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Abstract. The effect of climate change on populationweighted concentrations of particulate matter (PM) during
extreme pollution events was studied using the Parallel Climate Model (PCM), the Weather Research and Forecasting
(WRF) model and the UCD/CIT 3-D photochemical air quality model. A “business as usual” (B06.44) global emissions
scenario was dynamically downscaled for the entire state of
California between the years 2000–2006 and 2047–2053.
Air quality simulations were carried out for 1008 days in
each of the present-day and future climate conditions using
year-2000 emissions. Population-weighted concentrations of
PM0.1 , PM2.5 , and PM10 total mass, components species,
and primary source contributions were calculated for California and three air basins: the Sacramento Valley air basin
(SV), the San Joaquin Valley air basin (SJV) and the South
Coast Air Basin (SoCAB). Results over annual-average periods were contrasted with extreme events.
The current study found that the change in annual-average
population-weighted PM2.5 mass concentrations due to climate change between 2000 vs. 2050 within any major subregion in California was not statistically significant. However, climate change did alter the annual-average composition of the airborne particles in the SoCAB, with notable reductions of elemental carbon (EC; −3 %) and organic carbon
(OC; −3 %) due to increased annual-average wind speeds
that diluted primary concentrations from gasoline combustion (−3 %) and food cooking (−4 %). In contrast, climate
change caused significant increases in population-weighted
PM2.5 mass concentrations in central California during extreme events. The maximum 24-h average PM2.5 concentration experienced by an average person during a ten-yr period
in the SJV increased by 21 % due to enhanced production

of secondary particulate matter (manifested as NH4 NO3 ). In
general, climate change caused increased stagnation during
future extreme pollution events, leading to higher exposure to
diesel engines particles (+32 %) and wood combustion particles (+14 %) when averaging across the population of the
entire state. Enhanced stagnation also isolated populations
from distant sources such as shipping (−61 %) during extreme events. The combination of these factors altered the
statewide population-averaged composition of particles during extreme events, with EC increasing by 23 %, nitrate increasing by 58 %, and sulfate decreasing by 46 %.

1

Introduction

Air pollution is a persistent public health problem in the
United States with over 158 million people living in regions that violate the National Ambient Air Quality Standards (NAAQS) (USEPA, 2008). The pollutant of greatest
health concern is airborne particulate matter with aerodynamic diameter smaller than 2.5 µm (PM2.5 ). Epidemiological studies have estimated rates of mortality and morbidity
associated with PM2.5 (see for example, Samet et al., 2000;
Dockery et al., 1993; Pope III et al., 1995) yielding predictions that an average of 24000 people die from exposure to
particulate matter each year in the United States (Mokdad et
al., 2005). California experiences a disproportionately large
fraction of these deaths (Tran et al., 2008) because it is home
to two of the air basins that experience some of the highest
PM2.5 concentrations each year. The South Coast Air Basin
(SoCAB) has ∼15 million residents that experience 24-h average PM2.5 concentrations that are up to ∼2.3 times higher
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than the NAAQS (35 µg m−3 ). The San Joaquin Valley (SJV)
has ∼3 million residents that experience 24-h average PM2.5
concentrations that exceed the NAAQS by a factor of ∼2.3.
Meteorology plays an important role in California’s air
pollution problems. Persistent stagnation events develop
when high pressure systems stall over the air basins, which
traps emissions close to sources leading to reduced ventilation of pollutants. Temperature, wind speed, wind direction,
and mixing height in the atmosphere play critical roles in
determining patterns of air quality over multiple scales of
time and space by affecting emissions, chemical composition, atmospheric transformation, and deposition of particles
(Kinney et al., 2008; Pye et al., 2009; Dawson et al., 2009).
Global climate change is likely to alter these meteorological
parameters affecting air quality (see for example, Kleeman,
2008; Aw and Kleeman, 2003; Sillman et al., 1995) and human health.
Several previous studies have examined how climate
change influences ozone concentrations leading to effects on
human health (see for example, Bell et al., 2007; West et al.,
2007; Knowlton et al., 2004). The potential effects of climate
change on airborne fine particulate matter (PM2.5 ) are of even
greater importance because elevated PM2.5 is more strongly
associated with increased human mortality. In a European
study, Dias et al. (2012) showed that climate change alone is
likely to increase PM10 -induced premature mortality by 8 %
in Portugal under the IPCC-SRES (Intergovernmental Panel
on Climate Change – Special Report Emissions Scenarios)
A2 scenario by the year 2100. In the United States, Jacobson (2008) studied the causal link between CO2 and human
mortality, estimating that the direct effect of CO2 emissions
on atmospheric stability around urban areas leads to ∼1000
additional air pollution related deaths each year of which
60 % were attributable to increased PM2.5 . While this result
is interesting, it does not directly quantify climate change effects on PM2.5 . Climate change can affect PM2.5 by changing water vapor content in the atmosphere in the future (see
for example, Unger et al., 2006; Liao et al., 2006; Pye et
al., 2009) or by altering wet deposition rates. Racherla and
Adams (2006) reported that climate change is likely to increase surface PM2.5 concentrations in the eastern USA due
to decreased precipitation and increased secondary formation (2050’s vs. 1990’s). In contrast, Tagaris et al. (2007)
estimated a 10 % decrease of future PM2.5 concentrations
throughout the USA due to increased future precipitation.
Tagaris et al. (2009) extended their analysis to investigate the
potential impact of climate change on PM2.5 related health
effects for the United States using the Environmental Protection Agency (EPA’s) Environmental Benefits Mapping and
Analysis Program (BenMAP). The authors predicted that the
national average premature mortality is likely to increase by
4000 cases in 2050 compared to 2001 along with both increasing and decreasing mortality trends in different states
due to climate change alone. California was predicted to experience an average decrease of 186 cases of premature death
Atmos. Chem. Phys., 12, 7453–7463, 2012

