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Introduction

This supplementary material provides further details of the method and data used in this
work. Text S1 describes tests of the methods and datasets used to identify observed ozone
suppression. Text S2 describes the test of ozone suppression in GEOS-Chem. Text S3
introduces the point process model in extreme value theory. Text S4 supplies details
about the calculation of the standard deviation of projected ozone episodes in the future
climate. Figures S1-S9 support the conclusions of this work; more details on these figures
can be found in the main text. Table S1 lists all the downscaled climate models used in
this study.



Text S1. Test of methods and datasets used to identify ozone suppression

We test the robustness of our approach to identify ozone suppression by comparing the
spatial distributions of this phenomenon calculated using different temperature datasets
and different preprocessing methods. In Section 2, we use daily maximum temperatures
(Tmax) from the North America Regional Reanalysis (NARR). As a first test, we detrend
the observed maximum daily 8-hour average (MDAS) ozone concentrations by first
subtracting the 2003-2012 linear trend from the raw data, and then adjusting the ozone
distribution in 2003-2007 to match that in 2008-2012. We adjust the distribution using
Quantile Mapping, as in Gudmundsson et al. [2012]. Figure Sla shows the resulting
spatial distribution of observed ozone suppression, calculated with daily 7max from
NARR for May-September from 2003 to 2012. Figure S1b shows the spatial distribution
of ozone suppression calculated with daily 7max from the statistically downscaled
gridded dataset (1/8°x1/8°) by Maurer et al. [2002]. This gridded dataset extends from
2003 only until 2010, and was also used in Steiner et al. [2010]. For Figure Slc, we
diagnose ozone suppression using 7max values provided by Global Surface Summary of
the Day (GSOD). Finally, Figure S1d shows ozone suppression calculated with the
NARR daily mean temperatures instead of daily 7max. All results identify a similar
spatial pattern of ozone suppression as in Figure 1, suggesting that ozone suppression is a
widespread phenomenon in the Northeast, Midwest, Southwest, and a few sites in the
deep South. We also test a series of different boundary temperatures between the normal
(30"-70™ percentiles) and high (90™-97.5™ percentiles) temperature regimes over the 816
sites in this study. The distributions of EPA sites in our tests showing ozone suppression
are similar to those in Figures 1 and S1. We find that the number of sites exhibiting ozone
suppression ranges from 150 to 164 (~20%). Of those sites showing ozone suppression,
only 6-40 sites show positive dO3/Tmax slopes and 0-3 sites show significantly positive
slopes above the cut-off temperature.

Text S2. Test of ozone suppression in GEOS-Chem

To investigate the causes of ozone suppression, we perform sensitivity simulations with
GEOS-Chem, a chemical transport model that has been used extensively to study ozone
air quality in the United States [e.g., Zhang et al., 2014; Mao et al., 2013]. Here we apply
version 10-01 (http://geos-chem.org/) with updated ozone-isoprene chemistry [Paulot et
al., 2009a; 2009b], driven by GEOSS5 assimilated meteorological data from the NASA
Global Modeling and Assimilation System (GMAO) for 2004-2012. The model has a
horizontal resolution of 0.5°x0.667° with 47 pressure levels over North America (140-
40°W, 10-70°N), nested within a global simulation with horizontal resolution of 4°x5°.
Biogenic emissions are from the inventory of Guenther et al. [2012]. We follow Hudman
et al. [2012] for emissions of nitrogen oxides (NOx) from soil, and Murray et al. [2012]
for lightning NOx. U.S. anthropogenic emissions are from the EPA National Emissions
Inventory (NEI). To correct the overestimate of mobile NOx emissions in the NEI
inventory reported in previous studies [Yu et al., 2012; Goldberg et al., 2014; Anderson et
al., 2014; Canty et al., 2015] and to reduce the bias between simulated and observed
ozone, we prescribe a 50% decrease of mobile NOx emission in the United States as in
Travis et al. [2015].



Text S3. Extreme value model

We model the daily MDAS ozone concentrations conditionally on daily maximum
temperature (7max), using a non-stationary PP model, which formulates the Poison
process limit of extreme ozone concentrations above a threshold [Coles, 2001; Rieder et
al., 2013]. Too low a threshold leads to a bias in the model parameters, while too high a
threshold reduces the number of datapoints to constrain the model and increases
uncertainty in these parameter estimates. Following Rieder et al. [2010], we use the 90"
percentile value of ozone concentrations at each site as the model threshold (denoted as u
in the equations below) for that site. Let {y,} be the observed daily MDAS8 ozone
concentrations with associated covariates of daily maximum temperature {7;}. Following
PP model theory as in Coles [2001], the MDAS8 ozone concentrations above the 90th
percentile for each site, conditioned on a specific temperature 7max and time ¢, can then
be expressed as a marginal distribution:
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where y, is the daily observed MDAS ozone from each individual AQS site, n, is the
number of observations in each year, u, . is the location parameter conditioned on both

time ¢ (e.g., 2003, 2004, etc.) and daily maximum temperature 7, ¢, (> 0) is the scale
parameter conditioned on Tmax, & is the shape factor, and f and g are linear functions.

