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Abstract

With the development of digital technology, although local governments have been using
digital means to improve the quality of public services, traditional statistical methods have
limitations in processing complex, high-dimensional data and revealing factors influencing
policies. This paper used the XGBoost algorithm to construct a satisfaction prediction model,
leveraging its advantages in handling nonlinear relationships and feature interactions to
assist government decision-making through prediction and feature analysis. This study is
based on questionnaire surveys and public data, and the optimal configuration of the model
was determined through preprocessing and parameter tuning. Experiments showed that
the proposed model outperforms other models in terms of prediction accuracy, robustness,
efficiency, and cross-scenario applicability. Through empirical analysis, this study shows
that the XGBoost model has significant advantages in predicting local government digital
public service policy satisfaction. Its mean square error (MSE) is only 0.056, which is 37.1%
lower than the traditional linear regression model. This means that XGBoost can more
accurately capture the complex nonlinear relationships that influence public satisfaction.

Keywords: XGBoost algorithm; digital public service policy; satisfaction analysis; gradient
boosting decision tree; model optimization

1. Introduction

As digital technology develops rapidly, the digital transformation of local governments
providing public services has been an important means to enhance governance capabil-
ities [1,2]. Digital public services are increasingly significant in the modern governance
system by optimizing resource allocation, improving service efficiency, and enhancing pub-
lic experience [3-5]. However, scientific evaluation of policy implementation effectiveness
has always been a core issue in this field [6]. At present, most local governments obtain
public satisfaction data through questionnaire surveys and other means, but traditional
analysis methods mostly rely on simple statistics or linear models, which makes it difficult
to reveal complex data relationships and key influencing factors [7,8]. This deficiency may
not only lead to one-sided evaluation results but also limit the pertinence and effectiveness
of policy optimization. Therefore, it is urgent to apply more refined and data-driven analy-
sis methods to effectively explore the deep factors affecting policy satisfaction and provide
reliable support for policy optimization [9,10].
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In response to the above problems, this study aims to build a practical and efficient
satisfaction prediction model to provide data-driven decision support for policy optimiza-
tion. Although generative artificial intelligence methods have shown strong capabilities in
many fields, in the specific scenario of digital public service policy satisfaction prediction,
the XGBoost model still has irreplaceable advantages due to its excellent interpretability,
efficiency, and stability. This study not only empirically verifies the effectiveness of the XG-
Boost model in this scenario, but also deeply explores the core factors that affect satisfaction,
providing a key basis for policymakers to implement precise policies.

The main contributions of this paper are as follows: (1) Innovative application of
the XGBoost algorithm in the field of public management. The XGBoost algorithm was
introduced into the prediction of local government digital public service policy satisfaction,
effectively processing high-dimensional complex data, making up for the shortcomings of
traditional public management analysis methods in data processing, improving the scien-
tific rigor and accuracy of policy evaluation, and providing reliable data support for public
management decision-making. (2) Policy factor mining based on feature importance analy-
sis. The feature importance analysis function of the XGBoost algorithm was used to deeply
mine and sort the key policy factors that affect public service satisfaction, which helps to
clarify the core influencing factors in public management, provide a scientific basis for
policy optimization and resource allocation, and enhance the pertinence and effectiveness
of public management decisions. (3) Model robustness and applicability verification and
guidance for public management practice. By verifying the robustness and applicability of
the XGBoost model under different noise interference and data subsets, it is proven that this
model has high stability and adaptability in complex and changing public management
scenarios. This provides a theoretical guarantee for the widespread application of this
model in the field of public management and also provides a powerful decision-making
tool for local governments to formulate and adjust public service policies under different
circumstances. Compared with international research, this study is innovative in three
aspects. First, although XGBoost has been applied in fields such as finance and healthcare,
this is its first systematic application in the analysis of digital public service policy satisfac-
tion. European scholars such as Kuhlmann and Heuberger mainly use traditional statistical
methods to analyze digital transformation, while Scupola focuses on qualitative research
methods. Second, the feature engineering framework constructed in this study integrates
multi-dimensional indicators such as policy implementation strength, fiscal investment,
and service coverage. It is more comprehensive than existing research methods that only
focus on a single dimension. Third, this study not only focuses on prediction accuracy,
but also provides specific guidance for policy optimization through feature importance
analysis. This method of combining high-precision prediction with policy guidance has not
yet been systematically applied in international digital government research.

