Supplementary Information

Fire-Driven Trend Reversal in U.S. Ozone Exposure and Air Quality Progress

Weizhi Deng1, Jun Wang1,*, Meng Zhou2,*, Xi Chen1, Xiaodong Wu3, Huanxin Zhang1, Jason B. Cohen4, Jing Wei5, Arlindo da Silva2, Guy P. Brasseur6,7, Claire Granier8,9, Laurence Rouil10

1Department of Chemical & Biochemical Engineering, The University of Iowa, Iowa City, IA, 52242, USA

2Global Modeling and Assimilation Office, NASA Goddard Space Flight Center, Greenbelt, MD, 20771, USA

3Department of Electrical & Computer Engineering, The University of Iowa, Iowa City, IA, 52242, USA

4School of Environment and Spatial Informatics, China University of Mining and Technology, Xuzhou, China

5Department of Atmospheric and Oceanic Science, Earth System Science Interdisciplinary Center, University of Maryland, College Park, MD, USA

6Atmospheric Chemistry Observations and Modeling Laboratory, National Center for Atmospheric Research, Boulder, CO, USA

7Environmental Modeling Group, Max Planck Institute for Meteorology, Hamburg, Germany

8Laboratoire d’Aérologie, CNRS, Université de Toulouse, 31013 Toulouse, France

9NOAA/Chemical Sciences Laboratory/CIRES, University of Colorado, Boulder, CO 80221, USA

10European Centre for Medium-Range Weather Forecasts, Robert-Schuman-Platz 3, 53175 Bonn, Germany

*Correspondence to: Jun Wang (jun-wang-1@uiowa.edu), Meng Zhou (mzhou16@umbc.edu)


Table of Contents

Supplementary Text	3
Text S1: Feature importance	3
Supplementary Table	4
Table S1: Performance of ML studies predicting MDA8 O3	4
Table S2: Target and features used for deep learning	5
Supplementary Figure	6
Figure S1: Out-of-station 5-fold cross-validation results for MLP-predicted MDA8	6
Figure S2: Time series of GFED4s dry matter burned during fire season and estimated fire-elevated warm-season MDA8 levels in the Western USA	6
Figure S3: Histogram of the EPA daily MDA8 measurements and their corresponding weight coefficient used in the cost function during MLP training	7
Figure S4: Feature importance calculated using the SHAP approach	7
References	8




[bookmark: _Toc202194265]Supplementary Text

[bookmark: _Toc202194266]Text S1: Feature importance
The relative feature importance is quantified using the Shapley Additive Explanations (SHAP) approach (Figure S4) [1]. The most influential feature is the MDA8 derived from CAMS, contributing 20.7% to the overall magnitude of model predictions. Higher values of CAMS MDA8 are positively associated with the predicted MDA8 levels. The second most significant feature is the all-sky shortwave downwelling flux from CERES (7.8% contribution), which also positively impacts MDA8 predictions, highlighting the role of high-energy photons in driving the photolysis of NO2 to form O3. The third important feature is the CAMS surface HCHO concentration (7.6% contribution), where higher values are predominantly negatively associated with MDA8 predictions. On the other hand, CAMS surface NO2 concentration (4.1% contribution, ranked tenth) is overall positively associated with MDA8 predictions. This combination may suggest that O3 formation is in general NOx-limited over CONUS in the past two decades, explaining the decline of O3 as a result of regulated NOx reduction. The fourth ranked feature is the 2-m temperature from ERA5 (6.8% contribution), demonstrating the possible role of temperature in affecting reaction rates. The fifth ranked feature is the day of year (6.4% contribution), consistent with the seasonal cycle of surface O3 with peaks mostly in spring and summer. Local- and large-scale topography features, such as ASTER elevation (5.9% contribution, ranked sixth) and open water fraction (5.3% contribution, ranked seventh) also play a role predicting MDA8. Other features provide more nuanced contributions, reflecting the complex interplay of factors impacting MDA8 levels.
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[bookmark: _Toc202194268]Table S1: Performance of ML studies predicting MDA8 O3.
	Reference
	Region
	Study period
	Resolution
	Method
	R2
	RMSE
	Best-fit

	[2]
	CONUS
	2019
	4 km

	Convolutional neural network
	0.90 (samplea)
0.83 (stationb)
	3.88 ppb (sample)
4.91 ppb (station)
	Not given

	[3]
	China
	2016-2020
	10 km
	Convolutional neural network
	0.88 (sample)
0.85 (station)
	7.84 ppbc (sample)
8.66 ppb (station)
	y = 0.86x + 6.65 (ppb) (sample)
y = 0.84x + 7.24 (ppb) (station)

	[4]
	China
	2013-2020
	10 km
	Extreme random trees
	0.87 (sample)
0.80 (station)
	8.57 ppb (sample)
10.57 ppb (station)
	y = 0.87x + 5.91 (ppb) (sample)

	[5]
	China
	2013-2017
	10 km
	Extreme gradient boosting
	0.78 (sample)
0.64 (station)
	10.76 ppb (sample)
13.66 ppb (station)
	x = 1.00y – 1.90 (ppb)d (sample)
x = 0.99y + 0.50 (ppb) (station)