The value of n, is 153, the total number of days from May 1 to September 30. The scale
parameter controls the spread of the distribution, while the shape parameter determines
the shape of the tails. More details on the PP model can be found in Coles [2001]. The
expected probability of daily MDAS ozone exceeding the national air quality standard
(NAAQS, 75 ppbv), conditioned on a specific temperature 7max and time ¢, is thus
calculated as
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To justify inclusion of temperature in our extreme value theory (EVT) model for
maximum daily 8-hour average (MDAS) ozone, we apply the likelihood ratio test to
observations at each site. We use the extRemes software package [Gilleland et al., 2011].
The base model is a stationary point process (PP) model with no covariates. The test
model is a non-stationary PP model, with the scale factor a function of maximum daily
temperature (7max). Suppose the negative log-likelihood is x for the base model and y for
the test model. The likelihood-ratio statistic D=-2*(y-x) then follows the chi-square
distribution [Coles, 2001; Reiss and Thomas, 2007; Gilleland et al., 2011]. We find
11.7% of the sites do not show significantly improved performance if we include daily
Tmax as a covariate in the model. These sites are mainly located to the south of 35°N,
where the correlation coefficients » of daily MDAS ozone and daily 7max range between
-0.2 and 0.2 (Figure S3b-c). Following Reiss and Thomas [2007], we also test if the
ozone depends on temperature in the tails. We find that sites showing no tail dependence



are located in the south (Figure S3d), consistent with the likelihood ratio test. Our results
suggest that increases in surface temperature will have negligible effect on ozone
episodes at these sites, and we do not project the future changes in episode number there.

Text S4. Standard deviation of the simulated changes in ozone episode days

We write the external and internal standard deviations of changes in ozone episode days
calculated from the 19 projections in different CMIP5 models over all bootstrap
simulations as below.
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where Ax, ; is the changes in ozone episode days by 2050s in the i™ (1 <i<19) model

and j™ (1 <j <n) bootstrap simulations, EI is the average change across all bootstrap
simulations in the i" (1 <i < 19) model, 6,,,, is the standard deviation caused by the
“internal” uncertainty of the parameters in the hybrid-EVT model, and the o, is the

standard deviation caused by the “external” uncertainty in the different temperature
projections across the 19 CMIP5 models.
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Figure S1. Distribution of EPA-AQS sites exhibiting “ozone suppression” at high
temperatures, calculated using different datasets and preprocessing methods. We define
ozone suppression as a statistically significant decrease in the slope of daily MDAS
ozone vs. daily 7max occurring above the 95th percentile in 7max. The panels show
ozone suppression calculated using (a) 2003-2012 7max from NARR, (b) statistically
downscaled Tmax from Maurer et al. [2002] for 2003-2012, (c) 2003-2012 observations
of Tmax from GSOD, and (d) 2003-2012 daily mean temperatures from NARR. Panel
(a) uses detrended ozone concentrations; Panels (b-d) use the original ozone data (i.e., not
detrended). See text for more details.
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Figure S2. Map of daily maximum cut-off temperatures, above which ozone suppression

occurs for (a) AQS and (b) CASTNET sites.

Only those sites exhibiting ozone

suppression at high temperatures are shown. See text for definition of ozone suppression.
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Figure S3. (a) The annual mean number of observed ozone episodes for May-September
from 2003 to 2012. Ozone episode days are defined as days with MDAS ozone above 75
ppbv. (b) The correlation coefficient » of daily MDAS8 ozone concentrations and daily
maximum temperatures (7max) in May-September during 2003-2012. (c) The sites where
the inclusion of 7max does not improve the EVT model for daily MDAS ozone. (d) The
sites where the daily MDAS8 ozone show no tail dependence on 7max.



