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Environmental quality assessment is an important way to promote the improvement of urban environmental quality. Envi-
ronmental performance is usually used to evaluate the improvement of environmental quality, and residents’ satisfaction with
environmental quality is also an important method to evaluate environmental improvement. At present, in many cities in China,
the results of the two evaluation methods vary greatly. Residents’ environmental satisfaction is not high in some cities with good
environmental performance; however, in cities with poor environmental performance, residents’ environmental satisfaction is
higher. Here, based on the environmental subjective assessment of more than 4,600 independent samples from 56 cities in 2014,
this paper constructed an index between subjective and objective scores for each sample and its city, separating the total samples
into two groups. In order to analyze the differences between groups, firstly, the important factors driving the differences were
extracted by random forest. Secondly, the key individual characteristics were identified by the model based on conditional
inference tree. Finally, the regional heterogeneity was analyzed by nonmetric multidimensional scaling. 'e results show that
population density is the main factor that affects the difference between subjective and objective evaluations. Furthermore, in
those cities with low population density, investment increasing in transportation infrastructure helps to improve urban air quality,
which can bring about more perceptual environmental optimization to people. As individuals, education is the key factor for
residents when it comes to environment evaluation, but it is not a simple linear relationship. In terms of regional heterogeneity,
the consistency of important factors among regions is not obvious, and the situation that “neighboring” cities share the same
factors is not significant.

1. Introduction

1.1. Background. As the gathering place of industrial,
commercial, and traffic pollution sources, cities have also
become the main carrier of improving environmental
quality. 'e pollutants produced by urban production and
living account for 80–90% of the global pollutant pro-
duction. As the basic administrative unit in China, the
city’s strategy of implementing environmental governance
directly determines the level of urban environmental
quality, and environmental quality evaluation is an im-
portant way to promote the improvement of urban envi-
ronmental quality [1, 2]. To improve the quality of the
environment, the Chinese government has issued new

policies on the basis of existing environmental policies and
regulations.

In 2013, the Air Pollution Prevention and Control Ac-
tion Plan was released; the ministry of environmental
protection and 31 provinces (autonomous regions and
municipalities directly under the central government) signed
the Target Responsibility Statement for the prevention and
control of air pollution in 2014. Meanwhile, the Water
Pollution Prevention and Control Action Plan was per-
formed, and the newly revised Law of Environmental
Protection came into effect. Releasing the soil pollution
prevention and control plan and the law of environmental
protection tax in 2016 and starting the environmental
protection “Over Check” together with the law of
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environmental protection tax came into effect, making the
environmental regulation further strengthened. However,
there are still two contrasts of environmental quality: one
contrast exists between pollutant emission reduction and
environmental quality and the other exists between envi-
ronmental performance and public perception of the en-
vironment [3].

According to the state of “the environment bulletin of
China” (2013–2018) issued by the Ministry of Ecology and
Environmental Protection, the average annual PM2.5 con-
centration has dropped from 72 μg/m3 to 47 μg/m3, the
annual concentration of PM10 decreased from 118 μg/m3 to
81 μg/m3, the annual concentration of SO2 reduced from
40 μg/m3 to 15 μg/m3, annual concentration of NO2
dropped from 44 μg/m3 to 36 μg/m3, and CO annual average
concentration decreased from 2.5 μg/m3 to 1.6 μg/m3 over
the past five years. 'e annual concentration of O3 increased
from 139 μg/m3 to 169 μg/m3, chemical oxygen demand
(COD) emissions decreased by 14.06%, and ammonia ni-
trogen emissions decreased by 43.22% (Statistical Yearbook
of the Republic of China 2018). 'ese data fully demonstrate
that China’s environmental protection work has achieved
remarkable results. According to the official statistics of the
effect of policy implementation, compared with 2015, the
proportion of surface water with a quality of III or better
increased by 8.9 percentage points, reaching 74.9% in 2019.
'e proportion of inferior surface water decreased by 6.3
percentage points to 3.4%. 'e concentration of PM2.5 in
cities at or above the prefectural level that failed to meet the
standards fell by 23.1 percent.

