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Abstract

Government credibility is an important asset of contemporary national gov-
ernance, an important criterion for evaluating government legitimacy, and a
key factor in measuring the effectiveness of government governance. In re-
cent years, researchers’ research on government credibility has mostly focused
on exploring theories and mechanisms, with little empirical research on this
topic. This article intends to apply variable selection models in the field of so-
cial statistics to the issue of government credibility, in order to achieve em-
pirical research on government credibility and explore its core influencing
factors from a statistical perspective. Specifically, this article intends to use four
regression-analysis-based methods and three random-forest-based methods to
study the influencing factors of government credibility in various provinces
in China, and compare the performance of these seven variable selection meth-
ods in different dimensions. The research results show that there are certain dif-
ferences in simplicity, accuracy, and variable importance ranking among dif-
ferent variable selection methods, which present different importance in the
study of government credibility issues. This study provides a methodological
reference for variable selection models in the field of social science research,
and also offers a multidimensional comparative perspective for analyzing the
influencing factors of government credibility.

Keywords

Government Credibility, Variable Selection Models, Social Statistics,
Regression Based Approach, Method Based on Random Forest

1. Introduction

Government credibility is an important asset in contemporary national govern-
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ance, an important criterion for evaluating government legitimacy, and a key
factor in measuring the effectiveness of government governance [1]-[3]. The re-
search on government credibility abroad is deeply influenced by the social con-
tract theory, which states that the community under the social contract should
represent the will of the entire community, rather than certain individuals [4].
The level of trust (credibility) of the general public in some leaders of the com-
munity determines the stability of the community. Bernard Barber explored the
importance of government credibility by studying credit responsibility and tech-
nological capability. He believes that only when the political system is thoroughly
trusted can the government effectively use its power and better achieve its goals.

In recent years, government credibility has been a hot topic in academic re-
search. Gong Huilian ef a/ [2] demonstrated through the analysis of CGSS2015
survey data that the sense of access to public services and perception of social
equity had a positive impact on government credibility. Wu Xiaofeng [5] sum-
marized the research on government credibility and proposed that the definition
of government credibility can be divided into two perspectives: one perspective
held that credibility is the evaluation and recognition of government behavior by
the public, reflecting the level of public trust in the government. For example,
Mao Shoulong et al. [6] believed that government credibility is manifested as the
public’s confidence in the government. Another perspective viewed the govern-
ment as the subject and the public as the object, and regarded government cred-
ibility as the ability and degree to gain public trust, believing that it is an authorita-
tive resource possessed by the government. It can be seen that in-depth explora-
tion of the influencing factors of government credibility has important theoretical
value for systematically analyzing the process of government governance.

Up to now, there is relatively little literature exploring government credibility
from the perspective of residents, and often lacks in-depth and comprehensive
analysis. Most of them focus on theoretical and mechanism exploration, and em-
pirical research is usually relatively simple, such as using only relevant analysis [7].

This article intends to use seven different variable selection methods in regres-
sion analysis and machine learning (including four regression based methods:
stepwise backward selection using p-values and AIC, Lasso variable selection,
elastic network variable selection, and three random forest based methods: vari-
able selection using random forest, regularized random forest, Boruta, and gra-
dient boosting feature selection) to conduct a comparative study on the empiri-
cal problem of government credibility, in order to achieve the best variable se-
lection effect. This study aims to apply the comparative analysis of variable se-
lection models in the field of social statistics to government credibility, achieve
empirical research on government credibility and explore its core influencing

factors from a statistical perspective.

2. Related Theoretical Foundations

In this section, a brief introduction is given to the 7 variable selection methods
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and related knowledge that will be used in the following text. It mainly includes

four regression-based methods and three random forest-based methods.

2.1. Regression Based Approach

1) Stepwise backward selection method using p-value

The stepwise backward selection method using p-values is a classic and widely
used variable selection method. This method first incorporates all variables into
the regression model, and then simplifies the model by gradually eliminating in-
significant variables. Specifically, variables are tested one by one, and if their
p-value is higher than the preset significance level, the variable will be removed.
The significance level set in the model used in this article is p < 0.05 to screen for
the most meaningful variables.

