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Groundwater drought in temperate regions remains an understudied research area, despite its growing significance. Projected changes in rainfall intensity, frequency, and duration are expected to increase
drought risk, highlighting the need for improved monitoring. However, defining and predicting groundwater drought poses significant challenges, particularly in Ireland’s temperate climate and complex
hydrogeology. This study aims to understand groundwater drought by: (1) evaluating existing drought indicators to better define groundwater drought; (2) characterising groundwater response to climate
extremes (e.g., drought); (3) developing machine learning models to forecast the occurrence of drought events.
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