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Abstract 
Long-term exposure to ambient ozone (O3) is associated with a variety of 

impacts, including adverse health effects in humans (U.S. EPA 2013) and reduced yields 

in commercial crops (Chameides et al., 1994; Mauzerall and Wang, 2001). Due to such 

impacts, efforts have been undertaken in recent decades to reduce ground-level O3 

through public policy regulating the emission of anthropogenic precursor emissions, 

such as nitrogen oxides (NOx) and volatile organic compounds (VOCs). These efforts 

have been widely successful in reducing peak concentrations (Simon et al., 2015; Lefohn 

et al., 2017; Fleming et al., 2018), but impacts related to both human-health and crop 

yields nonetheless persist (Cohen et al., 2017; Seltzer et al., 2018; Zhang et al., 2018; 

Shindell et al., 2019). Of particular importance, the magnitude and trend of impacts 

reported in the literature often feature substantial differences (Seltzer et al., 2018; Zhang 

et al., 2018; Stanaway et al., 2018). As climate change is anticipated to exacerbate O3 

pollution (Leibensperger et al., 2008; Jacob and Winner 2009; Nolte et al., 2018) and the 

emission of O3 precursors are projected to vary dramatically in both direction and region 

over the coming decades (Rao et al., 2017), there is a growing need to better understand 

the magnitude and trends of, as well as illuminate the reason for the persistent 

differences in, estimates of impacts attributable to long-term O3 exposure. Here, I use a 

variety of modeling approaches to explore the strengths and weaknesses of standard 

methods that are frequently used to simulate impact metrics related to air quality, 



 

 v 

generate a measurement-based estimate of the magnitude of O3 exposure and 

subsequent impacts within several populous regions of the world, and use machine 

learning to project the trends in O3 exposure and subsequent impacts within the United 

States over an extended period.  

First, I use the NASA GISS ModelE2 and GEOS-Chem models, each setup in a 

number of configurations, to simulate the near-present chemistry of the atmosphere and 

estimate a number of impact metrics. Results featured minor differences due to the 

model resolution, whereas model, meteorology, and emissions inventory each drove 

large variances. Surface metrics related to O3 were consistently high biased and 

capturing the change in O3 metrics over time proved difficult, demonstrating the need to 

evaluate particular modeling frameworks before O3 impacts are quantified. Partial 

drivers of these biases and trend differences are posited to include excessive 

anthropogenic NOx emissions, and differences in the magnitude and trends of cloud 

cover and temperature. Of note, the configuration that captured the change of a metric 

best over time oftentimes differed from the configuration that captured the magnitude 

of the same metric best, illustrating the difficulty in skillfully simulating and evaluating 

predicted impacts.  

Then, I use data solely from dense ground-based monitoring networks in the 

United States, Europe, and China for 2015 to estimate long-term O3 exposure and 

calculate premature respiratory mortality using exposure-response relationships derived 
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from two separate analyses of the American Cancer Society Cancer Prevention Study-II 

(ACS CPS-II) cohort. Results show that estimated impacts were quite different when 

using the Jerrett et al., 2009 and Turner et al., 2016 analyses, with the analysis using the 

older ACS CPS-II cohort (Jerrett et al., 2009) yielding approximately 32%–50% lower 

health impacts. In addition, both sets of results are lower (∼20%–60%) on a region-by-

region basis than analogous prior studies based solely on CTM predicted O3, due in 

large part to the fact that the latter tends to be high biased in estimating exposure. I also 

demonstrate how small biases in modeled results of long-term O3 exposure can amplify 

health impacts due to nonlinear exposure-response relationships.  

Finally, I develop and apply artificial neural networks to empirically model long-

term O3 exposure over the continental United States from 2000-2015, generating a 16-

year measurement-based assessment of impacts on human-health and crop yields. I 

again find that the impacts are quite different when using the two ACS CPS-II cohort 

studies, but I notably also report that the results differ in their trends over the study 

period due to the seasons included in each averaging metric. When using the older 

averaging metric and concentration-response function, there was a ~18% decrease in 

normalized human-health impacts. In contrast, there was little change in the newer 

averaging metric between 2000-2015, which resulted in a ~5% increase in normalized 

human-health impacts. In both cases, an aging population structure played a substantial 

role in modulating these trends. All agriculture-weighted crop-loss metrics indicate 
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yield improvements over this period, with reductions in the estimated national relative 

yield loss ranging from 1.7-1.9 % for maize, 5.1-7.1% for soybeans, and 2.7% for wheat. 

Overall, the results from this study illustrate how different conclusions regarding 

historical impacts can be made through the use of varying metrics. 
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1. Introduction 
1.1 Background and Motivation 

Air pollution has long been associated with reductions in visibility. However, 

several acute episodes in the twentieth century brought the health impacts of air 

pollution to the forefront. Possibly the most famous air pollution episode occurred in 

December 1952, when a strong weather inversion and emissions drove concentrations of 

fine particulate matter in London to such high levels that the event became known as 

‘The Big Smoke’. This incident was initially estimated to have caused ~4,000 excess 

mortalities, but later work revised this number to ~12,000 after reviewing additional 

long-term London health records (Bell et al., 2004). Simultaneously, Los Angeles was 

experiencing its own set of air quality issues. In contrast to the London event, the 

pollution in Los Angeles was largely photochemical in origin and associated with ozone 

(O3), contributing to a ‘decrease in visibility, crop damage, eye irritation, objectionable 

odor, and rubber deterioration’ (Haagen-Smit, 1952).  

O3 is a trace gas in the atmosphere that is photochemically produced from 

precursors of both anthropogenic and natural origin. In contrast to stratospheric O3, 

which beneficially protects the Earth’s surface from harmful ultraviolet radiation, 

tropospheric O3 has deleterious effects, including impacts to both human-health and 

agriculture growth (U.S. EPA, 2013; Chameides et al., 1994; Mauzerall and Wang, 2001). 

Near present day estimates of O3’s societal impacts vary considerably. For example, 
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global premature mortalities attributable to long-term O3 exposure range from 254K-

1,234K (Lelieveld et al., 2013; Fang et al., 2013; Silva et al., 2016; Malley et al., 2017; 

Cohen et al., 2017). Global impacts on agriculture growth, measured as the relative yield 

loss, vary by crop type and range from 6-16%, 3.9-15%, 3-4.4%, and 2.2-6.1% for 

soybeans, wheat, rice, and maize, respectively (Mills et al., 2018; Avnery et al., 2011; Van 

Dingenen et al., 2009). In addition to human-health and agriculture growth, O3 is also a 

greenhouse gas, absorbing both ultraviolet and infrared radiation, thus contributing to 

global climatic change (Myhre et al., 2013). Despite policy efforts that have successfully 

reduced peak concentrations of ground-level O3 in many regions of the world (Simon et 

al., 2015; Lefohn et al., 2017; Fleming et al., 2018), impacts related to both human-health 

and crop yields nonetheless persist (Cohen et al., 2017; Seltzer et al., 2018; Zhang et al., 

2018; Shindell et al., 2019). Compounding this issue, climate change is anticipated to 

exacerbate O3 pollution in many regions of the world (Leibensperger et al., 2008; Jacob 

and Winner 2009; Nolte et al., 2018), indicating that strengthened precursor mitigation 

strategies will be needed to achieve desired air quality goals, an objective that already 

has proved challenging (Cooper et al., 2015).  

As such, this is an important molecule to understand and better model, to 

quantify its historical impacts as a guide for future predictions. In this chapter, I provide 

a brief overview of the main sources and sinks of ground-level O3, evidence regarding 

the association between O3 exposure and risk, estimates of the current impacts attributed 
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to O3 exposure, and illustrate the variance in estimates. I also discuss the methods of 

quantifying exposure in impact assessments, where improvements are needed, and the 

overarching goals of this research. 

1.2 Ground-Level Ozone: Principal Sources and Sinks 

Many emission sources influence the concentration of O3 at the surface, though 

none directly emit the molecule. Rather, a majority of ground-level O3 is formed through 

chemical reactions involving the oxidation of carbon monoxide (CO), methane (CH4), 

and non-methane volatile organic compounds (NMVOCs) in the presence of nitrogen 

oxides (NOx) and sunlight – a mechanism elucidated in the early 1950s (Haagen-Smit, 

1951; Haagen-Smit et al., 1953). Smaller contributions, varying regionally and seasonally, 

occur via transport from the stratosphere (Wang et al., 1998; Lin et al., 2015). As for 

tropospheric sinks, in-situ chemical loss is the largest termination pathway (~80%; 

principally O(1D) + H2O, O3 + HO2, and O3 + NO), with dry deposition comprising the 

residual (Wang et al., 1998; Sillman, 1999; Lelieveld and Dentener, 2000).  

Each O3 precursor (i.e. CO, CH4, NMVOCs, and NOx) features both 

anthropogenic and natural sources. CO is formed chemically in the atmosphere through 

the oxidation of VOCs, chiefly CH4 and isoprene, and directly emitted from combustion 

processes (Seinfeld and Pandis, 2006). Present-day CH4 emissions have significant 

anthropogenic and natural sources, though the magnitude of both feature substantial 

uncertainties. Anthropogenic CH4 emissions are ~350 Tg/yr in magnitude, mostly from 
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the agriculture, waste, and energy (as fugitive emissions) sectors (Janssens-Maenhout et 

al., 2019, Hoesly et al., 2018). Natural sources of CH4 emissions include, but are not 

limited to, wetlands (~160-180 Tg/yr; Melton et al., 2013; Wania et al., 2013; Poulter et al., 

2017) and fires (~15 Tg/yr; Wiedinmyer et al., 2011; Giglio et al., 2013). Most global 

NMVOC emissions are natural in origin and largely consist of isoprene and 

monoterpenes (Guenther et al., 1995; Sindelarova, et al., 2014). Anthropogenic NMVOC 

emissions, predominantly stemming from the energy, transportation, residential, and 

solvents sectors, are smaller in terms of the global magnitude, but can be the principal 

source in select regions (Hoesly et al., 2018; Huang et al., 2017). NOx is mainly a product 

of fossil fuel combustion, but also features non-negligible contributions from lightning, 

biomass burning, and soils (Hoesly et al., 2018; Murray et al., 2013; Hudman et al., 2007).  

Since the concentration of these molecules vary substantially in space and time, 

the magnitude of their emissions are uncertain, chemical reactions proceed at different 

rates, and most species are formed and/or destroyed by several interlinking reactions, 

the modeling of atmospheric air quality is difficult and nonlinear. Nonetheless, the 

integration of continually updated theory and observations into numerical models, 

paired with significant progress in computational resources, has enabled the generation 

of chemical transport models (CTMs) that can reproduce many components of 

atmospheric chemistry with high fidelity, including tropospheric O3 (Shindell et al., 

2013; Hu et al., 2018). However, a persistent issue in the CTM community is the 
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overestimation of ground-level O3 (Schnell et al., 2015; Travis et al., 2016; Yan et al., 2016; 

Seltzer et al., 2017; Porter et al., 2017; Appel et al., 2017; Hu et al., 2018; Gou et al., 2018), 

which can become problematic when performing an impact assessment if a CTM is the 

lone-tool in predicting O3 exposure (Seltzer et al., 2018).   

1.3 Evidence of Impacts 

1.3.1 Human-Health Impacts 

Since the previously mentioned historical episodes, many controlled exposure, 

epidemiological, and toxicological studies have focused on determining the possible 

health effects of O3. Broadly, exposure and impacts are each defined using two 

classifications. Exposure includes short-term (i.e. hours, days, weeks) and long-term (i.e. 

months, years), while health impacts include morbidity (i.e. having a disease or a 

symptom of a disease) and mortality (i.e. death).  

For health impact assessments, the results from epidemiological studies provide 

the link between incremental changes in exposure to pollutants and incremental changes 

in risk. There is strong evidence that short-term O3 exposure causes respiratory 

morbidity, including declines in lung function, respiratory-related hospital admissions 

and asthma, and suggestive evidence that it causes respiratory mortality (US EPA, 2013). 

Additional impacts likely to be caused by short-term exposure include non-accidental 

mortality and cardiovascular morbidity, including oxidative stress and inflammation 

throughout the body (US EPA, 2013). A recent epidemiological study using data from 
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the United States’ Medicare health insurance program, thus limited to older adults, 

found statistically significant associations between short-term O3 exposure, including 

exposure at concentrations well below the regulatory standards (the National Ambient 

Air Quality Standards; NAAQS), and all-cause mortality (Di et al., 2017a).  

Studies related to long-term O3 exposure and health effects are historically less 

prevalent, but have dramatically gained attention in recent years. This form of exposure 

also constitutes the backbone of impact assessments related to air pollution. One of the 

earliest studies, which included data from six cities and a cohort of ~8,000, did not find 

an association between long-term O3 exposure and all-cause mortality, but noted that 

the results were limited due to the low statistical power from the small range in O3 

exposures (19.7 – 28.0 ppb) and cohort size (Dockery et al., 1993). Subsequent 

epidemiological studies attempted to avoid these limitations by incorporating larger 

populations into their cohorts, spanning greater levels of O3 exposure, analyzing cause-

specific health impacts, and taking seasonal exposure changes into account (Pope et al., 

2002; Jerrett et al., 2009; Smith et al., 2009; Zanobetti and Schwartz 2011; Carey et al., 

2013; Crouse et al., 2015; Turner et al., 2016; Di et al., 2017b; Lim et al., 2019; Wang et al., 

2019).  

Pope et al., 2002, utilizing data from 500,000 adults in the American Cancer 

Society, Cancer Prevention Study II (ACS-CPS II) cohort, found marginal positive 

associations for cardiopulmonary mortality when limiting the analysis to summer 
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month O3 exposure. Jerrett et al., 2009, also using the ACS-CPS II cohort, subdivided 

deaths due to cardiopulmonary diseases into respiratory and cardiovascular 

classifications. Their summer month exposures spanned 33.3 – 104.0 ppb and after 

controlling for exposure to fine particulate matter (PM2.5), long-term O3 exposure 

showed a statistically significant association with respiratory mortality. Smith et al., 2009 

restricted the ACS-CPS II cohort to 66 metropolitan areas (~350,000 participants) and 

found significant associations between long-term O3 exposure and deaths from 

cardiopulmonary (i.e. not subdivided) diseases, though the results were attenuated 

when adjusted for PM2.5 components (i.e. sulfate and BC). The most recent ACS-CPS II 

epidemiological study, utilizing an expanded and updated version of the cohort 

(~670,000 participants), found significant associations between annually averaged O3 

exposure and all-cause, cardiovascular, respiratory, and diabetes mortalities (Turner et 

al., 2016). 

Separate cohorts, beyond the ACS-CPS II cohort, have started to generate similar 

results. Zanobetti and Schwartz, 2011 used United States Medicare data to construct 

cohorts of persons with chronic conditions that are likely more susceptible to O3 impacts. 

When considering exposure during summer months, spanning 26.6 – 71.4 ppb, they 

found significant associations with all-cause mortality for persons with several pre-

existing chronic health conditions, including congestive heart failure, myocardial 

infarction, chronic obstructive pulmonary disease (COPD), and diabetes. Di et al., 2017b 
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constructed a cohort using Medicare insurance data, thus generating a cohort size of 

~61,000,000 persons aged 65+. Due to the immense size of this cohort, Di et al., 2017b 

were able to report their results with extremely high statistical power. They found a 

significant association between long-term, warm season O3 exposure and all-cause 

mortality. In addition, their results indicated no sign of an exposure threshold below 

which no impacts exist. More recently, Lim et al., 2019 used the NIH-AARP Diet and 

Cancer Study cohort, consisting of ~550,000 persons aged 50-71, and found an 

association between annually averaged O3 exposure and deaths due to cardiovascular 

disease, ischemic heart disease, respiratory disease, and COPD, thus broadly replicating 

the results from Turner et al., 2016 with a separate cohort. It should also be noted that 

cohorts from other countries have reported varying associations between long-term O3 

exposure and cause-specific mortalities, suggesting there might be some geographic 

heterogeneity in the effects of air pollution (Carey et al., 2013 - ~835,000 adults; Crouse et 

al., 2015 - ~2.5 million adults; Bentayeb et al., 2015 – ~20,000 adults).  

1.3.2 Agriculture Impacts 

Tropospheric O3 enters the leaves of plants via diffusion through open pores 

called stomata. Since crop stomata are only open during daylight, averaging metrics 

related to crop yields are restricted to these hours (i.e. usually 8:00-20:00 local). Unlike 

human-health exposure studies, which feature experimental limitations due to the 

hazards of exposure, experiments involving plants can directly quantify changes in 
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yields through controlled, long-term exposure in chambers. Results from studies 

spanning decades have well established that crop yields are negatively impacted by 

exposure to O3 (US EPA, 2013). Due to the large number of individual studies, meta-

analyses of crop-specific yield impacts allow for the compilation of studies across the 

published database to determine the relative consensus of results.  

Meta-analysis studies have reported the yield loss of soybean (Morgan et al., 

2013), wheat (Fen et al., 2008), rice (Ainsworth 2008), and a variety of other sensitive 

commercial crops (Mills et al., 2007) due to O3 exposure. Results from these studies are 

subsequently used in impact assessments to quantify regional losses of various 

commercial crops (e.g. Tong et al., 2007; Van Dingenen et al., 2009; Avnery et al., 2011; 

Lapina et al., 2016). While the evidence regarding these relationships is substantial, it 

should be noted that some uncertainties persist. For one, O3 uptake into plants can be 

modulated by other factors, such as CO2 concentrations, temperature, and soil moisture 

(Booker et al., 2009). As such, the impact of O3 on crops is not necessarily due to the 

ambient concentration, but can better captured by the net flux of O3 into the plant 

through open stomata, which is partially a function of other environmental variables 

(Mills et al., 2011). Modeling of O3’s influence on crop productivity, incorporating all of 

these details, is an active area of research, with new studies also adding the 

simultaneous influences of pests, diseases, heat stress, aridity, and nutrient stress into 

the net impacts (Mills et al., 2018). 
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1.4 Current Impact and Trend Estimates 

1.4.1 Human-Health 

Calculations of human-health impacts associated with long-term O3 exposure 

require several datasets, including the baseline mortality rate, the population count, and 

the level of O3 exposure. The baseline mortality rate is simply the estimated percent of 

the total population who died due to a particular cause (e.g. COPD). Generally, the 

baseline mortality rate and the population count are provided in age-bins (i.e. ages 30-

34, 35-39, 40-44, etc.). Since the baseline mortality rate of a given cause generally 

increases in tandem with age, the age-structure of a population is a strong factor in 

determining the total impacts (Cohen et al., 2017). In addition, data from 

epidemiological studies are used to translate the increased hazard of impacts (e.g. 

premature mortality) from an incremental change in exposure. This ‘epidemiological 

translation’ is generally referred to as the Hazard Ratio (or Relative Risk) and it 

measures the hazard rates corresponding to changes in environmental conditions (i.e. 

long-term O3 exposure changes). A Hazard Ratio is used to generate a concentration-

response function, which numerically connects changes in exposure to a quantified 

impact (i.e. the attributable fraction). In this discussion, the resulting ‘attributable 

fraction’ is the estimated contributions of long-term O3 exposure to the net baseline 

mortality rate of a particular disease for a population. Generally, most impact 

assessments assume the concentration-response function takes the form of a log-linear 
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relationship (Figure 1-1). This overall method of quantifying O3 impacts on human 

health is one of the most widely used methods in the air quality-impacts literature (e.g. 

Anenberg et al., 2010; Fann et al., 2012; Lelieveld et al., 2013; Silva et al., 2013; Fang et al., 

2013; Lelieveld et al., 2015; Cohen et al., 2015; Silva et al., 2016; Malley et al., 2017; 

Shindell et al., 2018, Seltzer et al., 2018; Zhang et al., 2018; Stanaway et al., 2018). 

 
Figure 1-1 Illustration of the relationship between O3 metric concentrations [ppb] and 
the attributable fractions estimated using the Jerrett et al., 2009 and Turner et al., 2016 
hazard ratios. CRF: concentration-response function. Figure from Seltzer et al., 2018. 

Foundational to any O3 impact assessment is the estimation of O3 exposure. This is 

typically accomplished using a chemical transport model (CTM), which is a tool that 

applies state-of-science knowledge to simulate O3 formation, termination, and transport, 

while also providing complete spatial and temporal coverage over a particular domain. 

This particular characteristic, spatial and temporal coherence, is crucial for impact 
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assessments. Global CTMs are especially advantageous since they enable an estimation 

of global human-health impacts due to long-term O3 exposure, given global estimates of 

baseline mortality rates and age-binned population counts. Impact estimates can differ 

substantially due to a study’s selected epidemiological hazard ratio, exposure averaging 

metric, health end-point (e.g. premature respiratory death vs. premature COPD death), 

year of interest, and level of O3 exposure, among other variables. Due to all of these 

modeling choices and uncertainties, studies investigating human-health impacts 

attributable to long-term O3 exposure can report results that vary by nearly an order of 

magnitude (Figure 1-2).  

