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Ground-level ozone has a well established climate penalty associated with changing meteorological conditions
under future climate change, but most existing research focuses exclusively on ozone-temperature relationships
Oz_one defined at specific locations. Using an extreme-value theory approach, we model relationships between tem-
g:::ei:leeijllzlet};heory perature, humidity, and vapor pressure deficit and maximum daily 8 h ozone concentrations (MDAS8) across
CMAQ California using a combination of ozone station network data and Community Multiscale Air Quality Modeling

System (CMAQ) model output from 2008 to 2017. We use a spatial regression with time varying bias coefficients
to fuse station observations and modeled output into a spatially explicit gridded ozone dataset at 12 km reso-
lution, then fit independent Point Process models to every grid cell to estimate 5, 20, and 50 year ozone return-
levels across California. We evaluate the impact of climate change on ozone return levels and episode days under
RCP4.5 conditions using an ensemble of 18 downscaled CMIP5 climate models, finding changes of -6 to 8 ppb in
effective return levels and —8 to 16 episode days, Our results further strengthen the evidence for anozone climate
penalty in California and show the advantages of considering multiple climate variables when modeling ground-

level ozone.

1. Introduction

Ground-level ozone (hereafter, ozone) pollution in the United States
has improved over recent decades on average due to the reduction of
anthropogenic emissions (US EPA, 2016). However, as of 2015, one in
three Americans were still exposed to ozone levels that exceed National
Ambient Air Quality Standards (NAAQS) (Nolte et al., 2018). Health
implications associated with ozone exposure are well documented
through known associations with both long and short-term adverse
health effects, such as chest pain, coughing, asthma, respiratory diseases
and infections, and premature deaths (Bell et al., 2007; Fann et al., 2015,
2021; Garcia-Menendez et al., 2015; Kinney, 2008; Orru et al., 2017;
Silva et al., 2017; Tagaris et al., 2009). At current levels of anthropo-
genic emissions of ozone precursors, millions of Americans will continue
to be exposed to harmful concentrations of ozone into the near future
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(Fann et al., 2016; Fann et al., 2021). Furthermore, research indicates
that air quality gains associated with reduced anthropogenic emissions
are likely offset by a ’climate penalty’, or impacts associated with
changing meteorological conditions and subsequent biogenic emissions
that are conducive to ozone formation (Shi et al., 2019; Rasmussen et al.,
2013; Silva et al., 2017; Stowell et al., 2017; Coates et al., 2016).
There are multiple pathways by which ozone levels shift under
various climate scenarios. Ozone formation is driven by the interaction
of precursor emissions, such as nitrogen oxides (NOx) and volatile
organic compounds (VOCs), with sunlight, but is also affected by addi-
tional meteorological factors like temperature, humidity, wind patterns,
vapor pressure deficit, mixing height, and cloud cover, among others.
Among those factors, high temperatures, low humidity, and vapor
pressure deficit are all well documented in regards to their promotion of
increasing levels of ozone (Kavassalis and Murphy, 2017; Mahmud et al.,
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2008; Shen et al., 2016; Wells et al., 2021). Specifically, high tempera-
tures increase the rate at which ozone is formed and can cause local
vegetation to release more ozone precursors, such as isoprene (Nolte
et al., 2018b), low levels of humidity can extend the lifetime of ozone
(while high humidity promotes ozone depletion), and vapor pressure
deficit directly modulates the uptake of ozone by trees through the
opening and closing of stomata (Arnold et al., 2018; Kavassalis and
Murphy, 2017). Additionally, ozone formation depends on the local
VOC-to-NOx ratio. It is typically assumed that lowering NOx and/or
VOC’s will decrease local ozone concentrations; however, this is not
always true due to the complex chemistry of the VOC-to-NOx ratio. For
example, lowering NOx levels while VOC levels remain constant can
actually increase peak ozone concentrations. While these factors create
conditions in which ozone is able to develop and persist, shifts in natural
or anthropogenic emission of ozone precursors (Fann et al., 2016, Ka-
lashnikov et al. 2022) may also contribute to future ozone levels, but are
not a primary focus of this study.

