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Abstract: To evaluate the application effectiveness of the mass-conserving long short-term memory (MC-LSTM) model in
runoff simulation, taking the Liyuan and Wunonglong basins in Yunnan Province as examples, the MC-LSTM model was
employed to simulate runoff under different lead times, and it was compared with the standard long short-term memory
(LSTM) and support vector regression (SVR) models. Furthermore, the SHAP ( Shapley additive explanations) method
was applied to explore the contribution of meteorological features to the runoff prediction of the MC-LSTM model and to
analyze the interpretability of the model. The results show that, without the input of historical runoff observation data, the
simulation accuracy of the MC-LSTM and LSTM models is superior to that of the SVR model, and the MC-LSTM model
slightly outperforms the LSTM model during the flood season. When historical runoff observation data are included, the
three models show high accuracy in short-term simulations. As the lead time increases, the accuracy of the MC-LSTM
model declines gradually, but the model remains stable and performs better than the LSTM and SVR models in medium- to
long-term runoff simulations. The main influencing factors of runoff prediction in the Liyuan and Wunonglong basins are
temperature and precipitation, respectively. These differences in dominant factors reflect the distinct characteristics of
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runoff generation processes in different basins, and the interpretability analysis of the MC-LSTM model helps clarify the

mechanisms of runoff generation.

Key words: runoff prediction; LSTM model; deep learning model; mass conservation; the Liyuan Basin; the Wunonglong

Basin
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Fig.2 Time series of rainfall-runoff in study area
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Table 2 Comparison of model simulation accuracy during validation period
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Fig.3 Comparison of simulated runoff processes during validation period
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Table 3 Comparison of model simulation accuracy for different lead times
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30 -372.15 0.69 -45.18 3.30 0.95 0.56 -28.06 0.83 -14.84 5.44 0.95 0. 86
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Fig.4 Simulated runoff processes of the Liyuan Basin for different lead times
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Fig. 5 Simulated runoff processes of the Wunonglong Basin for different lead times
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Fig. 6 Scatter plots of runoff during validation period for the Liyuan Basin
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Fig.7 Scatter plots of runoff during validation period for the Wunonglong Basin
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