with decreasing trends also predicted for other PM2.5 -related
health issues including chronic and acute bronchitis, asthma,
hospital admissions, and respiratory diseases in the future.
This health effects analysis was a valuable first estimate but
it was based on a discrete set of simulations that had limited
ability to characterize the inter-annual variability that drives
the uncertainty in annual-average exposure periods or the extreme events that drive the uncertainty in the 24-h average
exposure periods.
The objective of the current study is to quantify the impact
of climate change on population-weighted concentrations of
PM0.1 , PM2.5 , and PM10 mass in California over annual averages and during extreme 24-h periods. The analysis is based
on more than 1000 simulated days of present climate and
1000 simulated days of future climate with 8-km spatial resolution that span enough years to capture inter-annual variability associated with large scale patterns such as El Niño
Southern Oscillation (ENSO) cycles. The large number of
simulation days also provides enough information about the
extreme values of the distribution to support a rigorous analysis of these extreme events. The results are put into proper
context by quantifying the magnitude of the climate effect
relative to the uncertainty in the analysis.

2

Methods

The impact of climate change on regional air quality over the
entire state of California was studied using the Parallel Climate Model (PCM), the Weather Research and Forecasting
(WRF) model, and the latest generation of the UCD/CIT air
quality model. A schematic diagram and detailed description
of the modeling system is presented elsewhere (Mahmud et
al., 2010). An overview of the modeling system is presented
below.
PCM (Washington et al., 2000) data generated under the
“business as usual” (B06.44) global emissions scenario as
part of the IPCC 4th Assessment Report (AR4) (Randall
et al., 2007) were dynamically downscaled to 4-km resolution using the WRF model version 2.2 (Skamarock, 2004)
for present-day (2000-06) and future (2047-53) time periods. The original PCM dataset was generated for a continuous period from 1995 to 2099 with only CO2 increasing by
1 % per year. This emissions scenario was judged to scientifically represent climate change as described in AR4. Note that
other factors that contribute to global climate change including increase in methane emissions and changes to anthropogenic aerosols were not considered for the BAU (B06.44)
setup of the PCM simulations. Simulations that are currently
underway for the IPCC’s Fifth Assessment Report (AR5)
considered increases in methane emissions and changes to
anthropogenic aerosols. However, output from these sophisticated simulations is still not available to the greater scientific community at this time. The climate response predicted by PCM over California was generally lower than the
www.atmos-chem-phys.net/12/7453/2012/
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study can be found in Mahmud et al. (2010).
The base-case raw emissions inventories for the year 2000
The source oriented UCD/CIT 3-D photochemical model
were obtained from the California Air Resources Board
(see for example, Ying et al., 2008; Held et al., 2004; Klee(CARB) and the South-Coast Air Quality Management Disman and Cass, 2001; Kleeman et al., 1997; Mysliwiec and