Meteorological parameters are used as key components within
chemical transport and climate-chemistry models, which are frequently
used to complement observations from air quality monitoring stations
(Davis et al., 2011; Doherty et al., 2013; Fann et al., 2021; Nolte et al.,
2021; Torres-Vazquez et al., 2022). Some models like the U.S. EPA
Community Multiscale Air Quality Modeling System (CMAQ) can even
be run in a ‘coupled’ mode with common meteorological models (e.g.
Weather Research and Forecasting—WRF-CMAQ). Results from these
studies using climate-chemistry models generally find the net effect of
climate change on annual ozone levels in 2050 in the range of 1-5 ppb
(e.g. Wu et al., 2008; Stowell et al., 2017; Bell et al., 2007), with some
variation between regions. However, climate-chemistry models are
somewhat less effective at capturing ozone variability and may under-
estimate local ozone maxima, with uncertainties arising from multiple
sources including meteorological inputs and boundary condition speci-
fication, emissions inventories, and numerical representations of the
underlying physical and chemical processes (Doherty et al., 2013; Par-
rish et al., 2014; Torres-Vazquez et al., 2022). Statistical modeling of
ozone concentrations or ‘ozone episodes’ (days above high thresholds)
are common alternative approaches and also integrate meteorological
data to support predictions (Thompson et al., 2001). Past results show
increases of up to tens of additional ozone episode days/year depending
on region and climate scenario (Mahmud et al., 2008; Shen et al., 2016).
However, statistical analyses are typically constrained to specific
monitoring station locations where high quality time-series measure-
ments are available. Understanding how to integrate different modeling
approaches to characterize future ozone concentrations is an active area
of research (e.g. Berrocal et al., 2012; Davis et al., 2011; Zhang et al.,
2018; Turnock et al., 2020).

To these ends, in this study we build upon previous research in two
areas. We use an extreme value theory (EVT) (Coles, 2001) model to
investigate the 5-year, 20-year, and 50-year effective return levels of
ozone concentrations and the number of days per year that ozone ex-
ceeds 71 ppb presently and in the 2050’s. 71 ppb corresponds to an
‘unhealthy for sensitive groups’ day in the EPA Air Quality Index and is
typically the level at which behavioral modifications start to be rec-
ommended. Compared to other EVT research (Gouldsbrough et al.,
2022; Rieder et al., 2010; Shen et al., 2016), we evaluate a larger set of
meteorological covariates to determine whether ozone tails have sta-
tistical relationships with more factors than high temperatures, and how
climate-related shifts across multiple parameters affect future ozone
predictions. Additionally, our modeling approach fuses estimated ozone
concentration data from CMAQ with observations from monitoring
stations. Combining multiple complementary data sources facilitates
characterization of the ozone climate penalty with high spatial
resolution.
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2. Materials and methods

We focus our analysis on the state of California, which has the
highest ozone nonattainment rate in the United States (US EPA, 2022).
There are currently 37 out of 58 counties in California where at least a
portion of the county exceeds 2015 National Ambient Air Quality
Standards (NAAQS) for 8-h ozone. This equates to approximately 34.6
million people (93% of the population) per the 2010 population (US
EPA, 2022). California also has a dense network of ozone monitoring
stations and varying climate regimes, making it an ideal location to
analyze climate-related effects on ozone. For this study, we source ozone
concentration data from two sources: monitoring stations available from
the EPA Air Quality System (AQS) data program and model results from
CMAQ.

2.1. Developing gridded ozone concentration estimates

The EPA AQS data program collects air quality monitoring data for
six common air pollutants at hundreds of stations across the United
States. We focus on ozone observations calculated under the Ozone 8-h
(MDAS8) 2015 NAAQS. MDAS values represent the highest 8-h mean
ozone concentration measured over the course of a dayFor this study, we
acquired daily MDAS8 ozone concentration data at all AQS monitors in
California for the years of 2008-2017 from the AQS data portal. We
filtered the data range to the months of May-September; the months that
constitute the ‘ozone season’, when ozone episodes are most frequent
(Bloomer et al., 2009). We exclude monitoring stations that are missing
more than 10% of data across the ten-year period, leaving 136 out of a
total 226 stations. The average MDAS8 ozone concentrations across all
stations are shown in Fig. 1.