However, the public perception and media attention are
in stark contrast. According to the “Environmental Quality
Special Online Survey” organized by the “WOYAO Online
Survey,” more than 83% of the respondents believe that “the
environmental pollution” situation around them is relatively
serious or very serious. Before that, the OECD commis-
sioned Gallup has surveyed 158 countries from 2006 to 2008,
the relevance between pollutant emission level and envi-
ronmental satisfaction was studied, especially during the
happiness survey. It is proved that there is a strong positive
correlation between pollutant emission reduction and en-
vironmental quality satisfaction, based on the level of
country and city. 'e correlation coefficient is r� 0.61 [4].

Why is there such a big contrast between the environ-
mental quality assessment based on public perception and
the environmental quality assessment based on pollutant
emission level in China? It has been modified in the article;
other possible errors have been checked and corrected.What
is the reason for this contrast?

In order to explain the reason for the contrast, this paper
makes a comparative analysis of the regional pollutant
emission level and the public environmental quality satis-
faction using the data from a large-scale environmental
satisfaction survey conducted at the city level in China
through “WOYAO Online Survey” in August 2016. By
carrying out comparative analysis of regional pollutant
discharge levels and public environmental quality satisfac-
tion, this paper tries to find out the regularity of contrast
between the two and find the lack of environmental

protection work. As a result, we can enrich theories and
methods of environmental quality assessment and provide
some references for China’s environmental protection work
and ecological civilization construction; it can also answer
the above questions.

1.2. Definition of Environmental Quality. A large number of
studies have characterized the environmental quality by the
emission level of a certain pollutant or the comprehensive
index of the emission level of various pollutants, such as
sulfur dioxide, nitrogen dioxide, and sewage volume or
PM10, PM2.5, and so forth. However, the Dictionary of
World Economy and the Dictionary of Capitalism point out
that environmental quality is an essential attribute of en-
vironmental system, represents the degree to which the
overall or certain elements of the environment in a specific
time or space satisfy human survival, reproduction, and
socioeconomic development, and is a concept of environ-
mental assessment that reflects the specific requirements of
the population.

'e study in [5] pointed out that “high environmental
quality represents residents’ high satisfaction and happiness
towards the objective physical or social environment.” 'e
study in [6] argued that not only is environmental quality
limited to pollutant emission level, but also it is a compli-
cated issue involving subjective feelings, attitudes, and values
that vary from a person to another. In 2002, an international
academic conference on “livability” held in Bouwman
reached a consensus about environmental quality. It defines
environmental quality as an important component of quality
of life, whose essence is residents’ comfort of living envi-
ronment [7]. ISO (the International Standardization Or-
ganization, 2000) comprehensively defines “quality” as “the
degree to which an inherent set of features meets require-
ments.” From the perspective of public goods, if “envi-
ronment” is regarded as a public product, environmental
quality can be understood as the objective level of a region’s
environment (i.e., the level of pollutant control) to meet the
environmental needs of residents.'erefore, in combination
with the original definition of “quality” as “the degree to
which a set of inherent characteristics meet the needs” (ISO,
2000), “environment” is regarded as a public product, and
“environmental quality” can be understood as the degree to
which the objective level of an area’s environment (the level
of pollutant control) meets the environmental needs of
residents.