 
Figure 1-2 Comparison of global premature mortality estimates attributable to long-
term O3 exposure. J2009: Jerrett et al., 2009 and T2016: Turner et al., 2016, 
corresponding to the epidemiological study (i.e. hazard ratio and averaging metric) 
used to calculate each value. 

Even after controlling for many of these variables, large differences between 

studies persist. Figure 1-3 presents estimates of respiratory premature mortalities in the 
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United States attributable to long-term O3 exposure, strictly using the exposure-response 

function reported by the Jerrett et al., 2009 epidemiological study. Thus, these studies 

only vary by year of estimated impacts, O3 exposure, and the theoretical minimum risk 

exposure level selected by the authors of each study (i.e. the exposure level in which no 

additional risk is assumed). 

 
Figure 1-3: Comparison of estimated respiratory premature mortalities in the USA 
attributable to long-term O3 exposure using the Jerrett et al., 2009 hazard ratio and 
averaging metric. 

Since efforts to address air quality drive many facets of public policy, it is 

important to accurately estimate the trends of O3 attributable impacts over time. To date, 

largely due to the computational constraint of extended CTM simulations and input 

data limitations, few studies present a time series of estimated health impacts. The 
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Global Burden of Disease (GBD) project from the Institute for Health Metrics and 

Evaluation (IHME) provides yearly estimates of global health loss from hundreds of risk 

factors, including exposure to air pollution. Before 2010, the GBD reports health impacts 

attributable to air pollution every five years. Figure 1-4 compares the results from the 

most recent GBD iteration (Stanaway et al., 2018) with a separate study that estimated 

yearly health impacts attributable to air pollution between 1990-2010 (Zhang et al., 2018). 

As shown, the population-weighted estimates of O3 exposure between the two studies 

were notably different (Figure 1-4). Stanaway et al., 2018 report nearly no change in 

exposure estimates, while Zhang et al., 2018 report sizeable decreases, largely from 2000-

2010. As a result, there was also a divergence in the trends of the estimated COPD 

premature mortalities attributable to long-term O3 exposure. Stanaway et al., 2018 report 

an increase in O3 attributable impacts while Zhang et al., 2018 report nearly no change. 

In both cases, changes in the size of the population (i.e. a growing population yields a 

larger population susceptible to air quality impacts) and the age structure of the 

population (i.e. an older population yields a larger percentage of the population that is 

more susceptible to air quality impacts) also modulated the resulting trends. 
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Figure 1-4 Trends of population-weighted O3 concentrations from 1990-2010 and 
corresponding estimates of COPD premature mortalities attributable to long-term O3 
exposure. 

1.4.2 Agriculture 

Calculations of agriculture impacts associated with O3 exposure require the crop-

specific growth yields and the level of O3 exposure. Growth yields are needed since the 

exposure-response function is generally designed to estimate the relative yield loss of a 

crop during a growing season (i.e. an estimate of how much a particular harvest 

decreased due to O3 exposure). The quantification of exposure can generally be split into 

two separate categories: an averaging metric and a flux index. Historically, the most 

frequently used indicators are seasonal daylight averages of O3 concentrations (i.e. M7 

and M12; the average local O3 concentration from 9:00-16:00 and 8:00-20:00, respectively) 

and the seasonal cumulative exposure over a defined threshold, such as 40 ppb (i.e. 

AOT40; van Dingenen et al., 2009). Since controlled crop experiments emphasize the 

overall importance of high concentration exposure, many studies focus specifically on 
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this portion of the exposure distribution (Musselman et al., 2006; Lefohn et al., 2018). As 

noted previously, other methods have started to account for more complexity in plant 

uptake by modeling conditions that may limit or exacerbate the opening of plant 

stomata (e.g. Mills et al., 2018).  

Each metric is often compiled using meta-analysis techniques. Thus, the results 

from a range of studies and their respective exposure-response equations are 

aggregated. Compared to estimates of health impacts attributable to long-term O3 

exposure, estimates of agriculture impacts are more limited. While previous studies 

show consistency between equivalent metric and crop pairings (e.g. 4.1%, 2.6%, and 

4.4% for USA M7 wheat; Table 1-1), there are substantial differences between varying 

metrics for a given crop (e.g. 11.0% and 2.6% for USA wheat, as reported by Avnery et 

al., 2011; Table 1-1).  

Trends of agriculturally relevant metrics are limited to a few studies (e.g. Malley 

et al., 2015; Lefohn et al., 2017, Mills et al., 2018) and have yet to be extended to estimate 

trends of agriculture impacts. Globally, the broad trends for crop relevant metrics have 

been decreases in North America, minimal changes in Europe, and increases in East Asia 

(Mills et al., 2018). These divergent trends are due to the combination of a number of 

factors, including different crop growing seasons, which dictate the averaging period 

used for a metric calculation, changes in regional ozone production, and changes in 

background ozone concentrations (i.e. intercontinental transport, CH4, etc.). 
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Table 1-1 Comparison of estimated agriculture impacts (RYL: Relative Yield 
Loss), globally and in the USA, attributable to long-term O3 exposure using a variety 

of impact metrics (i.e. AOT40, M7, M12) and concentration-response functions. 

Study Domain Crop 
RYL 

AOT40 M7 M12 

Avnery et al., 2011 World 
Wheat 15.4 3.9 -- 
Maize 2.2 -- 5.5 

Soybean 8.5 -- 13.9 

Van Dingenen et al., 2009 World 
Wheat 12.3 7.3 -- 
Maize 2.4 -- 4.1 

Soybean 5.4 -- 15.6 
      

Lapina et al., 2016 USA 
Wheat 10.4 4.1 -- 

Soybean 7.0 -- 11.2 

Avnery et al., 2011 USA 
Wheat 11.0 2.6 -- 
Maize 2.0 -- 5.1 

Soybean 12.0 -- 16.9 

Van Dingenen et al., 2009 N.Am. 
Wheat 4.1 4.4 -- 
Maize 2.2 -- 3.6 

Soybean 7.1 -- 17.7 
 

1.5 Research Objectives 

Given the proliferation of new research that continues to strengthen the 

association between long-term exposure to O3 and detrimental human-health impacts 

(e.g. Di et al., 2017; Lim et al., 2019; Wang et al., 2019), as well as the general 

disagreement in historical assessment reports, there is a growing need to better bound 

the uncertainties in the magnitude and trends of long-term O3 exposure, as well as 

illuminate the reason for the persistent differences in the literature. The aim of this 
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research is to apply various modeling methods to meet this need by addressing the 

following questions in each respective chapter: 

Chapter 2 – How well do commonly used chemical transport models capture the 

magnitude of and changes in human-health and agriculture exposure metrics? How do 

differences in standard model setups (i.e. emission inventories, model resolution, 

meteorological fields) influence these exposure estimates? 

Chapter 3 – What is the magnitude of impacts on various human-health end-

points attributable to long-term O3 exposure in the United States, Europe, and China 

strictly using a measurement-based approach? To what extent do biases in exposure 

estimates influence estimates in impacts? 

Chapter 4 – What are the trends of various exposure metrics for human-health 

and agriculture over the United States from 2000-2015? How do these trends in exposure 

metrics translate into trends of impacts? To what extent can machine-learning 

applications be used to estimate exposure metrics and adjust for short-term variability 

(i.e. meteorological conditions)? 
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2. Evaluating Modeled Impact Metrics for Human Health, 
Agriculture Growth, and Near-Term Climate1 

2.1 Introduction 

Each year, approximately 3.0-3.8 million premature deaths occur world-wide due 

to ambient air pollution (Anenberg et al., 2010; WHO 2016; IEA 2016) and this number 

can double by 2050 (Lelieveld et al., 2015). Fine particulate matter (PM2.5) typically 

dominates human premature mortality due to air pollution, with appreciable 

contributions due to O3 (Cohen et al., 2004; Anenberg et al., 2010). A majority of these 

premature deaths occur outside of the United States and Western Europe, where rapid 

economic expansion has led to severe air quality impacts (IEA 2016). Nonetheless, air 

quality issues within the U.S. persist. While vast improvements have been achieved in 

the U.S. over the past few decades due to targeted emission reductions (Xing et al., 2013; 

Simon et al., 2015), several counties within the U.S. are still classified as nonattainment 

for the PM2.5 standard, and even more fail to reach attainment for the O3 standard. It is 

estimated that approximately 130,000 premature deaths occur in the U.S. per year due to 

PM2.5 and O3 pollution (Fann et al., 2012). As such, air quality issues persist globally and 

policies that target air emissions seek to reduce such burdens. 

                                                        

1 Published as: Seltzer KM, Shindell DT, Faluvegi G, Murray LT. Evaluating modeled impact metrics for 
human health, agriculture growth, and near-term climate. Journal of Geophysical Research: Atmospheres, 
2017, 122; doi: 10.1002/2017JD026780.   
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“Co-benefit" policies, which simultaneously reduce the burden of air and climate 

pollution, are increasingly relevant and additional options to tackle such societal issues. 

Since air quality and climate pollutants oftentimes have similar sources, well designed 

policy can produce far greater gains beyond the benefits to air quality or climate alone 

(Cifuentes et al., 2001; Nemet et al., 2010; Shindell et al., 2012; Anenberg et al., 2012; West 

et al., 2013; Thompson et al., 2014; Driscoll et al., 2015; Shindell et al., 2016). These links 

were initially approached with one issue targeted (i.e. climate change) and the other 

coincidently benefited (i.e. air quality; Cifuentes et al., 2001). However, formulating 

policy from the onset that seeks to benefit many issues has recently become common. 

These “co-benefit" strategies and their combined impacts have been assessed through 

the combined use of integrated assessment models (IAMs), atmospheric chemistry 

models, and concentration response functions, both globally and regionally, with 

various levels of complexity (Shindell et al., 2011; Shindell et al., 2012; et al., West et al., 

2013; Thompson et al., 2014; Thompson et al., 2016).  

To calculate the costs and benefits from a proposed policy, projected emissions 

must first be generated. This is typically accomplished through the use of an IAM and 

exogeneous data, such as GDP, population, primary energy use, and percent 

urbanization. Output from IAMs are then downscaled to provide input for models that 

simulate atmospheric chemistry and/or climate (e.g. Chemical Transport Models (CTMs) 

or General Circulation Models (GCMs) with coupled atmospheric chemistry). 
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Diagnostics from CTMs or GCMs are then used to calculate concentration metrics. For 

human health impact calculations, these concentrations metrics serve as an input, along 

with estimates of population and baseline mortality rates, to concentration response 

functions that calculate premature mortalities. These concentration response functions 

are developed via epidemiology studies that link changes in the relative risk for various 

diseases and the concentration of air pollutants (e.g. Jerrett et al., 2009; Burnett et al., 

2014; Turner et al., 2016). Many assumptions are inherent within exercises that calculate 

benefits due to policy. This includes, but is not limited to, the assumption that the 

sensitivity of changing emissions to predicted changes in O3 and PM2.5 concentration 

metrics are well captured by atmospheric models, the emissions calculated by an IAM 

are accurate, and the varying horizontal resolutions common for global and regional 

atmospheric models can capture changes in O3 and PM2.5 metrics.  

Here, we present results from a number of historical simulations that utilize the 

NASA GISS ModelE2 and GEOS-Chem to test these assumptions. These simulations 

were developed to evaluate how well models that simulate atmospheric chemistry 

capture changes in concentration and the overall magnitude of metrics due to varying 

model configurations over the United States. Additional simulations were carried out to 

determine how well these models also capture the magnitude of air pollutant 

concentrations over China. The ECLIPSE V5a (Evaluating the Climate and Air Quality 

Impacts of Short-Lived Pollutants; Stohl et al., 2015; Klimont et al., 2017) and the 
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Community Emissions Data System (CEDS; Hoesly et al., 2017) global anthropogenic 

emission datasets were used in this analysis. Impact metrics related to human health 

premature mortality, agriculture growth, and proxies for near-term climate were 

evaluated using two separate time slices over the United States: 2004-2006 and 2009-

2011. By simulating two separate periods with varying historical emissions, the change 

in predicted impact concentrations can be compared to the actual change in impact 

concentrations calculated from observations. The observed metrics were generated from 

ground based and satellite observations, which are a function of “actual” emissions. 

Additional simulations using the ECLIPSE emissions for 2015 were used to simulate 

2014-2015 conditions over China to test how well the models were able to capture the 

magnitude of observed surface concentrations of O3 and PM2.5.  

In total, the simulations varied by model, meteorology, horizontal resolution, 

emissions inventory, and emissions year. With an understanding of the strengths and 

limitations of models in predicting impact metric concentrations, the reliability of 

simulated values from policy scenarios can be better understood.   

2.2 Methods 

2.2.1 Anthropogenic Emissions 

Two global anthropogenic emission inventories were used in this analysis: 

ECLIPSE V5a CLE (Current Legislation; Klimont et al., 2017; Stohl et al., 2015) and CEDS 

(Hoesly et al., 2017). The ECLIPSE data set is a bottom-up inventory developed using the 
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International Institute for Applied Systems Analysis’ (IIASA) Greenhouse Gas and Air 

Pollution Interactions and Synergies (GAINS) IAM (Amann et al., 2011), with global 

emissions available in 5 year increments for both historical and near-future periods. As 

such, time sliced, rather than time varying, emissions were used in the simulations. In 

total, the ECLIPSE development included 160 country regions, more than 2,000 options 

of control technologies for traditional pollutants, and more than 500 options of control 

technologies for greenhouse gases (Stohl et al., 2015). The CEDS data set exclusively 

contains historical emissions and was prepared for use in the upcoming Coupled Model 

Intercomparison Project Phase 6 (CMIP6; Hoesly et al., 2017). Unlike the ECLIPSE 

inventory, following the bottom-up calculation of emissions using activity and emission 

factor data, the CEDS inventory is scaled to match existing national inventories, when 

available. As a result, the historical emissions between the two data sets vary. Figure S40 

of Hoesly et al. (2017) compares the global emissions of anthropogenic pollutants 

between the CEDS and ECLIPSE inventories.  

While the global emission of air pollutants in the CEDS inventory is consistently 

higher than the ECLIPSE inventory (Hoesly et al., 2017), variations between the two over 

the United States are more complex. Table 2-1 shows the anthropogenic emissions for 

2005 and 2010 over the United States regions outlined in Figure S1 of Seltzer et al., 2017 

and the anthropogenic emissions for 2005, 2010, and 2015 over China. With the 

exception of NH3, all pollutants decreased in both data sets between 2005 and 2010 over 
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the United States. However, the magnitude of emission changes between the two 

periods differed. For example, NOx decreased by approximately 6,150 kilotons between 

the two periods in the ECLIPSE inventory and by approximately 4,970 kilotons in the 

CEDS inventory. Emissions in China featured different emission trends. Some 

pollutants, such as BC, CO, and NOx, peaked in 2010 while others, such as NH3 and 

VOC, continued to rise.  

Table 2-1 Total anthropogenic emissions (kilotons). 

Pollutant 
United States - ECLIPSE United States - CEDS China - ECLIPSE 

2005 2010 2005 2010 2005 2010 2015 
BC 301 223 261 251 2,509 2,653 2,370 
CO 57,382 36,061 71,881 50,879 202,597 213,514 202,336 
NOx 20,390 14,233 18,826 13,858 22,863 28,437 27,943 
NH3 3,827 3,985 4,048 4,281 18,315 19,835 21,067 
SO2 14,973 8,323 14,316 7,732 38,295 33,157 29,629 

VOC 11,743 9,661 9,655 9,169 27,479 29,834 31,598 
Note: Sum of all regions highlighted in Figure S1 in Seltzer et al., 2017. 

In addition to having variable magnitudes and changes in emissions, the two 

datasets also feature variations in the spatial allocations of their gridded inventories 

(Figures S2–S8 of the supporting information). Both inventories are provided at a 

horizontal resolution of 0.5∘ × 0.5∘. Speciation of total VOC emissions for both 

inventories was generated using the REanalysis of the TROpospheric chemical 

composition (RETRO) emission inventory. Since ModelE2 only emits anthropogenic 

VOCs as paraffins and alkenes, only the VOCs that are associated with these chemical 

families were included in the simulation. Annual scaling among the simulated years was 

not performed. Therefore, the 2005 and 2010 emissions were used for each modeled year 
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in the periods 2004–2006 and 2009–2011, respectively. The 2015 emissions were used for 

the 2014–2015 simulations over China.  

2.2.2 Model Descriptions 

Over the United States, air quality was simulated using both the NASA GISS 

ModelE2 (Schmidt et al., 2014) and GEOS-Chem (v10-01; http://www.geos-chem.org; 

Bey et al., 2001). Two ModelE2 simulations were performed. One simulation utilized 

nudged horizontal winds from the Goddard Earth Observing System (GEOS-5) 

reanalysis (hereafter E2-5) and another simulation utilized nudged horizontal winds 

from the NASA Modern-Era Retrospective analysis for Research Applications (MERRA) 

reanalysis (hereafter E2-M; Rienecker et al., 2011). Both simulations were performed at 

2.0∘ × 2.5∘ horizontal resolution with 40 vertical layers extending from the surface to 0.1 

hPa and featured a 4 year spin-up. Both simulations used prescribed sea surface 

temperatures and sea ice cover (Rayner et al., 2003). ModelE2 internally generates its 

own meteorology, with both the gaseous and aerosol chemistry of ModelE2 fully 

interacting with the meteorology, as described in Schmidt et al. (2014). A thorough 

evaluation and description of the chemistry within ModelE2 was performed by Shindell 

et al. (2006) and more recently by Shindell et al. (2013). Over China, air quality was 

predicted for 2014–2015 using one ModelE2 simulation with MERRA nudged winds.  

Biomass burning emissions within the ModelE2 simulations utilized the Global 

Fire Emissions Database (GFED4, Giglio et al., 2013). Non-anthropogenic, non-biomass 
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burning emissions within ModelE2 include online calculations of NOx from lightning, 

online calculations of biogenic isoprene and terpenes, online calculations of natural dust 

(Miller et al., 2006), online calculations of sea salt emissions (Koch et al., 2006), 

prescribed bio- genic alkene and paraffin emissions, NOx emissions from soil, and 

prescribed volcanic emissions (Miller et al., 2014). Aircraft emissions in ModelE2 utilize 

the Lamarque et al. (2010) emissions of NOx and BC. In lieu of CH4 emissions, 

latitudinally varying, near-surface concentrations were prescribed to maintain values 

consistent with RCP4.5 estimates for the modeled period. The modeled chemistry 

determined CH4 at all higher levels. All other well-mixed greenhouse gases are 

prescribed for radiation calculations.  

Over the United States, GEOS-Chem was run with multiple assimilated 

meteorology data sets and at two horizontal model resolutions. Each period featured 

two global simulations at 2.0∘x 2.5∘ horizontal resolution. One of the global runs utilized 

GEOS-5 assimilated meteorology (hereafter GC-5) and the other utilized MERRA 

assimilated meteorology (hereafter GC-M). The GC-5 run provided boundary conditions 

for a nested simulation of 0.5∘ × 0.666∘ horizontal resolution driven by native resolution 

GEOS-5 meteorology over the continental United States (hereafter GC-NA). Over China, 

air quality was predicted for 2014-2015 using a 2.0∘x 2.5∘ horizontal resolution 

simulation with MERRA meteorology. The global GEOS-Chem simulations featured a 1-
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year spin-up, whereas the nested GEOS-Chem simulation featured a 1-month spin-up. A 

summary of all U.S. simulations contained within this analysis can be found in Table 2-2.  