To achieve complete spatial coverage over California, we also sour-
ceCMAQ model results for ozone concentrations from EQUATES (EPA’s
Air QUAlity TimE Series Project). CMAQ is a state-of-the-art modeling
platform that combines current knowledge of atmospheric science and
air quality modeling to track the movement of pollution over time and
output volume-average pollutant concentrations across spatially
continuous grid cells and vertical layers (US EPA, 2021). All EQUATES
data were computed using CMAQ version 5.3.2 and WRF version 4.1.1.
The CMAQ ozone daily average surface concentrations datasets are
formatted to the same MDAS8 standards for calculating 8-h average
ozone concentrations on a grid with 12 km horizontal resolution over
the surface layer of the contiguous US. To match the AQS data records,
we downloaded daily CMAQ data between 2008 and 2017 for the
May-September months and filtered it to the state of California using a
US Census boundaries shapefile. The distribution of EPA stations over-
laid on CMAQ grid cells is shown in Fig. 2.

Comparing CMAQ output to corresponding ozone measurements
from AQS stations shows that ozone concentrations measured at AQS
stations are typically higher than CMAQ model output (Fig. 3a). The
mean difference among all stations was 7.3 ppb while the maximum
difference and minimum difference were 20.3 and —4.7 ppb, respec-
tively. These results are consistent with the EPA incremental evaluation
of the CMAQ system (Appel et al., 2021), and motivation for data fusion
efforts (e.g. Berrocal et al., 2012; Chen et al., 2014; Requia et al., 2020)
that aim to combine station observations and climate-chemistry model
output into a single consistent data layer. We address these differences
by fusing both data sources into a single unified set of daily gridded
ozone estimates using a geostatistical model that calibrates CMAQ
modeled estimates to AQS station data. Our approach is conceptually
similar to Berrocal et al. (2012) in using a spatial regression with time
varying bias coefficients to relate model output to air quality observa-
tions. For each daily time step (t = 1:153), we estimated observed ozone
concentrations using CMAQ concentrations of the corresponding grid
cell and a spatially varying random field modeled with a Gaussian
Random Field (GRF) Process (Equation (1)):
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Fig. 1. Average MDAS8 ozone concentrations across all 136 California stations between 2008 and 2017.
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Fig. 2. Location of ozone monitoring stations and CMAQ grid cells across California including referenced geographical names.
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Fig. 3. Percent Difference between AQS station data and modeled output for the 2008-2017 time period, May-September.

Yi(s) =Bow + Bign (x:) + € (€9)

Where Y,(s) is the observed concentration at AQS station, By, is the
value of the GRF, By (x;) is the regression coefficient for CMAQ con-
centrations, and ¢ is the model error term—all varying with day (¢).

We fit the model using the INLA-SPDE approach in R-INLA (Rue
et al., 2009; Lindgren et al., 2011), using all CMAQ grid cells that
contain AQS data stations. The SPDE approach uses a triangular mesh
defined across the study region to model the GRF. To help inform esti-
mation of spatial effect on the edges of the study area, we add obser-
vations from the closest AQS stations in neighboring states. After model
fitting, we extract the spatial field estimates on the full CMAQ grid and
use the coefficients from the fitted model to predict the ozone concen-
trations for every day in the complete time series. To assess model fit, we
recalculated the mean differences between station observations and
fused grid cell predictions and compared those to the differences
calculated against the original CMAQ data (Fig. 3). We find the fused
predictions are significantly closer to the AQS observations and less
biased towards overprediction.

2.2. Covariate data

To match the daily time-series of MDAS8 ozone concentrations, we
acquired a consistent set of daily meteorological covariates for each
CMAQ grid cell using Google Earth Engine. Although a small number of
AQS ozone stations also record in-situ meteorological data and CMAQ
uses WRF for meteorological inputs, we used an external source of
gridded meteorological data to facilitate consistent comparisons across
grid cells under both current and future conditions. For historical ob-
servations, we used daily covariate data from the University of Idaho
Gridded Surface Meteorological Dataset (GridMET), which have a native
spatial resolution of approximately 4 km (Abatzoglou, 2013). GridMET
uses a climatically aided interpolation process to blend several gridded
climate data and regional reanalysis datasets into a spatially and
temporally complete set of surface meteorological variables (Abatzo-
glou, 2013). We directly downloaded maximum temperature and min-
imum humidity data and derived vapor pressure deficit using equations
described in (Allen and Food and Agriculture Organization of the United
Nations, 1998). All three covariates have established relationships with
ozone formation. Daily observations were resampled onto the 12 km
CMAQ grid using a weighted average of each covariate value.

