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Abstract
Surface level ozone pollution imposes significant crop yield damages. However, the quan-
tification has mainly involved chamber experiments, which may not be representative of 
results in farm fields. Additionally, the relative impacts of ozone under future climate 
change and their possible interactions remain poorly understood. Here we attempt to empir-
ically fill this gap using historical county-level crop yield, ozone, and climate data in the 
United States. We explore ozone impacts on corn, soybeans, spring wheat, winter wheat, 
barley, cotton, peanuts, rice, sorghum, and sunflowers. We also incorporate a variety of 
climatic variables to investigate potential ozone-climate interactions. The results shed light 
on future yield consequences of ozone and climate change individually and jointly under 
a projected climate scenario. Our findings indicate significant negative impacts of ozone 
exposure for eight of the ten crops we examined, excepting barley and winter wheat. Mean-
while, corn exhibits to be more sensitive to ozone than soybeans. These results differ from 
those found under chamber experiments. We also find rising temperatures tend to worsen 
ozone damages while water supplies mitigate that. We find that the average annual his-
torical damages from ozone reached $6.03 billion (in 2015 U.S. dollar) from 1980 to 2015. 
Finally, our results suggest that the damages caused by climate change-induced ozone ele-
vation are much smaller than the damages caused by the direct effects of climate change 
itself.

Keywords Crop yields · Surface ozone · Climate change · Economic damages

1 Introduction

While many have found that climate change poses threats to crop production (Deschênes 
and Greenstone 2007; Schlenker and Roberts 2009; Lobell et  al. 2011), the damages 
induced by surface ozone pollution are also important but somehow less addressed. 
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Agronomically, ozone pollution reduces photosynthesis activities, accelerates senescence, 
and consequently decreases crop yields. For instance, dose–response functions derived 
from chamber experiments indicate that an AOT40 (i.e., hourly ozone concentration accu-
mulated over a threshold of 40 ppb during daylight hours) of 3.3 ppm·h1 tends to reduce 
wheat yield by 5.0%. This can cause large losses. For example, Avnery et al. (2011a) esti-
mate that globally ozone-induced crop production reductions (soybean, maize, and wheat) 
reached 79–121 million metric tons in 2000, translating to economic losses of $11–18 
billion (in 2000 U.S. dollar). There are also indications that climate change may increase 
ozone incidence and in turn damages (Jacob and Winner 2009; Tai et al. 2014; Pu et al. 
2017; Ma et al. 2019). In particular, estimates indicate that climate change would increase 
ozone concentration by 1–10 ppb in many regions by the 2050s (Jacob and Winner 2009; 
Fiore et al. 2012).

Given the large magnitude of ozone damages (both physically and economically) on 
crops and the likelihood that climate change will exacerbate this, it is surprising that few 
empirical assessments of climate change’s effects on crop production take ozone pollution 
into account.2 The omission of ozone could lead to omitted variable bias (Tai et al. 2014) 
due to its interactions with climate conditions, especially extreme heat (Pu et  al. 2017). 
Important questions arise such as: How much of the estimated climate change damage on 
crop yields is attributable to climate change induced ozone concentration elevation? How 
the ozone damages compare to the direct effects stemming from climate change itself? And 
more broadly: Could a significant amount of climate change damages be offset by ozone 
control?

On the ozone damage side, existing evidence is largely derived from chamber-based 
experiments (Avnery et al. 2011a, b; Amin 2013; Debaje 2014; Lal et al. 2017; Mills et al. 
2018a, b; Feng et  al. 2019, 2020; Hu et  al. 2019). Arguments have been postulated that 
those experimental studies could be plagued by their limitations in spatial scale, timing, 
and geographic diversity (McGrath et al. 2015; Yi et al. 2016; Carter et al. 2017; Tai and 
Val Martin 2017). More importantly, the interaction of ozone and climate is also absent 
from experimental studies,3 which has important implications for the evaluation of ozone 
effects on yields.4

This paper addresses these issues by jointly examining the impacts of historic ozone and 
climate conditions on observed crop yields. To do this we collected United States county-
level agricultural data, weather data, and fine-scale hourly ozone concentration data from 
1980 to 2015. We then employed it in estimating a panel data model with fixed effects 
(as has been widely used in the literature, i.e., Chen et  al. 2016; Trinh 2018; Xie et  al. 

1 To clarify, ppm and ppb are ozone concentration units and stand for parts per million and parts per bil-
lion, respectively. 1 ppm = 1000 ppb.
2 See for example studies in the United States (Deschênes and Greenstone 2007; Schlenker and Roberts 
2009; Burke and Emerick 2016), studies in China (Chen et al. 2016; Zhang et al. 2017; Chen and Gong 
2020), and studies from a global perspective (Lobell et al. 2011; Deryng et al. 2014; Wing et al. 2021).
3 For instance, the dose–response functions derived from experiments are usually expressed with simple 
linear functional forms (nonlinear functional forms also exist but are much less widely used). The most 
widely used linear function takes the form: y = a ∗ Ozone + b . Where y is the relative yield (RY); Ozone 
indicates ozone measurement; a is a negative coefficient indicating ozone damages; b normally takes a 
value around 1 so that in scenarios with no ozone, the relative yield will be 1 (i.e., no ozone damages).
4 Agronomically, ozone enters plants via stomata and damages both the internal structure and physiological 
function (Fuhrer et al. 1997; Mills et al. 2007; Pleijel et al. 2007; Ainsworth 2008; Ainsworth et al. 2012). 
Additionally, temperature and water availability also impact stomatal conductance, and thus impact ozone 
uptake (Tai and Val Martin 2017).
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2019). Besides a variety of ozone variables in our model, we included two sets of climatic 
variables. Specifically, we added seasonal degree-days and precipitation variables calcu-
lated over the entirety of the growing season. We also included maximum temperatures and 
drought indicators calculated over the ozone sensitive period (a time interval during which 
crops are particularly sensitive to ozone exposure—Amundson et al. 1987; Lee et al. 1988; 
Mills et al. 2007; Avnery et al. 2011b; McGrath et al. 2015; Yi et al. 2016) to disentangle 
possible interaction effects with ozone exposure on crop yields.