1.3. Evaluation Methods of Environmental Quality.
Environmental quality assessment activities began in the
mid-1960s, and the United States was the first country to
start environmental quality assessment. 'ey had intro-
duced, for example, the Green Composite Air Pollution
Index and the Oak Ridge Air Quality Index for the first time.
At that period, a single pollutant is mainly used to char-
acterize the environmental quality and sulfur dioxide, ni-
trogen oxide, nitrogen dioxide, industrial waste gas,
industrial smoke, and industrial waste water which are
commonly used as indicators to measure the environmental
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quality. Subsequently, environmental quality assessment
and theoretical research have been carried out in various
countries. Among them, Japan takes environmental quality
assessment as an important policy to implement. 'e reason
is that a single index is too general or cannot fully reflect the
overall picture of environmental quality in a region, and
subsequent studies have integrated a variety of environ-
mental pollutant emission indicators into a comprehensive
index through different methods. For example, Rolf Fare and
others constructed the environmental performance index
with the list of toxic substances. With the development,
more environmental indicators are included, such as PM10,
PM2.5, CO2, and greenhouse gases. 'ere are also scholars
who conduct environmental quality satisfaction surveys
based on residents’ perceptions and carry out environmental
quality evaluation. As an important evaluation content of
sustainable development, environmental quality evaluation
is also evaluated from the relationship between environ-
ment, society, and economy. Many environmental quality
evaluation indexes and methods are proposed from different
perspectives and methods.

1.4. Literature on Subjective and Objective Evaluation of
Environment. Until now, most studies on social indicators
have focused on a single objective or subjective measure-
ment. Although one indicator can help explain the other,
relatively few empirical attempts have been made to com-
bine the two methods in a single study. One of the important
reasons is that the inclusion of subjective evaluation is a
problem to be considered carefully, due to its value judg-
ment property. It tends to become the focus of the debate
rather than an effective way to measure pollution. Many of
these factors, including personal and social characteristics
such as age, income, education, and health status can act as
“filters” that distort objective conditions by intervening
between the objective world and an individual’s assessment
of the objective world. 'us, individual perception trans-
forms what was initially seen as a universal objective con-
dition into a highly individualistic interpretation of this
objective condition. However, any definition of the quality of
the living environment must include two basic elements: one
is the internal psychophysiological mechanism that pro-
duces satisfaction and the other is the two dimensions of
external phenomena associated with it. Meanwhile, both
dimensions of environmental assessment strive to be ob-
jective because they strive to have effective, reliable, sensible,
and useful repeatable measures [8]. Moreover, both are
subjective because even technical assessments depend on
human decisions about the dimensions to examine, the time
and place of sampling, and the interpretation of the results.
Many literatures have begun to draw meaningful conclu-
sions through subjective and objective environmental as-
sessments and many previous studies on environmental
perception have been based on interviews with tourists,
where issues such as recreational use, tourism infrastructure,
and safety may interfere with the perception of major en-
vironmental factors [9]. 'is is also true of interviews with
residents, where environmental perceptions may be strongly

influenced by the culture in the landscape environment [10],
local social and economic conditions (Xu et al., 2006), and
information from the media [11].

Generally speaking, “environmental quality” has both
subjective and objective attributes. Subjectivity refers to
residents’ perception of the environment, which can be
represented by environmental satisfaction. For the conve-
nience of expression, the measurement of environmental
quality based on the emission level of environmental pol-
lutants will be represented by the objective evaluation of
environmental quality, while the measurement of satisfac-
tion of environmental quality based on the subjective
feelings of residents will be represented by the subjective
evaluation of environmental quality in the following paper.

2. Data and Methods

2.1. Data Source. 'is paper adopts the Gallup survey
method and covers 56 cities in 26 provinces (municipalities
directly under the central government) in China, excluding
Hong Kong, Macao, Taiwan, and other regions. 'e 56 cities
include 24 provincial capitals and some prefecture-level
cities in each province. 'e selection of other prefecture-
level cities is mainly based on the stratified sampling method
of per capital GDP ranking. 'e specific sampling method is
as follows: If the population of the province is less than 50
million, the cities with the median ranking are selected. If the
population of the province is more than 50 million, more
than two cities will be selected in addition to the provincial
capital cities, ranking the cities at 40% and 70%, respectively.
In the surveyed cities, samples were taken according to
different income levels, and 30–50 samples were selected
according to different populations. As a result, 4660 valid
samples were obtained. Among the 4660 samples, nonag-
ricultural registered residents accounted for 70.05%, while
agricultural registered residents accounted for 29.05% ,with
49.85%men and 50.15% women. In terms of education level,
high school and below accounts for 27.22%, college, tech-
nical secondary school, and vocational high school account
for 27.88%, and bachelor’s degree and above accounts for
44.90%. 'e survey on environmental quality in the ques-
tionnaire includes five aspects: residents’ perception and
satisfaction with the overall environment, air quality, water
quality, noise, and vegetation. Moreover, “1” means very
dissatisfied, “6” means very qualified, and 10 means very
satisfied. 'e subjective perception data of environmental
quality in this paper are formed, and the overall evaluation
results are shown in Figure 1.

