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» Echo-State Networks (ESNs) are being more This work aimed to develop algorithms to characterize (i.e., quantify) relationships between climate The goal of this project is to use machine learning models to predict large-scale temperature extremes over
commonly used to model climate data due to their variables associated with the 1991 volcanic eruption of Mount Pinatubo. The eruption serves as a proxy the continental US on subseasonal time scales (2-8 weeks). Traditional physics-based weather models
ability to capture non-linear relationships in for a stratospheric aerosol injection. The approach taken developed spatio-temporal feature importance are too chaotic to predict extreme events beyond 15 days in advance. Improved forecasts may help with
spatio-temporal data [1-4]. for ESNs to quantify the importance of input variables over time. preparation for extreme temperature events. We are currently applied random forests, quantile random

» However, ESNs lack interpretability due to forests, and ESNs for prediction. We are employing feature importance to identify important variables
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on predicting stratospheric temperatures one month ahead. The analysis used Modern-Era Retrospective Analysis for Research and Applications, Version 2
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of the variables. The first five principle components from both variables were used for modeling.

Output stage: ridge regression is 2m temperature averaged within 5 regions of the continental US (CONUS). Input variables were averaged over 9 global regions for 8 different fields:
surface temperate, sea-level pressure, geopotential height at 850 hPa, 500 hPa, and 200 hPa, and air temperature at 850 hPa, 500 hPa, and 200 hPa.
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