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Table 1 Statistical characteristics of soil nutrients
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Fig. 2 Spatial distribution of major soil nutrients in Yunnan province (2005—2020)
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Table 2 Comparison of prediction accuracy among different machine learning models for maize yield prediction in Yunnan province

sl RMSE/(kg/hm?*) MAE/(kg/hm?) R
Ridge Regression 1564.87 1248.30 0.72
Lasso Regression 1635.42 1305.76 0.70
Random Forest Regressor 1036.58 802.41 0.84
Decision Tree Regressor 1210.54 918.27 0.78
KNN Regressor 1128.36 864.52 0.75
LightGBM 734.43 587.07 0.88
CatBoost 645.28 502.64 0.90
XGBoost 603.17 475.92 0.89
PSO-XGBoost( A7) 564.00 458.54 0.91
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Table 3 Accuracy evaluation of the PSO-XGBoost model for maize yield prediction in Yunnan province under different

validation schemes
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Machine Learning Reveals the Driving Effects of Soil
Nutrients on Maize Yield Formation: A Case Study of
Yunnan, China

SUN lJiaze'?, QU Mingshan’, YANG Jizhong', LOU Chuixin’,
LI Guangwei’, ZHANG Zhonglili™

(1. College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China; 2. Informa-
tion Technology Research Center, Beijing Academy of Agriculture and Forestry Sciences, Beijing 100097, China;
3. Beijing Agricultural Technology Extension Station, Beijing 100029, China; 4. Yunnan Supply and Marketing Industrial
Investment Co. , Ltd. , Kunming 650000, China; 5. Intelligent Equipment Research Center, Beijing Academy of Agriculture
and Forestry Sciences, Beijing 100097, China)

Abstract: [Objective] Maize production in Yunnan-representative mountainous regions is strongly shaped by rugged terrain, fragmented
cropland, and steep vertical climatic gradients, which drive pronounced spatial heterogeneity in soil nutrients and yield. Unlike homo-
geneous plains, yield variation here stems from the combined effects of soil fertility, climate, and topography rather than any single nu-
trient factor, making traditional statistics or isolated soil indicators inadequate. To this end, an interpretable machine learning frame-
work integrating soil nutrients and spatial information was developed to enhance maize yield prediction and identify the dominant
drivers of yield disparities across sub-regions of such landscapes. [Methods] Soil testing and formula fertilization data from Yunnan
province during 2005—2020 were combined with 5 km gridded maize yield data. Four soil nutrient indicators were selected, includ-
ing soil organic matter, total nitrogen, available phosphorus, and available potassium. Longitude and latitude were also used as input
variables. In this study, these two variables were not treated simply as location labels. They were included because spatial position can
partly reflect regional environmental gradients that are difficult to describe using soil nutrient data alone, such as differences in eleva-
tion, heat and moisture conditions, terrain fragmentation, and cropping background. Based on these variables, particle swarm optimiza-
tion was used to tune the main hyperparameters of the XGBoost model, forming a PSO-XGBoost yield prediction model. The opti-
mized model was compared with LightGBM, CatBoost, random forest, support vector regression, and the original XGBoost model.
Considering that nearby samples may share similar environmental conditions, random partitioning alone may overestimate model per-
formance. Therefore, spatial block cross-validation was further used to examine the model's ability to predict yield under spatial sepa-
ration. In addition, longitude and latitude were removed in an ablation experiment to test the contribution of spatial background infor-
mation. Finally, SHAP was used to interpret the trained model, quantify the contribution of each variable, analyze the response of
yield prediction to soil nutrients and spatial factors, and identify the dominant limiting factors in different maize-growing areas. [Re-
sults and Discussions] PSO-XGBoost showed the best performance among the tested models. Under random data partitioning, the mod-
el achieved an R* of 0.91, indicating that it could effectively capture the relationship among soil nutrients, spatial background, and
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maize yield. Compared with LightGBM, CatBoost, and the unoptimized XGBoost model, PSO-XGBoost gave more accurate and sta-
ble predictions. This result suggested that particle swarm optimization improved the parameter configuration of XGBoost and made it
more suitable for yield prediction in complex mountainous regions. Under spatial block cross-validation, the R* decreased to 0.847. Al-
though this value was lower than that obtained from random partitioning, it still showed good predictive performance under a stricter
validation strategy. This also indicated that the model did not rely only on the similarity between neighboring samples, but retained a
certain ability to predict yield in spatially separated areas. The ablation experiment further confirmed the importance of spatial infor-
mation. After longitude and latitude were removed, the model R* dropped sharply to 0.698. This decline showed that maize yield pat-
terns in Yunnan cannot be well explained by soil nutrient indicators alone. Spatial variables probably contain information related to el-
evation-induced climatic differences, regional hydrothermal conditions, terrain fragmentation, and differences in the cropping environ-
ment. The SHAP results led to a similar conclusion. Longitude and latitude had relatively large contributions, suggesting that regional
environmental gradients played an important role in yield formation. Among the soil nutrient variables, soil organic matter, total nitro-
gen, available phosphorus, and available potassium were all related to maize yield, but their roles differed across Yunnan. In some ar-
eas, yield was more closely associated with organic matter and nitrogen supply, while in others phosphorus or potassium appeared to
be more limiting. This spatial difference suggested that the main constraints on maize production were not the same across the prov-
ince. For this reason, a province-wide fertilization scheme would be difficult to apply effectively. Nutrient management in Yunnan
should instead be adjusted according to local soil conditions and the environmental background of different mountainous regions.
[Conclusions] Maize yield in Yunnan province is affected by both soil nutrient conditions and broader spatial environmental factors.
Soil fertility is still an important basis for yield formation in mountainous farmland, but it does not explain the spatial yield differences
on its own. By combining PSO-XGBoost with SHAP, this study provides a way to improve yield prediction while also tracing the
main factors related to regional yield variation. The framework can be used to identify areas where nutrient constraints are more likely
to occur, as well as areas where terrain, climate background, or other regional environmental factors may have a stronger influence.
These results can support more targeted fertilization, cultivated land quality improvement, and sustainable maize production in the
mountainous agricultural areas of Yunnan.
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