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Abstract: This research intends to construct a
county-level prediction model for COVID-19
prevalence in Guizhou Province based on the
Random Forest algorithm. The purpose was
to offer a foundationfor regional epidemic
risk early-warning and the optimal allocation
of prevention and control resources. From
February to March 2020, a survey on
COVID-19 protection knowledge was carried
out among 1,987 residents in Guizhou
Province through “Wenjuanxing” platform.
Data regarding demographic characteristics
and eight knowledge dimensions were
gathered. The Random Forest algorithm was
utilized for feature selection and model
building. Optimal  parameters were
ascertained via 5-fold cross-validation. SHAP
values were utilized for feature interpretation,
and the model’ s performance was further
compared with XGBoost and Linear
Regression.On the test dataset, the Random
Forest model yielded an MSE of 0.0930, an
RMSE of 0.3049, and an MAE of 0.1841.
These results indicated that it had better
predictive performance comparedto the
reference models. The five most important
features were: Knowledge of mental health
intervention (Q8.3), Total knowledge score
(point), Basic knowledge score (Q1),
Knowledge of transmission routes (Q1.1), and
Knowledge of community prevention and
control (Q7). SHAP analysis further
confirmed the positive impacts of
thesefeatures on the prediction results. The
prediction model constructed with the
RandomForest algorithm shows high
accuracy and interpretability. It can pinpoint
the key factors influencing the risk of
COVID-19 prevalence in Guizhou's counties,
thereby providing scientific backing for
formulating differentiated prevention and
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control strategies.
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1. Introduction

In late 2019, the COVID-19 outbreak spread at a
rapid pace and caused widespread social impacts
across the globe. To tackle the health crisis, the

Chinese government swiftly implemented
rigorous prevention and control policies,
effectively restraining the spread of the

coronavirus. At this stage, the whole country has
stepped into steady normalized epidemic
management [1,2]. In this stage, continuously
tracking the dynamic changes of the epidemic
and accurately predicting the transmission risks
in various regions are crucial for the efficient
allocation of limited prevention and control
resources and the improvement of emergency
response efficiency [3]. Guizhou Province is
located in the southwest of China. Its unique
karst landform leads to a scattered population
distribution, endowing the transmission pattern
of the epidemic with distinctive regional
characteristics [4]. Data from 2022 showed that
even under the same prevention and control
policies, there were still significant differences
in the COVID-19 prevalence among different
districts and counties within Guizhou Province.
Further research revealed that in addition to
objective factors such as geographical conditions
and economic levels, the uneven levels of public
COVID-19  prevention  knowledge  and
compliance with health behaviors across regions
were one of the important causes of such
prevalence differences [5]. Studies have
demonstrated that scientific and systematic
prevention knowledge can guide individuals to
develop good protective habits, thereby reducing
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the risk of infection. In areas with higher levels
of prevention knowledge, the risk of COVID-19
infection can be reduced by approximately
23.5% [6]. Therefore,against the backdrop of
normalized epidemic prevention and control,
constructing a prediction model integrating
regional population characteristics and public
prevention knowledge levels is of great practical
significance for realizing early warning of
regional epidemic risks and promoting the
precise allocation of prevention and control
resources [7]. The proposed model can rapidly
detect high-risk zones of the epidemic and lay a
scientific foundation for adopting targeted
prevention and control plans [8]. With the
extensive application of artificial intelligence
technology in the medical field, the random
forest algorithm, which can effectively identify
nonlinear relationships and interactions among
variables, has been increasingly adopted in
studies on disease risk prediction [9,10]. To
conclude, this research develops a regional
COVID-19 risk prediction model for Guizhou
Province, taking local population features and
residents ’ public health awareness into
comprehensive consideration. Its core objectives
include accurately pinpointing  high-risk
locations, optimizing the efficient allocation of
pandemic prevention and control resources, and
furnishing scientific evidence for localized,
targeted containment policies.