2) Using AIC’s stepwise backward selection method

Similar to the stepwise backward selection method using p-values, the step-
wise backward selection method using AIC (Akaike Information Criterion) [8]
is also a method of gradually eliminating insignificant variables. The difference
is that its stopping rule is based on the value of AIC, not the p-value. AIC con-
siders the complexity of the model, and as the number of selected variables in-
creases, AIC will penalize the model. Therefore, this method tends to choose
simpler but more explanatory models.

3) Lasso variable selection method

Lasso variable selection method is a regularization method based on linear re-
gression, which selects variables by applying L1 penalty to regression coefficients.
L1 punishment will reduce some regression coefficients to zero, thereby exclud-
ing the corresponding variables from the model. This process not only simplifies
the model, but also improves its predictive performance. This article will use cross
validation to evaluate the performance of the model.

4) Variable selection method for elastic network

Elastic networks combine L1 and L2 penalties and are an extension of Lasso
variable selection method [9] [10]. The introduction of L2 penalty makes the
elastic network have a grouping effect, that is, variables with high correlation are
either retained or excluded from the model at the same time. Compared to Las-
so, elastic networks perform better in handling high-dimensional data. This arti-
cle will select the model with the minimum MSE to determine the selected varia-
bles.

2.2. Method Based on Random Forest

Random forest [11] is a composite model composed of hundreds to thousands of
decision trees, whose prediction results are based on the average output of all
trees. Each decision tree is built by recursively segmenting a random subset of
data, and the selection and segmentation points of these subsets are based on the
goal of maximizing the difference or information gain between data subsets.

1) Variable screening using random forest (VSURF)

DOI: 10.4236/jdaip.2024.123025

481 Journal of Data Analysis and Information Processing


https://doi.org/10.4236/jdaip.2024.123025

J.J.Wuetal

The VSUREF [12] method utilizes the variable selection mechanism built into
random forests to select the simplest model that is lower than the minimum er-
ror plus its standard deviation. This method generates two subsets of variables,
one for interpretation, containing all variables highly correlated with the results,
and the other more concise, containing only the core variables required for pre-
diction. In practical applications, the variables in the explanatory subset selected
by the VSURF method are considered the most important variables.

2) Regularized Random Forest (RRF)

RRF is a technique based on random forests, characterized by imposing pen-
alties on new variables when constructing each tree if their split information gain
is not as good as the previous split. This method aims to select the minimum sub-
set of variables for prediction. This article will use ten-fold cross validation to
determine the optimal parameter configuration, thereby achieving regularization
of the model [13]. The selected variables will then be used for performance eval-
uation on the validation set.

3) Boruta method

The main goal of the Boruta method [14] is to identify the variables that are
most important for predicting results. Firstly, randomly shuffle all variables in
the dataset to generate shadow variables, which correspond one-to-one with
the original variables. Secondly, train a random forest model using data that
includes both raw and shadow variables. Then, calculate the importance score
of each variable and compare the score of each original variable with the high-
est score of all shadow variables. If the importance score of a primitive variable
is significantly higher than the highest score of the shadow variable, it is con-
sidered important and the variable is selected. If it is significantly lower than
the highest score of the shadow variable, it is considered unimportant and re-
jected. Remove rejected variables, regenerate shadow variables, and repeat the
above process until all variables are clearly classified as important or unim-

portant.

3. Data Processing

3.1. Data Source and Introduction

The Chinese Family Panel Studies (CFPS) is a nationwide, comprehensive, long-
term longitudinal survey project initiated and managed by the Chinese Social
Science Survey Center (ISSS) at Peking University. The survey is conducted eve-
ry two years, targeting individuals, families, and communities, and gradually cov-
ering most parts of the country, providing high-quality data on Chinese society,
economy, population, education, and health. This article uses the most recent
publicly available 2020 data from CFPS and selects its personal database for re-
search.

Calculate the mean of qn6011, qn1101, and qnl10025 to obtain the dependent
variable of government credibility (Gov); The remaining 20 explanatory varia-

bles are to be selected, as shown in Table 1.
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Table 1. Variable table.

