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[1] This study uses statistical downscaling to estimate the impact of future climate change
on air quality. We employ historical observations of surface ozone (O3) over the
Chicago area, large-scale climate variables from the National Center for Environmental
Protection (NCEP) reanalysis data, and climate projections from three GCMs (GFDL,
PCM, and HadCM3), driven by two SRES emission scenarios (A1FI and B1 for GFDL
and PCM; A2 and B1 for HadCM3). This approach calculates historic relationships
between meteorology and O, and considers how future meteorology would affect
ground-level Oj if these relationships remain constant. Ozone mixing ratios over Chicago
are found to be most sensitive to surface temperature, horizontal surface winds, surface
relative humidity, incoming solar radiation, and cloud cover. Considering the change

in O3 due to global climate change alone, summertime (June, July, and August) mean
mixing ratios over Chicago are projected to increase by 6—17 ppb by the end of the
century, depending on assumptions about global economic growth and choice of GCM.
Changes are greater under higher climate emissions scenarios and more sensitive
climate models (e.g. 24 ppb for GFDL A1FI as compared to 2 ppb for PCM B1).
However, this approach does not take into account changes in Os-precursor emissions nor
changes in local and lake-effect meteorology, which could combine with climate change
to either enhance or diminish the projected change in local mixing ratios. Statistical
downscaling is performed with the Statistical DownScaling Model (SDSM v. 4.1,

a publicly available scientific analysis and decision-support tool.
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1. Introduction

[2] It is well known that large-scale patterns in temper-
ature, humidity, incoming solar radiation and atmospheric
circulation affect formation and transport of tropospheric
ozone (O3) [e.g. Jacob et al., 1993; Sillman and Samson,
1995]. Thus, it is expected that changes in the global
climate may affect the frequency and magnitude of high-
O3 days across much of the United States. Indeed, the 2007
report of the Intergovernmental Panel on Climate Change
(IPCC) Working Group II refers to increases in surface Os
as one of the top five global health impacts of climate
change [IPCC, 2007a]. Here, we assess the change in Oj
over Chicago that would be expected due to projected
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climate change, neglecting future changes in local O3-
precursor emissions, land cover, or long range air pollution
transport.

[3] A county is defined as out of attainment with the
National Ambient Air Quality Standard (NAAQS) for Os
if the 3-year average of the annual 4th highest maximum
8-hour average exceeds 84 ppb. Twelve of the most popu-
lated counties in Illinois, all clustered in the northeast corner
of the state, near Chicago, and the southwest area of the
state, near St. Louis, are out of attainment with this federal
guideline [EPA, 2007a]. These regions tend to have high
levels of Os-precursor emissions of nitrogen oxide (NOXx)
and volatile organic compounds (VOCs) that react in the
presence of sunlight, with key reactions proceeding faster at
higher summer temperatures. Chicago, like many other
major U.S. cities, has struggled with air pollution since
the Industrial Revolution. Although Os-precursor emissions
and summertime O levels have significantly decreased
since the late 1970°s (Figure 1), O; in Chicago has never
been in compliance with standards set by the EPA to protect
public health.

[4] Our analysis approach identifies key dependencies
between 8-hour maximum surface Oz and near-surface
weather variables. We then apply these observationally
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Figure 1. Monthly mean O3 mixing ratios (ppb) from all
eight Cook County sites with measurements extending back
to 1990 or earlier, and continuing through 2006. The
number of active monitors varies by season and by year. In
general there are more monitors for recent years than earlier
years, and more monitors in the summer than in the winter.
Grey lines denote minimum and maximum monthly mean
values; the black line denotes the mean monthly O5 across
all sites. Black dots denote the 4th highest 8-hour maximum
observed across all active Cook County sites, excluding site
0042 which is not used to assess compliance.

determined relationships to projected meteorological varia-
bles from general circulation models (GCMs) over the 21st
century. This approach, known as statistical downscaling,
may be implemented with a variety of assumptions. Here,
we employ the Statistical Downscaling Model (SDSM) 4.1
[Wilby et al., 2002]. SDSM is a decision-support tool for the
rapid development of single—site climate impacts analysis,
and it has been used in multiple applications, including the
projection of changes in Oz over London due to both
climate change and the urban heat island effect. (Wilby
[2008] and references therein, especially Table 4; Wise
[2006]). SDSM constructs a downscaling relationship based
on multiple linear regression between the daily, measured
response variable (the predictand) and daily time series of
regional—scale, atmospheric variables (the predictor).