The core problem that this study aims to solve is how to effectively identify and
quantify the key factors that affect the satisfaction with local government digital public
service policies and to build a high-precision prediction model to guide policy optimization.
There are three obvious gaps in existing research: first, it is difficult to handle nonlinear
relationships in high-dimensional complex data with traditional statistical methods; second,
existing research lacks in-depth analysis of the interactions among policy elements; and
third, most studies only focus on the surface factors affecting satisfaction and fail to reveal
the deep-seated mechanism of action. To address these gaps, this study proposes the
following research objectives: (1) to construct a satisfaction prediction model based on the
XGBoost algorithm to improve prediction accuracy; (2) to identify key policy elements
through feature importance analysis; and (3) to verify the robustness and applicability
of the model in different scenarios. This paper first reviews related research and then
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introduces in detail the construction process of the satisfaction prediction model based on
XGBoost, including data sources, preprocessing methods, and key parameter settings; then,
the experimental design and result analysis are presented; and finally, the theoretical and
practical significance of the research findings are discussed.

2. Related Work

The study of satisfaction with digital public service policies has become an impor-
tant topic in public administration [11,12]. As digital technology develops, it has become
a global trend for local governments to improve public service quality through digital
means [13,14]. At present, the evaluation of satisfaction with digital public services mainly
relies on traditional methods such as questionnaires and interviews [15,16] and focuses
on the impact of factors such as service quality, information disclosure, and technological
innovation on satisfaction [17-19]. Traditional methods mainly rely on linear regression
and simple statistical analysis, but they are unable to cope with high-dimensional data and
nonlinear relationships [20,21] and cannot fully reveal the complex interactions between
influencing factors, resulting in insufficient precision of policy improvement recommen-
dations [22-24]. Currently, research analyzing digital public service policy satisfaction
primarily focuses on Europe, the United States, and some Asian countries. In the United
States, some studies have used meta-analysis to examine the relationship between citizen
satisfaction and public service quality. In Europe, Gasco-Hernandez et al. analyzed the
transformation of public services in smart cities through case studies. In Asia, some studies
have examined the evaluation methods for digital public services in China. These studies
primarily use traditional statistical methods such as linear regression and structural equa-
tion modeling. While these methods can reveal some influencing factors, they struggle to
capture complex nonlinear relationships and feature interactions. When the interaction
effect between service efficiency and policy transparency is considered, the explanatory
power of traditional linear models decreases significantly. In recent years, a few studies
have begun to apply machine learning methods, using sentiment analysis techniques to
assess user satisfaction with government mobile apps and supervised learning methods to
evaluate public service applications. However, these studies are mostly limited to specific
service areas, lack a systematic analysis of overall policy satisfaction, and fail to fully utilize
the advantages of advanced algorithms such as XGBoost in feature importance analysis.
Therefore, systematically applying the XGBoost algorithm to analyze satisfaction with local
government digital public service policies remains a relatively novel research direction.

To overcome these limitations, machine learning, especially decision trees and en-
semble learning methods, has gradually become a research hotspot in satisfaction analy-
sis [25,26]. Machine learning can process high-dimensional data, mine nonlinear relation-
ships, and reveal complex feature interactions, providing more precise policy optimization
recommendations. As an efficient ensemble learning method, the XGBoost algorithm has
been widely applied to various data analysis tasks due to its advantages in processing
complex data and high prediction precision [27]. Despite this, the application of XGBoost
in digital public service policy satisfaction analysis is still relatively rare, and existing
research is mostly concentrated in finance, medical care, education, etc. [28-30]. Notably,
recent research indicates that digital evaluation is reshaping the landscape of public policy
evaluation, and traditional evaluation methods appear insufficient in the complex and
dynamic digital public service environment. Effective digital evaluation requires the ability
to process multi-source heterogeneous data, capture nonlinear relationships, and provide
interpretable analytical results [31], which is highly consistent with the goals of this study.

