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Objectives:
The central objective of this effort is to provide new scientific insights into (1) the factors that control bias in air quality assessment, and (2) the drivers of
global ozone trends and their impact on global air quality at scales relevant for assessing human health impacts. This research will demonstrate to the JPL

Scientific Understanding from Data Science (SUDS) Community a generalized approach for using explainable machine learning (ML) to identify, correct, and
gain insight from primary drivers of physical model biases while considering uncertainty.

Background. Data and ML/analysis pipeline:

* Qur current knowledge of air pollution suffers from large systematic errors in Long-term global datasets, large complex data requires a mature
physical model predictions and insufficient information from the current observing computational pipeline that incorporates data processing, ML and analysis.
systems, leading to a limited understanding of air quality and its health impact.
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Fig. 1. Schematic picture of processes that control surface ozone.
Surface ozone is hard to predict accurately due to errors in advection,
chemistry, and sub-grid processes.

Explainable machine learning:

Which input data makes the most impact on ozone prediction?
Using four measures of impact for existing and state-of-the-art explainability.

Feature and permutation importance, SHAP (Shapley Additive Explanations) value analysis
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