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* Some classes are confidently classified and have a low parameter
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* For other classes, despite being relatively confident, the parameter
uncertainty is higher due to the markedly different K values of potential
alternative classifications
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\ v High Accuracy: The deep learning LSTM-based _ _ o o
algorithm achieved a 97.4% classification accuracy * Relies heavily on grain size descriptions,
] for hydrofacies recognition from borehole log texts. lacking a stratigraphic perspective.
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hydrofacies proportions within units but

v' Consistent Validation: Results showed strong not for delineating stratigraphic

] agreement with existing hydrogeological maps, boundaries.
cross-sections, and literature data.
] v' Algorithm Strengths: Key success factors Future Potential
included a large training dataset, use of word

embeddings, and detailed grain size references in Combining text-based classification with
structured logs. additional well logs could support more

[ Conclusions ] advanced hydrostratigraphic modeling.
v" Replicability: The method is transferable to other

regions with adequate borehole data and pre-
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