Our work contributes to the existing literature in several ways. First, we provide empiri-
cal evidence of the historical observed relationship between ozone exposure and county-
level crop yields. Our estimates arise from historical data with large spatial and long 
temporal dimensions, in contrast to chamber experiments’ narrow coverage. Second, the 
simultaneous inclusion of a rich set of climatic variables along with ozone variables allows 
us to examine the potential ozone-climate interactions which are not generally treated in 
experimental studies, nor empirical climate change assessments. It also allows us to remove 
bias in the estimated effects of temperature and other climate variables that are caused by 
not separating out the effects of ozone. Third, we cover a broader set of crops than has been 
examined in previous studies (McGrath et al. 2015; Yi et al. 2016, 2020; Carter et al. 2017; 
Lobell and Burney 2021). Namely we cover corn, soybeans, spring wheat, winter wheat, 
barley, cotton, peanuts, rice, sorghum, and sunflowers that jointly account for 80% of total 
2018 United States crop production value (USDA NASS 2020). Finally, based on our esti-
mates, we project future yield consequences and decompose the ozone and climate change 
effects with the consideration of both independent and complementary ozone control and 
climate change mitigation policies.

The rest of this paper is organized as follows. The next section describes the collection 
of data. Following that, we introduce our empirical strategy. In the fourth and fifth sec-
tions, we summarize our key findings and compare them with existing evidence. Finally, 
the sixth section contains concluding remarks.

2  Data Collection

We compiled a data set consisting of United States county-level agricultural data, weather 
(temperature and precipitation) data, and fine-scaled hourly ozone pollution data from 
1980 to 2015. Each of these components is described below.

2.1  Crop Yield Data

County-level crop yield data were obtained from USDA (United States Department of 
Agriculture) Quick Stats (USDA NASS 2019). We only used dryland yields5 to avoid 
issues with irrigation following arguments in Schlenker et al. (2005). Harvested acres data 
were also collected from the same source.

5 We did this by excluding counties that were labelled “irrigated” in USDA NASS.
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2.2  Climate Data

County-level daily average temperature, monthly average maximum temperature,6 and 
monthly total precipitation were downloaded from NOAA (National Oceanic and Atmos-
pheric Administration—NOAA 2019). In turn, we calculated crop-specific freezing and 
growing degree days as discussed below.

Freezing degree days (FDD, in degrees Celsius·days) are the accumulation of days dur-
ing the growing season times the amount the daily average temperature falls below a crop-
specific base temperature. The base temperature used on spring crops (corn, soybeans, 
spring wheat, barley, cotton, peanuts, rice, sorghum, and sunflower) is 10 °C while 0 °C is 
used for winter wheat following (Kukal and Irmak 2018). Note that while freezing degree 
days might not be so relevant for summer crops, it is critical for winter wheat which is par-
ticularly vulnerable to early spring freezing (Xiao et al. 2018).

Growing degree days (GDD, in degrees Celsius·days) are an accumulation of daily aver-
age temperature above the base temperature during the growing season where we used 
the same base as for FDD. Following Schlenker and Roberts (2009) we use a March to 
August growing season for corn and soybeans for all regions. For the other spring crops, 
we use April to August following USDA NASS (2010). For winter wheat, we generally use 
September to June and allow the growing season to vary regionally (see Table A1 in the 
Online Appendix).

It is worth noting that a variety of climate variables have been employed to examine cli-
mate change impacts on crop yields such as (a) dividing the temperatures into bins and cal-
culating the effects of temperature exposure by bins allowing non-linear relationships [see 
Schlenker and Roberts (2009) and Zhang et al. (2017)], (b) including degree-day variables 
to portray cumulative exposure effects (Chen et  al. 2016), and (c) average temperatures 
(Lobell et al. 2011). In this paper, we primarily use degree-day variables and their square 
for several reasons. First, existing studies on the US agricultural response to climate sug-
gest that the degree-day framework indicates similar results to those estimated with much 
more complicated functional forms (i.e., temperature bins, high-order polynomial, etc.) 
[see Schlenker and Roberts (2009); Burke and Emerick (2016)]. Second, the complicated 
models typically feature flexible functional forms and higher-order terms, which in a panel 
setting means that unit-specific means re-enter the estimation. This not only raises omit-
ted variables concerns (McIntosh and Schlenker 2006; Burke and Emerick 2016) but also 
exacerbates measurement error problems (Griliches 1979). Third, a more flexible function 
form normally includes more variables and thus requires more observations to obtain reli-
able estimates. In our case, the number of observations for certain crops is very limited so 
we restricted our climatic variable complexity.

2.3  Drought Data

Given prior ozone findings on water sensitivity (Khan and Soja 2003; Biswas and Jiang 
2011; McGrath et al. 2015), we felt it was important to include data on drought incidence. 
We used the Standardized Precipitation-Evapotranspiration Index (SPEI) measure based on 
arguments in Vicente-Serrano et al. (2010). SPEI has positive and negative ranges where 

6 It is the monthly average of daily maximum temperature. It measures extreme temperatures, however, not 
as extreme as the hottest daily temperature in a certain month.
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values greater than 2 are considered extremely wet, 1.5–2 is very wet, 1–1.5 moderately 
wet, − 1 to 1 normal, − 1.5 to − 1 moderately dry, − 2 to − 1.5 severely dry, and values 
below − 2 extremely dry (Vicente-Serrano et al. 2010; Li et al. 2015; Yao et al. 2019; Zarei 
and Moghimi 2019).

Monthly SPEI data for 1980–2015 were obtained from the Global SPEI database (SPEI 
2019) and as downloaded were gridded at a 0.5° × 0.5° spatial resolution. We calculated 
county-level data by weighted averaging over grid cells that overlap each county following 
Auffhammer et al. (2013) and Burke et al. (2018).

2.4  Ozone Data

Two ozone data sources were used. Ground-level hourly observations were drawn from 
the United States Environmental Protection Agency Air Quality System (EPA AQS) (US 
EPA 2019) but these data had limitations in spatial coverage particularly in winter wheat 
production areas, as shown in the left panel of Fig. 1. Modeled hourly ozone data were 
also gathered to permit more complete spatial coverage and were drawn from the NASA 
MERRA-2 database (Modern-Era Retrospective Analysis for Research and Applications, 
Version 2, National Aeronautics and Space Administration—NASA 2019).

The seasonal patterns for the observed and modeled data sets were consistent in shape, 
but inconsistent in magnitude (see the green and blue lines in Fig. 2). To correct for that 
bias while maintaining the seasonal pattern, we performed the following calibration pro-
cess. First, we averaged hourly concentrations to a daily basis. We then calculated differ-
ences between the EPA observed and NOAA modeled daily series and corrected the mod-
eled ozone by adding/subtracting the differences. This corrects the bias in magnitudes but 
maintains the seasonal pattern. We call this data set the corrected ozone. Note Fig. 2 shows 
the corrected ozone closely matches the EPA observational data. More importantly, this 
endeavor allows us to extend the ozone coverage in the winter wheat production areas, as 
shown in the right panel of Fig. 1.