trict (SCAQMD). Emissions for both the future and presentKleeman, 2002; Ying and Kleeman, 2003; Ying and Kleeday simulations were kept at year 2000 levels so that the
man, 2006) was updated in the current study (Mahmud et
results directly quantify the effect of changing climate and
al., 2010) with a scheme to re-calculate vertical wind to
background concentrations. On-road mobile source emisenforce mass conservation. The fully dynamic treatment of
sions and biogenic volatile organic emissions were adjusted
gas-particle conversion using the Aerosol Inorganic Modfor the variation of meteorological conditions experienced
ule (AIM) thermodynamic code (Wexler and Seinfeld, 1992)
during each simulation using CARB’s Emissions Factors
was replaced by the approach proposed by Jacobson (2005)
(EMFAC) model (CARB, 2007), and biogenic emissions inusing the ISORROPIA II thermodynamics package (Founventory processing model (BEIGIS) (Scott and Benjamin,
toukis and Nenes, 2007; Nenes et al., 1998) to calculate
2003), respectively. The techniques to adjust these emissions
the vapor pressure of semi-volatile inorganic species above
are summarized by Mahmud et al. (2010). Source-oriented
each particle surface. The revised model also includes a new
and gridded hourly emissions were generated by merging the
wet deposition scheme and a sea salt emissions scheme. In
adjusted on-road mobile and biogenic sources with the origithe source-oriented model, pollutants emitted from different
nal area and point source emissions. Seasonally variable inisources are tracked separately through all major aerosol protial conditions (ICs) and boundary conditions (BCs) of gascesses including emissions, transport, deposition, gas-phase
phase and particle-phase species were specified for the air
reactions, gas-particle conversion and coagulation. For the
quality model calculations. A total of 25 model species incurrent study, secondary PM components (nitrate, sulfate,
cluding ozone, oxides of nitrogen (NOx ), peroxy acetyl niand ammonium) were tracked as a full external mixture while
trate (PAN), isoprene, elemental carbon (EC), nitrate, sulfate
primary PM components were tracked using inert internal
and ammonium ions were assigned initial and boundary contracers. The inert tracer technique allows the model to efficentrations for the current work. Seasonal variations in backciently preserve source information throughout the aerosol
ground concentrations were also taken into account for the
evolution processes, but it does not provide the capability to
boundary conditions. For example, the boundary condition
predict how source-oriented particles will influence local mefor ozone along the Pacific coast was set to 35 ppb for fall
teorology. Figure 1 shows the air quality modeling domain
and winter and 40 ppb for spring and summer seasons. A de-
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Table 1. Population-weighted annual average concentrations (µg m−3 ) of PM2.5 total mass, major component species, metal and sources
contributing to total primary mass for the present-day (2000–2006) for California (CA), and three air basins: Sacramento Valley (SV), San
Joaquin Valley (SJV) and South Coast Air Basin (SoCAB). The error shown is one standard deviation.
Species/Category
Total mass
Elemental carbon (EC)
Organic carbon (OC)
Nitrate (N(V))
Sulfate (S(VI))
Ammonium (N(-III))
Trace metal (METL)
Dust
Shipping
Wood Smoke
Diesel Combustion
Gasoline Combustion
Meat Cooking
High Sulfur Content Fuels
Miscellaneous

