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In recent years, with the gradual improvement of the public’s demands for ecological and environmental services, changes in
environmental quality, especially atmospheric environmental quality, have been highly concerned by the public. Public
environmental emotions belong to psychological space information. How to quantify the changes in public environmental
emotions caused by changes in environmental quality, comprehensively analyze the atmospheric physical and chemical factors
that have a key impact on public environmental emotions, and achieve quantifiable and predictable public environmental
emotions are difficult points of current research in the field of public environment. Based on the public participation
perception method, this paper proposes a public environmental sentiment prediction model based on the analysis of the
relationship between atmospheric environment and public environmental sentiment by using the collected public
environmental satisfaction data. Taking the data of a city as an example, using atmospheric environmental factors and public
environmental satisfaction, a multiple regression model (OLS) was established, and PM2.5, PM10, temperature (TMP), and
humidity (HUM) were used as key factors to conduct Pearson correlation analysis with public environmental satisfaction. The
results showed that PM2.5 and PM10 showed a strong negative correlation with public environmental satisfaction (-0.82 and
-0.67), while TMP and HUM showed a weak positive correlation with public environmental satisfaction (0.3 and 0.19).
Therefore, reducing the concentration of PM2.5 and PM10 in the city has a positive effect on improving public environmental
satisfaction.

1. Introduction

In recent years, with the continuous acceleration of China’s
industrialization process, the utilization of resources and
productivity has been significantly improved. However, the
resulting ecological and environmental problems have
become increasingly prominent, making people’s normal liv-
ing environment constantly disturbed [1]. People’s physical
and mental health has been affected to varying degrees
through the continuous interference of various comprehen-
sive ecological and environmental problems for a long time
[2]. As a result, deteriorating environmental issues have
now become a pain point for the public. Environmental
issues have also become the social issues that the public is
most concerned about, and they also affect people’s psycho-
logical feelings and behavioral changes to the environment
all the time [3, 4]. If we want to do in-depth research on

environmental issues, we must start from the perception of
the public after being affected by the environment.

The so-called perception is the response process of exter-
nal information by people’s feeling, attention, and percep-
tion. It mainly describes the consciousness and feeling
reaction in the human brain after the objective affairs pass
through the human sensory organs [5, 6]. Only with percep-
tion can people form the premise of understanding the
external environment. Perception is also an important refer-
ence to guide individual behavior or social group behavior
[7]. When a person is under a certain environmental area,
the sensory organs will obtain the corresponding sensory
information through the environment in which the person
is located and then process the perceived sensory informa-
tion in the mind and then give the specific evaluation of
environmental protection management, environmental
quality, and environmental behavior [8, 9].
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Under the influence of the ecological environment, the
conscious feeling and image formed by the human’s percep-
tual organs after processing and analyzing the corresponding
environmental feeling information in the brain is the envi-
ronmental perception [10]. And due to certain differences
in the subject of the perception object, the content of percep-
tion is also different. People have been exposed to constantly
changing ecological environment areas for a long time so
that people’s perception of their own environmental areas
is also accurate and changing at any time. Environmental
awareness is the basic psychological guidance for people’s
environmental awareness and behavior [11, 12]. Whether
the correct environmental awareness behavior can be
formed depends on whether the environmental awareness
behavior executor has the correct environmental aware-
ness [13].

Environmental emotional relationship analysis is mainly
to analyze the relationship between the main variables that
affect environmental emotional changes and environmental
emotions, which is basically the same as the general relation-
ship analysis method [14]. Relational analysis refers to a
method of using two or more random variables with the
same characteristics (same level) to perform statistics and
analysis by relying on their dependencies [15].

