GDP (—0.755),
actual utilized foreign capital (0.864), GDP per capita (0.778), per capita
consumption expenditure (0.962), urban population share (0.911), and
R&D full-time equivalent (0.756) has a higher load onF; , so it is named
as economic factor. F, has a higher load on forest coverage (0.96), which

Table 3
KMO and Bartlett sphericity test.

KMO sampling suitability
measure

Bartlett sphericity test

Approximate chi-square df Sig.
distribution
0.696 81.274 21  .000

Journal of Environmental Management 268 (2020) 110703

is named as environment factor.

From the factor analysis, selected factors mainly cover economic and
environment two aspects. This gives us a clearer understanding of the
research objects.

3.2. Geographical detector analysis results

3.2.1. Factor detection results

The results of the factor detector showed that the effects of economic
factors on the concentration of PM2.5 in Beijing-Tianjin-Hebei were:
R&D full-time equivalent (0.646), energy consumption per unit of GDP
(0.456), GDP per capita (0.299), urban population share (0.269), per
capita consumption expenditure (0.267), Actual use of foreign invest-
ment (0.167). The impact of forest cover on eco-environmental factors is
(0.556).

From the results, it can be seen R&D full-time equivalent of industrial
enterprise above designed size of the economic factor has the greatest
influence on the PM2.5 concentration. It reflects the increasingly sig-
nificant effect of the technological development level on the environ-
ment, also means that the role technology played in controlling the
PM2.5 concentration process is very important. The Beijing-Tianjin-
Hebei region is a developed area of science and technology. Science
and technology as the primary productive force should be the first
impetus to protect the environment. The fundamental way to solve
environmental problems such as air pollution lies in the advancement of
science and technology ( Cheng, 1989 ) . Environmental problems are
accompanied by advances in science and technology, and they also need
to be addressed through advances in science and technology. The
fundamental reason for the low utilization of resources and energy in
China is that science and technology are not advanced. Therefore,
technological advancement makes it possible for enterprises to adopt
clean production technology to produce less pollutants. It is extremely
necessary to rely on science and technology as the focus of the entire
environmental protection work and to develop environmental protec-
tion industries.

The Beijing-Tianjin-Hebei region is an industrially developed area,
and pollutant emissions have always remained at a high level. The en-
ergy consumption per unit of GDP ranks second among the economic
factors affecting the concentration of PM2.5. It reflects the impact of
economic development energy consumption on the concentration of
PM2.5 is significant. The higher the energy consumption per unit of
GDP, the more energy is wasted, resulting in a large amount of valuable
energy not being converted into energy required for production, but
discharged into the atmosphere in the form of harmful substances such
as smoke and carcinogens to increase air pollution. The scale of China’s
economic development has been expanding at a rapid rate of nearly
10%, and the consumption level of fossils has been rising. Adjusting the
industrial structure and transforming the industrial development mode
is not only the starting point for the future reduction of energy con-
sumption per unit of GDP in the Beijing-Tianjin-Hebei region, but also
the key to control the PM2.5 concentration.

The GDP per capita of economic factors is also an important factor,
which reflects the impact of economic development on PM2.5 concen-
tration. The high-input, high-pollution economic development model in
the Beijing-Tianjin-Hebei region has brought high GDP while also
paying a painful environmental cost. Economic development at the
expense of the environment is not advisable. The road of sustainable
development is the only way. The influence of the Urbanization rate on
the change of PM2.5 concentration should not be ignored. On the one
hand, the rapid advancement of urbanization has brought about the
accumulation of capital, labor, technology and other factors and the
increase in consumer demand, which has promoted the development of
production and economic growth, also brought about an increase in
environmental protection investment. On the other hand, urbanization
is accompanied by an increase in the rigidity of energy consumption
demand, which has led to rapid growth in energy consumption and
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Table 4

Total variance explained by principal component analysis (1).

Journal of Environmental Management 268 (2020) 110703

Component Initial eigenvalues Extraction sums of squared loadings
Total % of variance Cumulative% Total %of variance Cumulative%
1 4.623 66.041 66.041 4.623 66.041 66.041
2 1.097 15.669 81.710 1.097 15.669 81.710
3 .507 7.242 88.953
4 477 6.820 95.773
5 .259 3.699 99.472
6 .023 334 99.806
7 .014 194 100.000
Table 5 Table 7
Total variance explained by principal component analysis (2). Rotated component matrix.
Component  Rotation sums of Component Rotation sums of X1 X2 X3 X4 X5 X6 X7
loadi loadi
squared loadings squared loadings %1 0.456
Total % of Cumulative X2 0.586 0.167
variance X4 0.653 0.433 0.313 0.267
X5 0.709 0.536 0.358 0.358 0.269
; ‘1“2‘2; 28;3; g?;?g X6 0.741 0.706 0.714 0.714 0.598 0.556
3 ’ ) ) X7 0.662 0.728 0.707 0.707 0.696 0.734 0.646
4
5 . . o e . .
6 the social factors are mainly synergistic. This shows that the influence of
7 urbanization, economic development level and technological develop-
ment level in the Beijing-Tianjin-Hebei region on PM2.5 concentration is
closely intertwined. The interaction detection results show that the
Table 6 seven factors of the study work together to enhance the explanatory
Rotated component matrix. power of PM2.5 concentration. Most of the co-factors have a decisive
c power greater than 0.5 or even 0.7. The unit GDP energy consumption
omponent .
N Somponent J— and forest coverage rate are determined to be 0.74. The forest coverage
1 2 rate and R&D full-time equivalent of industrial enterprise above
PGDP -755 151 designed size are determined to be 0.73. The Actual use of foreign in-
AFI -864 -156 vestment and R&D full-time equivalent of industrial enterprise above
AGDP 778 ~156 designed size interaction up to 0.72. That is, the combined effect of these
AE .962 -217 . - )
UR 911 208 three groups of factors can explain the change in PM2.5 concentration
FP ..064 960 by 70%. It shows that the correlation between PM2.5 concentration and
RT 756 -.583

