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Research Motivation: Explore ensemble machine learning approaches to understand and forecast phytoplankton dynamics

Phytoplankton blooms in freshwater systems, driven by eutrophication and climate change, threaten ecosystems, human health, and economies. Traditional process-based models are constrained by computational demands, parameterization
uncertainties, and limited predictive accuracy in capturing the nonlinear dynamics of phytoplankton. Machine learning (ML) offers promise but is limited by its inherent "black-box" nature and sensitivity to input data and output predictions;
consequently, applications of machine learning for water quality forecasting have been limited to date. In this analysis, we explore ML approaches to answer: How can a ML framework enhance phytoplankton bloom forecasting, and Explainable Al
(XAl) quantify the dynamic, horizon-dependent influence of environmental drivers?
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