Table 2-2 Summary of U.S. simulations in study 
Simulation ID Model Resolution Meteorology Emissions 

E2-5 ModelE2 2 x 2.5 GEOS-5 Nudged ECLIPSE 
E2-M ModelE2 2 x 2.5 MERRA Nudged ECLIPSE 
GC-5 GEOS-Chem 2 x 2.5 GEOS-5 ECLIPSE 
GC-M GEOS-Chem 2 x 2.5 MERRA ECLIPSE 

GC-NA GEOS-Chem 0.5x 0.666 GEOS-5 ECLIPSE 
GC-C GEOS-Chem 2 x 2.5 GEOS-5 CEDS 

 

All of the GEOS-Chem simulations utilized the SOA chemical mechanism (Pye & 

Seinfeld, 2010; Pye et al., 2010), which simulates the coupled oxidant-aerosol chemistry 

of the troposphere. Vertically, the model extends over 47 layers, from the surface to 0.1 

hPa. The simulation of aerosols includes sulfate-nitrate-ammonium chem- istry (Park et 

al., 2004; Pye et al., 2009), primary carbonaceous aerosols (Park et al., 2003), mineral dust 

(Fairlie et al., 2007), secondary organic aerosols (Pye & Seinfeld, 2010; Pye et al., 2010), 

and sea salt (Jaegle et al., 2011), with aerosol thermodynamics simulated using 

ISORROPIA II (Fountoukis & Nenes, 2007). Aviation emissions were retrieved from the 

Aviation Emissions Inventory Code (AEIC, Simone et al., 2013; Stettler et al., 2011). Non-

anthropogenic emissions included in the GEOS-Chem simulations are lightning NOx 

(Murray et al., 2012), soil NOx (Hudman et al., 2012), biogenic emissions (Model of 

Emissions of Gases and Aerosols from Nature, MEGAN; Guenther et al., 2006), dust 

emissions generated from the DEAD (Mineral Dust Entrainment and Deposition) 
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scheme (Zender et al., 2003), and volcanic SO2 emissions from the AEROCOM data set. 

Biomass burning emissions in the GEOS-Chem simulations were generated from the 

Global Fire Emissions Database (GFED4, Giglio et al., 2013). With the exception of 

volcanic SO2 and biomass burning emissions, all non-anthropogenic emissions respond 

to meteorology. All emissions for GEOS-Chem are processed through the Harvard 

NASA Emission Component (HEMCO; Keller et al., 2014).  

2.2.3 Observations 

Observations of surface air quality in the United States were retrieved from the 

U.S. Environmental Protection Agency’s (EPA) Air Quality System (AQS) for O3 and 

from the Chemical Speciation Network (CSN) and the Interagency Monitoring of 

Protected Visual Environments (IMPROVE) for PM2.5. Corresponding modeled values 

for each observation during the 2004–2006 and 2009–2011 periods were taken from the 

grid cell and time period associated with the available observation. ModelE2 internally 

calculates surface O3 concentrations, which were used in the human health and 

agriculture growth portions of this analysis. Surface O3 concentrations from GEOS-Chem 

were calculated using the method outlined in Zhang et al. (2012). To evaluate the 

predicted human health O3 and PM2.5 impact metric sensitivities in a manner that is 

consistent with human exposure, the analysis, when appropriate, was aggregated into 

urban or rural classifications. Population density criteria for the two classifications used 

the United States Census Bureau’s 2010 definition (i.e., approximately a 200 person per 
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km2 delineation between urban and rural classifications). Gridded population data were 

retrieved from Center for International Earth Science Information Network - CIESIN - 

Columbia University (2016), with population densities in 2010 adjusted to match United 

Nations totals.  

Hourly O3 and PM2.5 concentrations were processed into metrics that are 

commonly used for human health impacts. This includes the annual average of the 

maximum daily 8 h average concentration for O3 (MDA8; ppb; Turner et al., 2016), the 

running 6 month average of 1 h daily maximum concentration for O3 (R6MA1; ppb; 

Jerrett et al., 2009), and the annual average concentration of PM2.5 (µg m−3; Burnett et al., 

2014). All metrics were processed into averaging values based on local times. The M12 

and AOT40 O3 exposure-based metrics for agriculture growth loss were also evaluated 

(Avnery et al., 2011a, 2011b; Van Dingenen et al., 2009). Equations 2-1 and 2-2 show the 

derivation of these two metrics. Each was calculated using data from a period of 3 

months/yr, initiated at the start of the appropriate growing season for wheat, maize, and 

soybeans in the United States (Van Dingenen et al., 2009). The M12 and AOT40 metrics 

were only evaluated over the United States due to observation limitations elsewhere. 

Similar to Avnery et al. (2011a), calculations for soybeans and maize were initialized in 

July, winter wheat was initialized in March, and summer wheat was initialized in May.  
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            (Equation 2-2)  

where [O3] is the O3 concentration, t is the index of all daylight hours over the 

growing season, and n is the number of daylight hours over the growing season. 

Daylight hours span 8:00–19:59 for both the M12 and AOT40 metrics.  

To maintain consistency with the observation protocols for the CSN and 

IMPROVE networks, all modeled PM2.5 concentrations are normalized to 35% relative 

humidity prior to comparison with observed PM2.5 concentrations in the United States 

(Solomon et al., 2014). All calculations feature an organic matter to organic carbon 

(OM:OC) ratio of 2.1. Figure S9 of Seltzer et al., 2017 shows the spatial distribution of the 

networks for all observation monitors used in this analysis. It should be noted that some 

networks only operate seasonally and others go online or off-line over time. Therefore, 

the number of sites may vary annually or seasonally.  

Surface air quality observations in China are retrieved from a national database 

(http://www.aqistudy.cn). The observations used in this analysis were available as 24 h 

averages and an aggregation from multiple monitors in particular cities. Due to the 

observations being limited to 24 h averages, the MDA8, R6MA1, M12, and AOT40 

metrics were not calculated in China and the evaluations for O3 and PM2.5 were limited 
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to the observed 24 h averaging period. For this analysis, concentrations from 2014 to 

2015 were used. In addition, all observations from this data set are reported in units of 

µg m−3. As such, to convert from µg m−3 to ppb, which is the common reporting 

concentration used for O3 analyses, the local air density for each observation was 

calculated using the temperature and pressure values from equivalent temporal data in 

the National Centers for Environmental Prediction (NCEP)/National Center for 

Atmospheric Research (NCAR) Reanalysis data set (Kalnay et al., 1996). Samples are 

dried prior to analysis so an adjustment of modeled data based on relative humidity is 

not performed. All PM2.5 calculations feature an OM:OC ratio of 2.1. A plot of the spatial 

distribution of the Chinese observations can be found in Figure S9 of Seltzer et al., 2017. 

Satellite observations of tropospheric O3 and total aerosol optical depth (AOD) 

columns were used to evaluate these simulations in reproducing proxies of near-term 

climate metrics. Level 3, monthly tropospheric O3 columns from version 4 of the 

Tropospheric Emission Spectrometer (TES) instrument on board the NASA-Aura 

satellite was used (Beer et al., 2001; TES/Aura Level 3, 2013). Level 3 satellite data are 

globally averaged, gridded products that have been screened for poor data points. For 

both models, the total tropospheric O3 columns were calculated using a chemical 

tropopause of 150 ppbv. Satellite observations of AOD were retrieved from the 

Multiangle Imaging SpectroRadiometer (MISR) instrument (MISR Science Team, 2015), 

which is on the NASA-Terra satellite. Seasonal Level 3 data were used in the analysis. 
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AOD in ModelE2 is calculated as extinction-AOD at 550 nm and is only sampled during 

clear-sky conditions. In GEOS-Chem, AOD is calculated at 550 nm following Martin et 

al. (2003).  

2.3 Results 

Three metrics relevant for human health were considered in the evaluation: the 

annual average MDA8 O3 concentration (Turner et al., 2016), the R6MA1 O3 

concentration (Jerrett et al., 2009), and the annual average PM2.5 concentration (Burnett et 

al., 2014). Several subregions of the United States and China were considered in the 

analysis. Figure S1 of Seltzer et al., 2017 shows the six subregions in the United States 

and three regions in China that were used. The regional analyses for human health 

metrics in the main text are largely limited to urban regions, where a majority of human 

exposure occurs. The regional analyses compare the differences in modeled pre- dictions 

of each metric at the 25th, 50th, and 75th percentiles between 2004–2006 and 2009–2011 

with observations. Additional figures for the rural region metric sensitivities, the 

observed and modeled probability density functions for all human health impact metrics 

for both 2004–2006 and 2009–2011, and tabulated values for each metric/regional 

sensitivity plot are contained in the supporting information. Two metrics for agriculture 

growth were considered: the M12 and AOT40 O3 metrics. For brevity, evaluation of the 

crop metrics in the main text only considered the soy-/maize-growing months. Results 

for the summer and winter wheat-growing months are contained in the supporting 
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information. It should be noted that some air quality monitors only operate seasonally. 

As such, observational data were filtered to only include monitor stations with 

consistent data availability. For the near-term climate proxies, results from the GC-NA 

simulation are not shown. Results from this simulation were nearly identical to the GC-5 

results. As well, plots for the 2009-2011 period are contained within the main text, and 

plots for the 2004–2006 period can be found in the sup- porting information. While it is 

acknowledged that the outgoing longwave radiative efficiency of O3 in the troposphere 

peaks from approximately 30∘S to 45∘N (Worden et al., 2012), the evaluation contained 

here is restricted to the two previously described domains (i.e., over the United States 

and China).  

2.3.1 Human Health 

All regions of the United States featured decreases in the 75th percentile of 

observed annual MDA8 O3 concentrations at urban locations between the two periods, 

with the exception of the Northwest, which featured an increase of approximately 1 ppb 

(Figure 2-1, top). The largest observed decreases in annual MDA8 O3 at the 75th 

percentile between the two periods occurred in the Southeast and Midwest, where 

concentrations decreased by approximately 3.6 ppb. Decreases were typically smaller in 

magnitude at the 25th and 50th percentiles, or even featured increases, such as in the 

Plains region. An exception to this trend is in the Northwest, where observed 

concentrations decreased at the 25th percentile and increased at the 50th and 75th 
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percentiles. The two E2 simulations were nearly identical and generally the most 

sensitive to changes between the two periods. The GC-5 and GC-M simulations, which 

only differed in meteorology, differed between 1.5–3.0 ppb at the 75th percentile, with 

the GC-M simulation consistently closer to the observations. On a national average 

(including both urban and rural monitors), the GC-M simulation was the least high 

biased, with a mean bias of 2.0 ppb (Figure 2-1; bottom). Differences were generally 

small between the GC-5 and GC-NA simulations, which only differed in horizontal 

resolutions, with the GC-NA simulation performing marginally better. On a national 

average, the GC-NA simulation was slightly less high biased (3.4 ppb versus 3.7 ppb), 

but the results were regionally mixed. The GC-C simulation, which was identical to the 

GC-5 simulation except for its use of the CEDS emissions inventory, featured regionally 

diverse results. It was more high biased than the GC-5 simulation over the Northeast 

and Southwest, but performed better in the Southeast. All simulations featured the 

largest high bias in the Ohio River Valley and Northeast Corridor regions, with the E2-5 

and E2-M simulations again having the largest bias. Overall, the GC-M simulation 

tended to capture the changes in the MDA8 O3 metric best when compared to 

observations.  
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Figure 2-1 (Top) Change in annual MDA8 ozone (ppb) at the 25th, 50th, and 75th 
percentiles between 2004-2006 and 2009-2011 in the United States at urban AQS 
network locations by region. (Bottom) Bias in the change of modeled annual MDA8 
ozone (ppb) between 2004-2006 and 2009-2011 in the United States at AQS network 
locations. National mean bias (in ppb) shown in top right corner of each plot.  

Observations of the R6MA1 O3 metric at urban locations decreased in all regions 

and at all percentiles analyzed here, except in the Plains region at the 25th percentile 

(Figure 2-2, top). The Northwest generally featured the smallest changes, with decreases 

of 0.9, 1.1, and 0.2 occurring at the 25th, 50th, and 75th percentiles, respectively. The 

other regions featured observed concentration decreases of R6MA1 O3 between 1.7 and 

6.2 ppb at the 75th percentile. In nearly all regions and at most analyzed percentiles, the 
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E2-5 and E2-M simulations changed the most, with particularly strong responses in the 

Ohio Valley Region and California (Figure 2-2, bottom). Again, there were minimal 

differences between the two E2 simulations, with ranges from 0.0 to 0.9 ppb when 

considering all regions and percentiles. On a national average, all GEOS-Chem 

simulations were less high biased than the E2 simulations. The GC-M and GC-C 

simulations performed best. On a national aver- age, both the GC-M and GC-C 

simulations were high biased by 1.3 ppb, compared to 3.4 ppb and 3.2 ppb for the GC-5 

and GC-NA simulations, respectively. For most regions and percentiles, the GC-C 

simulation per- formed better than the GC-5 simulation. Regional differences in bias 

between the GC-5 and GC-NA simulations varied between 0.2 and 1.4 ppb in 

magnitude, but only 0.2 ppb nationally. Again, most of the high bias in all simulations 

occurred in the Ohio River Valley, and some GEOS-Chem simulations featured low bias, 

typically near the West Coast, at some monitor locations.  
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Figure 2-2 (Top) Change in the running 6 month average of 1-hr daily maximum 
ozone values (R6MA1; 1 value per yr; ppb) at the 25th, 50th, and 75th percentiles 
between 2004-2006 and 2009-2011 in the United States at urban AQS network locations 
by region. (Bottom) Bias in the change of the modeled R6MA1 between 2004-2006 and 
2009-2011 in the United States at AQS network locations. National mean bias (in ppb) 
shown at the top right corner of each plot.  

Observations from the CSN and IMPROVE observation networks in the United 

States were combined prior to aggregation into urban and rural classifications. In every 

region, observed concentrations of annually aver- aged PM2.5 concentrations decreased at 

the 50th and 75th percentiles between 2004–2006 and 2009–2011 (Figure 2-3, top). 

Reductions at the observed 75th percentile ranged from 2.1 to 4.5 µg m−3. A small 

increase of 0.4 µg m−3 occurred at the observed 25th percentile in the Plains region, while 
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the other regions featured observed decreases of 1.7–4.0 µg m−3 at the same percentile. 

The skill of each model configuration featured regional variability. The GC-C simulation 

performed best in the Northwest and the E2-5 and E2-M simulations performed best in 

the Southwest and Northeast. In the Midwest, Plains, and Southeast, the best 

performing simulation varied at each percentile. For example, in the Southeast, the E2-5 

simulation performed best at the 25th and 75th percentiles (0.5 µg m−3 low biased and 

0.4 µg m−3 high biased, respectively), while the GC-M simulation performed best at the 

50th percentile (0.2 µg m−3 low biased). On a national average, the GC-C simulation 

featured a low bias of 0.08 µg m−3 (Figure 2-3, bottom), which was best among all 

simulations. On a national average, the GC-M simulation featured a low bias of 0.28 µg 

m−3 and the GC-5 simulation featured a high bias of 0.26 µg m−3. Differences between the 

GC-5 and GC-NA simulations were exacerbated at the higher percentiles (e.g., 50th and 

75th percentiles in the Northeast and Southwest). With the exception of the Northeast, 

differences between the GC-5 and GC-M simulations were small at all percentiles, with 

variations ranging from 0.0 to 0.9 µg m−3 .  
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Figure 2-3 (Top) Change in annual average PM2.5 (µg m−3) at the 25th, 50th, and 75th 
percentiles between 2004-2006 and 2009-2011 in the United States at urban 
CSN/IMPROVE network locations by region. (Bottom) Modeled bias in the change of 
annual average PM2.5 (µg m−3) between 2004-2006 and 2009-2011 in the United States 
at CSN/IMPROVE network locations. National mean bias (in µg m−3) shown at the 
top right corner of each plot. 

Since observations in China were temporally limited, a sensitivity analysis 

between two periods was not performed. The distribution of observed 24 h averaged O3 

concentrations in the three regions of China for 2014–2015 are shown in Figure 2-4 (top). 

The observed 24 h O3 concentrations regularly surpassed 100 ppb in all three regions. In 

the Southeast and Northeast regions, the E2-M simulation captured the distribution of 

the higher O3 concentrations better than the GC-M simulation, but was still unable to 



 

 40 

capture these episodes with the frequency found in the observations. In contrast, the 

GC-M simulation was better able to predict the median value of each distribution. In the 

more populated regions of the Southeast and Northeast, the GC-M predicted median 

was only biased by approximately 1 ppb. In contrast, the E2-M simulation featured 

positive bias in the predicted median concentration in the Southeast and Northeast 

regions of 3 ppb and 7 ppb, respectively.  

 

 
Figure 2-4 (Top) Probability density functions of observed and modeled 2014-2015 24-
hr average ozone concentrations (ppb) in China by region. (Bottom) Probability 
density functions of observed and modeled 2014-2015 24-hr average PM2.5 
concentrations (µg m−3) in China by region. The median value of each PDF is inset 
within each plot.  

The observed and modeled distributions of 24 h average PM2.5 concentrations in 

China were broad (Figure 2-4, bottom), particularly in the Southeast and Northeast 

regions. This includes a large number of extreme PM2.5 episodes where 24 h average 

concentrations often eclipsed 100 µg m−3. In the western region, where the population 
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and anthropogenic emissions are more sparse, observed concentrations of PM2.5 were 

lower. This phenomenon was overly sensitive in both simulations, with the E2-M and 

the GC-M simulations underpredicting PM2.5 concentrations in the West region. The E2-

M and GC-M simulations featured a low bias in the predicted median concentrations of 

this region of 24 µg m−3 and 20 µg m−3, respectively. Both simulations generated similar 

distributions in the Northeast, with the GC-M simulation performing better. In general, 

both simulations were low biased in the Eastern portion of the country where PM2.5 

exposure to humans is highest. The median values of the GC-M simulation were low 

biased by 2 µg m−3 and 5 µg m−3 in the Southeast and Northeast, respectively. The 

median values of the E2-M simulation were low biased by 19 µg m−3 and 11 µg m−3 in 

the Southeast and Northeast, respectively.  

2.3.2 Agriculture 

Observed values of the M12 metric during soy-/maize-growing months generally 

decreased by less than 8 ppb throughout the United States between the 2004–2006 and 

2009–2011 periods (Figure S13 of Seltzer et al., 2017). All simulations were generally high 

biased in simulating this metric, and all simulations featured the strongest levels of bias 

in the Midwest and Ohio Valley region where growth of these crops is greatest (Figure 

2-5, top). The E2-5 and E2-M simulations featured the strongest high bias, with national 

averages of 8.6 ppb and 8.8 ppb, respectively. Only minor differences in the M12 metric 

predictions were found between the GC-5 and GC-NA simulation (nationally averaged 
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biases for the two were 4.9 and 4.4 ppb, respectively). These minor differences are true 

for both changes in and the magnitude of the metric. Bias was lower for the GC-C 

simulation and the GC-M simulation performed best, with a nationally averaged bias of 

2.5 ppb (though again higher in the Midwest).  

 

 
Figure 2-5 (Top) Modeled bias in the change of M12 surface ozone concentrations 
(ppb) at AQS network locations for soy/maize months between 2004-2006 and 2009-
2011 in the United States. (Bottom) Modeled bias in the change of AOT40 surface 
ozone concentrations (ppmh) at AQS network locations for soy/maize months 
between 2004–2006 and 2009–2011 in the United States. National mean bias (in 
ppb/ppmh) shown at the top right corner of each plot.  
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Similar results were generated when using the AOT40 O3 metric during soy-

/maize-growing months. Nationally, AOT40 values at most AQS monitors decreased by 

less than 4 ppmh between 2004-2006 and 2009-2011 (Figure S16 of Seltzer et al., 2017). 

Again, all simulations generally featured high bias (Figure 2-5, bottom), with an 

exception for some GEOS-Chem results in the Southwest. There were only minor 

differences between the E2-5 and E2-M simulations, with nationally averaged high 

biases of 8.3 ppmh and 8.4 ppmh, respectively. All GEOS-Chem simulations performed 

better than the ModelE2 simulations. Similar trends for the GEOS-Chem simulations 

using the M12 metric were found with the AOT40 metric. There were small differences 

between the GC-5 and GC-NA simulations (nationally averaged high biases of 4.6 ppmh 

and 4.2 ppmh, respectively), with improved predictions in the GC-C (nationally 

averaged high bias of 3.4 ppmh) and the GC-M (nationally averaged high bias of 2.5 

ppmh) simulations.  

2.3.3 Climate 

Radiative forcing is the most common metric used to evaluate the potential 

impacts of climate drivers. However, this metric is difficult to adequately observe. As 

such, climate drivers are oftentimes evaluated and the corresponding radiative forcing is 

calculated internally within a model, providing a way to compare two simulations. The 

results then provide a way to determine potential climate responses to individual 

drivers (Myhre et al., 2013). Due to these observational constraints, metrics that 
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influence near-term cli- mate are evaluated here. Included is an evaluation of predicted 

magnitudes of tropospheric O3 and aerosol optical depth.  