XGBoost is based on the principle of gradient boosting decision tree (GBDT). It op-
timizes the model by iteratively training decision trees, which can effectively process
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high-dimensional data, adapt to nonlinear relationships, and avoid overfitting [32]. Com-
pared with traditional linear models, XGBoost performs better in processing complex data
and provides more transparent and actionable analysis results through built-in feature
importance analysis [33,34]. The XGBoost algorithm has been widely applied to many
fields and achieved remarkable results. In the analysis of public service policy satisfaction,
the application potential of XGBoost is also particularly prominent. First, XGBoost can
process multi-dimensional data from questionnaires, government data, and third-party
data effectively and reveal the key factors affecting public satisfaction through feature selec-
tion and importance analysis [35]. Second, XGBoost has obvious advantages in prediction
precision and processing nonlinear relationships, which can provide accurate satisfaction
prediction in a complex policy environment [36]. This makes XGBoost the core algorithm
for satisfaction analysis in this paper. Satisfaction with digital public services is not only
influenced by service quality and policy implementation but also closely linked to users’
socio-psychological factors. Recent research indicates that user trust, digital literacy, and
motivation to participate play a key role in shaping satisfaction [37]. Furthermore, mo-
tivations for participation (such as instrumental and social motivations) also moderate
satisfaction ratings. Users with instrumental motivations prioritize efficiency, while those
with social motivations prioritize interactive experiences. Incorporating these individ-
ual factors into analysis helps fully understand the mechanisms that shape satisfaction,
avoiding the limitations of analyzing solely through the lens of policy implementation.

3. Construction of Satisfaction Prediction Model Based on
XGBoost Algorithm

3.1. Data Source and Preprocessing
3.1.1. Data Source

This study was conducted in 30 regions across eastern, central, and western China
from March to August 2023. Stratified random sampling was used, with a 7:3 online to
offline questionnaire ratio, covering a diverse group in terms of age, education level, and
digital literacy. The questionnaire was reviewed and pre-tested by experts and the final
version includes 25 core questions covering policy transparency, service efficiency, user
experience, and problem-solving skills. The questions are written using a five-point Likert
scale and multiple-choice options. To ensure quality, the questionnaire incorporates logical
verification and attention checks, and eliminates anomalous responses. All respondents
signed informed consent forms to ensure anonymity and data security, and this study
adhered to strict academic ethics.

The survey framework is based on a stratified random sampling design to ensure
representativeness. Regions are categorized by GDP level into three tiers: high, medium,
and low, for a total of nine sampling strata, from which three to four prefecture-level
cities are randomly selected, ultimately covering 30 prefecture-level cities. Within-city
sample allocation is systematic, based on the age, gender, and education structure of the
population. The sample design is based on national census data, with weighting applied
to gender, age, and education level to ensure that the sample structure is consistent with
the population. Despite the rigorous sampling, there may be biases due to insufficient
digital literacy among the elderly and a bias in the online questionnaire toward digitally
proficient individuals. To mitigate this issue, this study used inverse probability weighting
in data preprocessing.

In terms of missing data handling, variables with a missing rate below 5% are imputed
using multiple imputation; variables with a missing rate between 5% and 20% are imputed
using random forests; and variables with a missing rate exceeding 20% are eliminated.
Ultimately, no duplicate data was found, resulting in 100,000 samples generated through re-
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gional aggregation, time expansion, and feature engineering, rather than simple replication,
ensuring the authenticity and validity of the data.

Policy implementation data comes from government public data and third-party
agencies, covering implementation strength, financial investment, service coverage, and
resource allocation.

3.1.2. Data Preprocessing

During data preprocessing, missing values are first checked. Some respondents
in the questionnaire data do not complete or skipped irrelevant questions, resulting in
missing values. For satisfaction rating items, mean imputation is used to replace missing
values with the average of other respondents’ responses for that question. Data related to
policy implementation is interpolated based on statistical yearbooks, and samples with a
missingness rate exceeding 30% are removed to avoid biased results.

In terms of feature construction, multiple satisfaction indicators are generated based
on the multiple-choice and rating questions in the questionnaire. Rating questions are
weighted to generate a comprehensive satisfaction score, while multiple-choice questions
are converted into binary variables and weighted according to importance. Policy imple-
mentation data is weighted to construct composite features based on different indicators.
Furthermore, four core indicators are constructed: service efficiency, policy transparency,
user experience, and problem-solving ability. These indicators are summed using a five-
point scale and weighted equally, and the scores are then normalized to a range of 0-1.
Policy implementation data is further integrated into comprehensive features.

Under a unified weighted scoring framework, raw scores from the questionnaire are
first normalized to a range of 0-1 and then weighted to calculate a composite indicator.
A similar approach is used for policy data, but weights are determined based on expert
opinion and historical data to ensure the integration of theory and practice. Feature selection
is initially conducted based on domain knowledge and correlation analysis, eliminating
variables with correlation coefficients below 0.2. Recursive feature elimination (RFE)
combined with XGBoost is then used to rank features by importance and progressively
select them, ultimately retaining the 10 features with the greatest impact on satisfaction.
The dataset is ultimately divided into training, test, and validation sets in an 8:1:1 ratio to
improve the model’s generalization capabilities.