To construct time series representative of future climate conditions,

we first calculated change factors for each variable using data from 18
downscaled global climate models (GCMs) in the Multivariate Adaptive
Constructed Analogs Applied to Global Climate Models (MACAv2:
METDATA) (Abatzoglou and Brown, 2012) dataset. MACAv2 was vali-
dated across the Western US and has been shown to provide more ac-
curate predictions in complex terrain compared to other downscaling
methods (Abatzoglou and Brown, 2012). The MACAv2 dataset is also
trained against GridMET data and evaluated on the same 4 km grid,
which provides consistency in our covariate data sources. For this study,
we used data from the Representative Concentration Pathway (RCP) 4.5
scenario to present ‘'middle of the road’ estimates.

For each grid cell in the MACAv2 dataset, we calculated change
factors for each variable containing the percentage difference in the
mean ozone season temperature, minimum humidity, or vapor pressure
deficit between the 2008-2017 and 2048-2057 time periods. Separate
change factors were calculated for each of the 18 GCMs as well as an
ensemble mean and 10th and 90th percentile values. We then used the
change factors to scale the GridMET time series into multiple 2050s time
series that account for the overall trend in each variable. Daily covariate
values were scaled linearly by the change factor value for each respec-
tive variable, effectively creating mean-shifted versions of the present
day time series. Because the EVT approach used in this study ends up
averaging the output metrics across all yearly covariate values, the
change factor approach is an efficient way to assess shifts in climate. The
ensemble mean change factors for each of the three variables are shown
in Fig. 4. Temperature and vapor pressure deficits are all positive and
show the largest increases in the northeast and the smallest increases in
the south. Humidity shows the opposite trend, with reductions in the
northeast and increases in the south. Equivalent plots for the 10th and
90th percentiles are included in the supplementary information.

2.3. Extreme value theory model

To model extreme ozone levels across California, we used an EVT
approach that focuses on modeling the tail behavior of ozone probability
distributions (Coles, 2001). EVT has a long history of application in
ozone-related research and has been shown to be an appropriate dis-
tribution for modeling ozone tail behavior (Rieder et al., 2010; Shen
etal., 2016; Smith, 1989; Thompson et al., 2001). EVT approaches allow
for flexible model specifications, including a non-stationary Point Pro-
cess (PP) specification that allows for incorporating covariates on the
model parameters. This is an important model consideration in light of
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Fig. 4. Change factors (%) between current (2008-2017) and future (2048-2057) mean climate conditions for maximum temperature, minimum relative humidity,

and vapor pressure deficit between May and September. .

previous research showing a strong non-stationarity between meteoro-
logical covariates and ozone concentrations (Wells et al., 2021).

Using the PP formulation from Gilleland and Katz (2016), a Poisson
point process for intensity measure A on the set A = (t1,t2) x (X, 00) is
given by:

A(A):(ZZ_I,).[l+g%]?.z(1+g~(x—y)/020) @

Where yu, 0, ¢ are location, scale, and shape parameters, and I is an in-
dicator function that is zero or one based on whether the specified
condition is met. The time frame [t;,t;] as [0,1] and parametrize the
“season” length as 153 days, or the time period lasting from May 1st to
September 31st. Conditional on the scale parameter being greater than
zero, the Poisson rate parameter A defines the frequency of exceeding a
given threshold yu:

=1+ ®

We used a maximum likelihood approach to fit the model parame-
ters. For a high threshold u, the PP log likelihood is given by:

l(ﬂv o, §;x17 ~~~7xn) =—klno

g o) o

i=1

Where ny is the number of years of data and [, is an indicator func-
tion. Following (Shen et al., 2016), we selected a threshold equal to the
90th percentile value of ozone concentrations at each station or grid cell,
respectively. For a few grid cells with a 90th percentile value above 71
ppb, we fixed the threshold at 71 ppb to ensure consistent prediction for
ozone episode days. To model non-stationary behavior given a covariate
x, we specified linear predictors of the form y(x) = yo +y1(x) on the
location () and scale (¢) parameters, or both. We log transformed the
scale parameter to ensure it remains positive valued.