2. Subjects and Methods

2.1 Study Subjects

This study was conducted from February 19,
2020 to March 4, 2020. Anonymous online
questionnaires were randomly distributed via the
“Wenjuanxing” platform, targeting various
institutions in Guizhou Province, including
enterprises, public institutions, universities and
communities. Investigators received unified
training before  distributing the online
questionnaires and providing guidance for
respondents. A total of 2,059 questionnaires
were collected. After excluding 72 invalid
responses, 1,987 wvalid questionnaires were
ultimately obtained, with an effective recovery
rate of 96.5%. The present research has obtained
ethical approval from the Ethics Committee of
Guiyang Center for Disease Control and
Prevention, and informed consent was obtained
from all participants.
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2.2 Survey Methods

The questionnaire consisted of 8 cognitive
modules (40 items) and a section on
demographic  information. =~ The cognitive
modules covered: basic knowledge (5 items),
personal protection (7 items), protection for the
elderly (5 items), protection for children (4
items), protection for pregnant and lying-in
women (3 items), home disinfection (4 items),
community prevention and control (5 items), and
mental health intervention (4 items). This survey
instrument  exhibited sound psychometric
properties, and its internal consistency
coefficient (Cronbach’s o) was calculated as
0.80. All items in the questionnaire were single-
choice questions. Respondents were required to
complete their personal information before
submission; correct answers were displayed only
after the questionnaire was submitted. To ensure
the authenticity of the survey, consistent
terminology was used throughout the
questionnaire, and no private information such
as respondents’ names, telephone numbers, or
ID numbers was collected. Each IP address was
restricted to one response, the completion time
was set to no less than 100 seconds, and the
questionnaire could only be submitted when
fully completed.

2.3 Model Construction and Evaluation

Feature selection was first conducted by
adopting the random forest algorithm to screen
variable indicators, thereby supporting the
subsequent development of the prediction model.
In terms of data partitioning, the original dataset
was split into a training set and a test set at an
8:2 ratio, ensuring that both subsets possessed
adequate representativeness. For model training,
the R language was applied to fit the random
forest model, with the gradient boosting
approach adopted to optimize its core parameters.
Besides, grid search was utilized to adjust
hyperparameters of the XGBoost model, and
stepwise regression was performed to filter out
influential and significant variables. Finally,
model evaluation was carried out in the follow-
up research. The test set was used as the internal
validation dataset, and mean squared error
(MSE), root mean squared error (RMSE), and
mean absolute error (MAE) were selected as the
core evaluation metrics to reflect the prediction
accuracy of the model. Model interpretation and
visualization. To clarify the influence of each
predictor variable on the model output, this
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study performed model interpretation analysis
based on SHAP [11]. Meanwhile, visualization
methods were applied to present the ranking of
variable importance and the influence
mechanism, enhancing the comprehensibility
and persuasiveness of the model results.

3. Results

3.1 General
Characteristics

A total of 1987 participants were enrolled in this
study. The median regional COVID-19
prevalence (per 100,000 population) was 0.3785.
There were 436 males (21.94%) and 1551
females (78.06%), No obvious statistical
discrepancy existed across different groups
(P=0.098). By age group: 1171 participants aged
16-35 years (58.93%), 696 aged 36-55 years
(35.03%), and 120 aged over 56 years (6.04%),
with significant differences observed across
groups(P<0.001). By occupation: 883 employed
individuals (44.44%), 314 students (15.80%),
and 790 with other occupations (39.76%), with
statistically significant differences among groups
(P<0.001).By cognitive level: 487 participants
with passing or below scores (24.5%), 539 with
average level (27.12%), 509with good level
(25.62%), and 452 with excellent level (22.75%),
with no significant variations observed across
groups (P=0.999). See Table 1.