CA

SV

SJV

SoCAB

8.66 ± 0.39
0.33 ± 0.02
2.04 ± 0.07
1.19 ± 0.15
0.72 ± 0.05
0.67 ± 0.06
0.45 ± 0.02
2.60 ± 0.10
0.09 ± 0.00
0.86 ± 0.07
0.42 ± 0.02
0.21 ± 0.01
0.74 ± 0.02
0.23 ± 0.01
0.62 ± 0.02

7.22 ± 0.71
0.34 ± 0.03
2.48 ± 0.23
0.87 ± 0.22
0.47 ± 0.06
0.47 ± 0.09
0.33 ± 0.02
1.65 ± 0.11
0.00 ± 0.00
2.39 ± 0.24
0.39 ± 0.04
0.10 ± 0.01
0.13 ± 0.01
0.06 ± 0.01
0.48 ± 0.04

8.35 ± 0.78
0.30 ± 0.02
1.66 ± 0.12
1.61 ± 0.32
0.59 ± 0.06
0.80 ± 0.11
0.45 ± 0.03
2.46 ± 0.18
0.01 ± 0.00
1.52 ± 0.12
0.33 ± 0.03
0.07 ± 0.01
0.14 ± 0.01
0.07 ± 0.01
0.51 ± 0.03

10.90 ± 0.38
0.38 ± 0.01
2.56 ± 0.04
1.56 ± 0.18
0.87 ± 0.06
0.85 ± 0.07
0.59 ± 0.02
3.47 ± 0.13
0.15 ± 0.01
0.37 ± 0.03
0.56 ± 0.02
0.37 ± 0.01
1.40 ± 0.03
0.31 ± 0.01
0.85 ± 0.02

and three air basins of interest: the Sacramento Valley air
basin (SV), the San Joaquin Valley air basin (SJV) and the
South Coast Air Basin (SoCAB). Population-weighted concentrations of particles were calculated for these air basins
and for the entire state of California so that the impacts of
climate change on public health via changes to air quality
could be viewed more directly. The original 2000 population census data for California were extracted in an 8-km
resolution gridded domain to match the air quality domain
for the current work. The census data show high density of
people living in and around major urban areas compared to
rest of the state. According to the 2000 census California
has a total population of 33.9 million, with a total land area
of 4.24×105 km2 . The population of the SV was 2.4 million with an area of 0.38×105 km2 , the population of the
SJV was 3.2 million with an area of 0.60×105 km2 , and the
population of the SoCAB was 14.6 million with an area of
0.18×105 km2 . The population density and population spatial distribution were held constant at year 2000 census values in all present and future year simulations to be consistent with the assumption of constant emissions. This approach produces results that directly illustrate the effects of
climate change without confounding factors. The populationn
P
pi ×Ci
weighted concentration is calculated as
ptot , where i
i=1

designates each computational cell in the domain, pi is the
population at a given cell location, Ci is the particulate concentration in the same cell location, and ptot is the total population in the domain of interest (i.e. air basin wide total population).
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PM concentrations averaged over 24-h periods were analyzed using the open source statistical software R version
2.10.0 with the University Cooperation for Atmospheric Research (UCAR) extremes toolkit version 1.62. Data from
the present-day (2000-06) and future (2047-53) were analyzed separately, and the climate change impact was quantified by taking the difference between them. The 10-yr return
level and its associate parameters were calculated based on
the Generalized Pareto Distribution (GPD) probability model
first introduced by Pickands (1975). In this method, the extreme values greater than some threshold are typically assumed to have the following density function:
(
F (x; k, σ ) =

 k1
1 − 1 − kx
σ  ; k 6 = 0, σ > 0
1 − exp − σx ; k = 0, σ > 0

(1)