[5] The importance of climate change for O5 air pollution
has been highlighted by past studies estimating health
impacts of projected Oj increases over the 21st century
[Knowlton et al., 2004; Bell et al., 2007], as well as studies
that examine the mechanisms by which O3 over the U.S.
may increase under a changing climate. As noted, climate
change is only one factor affecting future Os;. Economic
growth, changing levels of background pollution, land
cover change, and new energy technologies all reflect global
changes with local effects, in Chicago and worldwide. Of
these, we consider the meteorologically driven changes in
O; associated with climate change alone.

[6] Multiple studies have concluded that projected cli-
mate change is expected to increase Os mixing ratios in
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polluted continental regions [Brasseur et al., 2006; Hogrefe
et al.,2004; Mickley et al., 2004; Steiner et al., 2006; Forkel
and Knoche, 2006; Murazaki and Hess, 2006; Tao et al.,
2007; Wilby, 2008]. These in turn build on previous studies
examining climate-O; connections under current conditions
[e.g. Jacob et al., 1993; Sillman and Samson, 1995; Aw and
Kleeman, 2003]. Hogrefe et al. [2004] find that O3 over the
eastern United States is likely to increase by an average of
5 ppb by the 2080s relative to the 1990s, due to regional
climate change alone associated with a medium/high-growth
climate emissions scenario (A2). In sensitivity studies look-
ing at five summers in the 2050s, the group found that,
although inflow of pollutants from outside the eastern U.S.
would have the largest impact on summertime average O3
mixing ratios, peak Oz values were more affected by climate
change than other analyzed factors which included both
transport into the region and changes in anthropogenic O;-
precursor emissions. Similarly, Murazaki and Hess [2006]
estimate a 5 ppb increase in O; over the eastern U.S. by the
end of the century under the A1 emissions growth scenario.
On the other hand, 7ao et al. [2007] highlighted the important
contrasts between A1FI and B1 scenarios to the O3 projec-
tions (2050 vs. 1998). They found that meteorological
changes contribute to increased O; in all regions under both
scenarios. Under B1, local reductions of Os-precursor emis-
sions offset the climate-induced increases, resulting in an
overall decrease across the Midwest (though still localized
increase of more than 5 ppb over the Chicago area). In
contrast, under A1FI, the climate effect dominates (96% in
the Midwest) and produces O; changes of 0—10 ppb across
the eastern U.S., consistent with estimates of other studies.

[7] Steiner et al. [2006] found that projected temperature
increases affect O; formation by increasing rates of PAN
decomposition and changing reaction rates of the hydroxyl
radical with VOCs; and that increased water vapor at
warmer temperatures increases HOx radical concentrations
and also contributes to higher Oz (it should be noted,
however, that increases in relative humidity decrease O3
[e.g. Camalier et al., 2007]). These and other known
mechanisms linking weather conditions and O3 mixing
ratios have led to some projections of future air quality
that do not explicitly calculate photochemical processes.
Mickley et al. [2004] suggest that over the Midwest,
pollution episodes by the 2050s may increase by 5—10%
due to an increased number of stagnation events. Leung and
Gustafson [2005] use a regional climate model (RCM) to
evaluate the change in air-quality-relevant parameters in
2045-2055 relative to 1995-2005, based on the A1B (mid-
range) emissions growth scenario, and find that in the
Midwest, temperatures only slightly change, downward
solar radiation is reduced, rainfall is more frequent, and
stagnation events occur less frequently. Note that the results
of Leung and Gustafson [2005] contradict those based on
the NASA Goddard Institute for Space Studies (GISS)
GCM, used to drive the Leung and Gustafson [2005]
RCM, as analyzed by Mickley et al. [2004]. Cheng et al.
[2007] classified weather variables that typically produce
high air pollution levels and found that high-O3 days could
increase by 40—100% by the 2050s in four cities in south-
central Canada.