pollutant emissions. In short, the dialectical relationship between ur-
banization and air pollution is the unity of opposites (Yang and Zhang,
2018). The effect of actual use of foreign investment on economic factors
is minimal, and correspondingly it represents the effect of openness on
PM2.5 concentration changes. A large influx of foreign capital, on the
one hand, puts pressure on China’s environment, but on the other hand,
foreign companies bring advanced “clean” production technology to
reduce the level of environmental pollution. Therefore, the Actual use of
foreign investment is an important factor affecting China’s environ-
mental pollution, and is also an important factor driving the change of
PM2.5 concentration.

Among the environment factor, the impact of forest coverage on
PM2.5 concentration changes very large, which also indicates that
increasing vegetation coverage is an effective measure to control PM2.5
concentration. Forests not only help to retain water but also absorb
harmful particles in the air to reduce pollution and purify the air. The
vegetation coverage rate in Tianjin and Handan City in the Beijing-
Tianjin-Hebei region is still at a low level. It is an important task to do
a good job in afforestation and increase forest coverage.

3.2.2. Interaction detection results

Table 7 presents the results of the gstatistics of the interaction effects
formed by the superposition of the seven driving factors. From the re-
sults, it is known that the change in PM2.5 concentration is a result of a
combination of various factors. In the interaction mechanism using so-
cial interaction factor to influence the changes of PM2.5 concentration,

Table 8
Interaction between economic factors.

C A+B Conclusion Interpretation
X1NnX3 > Max(X1(0.456), C > Max(q(X1), Enhance and
= X3(0.299)) q(X2)) bivariate

0.698

X1nX4 > Max(X1(0.456), C > Max(q(X1), Enhance and
= X4(0.267)) q(X2)) bivariate
0..653

X1NnX5 > Max(X1(0.456), C > Max(q(X1), Enhance and
= X5(0.269)) q(X2)) bivariate
0..709

X2NX5 > Max(X2(0.167), C > Max(q(X1), Enhance and
= X5(0.269)) q(X2)) bivariate
0..536

X2NX7 > Max(X2(0.167), C > Max(q(X1), Enhance and
= X7(0.646)) q(X2)) bivariate
0..728

X3NnX7 > max(X3(0.299), C > Max(q(X1), Enhance and
= X7(0.646)) q(X2)) bivariate
0..707

X4NnX7 > max(X4(0.267), C > Max(q(X1), Enhance and
= X7(0.646)) q(X2)) bivariate
0..714

X5NX7 > Max(X4(0.269), C > Max(q(X1), Enhance and
= X7(0.646)) q(X2)) bivariate
0..696

Note: Due to the excessive number of economic factor interactions, only some of
the interaction results are listed above.
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social factors are higher.

Available from Table 8, in the interaction of economic factors, the
interaction between energy consumption per unit GDP and GDP per
capita is as high as 0.698, which enhances the effect of PM2.5 concen-
tration changes. They reflect the energy consumption of economic
development and the level of economic development, which indicates
that the relationship between economic development and energy con-
sumption is well coordinated, and the transformation of high-energy
economic development mode is the key to controlling the concentra-
tion of PM2.5. The energy consumption per unit of GDP and the Ur-
banization rate also enhance each other’s influence on PM2.5
concentration, which reflects the interaction between economic devel-
opment energy consumption and urbanization level. The effect of
interaction between R&D full-time equivalent and other economic fac-
tors on PM2.5 concentration about 0.65-0.7. It also shows that science
and technology involve all aspects of economic, also meaning the factors
contained in economic factors are closely related (see Table 9).

It can be seen from Table 8 that the interaction between the forest
cover rate and the factors contained in the economic factors all at a high
level. Among them, the forest coverage rate and R&D full-time equiva-
lent of industrial enterprise above designed size interaction are as high
as 0.734, which is the most influential.

Based on the above results, the interaction between economic factors
and economic factors and eco-environment factors ultimately increases
the effect of each other on PM2.5 concentration. This also shows that a
one-size-fits-all approach to environmental governance is not feasible in
the long-term governance process.