Multiple ozone indices were considered for use. We computed all during what the lit-
erature identifies as the ozone sensitive period, which is 3 months before the harvest date 
(Amundson et al. 1987; Lee et al. 1988; Mills et al. 2007; Avnery et al. 2011b; McGrath 
et al. 2015; Yi et al. 2016, see Table A1 in the Online Appendix for examples). The first 
index we considered is the widely adopted M7, one that indicates 7-h (local 09:00–16:00) 
average ozone concentration (Mills et  al. 2007). Three additional metrics were also 

Fig. 1  Incidence of observed M7 (left panel) and corrected model results on M7 (right panel) over winter 
wheat regions in the United States
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considered: (1) AOT40 (in units ppm·hour) is the sum of daylight (local 08:00–20:00) 
hourly ozone concentrations that are greater than 40  ppb during the ozone sensitive 
period computed in much the same way as degree days (McGrath et al. 2015); (2) SUM60 
(in ppm·hour) is the sum of daylight hourly concentrations that are greater than 60  ppb 
(McGrath et al. 2015); and (3) W126 (in ppm·hour) is the sum of daylight hourly concen-
trations weighted by a sigmoidal function, which assigns larger weights to higher ozone 
concentrations (McGrath et al. 2015).

The calculations of the last three metrics are shown as follows.

• AOT40 (ppm ⋅ hour) =
∑n

h
OZh, where OZh =

�

ozoneh − 0.04, ozoneh > 0.04

0, ozoneh ≤ 0.04

�

• SUM60 (ppm ⋅ hour) =
∑n

h
OZh, where OZh =

�

ozoneh, ozoneh > 0.06

0, ozoneh ≤ 0.06

�

• W126 (ppm ⋅ hour) =
∑n

h
wh × ozoneh, where wh = 1∕(1 + (4403 × exp[−126 × ozoneh]))

Here h is the index for hours and n is the total number of daylight hours during the 
ozone sensitive period. ozoneh is the ozone concentration level (in ppm). wh is the sigmoi-
dal function that assigns weights. The SUM60 and W126 indices have been widely used in 
the US, and AOT40 has been extensively used in Europe.

Agronomic chamber studies have found the accumulative indices are more relevant 
measures for explaining yield impact (EPA 1996; Fuhrer et al. 1997; Mauzerall and Wang 
2001; Emberson et al. 2009). While we ran regressions using each of these indices, we will 
only show results from the AOT40 measure in the main text to make our results compara-
ble with the bulk of previous studies.

Table A2 in the Online Appendix reports summary statistics on key variables for all ten 
crops. Additionally, we also provided correlation tables across the yield, climate, and ozone 

Fig. 2  Seasonal patterns of observed ozone and modeled ozone before and after correction
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variables in Table A3 to show interrelationships. In line with expectations, we observed 
strong positive correlations (i.e., ranging from 0.91 to 0.99) among the four ozone indices. 
We also observed a statistically significant positive correlation between monthly average 
maximum temperature and the ozone indices (i.e., ranging from 0.24 to 0.65) which sup-
ports the argument that ozone is correlated with temperatures, especially extreme heat.7

3  Methodology

The literature reveals two basic approaches for empirically estimating climate impacts on 
the agricultural sector (crop yields, land values, etc.): use of a cross-sectional model (mul-
tiple counties each with one observation) and use of a panel data model with fixed effects 
(multiple counties with multiple years of observations in each). The advantages of the for-
mer are that it implicitly takes account of long-run climate change adaptations (such as 
crop mix, crop calendar, large agricultural facilities, etc.) because it directly compares out-
comes across different regions (i.e., the cross-sectional variation) in which farm practices 
have been optimized for long-run local climate (Deschênes and Greenstone 2007; Fezzi 
and Bateman 2015; Hsiang 2016). However, it is plagued by endogeneity issues such as 
omitted variable bias (i.e., ignoring differences in soil quality and other location-specific 
characteristics).

On the other hand, recent studies have favored the use of panel data models with fixed 
effects (partially due to the availability of data). These models are able to alleviate the 
omitted variable bias to some extent by introducing location-specific fixed effects (Schlen-
ker and Roberts 2009; Dell et al. 2012; Zhang et al. 2017; Chen and Gong 2020), which 
control for time-invariant characteristics that would otherwise confound the estimates if 
omitted. However, panel regressions rely on time-series variations, i.e., comparing yield 
changes and weather conditions across each year for each location. In this respect, fixed 
effect panel models tend to reflect the effects of weather shocks (year-to-year weather vari-
ation) on the outcomes. As a result, they do not fully take into account the long-run adap-
tations as in the cross-sectional models [see detailed reviews in Hsiang (2016), Blanc and 
Schlenker (2017), and Kolstad and Moore (2020)].

To address this concern in panel models, several hybrid approaches have been devel-
oped, such as the long-difference model (Burke and Emerick 2016) and the multistage 
model (Butler and Huybers 2013; Heutel et al. 2020; Carleton et al. 2020). Additionally, 
Mérel and Gammans (2021) recently proposed a novel method to estimate the short-run 
and long-run impacts by adding “climate penalty” terms to the traditional panel model. 
Also Wing et  al. (2021) employed a panel error-correction model (ECM) to distinguish 
short-run and long-run impacts.

In the present study, we primarily use the panel data model with fixed effects following 
(Chen et al. 2004, 2016; Deschênes and Greenstone 2007; Schlenker and Roberts 2009) as 

7 To address potential multi-collinearity issues among climatic variables (FDD, GDD, precipitation, 
monthly maximum temperature, and SPEI), we report the variance inflation factor (VIFs) for corn, soy-
beans, spring wheat, and winter wheat in Table A4 in the Online Appendix. VIFs for precipitation, FDD, 
and SPEI are well below 10 (Wooldridge 2013). VIFs for GDD and monthly maximum temperature are 
higher but mostly remain below the cutoff, except for the GDD of soybean which has a VIF of 11.3. Nev-
ertheless, we do not feel that VIF with such a margin would be a major threat to our estimation. See more 
discussion in the Online Appendix.
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the existing literature finds limited evidence of adaptations in the US agricultural sector 
either using a long-difference approach (Burke and Emerick 2016; Miller et al. 2021) or 
the “climate penalty” method (Mérel and Gammans 2021).