Variable Variable Symbol Measuring Method
Type
Explained Gov The average sum of “government integrity”, “evaluation of local county and city
Variable governments”, and “trust in local officials”
JS Quantify and assign values based on five dimensions: “very dissatisfied”, “not very
(Job Satistaction) satisfied”, “average”, “quite satisfied”, and “very satisfied”
SH Quantify and assign values based on five dimensions: “very healthy”, “relatively
(State of Health) healthy”, “average”, and “unhealthy”
EC Scored by respondents from 0 to 10, where higher scores indicate more serious
(Environmental Conservation)  environmental issues
i Scored by respondents from 0 to 10, where higher scores indicate greater income
(Income Inequality) inequality
Emp Scored by respondents from 0 to 10, where higher scores indicate more serious
(Employment) employment issues
Edu Scored by respondents from 0 to 10, where higher scores indicate greater
(Education) education issues
Hea Scored by respondents from 0 to 10, where higher scores indicate more serious
(Healthcare) healthcare issues
Hou Scored by respondents from 0 to 10, where higher scores indicate more serious
(Housing) housing issues
SS Scored by respondents from 0 to 10, where higher scores indicate more serious
(Social Security) social security issues
LS Scored by respondents from 1 to 5, where 1 indicates very dissatisfied and 5

Explanatory (Life Satisfaction)
Variable LIL
(Local Income Level)
LSS
(Local Social Status)
TA
(Trust in American)

Age

YE

(Years of Education)
Gen

(Gender)

CMS

(Current Marital Status)
WWH

(Weekly Working Hours)
DIU

(Daily Internet Usage)
AWI

(Annual Work Income)

indicates very satisfied

Scored by respondents from 1 to 5, where 1 indicates very low and 5 indicates very
high local income level

Scored by respondents from 1 to 5, where 1 indicates very low and 5 indicates very
high local social status

Scored by respondents from 0 to 10, where higher scores indicate more trust in
Americans

Age of the respondent

Determined by the length of education received by the respondent
Gender of the respondent

Current marital status of the respondent

Weekly working hours of the respondent, measured in hours

Daily internet usage of the respondent, measured in minutes per day

Annual work income of the respondent, measured in yuan per year

3.2. Data Cleaning

Due to the fact that the selected data is questionnaire data, there are many diffi-

culties in data processing such as jumping. This article processes the initial data

as follows:
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1) Select data from the population aged over 18 and entering the workforce;

2) Delete data that contains missing values, is not applicable, or is missing;

3) Process the values of “don’t know” and “refuse answer”, replace “don’t know”
with the mean, and replace “refuse answer” with 0.

After the above processing, a total of 2957 data points were obtained, and
their descriptive statistical results are shown in Table 2. Among them, the de-
pendent variable is government credibility (Gov), with an average value of 5.274
and a standard deviation of 1.515. This indicates that the public’s trust in the
government is at a moderate level, and the evaluation of trust is somewhat scat-
tered in the sample. Some members of the public have a high level of trust in the

government, while others may have a lower level of trust in the government.

Table 2. Descriptive statistics.

standard minimum  maximum

Variable sample size average value deviation value value
Gov 2957 5.274 1.515 0.667 10
A 2957 6.46 1.953 0 10
SH 2957 5.322 2.28 0 10
EC 2957 7.026 2.231 0 10
17 2957 7.234 2.007 0 10
Emp 2957 6.523 2.014 0 10
Edu 2957 6.655 2.308 0 10
Hea 2957 6.664 2.305 0 10
Hou 2957 6.778 2.311 0 10
S8 2957 6.105 2.301 0 10
LS 2957 3.846 0.825 1 5
LIL 2957 2.859 0.794 1 5
LSS 2957 2.815 0.839 0 5
TA 2957 2.741 2.427 0 10
Age 2957 33.656 9.037 19 74
YE 2957 14.287 2.645 0 22
Gen 2957 0.576 0.494 0 1
CMS 2957 0.701 0.458 0 1
WWH 2957 47.504 14.326 0.1 150
DIU 2957 437.957 318.339 2 2880
AWI 2957 68026.235  60246.921 0 1000000

Among the explanatory variables to be selected, the mean of job satisfaction
(JS) is 6.46, with a standard deviation of 1.953. A higher mean indicates that the
majority of respondents are satisfied with their work. A larger standard devia-

tion indicates significant differences in job satisfaction among the samples. The
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mean of health status (SH) is 5.322, with a standard deviation of 2.28, indicating
that the respondents’ evaluation of their own health status is above average, but
there are significant differences in health status among different individuals.

The mean values of environmental protection (EC) and wealth gap (II) are
7.026 and 7.234, respectively, with standard deviations of 2.231 and 2.007, re-
spectively. A higher mean indicates that respondents generally believe that envi-
ronmental issues and wealth inequality are more serious, and there are signifi-
cant differences in their views on these issues. The mean values of employment
(Emp), education (Edu), healthcare (Hea), housing (Hou), and social security
(SS) are 6.523, 6.655, 6.664, 6.778, and 6.105, respectively, indicating that these
socio-economic issues are considered relatively serious and have significant dif-
ferences in severity among individuals.