At home and abroad, the current research on relational
analysis is mostly divided into static relational analysis and
dynamic relational analysis. As the dominant factor of social
emotion, public environmental emotion is a difficult prob-
lem in the current public environment field to realize the
prediction of public environmental emotion. Most scholars
at home and abroad are predicting some factors of air qual-
ity itself [16, 17]. For example, some scholars have pointed
out that the air pollution level in Macau often exceeds the
level recommended by the World Health Organization as
the main problem. In order to make people take preventive
measures and avoid high pollutants, further health risks
under exposure, statistical models based on linear multiple
regression (MR) and classification and regression tree
(CART) analysis were built to predict the NO2, PM10,
PM2.5, and O3 concentrations on the second day. Some
scholars have used weather research and forecast models
together with the Chemistry/Data Assimilation Research
Testbed (WRFChem/DART) chemical weather forecast/data
assimilation system and multicomponent data assimilation
to study the improvement of air quality forecasts in eastern
China. Some scholars have used a simplified Lagrangian par-
ticle dispersion modeling system and a Bayesian and multi-
plicative correction optimization (Bayesian-RAT) method
to evaluate the mixing ratio prediction of PM10 and
PM2.5, thereby evaluating the atmospheric particulate mat-
ter (PM) concentration prediction regional scale. Some
scholars use Box-Jenkins’ modeling theory to establish an
ARIMA model that conforms to the changes in PM2.5 con-
centration in the study area to predict the PM2.5 concentra-
tion value in the next four days [18, 19].

Existing forecasts for atmospheric environmental factors
appear to be too single, often using models to learn the value
of a single time series variable, and there are few related
studies on building public environmental sentiment predic-

tion models using model ideas under deep learning [20,
21]. This paper studies the thinking and participatory per-
ception method based on social perception computing, uses
the public environmental sentiment data collected by the
platform to measure the public’s subjective environmental
satisfaction, and establishes a multiple regression model
and related analysis model to analyze the relationship
between public environmental satisfaction and atmospheric
environment in order to compare the influence of various
atmospheric environmental factors on public environmental
sentiment.

2. Method and Theory

2.1. Data Source. This paper will take Baiyin City as an
example to comprehensively analyze the relationship
between atmospheric environmental factors and public envi-
ronmental satisfaction in the city and use the analysis results
as the data and theoretical basis to build a public environ-
mental sentiment prediction model, which will help the gov-
ernment to manage environmental problems and improve
the regional human-land relations. This paper uses a ques-
tionnaire survey to collect data. In the early stage, the public
environment perception data was scored directly by users
(percentage system). This paper collects data on “public
environmental satisfaction” from thousands of local citizens,
with a total of 40,000 pieces of data, with a time span of one
year [22]. Comprehensive analysis shows that there are dif-
ferent age groups, different genders, different educational
levels, and different occupations among the users who sub-
mit the data, and the data is locally representative. The
atmospheric environmental data in this chapter includes
air pollution indicators and meteorological indicators, which
correspond to public environmental satisfaction in time and
have the same sample size, totaling 40,000 items. The atmo-
spheric pollutants in the atmospheric environment data
include AQI, PM2.5, PM10, SO2, NO2, O3, and CO, which
are derived from the hourly data of atmospheric pollutant
concentrations at urban detection sites. The meteorological
factor data includes FEELST, temperature (TMP), humidity
(HUM), and wind speed (WINDSP), and these data are all
from the China Weather Network.

2.2. Research Methods. In this study, the multiple linear
regression model was used to initially screen the atmo-
spheric environmental factors, and then, the Pearson corre-
lation analysis was used to analyze the correlation between
the screening results and public satisfaction.

2.2.1. Reverse Elimination Rule for Multiple Regression. The
main idea of ordinary least squares (OLS) is to use the
parameter estimation of linear regression and use the square
sum of the difference between the actual sample value and
the OLS estimation as the main reference parameter estima-
tion value (by minimizing the square of the error to find the
best variable match for the data). A method similar to the
reverse elimination principle of the OLS model is principal
component analysis (PCA). An excellent model should cover
as much information as possible with as few features as
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possible. The way PCA learns from data is unsupervised
learning. Therefore, the response variable in the data does
not participate in the construction of the guiding principal
components. PCA cannot guarantee a good interpretation
of the direction of the predictor variables, and there are lim-
itations in the extraction of the main variables. OLS is an
alternative to supervised PCA. It uses multiple principal
components as a new variable set and performs least squares
regression on this basis. Therefore, the corresponding vari-
ables play the role of adjusting the parameters of the princi-
pal components, which can eliminate the drawbacks of the
PCA method.