Our final model takes the following form:

Here i and t indicate county and year. yieldit denotes crop yield in that county and year. 
Estimations were done for each crop independently. �i denotes a county-specific fixed 
effect to control for time-invariant characteristics. The model explicitly includes climatic 
variables giving county and year specific freezing degree days FDDit , growing degree 
days GDDit and its square GDD2

it
 , growing season accumulated precipitation Precit , and its 

square Prec2
it
 . These five variables are designated to capture the general impacts of climate 

(weather conditions) on crop yields.
It is worth noting that a few studies also include a number of other climatic varia-

bles in their models, such as wind speed, humidity, solar duration, etc. (Chen and Gong 
2020). While introducing more variables is likely to improve the model fit (in terms of r 
square), the tradeoff is that these climatic variables are highly correlated and it may lead 
to new bias, i.e., bad controls, though this is unlikely to happen if we consider the climate 
variables are strongly exogenous. On the other hand, the improvement in model fit from 
including these variables is often small. For instance, in Zhang et al. (2017) the model fit 
improvement for rice and wheat was significant, whereas the improvement for corn was 
neglectable. In this paper, while we mainly focused on primary climatic variables (temper-
atures and precipitations), we provided robustness checks with the inclusion of a number of 
secondary variables.

To examine the ozone-related damages, we included the AOT40 measure Ozoneit in lin-
ear form following the previous literature (Yi et al. 2016).8 A potential caveat that arises 
here is that ozone concentration could be endogenous because its formation is closely 
related to economic activities such as power generation, transportation, etc., which is criti-
cal for studies that examine the impacts of air pollution on human health.9 However, we 
feel this is not a great concern herein as we are estimating crop yields that are largely deter-
mined by weather conditions and farm management practices, and thus socioeconomic fac-
tors may play minor roles.10

We included maximum temperature Tmaxit and the drought indicator SPEIit (averaged 
over the ozone sensitive period to be consistent with the ozone measure) as well as their 
interactions with ozone to explore potential interaction effects. Time trends ( ttit and tt2

it
 ) 

are also included to reflect technical progress following (Schlenker and Roberts 2009; 

(1)
yieldit = �i + �1ttit + �2tt

2
it
+ �Harvit + �1FDDit + �2GDDit + �3GDD

2
it

+�4Precit + �5Prec
2
it
+ �6Ozoneit + �7Tmaxit + �8Ozoneit × Tmaxit

+�9SPEIit + �10Ozoneit × SPEIit + eit

10 Nevertheless, we performed two sets of robustness checks with potential factors (i.e., nitrogen fertilizer 
application and electricity consumption) that could impact yields and ozone formation simultaneously. The 
estimations on ozone variables barely changed after the inclusion of those factors. See the Online Appendix 
for details.

8 While a linear relationship between ozone exposure and crop yields is recommended, we are not aware 
any evidence in the literature indicating a nonlinear relationship (i.e., a quadratic term of ozone).
9 For instance, Deryugina et al. (2019) instrumented for air pollution using changes in local wind direction. 
Godzinski and Castillo (2021) collected a novel and large set of altitude-weather data as candidates and 
then filtered optimal instrument variables (IVs) for air pollutants (i.e., 10 IVs for ozone, 14 IVs for  NO2, 
and 15 IVs for PM2.5).
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Tack et al. 2015; Miller et al. 2021). Harvested acres ( Harvit ) are included to reflect scale 
effects. eit is the error term and is clustered at the county level to account for arbitrary serial 
correlation within counties.

4  Results

As mentioned above only regression results using the AOT40 ozone measure are reported 
in the main text. Results for other measures are shown in Tables A5–A14 in the Online 
Appendix.

4.1  Examining the Impacts of Ozone on Crop Yields

Table 1 presents the key estimation results by crop. Several major results emerge. First, we 
observed significant negative impacts of ozone on all crops, excepting winter wheat and 
barley where the estimate for barley is statistically insignificant. Second, we found that soy-
bean yields are less sensitive to ozone than are corn yields, as was also found by another 
statistical analysis in the United States (McGrath et al. 2015). This differs from chamber 
results that indicate the opposite. Specifically, we found that a 1 ppm·h increase in AOT40 
tends to reduce corn yields by 0.8%, whereas the reduction in soybean yields is 0.4%. On 
the other hand, the review of chamber results in Mills et al. (2007) indicates corn sensitiv-
ity is a 0.36% yield reduction per ppm·hour ozone increase and a soybean yield reduction 
of 1.16%—more than 3 times that of corn.11 

Third, our winter wheat yield results show weak positive effects which differs from the 
chamber and crop simulator findings of strong negative ozone impact (Biswas and Jiang 
2011; Mills et al. 2018a). For instance, Mills et al. (2007) labeled winter wheat as one of 
the most ozone sensitive crops with summary results that a 1 ppm·h AOT40 increase leads 
to a 1.16% reduction in yield.12 To see if our results were influenced by the sparse regional 
ozone observations, we re-estimated using the corrected ozone data (Table 2). There we 
continued to find positive ozone impacts. The finding may in part result from the rela-
tively low ozone exposure levels in most of the winter wheat-producing areas in the United 
States. Typically, winter wheat is harvested before the extreme ozone summertime period 
and also is planted in geographic areas that exhibit lower ozone. In particular, AOT40 in 
the winter wheat areas clusters between 6 and 12 ppm·h with observations above 16 ppm·h 
appearing in only about 5% of the observations, which is significantly less than the higher 
ozone observations in the spring wheat areas (see Fig. 3).

Fourth, for the rest of the crops, spring wheat exhibits the largest yield sensitivity fol-
lowed by cotton, sunflower, peanuts, rice, and sorghum (Fig.  4). It is also worth noting 
that the confidence intervals for spring wheat, cotton, peanuts, and sunflower are relatively 
large due to limited observations. Nevertheless, given the significance of ozone damages 
on crops, it is desirable to compare our findings with those derived from chamber exper-
iments as well as other empirical evidence (McGrath et  al. 2015; Yi et  al. 2016, 2020; 
Carter et al. 2017).

11 These dose–response functions are y = − 0.0036x + 1.02 for corn and y = − 0.0116x + 1.02 for soybean. 
Here y is the relative yield and x indicates the AOT40 ozone measure.
12 This is based on the dose response function: y =  − 0.0161x + 0.99 in (Mills et al. 2007).
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For experiment-based results, we mainly compared with the literature review results 
of Mills et  al. (2007) which summarized 700 published papers and conference proceed-
ings covering ozone dose–response functions from projects such as the US National Crop 
Loss Assessment Network (NCLAN) in the late 1980s, the European Open Top Chamber 
Programme (EOTCP) in 1980–1990, and more recent open-top chamber experiments in 
Europe. In general, our empirical findings are largely consistent in sensitivity directions 
with those in Mills et al. (2007) but differ in magnitudes. Mills et al. (2007) categorized 
crops as (1) ozone sensitive—wheat with a 1.61% yield reduction per 1  ppm·h AOT40 