2.2. Objective Evaluation. As mentioned in Table 1, in the
process of evaluating the overall quality of the environment,
single-dimensional indicators will produce the problem of
overgeneralization, while multidimensional indicators lack a
unified composition standard, resulting in different com-
position of comprehensive indicators and inconsistent
evaluation results, which is not conducive to comparison.
Also, the indexes are numerous, and the calculation is
complex due to the shortage of result continuity. In this
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paper, since the objective evaluation system needs to be
compared with the evaluation results of the supervisor, the
environmental changes that are more easily perceived by
residents in real life are mainly due to the pollution or
purification level of water, gas, and solid. Hence, in order to
make the results more comparable, this paper chooses three
types of pollutants that are more easily perceived and pol-
lution treatment level to construct system indicators. Based
on the multidimensional analysis system, the weighted av-
erage method is used to calculate the objective evaluation
index of environmental quality. 'e rating system is given in
Table 2.

'e pollutant emission data of each city mainly came
from China Statistical Yearbook 2012–2015, China Envi-
ronmental Statistical Yearbook 2012–2015, and China Ur-
ban Statistical Yearbook 2012–2015. In those three statistical
yearbooks, air quality indicators include total SO2 emissions,
total NO2 emissions, and PM10. Indicators of water envi-
ronmental quality include total discharge of waste water and
concentrated treatment rate of waste water. Meanwhile, the
pollution treatment uses the solid waste treatment rate and
the garbage disposal rate.

2.3. Random Forest. Random forest is a combination of tree
classifiers, where each classifier is generated by using a
random vector sampled independently from the input
vector, and each tree casts a unit vote for the most popular
class to classify an input vector. 'e method, which adds an
additional layer of randomness to bagging [12], changes the
algorithm utilizing averaging multiple deep decision trees
and trains on different parts of the same training set with the
goal of reducing the variance against overfitting. Besides, it is
very user-friendly in the sense that it has only two pa-
rameters (the number of variables in the random subset at
each node and the number of trees in the forest), and it is
usually not very sensitive to their values. In the samemanner
as the decision tree, the random forest classifier uses the Gini
index as an attribute selectionmeasure to assess the impurity
of an attribute concerning the classes. However, relation-
ships between variables assessed by stochastic forest models
are treated as a “black box” that requires advanced math-
ematical knowledge to explain.

'e mechanism of random forest is beyond the scope of
this study. In this paper, we mainly use the importance of
random forest as the ranking of the importance of driving
factors. Here are the definitions of the variable importance
measures. 'e first measure is computed from permuting
OOB data: For each tree, the prediction error on the out-of-
bag portion of the data is recorded (error rate for classifi-
cation and MSE for regression). 'en the same is done after
permuting each predictor variable. 'e differences between
the two are then averaged over all trees and normalized by
the standard deviation of the differences. If the standard
deviation of the differences is equal to 0 for a variable, the
division is not done (but the average is almost always equal
to 0 in that case). 'e second measure is the total decrease in
node impurities from splitting on the variable, averaged over
all trees. For classification, the node impurity is measured by
the Gini index. 'is method has been applied to study the
relationship among climate change, energy consumption,
and people’s subjective perceptions or attributes [13].