where k and σ are shape and scale parameters; x > 0 for
k ≤ 0 and 0 < x < σ /k for k > 0. There has been a great interest in applying the GPD model to analyze extreme events
in environmental datasets (see for example, Brabson et al.,
2000; Pisarenko and Sornette, 2003; Li et al., 2005; Jagger et
al., 2006; Coles and Tawn, 1991; Coles, 2001) . The threshold value for each variable of interest in both the present-day
and future datasets was chosen based on the distribution of all
data points, which was approximately equivalent to the 3rd
quantile value of the ranked dataset. The 90 % confidence intervals (CI) of 10-yr return levels were also calculated in this
study.
The goal of the current paper is to resolve the effects of climate change alone on conditions conducive to extreme PM2.5
concentrations in California. For this reason, the other variables including population, population density, and base-case
emissions were held constant at 2000 level. The comparison
www.atmos-chem-phys.net/12/7453/2012/
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of climate effects vs. these other effects on extreme pollution
events will be analyzed in a future study.
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The differences between future (2047–2053) and present-day
(2000–2006) population-weighted annual average concentrations of PM2.5 are displayed in Fig. 2 for the entire state
of California and the three major air basins highlighted in
Fig. 1. Concentrations of total mass, major components, and
primary particle source categories were calculated. The error bars in these figures represent 90 % confidence intervals
for the mean difference based on the inter-annual variability
within each analysis period.
Population-weighted annual average concentrations of
PM2.5 total mass were predicted to decrease by ∼2 % from
the present-day conditions in the SoCAB with little change
predicted for the SV and SJV. Concentrations of all major PM2.5 components such as elemental carbon (EC), organic carbon (OC), sulfate (S(VI)), and ammonium ion (N(www.atmos-chem-phys.net/12/7453/2012/
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Table 1 summarizes the population-weighted annual average concentrations of PM2.5 total mass, component species,
and primary sources for the present-day (2000-06). The highest calculated population-weighted annual PM2.5 total mass
concentration was ∼11 µg m−3 in the SoCAB followed by
∼8 µg m−3 in the SJV and ∼7 µg m−3 in the SV. Populationweighted total mass concentration for the entire state of California was ∼9 µg m−3 . Organic carbon (OC) (mostly primary) is the major component of this total mass (∼24 %), followed by secondary nitrate (∼14 %). Dust is the major contributor to the total primary mass followed by wood smoke,
meat cooking, miscellaneous, diesel combustion, high sulfur
content fuels, gasoline combustion, and shipping. The performance of the UCD/CIT model in predicting air quality
over climatically relevant time periods was evaluated comprehensively by Mahmud et al. (2010). Predicted annual average total and speciated mass concentrations of fine particu-668
late matter (PM2.5 ) were compared with measured concen-669
670
trations at six representative sites in heavily populated air671
672
basins in California for the present-day (2000–2006) period.673
The air quality model under-estimated annual average PM2.5674
675
mass concentrations by ∼4–39 % due to over-predictions in676
downscaled wind speed. Measured annual average PM2.5
total mass concentrations were ∼ 20 ± 2 µg m−3 in the SoCAB and SJV compared to predicted concentrations of ∼13–
18 µg m−3 . The model also under-predicted components of
PM mass such as elemental carbon, organic carbon, nitrate
and sulfate due to these same wind speed over predictions.
The bias in downscaled wind speed is assumed to be constant
in present and future climate periods so that the comparisons
between these periods are valid.
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state-wide average, Sacramento Valley (SV) air basin average, San
Joaquin Valley (SJV) air basin average, and South Coast Air Basin
(SoCAB) average results. The error bars represent the 90 % CI.

III)) followed this downward trend. In contrast, statewide
population-weighted concentrations of PM2.5 nitrate (N(V))
increased by ∼2 %. Population-weighted primary PM2.5
concentrations in California from all sources including dust,
shipping, wood smoke, diesel combustion, gasoline combustion, meat cooking, high sulfur content fuels, and miscellaneous were predicted to decrease by between ∼2–6 % due to
climate change alone (ignoring changes to future emissions).
Figures S1 and S2 in the Supplement present the analysis
illustrated for Fig. 2 for the PM0.1 and PM10 size fractions
with largely the same conclusion that the future analysis period tends to have lower annual-average population-weighted
concentrations than the present-day analysis period.
Uncertainty analysis must be considered to put the results illustrated in Fig. 2 into proper context. The error bars
in this figure represent the 90 % confidence interval based
on the inter-annual variability within each analysis period.
The most significant feature displayed in this figure is the
size of the uncertainty bars induced by inter-annual variability vs. the size of the average change between future and
present years. In the majority of cases, the magnitude of the
inter-annual variability is greater than the average change between future and present years. For example, the 90 % CI
Atmos. Chem. Phys., 12, 7453–7463, 2012