Table 1  Regression results for the crop yield sensitivity to selected variables

This table only presents regression results for Ozone, Tmax, SPEI, and the interaction terms. See Tables 
A5–A14 in the Online Appendix for the full results. In the regression, yield, Harv, and GDD are in log 
format. Note that crops have different units for yield. See Table A2 for details. All regressions include linear 
and quadratic time trends as indicated in Eq. (1). This is the case for all the regression result tables unless 
otherwise indicated. One should be noted that the log transformation barely changes the estimation of the 
interested variable of ozone. Numbers in parenthesis are standard errors clustered at the county level
*p < 0.1; **p < 0.05; ***p < 0.01

Yield

Corn Soybeans Spring wheat Winter wheat Barley

Ozone − 0.008*** − 0.004*** − 0.012*** 0.003*** 0.001
(0.001) (0.001) (0.004) (0.001) (0.001)

Tmax − 0.108*** − 0.083*** − 0.085*** − 0.025*** − 0.020**
(0.004) (0.004) (0.020) (0.003) (0.009)

SPEI 0.060*** 0.087*** − 0.073*** − 0.010** − 0.010
(0.006) (0.004) (0.024) (0.004) (0.012)

Ozone*Tmax − 0.001** − 0.002*** − 0.005*** − 0.000 0.000
(0.000) (0.000) (0.001) (0.000) (0.000)

Ozone*SPEI 0.009*** 0.006*** − 0.001 0.009*** 0.001
(0.001) (0.001) (0.004) (0.001) (0.001)

Observations 11,801 8868 812 5504 3173
Adjusted  R2 0.489 0.460 0.230 0.300 0.087

Cotton Peanuts Rice Sorghum Sunflower

Ozone − 0.008*** − 0.005** − 0.003** − 0.003* − 0.008**
(0.002) (0.003) (0.001) (0.001) (0.004)

Tmax − 0.132*** − 0.048 − 0.052** − 0.098*** 0.039*
(0.019) (0.033) (0.022) (0.013) (0.023)

SPEI − 0.010 0.013 − 0.017 − 0.017 0.198**
(0.023) (0.034) (0.030) (0.022) (0.085)

Ozone*Tmax − 0.002 − 0.001 0.001 − 0.001 0.004
(0.001) (0.002) (0.001) (0.001) (0.005)

Ozone*SPEI 0.009*** − 0.002 − 0.001 0.006*** 0.032***
(0.002) (0.002) (0.002) (0.001) (0.011)

Observations 1446 472 294 1955 189
Adjusted  R2 0.241 0.189 0.423 0.208 0.199



Effects of Surface Ozone and Climate on Historical (1980–2015)…

1 3

increase,13 cotton at 1.60%, and soybeans at 1.16%; (2) moderately sensitive—rice (0.39%) 
and corn (0.36%); and (3) ozone resistant—barley. Our results suggest: (1) the ozone 

Table 2  Estimations for winter 
wheat with observed and 
corrected ozone

Column “EPA AOT40” denotes regression results based on observed 
ozone data from EPA. “Corrected AOT40” refers to regression results 
with corrected NASA ozone data. Numbers in parenthesis are standard 
errors clustered at the county level
*p < 0.1; **p < 0.05; ***p < 0.01

Yield

EPA AOT40 Corrected AOT40

Ozone 0.003*** 0.013***
(0.001) (0.001)

Tmax − 0.025*** − 0.026***
(0.003) (0.001)

SPEI − 0.010** − 0.009***
(0.004) (0.002)

Ozone*Tmax − 0.000 − 0.002***
(0.000) (0.000)

Ozone*SPEI 0.009*** 0.012***
(0.001) (0.001)

Observations 5504 43,852
Adjusted  R2 0.300 0.298

Fig. 3  Frequency density of observed AOT40 for spring wheat and winter wheat over their ozone sensitive 
periods. Note Bins in red represent higher AOT40 observations—those that are greater than 16 ppm·h. For 
winter wheat, 5% of the observations have AOT40 greater than 16 ppm·h, which is significantly less than 
that in spring wheat (10.7%). (Color figure online)

13 It should be noted that Mills et al. (2007) was not clear about which type of wheat they considered (i.e., 
spring wheat or winter wheat). They adopted the wheat-ozone relationship from (Fuhrer et al. 1997) where 
the authors pooled spring wheat and winter wheat data to estimate the dose–response function.
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sensitive group consists of spring wheat (1.2%), corn (0.8%), cotton (0.8%), and sunflowers 
(0.8%); (2) moderate sensitivity crops being peanuts (0.5%), soybeans (0.4%), rice (0.3%), 
and sorghum (0.3%); and (3) resistant groups with barley and winter wheat. Overall, ozone 
damages estimated from chamber experiments tend to be greater than that identified in our 
study.

On the empirical side, our results are pretty consistent with other United States study 
results. McGrath et al. (2015) estimated sensitivity to AOT40 at 0.62% for corn and 0.49% 
for soybeans. Liu and Desai (2021) reported AOT40 sensitivity levels of 0.83% for corn 
and 0.43% for soybeans—almost identical to ours, even though they included much more 
complicated interaction terms of ozone, atmospheric aerosols, and climatic variables. All 
these findings lead to the conclusion that corn tends to be more sensitive to ozone expo-
sure than soybeans. In other countries such as China, Yi et al. (2020) detected a corn yield 
ozone sensitivity level of 0.62% after controlling the impact of climatic variables and 
related economic variables, which is again comparable with ours.

4.2  Cross‑Validations and Robustness Checks

We performed two sets of tests to validate our baseline results: out-of-sample cross-valida-
tion and several robustness checks. The former essentially compare the performance across 

Fig. 4  The impacts of AOT40 for different crops. Note Dots represent the point estimates of AOT40 from 
the model in Table 1. Intuitively, the point estimates multiplying by 100 tell the marginal effects of AOT40 
on crop yields, i.e., how much yields would change in percentage in response to 1 ppm·h increase in 
AOT40. Bars are 95% confidence intervals
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different models in the lens of predicting power and serves as an extension to the tradi-
tional robustness checks.

Specifically, we conducted cross-validations with an alternative model specification, in 
which growing degree days were replaced with mean temperatures over the growing sea-
son (the freezing degree days were omitted) with other variables unchanged. In addition 
to that, we also set up a model with only fixed effects and time trend variables (i.e., no 
climatic and ozone variables included). This model serves as a reference model. The cross-
validation exercise was performed in the following steps (Schlenker and Roberts 2009; Fan 
et al. 2020).