Table 1. Analysis of Basic Demographic

Sociodemographic

Characteristics
. Mean | Median| Mean
V)
various N (%) <10 | (x10%) | rank P
1987
N (100) 0.4372 | 0.3785
gender
436
male 0.4229 | 0.3785 | 962.27
(21.94)
1551 0.098
female (78.06) 0.4412 | 0.3785 | 1002.92
age
16-35 1171
years old | (58.93) 0.4191 | 0.3785 | 953.66
36-55 696
vears old | (35.03) 0.4648 | 0.3785 |1051.42| <0.001
>56 years 120
old (6.04) 0.4532 | 0.3785 | 1054.57
Occupation|
Employed [883(44.44) 0.4564 | 0.3785 [1055.28
Student [314(15.80)] 0.3364 | 0.1526 | 699.76 [<0.001
Others  [790(39.76)| 0.4557 | 0.3785 |1042.45
Cognitive
Level
Below
average or|487(24.5)| 0.4297 | 0.3785 | 991.89 [0.999
failing
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Average |539(27.12) 0.4448 | 0.3785 | 996.42

Good  [509(25.62)| 0.4335 | 0.3785 | 994.16
Excellent 452(22.75) 0.4404 | 0.3785 | 993.21

Notes: Cognitive level was classified based on
the quartile range of the total questionnaire
scores. Scores below the 25th percentile (Pa2s)
indicated pass or below cognitive level; scores
between Pys and Pso indicated moderate
cognitive level; scores between Pso and Pss
indicated good cognitive level; and scores above
P75 indicated excellent cognitive level.
Prevalence was calculated using the real-time
number of confirmed cases on the day of
questionnaire completion in the respondents’
reported residence (district/county level) divided
by the person-years of the local population.

3.2 Construction of a COVID-19 Prevalence
Prediction Model for Various Regions in
Guizhou

In total, 1,987 samples were randomly split into
a training set (n=1,590) and a test set (n=397) at
an 8:2 ratio to establish and verify a random
forest prediction model.

3.2.1 Feature selection and importance ranking
In this study, the random forest algorithm was
used to evaluate the feature importance of
variables across various knowledge dimensions
and demographic variables included in the
questionnaire. In Figure la (without noise
features), Q1.1 (What are the main transmission
routes of COVID-19?), Q1 (score of basic
knowledge  section), and Q8.3 (What
psychological adjustment methods are available
for frontline medical staff during the pandemic?)
were the top-ranked important features. In the
importance ranking results incorporating noise
features (Figure 1b), the top five features in
descending order of importance were: QS.3,
point (total knowledge score), Q1, Q1.1, and Q7
(score of community prevention and control
section). Notably, the three noise features
(noisel, noise2, noise3) ranked last in the
importance list. This result indicates that the
constructed model can effectively distinguish
real features from noise features and has good
ability to identify practically meaningful real
features, further verifying the reliability of the
feature selection results.

3.2.2 Model construction
optimization

In the present study, 5-fold cross-validation was
employed to determine the optimal parameters
for the random forest model. According to the

and parameter
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results, the optimal mtry value (number of
randomly selected variables at each node split)
was 2. Meanwhile, the optimal number of
decision trees (ntree) was determined based on
out-of-bag (OOB) error analysis: when ntree was
less than 600, the OOB error decreased
significantly with an increasing number of
decision trees; when ntree reached 600, the OOB
error dropped to 0.092 and tended to stabilize. A
further increase in the number of decision trees
produced no obvious change in the OOB error
but instead raised the computational cost of the
model. Ultimately, ntree = 600 was determined
as the optimal number of decision trees for the
random  forest model. This parameter
configuration ensures satisfactory model fitting
performance while effectively mitigating
overfitting (see Figure 2).

g

a). Feature Importance Ranking Based on
MSE Increment

‘‘‘‘‘‘‘

b). Importance Ranking with Noise Features,
Where Noise Variables Rank Las
Figure 1. Ranking of Feature Importance

500 tree 750 1000

Figure 2. Curve of Random Forest MSE
with the Number of Trees, Showing That the
Error Tends to Stabilize at Approximately
600 Trees
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3.2.3 Model interpretation and shap analysis