When using a chemical tropopause of 150 ppbv, most simulations captured the 

magnitude of annually aver- aged tropospheric O3 columns over the United States to 

within approximately 15% (Figure 2-6, top). The GC-M simulation featured the largest 

levels of bias, with a domain averaged tropospheric O3 column high bias of 9 dobson 

units (DU). The GC-5 and GC-C simulations performed best, with domain averaged 

tropospheric O3 columns within approximately 5% of TES observations. The E2-5 and 

E2-M simulations were nearly identical and biased high by approximately 15%. Maxima 

for observations and all simulations occurred in the Southeast and varied from 

approximately 45 DU in the observations and the GC-5 and GC-C simulations and up to 

55 DU in the GC-M simulation. Results were similar over China, with the GC-5 and GC-

C simulations again performing best (Figure 2-6, bottom). The GC-5 and GC-C 

simulations were both within approximately 3% of the domain-averaged tropospheric 

O3 columns over China. The E2-5 and E2-M simulations were within approximately 20% 

and the GC-M simulation again featured the largest bias. All simulations predicted 

maxima along the eastern coast of China where anthropogenic emissions are highest, 

which is consistent with observations.  
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Figure 2-6 (Top) Annual average tropospheric ozone column (dobson units) from TES 
compared to the five simulations for 2009 to 2011 over the United States. (Bottom) 
Annual average tropospheric ozone column (dobson units) from TES compared to the 
five simulations for 2009–2011 over China. Plotted domain mean shown at the top 
right corner of each plot.  

Predicted levels of annually averaged total AOD over the United States were 

consistent among all simulations, both spatially and in magnitude, and were low biased 

when compared to observations from MISR (Figure 2-7, top). All simulated domain-

averaged values ranged from 0.08 to 0.09 and fall outside the uncertainty associated 

with MISR, when compared to AERONET (±0.05, or ±20%; Kahn et al., 2010; Martonchik 
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et al., 2004). All models featured maxima in the Eastern half of the United States and 

minima over the Rocky Mountains. Observations of annually averaged total AOD over 

China show peaks in the eastern half of the country and a regional minimum over the 

Tibetan Plateau (Figure 2-7, bottom). Peaks also occur outside China over the Indo-

Gangetic Plain. All simulations were able to capture the spatial structures of these peaks, 

but tended to underpredict the domain-averaged values by approximately 33%, which is 

again outside the range of uncertainty associated with MISR observations. Intramodel 

simulations did not generate large differences in total AOD magnitudes and all 

simulations featured domain-averaged values ranging 0.23–0.26.  
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Figure 2-7 (Top) Annual average total aerosol optical depth from MISR compared to 
the five simulations for 2009 to 2011 over the United States. (Bottom) Annual average 
total aerosol optical depth from MISR compared to the five simulations for 2009 to 
2011 over China. Plotted domain mean shown at the top right corner of each plot.  

2.4 Discussion 

2.4.1 Intrasimulation Differences 

Negligible differences for all analyzed metrics were found when comparing the 

E2-5 and E2-M simulations, indicating that nudging of horizontal winds to variable 

underlying reanalysis data sets in ModelE2 does not influence predictions for the 
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metrics considered here. In addition, variations in the horizontal resolution of GEOS-

Chem showed little differences in the prediction of all surface O3 metrics over the United 

States considered in this analysis. Skill in predicting PM2.5 between the two GEOS-Chem 

resolutions in this study at urban AQS monitors were regionally diverse, with the GC-5 

simulation having a slightly lower mean national bias (0.26 µg m−3 versus 0.41 µg m−3). 

Similar results related to resolution influences on O3 and PM2.5 concentration predictions 

were found in previous studies that used GEOS-Chem (Li et al., 2016; Yu et al., 2016). 

However, horizontal resolution may play a larger role in predicted human exposure to 

air pollution at finer resolutions (e.g., 2–4 km). Punger and West (2013) found an 

approximate increase of 12% in calculated premature mortalities due to O3 and an 

approximate increase of 11% for premature mortalities due to PM2.5 in the United States 

when comparing a CMAQ (The Community Multiscale Air Quality Modeling System) 

simulation with 36 km resolution to one with 12 km. In an urban center (Houston), 

Thompson and Selin (2012) compared O3 health impacts using CAMx (Comprehensive 

Air Quality Model with Extensions) simulations at 2, 4, 12, and 36 km, concluding that 

the 36 km simulation may overpredict potential health impacts, but still falls within the 

range of uncertainty obtained from the finer resolutions. Thompson et al. (2014), which 

also used CAMx simulations of 4, 12, and 36 km, also found mortality estimates 

associated with O3 in several urban United States centers to be overestimated at the 36 
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km resolution, but within uncertainties when considering the total mortality estimates 

(i.e., including PM2.5).  

The GC-5 and GC-M simulations, which only differed in underlying 

meteorology, featured differences in most metrics, with the largest differences related to 

O3. Considering the many meteorological variables that influence all metrics considered 

here (e.g., winds for tracer transport, lightning NOx, precipitation for PM2.5 termination), 

this is expected. For surface O3, the differences between the GC-5 and GC-M simulations 

were largely driven by differences in the lifetime of O3. Photolysis rates of O3 within the 

GC-5 simulation featured annual J(O3) rates in the bottom model layer that were 

approximately 5–10% higher than the GC-M simulation. Differences in annually 

averaged isoprene emissions between the GC-5 and GC-M simulations were spatially 

variable, but typically within ±5% of one another. Accuracy in predicting annual PM2.5 

concentrations among all simulations was regionally diverse. However, the GC-C 

simulation, which featured a scaling of emissions to the National Emissions Inventory in 

the United States, consistently performed better than the GC-5 simulation. Interestingly, 

performance skill varied for the surface O3 metrics between the GC-5 and GC-C 

simulations. The GC-C simulation performed better than the GC-5 simulation in 

predicting the R6MA1 metric (Figure 2-2), but performed slightly worse in predicting 

the MDA8 metric (Figure 2-1). This difference is due to the averaging periods considered 

by each of the metrics. The R6MA1 metric features a 6 month averaging period, 
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encompassing the months of maximum O3 (i.e., usually April – September), whereas the 

MDA8 metric features an annual average. During the winter and early spring months, 

the GC-C simulation predicted strong changes in O3 between the two periods, creating 

larger bias in its MDA8 predictions. The simulations using the ECLIPSE inventory 

featured smaller changes during these months and were more consistent with 

observations, which showed increases in O3 between 2004–2006 and 2009–2011 during 

winter.  

2.4.2 Drivers of Simulation Biases 

All simulations were generally high biased for all O3 surface metrics. This 

includes both the predicted changes between the two periods and the magnitude of the 

individual metrics. One reason driving this bias is the anthropogenic emission data sets. 

The ECLIPSE inventory featured higher emissions of both NOx and VOC’s over the 

United States, in both 2005 and 2010, when compared to the CEDS inventory (Table 2-1). 

The CEDS inventory, which is scaled to the U.S. EPA’s NEI, is likely closer to the actual 

emissions. However, there is evidence suggesting that the NEI is 30-60% high biased in 

NOx emissions from non-power plant sources, which leads to an overestimation of 12 

ppb in GEOS-Chem over the Southeast United States in the boundary layer (Travis et al., 

2016). Results presented here show similar levels of O3 bias in this region.  

In addition, simulating the magnitude of the MDA8, R6MA1, M12, and AOT40 

O3 metrics requires models to capture seasonal and diurnal O3 patterns. The E2-5, E2-M, 
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and GC-M simulations were particularly poor in simulating O3 decreases during winter 

months when compared to summer months in the United States. The models were also 

generally unable to capture the lower end of observed O3 distributions, consistent with 

other studies using ModelE2 and GEOS-Chem (Schnell et al., 2015; Travis et al., 2016; Yu 

et al., 2016). The impact of a poorly simulated diurnal cycle, which is common in CTMs 

and GCMs (Schnell et al., 2015), was evident when evaluating the agriculture metrics, 

where all models were high biased in predicting changes in and the magnitude of both 

the M12 and AOT40 metrics. This is compounded for the AOT40 metric, which features 

additional amplification due to the summation of each positively biased result (see 

Equation 2-2).  

The influences of an O3 seasonal cycle were relevant over China, as well. Both the 

E2-M and the GC-M simulations were unable to capture the observed seasonal cycle of 

O3 in China, where concentrations drop precipitously in the winter months. As such, the 

annual average consistency between observed and modeled 24 h O3 concentrations 

(Figure 2-4, top) is partially a function of underestimations in summer months and over- 

estimations during winter months. Between 2004–2006 and 2009–2011 in the United 

States, observations showed consistent decreases in all regions for MDA8 O3 during the 

summer months and increases during winter months, with additional increases in the 

Northwest and Southwest during fall and spring months at the lower portions of the 

observed distributions. These observations are consistent with the idea of a “shifting O3 
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season” in the United States (Clifton et al., 2014; Parrish et al., 2012). In all seasons, the 

GC-M simulation was consistently less sensitive to the emission changes between the 

two periods and the other ECLIPSE simulations were overly sensitive during the 

summer season, which includes months used in the R6MA1 and soy, maize, and 

summer wheat M12 and AOT40 calculations.  

Observed and modeled concentrations of PM2.5 decreased in nearly every region 

and season in the United States between 2004–2006 and 2009–2011. This is consistent 

with the estimated reductions in anthropogenic emissions between the two periods 

(Table 2-1). However, the relative performance of each simulation was regionally 

diverse, indicating that systematic biases are likely limited and making a diagnosis of 

particular drivers of bias difficult. Overall, the GC-C simulation performed best, 

indicating that the scaling of emissions to the NEI provided the CEDS inventory 

valuable skill in capturing emission changes. However, for future analyses where 

national scaling factors are unavailable, multimodel averaging that provides robust 

results would likely be best for impact analyses. In China, for all seasons, both the E2-M 

and the GC-M simulations were low biased in simulating the total PM2.5 concentrations.  

Annual tropospheric O3 columns were best simulated by the GC-5 and GC-C 

simulations, demonstrating the minor influence of anthropogenic emissions and major 

influence of meteorology on such calculations. The E2-5 and E2-M simulations were 

nearly identical and performed better than the GC-M simulation. This further 
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demonstrates the strong influence of underlying meteorology in the calculation of 

tropospheric O3 columns in CTMs. Bowman et al. (2013) evaluated the longwave 

radiative forcing of O3 from the suite of models included in the Atmospheric Chemistry 

and Climate Model Intercomparison Project (ACCMIP; Lamarque et al., 2013) and found 

ModelE2 to be positively biased in simulating the total magnitude of tropospheric O3 

columns in the northern midlatitudes with a separate emissions data set, indicating that 

this high bias is likely related to processes within the model and outside of 

anthropogenic emissions. Only minor differences were found between the total AOD 

column predictions for all simulations, independent of model, resolution, anthropogenic 

emissions, or meteorology. All simulations were also low biased, which was consistent 

for many predictions in North America and almost all predictions in East Asia contained 

in the ACCMIP project (Shindell et al., 2013). This likely indicates systematic bias in 

models predicting total AOD column values.  

2.5 Conclusions 

The NASA GISS ModelE2 and GEOS-Chem models were used to simulate the 

near-present chemistry of the atmosphere and predict various metrics that are 

frequently used in assessing impacts on human health, agriculture growth, and the near-

term climate. Several simulations were run, generating an array of results, which varied 

by model, meteorology, horizontal resolution, emissions inventory, and emissions year. 

Metrics were evaluated with observations for two separate periods in the United States, 
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2004-2006 and 2009-2011. Emissions for 2005 and 2010 from the ECLIPSE V5a CLE and 

CEDS inventories were used to simulate these periods and changes in impact metrics 

were evaluated using observations. Predicted surface concentrations of O3 and PM2.5 

using 2015 emissions from the ECLIPSE inventory were also evaluated for 2014–2015 

over China.  

At the model resolutions considered here (2.0∘x 2.5∘ and 0.5∘x 0.666∘; 

approximately 200 km and 50 km, respectively), minor differences were found when 

predicting O3 and PM2.5 impact metrics in urban locations. However, prior studies 

appear to indicate that O3 exposure estimates marginally improve at resolutions below 

12 km and are stable, yet biased high, at resolutions of 36 km and above (Punger and 

West, 2013; Thompson and Selin, 2012; Thompson et al., 2014). For PM2.5, prior studies 

suggest that improvements in estimated exposure occurs at resolutions of approximately 

36 km and below, and near stable ±10% bias exists when using coarser resolutions (Li et 

al., 2016; Punger & West, 2013; Thompson et al., 2014). The simulation with 

anthropogenic emissions scaled to the national inventory (CEDS) was better able to 

capture summer surface O3 and annual PM2.5 metrics than its ECLIPSE counterpart. In 

addition, the GEOS-Chem simulation run with MERRA meteorology was better able to 

capture the change in surface O3 over the United States between 2004–2006 and 2009–

2011 than the GEOS-Chem simulation run with GEOS-5 meteorology. Results were 
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regionally variable for surface PM2.5 predictions, indicating that a multimodel mean with 

robust results would likely be best for impact analyses.  

A noteworthy finding relates to the comparison of how individual simulations 

performed when predicting changes in a metric over a period of changing emissions 

versus how well the magnitude of a metric is captured. Oftentimes, the model or 

configuration that performed best in capturing the change in and the magnitude of a 

particular metric differed. For example, the GC-M simulation was more high biased in 

predicting the R6MA1 O3 metric throughout the United States when compared to the 

GC-5 simulation but was better able to reproduce the change of the metric between the 

two modeled periods.  

Overall, the results presented here show the strengths and weaknesses of these 

models in simulating impact metrics for air quality and near-term climate. The biases, 

limitations, and the robustness of the results considered here should provide a reference 

to the uncertainty of future studies that quantify impacts due to policies. In addition, 

these results demonstrate the importance in evaluating a modeling framework’s ability 

to replicate observed changes over time.  
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3. Measurement-Based Assessment of Health Burdens 
from Long-Term Ozone Exposure in the United States, 
Europe, and China1 

3.1 Introduction 

There is strong epidemiological and toxicological evidence linking exposure to 

ambient ozone (O3) with adverse health impacts (U.S. EPA 2013). While historical 

research has largely focused on impacts attributable to short-term O3 exposure, there is a 

growing body of literature suggesting a significant association between long-term 

ambient O3 exposure and increased premature mortality, in particular from respiratory 

diseases (REVIHAAP 2013; Jerrett et al., 2009; Lipsett et al., 2011; Zanobetti and 

Schwartz 2011; Turner et al., 2016). Consequently, exposure-response relationships, 

specifically derived from an analysis of the American Cancer Society Cancer Prevention 

Study-II cohort (Jerrett et al., 2009), have been used to estimate the global health burden 

from long-term O3 exposure (e.g. Anenberg et al., 2010; Lelieveld et al., 2013; Brauer et 

al., 2015).  

Due to spatial and temporal limitations of ground-based monitors, as well as 

difficulty in relating the vertical column density of O3 observed by satellites to surface 

values (Duncan et al., 2014), global estimates of long-term O3 exposure are generally 

                                                        

1 Published as: Seltzer KM, Shindell DT, Malley CS. Measurement-Based Assessment of Health Burdens 
from Long- Term Ozone Exposure in the United States, Europe, and China. Environmental Research Letters, 
2018, 13; doi:10.1088/1748-9326/aae29d. 
  



 

 57 

estimated using output from state-of-the-art chemical transport models (CTMs); (e.g. 

Anenberg et al., 2010; Silva et al., 2013; Lelieveld et al., 2015; Brauer et al., 2015; Malley et 

al., 2017; Shindell et al., 2018). Using results from a CTM, the Global Burden of Disease 

(GBD) project estimated that approximately 254,000 global premature mortalities from 

chronic obstructive pulmonary disease (COPD) were attributable to long-term ambient 

O3 exposure in 2015 (Cohen et al., 2017). Results from other impact studies can vary 

substantially due to different CTMs being employed to estimate exposure, updates to 

exposure-response curves, changing theoretical minimum risk exposure levels, varying 

baseline mortality rates, and different reference years, making inter-study comparisons 

of long-term O3 exposure health burdens challenging. In addition, there is evidence 

suggesting that long-term O3 exposure is not only associated with COPD, but a more 

comprehensive set of respiratory diseases (U.S. EPA 2013; Jerrett et al., 2009; Turner et 

al., 2016). Some studies even report significant associations with increased premature 

cardiovascular mortality (Lipsett et al., 2011; Jerrett et al., 2013; Crouse et al., 2015; 

Turner et al., 2016; Cakmak et al., 2016; Day et al., 2017). When incorporating these 

epidemiological updates, the estimated health burden attributable to long-term O3 

exposure increases (Malley et al., 2017; Shindell et al., 2018), indicating that efforts to 

reduce long-term O3 exposure could be more effective in reducing total air pollution-

attributable premature mortalities than previously identified (Schwartz 2016).  
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Many regions of the world, such as the United States, Europe, and China, now 

have dense ground-based monitoring networks to assess compliance with air quality 

standards. Application of these networks to estimate long-term O3 exposure for health 

impact assessments, rather than CTMs, has a number of advantages. First, this would 

provide a consistent framework in relation to many of the underlying epidemiological 

studies, which often incorporate these networks to estimate exposure of the study 

population (e.g. Jerrett et al., 2009; Turner et al., 2016). Second, the use of compliance 

monitoring networks to assess health burdens adds consistency between health burden 

quantification and regulatory air quality standard monitoring. Third, while the CTMs 

used to model ozone are extensively evaluated and capable of reproducing significant 

features of atmospheric chemistry, many of the health-based O3 exposure metrics are 

high biased in model predictions (Schnell et al., 2015, Seltzer et al., 2017). Lastly, 

seasonal and spatial trends of observationally derived exposure metrics can be used in 

model evaluations to help diagnose drivers of bias or provide a reference for bias 

correction.  

In this study, we estimate long-term O3 exposure in the United States, Europe, 

and China for 2015 through the exclusive use of ground-based observation 

measurements. We then combine these results with exposure-response relationships to 

estimate premature mortalities attributable to long-term O3 exposure in each region. We 

compare health impact estimates using multiple exposure-response curves and 
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averaging metrics, as well as estimates from previously reported O3 health burdens, 

discuss the implications of different averaging metrics, and provide seasonal 

population-weighted exposure concentrations that can be used for model evaluations. 

3.2 Methods 

To estimate premature mortalities attributable to long-term O3 exposure, the 

exposure-response relationships and averaging metrics reported by Jerrett et al., (2009) 

and Turner et al., (2016) were utilized. Jerrett et al., (2009) used data from the American 

Cancer Society Cancer Prevention Study II (ACS CPS-II) cohort and air pollution data to 

estimate changes in various cause-specific deaths attributable to incremental changes in 

the April-September average of the daily 1-hour maximum O3 concentration (6mMDA1). 

Their cohort spanned 18 years of follow-up and included 448,850 subjects with 118,777 

deaths. Turner et al., (2016) estimated changes in cause-specific deaths attributable to 

incremental changes in the annual average of the maximum daily 8-hour average O3 

concentration (MDA8) using updated values from the ACS CPS-II cohort. The Turner et 

al., (2016) cohort spanned 22 years of follow-up and included 669,046 subjects with 

237,201 deaths. It is noted that the use of these results globally assumes homogeneity in 

the long-term O3 exposure-response relationship for cause-specific mortality. While 

there is evidence from other cohort studies in North America showing a significant 

relationship between long-term O3 exposure and premature mortality (Crouse et al., 

2015; Di et al., 2017), none of the cohort studies conducted in Europe (no studies are 
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available for Asia) have reported a significant relationship with respiratory mortality 

(Carey et al., 2013; Bentayeb et al., 2015). This may be due to differences in study design, 

such as exposure estimation methods, length of follow up, and number of events (Jerrett 

et al., 2013). Additional cohort studies are required to evaluate the validity of globally 

extrapolating these exposure-response relationships. 

Ground based measurements in the United States were retrieved from the Air 

Quality System (AQS) and the Clean Air Status and Trends Network (CASTNET), in 

Europe from the European Union Air Quality e-reporting data repository, and in China 

from the Beijing Municipal Environmental Monitoring Center and the China National 

Environmental Monitoring Center (CNEMC). This compilation has a significant overlap 

with the Tropospheric Ozone Assessment Report (TOAR) dataset (Schultz et al., 2017) in 

the USA and Europe, but vastly expands the extent of observations in China. All results 

referring to Europe include the 28 European Union Member States, plus Norway and 

Switzerland. Gridded surface maps were generated using an objective-mapping 

algorithm that combines a modified form of inverse distance weighting (IDW) with a 

declustering scheme and trapezoidal integration (Schnell et al., 2014). This algorithm has 

previously been used to evaluate O3 predictions by a suite of CTMs over North America 

and Europe (Schnell et al., 2015).  

Daily gridded maps of maximum 1-hour and 8-hour concentrations were 

generated and appropriately averaged to generate each metric (e.g. annual average for 
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the Turner et al., 2016 metric). Details regarding the calculation of the population-

weighted exposure concentrations, as well as the implementation and evaluation of the 

exposure algorithm, can be found in the Supporting Information of Seltzer et al., 2018. 