	[6]
	CONUS
	2000-2016
	1 km
	Ensemble of neural network, random forest, and gradient boost
	0.91 (station, monthlye)
	4.67 ppb (station, monthlye)
	y = 0.99x + 0.65 (ppb) (station, monthlye)

	[7]
	CONUS
	2000-2012
	1 km
	Neural network
	0.76 (station)
	7.36 ppb (station)
	y = 0.99x + 1.20 (ppb) (station)

	[8]
	China
	2000-2021
	1 km
	Deep forest
	0.89 (sample)
0.84 (station)
	7.90 ppb (sample) 
9.39 ppb
(station)
	y = 0.86x + 6.52 (ppb) (sample)
y = 0.83x + 7.95 (ppb) (station)

	This study
	CONUS
	2003-2023
	1 km
	Multi-layer perceptron with custom cost function
	0.88 (sample)
0.80 (station)
	4.99 ppb (sample)
6.35 ppb (station)
	y = 0.98x + 0.98 (ppb) (sample)
y = 0.90x + 3.92 (ppb) (station)


a The statistics is based on out-of-sample cross-validation.
b The statistics is based on out-of-station cross-validation.
c Unit conversion factor for ozone: 1 g/m3 = 0.5011 ppb at 20 °C and 1013 hPa.
d The study regresses observation (x) against prediction (y).
e The statistics in the study is based on monthly average MDA8.
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	Variable
	Description
	Unit
	Spatial resolution
	Temporal resolution
	Data source
	References

	Ground measurement
	MDA8
	Maximum daily 8-hour ozone
	ppb
	Point source
	Daily
	US EPA
	

	Satellite remote sensing
	SWF
	All-sky surface shortwave downwelling flux
	Wm-2
	1°×1°
	Daily
	CERES
	[9]

	
	NTL
	Night-time light intensity
	nWcm-2sr-1
	375 m
	Annual
	VIIRS
	[10]

	
	NDVI
	Normalized difference vegetation index
	/
	1 km
	Monthly
	MODIS
	[11]

	
	LU
	Land use type
	/
	500 m
	Annual
	MODIS
	[12]

	
	DEM
	Elevation
	m
	30 m
	Static
	ASTER 
	[13]

	
	POP
	Population count
	persons
	1 km
	Annual
	LandScan
	[14]

	Model reanalysis
	MDA8
	Derived maximum daily 8-hour ozone
	ppb
	0.75°×0.75°
	Daily 
	CAMS 

CAMS
	[15]

	
	TO3
	Total column ozone
	kgm-2
	0.75°×0.75°
	3-hourly
	
	[15]

	
	NO2
	Surface nitrogen dioxide
	kgkg-1
	0.75°×0.75°
	3-hourly
	CAMS
	[15]

	
	HCHO
	Surface formaldehyde
	kgkg-1
	0.75°×0.75°
	3-hourly
	CAMS 
	[15]

	
	T2M
	Air temperature at 2 m
	K
	0.1°×0.1°
	Hourly
	ERA5
	[16]

	
	DPD
	Dew point depression at 2 m
	K
	0.1°×0.1°
	Hourly
	ERA5
	[16]

	
	U10
	Zonal wind at 10 m
	ms-1
	0.1°×0.1°
	Hourly
	ERA5
	[16]

	
	V10
	Meridional wind at 10 m
	ms-1
	0.1°×0.1°
	Hourly
	ERA5
	[16]

	
	BLH
	Boundary layer height
	m
	0.25°×0.25°
	Hourly
	ERA5
	[17]

	Auxiliary
	DOY
	Day of year
	
	
	
	
	

	
	FWATER
	Fraction of open water 
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[bookmark: _Toc202194271]Figure S1: Out-of-station 5-fold cross-validation results for MLP-predicted MDA8, compared against EPA measurements over CONUS for the period 2003-2023. The black solid line is 1:1 line, the black dashed line is best-fit regression line, and the red dashed lines are the 2015 NAAQS standard. Color represents data density.
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[bookmark: _Toc202194272]Figure S2: Time series of GFED4s dry matter burned during fire season (black line) and estimated fire-elevated warm-season MDA8 levels (red line with uncertainty range) in the Western USA. Their correlation coefficients are annotated on the top left.
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[bookmark: _Toc202194273]Figure S3: Histogram of the EPA daily MDA8 measurements ( in Eq. 1) from 2003 to 2023 (grey), and their corresponding absolute weight coefficient ( in Eq. 1) used in the cost function during MLP training (blue). The black line is the reference Gaussian distribution. EE stands for exceedance events (highlighted in red).
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[bookmark: _Toc202194274]Figure S4: Feature importance calculated using the SHAP approach. Features are ranked by their relative importance (only the top 15 features are displayed). Each dot represents a case in the test sets, with the color indicating the value of the respective feature, and the SHAP value indicates its contribution to the target value. Percentages reflect the relative importance of each feature, calculated as the mean absolute SHAP value divided by the sum across all features. Please refer to Table S2 for acronyms.
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