The mean of self-life satisfaction (LS) is 3.846, with a standard deviation of 0.825,
indicating that the majority of respondents are at a moderate to relatively satisfied
level with their lives. The mean values of local income level (LIL) and local social
status (LSS) are 2.859 and 2.815, respectively, indicating that the respondents have a
low evaluation of local income level and social status, and the differences are signif-
icant. The mean value of trust in Americans (TA) is 2.741, and the standard devia-
tion is 2.427, which shows that the respondents’ trust in Americans is low, and
there are large differences in trust among different individuals.

The mean age is 33.656 years, with a standard deviation of 9.037, indicating
that the majority of respondents in the sample are in the young to middle-aged
stage, but the age distribution is relatively wide. The mean length of education
(YE) is 14.287 years, with a standard deviation of 2.645 years, reflecting that the
majority of respondents have a longer education period and some differences in
educational levels. The average weekly working hours (WWH) is 47.504 hours,
with a standard deviation of 14.326, indicating that respondents generally have
longer working hours and significant differences in working hours. The mean
duration of internet use (DIU) is 437.957 minutes, with a standard deviation of
318.339, indicating that the surveyed individuals spend a considerable amount of
time online each day, and there are significant differences between individuals.
The average annual income (AWI) of the surveyed individuals is 68026.235 yu-
an, with a standard deviation of 60246.921, indicating that their overall annual

income is relatively high but the differences are significant.

3.3. Data Preprocessing

Firstly, by using the scale function in R, the data is standardized to eliminate the
influence caused by dimensional differences between different variables. Sec-
ondly, the dataset is randomly divided into a training set and a testing set in a
7:3 ratio. Using the create Data Artifact function of the Caret package (Hynd-
man ef al, 2018), 70% of the data is used for training and 30% for testing. This
partitioning method ensures that the model can fully learn the features of the
data during training, while also verifying the model’s predictive ability during

testing. After this processing, the random forest can be trained and tested, and
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the mean square error (MSE) can be calculated to evaluate the predictive per-

formance of the model.

4. Empirical Analysis of Government Credibility Issues
Based on Different Variable Selection Methods

4.1. Analysis of Government Credibility Issues Based on
Regression Method

4.1.1. Solution by the Backward Selection Method Based on P-Value and
AIC

By establishing a multiple linear regression model, two judgment criteria were
used, p-value and AIC, with p < 0.05 as the boundary or AIC no longer increas-
ing as the boundary, gradually removing variables that did not meet the require-
ments. Finally, 10 variables that met the requirements were selected from 20 varia-
bles using p-value backward selection, and 13 variables that met the require-
ments were selected from 20 variables using AIC backward selection. The coeffi-

cient results are shown in Table 3.

Table 3. Coefficients of regression based variable selection method.

p-Value Backward AIC Backward

Variable LASOO Elastic Net

Selection Result Selection Result

JS 0.150 0.150 0.102 0.106
SH 0.062 0.055 0.001 0.006
EC —-0.080 -0.075 -0.038 —-0.042

II -0.127 -0.124 -0.105 -0.106
Edu -0.163 -.0136 -0.111 -0.113
SS -0.202 -0.185 -0.143 —-0.146
LS 0.076 0.082 0.031 0.034
LSS 0.084 0.087 0.046 0.049
TA 0.112 0.109 0.047 0.053
YE 0.074 0.077 0.008 0.014
Hea 0 -0.051 -0.043 —-0.045
DIU 0 -0.037 0 0
CMS 0 -0.080 0 0

4.1.2. Solution by Lasso
By solving the minimum value of the objective function to obtain the coefficients

of the LASOO regression model, the objective function is as follows:

m d 2 d
B =argmin Z(Govi—ﬂo—ZXijﬂj] +4Y|)] (1)
i=1 j=1 j=1
M is the sample size of the data, d is the number of variables to be selected,
which is 20 in this article, and Gov; is the /-th value of the target quantity Gov; x;

is the j-th variable corresponding to the ith influencing factor; f; is the re-
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gression coefficient for each variable.