Both long-term O3 exposure metrics were calculated at 0.25°x0.25°, 0.5°x0.5°, and 1°x1° 

grid resolutions. Since changes in the mean bias and average root mean square error of 

the predicted site values were generally insensitive to grid resolution (see Tables S1-S2), 

all results presented here utilize 0.5°x0.5° resolution.  

Premature mortality attributable to long-term O3 exposure was calculated using 

previously established methods (Anenberg et al., 2010; Silva et al., 2016; Malley et al., 

2017) and is summarized below.  

∆! =  0                                     !" !!  ≤ !"#$%
!! − !"#$%           !" !!  > !"#$% 

                        (Equation 3-1) 

       
!" =  !"#!∆! 

                             (Equation 3-2) 

!" =  1−  !"#!!∆! 
                             (Equation 3-3)  

∆!"#$! =  !!! × !" × !"#$%&'(")! 
                            (Equation 3-4)  

Where TMREL is the theoretical minimum risk exposure level (i.e. the 

‘counterfactual’), ΔX is the O3 exposure in a particular grid box above the TMREL, β is 

the exposure-response factor (i.e. the slope of the log-linear relationship between the 

change in exposure and mortality), HR is the hazard ratio reported in the 

epidemiological study, which links incremental changes in long-term O3 exposure, ΔY 
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(10 ppb in both studies, albeit a 10 ppb in a different long-term exposure metric), to 

changes in cause-specific mortality rates, AF is the attributable fraction of the disease 

burden attributable to long-term O3 exposure, y0 is the cause-specific baseline mortality 

rate, population is the population count in a particular grid box, and ΔMort is the 

estimated number of premature, cause-specific mortalities. Further details regarding the 

population and baseline mortality rates can be found in the Supporting Information. 

Changes in cause-specific risk varied based on the underlying epidemiological 

study. For respiratory diseases, a hazard ratio of 1.040 (95% CI: 1.013, 1.067) and 1.12 

(95% CI: 1.08, 1.16) was used, corresponding to the Jerrett et al., (2009) and Turner et al., 

(2016) results, respectively. In addition, while there is more limited evidence for effects 

of long-term O3 exposure on cardiovascular mortality, the hazard ratio of 1.03 (95% CI: 

1.01, 1.05) from the Turner et al., (2016) study was applied. The TMREL’s used were 33.3 

ppb when using the Jerrett et al., (2009) averaging metric and 26.7 ppb when using the 

Turner et al., (2016) averaging metric. These values correspond to the minimum O3 

exposure reported in each of the respective epidemiological studies. Many studies 

generate results without the use of a TMREL (e.g. Anenberg et al., 2010; Silva et al., 2013, 

Fang et al., 2013). As such, a sensitivity analysis was carried out to estimate the mortality 

burdens without the use of a threshold. This test assumes that the standard TMREL 

values are limited by low concentration observations rather than true thresholds below 
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which no impacts occur and is illustratively included to provide an upper bound on 

health impacts. 

3.3 Results 

Observationally derived estimates of the Jerrett et al., (2009) averaging metric 

featured distinct patterns in each of the three regions considered here (Figure 3-1). In the 

USA, there is a peak exceeding 60 ppb over inland southern California. Due to 

seasonally operating monitors, some parts of the upper northwest did not pass the 

internal quality assurance test and provide results. Nonetheless, 99% of the population 

was captured in grid boxes that did generate results, with a population-weighted O3 

concentration of 49.0 ppb (Table 3-1).  

 
Figure 3-1 The April-September average of the daily 1-hour maximum concentration 
(Jerrett et al. 2009 averaging metric) for 2015. Concentration is reported in ppb. Note: 
color bar has non-uniform intervals. 
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Table 3-1 Population-weighted concentrations [ppb] of the Jerrett et al. (2009) 
averaging metric and the Turner et al. (2016) averaging metric for 2015. 

Region Jerrett et al. (2009) Metric Turner et al. (2016) Metric 
April-Sept. AMJ JAS Annual MAM JJA SON DJF 

USA 49.0 48.9 49.0 38.1 43.0 43.7 35.9 29.7 
Europe 46.7 46.6 46.8 33.9 38.9 45.5 27.1 24.0 
China 67.9 67.0 68.7 45.3 51.2 59.4 42.7 28.0 

Note: AMJ = April, May, June; JAS = July, August, September; MAM = March, April, 
May; JJA = June, July, August; SON = September, October, November; DJF = 
December, January, February. 

Europe featured a decreasing gradient in 6mMDA1 concentrations from south to 

north, with a peak of approximately 60 ppb in the Po Valley region of Italy, consistent 

with previous analyses (EEA 2017). Ireland and Italy had the lowest and highest 

population-weighted 6mMDA1 O3 concentrations of 21.3 ppb and 56.7 ppb, respectively 

(Table S3 of Seltzer et al., 2018). Overall, the population-weighted 6mMDA1 O3 

concentration in Europe was 46.7 ppb (Table 3-1). Across China, there was an increasing 

gradient in 6mMDA1 concentrations from south to north, peaking near 90 ppb in the 

North China Plain. Large areas of western China were without monitoring data and 

exposure estimates were not generated. However, more than 99% of the population 

resides in the grid cells for which results were generated and the population-weighted 

6mMDA1 O3 concentration was 67.9 ppb (Table 3-1).  

Observationally derived estimates of the Turner et al., (2016) averaging metric 

featured qualitatively similar spatial patterns (Figure 3-2) when compared to the 

6mMDA1 concentrations, but were quantitatively smoother. Over the USA, the 

difference between the 5th and 95th concentration percentiles was 16.2 ppb and 11.2 ppb 
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for the 6mMDA1 and MDA8 concentrations, respectively. The MDA8 concentrations 

were not calculated for a larger number of grid cells due to some monitors going off-line 

during winter months. Nonetheless, with 96% of the USA population still captured by 

the reporting grid cells, the population-weighted MDA8 concentration was 38.1 ppb. 

Substantial seasonal variations occur throughout the year, influencing the spatial 

distribution of the annual MDA8 metric (See Figure S1-S6 of Seltzer et al., 2018). Peak 

population-weighted seasonal MDA8 concentrations occurred during the summer, with 

a drop of 14 ppb during the winter (Table 3-1).  

 
Figure 3-2 The annual average of the maximum daily 8-hour average (Turner et al. 
2016 averaging metric) for 2015. Concentration is reported in ppb. Note: color bar has 
non-uniform intervals. 

In Europe, the difference between the 5th and 95th concentration percentiles for 

the 6mMDA1 and MDA8 concentrations was 21.9 ppb and 13.2 ppb, respectively. A 

peak of seasonal MDA8 concentrations did occur over the Po Valley during the summer 

(Figure S4 of Seltzer et al., 2018) but was the location of low concentrations during the 

winter (Figure S6 of Seltzer et al., 2018). Ireland featured the lowest population-

weighted MDA8 concentration of 19.3 ppb, but it was anomalous when compared to the 
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rest of the continent. While Italy still featured one of the highest population-weighted 

concentrations (38.8 ppb), concentrations were comparable in many other European 

nations (Table S3 of Seltzer et al., 2018).  

In China, the differences between the 5th and 95th concentration percentiles were 

43.7 ppb and 34.5 ppb for the 6mMDA1 and MDA8 concentrations, respectively. With 

99% of the population captured in grid cells for which exposure estimates were 

generated, the population-weighted MDA8 concentration was 45.3 ppb. Large seasonal 

variations, driven mainly by low winter concentrations in the North China Plain, led to a 

31.4 ppb difference in the population-weighted seasonal MDA8 concentrations between 

the summer and winter months.  

The estimated average number of premature respiratory mortalities attributable 

to long-term O3 exposure for 2015 using the Turner et al., (2016) exposure-response 

relationship was 34,000 (95% CI: 24, 44 thousand), 32,000 (95% CI: 22, 41 thousand), and 

200,000 (95% CI: 140, 253 thousand) for the USA, Europe, and China, respectively. When 

using the Jerrett et al., (2009) exposure-response relationship, the premature respiratory 

mortality impacts were lower: 17,000 (95% CI: 6, 27 thousand), 20,000 (95% CI: 7, 33 

thousand), and 135,000 (95% CI: 46, 210 thousand) in the USA, Europe, and China, 

respectively (Table 3-2 and Table S4 from Seltzer et al., 2018 for European country-level 

estimates). While population-weighted O3 concentrations of both averaging metrics are 

higher in the USA than Europe, estimates of premature respiratory mortalities 



 

 67 

attributable to long-term O3 exposure are similar in the two regions. This is largely due 

to differences in population density and age-related demographics, with some 

contributions from differences in baseline mortality rates (Figure S7 of Seltzer et al., 

2018). In addition, while exposure concentrations are consistently higher for the 

6mMDA1 metric than the MDA8 metric, health impacts are consistently higher when 

using the Turner et al., (2016) exposure-response relationship due to its larger hazard 

ratio and lower TMREL. 

Table 3-2: Regional estimates of premature respiratory and cardiovascular mortalities 
attributable to long-term O3 exposure using the Jerrett et al. (2009) and Turner et al. 
(2016) averaging metrics and exposure-response functions for 2015. 

Region 
Jerrett et al. (2009)  Turner et al. (2016) Metric 

Respiratory Respiratory Cardiovascular 
w/ thres. w/o thres. w/ thres. w/o thres. w/ thres. w/o thres. 

USA 
17           

(6–27) 
48           

(17–75) 
34              

(24–44) 
95              

(69–117) 
17        

(9–26) 
54        

(28–79) 

Europe 
20          

(7–33) 
69           

(24–107) 
32            

(22–41) 
132            

(95–164) 
24        

(12–36) 
109         

(56–160) 

China 
135           

(46–210) 
246           

(89–374) 
200          

(140–253) 
423          

(310–515) 
129      

(65–190) 
305       

(157–448) 
Note: All results reported as thousands and rounded to the nearest thousand. 

95% CI of each estimate included in parenthesis. Thres. = threshold (i.e. TMREL). 

Normalized results, with impacts reported as premature mortalities attributable 

to long-term O3 exposure per 100,000 people, show health burdens higher in the USA 

than Europe (Table 3-3). This reflects the influence of higher population-weighted O3 

concentrations found in the USA. Respiratory mortality rates attributable to long-term 

O3 exposure are quite variable between European countries (Table S5 of Seltzer et al., 

2018), reflecting heterogeneity in population-weighted exposure concentrations (Table 
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S3 of Seltzer et al., 2018), age demographics, and baseline mortality rates. For all 

countries considered in this analysis, baseline respiratory mortality rates are highest 

among the oldest age bin of the population (i.e. 80+). As a result, age demographics 

strongly influence the health impacts calculated here (Table S6 of Seltzer et al., 2018), 

with more than 75% of the respiratory premature mortalities attributable to long-term O3 

exposure consistently occurring among the population aged 70 and above.  

Table 3-3: Regional estimates of premature respiratory and cardiovascular mortalities 
per 100,000 people attributable to long-term O3 exposure using the Jerrett et al. (2009) 
and Turner et al. (2016) averaging metrics and exposure-response functions for 2015. 

Region Jerrett et al. (2009)  Turner et al. (2016) Metric 
Respiratory Respiratory Cardiovascular 

USA 5.2 (1.8–8.4) 10.6 (7.4–13.6) 5.4 (2.7–8.0) 
Europe 3.8 (1.3–6.1) 5.9 (4.1–7.7) 4.5 (2.3–6.7) 
China 9.6 (3.3–15.1) 14.3 (10.1–18.1) 9.2 (4.7–13.6) 

Note: 95% CI of each estimate included in parenthesis.  

When a TMREL is not used, average estimates increase in all three regions (Table 

3-2). In addition, the estimated average number of premature cardiovascular mortalities 

attributable to long-term O3 exposure was 17,000 (95% CI: 9, 26 thousand), 24,000 (95% 

CI: 12, 36 thousand), and 129,000 (95% CI: 65, 190 thousand) for the USA, Europe, and 

China, respectively, in 2015. While the hazard ratio of long-term O3 exposure is larger 

for respiratory disease than cardiovascular disease (averages of 1.12 vs. 1.03), the larger 

mortality rate of cardiovascular disease drove the substantial estimated impacts.  

To compare directly with the GBD project, COPD related premature mortalities 

attributable to long-term O3 exposure were also estimated. Consistent with the Jerrett et 
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al., (2009) study, these calculations utilized the maximum daily 1-hour average O3 

concentration spanning June-August and a hazard ratio of 1.029 (95% CI: 1.010, 1.048). 

Health burdens for the USA, Europe, and China in 2015 were 7,000 (95% CI: 3, 12 

thousand), 11,000 (95% CI: 4, 17 thousand), and 88,000 (95% CI: 32, 139 thousand), 

respectively. In comparison, the GBD project estimated that there were 11,600, 13,330, 

and 71,850 premature COPD related mortalities in the three regions attributable to long-

term O3 exposure in 2015 (HEI 2017). The high biases in the USA and Europe and low 

bias in China suggests that the exposure estimates did not adequately capture the ~40% 

increase in population-weighted concentrations over China when compared to the other 

two regions (Table 3-1). This leads to per capita impacts in China that are ~45% larger 

than those in the USA in GBD, whereas we find per capita impacts in China 

approximately three times greater. When using the Turner et al., (2016) averaging metric 

and hazard ratio of 1.14 (95% CI: 1.08, 1.21), COPD related premature mortalities were 

22,000 (95% CI: 14, 31 thousand), 21,000 (95% CI: 13, 30 thousand), and 188,000 (95% CI: 

116, 259 thousand) for the USA, Europe, and China, respectively. 

3.4 Discussion 

Consistent with two recent studies utilizing CTM derived exposure (Malley et 

al., 2017; Shindell et al., 2018), the observationally derived results presented here show 

that respiratory health impacts attributable to long-term O3 exposure are higher when 

using the Turner et al., (2016) averaging metric and exposure-response relationship than 
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the Jerrett et al., (2009) methodology. These findings have important implications for 

policy makers and the public for a number of reasons. First, health impacts attributable 

to long-term O3 exposure are indeed likely higher when using the newest ACS CPS-II 

cohort analysis and expanded further if the association between long-term O3 exposure 

and cardiovascular mortality is shown to be causal and included in the total health 

burden estimates. Second, the Turner et al., (2016) averaging metric considers annual O3 

exposure, rather than 6-months. This is particularly relevant for the three regions 

included in this analysis, where the seasonal cycle and regional distributions of O3 have 

shifted over the last few decades (Parrish et al., 2012; Clifton et al., 2014; Simon et al., 

2015; Lefohn et al., 2017; Seltzer et al., 2017). Finally, this also highlights the importance 

of chemistry transport models accurately capturing O3 seasonal cycles in generating 

exposure estimates for health impact assessments. Overall, the results presented here are 

generally lower than what has been reported in recent model-based studies (Table 3-4). 

As previously noted, each study may use different TMRELs, baseline mortality rates, 

and reference years. Only one study, Shindell et al., (2018), which utilized a bias-

adjustment, generated results comparable to what is reported here. 
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Table 3-4: Comparison of long-term O3 exposure results for respiratory-related 
mortalities with prior studies. All results rounded to the nearest thousand. 

Metric 
USA/NA 
(Count) 

Europe 
(Count) 

China/East 
Asia/Asia 
(Count) 

Exposure 
Method 

Year Ref. 

J2009 
USA 

(17,000) 
(20,000) 

China 
(135,000) 

Obs. Derived w/ 
TMREL 

2015 This Study 

J2009 
NA 

(25,000) 
(23,000) 

Asia        
(370,000) 

CTM – PI 
Comparison 

2000 
Anenberg et al. 

2010 

J2009 NA 
(34,000) 

(33,000) East Asia 
(203,000) 

CTM – PI 
Comparison 

2000 Silva et al. 2013 

J2009 
NA 

(26,000) 
(31,000) 

East Asia 
(183,000) 

CTM – PI 
Comparison 

2000 Fang et al. 2013 

J2009 
USA 

(38,000) 
(73,000) 

China 
(273,000) 

CTM – PI 
Comparison 

2005 
Lelieveld et al. 

2013 

J2009 
NA 

(37,000) 
(33,000) 

East Asia 
(175,000) 

CTM – PI 
Comparison 

2005 Silva et al. 2016 

J2009 USA 
(30,000) 

(39,000) China 
(154,000) 

CTM w/ TMREL 2010 Malley et al. 
2017 

       

T2016 
USA 

(34,000) 
(32,000) 

China 
(200,000) 

Obs. Derived w/ 
TMREL 

2015 This Study 

T2016 
USA 

(64,000) 
(79,000) 

China 
(316,000) 

CTM w/ TMREL 2010 
Malley et al. 

2017 

T2016 
USA 

(23,000) 
(33,000) 

China 
(181,000) 

Bias-adjusted 
CTM w/ TMREL 

2015 
Shindell et al. 

2018 
Note: J2009 = Jerrett et al. (2009); T2016 = Turner et al. (2016); NA = North America; 
CTM – PI Comparison = Chemical Transport Model calculated difference in present 
day concentrations and preindustrial concentrations, without the use of a TMREL.  

An additional reason for the differences between the results presented here and 

those in prior studies relates to biased exposure estimates and the interaction between 

these exposure estimates and non-linear exposure-response curves. For this study, a log-

linear exposure-response function (Figure S8 of Seltzer et al., 2018) was selected since it 

is most commonly applied in health impact assessments (e.g. Anenberg et al., 2010; Silva 
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et al., 2013; Silva et al., 2016; Malley et al., 2017; Shindell et al., 2018). However, other 

forms of exposure-response functions can be used. For example, Di et al., (2017) reported 

a linear connection between long-term O3 exposure and mortality and the World Health 

Organization suggests linear exposure-response relationships for short-term O3 

exposure studies (REVIHAAP 2013). The shape of exposure-response curves have 

indeed been previously discussed in health impact studies focused on exposure to 

ambient fine particulate matter (Pope et al., 2009; Smith and Peel 2010; Apte et al., 2015). 

While prior studies have indeed noted that high biased O3 predictions are consistent in 

models that are typically used to estimate long-term O3 exposure (e.g. Schnell et al., 

2015; Yan et al., 2016; Travis et al., 2016; Seltzer et al., 2017), an effort to translate how 

this bias might influence health impacts has yet to be undertaken.  

To test this interaction, the observationally derived exposure metrics were 

artificially scaled and the resulting health impacts were subsequently calculated. The 

new health impact estimates were then compared to the reference impact estimates 

(Figure 3). Since the impact estimates are normalized to a reference case, variations are 

exclusively due to changes in exposure (i.e. differences in population demographics do 

not influence these normalized results). When using the Jerrett et al., (2009) averaging 

metric and exposure-response relationship, a 10% increase in exposure (i.e. a 10% high 

bias in the population-weighted exposure concentration) yields a 29%, 35%, and 18% 

increase in the estimated health impacts in the USA, Europe, and China, respectively. 
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When using the Turner et al., (2016) methodology, a 10% increase in exposure yields a 

29%, 44%, and 21% increase in the estimated health impacts in the USA, Europe, and 

China, respectively. 

 
Figure 3-3 Relationship between increases in long-term O3 exposure and estimated 
total respiratory premature deaths. 

In the prior example, normalized impacts for Europe were consistently most 

sensitive to changes in the exposure metrics, followed by the USA and then China. 

Population-weighted concentrations of each metric follow the same order (Table 3-1). 

This relationship illustrates how a larger normalized change in health impacts occurs at 

the lower exposure end of each curve. For example, when using the Turner et al., (2016) 

averaging metric, the USA and China feature average exposures of 38.1 ppb and 45.3 

ppb, respectively (Table 3-1). The exposure-response curve using the Turner et al., (2016) 

hazard ratio (Figure S8 of Seltzer et al., 2018) is steeper at 38.1 ppb than 45.3 ppb, which 

leads to the stronger marginal response in impacts (Figure 3-3). This relationship is 
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important from a health impacts perspective and should also be noted when considering 

how bias in exposure estimates influence health calculations in various regions. 

Some uncertainties in the results presented here include a small bias in the 

gridding method (see Figure S9-S10 of Seltzer et al., 2018). Though, the mean bias of 

estimated concentrations at each monitor from the complete population of observations 

is nearly zero for the three regions. Second, inherent in the mapping algorithm is the 

assumption that non-observed locations can be estimated using nearby observations. 