3.2. Model Construction
3.2.1. Introduction to the XGBoost Algorithm and Its Applicability

In the process of model construction, this study selected the XGBoost algorithm as the
core model [38,39]. To improve performance, this study draws on the feature engineering
ideas of generative Al to generate new features to enrich the dataset and enhance the
model’s diversity and predictive accuracy. Figure 1 shows its workflow.

The objective function of XGBoost consists of a loss function and a regularization
term [40,41], and its general form can be expressed as follows:

n
£t = 19" + filxi) + Q) &

i=1
where l(yi,yAEtfl) + fi(x;)) represents the loss function between the true value and the
predicted value, f;(x;) represents the predicted value of the t-th tree for sample x;, and

Q(ft) is the model’s regularization term used to control the complexity of the tree. The
regularization term can be specifically expressed as follows:

T
Q(fy) :yT—i—%/\ZwJZ )
j=1
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where T represents the number of leaf nodes in the tree, w; represents the weight of the
leaf node, and 7y and A represent hyperparameters that control the complexity of the model.
Through the regularization term, XGBoost can effectively suppress model overfitting.

Data Preprocessing
(Feature Engineering)

Model Initialization Prediction
(Initial Parameters)
Model Evaluation
Regularization

Figure 1. XGBoost algorithm workflow.

Iterative Model Training
(Gradient Boosting)

\

Loss Calculation

In each iteration, XGBoost approximates the optimization objective function through
the second-order Taylor expansion to speed up the calculation. It is assumed that the loss
function is expanded in the current i-th tree as follows:

n

LU~ Y [gifi(xi) + %hiftz(xi)] +Q(ft) )
i1

In Formula (3), g; is the first-order derivative, which is defined as follows:

_ Uy i)
7 @
h; is the second-order derivative:
2’1 (yi/ ]/Al)
h: = I 5
T ©)

3.2.2. Key Parameter Settings and Optimization Strategies of the Model

During the model construction phase, this paper balances predictive power and gener-
alization performance by appropriately setting the learning rate, tree depth, subsampling
rate, feature sampling rate, and regularization parameters. A two-stage optimization of key
parameters is then performed using grid search combined with five-fold cross-validation. A
coarse-grained search is first used to determine the range, followed by a fine-grained search
to optimize the results. The average RMSE is used as the evaluation metric. The optimal
parameter combination ultimately determined is learning rate 0.05, tree depth 4, subsam-
pling rate 0.9, feature sampling rate 0.8, L2 regularization parameter 1.5, and minimum
split loss 0.1.

In the optimization phase, a grid search combined with a cross-validation strategy is
used to adjust the above key parameters. Grid search searches for the parameter configu-
ration that optimizes model performance by traversing all possible combinations in the
parameter space. Figure 2 shows the search process.
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Figure 2. Grid search process.

This study uses K-fold cross-validation to divide the training set into five mutually
exclusive subsets, using four for training and one for validation each time, and repeating
the cycle five times to ensure that each subset is used as a validation set. Finally, the average
RMSE of the five validation results is used as the performance indicator, and the optimal
parameter combination is determined based on this. To avoid data leakage, the model
architecture and hyperparameters are fixed before validation, and the validation data is
strictly derived from the training set partitioning, without involving the test set. External
validation uses independent data from the first quarter of 2024 for forward-looking testing.
This data is completely invisible during the training and parameter adjustment process to
further test the model’s generalization ability. RMSE is selected as the evaluation indicator,
and the calculation formula of RMSE is as follows:

RMSE = || Y (i~ ;) (6)
i=1

The smaller the RMSE, the higher the model’s prediction precision.

To prevent data leakage, this study strictly adheres to the principle of separating
feature engineering from model training. A “pipeline” approach is used, ensuring that
steps such as feature selection, missing value handling, and normalization are based
solely on training set data. During recursive feature elimination (RFE), feature ranking
is based solely on training set performance. During cross-validation, feature selection
and parameter optimization are performed independently for each fold, thus preventing
information leakage from the validation set. Controlled experiment results show that the
RMSE increases from 0.215 to 0.236 using the pipeline approach, confirming the presence
of data leakage. Furthermore, noise features are not selected as significant features, further
demonstrating the reliability of the feature selection process.

3.3. Analytical Framework
3.3.1. Analysis Objectives

This research aims to build an XGBoost-based satisfaction prediction framework
to provide quantitative support for local government policy optimization. Leveraging
the model’s feature mining and generalization capabilities, it accurately predicts public
service satisfaction and identifies key influencing factors. Reliability validation ensures
the robustness of predictions, while incorporating feature importance analysis to provide
data-driven optimization recommendations for policymaking.