2.4. Conditional Inference Tree (CTREE). 'e model of a
conditional inference tree is another type of machine
learning algorithm that can be used as a classifier and a
regression. 'e “tree” refers to a hierarchical model of de-
cisions and its results. 'e application of decision tree
method in environmental assessment is still rare. Compared
with random forest, the tree-basedmodel has relatively clear,
simple, and easy-to-understand rules. Because it does not
need to optimize the geometry and internal network, it can
be programmed faster than a random forest model. Fur-
thermore, because most recursive partitioning algorithms
are special cases of simple two-phase algorithms, the ob-
servations of a univariate partition are first partitioned re-
cursively, and then a constant model is installed in each cell
of the result partition. 'e most popular implementations of
this algorithm are “CART” [14] and “C4.5” [15]. Similar to
AID, both perform exhaustive searches for all possible
segmentations to maximize the information measure of
node impurities and select the covariates that display the best
segmentation. However, there is a basic problem with this
approach: there is no concept of statistical significance, so it
is impossible to distinguish the significance and
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Table 1: Comparison of environmental quality assessment methods.

Evaluative
dimension Name of index Explanation Advantage Disadvantage

Unidimensional
index

'e air indicator

A unit of environmental
pollutant such as sulfur

dioxide, suspended matter
concentration (SPM),

carbon monoxide, carbon
dioxide, and nitrogen

oxides.

Single-dimensional indicators
are straightforward and easy

to understand, data
availability is strong,

continuity is strong, it is easy
to compare and study, and

local environmental problems
are targeted.

In the process of evaluating the
overall quality of the

environment, there will be an
overgeneralization problem.

Water environment
indicator

One kind of water pollutant
is taken as the content of
environmental assessment,

such as industrial
wastewater and chemical
oxygen demand (COD).

Waste indicator

Hazardous waste is taken as
the index of environmental
evaluation, such as solid
waste and liquid waste.

Forest environmental
indicators

Forest coverage rate is the
main index of

environmental quality
evaluation.

Other indicators

'e utilization efficiency of
a certain natural resource is

taken as the index of
environmental

comprehensive evaluation.

Multidimensional
index

Comprehensive
indicators for the

discharge of various
pollutants

A variety of environmental
factors are integrated into a
comprehensive indicator of
environmental quality, such
as industrial emissions,
industrial waste water

emissions, and industrial
solid emissions.

'e multidimensional
environmental quality

evaluation index can reflect
the overall situation of

environmental quality in a
comprehensive way, which is
conducive to an objective, fair,

and reasonable
comprehensive evaluation of
environmental quality. It can

also reflect the ability of
sustainable development from
the environmental dimension.

Due to the lack of unified
criteria for the composition of
multidimensional evaluation
indicators, the composition of
comprehensive indicators is
different, and the evaluation
results are inconsistent, which

is not conducive to
comparison. Because the
indexes are numerous, the

calculation is complex, causes
the result continuity to be not
good, and is disadvantageous
to discover the historical

regularity.

Environmental
sustainability
indicators

Environmental quality is an
important part of

sustainable development.
'e relationships between
environment and society,
between environment and

economy, between
environment and ecology,
and between environment
and human development

are evaluated.

Environmental
quality satisfaction

index

Taking residents’ perceived
environmental quality
satisfaction as the

evaluation index, the
satisfaction data were
obtained by means of
questionnaire survey,
including air quality

satisfaction, water quality
satisfaction, vegetation
satisfaction, and acoustic
environment satisfaction.
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insignificance of information measures. 'e conditional
inference tree provides an integrated framework for em-
bedding recursive binary division into the well-defined
permutation test theory proposed by [16]. By doing so,
multiple testing procedures are applied to determine
whether any covariables and responses can be declared
without a significant correlation, and the recursion is
stopped when it is needed.