The exposure results show that the final gridded surface maps (Figs. 3-1 and 3-2) have 

coherent spatial gradients, providing confidence in these assumptions. Third, it is 

assumed that the gridded surface maps generated here are of sufficient resolution to 

capture exposure estimates. While all results presented here are at 0.5°x0.5° resolution, 

additional gridded surface maps of both metrics were calculated at horizontal 

resolutions of 0.25°x0.25° and 1.0°x1.0°. Health impact estimates at each of these 

resolutions show little difference (Table S1-S2 of Seltzer et al., 2018). Fourth, the Jerrett et 

al., (2009) averaging metric used here was calculated using the April-September average 

of the 1-hr daily maximum O3 concentration rather than a grid-by-grid calculation to 

account for changes in regional O3 seasons. This was performed to provide consistent 

population-weighted exposure concentrations that can subsequently be used for model 

and exposure evaluations. To test the influence of this assumption, population-weighted 

concentrations for all possible 6-month averaging periods in 2015 were calculated. The 
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April-September average yielded the highest exposure estimates for the USA, China, 

and a majority of the European countries.  

3.5 Conclusions 

Gridded surface maps of long-term O3 exposure for 2015 in the USA, Europe, 

and China were estimated through the exclusive use of ground-based monitoring 

networks and an objective-mapping algorithm (Schnell et al., 2014). This estimation of 

exposure differs from the widely used method of chemical transport modeling, which 

can incorporate model biases. Seasonal population-weighted concentrations of two 

exposure metrics were presented and can be used by the modeling community for 

model evaluation, to elucidate drivers of model bias, and possibly as correction factors 

to reduce persistent bias. Using the Jerrett et al., (2009) averaging metric and exposure-

response function, 17,000 (95% CI: 6, 27 thousand), 20,000 (95% CI: 7, 33 thousand), and 

135,000 (95% CI: 46, 210 thousand) premature respiratory mortalities attributable to 

long-term O3 exposure in 2015 were estimated for the USA, Europe, and China, 

respectively. When using the Turner et al., (2016) methodology, based on a larger, 

extended cohort analysis, the estimated health burdens increase to 34,000 (95% CI: 24, 44 

thousand), 32,000 (95% CI: 22, 41 thousand), and 200,000 (95% CI: 140, 253 thousand) for 

the USA, Europe, and China, respectively. After accounting for differences in exposure-

response functions, these estimated impacts are generally lower (~20-60%) than what has 

previously been reported. This is due to small biases in modeled results being amplified 
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by non-linear exposure-response curves, thus highlighting the importance of accurately 

estimating long-term O3 exposure in health impact assessments. Overall, the results 

presented here provide an observational constraint of long-term O3 exposure impacts on 

health burdens for three major regions of the world. 
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4. Magnitude, Trends, and Impacts of Ambient Long-
Term Ozone Exposure in the United States from 2000- 
and 20151 

4.1 Introduction 

Tropospheric ozone (O3) is a secondary pollutant that is photochemically formed 

from precursor gases. Exposure to ambient O3 is associated with adverse health effects in 

humans (U.S. EPA 2013) and reduced yields in commercial crops (Chameides et al., 

1994; Mauzerall and Wang, 2001). These impacts have driven efforts to reduce ground-

level O3 in the United States, specifically targeting peak levels of O3 concentrations 

through regulations that control anthropogenic precursor emissions, such as nitrogen 

oxides (NOx) and volatile organic compounds (VOCs). These efforts have been widely 

successful in reducing peak concentrations (Simon et al., 2015; Lefohn et al., 2017; 

Fleming et al., 2018), but impacts related to both human-health and crop yields 

nonetheless persist (Cohen et al., 2017; Seltzer et al., 2018; Zhang et al., 2018; Shindell et 

al., 2019).  

Quantifying impacts requires an estimate of human and vegetation exposure to 

O3, which is most commonly accomplished through the use of chemical transport 

models (CTMs; e.g. Anenberg et al. 2010; Silva et al. 2013; Lelieveld et al. 2015; Malley et 

al. 2017; Shindell et al. 2018, Stanaway et al., 2018). CTMs apply state-of-science 
                                                        

1 Published as: Seltzer KM, Shindell DT, Kasibhatla P, Malley CS. Magnitude, Trends, and Impacts 
of Ambient Long-Term Ozone Exposure in the United States from 2000-2015. Atmospheric Chemistry and 
Physics Discussions, https://doi.org/10.5194/acp-2019-672, in review, 2019.  
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knowledge to simulate O3 formation, termination, and transport, while also providing 

complete spatial and temporal coverage over a particular domain - a desired feature for 

impact assessments. However, estimates of exposure and impacts can vary substantially 

across CTM studies. For example, two CTM based studies estimated 2005 respiratory 

related premature mortalities in the USA using the same relative risk function (Jerrett et 

al., 2009), yet yielded results that differed by ~3x (i.e. 13,000 vs. 38,000; Zhang et al., 2018; 

Lelieveld et al., 2013). While CTMs accurately reproduce many features of atmospheric 

chemistry (Shindell et al., 2013; Hu et al., 2018), one important issue associated with 

CTM-based impact assessments is that CTMs are consistently high biased when 

predicting O3 exposure-relevant concentrations (Schnell et al., 2015; Travis et al., 2016; 

Yan et al., 2016; Seltzer et al., 2017, Porter et al., 2017; Guo et al., 2018). Such biases can 

influence estimates of impacts and are often amplified by nonlinear concentration-

response functions (Seltzer et al., 2018). Measurement-based methods, including area-

weighted average of nearby monitors, nearest monitor, inverse distance weighting, 

Kriging interpolation, and multiple-linear regression under a Bayesian framework, can 

also be used to estimate exposure (Bell, 2006; Brauer et al., 2008; Marshall et al., 2008; 

Chang et al., 2010; Seltzer et al., 2018). However, a notable limitation of such methods 

stems from the sparse spatial coverage of monitoring sites. While these limitations might 

be minor in areas with dense monitoring, such methods can become insufficient as the 

distance from monitors increases (Bell, 2006). 
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O3 exposure trends are also of great interest to researchers and air quality 

managers. To accurately model trends of O3 exposure, many dimensions of variability 

must be captured. For the annual average of the maximum daily 8-hour average O3 

concentration (hereafter MDA8), a metric used to quantify long-term O3 exposure in 

epidemiological studies (e.g. Turner et al., 2016; Lim et al., 2019), the O3 diurnal and 

seasonal cycles must be accurately simulated over time. CTM evaluation studies also 

report the existence of seasonal, spatial, and diurnal variability in model performance 

(Cooper et al., 2014; Schnell et al., 2015; Seltzer et al., 2017; Lin et al., 2017; Guo et al., 

2018; Strode et al., 2019; Young et al., 2018). These variances can lead to conflicting 

conclusions regarding trends in exposure. Zhang et al., 2018 report a ~9% decrease in the 

population-weighted, daily maximum 1-hour exposure concentration of O3 in the USA 

warm-season between 1990-2010. Meanwhile, a separate study reported no change in 

the population-weighted, daily maximum 8-hour exposure concentration of warm-

season O3 over those two decades (Stanaway et al., 2018).  

Since monitoring data is sparse, quantification of trends using observations 

requires either continuous, long-term measurement data at a particular site or the 

aggregation of observations into regions (e.g. Southeast, Northeast, Great Plains, etc.) 

and/or urban-rural-suburban classifications. Many studies have indeed made use of 

such data to assess O3 trends (Jaffe and Ray, 2007; Cooper et al., 2012; Parrish et al., 2012; 

Cooper et al., 2014; Simon et al., 2015). The recent publication of the Tropospheric Ozone 
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Assessment Report (TOAR) database (Schultz et al., 2017) has created a rich 

observational dataset and further expanded the number of such assessments (e.g. Chang 

et al., 2017; Gaudel et al., 2018; Lefohn et al., 2018; Fleming et al., 2018; Mills et al., 

2018b).  

In this study, we use artificial neural networks (ANNs) and the TOAR database 

to estimate a suite of O3 impact metrics related to human-health and crop yield over the 

contiguous United States from 2000-2015 at 0.5°x0.5° resolution. Specifically, we take 

advantage of the improved long-term coverage afforded by the TOAR database to 

develop a framework that empirically estimates O3 exposure with complete spatial and 

temporal coverage over the United States. ANNs have been previously used to make O3 

predictions (Ruiz-Suárez et al., 1995; Yi and Prybutok, 1996; Comrie, 1997; Gardner and 

Dorling, 2000; Dutot et al., 2007; Di et al., 2017), but generally at the monitor or city level. 

Our main goal was to better quantify the magnitude and trends of population-weighted 

and agriculture-weighted long-term (i.e. months, annual) O3 exposure in the USA over 

many consecutive years, and use those estimates to generate a measurement-based 

assessment of impacts and trends on human-health and crop yields. In addition, we 

applied the ANN to meteorologically adjust exposure predictions, thus eliminating a 

substantial proportion of the short-term variability and enabling a better quantification 

of long-term O3 exposure trends. 
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4.2 Methods 

4.2.1 Observational Dataset and Impact Metrics 

Daily O3 observations spanning 2000-2015 from the Airmap, AQS, CAPMoN, 

CASTNET, GAW, and NAPS monitoring networks in North America were retrieved 

from the TOAR database (Schultz et al., 2017). These daily observations were used to 

calculate two human-health and two crop-yield relevant averaging metrics. The first 

human-health metric comes from the Jerrett et al. (2009), hereafter J2009, long-term O3 

exposure epidemiology study. Using data from the American Cancer Society Cancer 

Prevention Study II (ACS CPS-II) cohort, J2009 estimated changes in cause-specific 

mortalities attributable to incremental changes in the April-September average of the 

daily 1-hour maximum O3 concentration (hereafter MDA1). The second human-health 

metric is from the Turner et al. (2016), hereafter T2016, long-term O3 exposure 

epidemiology study. T2016, using an expanded version of the ACS CPS-II cohort that 

included more follow-up years, a larger population, and more events (i.e. deaths), 

reported changes in cause-specific mortalities attributable to incremental changes in the 

annual average of the maximum daily 8-hour average O3 concentration (hereafter 

MDA8). To elucidate the influence of the underlying seasonal trends on the MDA8 

metric, we subdivide this annual metric into 3-month seasonal windows (i.e. summer: 

June-August; spring: March-May). These seasonal divisions will be labeled as such: 

MDA8-MAM (spring), MDA8-JJA (summer), MDA8-SON (fall), and MDA8-DJF 
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(winter). 

The two crop-loss metrics included here were the M12 and AOT40 averaging 

metrics. Both have been used in a variety of crop loss assessments (e.g. Van Dingenen et 

al., 2009; Avnery et al., 2011; Shindell et al., 2019). The M12 metric, which can be used to 

calculate impacts on maize and soybean relative-yields, is defined as the mean O3 value 

for the local hours of 8:00-20:00, averaged over the 3-months prior to the start of the 

harvest period. The AOT40 metric, which can be used to calculate impacts on maize, 

soybeans, and wheat, is an accumulative index and defined as a summation of the 

hourly mean O3 values over 40 ppb for the local hours of 8:00-20:00, also averaged over 

the 3-months prior to the start of the harvest period. We initialize the start of the harvest 

period to be consistent with Avnery et al. (2011). For maize and soybeans, the 3-month 

averaging period was initialized in July. Wheat features two varieties with separate 

initialization months for harvesting. One is initialized in March and the other is 

initialized in May. Exposure results of both varieties are included for illustrative and 

seasonal comparisons. It should be noted that long-term O3 exposure also stunts the 

yields of a variety of other crops, such as rice (Van Dingenen et al., 2009; Shindell et al., 

2019), but inclusion of these impacts were not considered here since they are not a major 

commercial crop in the United States. 

4.2.2 Artificial Neural Network 

We utilized feed-forward ANNs, also referred to as multilayer perceptrons 
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(MLPs), to model the four metrics considered here, with a unique network for each 

metric. MLPs were constructed using the Keras API (keras.io; Chollet, 2015) and 

TensorFlow machine-learning library (tensorflow.org; Abadi et al., 2015). Broadly, 

ANNs consist of several interconnected layers, beginning with an input data layer, 

ending with an output data layer, and having at least one ‘hidden’ layer between the 

input and output that models the nonlinear relationships of the system. Each layer is 

connected via a set of coefficients at individual ‘nodes’ that are optimized through 

model training, similar to a multiple-linear regression (MLR) model. In contrast to a 

MLR, a layer in an ANN may have multiple nodes, and the output from each node 

proceeds through an ‘activation function.’ An activation function can take many shapes, 

but the two most common are a sigmoidal function (which converts the node output to a 

probability) and a rectified linear (ReLu) function (which applies a threshold to a linear 

function). The ANNs used here consisted of one input, three hidden, and one output 

layer. All nodes in each hidden layers featured a ReLu activation function, including the 

output layer to ensure all predictions were non-negative. The three hidden layers, each 

of which included a bias term, consisted of 32 nodes each.  

Daily observations from the TOAR dataset spanning 2000-2015 were paired with 

MERRA-2 meteorological reanalysis data, anthropogenic emissions data from the 

Community Emissions Data System (CEDS; Hoesly et al., 2018) inventory, and monthly 

methane concentrations. Meteorological variables that were considered O3 covariates 
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largely follow Li et al. (2019) and include 24-hour average of cloud area fraction (%), 12-

hour average of 2-meter air temperature (K), 24-hour average of 10-meter eastward wind 

speed (m/s), 24-hour average of 10-meter northward wind speed (m/s), 12-hour average 

of the planetary boundary layer height (m), total daily precipitation flux (kg/m2/day), 24-

hour average of the sea-level pressure (Pa), 12-hour average of the 2-meter specific 

humidity (kg/kg), 24-hour average of the leaf area index (%), and the 12-hour average of 

the surface incoming shortwave radiation flux (W/m2). All 24-hour periods and 12-hour 

periods (8:00-20:00) were adjusted to local times. Localized anthropogenic emissions 

included nitrogen oxides (NOx), non-methane volatile organic carbon (NMVOC; 

includes total weight of all species), and carbon monoxide (CO). Since emissions from 

East Asia have a large impact on North American ground-level O3 concentrations (Liang 

et al., 2018), and since emissions in the region have dramatically changed in recent 

decades (Zheng et al., 2018), monthly total emissions from all East Asian countries (i.e. 

China, Japan, South Korea, North Korea, and Mongolia) were included as an input. 

Emissions from all East Asian countries were retrieved from the CEDS inventory, with 

the exception of Chinese emissions, which were retrieved from the Multi-resolution 

Emission Inventory for China (MEIC) inventory (Zheng et al., 2018). Since the last year 

included in the CEDS inventory is 2014, anthropogenic emissions for 2014 were repeated 

for 2015. To incorporate geographical differences and long-term drivers not included as 

input, several fixed effect variables were also used as input, including latitude, 
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longitude, and year. We normalized all input data by subtracting the mean and dividing 

by the standard deviation of the training dataset.  

Prior to model training, the complete dataset was divided into three components 

– training, validation, and testing. The training dataset is used to iteratively tune the 

coefficients in the ANN, the validation dataset is used to ensure the training process 

does not over fit the ANN parameters to match the training dataset, and the testing 

dataset is used to evaluate how well the trained model performs. To compile these 

components, all available data in a given month was collected and three random, 

consecutive days were removed for validation and four random, consecutive days were 

removed for testing. The remaining days became the training dataset. In total, the size of 

the training data set exceeded five million values; therefore, the number of trainable 

parameters was nearly 4-orders of magnitude smaller. The optimization of all 

coefficients at each node in the ANN is accomplished through stochastic gradient 

descent (SGD) optimization. SGD consists of (a) taking mini batches of the training 

dataset, (b) estimating the gradient of all coefficients relative to the known output, (c) 

taking a small iterative step towards to optimal solution, (d) repeating with a new mini-

batch of the training dataset, and (e) repeating steps (a)-(d) until the entire training 

dataset has been fed through the network. The set of steps (a)-(e) is referred to as an 

epoch, and network training proceeds through multiple epochs. In total, we used the 

Adam Optimizer (Kingma and Ba, 2015), with a learning rate of 0.001 (i.e. the size of step 
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(c)), a decay factor of 0.9 (i.e. a shrinking of the step (c) size), and a mean-squared error 

target cost-function. Each ANN was trained for 3,000 epochs, with a shuffling of the 

training data between each epoch. Through monitoring of the model training, it was 

determined that 3,000 epochs was sufficient to optimize the system without over fitting. 

To quantify the added benefit of the ANN over a simplified model, a comparison 

with results from a multiple linear regression (MLR) is included. In addition, since 

exposure mostly occurs at unobserved locations, and all of the model training explained 

thus far is only evaluated at observed locations (i.e. via the testing dataset), we added an 

additional step to test our methods. In short, we performed several CTM simulations 

and sampled the daily-level CTM predictions of each metric at all available monitoring 

locations. We then followed the same machine learning process described above, except 

using the CTM’s pseudo-observational dataset and four newly trained ANNs, to predict 

the population-weighted (MDA1/MDA8) and agriculture-weighted (M12/AOT40) 

exposure values estimated by the CTM. Through this process, we can assess the 

network’s ability to predict total exposure through the exclusive use of sparse 

measurements. 

4.2.3 Chemical-Transport Modeling 

The CTM pseudo-observational dataset of ground-level O3 was generated using 

GEOS-Chem (v11-01; http://www.geos-chem.org; Bey et al., 2001). A nested version of 

the model at 0.5º x 0.625º horizontal resolution, driven by native resolution MERRA-2 
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meteorology and fed annually varying 2.0º x 2.5º boundary conditions, was utilized to 

simulate O3 throughout the continental United States for the years 2000, 2003, 2005, 2007, 

2010, 2012, and 2014. The model includes comprehensive HOx-NOx-VOC-Ox gas 

chemistry, coupled to an aerosol module that includes sulfate-nitrate-ammonium 

chemistry (Park et al., 2004; Pye et al., 2009), primary carbonaceous aerosols (Park et al., 

2003), mineral dust (Fairlie et al., 2007), and sea salt (Jaegle et al., 2011), with aerosol 

thermodynamics simulated using ISORROPIA II (Fountoukis & Nenes, 2007). Global 

anthropogenic emissions come from the CEDS inventory (Hoesly et al., 2018) and are 

processed through the Harvard NASA Emission Component (HEMCO; Keller et al., 

2014). All nested simulations featured a 2-month spin-up, each O3 metric is calculated at 

local time, and ground-level concentrations (10-m) from the first level of the GEOS-

Chem output were calculated using the scaling method outlined in Zhang et al. (2012). 

4.2.4 Calculation of Metric-Trends 

Trends of all metrics are presented both spatially and weighted towards the 

impact subject of interest (i.e. population-weighted or agriculture-weighted). All trends 

are assessed at the annual time-scale (i.e. one data point, either grid cell or a 

population/agriculture-weighted value) using a linear least-squares regression. To 

calculate population-weighted exposure concentrations, we use population data from 

the 2017 revisions to the UN Population Division 

(https://esa.un.org/unpd/wpp/DataQuery/), distributed to grid cells using population 
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density data from the Gridded Population of the World (GPW) version 4 (CIESIN 2016). 

Agriculture-weighted exposure concentrations were calculated using crop production 

data from the Food and Agricultural Organization data sets (FAO, 2010). 

We also account for short-term variability in metric trends by modeling meteorologically 

adjusted predictions of each metric. To evaluate the ANNs ability to complete this task, 

we performed CTM simulations of 2003, 2005, 2007, 2010, 2012, and 2014 using 

meteorological conditions from each respective year, but frozen anthropogenic 

emissions and methane concentrations from 2000. We then used the previously trained 

ANNs (i.e. the ANNs generated using the CTM pseudo-observational data) to predict 

the population-weighted and agriculture-weighted exposure metrics from these CTM 

sensitivity simulations. Finally, we compared the CTM and ANN predicted trends 

attributed to meteorology between 2000-2015. This evaluation enables us to evaluate 

how well the ANN can estimate meteorologically adjusted exposure trends. We then 

applied this framework to the ANNs trained with the TOAR data to estimate 

meteorologically adjusted trends of the population-weighted and agriculture-weighted 

exposure metrics. 

4.2.4 Calculation of Human-Health and Crop-Yield Impacts 

Human-health impacts were quantified using the exposure-response 

relationships and averaging metrics reported by J2009 and T2016. Both epidemiological 

studies found a significant relationship between exposure to long-term O3 and 
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premature respiratory mortality. Respiratory impacts are the lone end-point considered 

here since it is the most common impact considered by the community. However, it 

should be noted that T2016, as well several other studies (Jerrett et al., 2013; Crouse et 

al., 2015; Cakmak et al., 2016; Lim et al., 2019), found a significant relationship between 

long-term O3 exposure and other mortality end points, such as cardiovascular disease.  

Impact assessments for human-health generally report results in terms of the 

estimated number of premature mortalities attributable to long-term exposure. 

