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level prediction. The result confirms that the BMA ensemble model has 
decreased the RMSE of head prediction compared to most model 
members. The BMMUQ framework is a useful tool to have better and 
more reliable groundwater level predictions, which is important for 
decision support applications. The framework is highly flexible to be 
implemented as there is no limitation to the number and complexity of 
alternative conceptual models. Also, future studies can consider other 
sources of uncertainty beyond the current scope of the study. However, 
the number and complexity of alternative conceptual models should be 
considered based on the modelling objective during implementation of 
the integrated uncertainty assessment approach to avoid expensive 
computational burden. 
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