7458

A. Mahmud et al.: Quantifying population exposure to airborne particulate matter

for climate-induced change to statewide population-averaged
PM2.5 concentrations ranges from −6 % to 2 % making it not
statistically significant. The only exception to this trend is a
4 % (90 % CI: −7.5 % to −0.5 %) reduction in OC concentrations caused by reduced contributions from primary combustion sources such as gasoline combustion (−3 %) and meat
cooking (−4 %) in the SoCAB.
The fact that 90 % confidence intervals displayed in Fig. 2
(also in Figs. S1 and S2 in the Supplement) largely overlap
zero implies that a random selection of different years within
each climate period could lead to either positive or negative effects on concentrations. The Intergovernmental Panel
on Climate Change (IPCC) Third Assessment Report (AR3)
(2001) and the Fourth Assessment Report (AR4) (2007) projected future global changes relative to the present-day based
on 30-yr (1960–1989) and 20-yr (1980–1999) averages, respectively. In the current study, only ∼40 % of the days
within seven-yr periods in the present-day (2000–2006) and
future (2047–2053) were simulated. The reduced analysis
window greatly lowers the computational burden of the problem while still capturing the inter-annual variability associated with the ENSO cycle. The inter-annual variability for677
PM2.5 has previously been shown in Fig. 5 by Mahmud et678
679
al. (2010) for present and future climate periods. The relative680
standard deviations (standard deviation divided by the mean)681
682
are 2 %, 3 %, 6 %, and 9 % for the present (2000–2006), and683
5 %, 6 %, 8 %, and 7 % for the future (2047–2053) periods684
at Riverside, central Los Angeles, Bakersfield, and Fresno,
respectively. The value of 9 % relative standard deviation for
Fresno in the current climate compares favorably to the measured value of 10.5 % relative standard deviation for the San
Joaquin Valley between the years 2000–2007 (statistics calculated from monitoring data available at arb.ca.gov). The
uncertainty range in the comparison between present and future climate is inversely proportional to the square root of n
(= number of simulated days). The current results span more
days of air quality in California than any previous study and
so they provide a best estimate for the effect of climate on
annual-average population-weighted PM concentrations in
California. Even with 1008 simulated days, the length of the
analysis periods must be expanded to calculate a full set of
statistically significant changes.
It must also be recognized that the inter-annual variability is only one source of uncertainty in the climate-air quality calculation. Most notably, the uncertainties introduced by
the choice and configuration of the Global Climate Model
(GCM), Regional Climate Model (RCM), and air quality
models are not included in the current analysis (or any previous analysis). Running a complete ensemble of calculations
over a full 20-yr analysis period would fully characterize this
uncertainty, but this effort was beyond the scope of the current study.
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3.2