However, these results can often be driven by non-exposure variables, such as changes 

in population count (Cohen et al., 2017), baseline mortality rates (Cohen et al., 2017), and 

population aging (Apte et al., 2018). To eliminate the influence of changes in the total 

population count on net impacts, we normalize our results and report estimated health 

impacts as premature mortalities per 100,000 people attributable to long-term O3 

exposure. We then illustrate the percent contributions of each remaining variable (i.e. 

population aging, changes in baseline mortality rates, and exposure) on the net health 

impact calculations.  

Normalized premature mortalities attributable to long-term O3 exposure were calculated 

as follows: 

∆! =  0                                     !" !!  ≤ !"#$%
!! − !"#$%           !" !!  > !"#$% 

                        (Equation 4-1) 

       
!" =  !"#!∆! 

                             (Equation 4-2) 
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!" =  1−  !"#!!∆! 
                             (Equation 4-3)  

∆!"#$! =  !!! × !" × !"#$%&'(")! 
                            (Equation 4-4)  

!"#$%&'()* !"#$ = ( ∆!"#$!!
!!! !"#$%&'(")!!

!!!
) × 100,000 

  (Equation 4-5)  

Where TMREL is the theoretical minimum risk exposure level, ΔX is the 

predicted long-term O3 exposure concentration above the TMREL, β is the exposure-

response factor, HR is the hazard ratio reported by the epidemiological study, ΔY is 10 

ppb in both epidemiological studies, AF is the attributable fraction of the disease burden 

attributable to long-term O3 exposure, y0 is the cause-specific, age-binned baseline 

mortality rate, Population is the age-binned population count, i is the age-bin index, 

ΔMort is the estimated number of cause-specific, age-binned premature mortalities, n is 

the number of age-bins, and Normalized Mort is the estimated number of cause-specific 

premature mortalities per 100,000 people attributable to long-term O3 exposure. Baseline 

mortality rates were derived by the 2017 GBD project (Stanaway et al., 2018) and 

mapped to best match the ICD-10 codes reported in T2016. The hazard ratio for 

respiratory diseases was 1.040 (95% CI: 1.013, 1.067) and 1.12 (95% CI: 1.08, 1.16) in J2009 

and T2016, respectively. The TMREL’s used were 33.3 ppb when using the J2009 

averaging metric and 26.7 ppb when using the T2016 averaging metric.  

We report agriculture (maize, soybean, and wheat) impacts in terms of a national 

relative yield loss (RYL) due to long-term O3 exposure. We follow the concentration-
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response function and RYL methods outlined in Van Dingenen et al. (2009), as 

summarized below. 

!"#$% !"# !12 =  1− (exp − !12
124

!.!"
 /  exp − 20

124
!.!"

) 
                  (Equation 4-6) 

!"#$%&' !"# !12 =  1− (exp − !12
107

!.!"
 /  exp − 20

107
!.!"

) 
               (Equation 4-7) 

!"#$% !"# !"#40 =  !"#40 × 0.00356 
                (Equation 4-8)  

!"#$%&' !"# !"#40 =  !"#40 × 0.0113 
                                 (Equation 4-9)  

!ℎ!"# !"# !"#40 =  !"#40 × 0.0163 
              (Equation 4-10)  

4.3 Results 

4.3.1 Artificial Neural Network Training and Evaluation 

To test the methods employed in this analysis, we first sampled daily GEOS-

Chem output at all available monitoring locations to generate a CTM pseudo-

observational dataset. We then used this dataset to train four ANNs (i.e. one for each 

metric) and attempted to recreate the original GEOS-Chem output. Through this 

process, we attempt to determine the strength of an ANN in reconstructing complete 

exposure maps using sparse observation data. The RMSE results from the training and 

validation datasets are similar (Table 4-1), indicating that the network is not over fitting 

and is generalizing the system well. When compared to a MLR, the RMSE testing results 

are ~33% lower, demonstrating the added benefit of the ANN (Table 4-1). Population-

weighted and agriculture-weighted exposure estimates from the ANN closely match the 
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predictions from GEOS-Chem (red vs. blue in Fig. 4-1) for all metrics. An exception is 

the marginal high bias of the AOT40 metrics for wheat early in the time series. Overall, 

the ANN is able to reproduce the complete exposure predictions with high fidelity, as 

estimated by GEOS-Chem, using information strictly from monitoring locations. We also 

find that the ANN generally performs well when meteorologically adjusting the 

predicted exposure trends (i.e. the short-term variability and trends attributable to 

meteorology; green vs. yellow lines in Fig. 4-1). The small deviations, again largely 

confined to the AOT40 metrics, are due to a few factors. First, regions of dense 

agriculture production are limited and generally located in areas with fewer monitors, 

limiting the extent of model training. Second, the AOT40 metric is an accumulation 

index, leading to the amplification of small biases. 

Table 4-1 Daily-level training, validation, and testing performance metrics 
(RMSE) of the ANN using GEOS-Chem sampled data at TOAR locations compared to 

a multiple-linear regression model. 

Dataset 
MDA1 MDA8 M12 AOT40 

ANN 
[ppb] 

MLR 
[ppb] 

ANN 
[ppb] 

MLR 
[ppb] 

ANN 
[ppb] 

MLR 
[ppb] 

ANN 
[ppbh] 

MLR 
[ppbh] 

Training 6.91 10.69 6.62 10.32 6.48 9.93 62.83 98.15 
Validation 7.16 10.60 6.95 10.55 6.68 9.74 64.97 97.48 

Testing 7.09 10.50 6.83 10.18 6.86 10.03 66.68 100.43 
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Figure 4-1 Red - GEOS-Chem simulated values of all metrics. Blue - ANN predictions 
using daily samples of the GEOS-Chem simulations at all available monitoring 
stations. Green - Meteorological trend simulated by GEOS-Chem with all input 
frozen at 2000 levels, with the exception of meteorological variables. Yellow - ANN 
prediction of the GC-MET (green) trend using the neural networks trained with the 
original (i.e. blue) data. 

With confidence in the overall framework, we then trained new ANN’s using 

daily 2000-2015 observations from the TOAR database. Little difference between the 

training, validation, and testing performance metrics indicate that each ANN was not 

over fit (Table 4-2). In addition, using root-mean squared error as a metric of accuracy, 

we again find the ANN performs ~30% better than a MLR model (Table 4-2). When 

compared to the original TOAR database, we find high accuracy between each ANN 

predicted long-term metric and the original observations (Figs. S1-S4 of Seltzer et al., 

2019; Table S1 of Seltzer et al., 2019). The RMSE of the MDA1 and MDA8 predictions 
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ranged from 3.1 – 4.4 ppb and 2.3 – 3.9 ppb, respectively (Table S1 of Seltzer et al., 2019). 

The r2 of the two metrics ranged from 0.77 – 0.84 and 0.74 – 0.82, respectively. Similar 

levels of bias (RMSE) and correlation (r2) were found when comparing the long-term 

agriculture metrics (Table S1 of Seltzer et al., 2019).  

Table 4-2 Daily-level training, validation, and testing performance metrics 
(RMSE) of the ANN using TOAR observations compared to a multiple-linear 

regression model. 

Dataset 
MDA1 MDA8 M12 AOT40 

ANN 
[ppb] 

MLR 
[ppb] 

ANN 
[ppb] 

MLR 
[ppb] 

ANN 
[ppb] 

MLR 
[ppb] 

ANN 
[ppbh] 

MLR 
[ppbh] 

Training 9.25 13.02 8.24 11.65 7.89 10.90 55.69 78.50 
Validation 9.36 13.26 8.24 11.43 8.06 11.16 56.22 76.98 

Testing 9.39 13.08 8.23 11.56 7.87 10.76 57.13 78.55 
 

4.3.2 Magnitude and Trends of Long-Term O3 Exposure Metrics 

4.3.2.1 Human-Health Relevant Metrics 

The MDA1 metric featured large reductions throughout the study period, with 

downward trends exceeding 1 ppb/yr in the Southeast and in large portions of 

California (Fig. 4-2). As a result, exposure throughout this period simultaneously 

decreased. The national population-weighted exposure concentration peaked in 2002 at 

55.9 ppb, reached a minimum of 48.2 ppb in 2014, and featured sizeable year-to-year 

fluctuations due to inter-annual variation (Fig. 4-3). From 2000-2015, the population-

weighted exposure concentration of the MDA1 metric featured a national annual 

decrease of -0.43 [95% CI: -0.28, -0.57] ppb/yr. After adjusting for meteorology, the trend 

changes to -0.41 [95% CI: -0.35, -0.47] ppb/yr. The similar mean values of these two 
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trends suggest that nearly all of the MDA1 reductions are due to non-meteorological 

drivers (i.e. emission changes, intercontinental transport, methane, etc.). Changes in 

exposure also featured an east-west divide, with population-weighted exposure 

concentrations decreasing by -0.49 [95% CI: -0.28, -0.69] ppb/yr in the east and -0.31 [95% 

CI: -0.21, -0.41] ppb/yr in the west (Fig. 4-3, Table S4 of Seltzer et al., 2019).   

 
Figure 4-2 Top row - Trends of the MDA1 (left; ppb/yr) and MDA8 (right; ppb/yr) 
health-metrics from 2000-2015. Bottom row - Trends of the MDA8-JJA (summer 
month; left; ppb/yr) and MDA8-DJF (winter month; right; ppb/yr) from 2000-2015. The 
p-values from these trends can be found in Fig. S5 of Seltzer et al., 2019. 
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Figure 4-3 Left - Population-weighted exposure concentrations of the MDA1 human-
health metric from 2000-2015. The meteorologically adjusted trend is in black with the 
slope in the inset. Middle - 2000-2015 population-weighted trends [ppb/yr] of the 
MDA1 (green) and MDA8 (red) metrics. The west/east divide is made along the 95W 
meridian and the whiskers span the 95% confidence interval. Right - Population-
weighted exposure concentrations of the MDA8 human-health metric from 2000-2015. 
The meteorologically adjusted trend is in black with the slope in the inset. Tabulated 
values of these plots can be found in Table S2 and S4 of Seltzer et al., 2019. 

In contrast, the MDA8 metric featured more modest decreases in the Southeast 

USA and scattered areas with increasing trends (Fig. 4-2). This divergence between the 

two human-health metrics is due to the different averaging periods (i.e. the traditional 

‘ozone-season’ vs. an annual average). If only summer months were considered when 

calculating the MDA8 metric (i.e. MDA8-JJA), the two trends would be spatially and 

quantitatively consistent (Fig. 4-2). However, O3 increases during the winter months (i.e. 

MDA8-DJF) partially compensate for the summer decreases, resulting in no discernable 

trend for the national population-weighted MDA8 metric (Fig. 4-3). After adjusting for 

meteorology, the national population-weighted MDA8 trend from 2000-2015 is -0.02 

[95% CI: 0.01, -0.04] ppb/yr (Fig. 4-3). Again, trends featured an east-west divide. While 

only marginally different, it is interesting to note that the western MDA8 trends were 
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slightly positive and the eastern MDA8 trends were slightly negative. Prior studies (e.g. 

Bloomer et al., 2010; Cooper et al., 2012; Parrish et al., 2012; Clifton et al., 2014; Simon et 

al., 2015; Strode et al., 2015; Fleming et al., 2018) have highlighted the existence of a 

seasonal shift in the distribution of O3 concentrations throughout the United States 

during this century. We find that these shifts have not only manifested in contrasting 

seasonal trends (i.e. summer decreases vs. winter increases), but have also led to a 

change in the dominant months of O3 exposure. For example, the population-weighted 

exposure concentrations during the spring and summer months (MDA8-MAM vs. 

MDA8-JJA) were nearly equivalent from 2013-2015 (Table S2 of Seltzer et al., 2019). 

It should be noted that comparing previously reported seasonal trends of O3 is 

difficult due to varying study periods, averaging metrics, and selection of monitoring 

networks. Oftentimes, rural locations are selected, enabling the isolation of trends in 

background O3 concentrations or to minimize the influence of nearby changes in 

anthropogenic emissions (e.g. Jaffe and Ray, 2007; Cooper et al., 2012; Jaffe et al., 2018). 

For this study, since our focus is on changes in exposure, we incorporate all available 

observational data, including data from monitors in urban cores. As such, the 

conclusions regarding O3 trends can be different.  

Cooper et al., 2012, using rural monitoring data spanning 1990-2010, reported a -

0.45 ppb/yr and a +0.10 ppb/yr trend in daytime O3 during summer months for the 

eastern and western USA, respectively. Though, both trends featured wide ranges. Jaffe 
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et al., 2018, using a limited number of high elevation, rural monitoring sites, reported 

decreasing trends of median summertime O3 between 2000-2016 at most analysed 

locations, with stronger decreases in the east than west (~1 ppb/yr vs. ~0.5 ppb.yr). Lin et 

al., 2017 also used rural monitoring data, but increased the coverage to include 1988-

2014 and found a 0.4-0.8 ppb/yr decreasing trend of median MDA8-JJA concentrations in 

the eastern USA, and mixed trends in the west. Fleming et al., 2018 take a more 

exposure-based perspective by incorporating both urban and non-urban monitors and 

show that the observed magnitude of several warm season human-health ozone metrics 

are similar for North American urban and non-urban sites, and that the trends are only 

slightly smaller for the urban areas. We also find a dramatic divide between east and 

west summertime O3 exposure trends, but our results differ from some of the prior 

studies. Our exposure focused estimates of eastern USA trends are similar to the mean 

reported by Cooper et al., 2012 and on the low end reported by Lin et al., 2017. We also 

find a consistent decreasing trend in western MDA8-JJA exposure, as well as smaller 

levels of trend uncertainty (Table S4 of Seltzer et al., 2019).  

Cooper et al., 2012 also report a uniform east and west increase in rural 

wintertime O3 concentrations of 0.12 ppb/yr. However, the exclusive selection of rural 

monitors precludes the extrapolation of those results to estimate exposure trends. This is 

well illustrated by Simon et al., 2015, who used an extensive network of 1998-2013 

observations to show that there is a strong rural-urban divide in mean winter O3 trends, 
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with increasing trends more prevalent in urban areas. Indeed, when compared to 

Cooper et al., 2012, we find a much stronger trend increase in MDA8-DJF exposure 

(Table S4 of Seltzer et al., 2019). While we do find a near uniform increase in east and 

west MDA8-DJF population-weighted concentrations, our results indicate that the 

national trend in MDA8-DJF exposure was +0.33 [95% CI: 0.37, 0.28] ppb/yr.  

4.3.2.2 Crop-Loss Relevant Metrics 

Since the averaging months for crop-loss metrics are dependent on crop variety, 

the magnitude and trends can feature distinct patterns. All maize and soybean metrics 

envelop the months of July-September. As such, and consistent with the MDA1 results, 

this averaging period yields decreases for both the M12 and AOT40 metrics, with the 

strongest reductions in the southeast and California (Fig. 4-4, top panels). However, both 

of these crops are predominantly grown in the Midwest and Great Plains (Fig. S7 of 

Seltzer et al., 2019). These are regions that generally experienced smaller trend 

reductions. Nationally, the agriculture-weighted trends of the M12 metric for maize and 

soybeans were -0.35 [95% CI: -0.17, -0.54] ppb/yr and -0.39 [95% CI: -0.19, -0.59] ppb/yr 

(Table S4 of Seltzer et al., 2019). The agriculture-weighted trends of the AOT40 metric for 

maize and soybeans were -0.35 [95% CI: -0.18, -0.51] ppmh/yr and -0.39 [95% CI: -0.21, -

0.56] ppmh/yr. After adjusting for meteorology, the mean trend for both metric and crop 

pairings was reduced marginally, suggesting that meteorological factors played a role in 

the net trends from 2000-2015 (Fig. 4-5).  
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Figure 4-4 Trends of the M12 (top left; ppb/yr) and AOT40 (top right and bottom; 
ppmh/yr) agriculture-metrics from 2000-2015. Note: JAS = July-September; MAM = 
March-May; MJJ = May-July. The p-values from these trends can be found in Fig. S6 
of Seltzer et al., 2019. 
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Figure 4-5 Left - Agriculture-weighted exposure concentrations of the M12 agriculture 
metrics from 2000-2015. The meteorologically adjusted trend of each metric is in black 
with the slope in the inset. Middle - 2000-2015 agriculture-weighted trends (ppb/yr for 
M12, ppmh/yr for AOT40) of the M12 and AOT40 metrics. The whiskers span the 95% 
confidence interval. Right - Agriculture-weighted exposure concentrations of the 
AOT40 agriculture metrics from 2000-2015. The meteorologically adjusted trend of 
each metric is in black with the slope in the inset. Note: variable averaging periods 
are considered, reflecting differences in crop harvest seasons. Tabulated values of the 
left and right plots can be found in Table S3 and S4 of Seltzer et al., 2019. 

Both agriculture-weighted AOT40 averaging periods for wheat (MAM and MJJ) 

featured decreasing, but considerably different, trends (Fig. 4-5, bottom right). These 

trend differences again highlight the seasonal shift in O3 concentrations. From 2000-2006, 

the AOT40-MJJ wheat metric was ~40-60% higher than the AOT40-MAM wheat metric 

(Table S3 of Seltzer et al., 2019). By 2014, both metrics were nearly equal (~5.5-7.0 ppmh). 

This convergence is also amplified by the 40 ppb threshold applied in the AOT40 

calculation. Towards the end of the study period, daytime O3 concentrations were 

reaching 40 ppb in the Midwest and Great Plains (Fig. S3 of Seltzer et al., 2019), thus 
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minimizing the metric’s accumulation and causing the two metrics to intersect.  

We posit that the influence of meteorology, as indicated by the marginal 

difference in the mean and meteorologically adjusted trends, is due to two factors. Prior 

analysis has shown that two important meteorological variables influencing O3 include 

temperature and humidity (Camalier et al., 2007; Jacob and Winner, 2009). The 

temperature-O3 mechanism is a function of promoting peroxyacetyl nitrate 

decomposition (leading to ozone increases near NOx source regions, but decreases in 

remote areas; Doherty et al., 2013) and increases in isoprene emissions. The humidity-O3 

mechanism is a function of increased water vapor concentrations, which promotes O3 

chemical destruction. According to the MERRA-2 reanalysis product, the Midwest and 

Great Plains regions featured both decreasing trends in daytime 2-meter temperature 

and increasing trends in daytime 2-meter specific humidity (Fig. 4-6). We also propose 

that the 40 ppb threshold for the AOT40 metric promotes a disproportionate influence of 

meteorological variability on its magnitude. This is due to the sensitivity of particular 

meteorological variables on extreme O3 episodes (Russell et al., 2016; Fix et al., 2018). 
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Figure 4-6 Annual trends in the daytime 2-meter temperature and daytime 2-meter 
specific humidity from 2000-2015. 

4.3.3 Estimates of Long-Term O3 Exposure Impacts 

4.3.3.1 Human-Health  

Human-health impacts, reported as the estimated number of premature 

respiratory mortalities attributable to long-term O3 exposure per 100,000 people, were 

strongly dependent on the choice of exposure-response relationship and featured several 

differences (Fig. 4-7). First, the T2016 results reported nearly double the estimated 

human-health impacts attributable to long-term O3 exposure. For example, in 2010, the 

J2009 and T2016 estimated impacts were ~5.4 [95% CI: 1.8, 8.7] and ~11.3 [95% CI: 7.9, 

14.5] premature mortalities per 100,000 people, respectively (consistent with prior 

comparisons between these metrics; Seltzer et al., 2018). Second, the diverging trends of 

the two exposure metrics (Fig. 4-3) are reflected in the estimated impacts (Fig. 4-7). 

Between 2000 and 2015, the MDA1 population-weighted exposure concentration 

decreased from ~53.7 ppb to ~48.3 ppb (Table S2 of Seltzer et al., 2019). As a result, the 

estimated human-health impacts using the J2009 parameters decreased from ~6.0 [95% 
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CI: 2.0, 9.7] to ~5.0 [95% CI: 1.7, 8.0] premature mortalities per 100,000 people (Table S5 

of Seltzer et al., 2019). In contrast, the MDA8 population-weighted exposure 

concentration decreased from ~39.9 ppb to ~39.1 ppb, yet the impacts using the T2016 

parameters increased from ~10.8 [95% CI: 7.6, 13.8] to ~11.3 [95% CI: 7.9, 14.5] premature 

mortalities per 100,000 people (Fig. 4-7 and Table S5 of Seltzer et al., 2019). These 

differences in estimated impacts are not only due to changes in exposure. Over this 

period, an aging population structure promoted increased susceptibility to O3 impacts. 

