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Figure. Race-ethnicity representation bias in the worst 10% exposure jurisdictions.Figure. Population-weighted exposure at the county subdivision level in NYS during 2013–2020. 
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Research Tool Domain for health-effects studiesObjectives

Machine Learning of Aerosol Properties
Input variables            →     Machine learning     →  Predictions                 .

• ML-derived CCN numbers in strong agreement with multi-

campaign aircraft measurements

• Aerosol size information is contained in speciated aerosol 

mass, chemistry, and meteorology and is extractable by ML

• Trained using GEOS-Chem-APM, the ML model adds only 

~3.1% overhead to GEOS-Chem Classic

• Also implemented in GISS-ModelE2.1-OMA with PNC now 

agreeing better with measurements

• ML trained on long-term GEOS-Chem-APM simulations

• Predictors: fractions of PM2.5 (NH4, SO4, NO3, SOA, BC, POC, 

dust, and salt), gaseous species (NOx, NH3, O3, SO2, OH, 

isoprene, and monoterpene), and meteorological variables 

(T, RH, precipitation, and solar radiation)

• Also captures [CCN0.4] variability & magnitude at ARM SGP

• RFaci changes from −1.46 to −1.11 W·m−2; 

closer to median IPCC value and GISS-

ModelE2.1-MATRIX

• Highlights need to account for the 

particle size changes from PI to PD in 

PNC and CDNC calculations

Largest excess risks of hospitalization 

(cardiovascular: 9.4–10.6% & 

respiratory: 13–16.7%) associated 

with UFP exposure for least green and 

least walkable jurisdictions
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-APM for pollutant exposure & health impacts
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