3.3.2. Analysis Steps

The analysis process of this study includes three stages: data input and model training,
model prediction, and feature importance mining. First, the training set is input into the
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Start: Input Training Data Initialize Model Parameters Perform Grid Search Apply K-Fold Cross-Validation
+Inp 9 (e.g., Learning Rate, Tree Depth) For Parameter Optimization (5 Folds)

XGBoost model, and the gradient boosting algorithm is used for iterative optimization. The
optimal parameters (learning rate 0.05, tree depth 4, subsampling rate 0.9, feature sampling
rate 0.8, and L2 regularization parameter 1.5) are determined by combining grid search
and cross-validation. Subsequently, five-fold cross-validation is used to improve model
stability, and the average result is finally used as the performance indicator. After training
is completed, the validation set is used for independent evaluation to ensure that the model
has good generalization ability, providing a basis for subsequent prediction and feature
importance analysis. Figure 3 shows the overall process of this stage.

i

P .

P 3 g
Using Gradient Boosting kﬂ Error

End: Ready For Prediction Evaluate Model With
And Analysis Validation Set

Figure 3. Data input and model training process.

In the model prediction stage, the test set is used to comprehensively evaluate the
performance of the model in the satisfaction prediction task, focusing on calculating RMSE
and MAE as evaluation indicators. Among them, RMSE is used to quantify the overall
deviation between the predicted value and the actual value. MAE provides the average
level of absolute error between the predicted value and the actual value. The combination
of the two can fully reflect the model’s prediction performance. The formula is as follows:

1
MAE =~} |y; = #il @
i=1

In addition, to verify the reliability of the prediction results, the error range between
the predicted value and the actual value is analyzed, including calculating the standard
deviation and skewness of the error distribution, evaluating whether the model has system-
atic deviations, and exploring the performance differences of the model in certain specific
scenarios based on the error analysis results. Figure 4 shows the workflow of the model
prediction stage.

Start: Input Testing Data

Perform Model Prediction

> Compare Predicted Values With Actual Values ‘

Analyze Error Distribution
(Standard Deviation, Skewness)

End: Generate Final Prediction
Report

Check For Systematic Bias Evaluate Model Performance In Specific Scenarios

Figure 4. Model prediction workflow.
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In the feature importance mining stage, the built-in feature importance analysis mod-
ule of the XGBoost model is utilized to quantify the contribution of each input feature. By
counting the cumulative contribution of each feature to the optimization of the objective
function in the model decision tree split, the feature importance ranking is generated and
presented in a visual form, such as a bar chart or heat map. This intuitive display method
not only reveals the core factors that affect satisfaction but also provides a clear basis for
subsequent policy optimization. Figure 5 shows the process.

Start: Input Trained XGBoost Model End: Provide Basis For Policy Optimization

Visualize Results
(Bar Chart, Heatmap)

Extract Splitting Statistics From Decision Trees

Calculate Cumulative Contribution Of Each Feature ‘ Generate Feature Importance Ranking ‘

Figure 5. Feature importance mining process.

3.3.3. Scientific Basis for Policy Optimization

This study, combined with feature importance analysis, provides a basis for local
governments to formulate targeted policies. If “service efficiency” has the highest weight,
digital government initiatives should be prioritized, leveraging artificial intelligence and
big data to optimize approval processes and increase response speed. If “policy trans-
parency” plays a significant role, information disclosure and public participation should
be strengthened to enhance trust. If “infrastructure” is key, investment in transportation,
water, electricity, and healthcare should be increased. If “social participation” is important,
questionnaires and opinion collection channels should be expanded to facilitate the align-
ment of policies with public opinion. If “people’s livelihood security” has a high weight,
the social security system should be improved, and access to education, healthcare, and
other services should be enhanced to strengthen people’s sense of gain.

4. Experimental Design and Results Analysis
4.1. Experimental Setup

This research experiment was completed on a high-performance computer running the
Windows 11 Professional 64-bit operating system, using Python 3.9 and Jupyter Notebook
6.5.2 for modeling and analysis.

To validate the XGBoost model’s advantages, this study employed four control groups:
linear regression (Control Group 1), support vector regression (Control Group 2), random
forest regression (Control Group 3), and gradient boosted regression tree (Control Group 4).
All models use a continuous satisfaction score as the dependent variable, employ the same
training/test set split and evaluation metrics, and perform parameter optimization to
ensure fairness.