After establishing the model, the dynamic process of selecting variables is ob-
tained, as shown in Figure 1. It can be seen that as the hyperparameters A in-
crease, each parameter is also compressed smaller. When the variable parameter
is compressed to 0, it means that the variable is not important and is removed

from the model.

— AWI
— CMS
— DIU

— Edu
— Emp
— Gen
— Hea
Hou

Coefficient
o
=

||

— JS
— LIL

— LSS
— SH
— SS
— TA
6 -4 2 — WWH
Log(A) — YE

Figure 1. Regression coefficient path diagram.

To establish the LASOO model, it is also necessary to determine the values of
hyperparameters A. This article conducts a ten-fold cross validation, chooses the
largest A with MSE within one standard deviation (which is also the turning
point from low to high mean square error growth rate in cross validation). The

cross-validation graph is shown in Figure 2. The final selected A value is 0.0811.

20 20 20 20 20 20 20 19 17 16 16 16 16 14 12 12 11 11 98 6 54 3 2

1.0

0.9 b

Mean-Squared Error
L 2

0.8 .

L4
.
)
o
00000000000000000000000000000060000000000000?

0.7

Figure 2. Cross validation diagram.

Through the LASSO model, 11 variables were ultimately selected from the 20

candidate variables. The specific results are shown in Table 3.
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4.1.3. Solution by Elastic Network

Due to the characteristic of compressing variable coefficients to 0, LASSO re-
gression performs poorly when dealing with variables with high dispersion. For
this, ridge return can be used as a supplement. Elastic network combines the ad-
vantages of LASOO regression and ridge regression, the elastic network regres-

sion objective function established in this article is as follows:

2
8 =argmin Zmll[Govi —ixuﬁj} +ﬂi(a|ﬂj|+ (1-a)B;) (2)
i= j= =
This objective function is a convex linear combination of ridge regression and
LASSO regression objective functions. When a = 0, the elastic network becomes
ridge regression, and when a = 1, it is LASOO regression. The a value determines
the degree to which the elastic network prefers LASOO regression or ridge re-
gression. In order to obtain the optimal parameter value, this paper traverses the
weight coefficient a with each change of 0.005 between (0, 1). In this process, the
maximum MSE within one standard deviation in the ten-fold cross-validation is
taken as the penalty coefficient A, and finally, a that can minimize MSE of the
overall model is selected as the model parameter, as shown in Figure 3. Finally,
a = 0.4 is selected, the elastic network is biased towards ridge regression, and A =
0.185 at this time.

Effect of Alpha on MSE
1.688

1.686

MSE

1.684

1.682

0.00 0.25 0.50 0.75 1.00
Alpha

Figure 3. Traverse graph.

The four variable selection methods all selected job satisfaction (JS), health
status (SH), environmental protection (EC), gap between rich and poor (II), ed-
ucation (Edu), social security (SS), satisfaction with their own lives (LS), local
social status (LSS), trust to Americans (TA) and years of education (YE). Lasso
and Elastic Network regularization methods also selected medical (Hea) varia-
bles, while AIC based variable selection methods selected more variables, in-
cluding daily internet usage duration (DIU) and current marital status (CMS),

demonstrating the importance of these variables in the model.
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4.2. Analysis of Government Credibility Issues Based on Random
Forests

For general regression-based methods, after normalization, the absolute value of
the coefficient corresponding to the independent variable can represent its de-
gree of influence on the dependent variable, so the absolute value of the coefti-
cient is the degree of importance. For random forests, there is no concept of co-
efficients, but the importance of variables can be determined based on the fol-
lowing two indicators:

e %IncMSE (Percentage Increase in Mean Squared Error): This indicator
measures the percentage increase in model error when variables are removed.
The higher the value, the greater the impact of the variable on the predictive
performance of the model, therefore the more important the variable is.

e IncNodePurity (Increase in Node Purity): This indicator measures the degree
to which a variable improves node purity when used to segment nodes. The
higher the value, the greater the impact of the variable on the decision-making
process of the model, therefore the more important the variable is.

The larger the two indicators, the better, but the ranking of the same variable
on these two indicators may be different. We choose to consider both rankings
comprehensively and take the average of the variables in both rankings as the
overall ranking. In terms of specific implementation, this article selects a ran-

dom forest of 500 trees as a reference.