The process of constructing a multiple regression model
using OLS is as follows. (1) Suppose there is a regression
model, as shown in

Y = β0 + β1X1 +⋯ + βnXn + ε: ð1Þ

Assuming that the data in the sample has K groups of
data: ðtÞ, x1ðtÞ,⋯, xnðtÞ, the least squares method is used
to calculate the regression coefficient between each group
of data variables and is recorded as ?i, and the estimated
value of the regression coefficient is recorded as b0, b1,⋯,
bn; the calculation process of the square of the error is shown
in

〠
k

t=1
Y tð Þ − b0x1 tð Þ −⋯ − bnxn

� �2
: ð2Þ

The input of the OLS model consists of four parts, which
are the dependent variable, the independent variable, the
missing item, and the constant item. For the construction
of the multiple regression model, the first two parts are con-
sidered first. The first is the dependent variable, which acts
as the response variable in the multiple regression, and the
input data in the regression model assumed above is an array
of length K . The second is the independent variable, which
acts as the regressor in the regression model and in the
OLS model. In the beginning, it is not assumed that the mul-

tiple regression model has a constant term, so the assumed
regression model is shown in

Y = β0 + β1X1+⋯+βnXn + ε: ð3Þ

In the research data, the value of X0ðtÞ is set to 1 for all
t = 1,⋯, k, whereby the input of the independent variable
becomes K × ðn + 1Þ sets of data. In stepwise regression
under linear conditions, the data samples are analyzed to
determine which combinations of independent variables
can be used to explain the largest variance in the dependent
variable data, and then, the data combinations of these inde-
pendent variables are retained. The principle of reverse elim-
ination is used in the research method. First, all variables (air
pollution indicators and public environmental satisfaction,
meteorological indicators and public environmental satisfac-
tion) are put into the model, respectively. We delete the
independent variable with the largest difference from the
threshold and finally check whether the multiple regression
model contains an effective explanation for the variance of
the dependent variable. To sum up, in the process of elimi-
nating the independent variables, it will be carried out itera-
tively until no parameters meet the elimination conditions,
and the remaining independent variable combination has
the maximum explanatory power for the dependent variable.

2.2.2. Pearson Correlation Coefficient. Pearson correlation
coefficient (Pearson correlation coefficient) is a linear corre-
lation coefficient, which can analyze two or more elements
with correlation characteristics. Considering that it can
reflect the degree of linear correlation between atmospheric
environmental factors and public environmental satisfac-
tion, the value of the correlation degree is usually expressed
by r or p, also known as the “correlation coefficient.” In the
Pearson correlation coefficient, the correlation coefficient
between variables is expressed as the covariance between
the studied variables divided by the standard deviation. For
example, variable one is X, variable two is Y , and the Pear-
son correlation coefficient between the two variables is
shown in

rxy =
∑ x − �xð Þ y − �yð Þ

N∙SxSy
: ð4Þ

The above formula defines the overall correlation coeffi-
cient of the two variables, N represents the total number of
data samples, �x and �y represent the average value of the
two variable data, and Sx and Sy represent the standard devi-
ation of the two variable data samples, respectively.
Described by the above formula, r in the calculation process
of the Pearson correlation coefficient can also be regarded as
the cosine value of the angle between the two sets of vectors
(variable X and variable Y). The value of r is between -1 and
+1. If r > 0, the two variables are positively correlated; that is,
the greater the value of one variable, the greater the value of
the other variable. If r < 0, the two variables are negative;
that is, the larger the value of one variable, the smaller the
value of the other variable, and the larger the absolute value

Table 1: Human comfort index and FEELST comparison table.

Human comfort
index

Body temperature (degree
Celsius)

Comfort level

0-20 <4 Extremely
uncomfortable

20-40 2-8
Very

uncomfortable

41-50 8-13 Uncomfortable

51-60 13-18 Comfortable

61-70 18-23 Comfortable

71-75 23-29 Comfortable

76-80 29-35 Comfortable

81-85 35-41 Very comfortable

85-100 >41 Extremely
comfortable
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of r, the stronger the correlation. It should be noted that
there is no causal relationship here. If r = 0, there is no linear
correlation between the two variables, but other forms of
correlation (such as curves) are possible.

3. Results and Analysis

AQI (Air Quality Index) describes the freshness or pollution
of the air and the impact of air pollutants on human health.
The comfort index of the human body is a common expres-
sion method of human comfort in daily life, and the final
evaluation of the index depends on the body temperature
(FEELST) (Table 1). The body temperature mainly depends
on the three indicators of TMP, HUM, and WINDSP. TMP
is the main indicator for judging the human body’s percep-
tion of climate temperature, and HUM and WINDSP are
auxiliary indicators.