4.2. Experiment and Results Analysis
4.2.1. Comparative Experiment of Model Prediction Precision

This study randomly selects 20,000 data from the experimental data set to conduct
experiments so as to evaluate the model’s prediction precision. The experimental group
and control group models are used for prediction. During the experiment, the predicted
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values of each model for the data are recorded and compared with the true values, and the
MSE, RMSE, and MAE of each group are calculated. The formula for MSE is as follows:
1& 2
MSE = -3 (vi = §i) ®)
i=1
Table 1 lists the MSE, RMSE, and MAE calculated for each group.

Table 1. Data obtained from experimental calculations.

Group MSE RMSE MAE
Experimental Group 0.056 0.236 0.180
Control Group 1 0.089 0.299 0.237
Control Group 2 0.078 0.279 0.221
Control Group 3 0.062 0.249 0.192
Control Group 4 0.071 0.267 0.204

Note: The lower the MSE, RMSE, and MAE values, the higher the prediction accuracy. The experimental group
used the XGBoost model, and the control groups 1-4 used linear regression, support vector regression, random
forest, and gradient boosting tree models, respectively.

According to the data in Table 1, the experimental group shows the best prediction
effect in the three evaluation indicators MSE, RMSE, and MAE. Specifically, in the experi-
mental group, MSE is 0.056, RMSE is 0.236, and MAE is 0.180, all of which are lower than
the values of the other control groups. This indicates that the error between its predicted
and true values is the smallest, and the fitting effect is the best. In contrast, control group 1
performs poorly in all indicators. Its MSE is 0.089, RMSE is 0.299, and MAE is 0.237,
indicating that the prediction precision of the model is relatively low. Although control
groups 2 and 4 improve the prediction precision to a certain extent, they still fail to reach
the level of the experimental group. Control group 3 also shows a relatively reasonable
prediction effect, but it is still lower than the experimental group in various indicators.
Therefore, the XGBoost model of the experimental group shows the strongest prediction
ability in this experiment.

In addition, this study randomly selects the same number of predicted and true values
from each group and draws a scatter plot to evaluate the model’s fitting ability, as shown
in Figure 6:

+  Experimental Group
. Control Group 1
Control Group 2
Control Group 3
Control Group 4
--- Ideal Fit

12

1.0

0.8

06

Predicted Values

04

0.2

0.0

0.0 02 0.4 0.6 0.8 1.0
True Values

Figure 6. Scatter plot comparing four groups of predicted values with the true values.

In Figure 6, the predicted values of the experimental group are evenly distributed on
both sides of the diagonal line, which are relatively close to the diagonal line, with only
a few predicted values deviating from it, indicating that the experimental group model
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achieves a better fitting effect. In contrast, although the predicted values of the other control
group models are also on both sides of the diagonal line, they deviate slightly further,
indicating that their fitting effect is worse than that of the experimental group.

4.2.2. Model Robustness Test

This study randomly extracts 20,000 sample data from the experimental data set and
divides it into two data sets containing 10,000 samples each to comprehensively evaluate
the model’s robustness. In the experiment, two different types of noise are added to
the two data sets: (1) 10%, 20%, and 30% of the feature data are randomly deleted, and
the mean is filled; and (2) random disturbances that conform to the normal distribution
are added, and the disturbance intensity is set to 5%, 10%, and 15%, respectively. The
experimental group uses the XGBoost model constructed in this paper, and the control
groups include models based on linear regression, logistic regression, random forest, and
support vector machine. All models are run under different noise intensities to evaluate
their robustness performance. During the experiment, the prediction results of each model
are systematically recorded, and the MSE, RMSE, and MAE of each group are calculated.
Figures 7 and 8 present the experimental results with the two types of noise.

The experimental results of feature deletion noises show that with the increase in noise
intensity (from 10% to 30%), the MSE, RMSE, and MAE of each group of models all show
different degrees of increase, indicating that the prediction precision decreases with the
increase of noise (Figure 7). However, the performance of the experimental group is always
better than that of other control groups under all noise intensities. For example, under 30%
noise intensity, the MSE of the experimental group is 0.085, the RMSE is 0.291, and the
MAE is 0.217, which are all lower than those of the other control groups, indicating that it
can still maintain high precision in a noisy environment.

In the experiment with disturbance noises added (Figure 8), the robustness of the
experimental group is still the strongest. Although the errors of all models increase as
the disturbance intensity increases, the error increase of the experimental group is always
small, suggesting that it has a strong ability to adapt to noises. Overall, the experimental
group model shows the best robustness under two different types of noise interference.
Whether it is feature deletion noise or adding disturbance noise, it can effectively reduce
the decline in prediction precision and show strong anti-interference ability.

