2026 SPACE WEATHER WORKSHOP - BOULDER, CO - APRIL 27,2026 - MAY 1,2026

Thermospheric Neutral Species Reduced Order Probabilistic Emulator: Dimensionality Reduction

Nathaniel Michek’ - Piyush Mehta'
' ASSIST Lab, West Virginia University

Background Benefits of Modeling Neutral Composition

WestVirginiaUniversity.

Methodology
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Model Variation Results

Model Reconstruction MAPE Results
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