2.5. Nonmetric Multidimensional Scaling (NMDS). 'e
nonmetric multidimensional scaling is a data analysis
method that simplifies the research objects (samples or
variables) of multidimensional space to lower-dimensional
space for positioning, analysis, and classification, while
retaining the original relationship between these objects
[17]. It is applicable to the case where the exact similarity or
heterogeneity data between the objects cannot be obtained,
and only the hierarchical relationship data among them can
be obtained. Its basic characteristic is to regard the similarity
between objects or the data of phase as the monotone
function of the distance among the points and replace the
original data with new data columns of the same order on
the basis of maintaining the order relation of the original
data for metric multidimensional scaling analysis [18]. Put
differently, when the data is not suitable for the analysis of
variable-type multidimensional scale directly, the variable
transformation is carried out, and then the variable-type
multidimensional scale analysis is adopted. For the original
data, it is called the nonmetric multidimensional scale
analysis. Its characteristic is that, according to the species
information contained in the samples, it is reflected in the
multidimensional space in the form of points. Furthermore,
the degree of difference between different samples is re-
flected by the distance among the points, and finally the
spatial location map of samples is obtained.

3. Results

3.1. Evaluation Index and Ranking of Urban Environmental
Quality. Based on the subjective and objective evaluation
methods selected in the previous article, we calculated the
subjective and objective environmental evaluation scores
and rankings of each city, as shown in Figure 2. In
Figure 2(a), the length of the blue column represents the
objective ranking order, and orange represents the subjective
ranking order. 'e column length in Figure 2(b) indicates
the difference between the subjective ranking and objective

ranking. 'e larger the value is, the lower the subjective
ranking is compared with the objective ranking. In many
cities, subjective and objective evaluations differ greatly,
which is also consistent with the results of previous studies.

In order to measure the difference value of each sample,
we subtracted the standardized objective score of the city
where each sample was located from the standardized
subjective score of each sample and constructed a new
difference index heter in the following analysis. 'e samples
were divided into groups greater than 0 and less than 0 by
this index. Figure 3 shows the kernel density function graph
of heter.

3.2. Extracting the Main Driving Factors. Based on the
grouping of difference index, we add all characteristic factors
of all samples into the model and extract the most important
driving factors through random forest. In Figure 4, the
importance of all relevant variables is ranked. 'e larger the
value is, the more important the variable is. It can be found
that population density is the most important factor by two
different measures. 'erefore, we can assume that pop-
ulation density has the greatest influence on urban envi-
ronmental evaluation [19]. Since the two measures are only
important references, the first four factors are selected from
the two groups of species, and a total of eight factors (in-
cluding coincidence) are selected as the most important
elements which will be used as the basis for further CTREE
analysis.

Further factor extraction was conducted for each city
through random forest; we found that the occurrence fre-
quency of education factor was the highest among the top
three factors from a national perspective. In the 55 cities (due
to missing data), 28 (51%) had educational factors in the top
three influencing factors (see chart in dark red in Figures 5
and 6). Figures 5–7 show the distribution of the top three
influencing factors in each province (Figure 7 shows the
third most important factor). As mentioned in the previous
article, the education factor has become the most frequent
factor in many provinces. Among numerous studies on
education and environmental quality, more and more
scholars have found that there is no obvious direct rela-
tionship between education and mortality caused by air
pollution [20, 21], and education interacts with other so-
cioeconomic environments in complex ways in terms of
influencing people’s health and quality of life. 'erefore, we
can assume that there is not a general and monotonous
relationship between the advantages and disadvantages of

Table 2: Objective evaluation system of environmental quality.

'e first layer 'e second layer

Air quality (35%)
SO2 (33.3%)
NO2 (33.3%)
PM10 (33.3%)

Water quality (30%) Total discharge of wastewater (50%)
Concentration rate of sewage treatment (50%)

Pollution treatment (35%) Solid waste disposal rate (50%)
Centralized rate of garbage disposal (50%)
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urban evaluation among people with different educational
levels. We will prove this by the conditional inference tree in
the following passage.