In this study, SHAP values were used to visually
interpret the prediction outputs of the random
forest model (Figure 3). In the figure, the color
intensity of the features corresponds to their
value levels: a darker color indicates a higher
feature value. Taking Q8.3 (knowledge of
mental health interventions) as an example,
when the score of this feature is high (dark-
colored regions in the figure), the corresponding
SHAP values tend to be positive, indicating that
the feature makes a more prominent contribution
to predicting a high prevalence rate. Conversely,
when the feature value is low (light-colored
regions), its SHAP values tend to be negative,
contributing more significantly to predicting a
low prevalence rate. Overall, Q8.3 ("What
psychological adjustment methods are available
for frontline medical staff during the
pandemic?"), point (total knowledge score), and
Q1 (score of basic knowledge section) are the
three most influential features on the model
prediction results. Higher SHAP values
corresponding to the features indicate a stronger
positi\R/ej epfftect on predicting a high epidemic risk.

— ——
Q24=1 -+—
—_-—
00

0.4
contribution

Figure 3. Model Interpretation Plot Based on
SHAP Values

33 Model Performance Evaluation,
Comparison and Robustness Verification

Validation was conducted on the test set, and the
model demonstrated satisfactory predictive
performance, with an MSE of 0.0930, RMSE of
0.3050, and MAE of 0.1841 (Table 2).The
model was further compared with the XGBoost
model and linear regression model in terms of
performance (see Figure 4). The results indicated
that the random forest model performed better
than the other two models in terms of RMSE,
MAE and other indicators. After adding noise
features, the MSE of the random forest model
decreased from 0.0930 to 0.0850. This may be
attributed to a slight reduction effect of random
fluctuations in the noise features on the model
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prediction error. The above results indicate that
the proposed random forest model has strong
robustness and can maintain stable prediction
performance under complex data conditions.
Table 2. Model Performance Evaluation

Metrics
Indicator Accuracy
MSE 0.0930
RMSE 0.3049
MAE 0.1841

T
03 04 05
RMSE
Confidence Level: 0.95

Figure 4. Comparison Plot of RMSE among
Models

4. Discussion

In this research, a county-level random forest
model was developed to predict COVID-19
prevalence, using demographic characteristics
and COVID-19 prevention knowledge as key
variables. The model was verified to have
favorable prediction performance, with MSE =
0.0930, RMSE = 0.3049, and MAE = 0.1841.
SHAP analysis was used to clarify the
contribution magnitude and directional effect of
each feature variable to the model prediction
results, providing a theoretical basis for targeted
prevention and control in COVID-19 risk early
warning under the normalized epidemic
management in Guizhou Province.

4.1 Model

Interpretation
Numerous existing studies have demonstrated
that random forest exhibits certain advantages in
constructing ~ COVID-19-related  prediction
models. Studies have shown that the random
forest model provides better prediction
performance than linear models for the
cumulative number of COVID-19 cases in the
following two weeks [12]. Ren [13] developed a
three-step prediction model (TSPM-ML), which
combined algorithms such as random forest and
seq2seq with surveillance data to forecast the
actual infection scale and confirmed case
numbers of the epidemic. The predicted

Performance and Feature
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epidemic outcomes for six countries were
largely consistent with real-world data,
confirming the practical application value of this
model in clinical settings. In addition, the
importance of total knowledge score and mental
health intervention in this study is consistent
with the findings of Deng [14]. Their team
confirmed through structural equation modeling
that health literacy is significantly associated
with COVID-19 prevention knowledge and
behaviors, and that public knowledge of
protective measures plays a key role in
epidemic-related prediction. Other studies have
shown that a prediction accuracy of 97% can
still be achieved even when models are built
using only partial features, further supporting the
excellent robustness of this algorithm for high-
dimensional data [15].