We used a multi-stage process to identify the multiple candidate
models for each grid cell, adapted from the generalized EVT workflow
described in Towler et al. (2020). All model fitting was completed using
the R package extRemes version 2.1-2 (Gilleland and Katz, 2016).
Treating each grid cell independently, we first declustered the ozone
time series using a runs based declustering algorithm (Coles, 2001) built
into the extRemes package. This step helps satisfy the Poisson

assumption for the Point Process model by replacing clusters of values
above a threshold with a single value. We then iterated through three
sets of candidate models, each nested within the previous set to facilitate
goodness of fit comparisons between model options. The first model set
included a baseline model with no covariates on any parameters and
model with year as a predictor on the location parameter to test for
stationarity in the ozone time series. The second and third sets of models
tested the inclusion of temperature, vapor pressure deficit, and humidity
as covariates on the location and scale parameters, respectively. At each
stage, we used likelihood ratio tests to evaluate the significance of
adding additional covariates to the model formulas. If the inclusion of
covariates was significant (p<=.05), we proceeded to the next set of
models with the chosen formulation. For choosing between meteoro-
logical covariates, we selected the covariate model with the lowest
Akaike Information Criteria (AIC). To test model sensitivity, we also
retained alternate model fits at each stage of the model fitting process.
These included a baseline model with no covariates, a baseline model
with only year as a covariate, a location parameter only model, and both
location and location/scale models that forced the inclusion of the year
covariate to further assess the temporal stationarity assumption. In total,
this returned six candidate models for each grid cell.

Using the model candidates for each grid cell, we produced two
primary metrics: effective return levels at 5-year, 20-year, and 50-year
return periods, and the expected number of and the expected number
of ozone ’episode days’ (>71 ppb or ‘unhealthy for sensitive groups’ in
the EPA Air Index). Both metrics were produced for current and 2050s
climate conditions. Effective return levels are analogous to quantiles
above for each grid cell, e.g. a 20-year effective return level corresponds
to the ozone concentration that occurs with 5% probability above the
threshold. We use the daily time series of current and future as inputs for
both metrics and average outputs across all ten years to return expected
annual values, with additional sensitivity tests on the future predictions
using the 10th and 90th percentile change factors.. For future pre-
dictions in models with year as a covariate, we fixed the value of the year
covariate to equal the time frame 2015-2017, the final three years in the
dataset. To compare fits across model candidates, we compared the root
mean squared error (RMSE) between model predicted effective return
levels and corresponding quantiles from the fused predictions.
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3. Results

Fig. 5 shows the RMSE across our model candidates. Models labeled
with ‘year’ are the candidate models that included year as a covariate on
the location parameter for all grid cells. We find significant reductions in
RMSE (~5 ppb) in any model with meteorological covariate data and
small differences between subsequent variations. Differences between
the location and location/scale models are very small, but the candidate
models with year as a covariate improve predictions for several specific
outlier grid cells. The location/scale and year model shows the best
overall performance, but only six grid cells pass the likelihood ratio test
for inclusion of scale covariates (Fig. S9). Based on these findings, we
select the location model with year and meteorological covariates as our
preferred model that balances complexity and simplicity. The fitted
meteorological covariates for each grid cell under this model are shown
in Fig. 6. Results for the remainder of the model options are included in
the supplementary information.

Fig. 7 shows ozone effective return levels in parts per billion at 5, 20,
and 50 year return periods across California and their respective esti-
mated changes under 2050s climate conditions. Results for the 10th and
90th percentile climate conditions are included in the supplementary
information. Effective return levels range from 44-47 ppb to 109-164
ppb across California, with the lowest values along the central coastline
and the highest values in the central and south central regions. These
estimates are consistent with observational records for the areas that
have historically seen high ozone exposures. We find the largest change
in return levels (6-8 ppb) in the Central Valley and Lake Tahoe, with
more modest increases of 0—4 ppb in the northern part of the state. Our
results show small decreases 0-4 ppb in select regions, particularly along
the coastline and across the southern portions of the state. These spatial
patterns are preserved in the 10th and 90th percentile scenarios (Figs. S2
and S5). Examining the change factors (Fig. 4) in conjunction with the
model covariates (Fig. 6) shows that these changes are driven by
increasing minimum humidity levels in the southern regions and
increasing vapor pressure deficit and temperature in the central and
northern regions. The magnitude of predicted changes is generally not
large enough to dramatically alter the air quality of regions with good to
moderate ozone levels in current conditions, but these results do suggest
that some areas in northern California without present-day concern are
likely to experience some unhealthy days under 2050s climate
conditions.