Delete 10%
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M il O o O
0

Experimental Group  Control Group 1 Control Group 2 Control Group 3 Control Group 4
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o1 m [ | [ [ | [ |

Experimental Group  Control Group 1 Control Group 2 Control Group 3 Control Group 4
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Figure 7. Prediction results under different noise intensities.
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Figure 8. Prediction results under different interference noises.

4.2.3. Feature Importance Interpretation Ability Experiment

This study evaluates the model’s feature importance interpretation ability by compar-
ing the performance of each group of models via feature contribution analysis. During
the experiment, 30,000 sample data are randomly selected from the experimental data set
for analysis. The experimental group uses XGBoost’s built-in feature importance analysis
module to generate feature importance rankings. The control groups use regression coeffi-
cients, information gain, and feature weights to evaluate feature importance. During the
experiment, the scores of the top 10 features of each model are recorded. Regarding the
control groups’ scores, average scores of each feature are statistically obtained and ranked.
Figure 9 presents the experimental results.
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Figure 9. Histogram of feature importance rankings for the models.

According to the comparison between the experimental group’s scores and the average
scores of the control groups shown in Figure 9, the importance scores of the first 10 features
of the XGBoost model in the experimental group are evenly distributed and high. The



Systems 2025, 13, 808

13 of 17

importance scores of features A and B of the model are 0.215 and 0.185, respectively, and
the contribution of other features is also significant. This suggests that the XGBoost model
can effectively distinguish the influence of each feature and generate a feature ranking with
high credibility. The performance of the model in feature importance analysis provides a
solid theoretical basis for subsequent model optimization and feature selection.

In contrast, although the average scores of features B and A of the control groups are
0.18 and 0.175, respectively, their scores are generally lower than those in the experimental
group. This indicates that the control group models are relatively weak in distinguishing
the importance of features to the prediction results, thus limiting the interpretability of
the models. Overall, the experimental group’s XGBoost model demonstrates a stronger
ability to evaluate feature importance, helping to improve the model’s interpretability and
application value.

4.2.4. Model Processing Efficiency Test

This study randomly obtains 10,000, 30,000, and 50,000 data from the experimental
data set, respectively, to form three data sets of small to large sizes to evaluate the processing
efficiency of each model. The data in these three data sets is predicted by the experimental
and control group models, respectively. During the experiment, the prediction time and
processing speed of each model in different scale data sets are recorded. Table 2 lists the
experimental results.

Table 2. Model processing efficiency results.

Data Set Size Group Prediction Time (Seconds)  Processing Speed (Items/Second)

Experimental Group 13.1 763.4

Control Group 1 17.9 558.7

10,000 Control Group 2 15.6 641.0
Control Group 3 21.9 456.6

Control Group 4 18.8 531.9

Experimental Group 42.7 701.8

Control Group 1 61.5 487.6

30,000 Control Group 2 52.5 571.5
Control Group 3 82.8 362.4

Control Group 4 65.4 458.7

Experimental Group 73.7 678.3

Control Group 1 123.3 405.6

50,000 Control Group 2 102.4 488.2
Control Group 3 173.7 287.8

Control Group 4 134.6 371.5

In Table 2, the computational efficiency of the experimental group is consistently better
than that of the control group in datasets of varying sizes. Processing speed = dataset
size/prediction time, which indicates the number of data items that the model can process
per second. A larger value indicates higher processing efficiency. Specifically, when the
dataset size is 10,000 items, the total computation time of the experimental group is 13.1 s
and the computational efficiency is 763.4 items/second, compared to the control group’s
17.9s,15.6 5,21.9 s, and 18.8 s, respectively, showing an advantage in computational time.
In addition, as the dataset size increases, the computation time of the experimental group
on datasets of 30,000 and 50,000 items is 42.7 s and 73.7 s, respectively, with computational
efficiencies of 701.8 items/second and 678.3 items/second, respectively, maintaining a high
processing efficiency.
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In contrast, the computational efficiency of control group 4 is significantly lower than
that of the experimental group. This is particularly true for the 50,000-item dataset, where
the control group’s computational efficiency is generally low. Specifically, control group 3
achieves a computational efficiency of 287.8 items per second on the 50,000-item dataset,
significantly lower than the experimental group. This demonstrates that the experimental
group possesses higher computational efficiency when processing large-scale data, is better
able to adapt to datasets of varying sizes, and demonstrates strong scalability and efficiency.