[8] The results of these and other studies make it clear
that multiple climatic processes contribute to changes in Os,
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but the relative importance of each process varies. Higher
temperatures change temperature-dependent reaction rates;
increased water vapor (keeping relative humidity constant)
leads to greater OH concentrations and hence higher O;
formation rates; increased incoming solar radiation also
leads to higher OH (Murazaki and Hess [2006] highlight an
equivalent outcome from increasing water vapor and
increasing solar radiation); wind speed is typically nega-
tively correlated with O; mixing ratios, suggesting stagna-
tion events are conducive to build-up of Os-precursor
emissions and subsequent Oz formation [Mickley et al.,
2004]; and finally, higher temperatures and solar radiation
also lead to enhanced biogenic hydrocarbon emissions,
which play a particularly important role in NOx-limited
urban areas [e.g. Tao et al., 2007]. The net effect of these
processes on O; depends on NOx availability, among other
things.

2. Climate Projections

[9] Future projections are provided by three of the twenty-
three GCMs that submitted simulations to the IPCC Fourth
Assessment Report: the NOAA/GFDL CM2.1 [Delworth et
al., 2006], the UKMO HadCM3 [Pope et al., 2000], and the
DOE/NCAR PCM [Washington et al., 2000]. These models
simulate global climate with gridcells ranging in size from
1.8° square (GFDL) up to 2.5° by 3.75° degrees (HadCM3).
For the historical reference period (1961—1999), these
models were driven by the 20C3M forcing scenario for
the recent past, which includes observed concentrations of
greenhouse gases (including O3) and aerosols, changes in
solar radiation, and volcanic emissions [Meehl et al., 2006].
Future simulations were forced by the SRES A1FI and Bl
scenarios (for GFDL and PCM) and the SRES A2 and B1
scenarios (HadCM3).

[10] We focus on the AIFI and Bl scenarios from the
IPCC Special Report on Emissions Scenarios (SRES
[Nakicenovic and Swart, 2000]). A1FI is characterized by
high economic growth and a continued dependence on
fossil fuels, although with relatively rapid technological
development; the B1 scenario is also characterized by high
economic growth, but with a shift away from a material-
intensive economy and with the introduction of alternative
energy sources. A2 is characterized by slower economic
growth, and more regional heterogeneity. These scenarios
represent a wide range of potential futures, with CO,
doubling relative to pre-industrial times under the lower
B1 scenario, tripling under the mid-high A2 scenario, and
nearly quadrupling under the higher A1FI scenario.

[11] Although it is always desirable to look at a range of
scenarios with a range of GCMs, time and resources
(particularly for studies involving regional climate and/or
air quality modeling) typically limit the number of climate
simulations to one or two from which subsequent impacts
are calculated. Of the studies cited here, only Cheng et al.
[2007] and Wilby [2008] employ more than a single GCM.
Among the photochemical modeling studies only 7ao et al.
[2007] employ more than a single SRES emission scenario.
Here, using three GCMs enables us to cover a range of
climate sensitivities, from the low-sensitivity PCM to the
mid-high sensitivity GFDL and HadCM3 models, covering
approximately three-quarters of the IPCC range of likely
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temperature increases that would be expected from a dou-
bling of CO, (2.1°C, 3.4°C, and 3.3°C, are the equilibrium
climate sensitivities, respectively [/PCC, 2007b]).

3. Statistical Downscaling

[12] In statistical downscaling, historic Oj-climate rela-
tionships are diagnosed, and used to project future O3 as a
function of future climate. A number of statistical methods
have been developed and applied to air quality analysis and
prediction from meteorology, including the classification
and regression tree (CART) analysis and linear regression
for PM, forecasts [Slini et al., 2006], a generalized additive
model to correlate atmospheric variables and O3 [Schlink et
al., 2006], and traffic- and atmospheric-based linear regres-
sion to forecast O3 and NO, [Agirre-Basurko et al., 2006].
Hourly O; in Chicago was estimated with an accuracy of
about 80% by Davis et al. [1998] using a non-linear model
that included 11 meteorological variables, and a range of
artificial neural network techniques have also been applied
[e.g. Spellman, 1999; Prybutok et al., 2000]. Here we
employ a statistical downscaling method that identifies
correlations between large-scale atmospheric variables and
historical data taken at individual sites [Wilby et al., 2002].
The method has a low computational cost and has been
shown to work well in predicting local climate variables
such as temperature, sea level pressure, geopotential thick-
ness, and precipitation [e.g. Wigley et al., 1990; Widmann et
al., 2003; Spak et al., 2007], based on historical reanalysis-
measurement correlations and coarse-resolution GCM cli-
mate projections.