4.2.1. VSURF Method

The VSURF method selects variables by measuring their importance in a ran-
dom forest model, and evaluates the predictive performance of the model by
comparing the predicted results with the actual observed values and calculating
the mean square error. The optimal mtry selected by the VSURF method is 4.
Finally, 14 variables were selected from 20 variables, and the specific results are
shown in Table 4.

It can be seen that in the random forest based on the VSURF method, social
security, wealth gap, education issues, and healthcare issues are the four varia-
bles that have the greatest impact on government credibility. These four issues
represent the four major areas of income, education, healthcare, and elderly care,
which are also the most essential four areas in a person’s life. Compared to oth-

ers, local income level, social status, age, and health status are not as important.

4.2.2. RRF Method

Use the trainControl function to set the cross-validation method (method =
“cv”) and specify the number of folds for cross validation (number = 2). Call the
train function to train the RRF model, and use cross validation during the train-
ing process to evaluate the performance of each set of parameters, in order to
select the best combination of parameters. Use the trained RRF model to predict
the test dataset (testData_rrf), calculate the mean square error between the pre-
dicted results and the actual observed values, and evaluate the predictive per-

formance of the model. In order to accelerate the training process, this article
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also attempted to use parallel computing methods through the doParallel pack-
age, which effectively reduced the running time and achieved good results. The
RRF method effectively improves the model’s generalization ability and predic-
tion accuracy by utilizing the ensemble learning ability of random forests and
combining it with regularization techniques. By cross validation and parameter
tuning, the optimal model parameters were selected to further optimize the per-
formance of the model. The optimal regularization coefficient coefReg selected
for the RRF method is 0.9, the optimal importance coefficient coeflmp is 0.5,

and the optimal mtry is 3. Finally, 13 variables were selected from 20 variables,

and the specific results are shown in Table 5.

Table 4. Analysis results of VSURF method.

Variable %IncMSE IncNodePurity
SS 0.13155353 203.05088
Edu 0.09905857 171.90519
II 0.09404796 179.92668
Hea 0.06888147 150.73287
]S 0.05215137 168.08401
Hou 0.04293124 129.23171
EC 0.03629889 132.59746
Emp 0.03799304 105.17284
LS 0.02477383 85.79587
TA 0.02728953 121.08674
LSS 0.01949882 87.94910
Age 0.01516251 181.22060
SH 0.01191190 123.44444
LIL 0.01246424 85.42013
Table 5. Description of RRF method results.
Variable %IncMSE IncNodePurity

JS 0.04881507 174.32713

SH 0.01130591 136.33819

EC 0.03308799 142.70942

II 0.08589480 180.53781

Emp 0.04184010 120.57413

Edu 0.10011374 176.47246

Hea 0.07973504 163.10666

Hou 0.04657975 145.74367

ss 0.12456012 210.70754

Ls 0.01749683 91.48309

LIL 0.01250760 92.06090

LSS 0.01298612 95.96894

TA 0.02896957 132.67629
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4.2.3. Boruta Method

Firstly, the Boruta algorithm is used to select features from all variables in the
training set to predict the target variable GOV and extract the selected features
from the Boruta algorithm. Then generate new training and testing datasets that
only contain the selected features and target variable GOV. Train the model on a
newly created training dataset using the random forest algorithm, and use the
trained random forest boruta_model to predict and generate predicted values on
the test dataset. Calculate the mean square error (MSE) between the predicted
and actual values based on the predicted set to evaluate the performance of the
model. The optimal mtry selected by the Boruta method is 6. Finally, 19 varia-
bles were selected from 20 variables, and the specific results are shown in Table
6.

Table 6. Description of boruta method results.

Variable %IncMSE IncNodePurity
JS 0.0461320005 134.17053
SH 0.0088382713 88.82949
EC 0.0256668314 102.47680
II 0.0798574620 157.60446

Emp 0.0248835927 75.81821
Edu 0.0800532394 151.16008
Hea 0.0599475620 120.51307
Hou 0.0385381305 106.39238
SS 0.1118911063 176.00574
LS 0.0210023587 66.09119
LIL 0.0089915932 59.73633
LSS 0.0143407587 65.91882
TA 0.0169561173 89.60364
Age 0.0083642639 120.46459
YE 0.0089283678 64.97606
WWH 0.0010888679 127.09424
DIU 0.0044517464 124.09338
AWI 0.0008317609 137.37886
CMS 0.0065816756 15.55762

It can be seen that in the random forest based on Boruta, social security, wealth
gap, job satisfaction, education issues, and healthcare issues are the five variables
that have the greatest impact on government credibility. And Gender was not
selected, indicating that there is no significant difference in the views of men and
women on government credibility; Alternatively, it can be considered that the
differences reflected by the Gender variable are reflected in the first 19 variables.