4.2 Relationship between Knowledge Level
and Epidemic Prevention and Control

This study found no significant differences
among groups with different cognitive levels.
However, the importance of total knowledge
score for prediction results revealed by SHAP
analysis is consistent with the conclusions of
previous studies [16,17]. A survey by Zhang [18]
on COVID-19 vaccine-related knowledge,
attitudes and practices among residents in East
China showed that factors such as e-health
literacy and occupation significantly affected
vaccine-related cognitive levels, indirectly
indicating that public knowledge of protective
measures can influence epidemic transmission
by regulating individual health behaviors. Jia [19]
conducted a survey among different populations
in Shaanxi Province and found that the public
awareness rates of core knowledge regarding
COVID-19 transmission routes and susceptible
populations were only 41.01% and 47.80%,
respectively. Moreover, non-medical students
and rural residents exhibited even lower
cognitive levels. This finding suggests that
improving public knowledge of epidemic
prevention may enhance the effectiveness of
epidemic control by boosting early symptom
identification ability and compliance with
protective behaviors. In addition, Lu [20]
identified demographic characteristics and
vaccine-related cognitive levels as key variables
predicting  vaccination  willingness, which
indirectly supports the important role of
knowledge level in epidemic prevention and
control. In this study, knowledge of mental
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health intervention (Q8.3) emerged as a strong
predictor, confirming that frontline medical
workers, as the core force in epidemic
prevention and control, have a psychological
state directly related to the efficiency and service
quality of prevention and control efforts during
the pandemic. Medical staff with strong
psychological adjustment abilities can reduce
work errors caused by psychological stress,
thereby lowering the risk of virus transmission
[21]. Meanwhile, popularizing epidemic-related
psychological intervention knowledge among
the public can improve their psychological
adaptability to the pandemic and reduce
irrational behaviors caused by panic, thereby
indirectly lowering the COVID-19 prevalence
rate [22]. Therefore, it is recommended that in
epidemic prevention and control, training on
mental health intervention knowledge for
medical staff should be incorporated into routine
prevention and control measures. At the same
time, communication channels such as
community  bulletin  boards, short-video
platforms, and WeChat official accounts should
be fully utilized to popularize routine
psychological adjustment methods for epidemic
management among the public, so as to further
strengthen public awareness of mental health
protection.

4.3 Practical Application Value of the Model

The model constructed in this study exhibits
favorable robustness, consistent with numerous
relevant studies [23]. Galasso developed a
county-level COVID-19 prediction model that
maintained high predictive performance relying
only on test positivity data, demonstrating the
good applicability of the random forest
algorithm even with limited data types [24];
After comparing various machine learning
algorithms, compared multiple machine learning
algorithms and reported that the random forest
model achieved superior performance in
forecasting daily new COVID-19 cases [25].
Furthermore, Luo [26] developed a
geographically weighted random forest model to
investigate the nonlinear association between 47
influencing factors and COVID-19 mortality,
providing strong implications for the allocation
of regional prevention and control resources,
which is consistent with the objectives of this
study. The COVID-19 vulnerability index model
developed by Tiwari [16] also demonstrated the
guiding value of random forest for targeted
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intervention, supporting the application potential
of this study in county-level epidemic prevention
and control. In terms of policy application, this
model can provide insights for COVID-19
prevention and control decision-making in
Guizhou Province through the following
approaches. First, counties and districts can be
divided into high-, medium-, and low-risk levels,
with  differentiated intervention measures
implemented for regions at different risk tiers.
Second, based on the core predictive factors
identified by this model, such as knowledge of
psychological adjustment during the pandemic,
health lectures can be organized and popular
science manuals distributed to improve the
public's basic level of prevention knowledge.

5. Limitations and Prospects

Several limitations exist in the present study and
require further optimization in future research.
First, the data collected in this study were from
2020, which differ greatly from the current
epidemic situation and virus variation. This may
lead to changes in the prediction performance of
the model, which needs to be updated with real-
time data. Second, females and young and
middle-aged populations accounted for a
relatively high proportion in the study sample,
which may result in insufficient sample
representativeness and selection bias, potentially
affecting the generalizability of the model
prediction results. Third, environmental factors
such as climate, transportation and economic
level were not considered in this study, which
may affect the comprehensiveness of model
prediction. In the future, various types of data
can be integrated to construct a more complete
prediction index system.
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