[13] In this study, the predictand is the daily maximum
8-hour average O; observed at monitoring sites in Cook
County, Illinois. The predictor variables were derived from
NCEP reanalysis for model calibration, and replaced by
GCM output variables for future scenarios. No auto-
regressive or lagged predictors (i.e., from previous days)
were used.

[14] SDSM artificially inflates the variance of the down-
scaled series using a stochastic component (white noise
from a random number generator), in order to overcome the
problem of underestimated variance typical of statistical
downscaling algorithms. This stochastic component may be
thought of as representing local weather variability associ-
ated with the large-scale climate, and all SDSM results
discussed here include this inflation/weather factor. For
each downscaling estimate, 20 ensemble members are run,
each based on the same large-scale daily climate data, but
with different (stochastic, site-specific) weather. So—in
evaluating the ability of the statistical downscaling method
to capture peak events—it is most appropriate to compare
the mean number of events in each individual simulation,
rather than the number of events reflected in the ensemble
mean, which will exhibit less variability than any one of the
individually generated ensemble members. NCEP data was
chosen for the training period so that the response of
observed O; to actual large-scale climate conditions on
the same day might be calculated. NCEP and GCM climate
mean statistics are then compared to characterize model
biases affecting analysis and projections.

[15] A unique regression model was fitted at each site
during the 1995-2006 period for each month, as is appro-

3of 14



D22306

HOLLOWAY ET AL.: OZONE AND CLIMATE CHANGE—CHICAGO

D22306

Figure 2.

(a) Location of EPA O; monitoring sites employed in this analysis. (b) Placement of grid

cells associated with the global model used for NCEP reanalysis, as well as the three GCMs used for
projections: GFDL, HadCM3, and PCM. Black box in the center represents the domain shown in

Figure 2a.

priate given the strong seasonal cycle of Os. In all cases, we
have removed the seasonal cycle from the predictand and
predictor variables by projecting each month independently,
using the “monthly” option on the SDSM. The SDSM was
then run using NCEP predictors for 1990—1994 (to validate
the approach), for 2002—2006 (to evaluate GCM perfor-
mance in the present), and for future years through 2099
using GCM predictors.

4. Predictand Data

[16] Monitoring of O; in Cook County began in 1965
with monthly mean values shown in Figure 1 (hourly values
from publicly available U.S. EPA online archives date back
to 1973). Since then, 48 different monitoring sites have been
established, with 23 still active in 2006. Of these 23, we
chose to analyze only the eight sites with data series
extending back to at least 1990 (Figure 2a).

[17] Among the eight sites, peak summertime average
mixing ratios tend to occur at the near-lake locations: 0032,
7002, and 0042 have the three highest values between
1995-2006; 7002 and 0042 are also highest between
1990-94 (during this earlier period, 0032 reports more
representative O; values). As shown in Figure 2a, these
three sites are all very close to the lake, with 7002 and 0032
directly located on the Lake Michigan Shore, and 0042
located in the Chicago central business district, known as
the “Loop,” only a few blocks in from the lake. As
expected, all sites demonstrate a strong seasonality in
surface O3, with summer 8-hour values from recent years
between 25 and 100 ppb, and wintertime mixing ratios
typically between 0 and 25 ppb. Among these sites, 0064
was chosen for initial screening to determine the key
variables to correlate between all sites and the large-scale
predictor data. The site was chosen in light of its continuous
12-month record since 1992, downtown location, and con-
sistency with other sites (rarely the highest or the lowest
values). Site 1003, to the northwest of the city, was also

analyzed in the same manner, with the same variables
emerging as dominant.