Fig. 8 shows the model predicted number of ozone episode days
across California for current and 2050s conditions under an ensemble

RMSE
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mean of CMIP5 climate projections. We find that a majority of California
experiences less than ten ozone episode days per year. Higher values are
geographically concentrated in the central and south-central regions,
with some grid cells showing up to 15 ozone episode days per year.
Model predictions under 2050s climate conditions have a greater effect
in these areas with existing ozone pollution, with estimated increases of
5 to 16 additional annual ozone episode days. The climate effect is less
pronounced throughout the rest of the state where smaller changes of
one to four ozone episode days are expected. In total, these changes
indicate a net climate penalty, with projected increases in ozone pollu-
tion outweighing the effects of localized reductions. However, changing
climate conditions are not generally large enough to create ozone
episode days in areas without existing ozone pollution..

4. Discussion

Although emission control strategies have been effective at reducing
ozone concentrations across California, large portions of the state
remain in non-attainment status under EPA standards and face com-
pounding challenges under changing climate conditions that are
conducive to ozone formation (Mahmud et al., 2008; Rasmussen et al.,
2013). With growing evidence that ozone exposure contributes to a
broad range of negative health effects (Bell et al., 2007; Fann et al.,
2015, 2021; Garcia-Menendez et al., 2015; Kinney, 2008; Orru et al.,
2017; Silva et al., 2017; Tagaris et al., 2009), especially in the
short-term, understanding the potential burden of climate change on
high levels of ozone pollution is an important area of research. Using an
EVT modeling approach in combination with a fused data set of EPA
station observations and CMAQ model output, we produced a spatially
explicit characterization of extreme ozone concentrations under past
and future climate conditions. Our results show increases in annual
ozone episode days under 2050s climate conditions by an average of 5.4
episode-days (Fig. 8). Corresponding average changes in effective return
level estimates range from —4 to 8 ppb, with a small net positive mean
increase of 0.3 - 0.4 ppb across California ppb (Fig. 7). The number of
additional episode days trends significantly higher n areas that currently
experience high levels of ozone pollution, including much of Central
California. These results are consistent with other research highlighting
the emergence of a climate penalty of ozone in California (Shen et al.,
2016).

Our methodological approach expands previous research in several
important ways. While multiple meteorological variables including
temperature, humidity, wind speed, and vapor pressure deficit have

L] [ ]
]
. . » «
» ]
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Baseline Year Loc/Scale Loc Loc, Year Loc/Scale, Year
Model

Return Period

5 e 20 e 50

Fig. 5. RMSE by model and return period.
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Location

1 Maximum Temperature
B Minimum Humidity

[ Vapor Pressure Deficit
1 None

Fig. 6. Meteorological covariates on the location parameter selected for each grid cell.

been included as explanatory covariates in previous statistical models of
ozone concentrations, extreme-value analyses have predominantly
focused on extreme heat (Gouldsbrough et al., 2022; Shen et al., 2016).
In this study, we evaluated an expanded covariate set, finding strong
ozone tail dependence on temperature, humidity, and vapor pressure
deficit at varying locations across California. These results were robust
across multiple formulations of the EVT model, andare consistent with
literature showing non-stationary covariate relationships across the U.S.
(Wells et al., 2021). Our findings are also consistent with studies pro-
posing the importance of vapor pressure deficit as an ozone predictor
and an important meteorological dependency that helps regulate the
ozone-humidity relationship (Kavassalis and Murphy, 2017). These
findings highlight the importance of considering multiple meteorolog-
ical covariates in analyses of ozone tail dependence, even in locations
that have shown historically strong temperature-ozone relationships. By
fitting a separate EVT model to each grid cell and station location, our
approach allows for the highest degree of non-stationary covariate re-
lationships. We found covariate relationships typically vary smoothly
across space (Fig. 6), but there are instances where individual pixels are
different from their spatial neighbors or stations are fit to different
covariates than their containing grid cell. In future work, it is worth
considering whether a regional modeling approach or another EVT
implementation with spatial dependence would reduce the risk of
overfitting individual locations.

