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Abstract: To address the issue of settlement in existing subway tunnels due to the construction of new adjacent tunnels, an
automated machine learning approach and a strategy for weighting multi-source data were employed. A predictive model was
developed, taking into account tunnel characteristics, stratum properties, and relative positional relationships as input parameters,
with the settlement values of the existing tunnels as the output. The model was tested using tens of thousands of simulation
data points and real-world data. The findings suggest that while the automated machine learning algorithm can produce a highly
accurate predictive model based on simulation data, it may not perform as well with multi-source data sets. By assigning weights
to multi-source data, the model’s ability to generalize can be improved, leading to an optimized model that specializes in real-
world data, based on simulation data. When the quantity of weighted real-world data is comparable to the simulation data, the
model’s error rate is reduced. Additionally, according to the feature importance of the best-performing model, the stratum loss
rate emerges as a critical input parameter for prediction, with the significance of geological conditions, spatial relationships,
and construction attributes being nearly equivalent.
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automated generation schemes
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