(a) MDAS8 ozone vs. Tmax
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Figure S4. (a) Daily MDAS ozone concentrations as a function of daily maximum
temperatures (7max) at a sample EPA-AQS site (76.0W, 41.2N) in Nanticoke, PA,
during May-September from 2003 to 2012. The color points denote the MDAS ozone
concentrations averaged in a 2-K-wide moving temperature window. Different colors
represent the number of points in each 2-K bin, and the dashed lines show the confidence
interval with one standard deviation. The cut-off temperature at which we detect a
significant change in the ozone-T slope is shown as the blue dashed line at 303 K. (b)
Fraction of MDAS8 ozone above the EVT model threshold (70 ppbv) as a function of
Tmax (Equation ES5). The fitted fraction for temperatures below 303 K, as denoted as the
blue curve, is calculated using a point process model. The fitted fraction with
temperatures above 303 K (black line) is calculated by logistic regression. The observed
ozone fraction within each 2-K window is shown by colored points as in Panel (a). (¢)
Observed (blue bars) and simulated (solid black line) distribution of extreme ozone
concentrations above 70 ppb. The simulated distribution is calculated using the hybrid
extreme value model, as described in the text.
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Figure S5. Comparison of observed and simulated ozone episode days in the cross
validation across the United States over the 2003-2012 timeframe. For the model
evaluation, we use a 10-fold cross-validation, in which we use observations in one year as
the test data and the rest as the training data and repeat this process for every year. Each
point represents the mean ozone episode days at each site. The red line denotes the 1:1
line. Ozone episode days are defined as days with MDAS ozone above 75 ppbv.
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Figure S6. Changes in May-September (a) mean and (b) the 99th percentile daily
maximum temperatures (Tmax) from 2000-2009 to 2050-2059 in 19 statistically
downscaled CMIP5 climate projections following the RCP4.5 scenario.
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Figure S7. The (a) external and (b) internal standard deviation (std dev) of the simulated
changes in ozone episode days across the 19 CMIP5 models at each EPA-AQS site. The
external standard deviation refers to the uncertainty caused by the range of temperature
projections from the 19 models (E14), while the internal standard deviation refers to the
uncertainty in the parameter estimations of the hybrid-EVT model (E13).



(a) Change in ozone episode days in 2050s

N . " days15
% . 12
~ oA < . ..(‘A 9
. g @ » \/... ..;‘O: ‘\A 6
.l (o) ° .. K .‘ 4
A . ¢ {5?
o‘ ° A 3
\ Ao 3 A S. . A‘f‘tx 'é )
“g ™ A a4 a0 ® ‘ 1
0.5
Bts 0
-1

b) Standard deviation of change

days
o 6
(J °
4‘0 * e 5
o 0‘;“ ° 5 we, %, ,‘: 4
...: .".‘ > \/‘l:‘; o. .:é 3.5
T‘) . » .n" ] 3
. . Q:.%":.f , 25
- < ° (s
[ SAA‘,.,’.?A::,?J )
“fomaaa l‘..‘. ::'5
A A
A g . 0.5
0
-

Figure S8. (a) Mean changes from 2000-2009 to 2050-2059 in ozone episode days due to
climate change in the RCP4.5 scenario, as calculated using projections of daily mean
temperatures (and not maximum temperatures) from 19 CMIPS5 models. (b) The standard
deviation of the changes in ozone episode days across the 19 CMIP5 models at each site.
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Figure S9. Projected changes in ozone episode days in the (a,c) 90™ percentile and (b,d)
10™ percentile ranges, as calculated from an ensemble of 19 CMIP5 models. Changes are
from 2000-2009 to 2050-2059 due solely to climate change in the RCP4.5 scenario, and
are calculated using (a, b) statistically downscaled daily maximum temperatures and (c,
d) daily mean temperatures (not downscaled).
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Table S1. Models from the Coupled Model Intercomparison Project Phase 5 (CMIP5) used for

this study.

Model Name Institution

ACCESSI-0 Commonwealth Scientific and Industrial Regearch,Organization (CSIRO)
and Bureau of Meteorology (BOM), Australia

BCC-CSM1-1 Beijing Climate Center, China Meteorological Administration

CANESM2 Canadian Centre for Climate Modelling and Analysis

CCSM4 National Center for Atmospheric Research

CESM1-BGC Community Earth System Model Contributors

CNRM-CMS5 Centre National de Recherches Météorologiques / Centre Européen de

CSIRO-MK3-6-0

GFDL-ESM2G
GFDL-ESM2M
INMCM4

IPSL-CMS5A-LR

IPSL-CM5A-MR

MIROC-ESM

MIROC-ESM-
CHEM

MIROCS

MPI-ESM-LR

MPI-ESM-MR

MRI-CGCM3
NORESM1-M

Recherche et Formation Avancée en Calcul Scientifique

Commonwealth Scientific and Industrial Research Organization in
collaboration with Queensland Climate Change Centre of Excellence
NOAA Geophysical Fluid Dynamics Laboratory

NOAA Geophysical Fluid Dynamics Laboratory

Institute for Numerical Mathematics

Max-Planck-Institut fiir Meteorologie (Max Planck Institute for
Meteorology)

Max-Planck-Institut fiir Meteorologie (Max Planck Institute for
Meteorology)

Japan Agency for Marine-Earth Science and Technology, Atmosphere and
Ocean Research Institute (The University of Tokyo), and National Institute
for Environmental Studies

Japan Agency for Marine-Earth Science and Technology, Atmosphere and
Ocean Research Institute (The University of Tokyo), and National Institute
for Environmental Studies

Atmosphere and Ocean Research Institute (The University of Tokyo),
National Institute for Environmental Studies, and Japan Agency for Marine-
Earth Science and Technology

Max-Planck-Institut fiir Meteorologie (Max Planck Institute for
Meteorology)

Max-Planck-Institut fiir Meteorologie (Max Planck Institute for
Meteorology)

Meteorological Research Institute

Norwegian Climate Centre
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