3.3. Robustness test

In order to prove that the results are robust, this paper select the data
of 2015, 2014, 2013 to do deep research. The results of the factor
analysis in three years show the selected seven factors classified into two
factors. It shows the factor analysis model is robust. It also indicates that
the PM2.5 concentration driving factors cover two aspects in recent
years. And in these years, science and technology all at the first
importance. It shows the importance to impulse enterprises invest more
for technology research.

4. Conclusions and policy implication
4.1. Conclusion

In this study, factor analysis model was used to reduce the dimension

Table 9
Interaction between economic factors and eco-environmental factor.

C A+B Conclusion Interpretation
X6n X1 > Max(X6(0.556), C > Max(q(X1), Enhance and
= X1(0.456)) q(X2)) bivariate

0.741

X6N X2 > Max(X6(0.556), C > Max(q(X1), Enhance and
= X2(0.167)) q(X2)) bivariate
0.706

X6N X3 > Max(X6(0.556), C > Max(q(X1), Enhance and
= X3(0.299)) q(X2)) bivariate
0.714

X6n X4 > Max(X6(0.556), C > Max(q(X1), Enhance and
= X4(0.267)) q(X2)) bivariate
0..711

X6n X5 > Max(X6(0.556), C > Max(q(X1), Enhance and
= X5(0.269)) q(X2)) bivariate
0..598

X6n X7 > max(X6(0.556), C > Max(q(X1), Enhance and
= X7(0.646)) q(X2)) bivariate
0..734
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of the factors affecting the concentration of PM2.5 in Beijing-Tianjin-
Hebei to obtain two factors, which made the relationship between fac-
tors affecting PM2.5 concentration clearer, also beneficial to the atmo-
spheric protection measures more targeted. The factor analysis results
show that the selected factors mainly cover economic and environment
two aspects. Through the geographical detector method, the driving
factors are ordered by the value of q statistic, the dominant driving
factors are detected and identified, and the spatial superposition inter-
action effects of the factors are analyzed. The results show that among
the selected seven driving factors, it can be integrated into two factors:
economic factor and eco-environmental factor. These two factors form a
first-level indicator.

Among the economic factors, the most influential effect is the R&D
full-time equivalent reflecting the level of scientific and technological
development, followed by the unit GDP energy consumption reflecting
the energy consumption of economic development and the GDP per
capita reflecting the economic development, reflecting the residents’
life. Others follow as the level of per capita consumption expenditure,
the Urbanization rate reflecting the urbanization process, and finally is
the actual utilization of foreign capital reflecting the degree of trade
openness. In the results of the interaction analysis, the factors involved
in the economic factors enhance the influence to PM2.5 concentration
changes. The influence of the interaction to PM2.5 concentration be-
tween R&D full-time equivalent of industrial enterprise above designed
size and others at a higher level, which also indicates that science and
technology are the key points to future PM2.5 concentration.

The interaction effects on the concentration of PM2.5 in the Beijing-
Tianjin-Hebei region between economic factors and environment factor
have also increased, indicating that economic and ecological environ-
ment interact and complement each other.

4.2. Policy recommendations

From the analysis results, it can be concluded that R&D are the key
factor influencing PM2.5 pollution in recent years. Thus, based upon the
findings above, some policy recommendations are proposed as follows.

China’s science and technology are booming, and technology in all
fields has a place in the world. Correspondingly, the development of
science and technology in environmental protection should follow the
pace of social development and increase investment in environmental
protection research. It requires insist on independent innovation and
equip it with all system, mechanism and cultural conditions. In the
process of globalization, it is necessary to explore the systems and cul-
tures that are suitable for China’s manufacturing progress and techno-
logical innovation, finally build a most competitive innovation culture
and atmosphere. Measures towards technology innovation need to be
explored. The construction of intellectual property system is important.
The government should promote the establishment of a joint technology
innovation mechanism between enterprises and universities, and pro-
mote the integration of “political-enterprise-school”. The government
also needs to encourage the agglomeration of industries. It can bring the
effects of regional technology innovation agglomeration.

In order to decrease energy consumption per unit of GDP, it’s
necessary to develop clean energy and improve energy efficiency. The
government should encourage the formation of a diverse, safe, clean and
efficient energy supply and consumption system, as well as the appli-
cation and popularization of green energy such as wind and solar en-
ergy. The Beijing-Tianjin-Hebei region should continue to implement
measures such as peak restrictions and license plate number limit,
improve the convenience of public transport facilities, rationally plan
public transport routes, encourage and attract residents to low-carbon
travel. To avoid the pollution effect of FDI, it requires China govern-
ment to formulate strict environmental access system, make selective
use of foreign capital, realize the mutual complement and mutual pro-
motion of domestic capital and foreign capital, and achieve the
harmonious development of economy and environment.
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Increasing the greening rate can protect the environment and
improve the living environment of residents in the Beijing-Tianjin-Hebei
region. Improving forest coverage should be a long-term measure for the
Beijing-Tianjin-Hebei region, especially in Tianjin and Handan, where
vegetation coverage is relatively low. Greening the land can effectively
cope with global warming, adsorb toxic particles, which has a profound
positive impact on the human environment.
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