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Simulating the spread of pine wilt disease based on cellular

automaton model

Abstract: [Objective ] Previous studies on the prediction of pine wood nematode (PWN) disease
often lacked comprehensiveness, focusing solely on natural factors and neglecting human
influences and the process of spread and diffusion. In response, this study aims to investigate the
major factors influencing the spread of PWN by integrating human activity and spatial
characteristics. Centered around the ecological invasion process of

"introduction-settlement-diffusion," a predictive model suitable for smaller spatial scale data was

developed to enable precise forecasting and early warning in high-risk areas. [ Method ] This study
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utilized historical incidence data of PWN in Jiangsu Province obtained from the National Forestry
and Grassland Administration. Based on the ecological and geographical distribution
characteristics of the disease, natural climate, geographical information, and human activity
factors were selected as the data variables. The data was preprocessed using Principal Component
Analysis (PCA) to reduce dimensions and extract significant features, coupled with Bayesian
estimation methods to enhance the features of the impact factors. A Grey Wolf Optimizer—Cellular
Automata model was developed to simulate the invasion and spread of PWN. This model was
compared against five mainstream machine learning models: Support Vector Machine (SVM),
Random Forest (RF), Classification and Regression Trees (CART), Generalized Linear Model
(GLM), and Artificial Neural Network (ANN). The models were used to simulate the PWN
occurrence in Jiangsu Province for the years 2022 to 2023, evaluating their performance through
metrics such as recall and precision rates. [Result] The Grey Wolf Optimizer—Cellular Automata
model achieved a recall rate of 80.4%, significantly outperforming the other models, with an F1
score of 45.3%. This demonstrates the model's accuracy in predicting new occurrences of PWN
while maintaining high predictive precision. The study not only highlights the importance of
spatial features in predicting the spread of PWN but also confirms the high applicability of the
Cellular Automata model in managing complex spatio-temporal data and fine-scale spatial
predictions.l Conclusion IThis study confirms that temperature, precipitation, population, and GDP
are primary factors influencing the spread of PWN, with occurrences mainly concentrated in
low-altitude areas. The Cellular Automata model, integrating spatial information and time series
data, proves highly suitable for handling complex ecological data and assessing risks of invasive
species. As an effective tool, the Cellular Automata model provides technical support for taking
precise and efficient preventative measures against PWN disease.

Key words: Pine Wilt Disease; Spread Prediction Model; Bayesian Estimation; Cellular
Automaton Model; Grey Wolf Optimizer
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Tab. 1 Environment variables data
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Fig. 5 Statistics on the occurrence of influencing factors and probability density distribution
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Tab. 2 Cellular automata and other machine learning models
BALFEFR Model

FRMAZERS Predict Model

Name
JUHE EHEIHLEETY Cellular automata CA
S RFREANUETL Support vector machines SVM
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Tab. 3 Performance indicators of models

W AR Model HERR R HIEl % Recall  F1 534 F1
Name Accuracy Precision Score
CA 0.979 0.315 0.804 0.453
SVM 0.967 0.062 0.147 0.088
RF 0.989 0.517 0.270 0.355
CART 0.987 0.360 0.298 0.326
GLM 0.991 0.736 0.273 0.398

ANN 0.991 0.701 0.288 0.408
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Figure 7 Predict the occurrence of plaque in Jiangsu Province in 2024
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