3.3. Feature Classification Analysis. Based on the important
driving factors of random forest extraction, we obtain the
integral sample (N� 4652) of conditional inference tree. A
stacked bar chart for each terminal node shows the per-
centage of individuals whose subjective evaluation is higher
than the objective “1” (in black) or whose subjective eval-
uation is lower than the objective “0” (in light). Each tree has

three layers. We set a 95% confidence interval as one of the
conditions that the number of branches can be used as a
node, so that each node reports the corresponding P value.

'e most important variable in Figure 8 is population
density, which is consistent with the screening results of
random forest. Secondly, for the urban road area, we found
that, in the group withmoderate population density, node 11
completely divided the urban road area into two groups:
“high, low” and “medium,” while the group with high
subjective evaluation accounting for the largest proportion
was “medium.” 'en observe node 2 and node 5 and ignore
the influence of education node 7. In the group of low
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Figure 2: 'e subjective ranking and objective ranking and difference of environmental quality in each city.
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population density and high urban road area (node 6), the
percentage of people with higher subjective evaluation is
significantly higher than that of other groups. 'e former
shows that extreme population density and urban road area
may not bring better subjective evaluation of environmental

quality. 'e latter indicates that, in the case of lower pop-
ulation density, if the city has a larger urban road area, the
probability of obtaining higher subjective evaluation is
significantly higher than that of the group with lower road
area. Hence, on the basis of previous researchers [22], we can
draw the conclusion that, in cities with low population
density, increased investment in transportation infrastruc-
ture can improve urban air quality, because it can bring
people more perceived environmental optimization, which
is also very consistent with our hypothesis.
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Figure 3: Differential exponential kernel density function diagram.
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Figure 9: Conditional inference tree of six geographical regions.
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In addition, from node 7, the education node divides the
sample into two terminals: terminal 8 is “below high school”
and “bachelor degree or above”; node 9 is “technical sec-
ondary school and higher vocational school” group. It can be
seen from the figure that the sample size of node 8 is larger
than that of node 9, indicating that this group of people has a
greater probability of making positive evaluation of the
environment. For one thing, more educated people may
have better knowledge and ability to manage personal health
and access to healthcare, higher incomes, better jobs, and
stronger social connections and then improve health. Ed-
ucational attainment may also be associated with differences
in occupational exposure, living conditions, or baseline
health status [23]. However, lower socioeconomic groups are
at increased risk of mortality andmorbidity after exposure to
environmental pollution. George [19] also found a higher
susceptibility to environmental pollution in the least-edu-
cated population, as well as higher risk factors that affect
health when exposed to air pollution. At the same time,
because of the realistic environmental pressure caused by
economic, unemployment, and even security problems faced
by undereducated people, attention to environmental pro-
tection issues is reduced, so it is easier to give better envi-
ronmental evaluation [24].

'ere is a general recognition that higher education is
often associated with a broader awareness of environmental

pollution. 'us, we have to admit that, with the improve-
ment of social education level (especially in developing
countries), more and more people will start to notice the
change of environmental quality. 'erefore, strengthening
basic education and environmental awareness education are
effective tools to improve the awareness of environmental
quality.

3.4. Regional Heterogeneity Analysis. Samples in this study
cover 56 cities in China, so whether these driving factors
have similar rules in each city (or the region where they are
located) is the question to be explored in this section.
Consistent with the above method, we first applied the
random forest algorithm to the samples of China’s six major
geographical regions to calculate the main influencing
factors of each region (see Figure S1). Figure 9 shows the
conditional inference trees of the six regions in China. In
general, it can be found that the main factors influencing the
subjective and objective evaluation differences are urban
factors in east China, north China, and northeast China.
;e three most important factors are population density,
foreign direct investment, and urban road area. In the
northwest, southwest, and south, the main factors are in-
dividual factors, such as education, household registration,
income, and expenditure. In the six districts, the main
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Figure 10: Nonmetric multidimensional scaling (NMDS) analysis of top significant factors. Note. (1) Pop represents the population of the
city; the larger the circle, the larger the population. (2) Factor d represents the six regions. (3) Its coordinate axis is only set to reflect the
distance relationship between samples after downscaling.
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environmental problems faced by each district are basically
similar. ;e economic and cultural environment of its
residents is relatively consistent. Here, we can assume that
the characteristics of residents of “adjacent cities” have more
commonality. We use the nonmetric multidimensional scale
(NMDS) to visualize the relationship between cities and
predictors as accurately as possible in low-dimensional space.