3.1. Screening of Influencing Factors of Public Environmental
Emotions. Taking air pollutant indicators and meteorologi-
cal indicators as independent variables and public environ-
mental satisfaction as a dependent variable, an OLS
multiple regression model was constructed, and multiple
regression analysis was performed on it. It can be seen from
Table 2 the OLS model constructed by air pollution indica-
tors and public environmental satisfaction; the model uses
P = 0:05 as the judgment threshold for reverse elimination
and determines the two air pollution indicators PM2.5 and
PM10. Table 3 shows the OLS model for pure analysis of
PM2.5 and PM10. The experimental results show that the
degree of fit is significantly improved. Tables 2 and 3 finally
identify the strong influencing factors in the air pollution
indicators, which are PM2.5 and PM10, respectively.

Table 4 shows the OLS model constructed by meteoro-
logical indicators and public environmental satisfaction.
The model also uses P = 0:05 as the judgment threshold for

Table 2: Air pollution index OLS model results (1).

Dep. variable Satisfaction R-squared 0.482

Model OLS Adj. R-squared 0.497

Method Least squares F-statistic 5023

coef Std err t P > ∣t ∣ [0.025 0.975]

const 104.4234 0.131 448.053 0 100.957 101.898

PM2.5 -0.1356 0.232 -49.834 0.008 -0.189 -0.178

PM10 -0.1682 0.076 -35.55 0.007 -0.083 -0.063

NO2 0.0632 0.025 13.215 0.220 0.017 0.015

SO2 -0.0757 0.112 -12.096 0.189 -0.051 -0.029

O3 -0.0459 0.017 -7.594 0.429 -0.053 -0.025

CO -0.0163 0.111 -3.453 0.132 -0.012 -0.003

Table 3: Air pollution index OLS model results (2).

Dep. variable Satisfaction R-squared 0.778

Model OLS Adj. R-squared 0.785

Method Least squares F-statistic 6032

coef Std err t P > ∣t ∣ [0.025 0.975]

const 101.4359 0.254 443.065 0 100.897 101.832

PM2.5 -0.197 0.005 -69.887 0.003 -0.189 -0.178

PM10 -0.0683 0.005 -15.41 0 -0.083 -0.062

Table 4: Meteorological indicators OLS model results (1).

Dep. variable Satisfaction R-squared 0.523

Model OLS Adj. R-squared 0.578

Method Least squares F-statistic 4428

coef Std err t P > ∣t ∣ [0.025 0.975]

const 98.6598 0.191 399.105 0 87.512 93.875

TMP -0.162 0.008 -53.894 0.007 -0.278 -0.179

FEELST -0.0789 0.002 -12.72 0.386 -0.085 -0.069

WINDSP 0.0139 0.002 10.467 0.258 0.029 0.039

HUM -0.0457 0.005 -12.726 0.087 -0.059 -0.045

Table 5: Meteorological indicators OLS model results (2).

Dep. variable Satisfaction R-squared 0.697

Model OLS Adj. R-squared 0.723

Method Least squares F-statistic 4489

coef Std err t P > ∣t ∣ [0.025 0.975]

const 98.6598 0.191 399.105 0 87.512 93.875

TMP -0.162 0.008 -53.894 0.003 -0.278 -0.179

HUM -0.0457 0.005 -12.726 0.002 -0.059 -0.045
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Figure 1: Distribution map of public environmental satisfaction.
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Figure 2: Normality test of public environmental satisfaction.
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reverse elimination, and it is determined that the two mete-
orological indicators TMP and HUM have strong effects on
public environmental satisfaction. For the explanatory
power, the remaining indicators are eliminated. Table 5

shows the results of the OLS model that only contains
TMP and HUM indicators. Compared with Table 4, the fit-
ting accuracy of Table 5 is significantly improved. Finally,
the strong influencing factors in the meteorological
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Figure 4: Correlation coefficient between PM10 and satisfaction.
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indicators are determined, which are TMP and HUM,
respectively. (2) Correlation analysis of factors influencing
public environmental sentiment. Based on the analysis
results of the OLS model, a Pearson correlation analysis will
be carried out between air pollutant indicators, meteorolog-
ical indicators, and public environmental satisfaction.
According to its constraints, the premise of the correlation
analysis is that the distribution of public environmental sat-
isfaction conforms to a normal distribution. The distribution
of public environmental satisfaction is shown in Figure 1.
The abscissa in the figure is the score of public environmen-
tal satisfaction, and the ordinate is the choice. The number
of people with a certain value of public environmental satis-
faction value. In view of the data distribution in Figure 1, the
normality test is carried out on the public environmental
satisfaction data, and the test results are shown in Figure 2.
Combining Figures 1 and 2, the distribution of public envi-
ronmental satisfaction conforms to a normal distribution.
Next, Pearson correlation analysis can be performed on pub-
lic environmental satisfaction.