[18] The effect of Lake Michigan on near-lake air quality
is well established, and almost every county adjacent to the
lake (in Wisconsin, Illinois, Indiana, and Michigan) is out of
compliance with the O; NAAQS [EPA4, 2007a]. The high
heat capacity of the Great Lakes affects regional meteorol-
ogy in the summer, as cool lake temperatures produce stable
stratification over the lake, trap Oz-precursor emissions, and
enhance chemical production of secondary species [e.g.
Sillman et al., 1993]. When Os precursors are blown out
over the Great Lakes, especially Lake Michigan, they “cook
up” in the summer sun, trapped in the shallow boundary
layer. This combination of chemical and meteorological
conditions can produce the highest O3 levels in the region
over the middle of Lake Michigan. Daytime heating of the
shore sets up strong sea-breeze circulations on summer
afternoons, adding to locally produced, higher afternoon
O;. These regional patterns affect all sites in our study area.

[19] As a first step, daily maximum 8-hour O3 at Site
0064 was regressed against 60 daily average near-surface
weather variables available from NCEP archives with
possible physical dependencies on Os. Table 1 presents
these variables for the years 1995-2006, treating each
variable independently. Among these, we sought to identify
the subset most appropriate to use for projecting Oz from
GCM-projected climate variables. The subset was designed
to keep the number of variables to a minimum—to avoid
over-fitting the model—while maximizing the amount of O3
variance explained by the large-scale meteorology. An
additional consideration in selecting the final predictor
variables was the availability of each variable from the
daily archived GCM data at comparable vertical levels.

[20] Daily average temperature at 925 hPa showed the
strongest correlation with 8-hour O; (R? = 0.318), with
temperature at 1000 hPa (R? = 0.299), surface temperature
(R* = 0.274), and temperature at 850 hPa (R? = 0.249)
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Table 1. Correlation of Daily Maximum 8-hour O; Data at Site
0064 With Daily Average NCEP Weather Variables for the Years
1995-2006, in Order of Descending R? Value

Variable Level Units R’
Temperature 925 hPa (K) 0.318
Temperature 1000 hPa (K) 0.299
Temperature Surface (K) 0.274
Temperature 850 hPa (K) 0.249
Meridional (v) Wind Surface (m/s) 0.170
Geopotential Height 500 hPa (m) 0.141
Geopotential Height 400 hPa (m) 0.140
Temperature 700 hPa (K) 0.140
Geopotential Height 300 hPa (m) 0.136
Geopotential Height 600 hPa (m) 0.133
Geopotential Height 700 hPa (m) 0.116
Temperature 600 hPa (K) 0.111
Meridional (v) Wind 1000 hPa (m/s) 0.105
Temperature 500 hPa (K) 0.099
Temperature 400 hPa (K) 0.097
Temperature 300 hPa (K) 0.087
Meridional (v) Wind 925 hPa (m/s) 0.073
Meridional (v) Wind 850 hPa (m/s) 0.069
Zonal (u) Wind 300 hPa (m/s) 0.060
Relative Humidity 925 hPa % 0.057
Lifted Index Surface (K) 0.048
Relative Humidity 850 hPa % 0.045

Best 4 Layer Lifted Index (K) 0.044
Meridional (v) Wind 700 hPa (m/s) 0.042
Surface Downwelling Solar Flux Surface (W/m?) 0.040
Zonal (1) Wind 400 hPa (m/s) 0.038
Zonal (u) Wind 925 hPa (m/s) 0.035
Geopotential Height 850 hPa (m) 0.035
Meridional (v) Wind 600 hPa (m/s) 0.026
Zonal (u) Wind 500 hPa (m/s) 0.023
Zonal (1) Wind 850 hPa (m/s) 0.023
Cloud Cover % 0.022
Vertical (w) Wind 700 hPa (m/s) 0.022
Vertical (w) Wind 600 hPa (m/s) 0.020
Vertical (w) Wind 500 hPa (m/s) 0.017
Zonal (1) Wind Surface (m/s) 0.017
Meridional (v) Wind 500 hPa (m/s) 0.014
Precipitation Rate Surface (kg/m*/s) 0.013
Vertical (w) Wind 400 hPa (m/s) 0.011
Vertical (w) Wind 850 hPa (m/s) 0.011
Relative Humidity 400 hPa % 0.010
Relative Humidity 1000 hPa % 0.008
Zonal (u) Wind 600 hPa (m/s) 0.008
Horizontal Wind Speed Surface (m/s) 0.007
Geopotential Height 1000 hPa (m) 0.006
Meridional (v) Wind 400 hPa (m/s) 0.006
Vertical (w) Wind 300 hPa (m/s) 0.005
Vertical (w) Wind 925 hPa (m/s) 0.005
Relative Humidity 700 hPa % 0.004
Surface Pressure Surface (Pa) 0.004
Vertical (w) Wind Surface (m/s) 0.004
Zonal (u) Wind 1000 hPa (m/s) 0.003
Relative Humidity 300 hPa % 0.003
Relative Humidity 500 hPa % 0.003
Geopotential Height 925 hPa (m) 0.002
Preicipitable Water Content Surface (kg/m?) 0.001
Meridional (v) Wind 300 hPa (m/s) 0.000
Vertical (w) Wind 1000 hPa (m/s) 0.000
Relative Humidity 600 hPa % 0.000
Zonal (1) Wind 700 hPa (m/s) 0.000