In addition, depending on the age bin, baseline mortality rates for respiratory diseases 

either marginally decreased or remained stable. 
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Figure 4-7 Left - Annual estimates of normalized premature mortalities (# per 100,000 
people per year) attributable to long-term O3 exposure using the MDA1 and MDA8 
averaging metrics and exposure-response function from J2009 and T2016, respectively. 
Shaded region reflects confidence interval reported in each underlying 
epidemiological study. Right - 2000 vs. 2015 percent contributions of population 
aging, changing baseline mortality rates, and long-term O3 exposure to net normalized 
premature mortalities using the MDA1 and MDA8 averaging metrics and exposure-
response function from J2009 and T2016, respectively. Tabulated values of the left 
plot can be found in Table S5 of Seltzer et al., 2019. 

While exposure to long-term ambient O3 for both metrics decreased between 

these end points, albeit by different magnitudes (-25.5% vs. -5.7%), these other 

determinants played a strong role in modulating the trend in estimated impacts (Fig. 4-

7). The net change in 2015 vs. 2000 normalized human-health impacts using the J2009 

and T2016 exposure-response relationships and averaging metrics were -17.8% and 

+4.7%, respectively (black bars in Fig. 4-7). In both, an aging population structure 

substantially eliminated much of the gains from exposure decreases (+15.5%). Changing 

baseline mortality rates were more modest, decreasing both calculations by -4.7%.  
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The differences in estimated human-health impacts when using the J2009 and 

T2016 exposure-response relationship and averaging metrics that are reported here are 

consistent with prior studies (Malley et al., 2017; Seltzer et al., 2018; Shindell et al., 2018). 

That is, the estimated human-health impacts when using the T2016 exposure-response 

relationship and averaging metric are considerably higher than the results computed 

when using the J2009 parameters. However, to our knowledge, the evolving differences 

between the two have not been shown previously. In 2000, the T2016 results were ~80% 

higher than the J2009 results (Table S5 of Seltzer et al., 2019). By 2008, the T2016 results 

were nearly double the J2009 results, and this difference continued to grow (~130% in 

2015). 

Between 2000-2015, our net estimated premature mortalities attributable to long-

term O3 exposure in the USA ranged from ~14,500-19,200 when using the J2009 

parameters and ~29,800-37,600 when using the T2016 parameters. Largely, these results 

are lower than analogous prior studies that are based solely on CTM estimates of O3 

exposure. An exception is Zhang et al. (2018), who found comparable results when using 

the J2009 epidemiological study. However, Zhang et al., (2018) report a 13% increase in 

premature mortalities attributable to long-term O3 exposure in the United States 

between 1990-2010, despite O3 decreases. We find a ~6.7% decrease in premature 

mortalities attributable to long-term O3 exposure, albeit over 2000-2015. This is likely 

due to the dramatic decreases in O3 precursor emissions that occurred post-2000 (Xing et 



 

 107 

al., 2012; Simon et al., 2015).  

4.3.3.2 Crop-Loss  

Agriculture impacts for each of the crop varieties considered here decreased 

from 2000-2015 (Fig. 4-8). When using the M12 metric, the estimated national RYL for 

maize and soybeans in 2000 were 4.6% and 16.3% (Fig. 4-8 and Table S5 of Seltzer et al., 

2019). These values decreased to 2.9% and 11.2% in 2015. When using the AOT40 metric, 

the estimated national RYL for maize, soybeans, and wheat for the year 2000 were 3.4%, 

11.9%, and 12.1%, respectively. By 2015, these RYL values dropped to 1.6%, 4.8%, and 

9.4%, respectively. Broadly, these estimated agriculture yield impacts are comparable to 

the global “ozone yield gaps” (i.e. RYL) modeled by Mills et al., (2018a), who considered 

the flux-based, stomatal uptake of O3 for each crop. 

 
Figure 4-8 Estimates of the national relative yield loss for a variety of commercial 
crops using ANN calculated exposure metrics. Tabulated values of this plot can be 
found in Table S5 of Seltzer et al., 2019. 
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Several other characteristics are consistent among all of the crop varieties and 

metric combinations considered here. For one, estimated RYL featured substantial inter-

annual variability, indicating that the impacts calculated from a single year might not be 

representative of a particular period. For example, the RYL for soybeans, when using the 

AOT40 metric, increased from 7.8% in 2004 to 11.6% in 2005 - a nearly ~50% increase. 

Second, similar to Van Dingenen et al., (2009) and Lapina et al., (2016), impacts were 

consistently higher when utilizing the M12 metric and the associated concentration-

response functions. These differences also became amplified over time. The RYL for 

soybeans in 2000 using the M12 metric (16.3%) was ~37% higher than the RYL using the 

AOT40 metric (11.9%), but the difference increased to ~135% (11.2% vs. 4.8%) by 2015 

(Table S5 of Seltzer et al., 2019). These diverging trends occur for two reasons. First, the 

slopes of the two soybean concentration-response functions are different (Fig. S8 of 

Seltzer et al., 2019). Second, the daytime O3 concentrations approached the AOT40 

threshold of 40 ppb post-2007 (Table S3 of Seltzer et al., 2019). Since the AOT40 metric 

accumulates O3 above 40 ppb, this drop below the threshold yielded disproportional 

improvements in AOT40 calculated RYL.  

4.4 Uncertainties, Limitations, and Additional Remarks 

Studies quantifying the health impacts attributable to long-term PM2.5 exposure 

oftentimes use higher-resolution products (i.e. 0.1º x 0.1º) that harness satellite data (e.g. 

Apte et al., 2015; Cohen et al., 2017; van Donkelaar et al., 2019). However, a number of 
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complications prevent such products for surface O3 (Duncan et al., 2014). Regardless, we 

believe this 0.5º x 0.5º product is of sufficient resolution to estimate long-term O3 

exposure for a number of reasons. First, O3 features a residence time on the order of 

hours to days in the lower troposphere and in urban environments (Parrish et al., 2012; 

Monks et al., 2015), providing sufficient time for localized mixing. Second, unlike short-

term O3 exposure, long-term O3 exposure is less sensitive to singular events that are 

more heterogeneous in space and time. Third, regional CTM studies report only 

marginal differences in O3 concentrations and estimated impacts when scaling from 12 

km to resolutions comparable to this analysis (Punger and West, 2013; Gan et al., 2016). 

In terms of impacts, there is evidence that O3 affects more than what was 

presented here. Several epidemiological studies suggest that human-health impacts may 

extend to cardiovascular mortality (Jerrett et al., 2013; Crouse et al., 2015; Cakmak et al., 

2016; Turner et al., 2016; Lim et al., 2019). Separately, we also applied a log-linear 

exposure-response function when performing the human-health calculations presented 

here since it is most common in the community. There is evidence that this relationship 

may be linear (Di et al., 2017). For agriculture, the exposure-response functions utilized 

here are ‘pooled’ from studies featuring a limited number of cultivars grown in the USA 

and Europe (Van Dingenen et al., 2009). While considered reliably representative of the 

commonly grown cultivar population in these regions, extrapolation of these 

relationships to the national level may introduce additional uncertainty. In addition, the 
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methodology selected here does not take into account changes in plant conditions that 

may limit or exacerbate conditions which influence the opening of stomata and the 

ability of a plant to uptate O3, such as temperature and soil moisture. Finally, it should 

be noted that O3 exposure is associated with yield losses for several other commercial 

and horticultural crops, including rice and cotton (Mills et al., 2007; Shindell et al., 2018).  

Long-term trends of O3 are driven by a number of mechanisms, including 

intercontinental transport (Fiore et al., 2009; Lin et al., 2012; Lin et al., 2017) and methane 

concentrations (Fiore et al., 2002; Shindell et al., 2017; Lin et al., 2017). For example, Lin 

et al., 2015 conclude that rising Asian emissions and global methane have played a key 

role in the increase of western USA springtime O3 from 1995-2014. These drivers merit 

additional exploration, on a seasonal basis and with the inclusion of observations from 

the most recent years (i.e. 2015-2017). As Chinese emissions of NOx peaked in 2012 

(Zheng et al., 2018), our current and future estimate of background O3 trends and their 

influence on impact metrics might warrant revisiting. 

The results presented here also demonstrate the need for additional 

epidemiological studies to test the utility of common averaging metrics that are used 

when estimating health impacts. Specifically, clarity is needed regarding if long-term O3 

health-impacts are more sensitive to peak averaged (i.e. the MDA1 metric) or annually 

averaged (i.e. the MDA8 metric) O3 concentrations. 
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4.5 Conclusions 

Through the application of artificial neural networks, we empirically model the 

magnitude and trends of long-term (i.e. months, annual) ambient O3 over the continental 

United States from 2000-2015. We then used these estimates of long-term O3 exposure to 

generate a measurement-based assessment of impacts on human-health and crop yields. 

All metrics with averaging periods spanning the traditional ‘O3 season’ featured peak 

exposure in 2002, with net decreases over the course of the study period. For example, 

the population-weighted, April-September average of the daily 1-hour maximum O3 

concentration (i.e. MDA1; from Jerrett et al., 2009) decreased by -0.43 [95% CI: -0.28, -

0.57] ppb/yr between 2000-2015. In contrast, there was little change in the population-

weighted, annual average of the maximum daily 8-hour average O3 concentration (i.e. 

MDA8; from Turner et al., 2016) between 2000-2015. This was largely due to the 

compensating effects of wintertime O3 increases and summertime O3 decreases; yielding 

a net population-weighted trend of -0.03 [95% CI: 0.04, -0.10] ppb/yr. Human-health 

metric trends also featured an east-west divide, with stronger decreases in the eastern 

USA. All agriculture-weighted crop-loss metrics featured decreasing trends over the 

study period.  

Human-health impacts were quantified in terms of the estimated number of 

premature respiratory mortalities attributable to long-term O3 exposure per 100,000 

people. Crop-loss impacts were quantified in terms of the estimated national relative 
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yield loss for a variety of commercial crops. Normalized human-health impacts 

estimates decreased by ~18% and increased by ~5% when using the Jerrett et al., 2009 

and Turner et al., 2016 averaging metrics and parameters, respectively. In both cases, 

exposure changes and an aging population structure played a substantial role in 

modulating these trends. When using the M12 metric, the estimated national relative 

yield loss (RYL) for maize and soybeans between 2000 and 2015 decreased by 1.7% and 

5.1%. When using the AOT40 metric, the net benefits over time were greater, with 

national reductions in RYL for maize, soybeans, and wheat decreasing by 1.9%, 7.1%, 

and 2.7%, respectively. These different responses are due to the daylight O3 

concentrations approaching the 40 ppb AOT40 threshold by the end of the study period 

and the differing slopes of the M12 vs. AOT40 concentration-response functions. 

Overall, these results provide a measurement-based estimate of long-term O3 exposure 

over the United States, quantify the historical magnitude, trends, and impacts of such 

exposure, and illustrate how different conclusions regarding historical impacts can be 

made through the use of varying metrics. 
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5. Conclusions  

5.1 Summary and Synthesis 

Through the use of various modeling methods and observational datasets, I 

attempt to better understand the magnitude and trends of societally relevant O3 metrics, 

and use these insights to improve estimates of subsequent impacts. Broadly, to 

accomplish this goal, I explored the levels of long-term O3 exposure biases in chemical 

transport models, illustrated how exposure biases propagate and amplify impacts, and 

applied empirical methods to better understand the uncertainties associated with the 

magnitude and trends of O3 attributed impacts.  

First, I used the NASA GISS ModelE2 and GEOS-Chem chemical transport 

models to simulate the near-present chemistry of the atmosphere and evaluated their 

ability to capture the magnitude and trends of human-health and agriculture growth 

related metrics seen with ground-based monitoring networks. Several simulations were 

run, generating an array of results that varied by model, meteorology, horizontal 

resolution, emissions inventory, and emissions year. I found minor differences in metric 

predictions at the model resolutions considered (2.0∘ × 2.5∘ and 0.5∘ × 0.666∘; 

approximately 200 km and 50 km, respectively), and sizeable differences as emission 

inventory, model selection, and meteorological input were varied. Partial drivers of 

these biases and trend differences are posited to include excessive anthropogenic NOx 

emissions, and differences in the magnitude and trends of cloud cover and temperature. 
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Of particular interest was the finding that the model or configuration that performed 

best in capturing the change in and the magnitude of a particular metric oftentimes 

differed, demonstrating the importance of evaluating a modeling framework’s ability to 

replicate observed changes over time and not only climatology.  

Then, using ground-based monitoring networks and an objective-mapping 

algorithm (Schnell et al. 2014), I performed a measurement-based assessment of human-

health impacts attributable to long-term O3 exposure for 2015 in the USA, Europe, and 

China. When using the averaging metric and hazard ratio presented in the Jerrett et al. 

(2009) epidemiological study, I estimated that there were 17,000 (95% CI: 6, 27 

thousand), 20,000 (95% CI: 7, 33 thousand), and 135,000 (95% CI: 46, 210 thousand) 

premature respiratory mortalities attributable to long-term O3 exposure in the USA, 

Europe, and China, respectively. When using the averaging metric and hazard ratio 

presented in the Turner et al. (2016) epidemiological study, the estimated health burdens 

increase to 34,000 (95% CI: 24, 44 thousand), 32,000 (95% CI: 22, 41 thousand), and 

200,000 (95% CI: 140, 253 thousand) for the USA, Europe, and China, respectively. These 

results were notable since they are generally lower (~20-60%) than what has previously 

been reported on a region-by-region basis in analogous prior studies based solely on 

CTM predicted O3. I found that these differences are due to both biases in exposure 

estimates, consistent with the findings of my first study on model evaluation, and the 
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amplification of exposure biases by commonly used, non-linear exposure-response 

functions.  

Finally, through the use of artificial neural networks, I empirically modeled the 

magnitude and trends of long-term ambient O3 over the continental United States from 

2000-2015. I then used these estimates of long-term O3 exposure to generate a 

measurement-based assessment of impacts on human-health and crop yields. Of 

particular importance, I showed how different conclusions regarding historical impacts 

could be made through the use of varying metrics and concentration-response functions. 

For example, the seasonal averaging metric from the aforementioned Jerrett et al. (2009) 

epidemiological study featured a population-weighted decrease of -0.43 [95% CI: -0.28, -

0.57] ppb/yr between 2000-2015, whereas there was little change in the population-

weighted concentration of the annual averaging metric from the Turner et al., (2016) 

epidemiological study. As a result, normalized human-health impacts estimates 

decreased by ~18% and increased by ~5% when using the Jerrett et al., (2009) and Turner 

et al., (2016) averaging metrics and parameters, respectively.  

Crop-loss impacts, which were quantified in terms of the estimated national 

relative yield loss, all showed reductions over the study period. When using the M12 

metric, the estimated national relative yield loss (RYL) for maize and soybeans between 

2000 and 2015 decreased by 1.7% and 5.1%. When using the AOT40 metric, the net 

benefits over time were greater, with national reductions in RYL for maize, soybeans, 
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and wheat decreasing by 1.9%, 7.1%, and 2.7%, respectively. In addition, using a novel-

method for model evaluation, I found that machine learning could adequately adjust 

exposure estimates to account for short-term, typically meteorologically derived, 

variability. Overall, this study utilized several lines of insight gained from the prior two 

studies. Primarily, it explored the historical magnitude, trends, and impacts of long-term 

O3 exposure over the continental United States without the exclusive use of CTMs to 

quantify exposure. However, this study did take advantage of CTM predictions in a 

novel way by developing an evaluation method for the measurement-based methods 

that were utilized. 

In summary, this research illustrates how multiple elements can complicate the 

excersise of quantifying societal impacts attributable to O3. Chief among these factors are 

the fidelity of models that are often used since observations are limited, the evolving 

nature of commonly used averaging metrics, which can be markedly influenced by 

changing O3 distributions (i.e. seasonal, diurnal), and the changing hazard ratio reported 

by epidemiological studies. As such, it is clear that there is a growing need for the 

impacts community to provide like-for-like comparisons of estimated impacts, which 

help explain inter-study differences. As well, there is a critical need from the 

epidemiology community to provide clarity regarding the appropriate long-term 

averaging metric to use in impact analyses. For example, are health-impacts more 

sensitive to peak averaged (i.e. the MDA1 metric) or annually averaged (i.e. the MDA8 
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metric) O3 concentrations? After all, as demonstrated in Chapter 4, the answer to that 

question dictates the direction of the O3 attributable human-health impacts over the past 

few decades. As for analyses that include impacts of long-term O3 exposure, measures 

should be taken to minimize, or correct, known biases in exposure estimates. For 

example, Shindell et al., 2018 applied a bias correction to their global CTM estimates of 

O3 exposure. A separate and more comprehensive option might include the application 

of machine learning in predicting bias (e.g. Ivatt and Evans, 2019). Needless to say, this 

is an evolving and active field of research. Finally, on a related note and for reasons 

outlined in Chapters 2-4, epidemiologists should exercise caution if and when utilizing 

predictions of exposure generated by CTMs for their analyses.  

5.2 Directions for Future Research 

As epidemiological studies continue to incorporate different averaging periods 

into their analyses (i.e. peak 1-hr during ‘ozone season’ from Jerrett et al., 2009; annual 

average of maximum daily 8-hr (MDA8) average from Turner et al., 2016; annual 

average of all hours from Wang et al., 2019), the importance of disentangling the annual, 

seasonal, and diurnal drivers of O3 trends, as well as broadly simulating O3 chemistry,  

becomes paramount. Else, scientifically informed policy to most effectively protect 

human-health becomes difficult. This broad task is particularly challenging due to the 

numerous factors influencing local and background O3, including, but not limited to, 

stratospheric transport, intercontinental transport, wildfires, biogenic sources, 



 

 118 

anthropogenic emissions, local conditions conducive to O3 production and termination, 

and global concentrations of methane.  

Many studies have attempted to unravel the contributions of several drivers (Lin 

et al., 2017; Jaffe et al., 2018; and references therein), but considerable uncertainties and 

limitations from these studies remain. For one, most studies focus on the drivers of 

summertime and springtime MDA8 O3 trends. However, as shown in Chapter 4, the 

increases in average wintertime O3 can become quite important when estimating impact 

trends. In addition, many of the drivers of O3 trends might merit revisiting, especially 

with the inclusion of observations from the most recent years. For example, Lin et al., 

2015 conclude that rising Asian emissions and global methane played a key role in 

driving the increase of western USA springtime O3 from 1995-2014. While that may 

largely hold true in the historical context, Chinese emissions of NOx peaked in 2012 and 

have dropped precipitously since then (Zheng et al., 2018). Thus, the influence of 

intercontinental transport on background O3 trends within the United States has likely 

undergone considerable changes. This is even more likely given the fact that most 

estimates of intercontinental pollution transport and their trends utilize coarse-scale 

chemical transport models (Fiore et al., 2009; Lin et al., 2012; Lin et al., 2017; Liang et al., 

2018), which can artificially decay chemical plumes and generate fast dissipation 

(Eastham and Jacob, 2017; Zhuang et al., 2018).   
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Given the persistence of O3’s impacts, I believe there are several useful directions 

for future research that can build upon this work. First, efforts to bound the uncertainty, 

or revisit the conclusions, regarding the magnitude and trends of societally relevant O3 

metric drivers are needed. As highlighted in Chapters 3-4, it is important that these 

studies include the drivers of O3 trends outside the standard ‘ozone season.’ However, 

the results of Chapter 2 highlight the difficulty in accomplishing this task. Specifically, 

such a task requires the use of a CTM, which have difficulty in reproducing the net 

trends of many O3 metrics. As such, additional observational campaigns that supply 

adequate markers to elucidate O3 drivers during non-ozone season months are one 

option to help improve models.  

A separate option that could provide more immediate results would be to focus 

on areas where CTM biases are likely minimal. For example, since global concentrations 

of methane impact O3 in a relatively linear manner, and the geographical location of 

methane emissions have little influence on subsequent global background O3 

concentrations (Fiore et al., 2009), this driver is likely a logical target that can be 

addressed adequately by current CTMs. Secondly, the proliferation of massively 

parallelized chemical transport models (e.g. Hu et al., 2018; Eastham et al., 2018) 

provides an opportunity to revisit the influences of intercontinental transport without 

the coarse-scale resolution caveats previously mentioned. 
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Recently, I have begun exploring the contributions of changes in global CH4 

concentrations to O3 trends. To accomplish this task, a multi-model framework has been 

employed to simulate the CH4/O3 spatio-temportal relationship under a number of 

scenarios. These varying scenarios were selected to span much of the projected future 

chemical environments and test the resulting sensitivity of these changes on the CH4/O3 

relationship. Preliminary results show that the annual change in MDA8 O3 attributable 

to changes in CH4 is well constrained and, with the exception of the 2000-2007 CH4 

stabilization, on the order of ~0.04 ppb/yr over the past few decades. As for the future, 

depending on the trajectory of future global CH4 concentrations, this driver will 

contribute -0.04 – 0.08 ppb/yr over the coming decades.  
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