First, we randomly chose 85% of our full sample as training data for model estimation 
then used the remaining 15% of the sample to test model performance using root mean 
squared errors (RMSEs) calculated as follows.

where i and t are counties and years. n indicates the number of observations in the test data. 
yieldit and ŷieldit represent the actual yields and predicted yields, respectively. Smaller 
RMSEs indicate better model performance. We moved further by calculating the reduction 
of RMSEs relative to the reference model.

where j indicates either the baseline model or the alternative model. ref refers to the ref-
erence model that only has fixed effects and time trend variables. A greater reduction in 
RMSEs entails more variance is explained by the model and thus indicates a superior 
model performance.

The results can be found in Fig. A1 in the Online Appendix. Our preferred model sig-
nificantly outperforms the alternative model that drops the degree days variables in favor 
of average temperature in terms of the percent reduction in RMSEs (75.6% vs 35.2%) for 
seven out of the ten crops (corn, spring wheat, winter wheat, barley, peanut, rice, and sor-
ghum). Soybeans, cotton, and sunflower results slightly improve when using the model 
with average temperature. However, across this exercise, the estimates for the ozone vari-
able largely remained consistent.

In addition to the cross-validations, we also performed a suite of robustness checks.14 
To examine whether our results are sensitive to the inclusion of secondary climatic varia-
bles, we added relative humidity (in %), wind speed (in m/s), solar radiation (in W/m2), and 
potential evaporation (in kg/m2)15 one at a time and jointly to our baseline model, respec-
tively. The regression results can be found in Tables A15–A18 in the Online Appendix. 
Here we found the inclusion of the secondary variables did not greatly improve the overall 

RMSE =

�

�

�

�

�

n
∑

1

�

yieldit − ŷieldit

�2

n

Reduction in percentage =
RMSEref − RMSEj

RMSEref

× 100

14 It should be noted that while we performed robustness checks independently for each of the ten crops, 
we only report the results for corn, soybean, spring wheat, and winter wheat in the Online Appendix.
15 The data were obtained from the North American Regional Reanalysis (NARR, https:// psl. noaa. gov/ 
data/ gridd ed/ data. narr. html) with a spatial resolution of 32  km*32  km (0.3°) and a monthly temporal 
resolution. We converted the data to county level by weighted averaging over grid cells that overlap each 
county. The county level monthly variables were averaged across crop-specific growing seasons.

https://psl.noaa.gov/data/gridded/data.narr.html
https://psl.noaa.gov/data/gridded/data.narr.html
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model fit nor did it significantly alter the estimates on the primary climatic variables and 
the ozone variable (AOT40). The significance and direction of signs for these variables 
varied by crop. For instance, in the corn regression, relative humidity and evaporation 
showed negative yield effects, whereas wind speed and solar radiation indicated positive 
effects. For soybeans, the coefficient signs were the same as for corn, but only the estimates 
of solar radiation and evaporation were statistically significant.

In our baseline model, we used linear and quadratic time trends to represent techno-
logical development, following (Schlenker and Roberts 2009; Tack et al. 2015; Miller et al. 
2021). We ran additional regressions with year-fixed effects to see whether our results are 
robust to different time effect characterizations. The results are shown in Table A19 in the 
Online Appendix and are consistent with the baseline estimates. Taking corn as an exam-
ple, the inflection points for the quadratic relationships between GDD and Prec and yields 
occurred at 7.9 (in log) and 25 inches, respectively, compared with our baseline estimates 
of 7.6 and 27.5. Also, the coefficients of ozone variables remained largely unchanged.

4.3  Exploring the Impacts of Climate and Ozone‑Climate Interactions

In terms of climate, as reported in Tables A5–A14 in the Online Appendix, we observed an 
inverse U-shaped nonlinear relationship between yields and growing degree days (GDD) 
for most crops (results for peanuts and rice are statistically insignificant), and a similar pre-
cipitation response (excepting for rice which is almost exclusively grown under irrigation 
and exhibits statistically insignificant results). These findings are consistent with findings 
in Schlenker and Roberts (2009) and Tack et al. (2015). In the climate change projection 
section below, we further compared our estimates with existing evidence.

We do find increases in maximum temperature during the ozone sensitive period impose 
negative impacts on yields for eight of the ten crops (with insignificant results for peanuts 
and positive results for sunflowers, see Table 1). A 1 °C increase in Tmax triggers a yield 
reduction spanning from 2.0 to 13.2%. These impacts are larger than those for ozone expo-
sure. On the other hand, a 0.1 increase16 in the SPEI drought measure improves yields by 
0.6%, 0.9%, and 2.0% for corn, soybeans, and sunflower, respectively.

Estimation of the interaction term between ozone and Tmax indicates that ozone inter-
actions significantly damage yields for corn, soybeans, and spring wheat. Holding AOT40 
fixed at current levels, a unit increase in Tmax drops corn yield by 0.1%, soybeans by 0.2%, 
and 0.5% for spring wheat. This raises the concern that climate change will not only pose 
direct effects on agricultural productivity but possibly lead to indirect effects via increased 
ozone pollution in the future. An interesting question to ask is which effects will dominate? 
This matters because climate change mitigation and adaptation are costly, so is pollution 
regulation. A good understanding of the relative effects of ozone and climate change is 
required for developing cost-effective strategies to combat food security problems.

On the other hand, an increase in the SPEI drought measure (reflecting wetter condi-
tions) mitigates ozone damages for corn, soybeans, cotton, sorghum, and sunflowers. A 
0.1 unit increase alleviates ozone exposure effects for these crops by 0.09%, 0.06%, 0.09%, 
0.06%, and 0.32%, respectively. These findings also differ from the chamber experiment 
results (Khan and Soja 2003; Biswas and Jiang 2011; Guarin et al. 2019). Nevertheless, 

16 One should be noted that SPEI is an index variable. A unit increase in SPEI could indicate a significant 
change in water conditions from dry to wet. Therefore, we adopted an increase in 0.1.
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our results are consistent with McGrath et al.’s (2015) results for corn and soybeans who 
argued elevated ozone level impairs abscisic acid (ABA) signaling, which reduces stoma-
tal conductance, water loss, and resultant water stress. Ainsworth et al. (2012) presented 
similar findings. For summer crops that frequently suffer from drought, irrigation might not 
only relieve the challenges of extreme heat but also mitigate the damage caused by ozone.

4.4  Historical Crop Production Reductions and Revenue Losses

To develop information on the economic implication of ozone effects, we estimated US 
level production and gross revenue losses by averaging summed acreage-weighted results 
on county crop losses from 1980 to 2015. We did this for the ozone-sensitive crops. The 
production loss is reflected by the yield difference between estimates under historical 
AOT40 measures and a scenario where AOT40 was set at zero following the assumption in 
McGrath et al. (2015). To estimate revenue loss, we reduced USDA reported national crop 
revenues in 2015 U.S. dollars (USDA NASS 2020) by the percentage loss in production. 
It bears noting that the revenue evaluations here do not account for changes in prices trig-
gered by changes in supply. The results are shown in Table 3.