showing similar levels of agreement, as would be expected
from temperatures at adjacent vertical levels.

[21] Members of the final predictor set were selected by
running the SDSM multiple times, with each iteration
including a greater number of potential weather variables.
Only predictor variables that significantly increased the
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explained O3 variance were kept in the group of final
variables, and included in subsequent simulations to iden-
tify additional variables. Thus, for example, geopotential
height, while independently closely correlated with surface
O3, was omitted from the model because it did not signif-
icantly increase the variance explained by temperature
alone. The set of recommended daily average predictor
variables, based on this approach, includes: surface temper-
ature, surface zonal wind (u), meridional wind (v), solar
flux, surface relative humidity, and cloud cover. However,
because these were not all available at daily resolution from
the three GCMs used (nor from most other GCMs that
submitted the results of their simulations to the IPCC AR4
database), the final predictor set included only four varia-
bles: surface temperature, u, v, and solar flux, which
together explain 38.7% of daily Os variance over the
1995-2006 time period. While cloud cover and relative
humidity were selected as marginal predictors through
stepwise regression, their omission only changed monthly
mean Oz by an average of 1.0% and daily variability by
0.64%. These results are broadly consistent with those of
Camalier et al. [2007], who found that temperature, humid-
ity, wind speed, and transport direction are the most
important explanatory variables for O; in eastern U.S. cities
(solar flux was not tested by Camalier et al. [2007]), and
Eshel and Bernstein [2006] who evaluated the dynamic
factors affecting ground-level O; in Illinois and concluded
that temperature, subsidence, and horizontal winds play
important roles. As noted in previous studies, the depen-
dence of surface Oz on specific meteorological variables
varies with local geography, so it is not surprising that our
results for Chicago differ from those calculated by Wilby
[2008] for London, where the dominant explanatory varia-
bles are near-surface temperature (R* = 0.36), near-surface
relative humidity (R? = 0.30), near-surface zonal wind (R* =
0.04), and sea-level pressure (R* = 0.03).

[22] Figure 3 shows the correlation between daily maxi-
mum 8-hour O3 and daily average temperature (a); wind-
speed (b); and solar radiation (c), shown for both summer
(May—October) and winter (November—April) conditions.
As expected, warmer temperatures are closely correlated
with increases in O3, and it is interesting to note the sharp
increase in the slope of the Os-temperature relationship at
temperatures higher than about 18°C (64.4°F). Daily max-
imum eight-hour O3 values rarely exceed 60 ppb on days
with average temperatures below 18°C, but at warmer
temperatures, the O3 values rise rapidly with temperature,
possibly due to summer circulation patterns that amplify the
temperature response. Both individual wind components
and windspeed shown in Figure 3b exhibit the tendency
for high O; during days with stagnant air. The response of
O; > 60 ppb to the u wind component individually (not
shown) is nearly centered around 0 m/s, suggesting that
westerly or easterly winds are equally likely to decrease O3,
whereas v winds show a tendency for weak southerly winds
to produce higher O; than zero or northerly flow. This
behavior may be explained by the inflow of pollutants from
industrial regions to the south of Chicago, stretching to
Gary, Indiana, or from other southern cities (e.g., St. Louis,
Indianapolis, Cincinnati), and from vegetated regions with
high biogenic VOC emissions. Daily mean solar radiation
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