Extreme events

The frequency distributions of population-weighted dailyaverage PM2.5 total mass concentrations have similar shapes
for the 1008 days of present climate (panel a) and the 1008
days of future climate (panel b) in Fig. 3, but the upper
tails of these distributions exhibit different behavior. Notably,
the extreme concentration events defined to be the highest
1 % of the predicted concentrations (99th percentile) range
from 16.5–19.2 µg m−3 in the present climate and 16.6–
24.7 µg m−3 in the future climate. Short-term extreme concentrations of PM0.1 , PM2.5 and PM10 have public health
implications through acute mortality or through their contributions to chronic exposure (see for example, Seaton et al.,
1995; Welty and Zeger, 2005; Ebelt et al., 2000; Peters et
al., 1997). Further analysis was carried out to understand the
effects of climate change on extreme PM concentrations in
California.
Figure 4 shows the average PM2.5 total mass concentrations corresponding to the 10 days with the highest population-weighted PM2.5 concentrations in California
(99th percentile extreme concentrations). Panel a shows the
10-day average concentrations for the future extreme events
(2047–2053), panel b shows the 10-day average concentrations for the present-day extreme events (2000–2006), and
www.atmos-chem-phys.net/12/7453/2012/
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Fig. 4. Average of worst 24-h average PM2.5 total mass concentrations (µg m−3 ) corresponding to days with population-weighted
concentrations above the 99th percentile values for California under the (a) future (2047–2053), and (b) present-day climate (2000–
2006) conditions. (c) shows the difference between the future (a)
and present-day (b).
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panel c shows the difference between the future and presentday extreme events.
Extreme events in the future climate are characterized
by 99th percentile PM2.5 concentrations of ∼45–55 µg m−3
around cities including Bakersfield, Fresno, and Sacramento
(panel a). In comparison, extreme events in the present climate exhibit 99th percentile PM2.5 concentrations between
∼35–45 µg m−3 around major cities (panel b). The extreme
concentrations exceed both the California Ambient Air Quality Standard (CAAQS) of 20 µg m−3 and the National Ambient Air Quality Standard (NAAQS) of 35 µg m−3 for 24-h average PM2.5 total mass concentration. Panel c shows that the
extreme 99th percentile concentrations are predicted to increase by ∼15–19 µg m−3 in and around Bakersfield, Fresno,
Sacramento, and San Francisco in the future climate compared to present-day. The maximum future increase of ∼18–
20 µg m−3 is predicted to occur in areas between Fresno and
Bakersfield in the SJV. Extreme PM2.5 concentrations in Los
Angeles are predicted to decrease by ∼2 µg m−3 in the future with larger decreases of ∼15 µg m−3 predicted in Ventura county west of Los Angeles.
Further statistical analysis was carried out for PM0.1 ,
PM2.5 and PM10 population-weighted 24-h average concentrations based on extreme value analysis (EVA) (Coles,
2001), which included more data points in order to relax the
constraint imposed by the 99th percentile values used in the
previous analysis. In EVA, the extreme deviation from the
median of probability distributions is determined. In the current study, data for both the present-day and future periods
were subjected to EVA analysis. Figure 5 displays the change
in the population-weighted ten-yr return level for 24-h average PM2.5 concentrations due to climate change between
2000 and 2050. Simply stated, this is the change in maximum 24-h average PM2.5 concentration that an average person would experience in a decade due to climate change. The
error bars shown in Fig. 5 represent the lower and upper limits of the 90 % confidence intervals.
The 10-yr return levels for PM2.5 EC (+23 %) and NO−
3
(+58 %) averaged over the statewide population were predicted to increase in the future while statewide 10-yr return
levels for PM2.5 SO2−
4 (−46 %) were predicted to decrease.
These trends reflect increased stagnation during future pollution events which traps pollutants close to their emissions
source and provides greater time for the formation of secondary products. Zhao et al. (2011a, b) also showed that the
number of stagnation days, which also lead to high pollution events, will increase in the SJV both in the summer and
winter in the future. NOx is emitted in close proximity to
population centers by combustion sources such as motor vehicles, leading to increased population exposure to NOx reaction products such as NO−
3 when stagnation increases. SOx
is emitted from industrial facilities and from goods movement sources such as ships, leading to decreased population
exposure to SOx reaction productions such as SO2−
4 when
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weighted PM2.5 mass in that region, mostly due to increased
concentrations of primary OC and enhanced formation of
NH4 NO3 during the future extreme stagnation events. The
change in the 10-yr return levels for PM0.1 and PM1 (Figs. S4
and S5 in the Supplement) are qualitatively similar to PM2.5
results.