Production reductions range from 1.7 to 9.5%, with the reduction of sunflower at the 
lower end and corn at the higher end. For revenue loss, corn and soybeans are the largest 
due to both their high sensitivity to ozone exposure and large production level.17 Though 
revenue losses for the other crops seem negligible compared to corn and soybeans, the pro-
duction reductions are still alarming (i.e., for spring wheat, cotton, and peanuts). The com-
bined economic losses averaged just over 6 billion dollars per year, accounting for 5.8% of 
2018 total revenue to these crops (USDA NASS 2020).

Table 3  The average annual 
production reductions and 
revenue losses induced by ozone 
from 1980 to 2015

The production reductions and revenue losses were derived by com-
paring the differences between estimates under historical AOT40 
measures and a scenario where AOT40 was set at zero following 
McGrath et  al. (2015). The national results stemmed from weighted 
county-level losses with harvested acres being the weights

Crops Average annual 
production reduction 
(in %)

Average annual revenue losses 
(in billion 2015 U.S. dollars)

Corn 9.5 3.9
Soybeans 4.5 1.2
Spring wheat 5.6 0.2
Cotton 7.8 0.5
Peanuts 5.9 0.1
Rice 3.7 0.09
Sorghum 1.8 0.04
Sunflower 1.7 0.01

17 These two crops are the most widely planted crops in the United States with a total of 179.2 million 
planted acres in 2018 (USDA NASS 2019).
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Another interesting finding is that, in line with McGrath et al. (2015), our estimated 
production reductions have been falling since 1980 due to decreasing ozone concen-
tration levels, as shown in Fig.  5 below. For instance, production reductions for corn 
decreased from 12.1% in 1980 to 3.9% in 2015. According to EPA, ozone concentra-
tions have decreased by 31% from 1980 to 2018 (21% from 1990 to 2018 and 16% from 

Fig. 5  Production reduction (in percentage) as a function of time. Note We report the production reductions 
in two charts for a better presentation. In the figure, each dot is a weighted mean for all counties with har-
vested acres as weights. The lines are LOESS fits to the points
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2000 to 2018), benefiting both human health and agricultural productions (US EPA 
2020).

4.5  Future Yield Consequences of Ozone and Climate

As addressed above, climate change is expected to increase ozone formation due to 
increased heat (USGCRP 2018). This currently happens when we have heat waves where 
Zhang et al. (2018) reported a 22% increase in US maximum 8-h average ozone concentra-
tions. On the other hand, climate change itself has been found to impose negative effects 
on yields (Schlenker and Roberts 2009). To see which effects dominate, we evaluate and 
decompose future yield consequences induced by climate change and ozone exposure 
increases driven by climate change as we describe below.

To examine the climate impacts we used projection output from IPSL-CM6A-LR 
(Boucher et al. 2019) under the SSP4-6.0 (Shared Socioeconomic Pathways) (Riahi et al. 
2017). Using those projections, we calculated changes in our climatic variables, i.e., FDD, 
GDD, Prec, and Tmax in 2048–2052, relative to 2015–2019. Due to large uncertainty in 
their future projection, we held the Harv and SPEI variables at their respective 2015 levels.

Climate change-driven ozone projections were constructed based on a regression of 
historical ozone on observed climate. Specifically, we estimated a panel data regression 
with historical AOT40 as the dependent variable as a function of observed US climate 
data. We then applied the IPSL-CM6A-LR climate change projections to project associ-
ated AOT40 (see the Online Appendix for details). Figure 6 shows the resultant climate 

Fig. 6  Future changes in climate conditions and climate change-induced ozone changes for spring crops. 
Note This boxplot also reflects the distribution of changes across counties. Each box is defined by the upper 
and lower quartile, and the horizontal line within the box depicts the median. The endpoints for the whisk-
ers are the upper and lower adjacent values, which are defined as the relevant quartile ± three-halves of the 
interquartile range, and the dots refer to changes outside of the adjacent values
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change projections for spring crops as well as the estimated ozone changes (see Fig. A2 
in the Online Appendix for results on winter wheat). Our resultant projection shows cli-
mate change, alone, leads on average to 36% increases in AOT40 for spring crops.

Following that, we evaluated our baseline model under the projected climate and 
ozone results to obtain future yield estimates for 2048–2052. Note our projections do not 
account for any additional adaptation beyond what is inherent in the yield estimations.

As can be seen from Fig.  7, climate change-induced increases in AOT40 decrease 
yields for all crops except winter wheat and barley. Spring wheat exhibited the largest 
reduction in yields (1.8%), followed by corn (1.2%), sunflower (1.0%), soybeans (0.6%), 
cotton (0.5%), peanuts (0.3%), and sorghum (0.2%), with rice as the least affected 
(0.1%). On the other hand, changes in climatic variables impose larger impacts. The 
resultant yield reductions span from 5.2% for winter wheat to 25.5% for sorghum with 
a 4.3% gain for rice (note these results for rice are less reliable because the baseline 
estimates are statistically insignificant). The rising maximum temperature is the larg-
est contributor to the damages where five of the ten crops benefit from the moderate 
increases in growing degree days. In conclusion, our results suggest that ozone impacts 
induced by climate change are less damaging than the direct effects of climate change 
itself. This finding is pretty consistent with recent work by Liu and Desai (2021) which 
jointly considered the impacts of future climate change, ozone exposure, and atmos-
pheric aerosols on corn and soybean yields. Their results suggested that more than 
95% of yield reductions are contributed by future warming. This confirms that climate 
change remains one of the most critical threats to food security. From this point of view, 

Fig. 7  Projected yield changes associated with future climate change alone and climate change plus ozone 
change
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climate change mitigation and adaptation strategies seem more desirable than air pol-
lution regulations. However, it bears noting that the potential health benefits stemming 
from pollution controls should not be ignored, which are usually significant (Sarofim 
et al. 2017; Deryugina et al. 2019).

A potential caveat of our yield projection is the omission of Harv and SPEI. Ideally, 
projections for these two variables would also be considered. However, such projections 
are not readily available from the literature and performing projections for them are dif-
ficult (especially for Harv). Additionally, the drought indicator SPEI is determined by pre-
cipitation and potential evapotranspiration (Vicente-Serrano et al. 2010) and its projection 
is inherently uncertain due to high variability in both factors. Nevertheless, taking corn 
as an example, we projected SPEI in a similar fashion to what we did for AOT40. This 
results in a climate change induced decrease of 0.3 in SPEI (indicating drier conditions). 
The resultant projections indicate a corn yield reduction of 1.8%, which is much smaller 
than the effects stemming from changes in temperatures (i.e., yield reduction of 14.4%). 
However, we recommend dedicated future studies focusing particularly hydroclimate vari-
ables beyond precipitation, especially since extreme events such as long-duration drought 
could be deadly for vegetation growth and food production (Cook et  al. 2015; Xu et  al. 
2019; Verschuur et al. 2021).

