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Estimation of Soil Organic Carbon and Total Nitrogen in Zhangye
Region Based on Machine Learning Models
ZHENG Haiqing, ZHANG Meiling, YI Lan
(Center for Quantitative Biology, College of Science, Gansu Agricultural University, Lanzhou 730070, China)
Abstract: [Objective] This study aims to enhance the spatial estimation accuracy of soil organic carbon (SOC)
and total nitrogen (TN) in the 0— 30 cm soil layer in the Zhangye region and to identify the key driving factors and
their directional effects. [ Methods ] Multi-source covariates, including climate, topography, vegetation, and soil
physicochemical properties, were integrated to construct a feature set based on field sampling data (N=979).
Nine types of machine learning models were systematically compared, from which XGBoost, gradient boosting
regression trees (GBRT) , and random forest (RF) were selected as representative tree-based models. Three
ensemble strategies were adopted to establish ensemble models, including auto-weighted, blending, and bagging.
Their performance was comprehensively evaluated using 10-fold cross-validation and an independent test set.
SHapley Additive exPlanations (SHAP) values were applied to quantify variable contributions and their
directional effect. [Results ] For single models on the test set, SOC estimation yielded R? values of 0.768, 0.773,
and 0.729, root mean square error (RMSE) values of 0.472, 6.421, and 7.011, and mean absolute error (MAE)
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values of 0.314, 4.319, and 4.641 for XGBoost, GBRT, and RF, respectively. For TN estimation, the single
models produced R? values of 0.636, 0.645, and 0.629, RMSE values of 0.602, 5.381, and 5.498, and MAE
values of 0.360, 3.225, and 3.265, respectively. Overall, the ensemble models outperformed the single models.
The auto-weighted demonstrated the best performance (SOC: R”_test=0.887 9, RMSE=4.607 9, MAE=
2.948 2; TN: R*_test=0.775 8, RMSE=4.330 8, MAE=2.418 6), followed by blending (SOC: R?_test=
0.848 7, RMSE=5.107 2, MAE=2.991 9; TN: R*_test=0.734 6, RMSE=4.576 2, MAE=2.337 3). SHAP
analysis revealed stable positive contributions from precipitation and vegetation indices, negative contributions
from temperature factors such as minimum temperature, and prominent contributions from soil properties including
cation exchange capacity (CEC) and the proportions of clay and silt. Spatially, areas with high SOC and TN
values were mainly distributed in mountainous regions characterized by relatively sufficient moisture, lower
temperatures, and better vegetation coverage. In contrast, low-value areas were concentrated at oasis margins and
desert transition zones. [ Conclusion] The integration of tree-based ensemble modeling and SHAP interpretation

enables highly accurate, robust, and interpretable regional mapping of SOC and TN. This approach provides a

quantitative basis for carbon and nitrogen assessment and zonal management in arid-semiarid transition zones.
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Fig.4 Comparison between predicted and observed values of SOC and TN by machine learning models
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Fig.5 Factor contributions and SHAP values of optimal machine learning model
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