In addition, we assume that the characteristics of the
residents of the “same area” have more commonality. We
use the nonmetric multidimensional scaling (NMDS) to
visualize the relationship between cities and factors in low-
dimensional space more accurately. We should consider
nine factors due to the multidimensional nature of our data.
Based on that, it is necessary to do NMDS sequencing and
multivariate techniques.

It is not difficult to find that there is no centralized
distribution of the influencing factors, which is conducive
to the observation of urban distribution in Figure 10.
Obviously, around each of the main factors, we cannot see a
concentration of cities in the same region, and all the cities
are scattered in the ordering space. Although the results are
contrary to our hypothesis that the consistency of the
influencing factors with the regional environment is not
obvious, the heterogeneity of the key influencing factors in
each city to the environmental assessment indicates that
each city has its own relatively unique set of correlations.
For example, there are many samples clustered around
ave_cost, occupation, edu, and sex, and some samples are
clustered around household and ave_income to varying
degrees. 'us, the policy formulation of promoting resi-
dents’ environmental awareness and environmental rele-
vance should be adjusted according to the special situation
of each region.

Taking cities in northeast and southern China clustered
around educational factors as examples, the CTREE analysis
of these two origins also shows that educational factors have
a greater impact on them.'erefore, policy makers can focus
on analyzing the deeper relationship between educational
factors and environmental quality and environmental as-
sessment, so as to guide policy formulation.

4. Conclusion

First of all, it should be affirmed that the environmental
evaluation of cities is driven by different factors. 'e em-
pirical results of this paper make us better understand the
importance of these factors and how they work together.
From a national perspective, the situation of lower pop-
ulation density and better transportation infrastructure in
cities can bring about more perceptive environmental op-
timization. In particular, it should be pointed out that the
importance of population density is always important in the
analysis of the whole sample. 'e increase of population
density will increase the demand for housing and auto-
mobiles, which will lead to the increase in the emission of
construction dust, automobile exhaust, and other pollutants.
It will affect the environmental quality [22]. Hence, the
appropriate increase of urban road investment matching the
growth rate of car ownership should pay special attention to

the growth of road area, so as to improve the smoothness of
urban traffic, reduce the emission of air pollutants, and
achieve the balance and all-round development of urban
traffic.

On the other hand, from the perspective of cities, we
found that educational factors frequently appeared. 'e
results of conditional inference tree also proved the above
basic hypothesis: the influence of education on environ-
mental evaluation is not linear. Residents with high and low
education levels are more likely to make better environ-
mental assessment choices on the basis of their respective
factors. Although the results showed that people with lower
education also tended to give higher environmental quality
ratings, this “positive feedback” was irrelevant to environ-
mental improvements. Consequently, it is a better choice to
strengthen basic education and environmental protection
education, enhance residents’ awareness of environmental
protection, and promote the improvement of environmental
quality.

Meanwhile, the consistency of major factors among
regions is not obvious and the situation that different cities
share the same factors is also not significant. Since there is no
significant consistency between the major influencing fac-
tors in different regions and cities, we should not ignore the
influence of subsidiary factors, although we pay close at-
tention to the analysis of the major factors and these factors
with the highest evaluation rate. Consequently, according to
the main driving factors, the city can adjust its political focus
under the guidance of the unified national environmental
policy.
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