The analysis results of PM2.5 and PM10 are shown in
Figures 3 and 4. In Figure 3, the correlation coefficient
between PM2.5 and public environmental satisfaction has
reached -0.82, which has a strong negative correlation.
PM2.5 has the most direct harm to the human body and
can cause damage to the respiratory system. The nose and
throat cannot prevent PM2.5 fine particles. They can enter
the body’s bronchi, blood cells, and capillaries and finally
spread to the entire blood circulatory system. Not only that,
PM2.5 can also be used as a carrier to carry many harmful
substances, such as bacteria, carcinogens, polycyclic aromatic
hydrocarbons, and heavy metal particles. A large number of
PM2.5 particles entering the lungs can block the local tissues
of the lungs and affect the ventilation of local bronchial tubes.
While PM2.5 has a huge impact on the public’s body, it also
has a corresponding impact on the public’s “environmental
satisfaction.” When the body is uncomfortable due to
PM2.5, the satisfaction will inevitably decrease. Therefore,
there is a negative correlation between them.

As shown in Figure 4, the correlation coefficient between
PM10 and public environmental satisfaction reaches -0.61,
and the correlation coefficient is also relatively high. Differ-
ent from PM2.5, PM10 is based on floating dust, which is
a substance that can float in the atmosphere for a long time.
Because pollutants float in the atmosphere for a long time, it
is easy to form long-distance transmission, which leads to
further expansion of the pollution range and becomes the
atmosphere, a place where various substances in the envi-
ronment undergo chemical reactions. Due to the relatively
large particle size of PM10, PM10 particles are easily depos-
ited, and the concentration near the ground is the highest,
and the concentration will decrease correspondingly with
the increase of altitude. Although PM10 can be directly
inhaled into the respiratory tract, some of it can be blocked
by the villi in the nasal cavity and some can be excreted
through excretion. Compared with PM2.5, PM10 is rela-
tively less harmful to human health, which indirectly proves
that PM10 has less negative impact on public environmental
satisfaction than PM2.5.

The analysis results of TMP and HUM are shown in
Figures 5 and 6. The correlation coefficients between TMP
(temperature), humidity (HUM), and public environmental
satisfaction are 0.3 and 0.19, respectively, with a weak posi-
tive correlation, but this correlation relationships are not to
be underestimated. From the perspective of TMP, generally
lower temperature is conducive to the formation of better
environmental emotions and improves the public’s satisfac-
tion with the current environment. However, at higher tem-
peratures or when the temperature rises, the public’s
environmental emotional state is prone to fluctuations or
exception. In summer, the public is often prone to irritabil-
ity. When the situation is serious, it can be called “emotional
heatstroke.” It is a manifestation of emotional disturbance to
summer weather. Most of them are caused by high TMP and
HUM in regions due to long sunshine hours. At this time,
their effect on the hypothalamus is significantly enhanced,
affecting emotional regulation, so that emotions are easily
out of control.

4. Conclusion

(1) This paper takes atmospheric environmental factors
as the main object of research on the influencing fac-
tors of public environmental emotions and conducts
experimental analysis on public environmental satis-
faction from the perspectives of air pollution indica-
tors and meteorological indicators. It is concluded
that the public environmental satisfaction has a neg-
ative linear relationship with air pollution indicators
and a positive linear relationship with meteorologi-
cal indicators

(2) Among the air pollution indicators, PM2.5 and
PM10 play a key role in the negative impact of the
public’s environmental satisfaction. Among the
meteorological indicators, TMP and HUM play a
key role in the positive impact of the public’s envi-
ronmental satisfaction. The public’s environmental
satisfaction obeys a normal distribution, indicating
that most of the public’s evaluation of the environ-
ment is moderate. The public environmental satis-
faction has a strong negative correlation coefficient
with PM2.5 and PM10, and the correlation coeffi-
cients are -0.82 and -0.67, respectively. Public envi-
ronmental satisfaction has a weak positive
correlation with both TMP and HUM, with correla-
tion coefficients of 0.3 and 0.19, respectively
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