That is, the variable has multicollinearity with other variables.
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4.3. Analysis of Practical Significance

4.3.1. Regression Method Variable Analysis

The variable selection and importance ranking between regression methods are
slightly different, but the difference is not significant. Only one model with the
best performance can be analyzed as a representative of the regression method
model. In the previous section, we compared the simplicity and accuracy of the
model. The MSE of the model with p-value backward selection is 0.657, and the
number of variable selections is 10, which combines simplicity and accuracy,
making it the best model for comprehensive selection in regression methods.
Hence, we will take this model result as the main body to analyze the model re-
sults and their significance.

The importance of the variables selected backward by the p-value is in the or-
der of SS (social security), Edu (education), JS (job satisfaction), II (gap between
rich and poor), TA (trust in Americans), LSS (local social status), EC (environ-
mental protection), LS (satisfaction with their own lives), YE (education), SH
(health status) according to the absolute value of the coefficient.

Overall, SS, Edu, and JS are the most important. These issues are the most
concerning for the people and the most important for the government to im-
plement. Making improvements to these issues can greatly enhance the credibil-
ity of the government, and in situations where time and resources are limited,
priority should be given to addressing these issues. Due to the limited selection
of variables in the backward selection model for P-values, these 10 variables are
all important for government credibility and should be given due attention when
studying government credibility. Therefore, the following six indicators should

also be the direction of government efforts.

4.3.2. Variable Analysis of Random Forest Model

The order of variable selection and variable importance ranking between ran-
dom forests is also similar, but there are some differences from the results of the
regression model. Therefore, the best random forest model is selected to repre-
sent the random forest method for analysis. Based on the simplicity and accura-
cy analysis in the previous text, the results of the RRF model are selected as the
main analysis model for the results of the random forest model.

The number of variables selected by RRF is 13, and the order of importance is:
SS (social security), Edu (education), Hea (medical care), II (wealth gap), JS (job
satisfaction), Hou (housing), Emp (employment), EC (environmental protec-
tion), LS (satisfaction with their own lives), TA (confidence in Americans), SH
(health status), LIL (local income level), LSS (local social status). The most im-
portant of these are the first four: SS, Edu, Hea, and II. These four questions
represent the four major areas of income, education, healthcare, and elderly care,
which are also the core four areas of a person’s life. It is interesting that the local
income level LIL, education level YE, and health status SH corresponding to in-
come, education, and healthcare are ranked in the fourth level of importance.

That is to say, these four major areas are more important for people’s under-
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standing of these fields, rather than their own status at these levels. For example,
a person may have a low level of education, but they may not consider it a social
issue. The focus is on human perception. So in order to enhance the credibility
of the government, it should focus on implementing the above five areas. Of
course, this does not mean raising everyone’s indicators to the highest level, but
rather achieving fair and reasonable solutions to these issues. Taking education
as an example, it is not about ensuring that everyone is admitted to university,
but about achieving fairness, justice, and rationality, so that everyone believes
that the system is correct.

In summary, variables such as SS, Edu, JS, and II are all located in relatively
important positions in the two major categories of models. Especially SS and
Edu, they almost rank in the top two among the seven models. Most of all, social
security is the biggest influenced factor. It shows that social security and educa-
tion are the issues that our people are most concerned about, and also the issues
that people think the government should shoulder the responsibility most. The
government needs to focus on implementing social security to enhance the trust

of local residents in the government and ensure the well-being of the people.

5. Summary

As an important field in the field of social sciences, it is a meaningful research
topic to determine the statistical significance of the influencing factors of gov-
ernment credibility. This article conducts empirical analysis and research on
various factors that affect government credibility through social statistics. The
models for variable analysis include seven types: stepwise backward selection
method (based on p-value, AIC), LASSO, elastic network, random forest, regu-
larized random forest, and Boruta. The research results of this article indicate
that there are certain differences in simplicity, accuracy, and variable importance
ranking among different variable selection methods, which screen different in-
fluencing variables for different dimensions of government credibility. Through
the research in this article, it is expected to provide some reference for the rele-

vant theories on government credibility issues.
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