5  Comparison of Results with Other Climate and Ozone Studies

Given the importance of climate change to future crop productivity as suggested by our 
results, it is desirable to compare our findings (both climate change impacts and ozone 
impacts) with existing evidence in the literature.

We compared our climate change estimations with two key papers—Schlenker and Rob-
erts (2009) and Burke and Emerick (2016). Under a “business as usual” scenario (A1B) 
and using output from the same climate model as ours, Burke and Emerick (2016) con-
cluded a yield reduction of 20% for corn in the middle of the century relative to the 1980s. 
With a comparable scenario (SSP4-6.0), our results suggest a yield reduction of 14.7%. 
The difference is primarily due to the differing base period, i.e., the 1980s in Burke and 
Emerick (2016) and 2015–2019 in our study. This argument is supported by examining the 
temperature changes. According to our calculation, on average, temperatures are expected 
to increase by 3.2 °C from the 1980s to 2050s comparing to 2.0 °C increases between the 
2010s and 2050s.

Although Schlenker and Roberts (2009) did not provide a comparable climate change 
scenario, we can still compare under uniform warming schemes. Schlenker and Roberts 
(2009) reported a yield reduction of 14.9%, 8.9%, and 8.3% for corn, soybeans, and cotton, 
respectively, under a uniform temperature increase of 2 °C. Our results are consistent with 
theirs except that we find a cotton yield reduction of 20.6%. This is mainly because we 
focused on dryland cotton whereas Schlenker and Roberts (2009) did not have such restric-
tion and over 58% of cotton is irrigated in the United States.

In terms of precipitation, both (Schlenker and Roberts 2009; Burke and Emerick 2016) 
and our study confirmed that precipitations play minor roles in climate change impact pro-
jections. Similar findings were observed in studies that examine climate change impacts 
on economic growth (Dell et  al. 2012). Nevertheless, we directly compared the nonlin-
ear precipitation-yield relationship across studies. The yield-maximizing precipitation 
level identified from our model was 26.7 inches and 22.6 inches for corn and soybeans, 
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respectively, which are comparable with estimates (25.0 and 27.2 inches) from the more 
complicated temperature-exposure models in Schlenker and Roberts (2009) (note that 
they did not report the results from the degree-day model). Meanwhile, Burke and Emer-
ick (2016), which used a degree-day model (though slightly different from ours), reported 
yield-maximization precipitations of 19.7 inches both for corn and soybeans.

There are also a few studies in the literature that investigated climate impacts and ozone 
impacts jointly such as (Tai et al. 2014; Liu and Desai 2021). As discussed in the previ-
ous section, our results are pretty consistent with that in (Liu and Desai 2021), however 
are quite different from findings in (Tai et al. 2014) regarding the magnitude of ozone and 
climate change effects on future yields. Specifically, Tai et al. (2014) presented an analysis 
of the combined effects of 2050 climate change and ozone trends on the production of four 
major crops (wheat, rice, corn, and soybean) under the scenario of RCP4.5 and RCP8.5. 
They concluded that ozone regulation as represented in RCP4.5 has the potential to com-
pletely reverse the warming impacts and lead to substantial yield gains for certain crops 
(i.e., wheat and rice) in the US. The differences between our findings and theirs could be 
possibly attributable to two aspects. First, while we jointly included ozone variables and 
a suite of climatic variables in our panel data regression, Tai et al. (2014) estimated the 
climate change effects via a constrained linear regression model, and their ozone effects 
were estimated using dose–response functions. Another contributor could be the different 
sources of future ozone projections. Tai et  al. (2014) simulated ozone projections using 
climate models, which allows them to not only include the effects of climate and land-
use changes but also take account of the trends in anthropogenic precursor gas emissions, 
whereas our ozone projections were estimated via historical relationships between ozone 
and climate.

6  Conclusion

We investigate crop yield impacts of ozone exposure, as well as climate effects both inde-
pendently and in interaction with ozone. This was done for US yields of corn, soybeans, 
spring wheat, winter wheat, barley, cotton, peanuts, rice, sorghum, and sunflower.

We find significant negative impacts of ozone exposure on all crops except for winter 
wheat and barley. We find that per 1 ppm·h increase in AOT40 decreases annual yields 
by 0.3–1.2%, for the crops damaged by ozone. This translates to annual revenue losses 
of $6.03 billion (in 2015 U.S dollars) or 5.8% of 2018 total revenue for these damaged 
crops. We also find that winter wheat is not sensitive to ozone exposure, which differs from 
results found in chamber experiments. We speculate the discrepancy may arise due to the 
low ozone levels in major winter wheat-growing regions (e.g., the Great Plains), as well as 
the cooler production seasons (i.e., early spring). We also confirm the existing empirical 
evidence that corn tends to be more sensitive than soybeans, which also contradicts cham-
ber experiments.

We examine historical climate change impacts on yield, both independently of ozone 
and in conjunction with ozone changes. Our results show that climate change exacerbates 
ozone damages for ozone-sensitive crops, particularly for soybeans and spring wheat. We 
find a 1 °C increase in maximum temperature averaged during the ozone sensitive period 
further drops yields by 0.2% for soybeans and 0.5% for spring wheat. On the other hand, 
drought mitigation alleviates ozone damages. For instance, a moderate move in the SPEI 
drought index by 0.1 toward wetter conditions mitigates ozone damages by 0.06–0.32%.
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We also find mid-twenty-first century projected climate change under an SSP4-6.0 
warming scenario would increase ozone concentrations in the agricultural regions by 36% 
for spring crops, which would further decrease yields by 0.1–1.8%. Though small in mag-
nitude, this implies that US climate change may increase demand for more stringent ozone 
reduction policies. This can be particularly important for countries with high ambient 
ozone concentrations over agricultural lands such as China.

We contrast ozone-induced future crop damages with damages due to future climate 
change. Our results showed that under the SSP4-6.0 scenario, the yield loss directly from 
climate change would range from 5.2 to 25.5% (mainly due to extreme heat), which is more 
than an order of magnitude greater than that from the climate-driven ozone increase.

Future research can be extended by expanding possible ozone impacts such as consider-
ing other variables, i.e., aerosols. The inclusion of aerosols in the assessment is important 
because there are projections of more frequent heatwaves and higher aerosol episodes (Xu 
et al. 2020).
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