Another novel feature of our analysis is the fusion of both EPA sta-
tions and CMAQ grid-based ozone estimates. To our knowledge, this is
the first study that applies an EVT modeling approach to simulate
extreme ozone concentrations under future climate conditions on a
spatially explicit grid. Although CMAQ is a modeled data product and
comes with more uncertainty, it provides consistent spatial coverage
that allows for estimation in areas that lack ozone monitoring stations.
Even in California, a state with one of the densest networks of ozone
monitoring stations in the U.S., there exist significant gaps in coverage.
We find that some of the highest predicted ozone return levels are
located in these areas without station coverage (Fig. 7). These results
reinforce the need to provide more complete representations of air
pollution across space and time—a trend that is developing alongside
new data assimilation techniques and low cost monitoring sensors
(Berrocal et al., 2012; Davis et al., 2011; Requia et al., 2020; Skipper
et al.,, 2021). Our model approach also has several limitations. The
CMAQ grid resolution we used in this analysis is 12 km, which may not
capture fine-scale spatial variation in meteorology or ozone levels. We
applied a simple bias correction to bring the underlying CMAQ data
more in line with the EPA station observations, but our procedure does
not fully remove all differences between the two sources of information.
. Implementing a more complex bias correction, potentially with other
covariates, may further improve the accuracy of results. We also
assumed that ozone precursor emissions and background ozone levels
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Fig. 7. Maps of effective return levels at return periods (5, 20, 50) and changes under 2050s climate conditions.

Number of Ozone Episode Days: 2008-2017 Number of Ozone Episode Days: 2048-2057 Projections

Fig. 8. Estimated number of ozone episode days under current and future climate conditions.



B. Wilson et al.

remained constant at 2008-2017 levels in this study. Background ozone
levels are affected by a multitude of factors that could plausibly change
under future climate conditions including air flow dynamics and tur-
bulence levels, chemical reaction rates, and vertical mixing boundary
layer (Ebi and McGregor, 2008). However, recent research points to
California remaining a regional hotspot for background ozone concen-
trations, with frequent occurrences of stable anticyclonic conditions
alongside high temperatures and low boundary layer ventilation (Gau-
del et al., 2018; Pan and Faloona, 2022). These conditions are also
increasingly present during wildfires, which have played a dominant
role in ozone episode days in recent years (Pan and Faloona, 2022). Even
without considering increased biomass burning during fires, California
consistently shows increases in ozone concentrations across multiple
climate scenarios and under both 2011 and projected 2040 emissions
inventories (Nolte et al., 2021). Therefore, we expect the results of this
research to be a conservative estimate of the total ozone climate penalty.
As the multifaceted interactions between meteorological and anthro-
pogenic factors are better understood into the future, the extreme-value
theory approach presented in this paper could be revisited.

5. Conclusion

In order to better understand how projected 2050s climate condi-
tions will affect extreme ozone levels across all of California, we trained
a Point Process EVT model on a fused ozone surface produced from AQS
and CMAQ ozone datasets from 2008 to 2017 and applied the results to
2050 climate conditions derived from downscaled CMIP5 GCMs. We
found that a combination of daily temperature, humidity, and vapor
pressure deficit covariates were able to effectively model observed
ozone tail distributions between 2008 and 2017. Our results show net
increases in ozone episode days and higher ozone return level concen-
trations across most of California under 2050s climate conditions, add-
ing evidence to a larger body of literature suggesting that a climate
penalty may offset planned emission reduction strategies. Continued
research into characterizing the multiple pathways by which future
climate conditions may be conducive to ozone formation is critically
important for informing subsequent population health implications
research—especially for sensitive populations that may ultimately be
the ones most likely to be negatively affected by the ozone climate
penalty.
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