PM2.5 category/species
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Fig. 5.andChange
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Air Basin (SoCAB) average results. The error bars represent the
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2−
stagnation increases. Although NO−
3 and SO4 formation
can exhibit non-linear behavior in the presence of changing
emissions and changing meteorology, it does not appear that
these non-linear effects contribute significantly to climateinduced concentration changes in the current study. For example, the known potential non-linearity of the nitrate system with respect to NOx and VOC concentrations does not
appear to be active in the winter stagnation events where
background ozone is the dominant oxidant. Increasing background ozone concentrations in the future would compete
with strongly decreasing NOx emissions in the future, leading to a net reduction in nitrate. These effects are both “linear” to first approximation, even though they act in different
directions.
Statewide contributions to primary PM2.5 from diesel engines (+32 %) and wood burning (+14 %) increase during future extreme pollution events while contributions from offshore shipping (−61 %) decrease. Effects during extreme
events were felt most strongly in the SJV, producing an
increase of 21 % in the 10-yr return level for population-
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Discussion

The effects of climate change on airborne PM mass concentrations in California between the years 2000–2006 and
2047–2053 are generally smaller than the natural interannual variability within either of these periods. Populationweighted concentrations of PM0.1 /PM2.5 /PM10 mass in the
SoCAB, SJV, SV, and across the entire state were not statistically different in the future climate vs. the present climate even though 1008 representative days were simulated in
each climate period. Likewise, concentrations of PM chemical components and primary source contributions generally
did not respond to climate change in a statistically significant
fashion other than a few notable exceptions discussed below.
The results of these tests are unable to reject the hypothesis
that climate change has only a small effect on annual-average
population-weighted airborne PM mass in California’s major air basins. This implies that any calculation that combines the population-weighted concentrations from < 1000
sample days with mortality or morbidity coefficients derived
from epidemiological studies would likewise be unable to
find statistically significant effects of climate change on human health due to changes in annual-average airborne PM
mass. Caution must be used when interpreting the results
from recent studies that show projected health benefits of climate change via changes to airborne PM in California.
Climate change did alter the annual-average composition
of the airborne particles in the SoCAB, with notable reductions of elemental carbon (EC; −3 %) and organic carbon
(OC; −3 %) due to increased annual-average wind speeds
that diluted primary concentrations from gasoline combustion (−3 %) and food cooking (−4 %). These trends reflect
the increase in annual-average wind speed over coastal portions of California. Future epidemiology studies may be able
to quantify health effects associated with changes to individual PM chemical components and/or sources.
An analysis of extreme pollution events suggests that subregions of California will experience increased 99th percentile values of population-weighed concentrations as well
as higher 10-yr return levels of primary PM due to climate
change. Changes to the source contributions and composition of particles during extreme events are significant when
averaged over the population of the entire state. These trends
are consistent with the increased strength of future stagnation
events which trap pollutants close to the emissions source.
Stronger stagnation events increase population-weighted extreme concentrations of emissions released close to major
www.atmos-chem-phys.net/12/7453/2012/
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cities and decrease the effects of more remote sources. The
public health consequences of increased concentrations during extreme events are difficult to predict. Acute exposure
to PM2.5 over 24-h periods is associated with health effects
including various cardio-vascular diseases (see for example,
Pope III et al., 2009; Peters et al., 2001; Brook et al., 2004;
Schulz et al., 2005), and aggravated respiratory symptoms
i.e. asthma and decreased lung function (see for example,
Schwartz and Neas, 2000; Mar et al., 2004; Norris et al.,
1999). Assuming that the same susceptible populations respond to long-term exposure and extreme events, then the
relevant public health indicator is likely increased concentrations in either exposure category. If different susceptible populations respond to long-term exposure and extreme events,
then decreases in one type of exposure will offset the effects of increases in the other exposure. Future epidemiological studies will need to consider these issues in light of the
competing climate trends for annual-average vs. extreme PM
concentrations in California.
The results of the current paper help quantify the heightened stagnation during extreme events in the future implying that additional controls would be needed to offset the extreme PM climate penalty”. The exact magnitude of those
additional controls given the existing control plans can be
explored in future studies with more refined models that consider feedback effects between source-oriented aerosols and
local meteorology.

Supplementary material related to this article is
available online at: http://www.atmos-chem-phys.net/12/
7453/2012/acp-12-7453-2012-supplement.pdf.
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