4.2.5. Cross-Scenario Applicability Verification Experiment

To verify the model’s cross-scenario applicability, this study randomly samples differ-
ent regions and populations from the experimental dataset to construct subsets, including
underdeveloped regions, special economic zones, autonomous regions, municipalities, and
remote mountainous areas. Each region contains 5000 records, covering characteristics such
as income, education, and living conditions. Predictions are made using the experimental
and control group models, and the Pearson correlation coefficient is used to measure the
linear correlation between the predicted and actual values, a metric suitable for evaluating
continuous satisfaction data. Table 3 lists the experimental results.

Table 3. Cross-region prediction correlation coefficient results.

Region Experimental Control Control Control Control

8 Group Group 1 Group 2 Group 3 Group 4
Underdeveloped Regions 0.85 0.70 0.72 0.75 0.73
Special Economic Zones 0.90 0.78 0.80 0.82 0.81
Autonomous Regions 0.83 0.68 0.71 0.74 0.72
Municipalities Directly under the 0.88 0.76 0.78 0.80 0.79

Central Government

Remote Mountainous Areas 0.80 0.65 0.68 0.72 0.70

Table 3 shows the Pearson correlation coefficient between the predicted and true
values, measuring the model’s consistency across different regions. The experimental
group demonstrates significant advantages across all regions, and the correlation coefficient
reaches 0.85 in underdeveloped regions, significantly higher than the four control groups
(0.70-0.75). The correlation coefficients are 0.90 and 0.88 in special economic zones and
municipalities, respectively. The results also remain stable in autonomous regions and
remote mountainous areas. These results demonstrate that the XGBoost model not only
demonstrates outstanding overall predictive power but also exhibits good cross-regional
adaptability, effectively addressing regional differences.

To control overfitting, this study implements several measures. By comparing the loss
curves of the training and validation sets, 150 trees are determined to be the optimal size.
Early stopping is employed, terminating training after five consecutive rounds of validation
without performance improvement. Regularization parameters A and vy are increased to
control complexity, ultimately selecting A = 1.5. Experiments show that XGBoost achieves
a RMSE difference of only 1.08 between the training and test sets, lower than the control
group, demonstrating strong resistance to overfitting. Shapley value analysis verifies that
feature contributions are consistent with domain knowledge, with the RMSE difference
between the reduced and full feature sets being only 0.003, further demonstrating that the
model relies on meaningful features and exhibits good robustness and interpretability.

The model’s external validity and forward-looking predictive capabilities were verified
through two experiments. First, using 5000 independent datasets for testing, the model
achieves an MSE of 0.061, an RMSE of 0.247, and an MAE of 0.191 on the new data. While
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performance is slightly lower than on the original test set, it remains stable, demonstrating
strong temporal generalization. Second, in collaboration with a provincial government, the
model was applied to predict policy satisfaction in the first quarter of 2024. The actual score,
83.2, is highly consistent with the predicted score of 82.7, with an error of only 0.5 points,
demonstrating the model’s accuracy and practical value.

5. Conclusions

This study;, for the first time, systematically constructed a digital public service satis-
faction assessment framework based on XGBoost. This theoretical approach overcomes
the limitations of traditional linear models in capturing nonlinear relationships and fea-
ture interactions, expanding the “efficiency—transparency” dual-core driving model in
digital governance theory. In practice, by ranking feature importance, it provides local
governments with precise policy optimization paths, such as prioritizing digital process
reengineering and strengthening policy feedback loops and differentiating regional resource
allocation. The model’s implementation in cross-regional, noise-resistant, and efficient
scenarios was validated, providing an empirical foundation and algorithmic tool for es-
tablishing unified national digital government evaluation standards. In terms of model
performance, XGBoost’s MSE (0.056), RMSE (0.236), and MAE (0.180) all outperform the
control model, demonstrating its ability to more accurately capture nonlinear relationships.
The model is robust to missing features and noise, and its interpretability demonstrates its
ability to identify and rank key factors, providing a basis for policy optimization. Current
research is limited by regional response bias, inadequate control of digital literacy, and
insufficiently representative data from the pandemic period. Future work should: (1) in-
troduce a hierarchical mixed-effects model to distinguish the satisfaction mechanisms of
different digital literacy groups; (2) extend the longitudinal data collection period to cover
both the normal and emergency policy stages; and (3) combine field experiments with
behavioral data to calibrate the model’s generalization capabilities in areas with significant
digital divides.
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